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Abstract

Over the last few decades, it is difficult to pinpoint a technological advancement that

shifted the daily life of the world’s population in a more disrupting way than mobile phones

and their applications. Their ubiquitousness has reshaped global behaviors and routines,

transforming portable devices into the essential and on-the-go personal computer. Mobile

phones enable communication, information access, and entertainment with little to no

location constraints, thanks to their connectivity to the internet through a pervasive radio

access network infrastructure. Of course, this seamless mobile access was not always a

given, and decades of research, development and technology integration were needed to

reach today’s high-capacity support for broadband and low-latency mobile services.

From the first generations of mobile networks offering only on-the-go voice and

text to the current fourth and fifth generations supporting high-resolution on-demand

video streaming and low-latency cloud applications, every new release contributed

to transforming mobile phones into essential items. With the rise in popularity of

mobile applications in smartphones, any company or developer could release their own

application, giving access to their product to consumers anywhere. Advancements in

mobile networks meant an increase in data transfer capacities, leading users to be more

comfortable utilizing their smartphones for tasks anywhere and at any time. The sucess of

mobile technologies also signifies that the patterns of usage captured by mobile operators

reflect in a rich and detailed way the endeavors of their vast user population.

Due to this reason, the data collected in operational mobile networks has today

become a primary source of information for research in networking and beyond. Early

research utilized analysis of mobile network traffic as feedback for the mobile operator

itself, as a way to understand the spatiotemporal dynamics of the operational demands

in the network, and how this could be leveraged to improve network deployments and

operation according to consumption patterns. A second and broader direction lies in

interdisciplinary research, seeking to explore how these measurements could be used to

understand populations and urban environment dynamics.

This drives the need of research oriented towards networks data science: the study

of tools and methodologies capable of handling large-scale measurements, asserting the

quality and precision of the collected data in reflecting reality, as well as developing tools

xi
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capable of extracting insights and making the vastness of collected information useful for

analysis. This thesis is a step in the direction of establishing said tools and methodologies,

as well as showcasing several potential directions that mobile network measurement can

support in interdisciplinary research domains.

The first part of this thesis presents a full contextualization of networks data science,

expanding on the problem of the ever-growing scale of collected sets and presenting the

many different fields that have been explored over the years, from classical network

engineering applications to the study of populations, epidemics, socioeconomic and

people’s movement and transportation across cities. These studies are not possible

without a well-established routine of data collection and processing, which is also discussed

in the first part of this thesis.

The second part of the manuscript presents the original contributions provided by

the thesis. Four chapters explore different directions where the collected data can be

leveraged to derive new insights. First, an overview of the adoption of new technologies

provided by the mobile network operator, with new findings into how changes in their

traffic patterns may happen according to these new capabilities. Second, an exploration of

how mobile consumption patterns and demands can be utilized to better understand the

space within cities, with new methodologies presenting how both city-wide and location-

specific insights can be gained just by looking at the traffic being consumed within

base stations of the network. Third, a look into how special events may impact mobile

networks, as such occurrences affect directly how users interact with their smartphones. It

becomes important for the network operator to be able to extract insights and understand

how these variations in traffic demand across time, space, and applications affect the

functioning of the network, as well as these insights can be used by lawmakers to

understand how these events affect populations. Lastly, a study characterizing session-

level measurements to derive insights used to generate synthetic data sets containing new

dynamics, generating simple models that can be utilized by anyone interested in research

within mobile networks to test and validate their data-driven solutions.

In summary, the age of pervasive digital services leaves researchers with oceans of data

and information to be explored in many different areas, with mobile networks shaping

into a major source of rich information to guide innovation in both cutting edge research

and technology development. This thesis guides the reader through the current state of

affairs, showcasing the current opportunities opened by mobile network data and also

presenting potential future directions that can be pursed in the following years.



Contents

Acknowledgements V

Published Content VII

Abstract XI

Table of Contents XIII

List of Tables XVII

List of Figures XIX

List of Acronyms XXVII

1. Introduction 1

1.1. The evolution of smartphones and mobile networks . . . . . . . . . . . . . 1

1.2. Leveraging mobile network data for multi-domain research . . . . . . . . . 3

1.3. Contributions of the thesis . . . . . . . . . . . . . . . . . . . . . . . . . . . 7

1.4. Outline of the thesis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 8

2. Background 11

2.1. Mobile data analysis for network optimization . . . . . . . . . . . . . . . . 12

2.1.1. Characteization of mobile demand . . . . . . . . . . . . . . . . . . 13

2.1.2. Impact of new technologies . . . . . . . . . . . . . . . . . . . . . . 15

2.1.3. Modeling mobile traffic . . . . . . . . . . . . . . . . . . . . . . . . 17

2.2. Mobile data analysis for social science research . . . . . . . . . . . . . . . 18

2.2.1. Demographics . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 19

2.2.2. Environment . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 20

2.2.3. Epidemics . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 22

2.2.4. User and urban interactions . . . . . . . . . . . . . . . . . . . . . . 24

2.3. Mobile data analysis for mobility research . . . . . . . . . . . . . . . . . . 25

2.3.1. Human mobility . . . . . . . . . . . . . . . . . . . . . . . . . . . . 25

xiii



xiv CONTENTS

2.3.2. Transportation systems . . . . . . . . . . . . . . . . . . . . . . . . 26

3. Measuring and processing mobile network data 27

3.1. An overview of mobile networks . . . . . . . . . . . . . . . . . . . . . . . . 27

3.2. Data collected from mobile networks and devices . . . . . . . . . . . . . . 29

3.2.1. Signaling data . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 29

3.2.2. Call detail records . . . . . . . . . . . . . . . . . . . . . . . . . . . 29

3.2.3. Traffic flows . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 30

3.2.4. GPS data . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 31

3.2.5. Other possible data sets . . . . . . . . . . . . . . . . . . . . . . . . 31

3.3. Mobile traffic measurements at MNOs . . . . . . . . . . . . . . . . . . . . 31

3.3.1. Mobile network measurement probes . . . . . . . . . . . . . . . . . 32

3.3.2. Identifying per application traffic flows . . . . . . . . . . . . . . . . 33

3.4. Identifying 5G NSA traffic flows . . . . . . . . . . . . . . . . . . . . . . . 33

3.4.1. The PDP context and RADIUS authentication . . . . . . . . . . . 34

3.4.2. Merging TCP/UDP flows with the PDP context . . . . . . . . . . 35

3.5. Processing mobile network data and ensuring privacy . . . . . . . . . . . . 38

3.5.1. Ensuring user privacy . . . . . . . . . . . . . . . . . . . . . . . . . 38

3.5.2. Data aggregation . . . . . . . . . . . . . . . . . . . . . . . . . . . . 38

3.5.3. Large-scale data processing . . . . . . . . . . . . . . . . . . . . . . 39

3.5.4. Feature scaling . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 40

3.5.5. Quantifying the importance of mobile applications . . . . . . . . . 41

3.6. Spatial resolution of mobile network measurements . . . . . . . . . . . . . 42

3.6.1. Matching traffic flows with antenna deployment data . . . . . . . . 42

3.6.2. The Voronoi tessellation . . . . . . . . . . . . . . . . . . . . . . . . 44

3.6.3. Leveraging the antenna azimuth to improve precision . . . . . . . 45

3.6.4. Converting Voronoi geometries to other spatial units . . . . . . . . 45

4. User adoption of new mobile technologies 47

4.1. Characterizing 5G adoption and its impact on traffic . . . . . . . . . . . . 47

4.1.1. Data processing for the analysis of 5G deployments . . . . . . . . . 48

4.1.2. Overview of nationwide 5G adoption . . . . . . . . . . . . . . . . . 49

4.1.3. A service-level perspective on 5G adoption . . . . . . . . . . . . . 53

4.1.4. Mobile services and spatiotemporal 5G usage . . . . . . . . . . . . 57

4.1.5. Main takeaways . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 61

4.2. Characterizing the adoption of indoor mobile networks . . . . . . . . . . . 61

4.2.1. Data processing for the analysis of indoor networks . . . . . . . . . 63

4.2.2. Classifying behaviors of indoor network usage . . . . . . . . . . . . 63

4.2.3. Spatial patterns of indoor mobile network usage . . . . . . . . . . 65

4.2.4. Temporal patterns of indoor mobile network usage . . . . . . . . . 71



CONTENTS xv

4.2.5. Main takeaways . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 74

5. Relationships between urban space and smartphone usage 77

5.1. Spatiotemporal analysis of urban mobile data traffic . . . . . . . . . . . . 78

5.1.1. An introduction to Exploratory Factor Analysis . . . . . . . . . . . 80

5.1.2. EFA for mobile traffic analysis . . . . . . . . . . . . . . . . . . . . 85

5.1.3. Temporal structures in mobile traffic consumption . . . . . . . . . 89

5.1.4. Spatial structures in mobile traffic consumption . . . . . . . . . . . 94

5.1.5. Mixed land use regions . . . . . . . . . . . . . . . . . . . . . . . . . 99

5.1.6. Main takeaways . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 101

5.2. Characterizing urban green spaces with mobile traffic . . . . . . . . . . . . 103

5.2.1. Data processing for the study of smartphone utilization in UGS . . 104

5.2.2. Results from isolating mobile traffic consumption inside UGS . . . 107

5.2.3. The influence of UGS on smartphone usage . . . . . . . . . . . . . 110

5.2.4. The heterogeneous influence of UGS over smartphone use . . . . . 113

5.2.5. Main takeaways . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 119

6. Impact of special events on mobile traffic 121

6.1. Impact of COVID-19 measures on mobile traffic . . . . . . . . . . . . . . . 122

6.1.1. COVID-19 measures in France . . . . . . . . . . . . . . . . . . . . 122

6.1.2. The impact of COVID-19 on temporal patterns . . . . . . . . . . . 123

6.1.3. The impact of COVID-19 on spatial patterns . . . . . . . . . . . . 132

6.1.4. Main Takeaways . . . . . . . . . . . . . . . . . . . . . . . . . . . . 136

6.2. Modeling the impact of COVID-19 on mobile networks . . . . . . . . . . . 137

6.2.1. Data preparation and model selection . . . . . . . . . . . . . . . . 138

6.2.2. Changes in total traffic at city level during the pandemic . . . . . 140

6.2.3. Socioeconomic explanation to mobile traffic usage changes . . . . . 141

6.2.4. Impact of containment policies on mobile applications . . . . . . . 144

6.2.5. Implications of understanding the traffic changes in cities . . . . . 145

6.2.6. Main Takeaways . . . . . . . . . . . . . . . . . . . . . . . . . . . . 147

6.3. Characterizing mobile demands in public protests . . . . . . . . . . . . . . 147

6.3.1. The relationship of smartphones and public protests . . . . . . . . 148

6.3.2. Data processing for the study of public protests . . . . . . . . . . . 150

6.3.3. Baseline carrier-level service demands . . . . . . . . . . . . . . . . 150

6.3.4. Characterizing protests through mobile traffic analysis . . . . . . . 152

6.3.5. Modeling traffic changes due to mass protests . . . . . . . . . . . . 156

6.3.6. Identifying protests through disturbances in the network . . . . . . 160

6.3.7. Dynamic estimation of protest attendance . . . . . . . . . . . . . . 163

6.4. Main takeaways . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 166



xvi CONTENTS

7. Modeling modern mobile traffic for network optimization 169

7.1. Context of open data traffic models . . . . . . . . . . . . . . . . . . . . . . 169

7.2. Processing data into session-level statistics . . . . . . . . . . . . . . . . . . 172

7.2.1. Aggregation into session-level statistics . . . . . . . . . . . . . . . . 172

7.2.2. Statistics averaging . . . . . . . . . . . . . . . . . . . . . . . . . . . 173

7.3. Characterizing session-level demands at cellular BSs . . . . . . . . . . . . 174

7.3.1. Analysis of the arrival of sessions . . . . . . . . . . . . . . . . . . . 174

7.3.2. Qualitative analysis of session-level traffic . . . . . . . . . . . . . . 176

7.3.3. Quantitative analysis of session-level traffic . . . . . . . . . . . . . 178

7.3.4. Impact of space, time and technology . . . . . . . . . . . . . . . . 181

7.3.5. Key insights from the characterization of session-level traffic . . . . 182

7.4. Obtaining models for session-level traffic . . . . . . . . . . . . . . . . . . . 183

7.4.1. Fitting of session arrivals . . . . . . . . . . . . . . . . . . . . . . . 184

7.4.2. Log-normal mixture models of traffic . . . . . . . . . . . . . . . . . 185

7.4.3. Power-law fitted models between session duration and volume . . . 187

7.4.4. Model quality and usage . . . . . . . . . . . . . . . . . . . . . . . . 188

7.5. Creating synthetic data from session-level models . . . . . . . . . . . . . . 190

7.5.1. Capacity allocation for network slicing . . . . . . . . . . . . . . . . 190

7.5.2. Energy consumption in CU-DU . . . . . . . . . . . . . . . . . . . . 191

7.5.3. Optimization of heterogeneous networks . . . . . . . . . . . . . . . 194

7.6. Main takeaways . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 197

8. Discussions and perspectives 199

8.1. Discussion of the results from this thesis . . . . . . . . . . . . . . . . . . . 199

8.2. Perspectives for the area of networks data science . . . . . . . . . . . . . . 201

Bibliography 203



List of Tables

3.1. Example of a captured flow for either a TCP or UDP sessions at the

gateway probes . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 35

3.2. Example of a captured CNX session at the RAN probes . . . . . . . . . . 36

3.3. Example of a TCP/UDP traffic flow dataset, with 5G traffic identified,

which can leave the secure premises of the operator and be utilized for

research guaranteeing user privacy. . . . . . . . . . . . . . . . . . . . . . . 39

3.4. Example of the information about the antenna deployment, which can be

used to geolocalize traffic demands across cities. . . . . . . . . . . . . . . . 43

4.1. Summary of Indoor environment types. . . . . . . . . . . . . . . . . . . . 66

5.1. EFA terminology and examples . . . . . . . . . . . . . . . . . . . . . . . . 82

5.2. Temporal factors in mobile data traffic identified by EFA. . . . . . . . . . 91

5.3. Trivial land use cases for EFA spatial structures analysis, for both long and

short-term behaviors. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 95

5.4. Studied mobile applications for their usage within urban green spaces and

their respective categories . . . . . . . . . . . . . . . . . . . . . . . . . . . 105

5.5. Selected parks, grouped by the cluster results. . . . . . . . . . . . . . . . . 109

6.1. List of 18 clusters issued by the clustering algorithm. . . . . . . . . . . . . 126

6.2. City, date and estimated participation of the protest events investigated in

our study. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 151

6.3. Confusion matrix of trained XGBC when applied to test dataset. . . . . . 159

7.1. Percent contribution to the total number of transport-layer sessions and to

the total mobile traffic volume, for 28 applications and with associated CV. 185

7.2. Performance results for capacity allocation for network slicing averaged

over antenna and service. [-5ex] . . . . . . . . . . . . . . . . . . . . . . . 191

7.3. Number of users connected to each BS for S1. . . . . . . . . . . . . . . . . 197

xvii





List of Figures

1.1. Quarterly mobile network traffic consumption, in exabytes (EB). Adapted

from [10]. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4

2.1. Classification of studies leveraging mobile traffic measurements in the

literature. The sub-fields where this thesis contributes are marked.

Adapted from [11]. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 12

3.1. Simplified 4G and 5G NSA mobile network architecture illustrating the

combined RAN and gateway data collection setup used by the MNO. . . . 28

3.2. Example of a CNX session for a user in a BS, with all TCP/UDP that

occurred inside its interval. In case this CNX session was flagged as 5G

NSA, all TCP/UDP sessions that occur inside of it will be 5G. . . . . . . 37

3.3. Example of Voronoi geometries (in green) generated by the 4G BS inside

Paris (in black). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 44

3.4. Example of traditional (in red) and shifted (in green) Voronoi geometries

and their expected coverage in relation to the area of a park. . . . . . . . 45

3.5. Examples of the conversion of spatial resolution, from Voronoi (in orange)

to IRIS (in black), for different IRIS in central Paris. In this case, the

% of the area of each Voronoi overlapped will represent its traffic inside

the IRIS, with the remaining area in orange not counted as traffic for the

selected IRIS. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 46

4.1. (a) Histogram of the 5G coverage across IRIS. Examples of IRIS that are

covered by (b) 4G only and (c) 4G and 5G. . . . . . . . . . . . . . . . . . 49

4.2. Nationwide 5G ratio, R5G, computed on a hourly basis during the three-

month observation period. Linear trend in red. . . . . . . . . . . . . . . . 50

4.3. (a) Median week of 5G ratio in total traffic. (b) Median weeks of the traffic

demands separated by technology. . . . . . . . . . . . . . . . . . . . . . . 51

xix



xx LIST OF FIGURES

4.4. (a) CDF of the overall 5G ratios over the total traffic across zones. (b)

Breakdown of CDFs across urbanization levels. (c) Distribution of the ratio

of 5G traffic across multiple cities. Boxes represent the range between the

first and third quartiles, and encase the median line. Whiskers represent

the 5th and 95th percentiles, and fliers are outside this range. (d) Percentage

of 5G enabled antennas the considered urban areas. . . . . . . . . . . . . 52

4.5. (a) Ranking for the top 100 services by their total traffic volume, for 4G

and 5G, with values normalized per technology. (b) PDF and CDF of the

5G ratio across services. (c) Ranking of mobile applications based on their

5G ratio. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 54

4.6. (a) CDF of UL/DL ratio across services in 4G and 5G. (b) Percent change

in the UL/DL ratio from 4G to 5G. . . . . . . . . . . . . . . . . . . . . . 56

4.7. (a) Average Rs
5G(t) median weeks and (b) breakdown of composition across

service classes, for Clusters A and B. . . . . . . . . . . . . . . . . . . . . . 57

4.8. Maps of the blue and red clusters obtained from the clustering of Rℓ,SA

5G (t)

across city locations for (a) Lyon, (b) Bordeaux and (c) Grenoble; (d)

Average median weeks (with standard deviation) of Rℓ,SA

5G (t) across all

cities, for the blue and red clusters. . . . . . . . . . . . . . . . . . . . . . . 59

4.9. Importance of the main features used by the RF classifier of the statistical

zones across blue and red clusters. . . . . . . . . . . . . . . . . . . . . . . 60

4.10. Silhouette score and Dunn index versus the number of clusters, serving as

a stopping criterion to select the optimal number of clusters. . . . . . . . 64

4.11. Dendrogram illustrating the iterative merging of antennas into clusters as

returned by the hierarchical clustering algorithm run on SRCA features

of individual antennas. Distance thresholds for k = 6 and k = 9 are

highlighted. Colors tell apart the 9 clusters identified by the second threshold. 65

4.12. Sankey diagram depicting how the clusters flow into different environment

types. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 67

4.13. Types of indoor environments per cluster. . . . . . . . . . . . . . . . . . . 68

4.14. Distribution among the identified clusters, for 22,000 outdoor antennas

located in close proximity of the ICN antennas considered in this study. . 70

4.15. Normalized median traffic heatmaps per hour for a period between

04/01/2023 and 24/01/2023. Each heatmap represents the median traffic

of all antennas that belong to the specified cluster at a specific hour and

day, while the light gray dashed lines indicate weekends. . . . . . . . . . 71

4.16. Heatmaps of per hour normalized median traffic between 04/01/2023 and

24/01/2023, for the antennas of each cluster and for a selected set of services

based on their RSCA value. The light gray dashed lines indicate weekends. 72



LIST OF FIGURES xxi

5.1. EFA toy example: student grading across subjects. In this case, EFA can

be used to identify a limited set of latent abilities of the students that may

explain their grades. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 81

5.2. Mobile data traffic analysis with EFA in a toy scenario. (A) The one-week

demand in the target region is aggregated on an hourly basis with respect

to a spatial tessellation of n cells, each representing the coverage of one

antenna. The resulting demand in the i-th cell during the j-th time slot is

the EFA observation oij . (B) Temporal analysis: the hourly time slots are

the EFA variables, each characterized by a set of observations over the cell

samples. (C) Spatial analysis: the geographical cells are the EFA variables,

each characterized by a set of observations over the hourly samples. Figure

best viewed in colors. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 86

5.3. Distributions of the Pearson correlation coefficient computed between all

pairs of EFA variables in the temporal and spatial mobile traffic analysis

problems. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 87

5.4. Violin plots of the loading values on (a) temporal and (b) spatial factors,

when solving the EFA problem with MINRES and MLE. For the spatial

analysis, the distributions are shown for a selection of the factors returned

by EFA. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 88

5.5. Temporal factors obtained from EFA, for the median week mobile traffic

demand. Each plot refers to one common factor returned by EFA. In every

plot, the hourly time slots (EFA variables) are arranged along 24-hour daily

cycles (on the abscissa) for 7 days (Monday to Sunday, on the ordinate),

and colors illustrate the loading of the time slot on the considered factor.

Figure best viewed in colors. . . . . . . . . . . . . . . . . . . . . . . . . . 90

5.6. Geographical distribution of temporal factors across Lyon and Paris. . . . 92

5.7. For each spatial profile, the number of cells that are considered relevant for

it(loading ≥ 0.1), where green marks the profiles included in this analysis

and red marks the non-included. . . . . . . . . . . . . . . . . . . . . . . . 94

5.8. Land usage loading maps for long-term behavior profiles L1 and L2 in (a,b)

Lyon and (c,d) Paris. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 96

5.9. Land usage scores across time for long-term behavior profiles (a) L1 and

(b) L2, for both Lyon and Paris. . . . . . . . . . . . . . . . . . . . . . . . 96

5.10. Land usage loading maps for long-term behavior profiles: L3 in (a) Lyon

and (b) Paris, (c) L4 in Paris, L5 in (d) Paris and (e) Lyon, (f) L6 in Paris,

(g) L7 in Paris and (h) L9 in Lyon. . . . . . . . . . . . . . . . . . . . . . . 98

5.11. Land usage scores across time for long-term behavior profiles (a) L3, (b)

L5 and (c) L9, for both Lyon and Paris. . . . . . . . . . . . . . . . . . . . 99



xxii LIST OF FIGURES

5.12. Land usage loading maps in Paris for profiles (a) L8 and (b) L23, as well

as the scores across time for (c) L8 and (d) L23. . . . . . . . . . . . . . . 100

5.13. (a) Distribution of cells by the number of significant land use profiles;

mixed use RCA coefficient and Venn diagrams for the mixed land use cases

of (b-c) L1 + L2, (d-e) L1 + L5 and (f-g) L5 + L9. . . . . . . . . . . . . . 102

5.14. (a) Boxplot of the areas of parks Ap and Voronoi Av, where whiskers

indicate the 5th and 95th percentiles; (b) Relation between the illuminated

park ratio Ipv and park area Ap, where the Pearson correlation is 0.61,

indicating that for parks with bigger area, it’s more likely to guarantee

that the traffic generated is mostly exclusive by users within those spaces. 107

5.15. (a) Distribution over space of the selected 47 UGS in Paris; (b) The relation

between the UGS area and the quality of traffic coverage; Examples of a

(c) selected and (d) cut UGS, showcasing the Voronoi covering them. . . 108

5.16. a) Ratio of traffic between an average weekday and an average weekend day,

both for individual UGS (in gray), the average across all UGS (in green),

and the average across the remaining of the city (in black). b) Distribution

of RSCA values across UGS and the remainder of the city, representing

how popular (RSCA>0) or unpopular (RSCA<0) mobile applications are

across those areas. Markers represent the mean value, while lines represent

the 95% confidence interval of the values across selected areas. . . . . . . 111

5.17. a) UGS Clusters over the space of Paris; b) Median week of total traffic

per cluster, where the shade represents the 95% confidence interval of the

distribution of parks inside each cluster. c) Distribution between the ratio

of weekday and weekend traffic, versus the overall traffic of each park.

Colors represent the clusters. . . . . . . . . . . . . . . . . . . . . . . . . . 115

5.18. RSCA per application, discretizing the traffic on weekdays and weekends.

Markers represent the mean values, while lines represent the 95% confidence

interval of the values across parks on each cluster. . . . . . . . . . . . . . 117

5.19. Relation between the ratio of weekday/weekend mobile traffic and

socioeconomic indicators, with colors representing the obtained park

clusters based on smartphone usage. Pearson correlation of the full

set between traffic ratio and socioeconomic indicators are [0.4,0.31,-0.32],

respectively. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 118

6.1. Timeline of COVID-19 cases and responses in France. . . . . . . . . . . . 123

6.2. Total traffic volume transiting in the Orange mobile network during the

observed seven-month period, as a color scale (top), time series (middle),

and linear interpolation over time periods with different responses (bottom).124



LIST OF FIGURES xxiii

6.3. Time series of traffic volumes for different individual mobile services. The

gray shade highlights Christmas vacations, which have been disregarded to

avoid biases, as explained in footnote 1. Dashed lines separate the different

restriction periods. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 127

6.4. Time series of traffic volumes for different individual mobile services in the

video streaming category, by micro-cluster. . . . . . . . . . . . . . . . . . 129

6.5. Total traffic median week in target and control periods. . . . . . . . . . . 130

6.6. Distances between the median week signatures of individual apps

(columns), comparing pre-pandemic with COVID-19 periods (top rows),

and different periods in 2020-21 characterized by varied response measures

(bottom rows). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 130

6.7. Median week signatures of representative mobile services in the 2019 control

period and in the 2020-21 target period. . . . . . . . . . . . . . . . . . . . 131

6.8. Difference in the standardized geographical distribution of traffic density

between 2019 and 2020-21. Circles highlight the 10 most populated

departments in France, for which detailed views are in the bottom part

of the figure. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 133

6.9. Difference in the standardized geographical distribution of traffic density

between periods during the pandemic. . . . . . . . . . . . . . . . . . . . . 134

6.10. Sample matrices of pairwise distances between difference maps of each app.

Left: l1–c2. Right: c2–l2. . . . . . . . . . . . . . . . . . . . . . . . . . . 135

6.11. Difference in the standardized geographical distribution of Waze traffic

density between example periods. . . . . . . . . . . . . . . . . . . . . . . . 135

6.12. Difference in the standardized geographical distribution of TripAdvisor

traffic density from c2 to l2, for 3 cities. . . . . . . . . . . . . . . . . . . . 136

6.13. Arrangement of data. A) Timeline of COVID-19 cases in France, as well as

the mobility restriction periods and studies periods; B) Mobile traffic per

IRIS across each studied period; C) Traffic difference between periods; D)

Predicted values by the proposed SLM model; E) Spatial distribution of

the features utilized by the model for the mobile traffic difference prediction.142

6.14. A) Pearson correlation between real and predicted changes in mobile service

demands across transitions in COVID-19 regulations in France. B) SLM

coefficients for the socioeconomic indicators used as features across the

same transitional periods. . . . . . . . . . . . . . . . . . . . . . . . . . . . 143



xxiv LIST OF FIGURES

6.15. Results for the modeling of changes in mobile traffic due to COVID-19

restrictions for every service and period, ordered by a hierarchical clustering

algorithm. A1-A3) Euclidean distance matrix showcasing how similar

services in relation to their coefficients are grouped together. B1-B3)

coefficient values for every service and restriction period are organized as

clusters (left), as well as the average value of all coefficients inside each

cluster (right). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 145

6.16. Sankey diagram of the shift of services across clusters in each period. . . . 146

6.17. Methodology for establishing the true positive (blue) carriers for the ground

truth, based on the variation of mobile traffic consumption during the days

where a protest happened. The cut carriers (in red) were not selected due

to not having a significantly clear change in their pattern. . . . . . . . . 152

6.18. Examples of (a) true negative and (b) true positive carriers, in relation

to how their traffic patterns deviated during the protest day against the

baseline days. The proposed M(t) analyzes the difference of protest (in

green) and baseline (in black) traffic, highlighting the potential hours when

the protest affected the selected carriers whenever M(t) > 0, as indicated

by the gray range, together with additional filters. . . . . . . . . . . . . . 155

6.19. Evolution of the protests, represented by the standardized traffic of the

flagged carriers, ranked (from yellow to purple) by the average time when

M(t) > 0. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 156

6.20. Evolution of the protests represented by the spatial distribution of the

flagged carriers, color coded according to the time ranking. . . . . . . . . 156

6.21. Distribution of Fi(t) across all days in Paris. Apps that represent a

significant change in usage are the ones where a clear separation between

the distribution of protest and baseline happens, such as WhatsApp and

Twitter. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 159

6.22. Contribution of application features to the XGBC model’s prediction. . . 160

6.23. Carriers labeled as affected during May 1 in Paris. Frequency of labeled

carriers in both spatial and temporal scales. . . . . . . . . . . . . . . . . . 162

6.24. Intra-city testing: Protest events identified in Paris based on the proposed

detection methodology. Early affected carriers colored yellow, while later

affected carriers colored purple. . . . . . . . . . . . . . . . . . . . . . . . 163

6.25. Inter-city testing: Protest events identified across different French cities

based on the proposed detection methodology. Early affected carriers

colored yellow, while later affected carriers colored purple. . . . . . . . . 164

6.26. Power regressions of the attendance estimations against the peak total

traffic related to a protest event. Real traffic volumes have been removed

from the plot. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 165



LIST OF FIGURES xxv

6.27. Dynamic attendance estimation in five French cities during the course of

two nationwide protest events. . . . . . . . . . . . . . . . . . . . . . . . . 166

6.28. Comprehensive characterization of the public demonstration on March 15

in Paris, showing the spatiotemporal reconstruction of the event along with

the dynamic estimation of participants. . . . . . . . . . . . . . . . . . . . 167

7.1. Graphic taxonomy of mobile network traffic models, with representative

features and typical modeling timescales for models that operate at packet-

level, (transport) session-level, and BS-level, respectively. . . . . . . . . . 170

7.2. Real: measurement PDFs of the per-minute session arrival rate for antennas

serving different loads. Nonpeak and peak: fitted distributions modelling

the bi-modal sessions arrivals (see in Section 7.4.1 for full details). . . . . 175

7.3. Services ranked by the fraction of sessions they generate, along with their

normalized total traffic. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 176

7.4. Probability density functions of the traffic volume Fs(x) (top plots in each

subfigure), and value pairs of discretized duration d and traffic volume

vs(d) (bottom plots in each subfigure) for a selection of mobile services.

PDFs and duration-traffic pairs are aggregated over working days (Monday

through Friday) and weekends (Saturday and Sunday) separately. . . . . 176

7.5. Similarity matrix of the normalized (a) PDFs Fs(x) and (b) pairs of

duration d and traffic volume vs(d), for all services with the three major

clusters highlighted. Distance values closer to zero (dark red) indicate more

similar PDFs. Associated Silhouette scores for the (c) PDFs and (d) pairs

of duration. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 179

7.6. Traffic volume PDFs Fs(x) (top) and duration-traffic pairs vs(d) (bottom)

for two applications with shared user base: (a) Facebook Live and (b)

Facebook. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 180

7.7. (a,c) Boxplots of differences in session-level traffic for (i) different services,

and for each service across (ii) working days and weekends, (iii) urban,

semi-urban and rural regions, and (iv) different cities. (b,d) Boxplots of

differences in session-level traffic (i) for the same service across 4G and 5G

RATs, and for difference services relying on (ii) 4G or (iii) 5G. Differences

PDFs F
c,t
s (x) in (a,b) are computed via EMD, while those between pairs

v
c,t
s (d) are computed using SED. Whiskers indicate the 5-th and 95-th

percentiles, while the boxes outline the first, second and third quartiles. . 181



xxvi LIST OF FIGURES

7.8. modeling steps for the log-normal mixture model of the traffic volume

PDF Fs(x), for a sample service, i.e., Netflix. (a) Decomposition of the

measurement distribution (light blue) into a main log-normal component

(dashed) and residual probability peaks (red). (b) Identification and

characterization of the residuals to be modeled (light grey areas), using

their first derivative (orange). (c) Final residual components used by the

mixture model (red), and reconstructed PDF F̃s(x) (black). . . . . . . . . 186

7.9. Relation between traffic consumption and duration of the session, for the

service Netflix (linear scale on both axis). In blue, the fitted powerlaw

function. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 188

7.10. Power law exponents of the fitted ṽ
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1 Introduction

From the list of disruptive technologies that appeared over the last few decades, it’s

undeniable that smartphones are one of (if not the) biggest and most impactful. Their

pervasiveness has shaped behaviors and routines worldwide, becoming one of the most

fundamental consumer electronics for many, taking the role of the essential Personal

Computer (PC), allowing people to communicate and connect themselves to anyone in

the world, organize their entire lives, access any information, content or entertainment,

with no restrictions to where they are. Their widespread availability is enabled due to

their internet connectivity, made possible by the wide spread of mobile networks, allowing

seamless smartphone connections anywhere and anytime.

The pervasive nature of smartphones and mobile networks wasn’t always guaranteed:

decades of research and development by numerous researchers and organizations have

brought these technologies to this point. Before becoming smart, mobile phones were

limited to making phone calls and functioning as portable landlines. As their commercial

spread and popularity grew through the 1980s and 1990s, more and more technologies

were integrated into mobile phones. New sensors, functions, and communication methods

were added, eventually giving rise to the concept of personal computers on the go.

1.1. The evolution of smartphones and mobile networks

Together with the evolution of mobile phones, Radio Access Technology (RAT) also

grew in capabilities and complexity. In fact, the first generation (1G) of commercial

mobile networks released by a Mobile Network Operator (MNO) was capable of basic

communications, with analog audio signals being transmitted through a network of cells

distributed across space, each utilizing its own transmitters and receivers. This was a

differentiating factor to mobile radio systems, which would always connect to a centralized

operator, instead of distributed cells. This simplicity did not last long, as soon new

features were added to mobile networks leading to their second generation (2G), which

saw a few different standards being used worldwide, perhaps more importantly the Global

1
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System for Mobile Communications (GSM). Perhaps the most vital change was moving

from analog to digital communications. By having voice communication transmitted as a

digital signal, the benefit of having digitally encrypted conversations between the mobile

phone and the Base Station (BS) emerged, raising the privacy of the network. This also

led to better utilization of the limited radio frequency spectrum and enabled the first sort

of text message communication in mobile networks, the Short Message Service (SMS),

later joined by the Multimedia Messaging Service (MMS), which allowed for messages

containing media other than text (such as pictures). After some time, small improvements

in the standards were made enabling higher data rates and making it possible to perform

packet switching operations, giving an early form to access the Internet through mobile

phones compatible with Enhanced Data Rates for GSM Evolution (EDGE).

As operations in the mobile network became more data-intensive, soon increasing data

transfer capacities of the network became the main goal, leading to the third generation

(3G) of mobile networks. While the later releases of 2G (e.g., EDGE) mobile networks

were already enabling early internet access through integrated browsers in certain phones,

those connections were mainly associated with slowness and difficulty. The release of 3G

networks aimed to establish themselves as a proper solution for convenient mobile internet

access to users, with even the early adoption of 3G USB dongles that could be connected

to computers to provide connection to the internet at homes without access to a fixed

Internet Service Provider (ISP).

The chase for higher data capacities continued as the main trend through the fourth

generation (4G) of mobile networks. As the previously mentioned relation between the

evolution of mobile networks and phones, 4G showed itself as a solution for problems that

appeared through the first generations of smartphones. As users’ demand shifted from

on-the-go phones to on-the-go personal computers, newer functionalities and applications

raised the data demands of consumers, especially with the rise in popularity of video

streaming services and social network applications based on the form of media sharing

and consumption. While 3G networks allowed good connectivity to traditional web pages,

the amount of media generated by the internet rose above its capabilities, so 4G rose to

address these deficiencies. Through the 4G expansion, users saw a significant leap in

data transfer capabilities between the mobile networks and their smartphones, allowing

the on-the-go consumption of heavier types of media, such as video streaming and video

calling. For the first time since their conception, mobile phones started to challenge not

only personal mobile computers, but for many people they became the only computer

needed (impacting even the market of PCs and laptops1).

1More details about how Smartphones impacted the PC market can be seen on: https://www.weforum.
org/agenda/2016/04/4-charts-that-explain-the-decline-of-the-pc/

https://www.weforum.org/agenda/2016/04/4-charts-that-explain-the-decline-of-the-pc/
https://www.weforum.org/agenda/2016/04/4-charts-that-explain-the-decline-of-the-pc/
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As an ever-lasting chase game, the evolution of smartphones together with the

evolution of content consumed in applications leads to innovation and evolution in

mobile networks. As of the time of this thesis, the world is experiencing the rollout

and expansion of the fifth-generation (5G) mobile networks. While through the first

few generations of mobile networks, the main headline had always been the increases in

bandwidth capacity, allowing mobile networks to finally challenge the capacity of cable

networks, one of the main driving forces for 5G was the idea of massification of devices

connected to the network. Besides the widespread of smartphones, where the number of

mobile subscribers is even surpassing the world’s population [10], the rise in popularity

of Internet of Things (IoT) and Machine to Machine (M2M) communication across space

also occurred, especially in industry-related tasks and smart cities. This means more

devices were connected to the network than ever2, which exposed problems with massive

access from the previous generations (as IoT and M2M also utilized the still available 2G

and 3G networks), which should be addressed by newer 5G capabilities. Another new

feature is the reduced latency experienced by users, which should mean less delay for

many time-sensitive tasks (e.g., edge computing, cloud gaming).

The release of 5G is still an ongoing affair: as of the time of this thesis, most

commercial MNO has released solely its Non-stand Alone (NSA) variant, which introduces

a new access layer but repurposed the 4G core (to make its release more cost-effective

for operators). But, while 4G is still the leader in subscribers, the adoption of 5G has

steadily grown through every region of the world, with an expectation of 5G accounting

for 25% of all mobile data traffic in 2023, and the number of 5G subscribers expected to

exceed 5.3 billion by 2029 [10]. The capabilities of 5G will be further expanded through

its Stand Alone (SA) release, which shall utilize an exclusive network core and higher

frequency bands to maximize its capabilities. This shall enable higher traffic exchanges

anywhere on the streets, with more modern computational tasks being performed outside

of devices (e.g., offloading AI tasks and the graphical processing of games to external

servers, instead of processing those in the smartphone), and more users and devices being

connected and exchanging big amounts of traffic simultaneously.

1.2. Leveraging mobile network data for multi-domain

research

Through the decades of advancements in the technology of mobile phones and

networks, and their expanding role in daily lives through those years, the volumes of

data generated on mobile networks grew steadily. Indeed, as observed in Figure 1.1,

2Intel anticipates over 50 billion IoT devices connected to 5G networks
over the next few years: https://download.intel.com/newsroom/2021/archive/
2017-01-04-editorials-intel-accelerates-the-future-with-first-global-5g-modem.pdf

https://download.intel.com/newsroom/2021/archive/2017-01-04-editorials-intel-accelerates-the-future-with-first-global-5g-modem.pdf
https://download.intel.com/newsroom/2021/archive/2017-01-04-editorials-intel-accelerates-the-future-with-first-global-5g-modem.pdf
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Figure 1.1. Quarterly mobile network traffic consumption, in exabytes (EB). Adapted from [10].

the estimated per-quarter data traffic consumed in mobile networks has grown at an

exponential rate, from less than 10 EB in Q3 of 2016 to more than 140 EB in Q3 of

2023. This shall not be an unexpected trend, since as mentioned before, with every new

generation of mobile networks, the most advertised new feature tends to be faster data

rates, leading users to be every day more and more comfortable consuming any type of

data in their mobile phones, even when they’re outside of a Wi-Fi connection. Indeed,

with the last releases of 4G and current releases of 5G NSA, most users may not even

note differences in the quality of their connection versus the one they may have at home

in their fiber network over Wi-Fi. With this gap ceasing to exist, it’s only expected that

traffic consumption levels over mobile networks will remain growing for the next few years,

with Ericsson reporting a continuous growth in monthly consumption until 2027, with an

expected stagnation only occurring after 2028[10].

Interestingly, through the years of growth in the data volumes flowing through mobile

networks, MNOs have always been passively collecting information about data from their

network, either for their own internal research, e.g., to dimension correctly their systems,

or for billing purposes. Indeed, when calling and SMSs were the dominant operations

occurring in the network, the operator always had to register the locations of the caller and

receiver, as well as the duration in order to bill correctly the phone call (as it’s been always

done with fixed phone lines). When data-oriented products became the norm, the MNO

also kept their interest in tracking how much data each customer was consuming since

most mobile data plans had limits, and therefore this measure needed to be constantly

done to be sure data contracts were being enforced correctly. The implication is that, for

most MNOs, collecting and processing data was always certain.

It did not take long for researchers to see the potential of those rich and complex

datasets that could be relatively easily be collected, as they could be used not only for

network improvements and billing customers, but as a way to understand individual users

and populations, either from the perspective of understanding the utilization of mobile
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phones and their applications or by simply utilizing the measurements as a proxy to

understand where people are located and how they’re moving.

From this new source of large-scale datasets (which can easily be above the terabyte

level) and the realized potential of its use for research, there was the birth of the need to

understand how to properly collect and process it, as well as which tools could be used for

analysis and proper explanations were needed, leading to the rise of the field of networks

data science. Studies about the dynamics of computer networks are not a recent field3

and have been an active topic in many communities and popular through many of the

main journals and conferences in the area.

With the expansion of mobile phones and networks, it was unsurprising to see new

studies on the dynamics of these growing networks. Researchers began to describe the

dynamics of mobile traffic datasets collected from thousands to millions of users across

various locations (sometimes spanning countries and continents) and over months or

years. Other fields quickly recognized the potential of this data: as it’s passively collected

from large populations, it sparked an interest to understand if it could be an alternative

to traditional census, survey, and interview data collected by sociologists, geographers,

physicists, or epidemiologists. While deeply descriptive, the data from those traditional

surveys usually required massive efforts4 to be properly collected, with a continuous

collection of such statistics being considered hard. Indeed, it did not take long to see

research utilizing mobile network data expand rapidly: from the first works seen in 2006,

the annual growth rate of new publications was 90% by 2016 [11].

Through those years, different datasets emerged. Due to the different products offered

by MNOs over the years, a variety of events and statistics could be observed according to

what was being utilized by customers. For example, due to the call and text messaging

orientation 2G and 3G, the first collections involved Call Detail Record (CDR). Those

detailed information and statistics about telephone calls and SMSs done by each customer

across space and time. This simplicity in collection against traditional data used in the

study of social and complex (human) networks was one of the positive arguments for

mobile network data. As it was already being passively collected by the operator for

billing purposes, little to no extra technical cost was needed for MNOs to pass down

this data to interested researchers, with only the necessity for research agreements to be

put into place. Also, by having independent researchers studying it, MNOs could easily

benefit from insights gathered about their customers and even improve their services from

the results of this cooperation.

As the network evolved, CDR data became less desirable due to the decline in

3Indeed, by searching through proceedings of either IEEE INFOCOM or ACM SIGCOMM during the
1990s and early 2000s, many works can be found, providing measurements and analytics about computer
networks at many different points. Citing those here would steer away from the topic of this thesis, but
an interesting reader can easily find many of those initial works still available in online repositories.

4Usually involving entire nations, such is the case of Census surveys.
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traditional phone calls and SMSs, replaced by Internet Protocol (IP) equivalents like

WhatsApp and Telegram for messaging. Additionally, standards like Voice over IP (VoIP)

and Voice over LTE (VoLTE) began transmitting voice communication over the internet,

similar to other online tasks. This increased interest in analyzing pure traffic flows,

focusing on the overall data moving through the network (as opposed to the number

of calls or events), using different IP standards like TCP, UDP, and QUIC. This data

source is enriched by techniques like Deep Packet Inspection (DPI), which can label

the mobile applications generating each traffic session. This allows for the study of the

complex dynamics of different mobile applications, enabling custom solutions for mobile

operators and researchers to explore spatiotemporal variations in app usage. This creates

an unparalleled data source for sociologists and other modern humanities studies, as each

person interacts differently with their smartphone, using different apps at various times

and locations. This has sparked a new era of research.

In addition to traffic sessions and CDRs, another valuable data source from mobile

networks comes from signaling events between mobile phones and base stations. These

communications occur even when users aren’t actively using services, helping determine

the best base station for their location. This is done passively and preemptively: as

a user expects his phone to always be ready to make a call to access the internet,

those exchanges between mobile phones and the network are done automatically and, in

many cases, happen with fairly low temporal granularity (in the order of seconds or even

milliseconds)5. By adding an extra step of recording those signaling events, it’s possible to

derive location and mobility-related data sets, such as estimated home locations, origin-

destination matrices, and trip distances, on a per-user granularity6 or even aggregated

over statistical regions. As mentioned earlier, with the right methodologies, this rich

and complex data offers many possibilities for researchers in transportation, epidemics,

and other fields interested in human mobility, as traditional mobility surveys were very

resource-intensive to collect.

Another important detail is that, within the last few years, privacy regulators have

become more aware of the impacts of collecting per-user data (not exclusive to mobile

networks). This can be noted in Europe, where the measurements presented within this

thesis are collected, with General Data Protection Regulation (GDPR) laws restricting

many collections of per-user data. This leads to individual records becoming a rare sight,

with researchers having to adapt their methodologies to work utilizing data with higher

levels of aggregation. In mobile networks, this means that the data will be commonly

aggregated on the antenna level, i.e., instead of knowing how much a certain user utilizes

an app, it contains how much traffic of an app is seen on a certain BS. This increase in

5As the MNO is not only administrating its physical resources but also the radio-frequency resources
and the demands across those can widely vary due to demand, user location and by simple nature events.

6This, of course, raises privacy-related issues, which are discussed during Chapter 3.
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privacy regulations did not decrease the interest in mobile network data, as it can still

be a more privacy-oriented alternative (e.g., against Global Positioning System (GPS)).

Therefore, it’s important to develop methods able to extract useful statistics about

populations from mobile network measurements, considering the aggregation levels to

be performed over time and space.

1.3. Contributions of the thesis

The work presented in this thesis aims to advance the state of the art of networks data

science, by proposing methodologies and insights from recent large-scale measurements

in MNOs. As those have the potential to be leveraged by many distinct fields, the

contributions presented within this thesis navigate through a few different applications.

Those shall all come together to help build a holistic perception of the field of network

data science. The main contributions of this thesis are:

1. Create new methodologies for the collection and processing of 5G per

app traffic: With the recent deployment of 5G NSA, a new challenge is how to

properly identify the sessions per application corresponding to it, since the network

core (where the majority of the traffic probes are located) is shared with 4G. This

thesis proposes a way to overcome this problem, presenting guidelines and insights

on how to properly handle traffic aggregated on a BS level. This contribution is

described in [1], [5].

2. Establishments of techniques for insights into application-level traffic

demand: With 5G and beyond mobile networks heavily dependent on IP networks,

previous methodologies that focused on the analysis of CDR records need to be

reviewed to fit the new collections that quantify data consumption. All works

contributed throughout this thesis push the shift of a mentality oriented towards

mobile application traffic. Among those works, it can be remarked:

a) Characterization of the adoption of new deployments of mobile

networks: As MNOs deploy new products over their network, an interesting

aspect is to understand how customers adopt them, and more specifically if

their usage patterns and app preferences are shifted. Two characterization

studies about the adoption of new 5G NSA deployments and indoor mobile

networks are presented. These contributions are described in [1], [6].

b) New methodologies and insights about land use characterization

through mobile traffic: As mobile networks become denser in urban

environments, they provide higher-quality data that can be utilized for

complex spatial and spatiotemporal analysis. Two techniques are presented
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in characterizing land at different scales: firstly at general land uses on a city-

wide scale, and secondly at a significantly smaller scale by characterizing green

spaces within cities. These contributions are described in [4].

c) Characterization of special events through mobile traffic: Besides

analyzing routine patterns, comprehending how special events may shift

consumption patterns of network traffic is an important challenge, which can

guide MNOs to have better preparation for such disturbances, or be utilized

as a proxy for government agencies to better comprehend the impact of those

events and their measures in the population. Two works are presented: one

characterizing the impacts of the COVID-19 pandemic on mobile traffic, first

at a nationwide scale and later at a city scale; the second one showcasing how

the disturbances of traffic consumption can be a proxy to characterize massive

manifestations within cities. These contributions are described in [2], [7]–[9].

3. Characterization and modeling of transport-layer session dynamics and

the generation of synthetic data: The last main contribution of this thesis

comes from the realization that while access to mobile network data can be a

great enabler of research, not always this data will be available. The last work

of this thesis presents a first-of-its-kind characterization of transport-layer traffic

sessions, focusing on the statistical heterogeneity across mobile applications. This

characterization leads to a few models that are openly shared with the community

to generate synthetic traces of the measurement, with a few use cases presenting

the potential of those models to help network research. These contributions are

described in [3], [5].

1.4. Outline of the thesis

This thesis is composed of 8 chapters. Following this introductory chapter, the

structure of the remaining chapters are organized as follows:

Chapter 2 presents the Background works, which contextualizes the field of networks

data science for the last decade, through the different types of data that can be collected

from mobile networks and the vast array of usages that these sets enabled researchers

from many fields to expand their state of the art. Chapter 3 presents the Materials and

Methods, which presents the fundamental methodologies and techniques used through this

thesis for the measurement, processing, and analysis of mobile network measurements.

The remaining chapters contain the main contributions of this thesis. Chapter 4

explores "How users adopt new mobile technologies". Two cases are presented: Section 4.1

presents one of the first large-scale collections of a production 5G NSA network deployed in

France, looking at how the presence of 5G may have impacted the overall traffic demand.
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Section 4.2 presents a first-of-its-kind characterization of mobile networks in indoor

environments. Most works that characterized mobile traffic demands were indifferent

about the BS being outdoors or indoors. But, as users expect a seamless connection,

understanding how demand changes over indoor locations becomes an important task.

This thesis showcases how the dynamics of mobile application usage vastly differ in these

places when compared to outdoors.

Chapter 5 explores techniques that can help answer the question of "How space and

land use affect smartphone usage". Section 5.1 presents a work about the Exploratory

Factor Analysis (EFA) technique, and how it can help uncover spatiotemporal patterns of

mobile traffic consumption usage through two major urban centers in France. Section 5.2

reduces the spatial granularity and presents a new approach to characterize urban green

spaces in cities through their influence on smartphone and application utilization.

Chapter 6 looks into "How spatial events impact the network", and how this data

can be leveraged to better comprehend populations and their relation to those events.

A few works are explored: Section 6.1 explores how the COVID-19 pandemic restriction

measures impacted the consumption of mobile traffic in France at a nationwide scale, both

in the temporal and spatial dimensions. Section 6.2 poses similar questions, but zoom

into the main urban cities in France to understand the impact within neighborhoods, and

how those changes can be associated with the socioeconomic indicators within the cities.

Finally, Section 6.3 loos into city-level, but proposing a characterization of the impact

of large-scale manifestations in mobile networks, and how the insights gained from this

analysis can be utilized to track the spatiotemporal progress of protesters, as well as their

behaviors during the protest.

The final set of contributions of this thesis is seen in Chapter 7 about "Leveraging

data from smartphone usage for smarter networks", presenting a first-of-its-kind

characterization and modeling of transport-layer session traffic datasets. Section 7.2

focuses on the characterization part, more specifically on how heterogeneous the traffic

trends are amongst apps, even the ones within similar categories of data. Next, Section 7.4

presents a few mathematical models of those observed behaviors, which are shared with

the community so anyone interested in replicating this data synthetically can easily do so.

Finally, a few use cases are presented in Section 7.5 to highlight how the insight gained

from this analysis can better guide network engineering research, by having models that

are closer to reality than alternatives currently available.

This thesis wraps up in Chapter 8, which discusses the main takeaways and insights

gained from the contributions presented through the chapters, as well as a few potential

directions to be explored by future works.
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2 Background

The pervasiveness of smartphones showcases their success as one of the most popular

technologies of the XXI century. With an ever-growing number of users relying on them

for both their personal and work lives, smartphones went from a luxury to a commodity,

integrating themselves into the majority moment of moments of the daily routine.

As the differentiating factor of smartphones comes from being personal computers

on the go, users expect that MNOs will provide ubiquitous connectivity, in any

outdoor or indoor environment. With the advancements of RATs, the capacity and

capabilities of mobile networks grew vastly, with users relying every day more on them

for communication and access to internet services. These advancements, together with

cheaper and accessible data plans, made users comfortable with using their smartphones

attached to the mobile network anywhere.

As more users utilized more their devices connected to mobile networks throughout

the years, the data passively collected MNOs grew in volume, complexity, and quality.

This prompted researchers from multiple domains not exclusive to Network Engineering

to become interested in testing the potential of those collected data sets in their field,

spanning an impressive range of interesting studies that go way beyond traditional

networks and telecommunications venues.

This expansion in multi-domain research relying on mobile network measurements has

resulted in a few interesting surveys that characterize the fields and directions in which

those sets are utilized [11]–[13]. Specifically, the work of [11] presents an interesting

overview of the multiple disciplines outputting unique research from this source of data.

According to them, mobile traffic measurements span 3 major fields and sub-fields of

research, as seen in Figure 2.1: Network analysis, Social analysis and Mobility analysis.

Those fields provide a heterogeneous background, due to the vast amount of disciplines

interested in the insights that can be obtained from this type of data.

The aim of this Chapter is to present an overview of the state-of-the-art research

utilizing mobile network measurements through those proposed fields. It’s important to

note that the contributions of this thesis will not span through all of the presented fields;

11
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Figure 2.1. Classification of studies leveraging mobile traffic measurements in the literature.
The sub-fields where this thesis contributes are marked. Adapted from [11].

the specific sub-fields where contributions are made are marked on Figure 2.1, as those

will have more in-depth attention in order to present a coherent background to motivate

the contributions to be presented through the later chapters.

The structure of this Chapter is as follows: Section 2.1 will go through papers that

utilized measurements from MNOs for insights and improvements towards the mobile

network itself; Section 2.2 will discuss the social aspect of mobile network data and how

it can be utilized by many different areas who try to understand individuals; Finally,

Section 2.3 will present the mobility side of this data, focusing on understanding how

people move throughout the space by utilizing network measurements.

2.1. Mobile data analysis for network optimization

The most direct contribution of large-scale mobile network measurements is to

understatement, analyze, and improve the network. Insights gained here come from

understanding how production deployments are performing, the usage of mobile services

through time and space, as well as producing real and synthetic data sets to test new

algorithms to optimize the network. Therefore, works within this Section will go into the

technical aspects of mobile networks.

Following the definition of [11], an adaptation of the sub-fields of Network analysis

is seen on Figure 2.1. They will be related to the utilization of mobile network data for

the improvements and understanding of networks, and encompass: 1) Characterization of

mobile demand, where studies focus on characterizing the dynamics of traffic consumption,

from both user and network perspectives; 2) Impact of new technologies, where the insights

gathered by the data can be used to evaluate new technological solutions for mobile
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networks; 3) Modeling mobile traffic, where measurements are used to characterize traffic

patterns in order to generate synthetic models. Next, a few of the seminal works related

to each of those sub-fields will be explored.

2.1.1. Characteization of mobile demand

Temporal patterns of consumption: When studying the overall demands of traffic

consumption by users over the mobile network, the initial approach is to understand how

traffic demands are characterized across the temporal dimension. Studies of temporal

structures in mobile traffic can be as simple as straight comparisons of traffic volumes

across seasons [14], or computing statistics about how many calls are happening over

time [15]. These explored approaches in early mobile network literature allow appreciation

of how planned and unplanned events induce significant variations in the typical temporal

structure of the mobile traffic demand, but investigations at a finer granularity require

more elaborated methodologies. A more composite method for temporal analysis of mobile

traffic consists of building an expectation from historical data and labeling time slots

deviating from the statistics as anomalous [16]. Those approaches are purpose-purpose,

i.e., outlier detection, and have the limitation of not finding any hidden structures which

would be desirable in more in-depth current studies.

Closer to the goal of revealing complex hidden structures are works that aim to create

profiles of temporal network activity [17]. In this case, snapshots of the mobile traffic

demand in a target region collected at different time slots are clustered via a dedicated

distance measure. This allows the unveiling time periods with similar patterns in the

spatial distribution of traffic. Recently, tools from spectral analysis have also been adopted

to achieve a similar goal, on a per-service basis [18]. However, both approaches above

rely on traditional clustering algorithms, hence forcing each time slot into a single specific

category. This loses nuances in the data, e.g., during time periods where the spatial

traffic is in fact at the boundary of two or more behaviors. Moreover, the approaches do

not provide information about the root causes that lead to the resulting clusters, whose

interpretation is thus left to the expert knowledge of the system.

Spatial patterns of consumption: A second direction when understanding mobile

traffic demands is to understand where traffic is being consumed. To achieve this, a

larger body of works addresses spatial structures in mobile traffic, focusing on urban

settings due to their rich traffic patterns, and proposing multiple techniques to distinguish

neighborhoods and spots of the city by their mobile traffic demands. Specifically, many

studies start exploring spatial structures from the built work on temporal structures by

collecting mobile traffic time series in different geographical zones, compressing them

into normalized signatures that summarize the observed temporal patterns of traffic, and

adopting clustering algorithms to group the zones based on their signatures [19]–[23].

Spectral methods have also been used to define signatures of routine activities and
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deviations from them, with the same objective of using them for spatial clustering [24].

Information theory tools have been used to group large statistical zones across a whole

country based on the local consumption of mobile services [25]; also, techniques from

signal analysis relying on eigen-decomposition have been adopted to categorize buildings

in a university campus based on the observed Wi-Fi traffic [26]. These methods focus

on very large (i.e., nationwide) or localized (i.e., a single campus) geographical regions,

and may miss the dynamics of exploration of the urban spaces occupied by modern cities;

moreover, they still aim at generating rigid associations of zones to behaviors with little

explainability, as in the legacy clustering strategies above.

Trying to explore more complex structures in both the spatial and temporal

dimensions, some researchers have explored the use of factor analysis for the study of

mobile traffic data and, utilizing both CDR data [27] and traffic flows [4], which showcase

the co-dependence of space and time within mobile traffic consumption. Seeking to reveal

complex spatiotemporal profiles of mobile traffic consumption, a gap will explored within

Section 5.1, where a work will be presented contributing to a factor analysis technique

that can showcase mobile traffic consumption patterns across time and space.

Patterns in mobile application consumption: A useful study for MNOs is

understanding the adoption of mobile applications by users. This means finding insights

about how those apps request their traffic demands to the network, as well as how users

utilize those. This is especially useful for heavier loads and popular apps, which may

necessitate special attention by the operator.

While the works shown so far focused on the dynamics of the total volume of traffic,

a variety of works focus specifically on mobile services demands and their dynamics over

space and time. For example, through the use of large-scale measurements in mobile

networks, researchers were able to better comprehend how WhatsApp usage impacts

MNOs [28], such as understanding that the hosting architecture of the app is exclusively

located in the US (which could impact routing for non-US customers); that video sharing

content is almost 40% of the demand generated by users of the app (which means that

treating it as a simple instant messaging app may lead to incorrect resource allocation)

and that the network flow characteristics depend on the smartphone operating system. A

similar analysis of mobile network measurements was performed for WeChat [29], which

also led to a better understanding of the impact of media-related messages (photos, videos)

and uncovered different clusters of users that have significantly different demands when

utilizing the app.

Another important class of studied applications was video streaming apps. Through

their rise in popularity over the past decade, and with the higher capacity of 4G and

beyond RATs, there was an increase in usage of those services over mobile networks and,

due to their type of content, they quickly became one of the heaviest generators of mobile

traffic. For example, an early work studied the user-side patterns of traffic of Netflix,
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YouTube, and Hulu generated from both Android and iOS devices [30]. They observed

that those services generated many redundant traffic flows, which negatively affected the

mobile network resources. By also analyzing how the same set of applications have their

traffic distributed through CDNs, researchers have also observed that assigned the CDN to

deliver content to the user without considering the network conditions, which impacted the

resource optimization for the network operator[31]; solutions for this involved an adaptive

CDN selection considering the network resources to optimize the users’ bandwidth. Such

findings are important in the sense of understanding how modern applications actually

operate and how both their mobile application and network infrastructure interact with

the network operator.

Another category that saw surges in popularity leading to the study of their impact

is Cloud services [32], since the system demands of those apps are quite unique and rely

heavily on the uplink side of the chain, and have become more popular as alternatives to

traditional in-device storage.

In essence, when studying the vast ecosystem of mobile applications and their

traffic demands over the network, many works show how those apps act in unique

ways [33]–[35], and current-age network resource optimization needs to take into account

this uniqueness in their consumption patterns. Another set of interesting findings was

a number of properties of service-level demands, such as the fact that they exhibit

locality [36]–[38], temporal patterns that are diverse across applications [34] and possibly

easy to predict [39], as well as consistent user bases [40], [41].

However, a gap in research appears due to the evolutionary nature of mobile networks:

all these works employ demands collected in 3G or 4G networks and do not look into the

adoption of one technology over another. This gap is addressed in this thesis in Section 4.1,

which performs a study on the adoption of 5G on the application level. Also, whenever

new RATs are deployed, a change in traffic consumption patterns could be expected,

which will be the topic addressed next.

2.1.2. Impact of new technologies

Adoption of new RATs: Within the context of the deployment of newer RATs

throughout the world, understanding their performance in the wild becomes a critical

initial task for the operator, allowing it to understand if its clients are interacting

differently due to the new RAT, as well as to diagnose the performance and quality

of experience metrics of the network access. Also, comprehending those insights becomes

critical in order to magnify gaps that need to be addressed.

For example, through the ongoing worldwide deployment of production-grade 5G

networks, understanding their actual performances, as well as how users and their

smartphones are dealing with the new technology became a critical task that can be

explored through the study of network measurements. The majority of newer studies
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have investigated the deployment and performance of 5G in deployments in two of the

earliest adopters: the United States and China. As is the case with early studies,

their focus is research built upon client-side measurements, targeting the evaluation of

coverage, latency, energy consumption, or protocol operations observed at the level of

individual 5G devices, usually providing results that employ 4G as a reference. Several of

these measurement analyses target specific scenarios, such as Non-Standalone (NSA) and

Standalone (SA) deployments [42], mmWave communications [43], multiple operators [44],

[45], diverse urban environments [44], bus transit system [46], or high-speed trains [47].

It’s important to note that those are not necessarily direct network measurements, but

instead, client side, which means understanding what individual users are seeing, and not

what the network is indeed observing.

These works generally acknowledge the much-improved throughput of 5G compared

to 4G, yet also highlight a number of issues, including sub-optimal latency and high power

consumption with respect to 4G [48], exceedingly aggressive strategies for the migration of

radio resources from 4G to 5G [49], non-ideal support for high mobility scenarios [47], or

inadequate resource management policies [45]. Some works also propose solutions to some

of the problems above [45] or optimizations of applications to best utilize 5G features [42].

These early works in 5G measurements focused much on client-side studies, but few so

far have been able to explore the network’s perspective, analyzing traffic measurements

collected by a major mobile operator in a nationwide production-grade infrastructure.

This offers a different viewpoint and allows an analysis of the spatiotemporal demands

generated by the whole user population, which is hard to obtain from smartphone

measurements. A study of the impacts of 5G deployment on the network operator side was

performed on an operational 5G NSA network in the UK [50], focusing on understanding

the temporal evolution and characteristics of the local deployment, the diversity of the

ecosystem of 5G-enabled devices, and the overall network performance.

To bridge this gap, the work presented in Section 4.1 contributes to the literature by

providing one of the first large-scale country-wide characterizations of the adoption of a

5G production network over space and time, and as mentioned focusing on individual

services. Most importantly, neither spatiotemporal nor application-level aspects were

considered by previous network-oriented works.

Adoption of indoor mobile networks: Another newer trend in networks is the

deployment of antennas and BSs within indoor environments. Users expect to use

their devices no matter where they are. But, not all places may have available Wi-Fi

connections, leading users only with their mobile network. Due to the absorbing nature

of construction materials, the signal strength of outdoor antennas is severely reduced,

limiting the connectivity in indoor environments. Therefore, networks deployed in indoor

environments are becoming crucial for guaranteeing the quality of experience of users.

However, the majority of the research so far mentioned in this Chapter does not
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distinguish where antennas are in relation to buildings. Even though some works may

unveil spatial patterns of traffic consumption that could be related to indoor environments

(e.g., peaks in commuting hours near metro stations [27]), those insights are gained by

just analyzing which city features are close to the BS, with no distinction made about

whether those deployments were indoors or outdoors. In fact, many other recent works

do explore those distinct patterns of network usage through space [51]–[53], but neither

discriminates the environment of the deployment.

This discrimination can in fact be made, as network operators have to account for the

environment and record this in their data sets (as it will be later seen in Subsection 3.6.1).

But, the literature in characterizing indoor environments is still quite limited. Few works

compare the characteristics of outdoor BSs and fixed network demands [33], [54], revealing

differences in terms of packet, flow, and session-level statistics, as well as in the temporal

traffic patterns. However, the operation of fixed networks is fundamentally different from

mobile networks, and thus the conclusions of those works cannot be straightforwardly

extended to indoor mobile networks. The traffic from indoor mobile networks was

considered in [55], exploring the mobile application utilization profiles in Santiago (Chile),

through both distinguished indoor and outdoor BSs, but never fully characterizing the

uniqueness of indoor mobile traffic consumption.

This gap in the characterization of indoor mobile network deployments will be further

explored within Section 4.2, which will present how the temporal and application patterns

change due to the deployment being indoor vs. traditional outdoor ones.

2.1.3. Modeling mobile traffic

The insights gathered from the study of mobile network data can be leveraged to

model and evaluate solutions to optimize the network. For the validation of solutions

within the network, data sets may carry technical specifics in relation to which measures

may want to be optimized within the network (e.g., latency, packet drops). Therefore, a

significant amount of work was put into characterizing measurements within the network,

creating models describing those phenomena, and applying this data for optimization.

When modeling BS-level demands, understanding how to leverage temporal structures

for traffic models becomes critical. BS-level statistics mainly describe aggregates of

the traffic volume across all devices associated with the target antenna and are best

characterized over timescales of minutes or hours. As such, they are different and coarser

than the session-level dynamics, which instead occur at order-of-second granularity.

Such examples of modeling and generating temporal traffic involve works employing α-

stable distributions to model heavy-tailed samples of BS-level traffic [56]–[58], or recent

generative neural networks that mimic BS-level dynamics over space [59], time [60] or

both [61], and per service dynamics [62].

Another direction aims to model statistical properties of mobile traffic within each
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session, i.e., at packet level. Such models typically operate at timescales of milliseconds

or less, and provide analytical formulas for inter-arrival times between consecutive

packets or requests from a device [63], sizes of individual files or number of packets per

frame [64], intervals for deterministic reporting [65], or duration of activity and inactivity

periods [66]. Different packet-level models are specified for broad classes of services like

web browsing, video streaming, voice over IP, gaming, downloads via FTP, or machine-

type communications, among others. But, there’s still a lack of more application-specific

models, which as mentioned before becomes a critical aspect for network operators to

understand, as app dynamics even within the same category can be heterogeneous.

There’s a vast amount of proposals for packet-level models for 5G systems, and an

in-depth look at their proposals and limitations can be observed in a recent survey [13].

The key observation is that these models are primarily designed for the evaluation of

low-layer technology in stationary environments, and do not capture, e.g., inter-session

timings, how long a session generated by a given application persists in a BS, or how

much traffic it generates there.

In the field of characterizing sessions at the transport-layer level, six models of

individual mobile traffic consumption were developed [67] by classifying the demands

generated by 6.8 million subscribers based on their temporal patterns and amount of

data usage. In a similar spirit, six major temporal profiles were identified in the weekly

demand generated by mobile devices [68], and predictors were proposed to anticipate the

future load of each class of user. But, the granularity of those models could be considered

coarser than desirable. First, they only consider overall user-level traffic. Second, they

only consider the total traffic of each user, leaving a significant gap in relation to per-

service models. Third, they’re purely temporal and aggregate information over all BSs

visited by each user, with no focus on behaviors recorded within a single BS. It can be

argued that models with finer granularity, richness in application dynamics, and per-

BS viewpoint could be more informative for the validation of mobile communication

technologies and systems.

There’s a significant gap in the characterization and modeling of transport-layer

sessions, especially in relation the having models that take into account the heterogeneity

of traffic generation across mobile applications. To address this, Chapter 7 will contribute

to expanding the literature on transport-layer mobile traffic models.

2.2. Mobile data analysis for social science research

The collection of social data at a large scale has always been quite an extensive,

difficult, and expensive task. Classically done with surveys through interviewers
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questionnaires1. On smaller scales, those collections are done through population

sampling, which while well studied is hard to guarantee to be free from biases.

Through the dissemination of the internet, new ways to collect social and demographic

data originated. Their collection was significantly easier, especially when compared to

surveys, as those new sources (such as mobile network data) can be passively collected

through large populations (i.e., scale of millions). In the case of mobile traffic, not all

the information usually required by traditional surveys is available. Because of this, it’s

not uncommon for it to be cross-checked and mixed with traditional surveys. This mix

has enabled an interesting variety of new studies, which focus on understanding societies

through their interaction with smartphones and mobile networks, how to derive statistics

usually obtained from traditional surveys with mobile phone measurements, and mixing

with classical survey data.

Based on [11] and as seen on Figure 2.1, four main sub-fields are present:

1) Demographics, where the ways of use of smartphones are related directly to

sociodemographic surveys, in order to understand how parcels of the population may

utilize their devices differently according to their societal context; 2) Environment, where

the spatial and temporal structures of smartphone usage are related to the environmental

aspect where users are; 3) Epidemics, where human movements and interactions can be

leveraged to understand how diseases spread and affect populations; 4) User and urban

interactions, where the interaction between users can be observed through mobile traffic

consumption. Next, a few of the seminal works that utilize mobile network data within

those sub-fields will be discussed.

2.2.1. Demographics

Measurement data obtained from mobile networks can be used for sociology research

as a proxy to understand how the societal context of populations can affect smartphone

usage, and on the opposite direction, how the study of smartphone usage can also give

insights into the demographics of populations.

Perhaps the most direct approach is to utilize data to simply comprehend general

statistics about the population. An early approach showcased that it was possible to note

differences in the utilization of smartphones through genders in Belgium [69], and the

possibility to determine the age and gender of users in Mexico through their mobile phone

usage patterns [70]. Other works have also expanded the number of sociodemographic

features possible to be determined through smartphone usage patterns, such as the income

level and residential area [71] and even ethnicity [72].

Mobile network data was also utilized to predict the poverty index at fine spatial

granularity in Senegal, together with environmental data, and obtained great results

1Perhaps the most widely known large-scale version are Census surveys, a country-wide collection
trying to cover as close as possible to the absolute totality of its population.
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when compared to traditional survey data obtained from the local Census [73]. Data

from smartphone usage was also utilized to train models that can recognize patterns of

poverty [74] or to create poverty maps [75], which can help organizations to better target

humanitarian help. Another research approach was to utilize the diversity of income,

educational attainment, and inequality as a proxy to infer the consumption of certain

mobile applications, and the traffic of those apps could even be used to predict the

socioeconomic status of areas in France [76].

Mobile network data can be also leveraged to understand the access to electricity

and digital divide [77] and the electrification rates [78] in African countries, where the

collection of classical survey data about this topic was previously considered difficult.

It can also help understand the later stages digital divide in countries with higher

penetration of smartphones, such as France [79]. Studies using mobility data collected

from mobile networks also were able to showcase that diversity of mobility has a significant

correlation with the socioeconomic status of users and it’s the highest important feature

in socioeconomic predictive models [80].

2.2.2. Environment

Dynamics and characteristics of cities: Besides understanding the demographic

aspects of populations, the utilization of smartphone data can help understand the

geographical and social environment, providing newer aspects of such spaces that were

not previously observed by classical sources of data.

In an initial example, mobile network data helped unveil the geographical properties

of individuals that are part of communities, helping researchers to understand the span

of such communities through space [81]. The urbanization levels of spaces can also

be observed, such as the differences in smartphone usage between urban and rural

users, where users in urban spaces communicate more times, but users in rural spaces

communicate with others for longer periods of time [82]. As expected, through different

regions of the city, it’s possible to determine high-activity places by understanding where

mobile traffic is mostly consumed, with a correlation between traffic consumption and the

nature of the environment [36]. Indeed, it’s possible to determine different neighborhoods

of cities just by studying their temporal profiles of mobile traffic consumption, where

researchers were able to determine five categories: residential, commercial, industrial,

parks, and others [20]. In general, the utilization of smartphones has been unlocking

interesting insights that can help guide urban planners and geographers in better

understanding the geographical limits of cities and urban environments, and how complex

those can be besides pure census lines [83]

Large-scale events and manifestations: While many studies go through general

environmental and land use identification, others may target more specific events across

space. With the rise in popularity and dissemination of smartphones and mobile network
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access through the population, their usage through urban environments had a significant

impact on how humans interact and record such events.

Due to the essential role of smartphones in how decentralized civilians can organize,

coordinate, and report in real-time large-scale protests, the study of their impact has

become an important multi-disciplinary topic. Studies of geo-located tweets across 16

countries during the Arab Spring protests show that rises in activity related to protests

on Twitter correlate with manifestations happening on the next day [84]. Indeed, the

analysis of social media platforms shows that those act as a facilitator for information

exchange and the organization of protests, even with the way information is disseminated

through them influencing the success/fail rate of the organization efforts [85] and serving

as a proxy do determine repression of the manifestation [86].

With this in mind, many works have explored the potential of observing and

characterizing large-scale events in cities through the lenses of smartphones and social

media, and how this data can be utilized to create models, and analytics and forecast those

events. The data collected by mobile operators can help detect such urban anomalies

and event attendance. Overall, it’s possible to determine the type of event users are

attending through measurements of mobile networks [87], or to utilize signaling data to

determine the adherence of mass manifestations [88], or even to determine how much

the attendance of family holidays is affected during conflicting times, such as during

elections [89]. Other types of disturbances can also be detected through data, such as the

prediction of transit congestion [90] and road accidents [91]. For more information about

the different types of data utilized and models for urban anomaly detection, the following

survey is recommended [92].

Still, the majority of works presented within the characterization of manifestations

focus usually on single applications (especially Twitter), and may not be fully exploring

the complex ecosystem of applications that can be unlocked through per-app mobile

traffic. This will be addressed with a contribution presented in Section 6.3, which will

give a full characterization of the spatiotemporal sensing of protests and the preferences

of mobile applications during it.

Characterization of parks and green spaces within cities: The data generated

by mobile networks can also help identify usages of very specific spaces within the cities.

For example, it was possible to assess park accessibility and activity information on those

spaces in Shanghai utilizing mobile phone data to assess geographic and activity-based

inequalities [93]. Spatial disparities in park visit flow and duration were also observed,

allowing parks to be classified based on environmental factors and facilities [94].

Furthermore, other works have employed mobile phone data to improve estimations

of park catchment areas, revealing variations in park usage based on park size and

visitor spatial patterns [95]. It was also possible to evaluate seasonal variations in park

visitation and the correlation between visiting patterns and park attributes, highlighting
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the influence of seasonality and park features on visitor volume and accessibility [96].

Lastly, park access for the elderly in Beijing was estimated by analyzing the impact of

socioeconomic status on park accessibility [97].

These studies collectively enhance the understanding of park usage patterns, mobile

internet consumption, and the socioeconomic dimensions influencing these behaviors. But

still, the majority of them utilize either GPS data or signaling events from the network.

A gap is addressed within Section 5.2 where a full characterization of parks will be made

based on how they may influence the patterns of traffic consumption, going deep into how

categories of applications may be consumed differently in those spaces and how this can

be influenced by the type of features a park has.

2.2.3. Epidemics

General epidemics and extraordinary events: By extracting the mobility aspect

of users through their connectivity within the network, it’s possible to collect passively

the movement and migration patterns of large populations, which is a great resource

when studying epidemics and how diseases spread. For example, the use of mobile phone

data in cooperation with traditional census surveys can help improve calibration and

precision of general epidemic models [98], or in certain specific diseases models, such as

Dengue [99]. It also enables better fine-grained simulations of the stochastic simulation

of disease diffusion, such as Ebola [100], or understanding the hubs of Malaria [101].

Another possible usage of the signaling events in the network is for understanding the

effectiveness of spatial-based mitigation strategies of diseases [102], as well as to describe

recurrent mobility patterns which are useful for spatial epidemic models [103].

Besides epidemics, data collected from mobile networks can also help understand how

disasters affect populations and how their recovery occurs [104], as well as to provide

preemptive resources for government preparations for earthquakes [105]. More details

about how data from mobile phones can be leveraged to understand disaster events, such

as natural hazards and epidemics can be extensively seen in the following survey [106].

Impacts of COVID-19 from the perspective of mobile networks: In the past

few years, one the most important usages of this type of data was in the studies that

analyzed the impact of the COVID-19 pandemic on internet traffic, at different levels

across the network, and also as a proxy to understand the impact and effectiveness of

restriction measures imposed by governments.

At ISPs located in Central Europe, traffic increased by 15% to 20% during the initial

2020 lockdown, with much higher growth than in a typical year. Such dynamics can be

ascribed to the restrictions mandated by governments, resulting also in dynamic changes

in weekday patterns that started looking similar to those in weekends [107], [108]. Similar

trends occurred in large ISPs in the United States, with an increase from 30% to 60% of

peak traffic rates during the first quarter of 2020 [109]. Not only operators, but companies
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that provide online services also noted significant traffic changes; for instance, Facebook

initially observed short periods of sharp increase in their edge network traffic, with a

subsequent steady increase of load; they also reported user behavior variations, such as

an increase of interest in live streaming services [110]. The sharp traffic changes due to

new user behaviors have been also seen at smaller scales: a 90% reduction in downlink

traffic was recorded in the university network traffic, due to the classes becoming remote;

at the same time, uploads grew due to the much more frequent usage of locally-hosted

online teaching platforms [111]. The pandemic also impacted latency on the Internet,

with delay values 3 to 4 times higher than in 2019 [112].

When looking at the specific context of mobile networks, the overall trend is different:

restrictions in the UK resulted in a decrease of 24% in downlink mobile data traffic

over the whole country. The changes were sharper across cosmopolitan areas, which

experienced a 50% mobile data traffic decrease, while rural areas were more stable after

the lockdown [113]. A lot of attention was in fact drawn by mobility measurements

based on mobile network metadata: notably, network metrics showed a steep decrease in

the population mobility over the whole UK during the first two weeks after the initial

movement restrictions, followed by a slight uniform increase afterward; also, city-level

analyses proved that people tended to move from the more dense metropolitan areas

to the urban outskirts just before the measures took place [113]. At a national level,

network mobility metrics showed a 65% decrease in displacements over France during the

first nationwide lockdown, for both short- and long-range trips [114]. The phenomenon

started one week before the lockdown was enforced, and, also in this case, fluxes could be

observed leaving large conurbations towards more rural or touristic places. Restrictions

during the first French lockdown also disrupted rush-hour commuting patterns. The

study of trajectories through mobile network data also enabled tracking the effectiveness of

reopening schools during the pandemic in France [115]. It also allowed the understatement

of how socioeconomic status affected the mobility of populations during the pandemic,

allowing governments to better understand how equality and even their actions through

the population [116].

The vast majority of previous work analyses focused on the impact of the first lockdown

on network usage, and none investigated the later stages of the pandemic response, where

the enacted measures became more varied, and the population increasingly accustomed to

those. Also, most research has considered aggregate traffic volumes, typically in ISPs or

Internet Exchange Points (IXPs), possibly disaggregated into a few macroscopic service

categories; very limited attention has been paid to individual mobile services.

In light of these considerations, new insights on how the COVID-19 pandemic affected

the spatiotemporal consumption of hundreds of mobile apps in France were covered,

presenting that now all apps across the country were affected the same, with a significant

number of patterns appearing in relation to changes across both space and time [7]. Those
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will be seen in better detail throughout Section 6.1 (focusing on the impact nationwide)

and Section 6.2 (focusing on the impact inside major urban centers).

2.2.4. User and urban interactions

The study of mobile network data can also help leverage patterns in the interaction

between users and across populations, enabling researchers to have a different view from

such in-person interactions.

Early works have investigated the relation between where users make phone calls and

their locations [117], with the discovery that more than 90% of the users who called each

other share the same space (determined by the BS), even if their home locations are far

apart. This suggested that it’s possible to utilize telecommunications data as a way to

study face-to-face interactions. Similar studies utilizing similar data have also shown that

the number of contacts between users and the number of communication activities scale

with the population size of cities, highlighting a phenomenon about the interaction-based

spreading of diseases as cities get larger [118]. This leads to the conclusion that the

mobile network can be used as a sensor for identifying spatial and temporal changes in

everyday city activities [119] and how those individual activities can be clustered into

patterns [120], which has great applicability as cities get smarter.

The potential for mobile networks could even be expanded, with the supplement

of additional sources of data (e.g., bus and taxi GPS positioning) to create a real-

time platform that evaluates urban dynamics, which could provide insights about traffic

conditions and the movements of pedestrians through the city [121].

By estimating how users interact among themselves by observing their interactions

with their smartphones, it’s possible can be utilized to delineate the geographical regions

and redefine maps, as long as the spatial resolution of data is high enough [122]. This

becomes possible due to the possibility of utilizing smartphone data to determine profiles

with the urban fabric of cities [123]. Those results are not exclusive to urban environments:

the spatial distribution of mobile app consumption has the potential to be utilized

to determine the urbanization level of regions, highlighting the heterogeneity of users’

behavior across urban and rural spaces [25].

Finally, the understanding of users’ patterns of smartphone utilization and the

interaction amongst themselves can be even used to estimate the population of regions

solely utilizing the data collected from mobile networks, not only statically but even the

dynamic variations that urban centers see along the day from the migration patterns

between neighborhoods [124].
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2.3. Mobile data analysis for mobility research

As it was previously seen, data collected from mobile networks is an excellent proxy to

measure and understand how individuals are moving through space. Due to the sheer size

of the user base from MNOs, this can enable passively collecting insights into the mobility

of populations in the range of millions, at virtually no extra cost for the operator, a feat

which was hard (and expensive) to achieve before. This can be an interesting alternative

to other new sources of mobility data, such as GPS (which requires more care in relation

to users’ privacy), or as an alternative to classical mobility and transportation surveys.

Following the definition of [11] and the observed fields of Figure 2.1, a few subcategories

of studies using this source of data exist: 1) Human mobility studies, which focus on

comprehending the mobility of users across time and space; 2) Transportation studies,

which aim to comprehend the flow of roads and public transportation. This source of

data has been greatly used by many fields outside of networks and telecommunications,

such as urban planning, traffic engineering, sociology, and epidemiology. This subsection

will present a short look into important works on the sub-fields to help create the full

picture of the state-of-the-art, as mobility datasets are not the focus of this thesis.

2.3.1. Human mobility

These works set their goal of understanding how users move and travel within the

space covered by mobile networks. This can be done by studying signaling events in the

network (an essential and frequent exchange of information between devices and BSs) or

by handover information (whenever a user is passed from one BS to another, usually due

to their movement and to optimize the coverage), which can be utilized to geo-localize the

trajectories of users, as well as estimate their home, work and other key travel locations,

providing an important proxy to understand movement of users of the network [125].

For example, the mechanisms of urban mobility have been studied utilizing the

temporal and spatial trajectories of the network, unraveling networks of mobility across

populations [126]. Mobility datasets can be specifically used to generate Origin-

Destination (OD) matrices [127], [128], one of the most important data sets for

understanding human movements. Those are usually collected through traditional surveys

but are usually very complex and time-intensive to obtain. Generating such sets from

signaling events can help create larger and more up-to-date sets, and validations have

shown good precision when compared to the traditional sets obtained from surveys [129].

As expected, in order to determine the origin of the OD matrices, an accurate

representation of the home location of users needs to be present, with a significant number

of algorithms being present in literature, with their evaluation being presented in [130].

The combination of mobile phone data with GPS data can also help uncover previously

unseen behaviors in models of human mobility in relation to the distances traveled
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by individuals [131] and to better detect land use [132]. It can also help understand

intra-urban variations of vehicular and non-vehicular mobility [133], measure traffic

congestion [134], and even identify accidents on the road [91]. Human mobility measured

from smartphone activity can also be related to socioeconomic indicators, providing

an interesting perspective for studies interested in diversities of mobility across the

heterogeneity income levels of societies [135], [136].

As expected, the generation of those mobility datasets will have limitations [137], have

their biases and may necessitate special techniques when the collection may be sparse or

contain missing values [138]–[140], the needed attention about the temporal sampling

frequency [141], differentiating stationary to moving users [142], as well as the necessity

to preserve user privacy when performing the processing of those collections [143], [144].

When deciding whether mobility data from mobile networks in place of classical surveys,

it’s important that researchers take those limitations into account to be sure they’re

utilizing the data correctly without generating false assumptions. Overall, the usage of

mobile network data can help train the future of models for human mobility, where more

details about potentials and future directions can be seen on the survey [145]

2.3.2. Transportation systems

Besides the comprehension of how users and populations are moving throughout

the geographical space, mobility datasets originating from MNOs can help validate and

improve studies in the area of transportation.

Early examples come from the evaluation of this source of data versus GPS: for

example, two separate works have concluded that the estimation of travel times using

MNO data had an error within 5% to 15% of those collected from measurements with

sensors on the streets [146], [147]. Another measurement possible with MNO data is to

estimate travel times and traffic congestion on the roads [91], [148]. The data can also be

useful to estimate the volumes of road traffic [149].

Besides traditional road traffic, mobile network data can also help to study data

collected from multi-modal means of transportation (e.g., foot, bicycles, buses, cars).

This could be done by estimating the velocity within users are switching BSs through

the network [146], [148], [150], or by simply comparing against times measured by

researchers [151] or modes which have their movement times well known [152].

Finally, those mobility datasets can also help urban planners in designing better

transportation systems. For example, this data can be used to help tune the parameters of

road traffic generators [153] or to better understand the performance of bus routes [154],

[155], leading to adaptations that better suit its users.
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mobile network data

To ensure the quality of data used in research, it is important to select the best type of

data available from mobile networks, perform accurate measurements and collection, and

handle data processing and analysis effectively. This involves understanding and applying

key concepts and techniques throughout the process.

Throughout this Chapter, the main materials and methodologies used throughout

the contributions of this thesis will be presented. This Chapter is structured as follows:

Section 3.1 will give a brief overview of the structure of the architecture of mobile networks;

Section 3.2 will present the main types of data that can be collected over those networks

by MNOs; Section 3.3 will explain how measurements initial processing are done, based

on the deployment of the operator where the data utilized in this thesis was collected;

Section 3.4 will go through the problem of distinguishing 5G NSA sessions from 4G

sessions when measured at the network core; Section 3.5 will have an overview of the

general tools utilized for data processing, especially focusing on the privacy side of the

collection; finally, Section 3.6 will go over considerations needed when processing data in

relation to spatial units.

3.1. An overview of mobile networks

Mobile networks are composed of two main structures, as observed in Figure 3.1: the

Radio Access Network (RAN), which serves as the wireless access link between each user

and the MNO, and the Core Network (CN), which will manage and process all tasks

required by users, such as calls and IP tasks.

The RAN will be the access point of the network, composed of all BS available,

which will cover all the geographical areas where the MNO provides its services. Devices

will be communicating with said BSs in order to establish valid connections, according

to the best BS that can both provide a good signal to the device and have enough

space available (both in relation to computational and radio resources). Whenever a user

exits the coverage area of a given BS, the network will perform a handover operation,

27
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Figure 3.1. Simplified 4G and 5G NSA mobile network architecture illustrating the combined
RAN and gateway data collection setup used by the MNO.

assigning a new BS that better covers the user according to their new spatial position.

This task is handled by location updates that each device is required to send to the mobile

network, even if no communications are being made at the time, in order to guarantee

coverage at any instant the user may request an operation. Each BS may be composed of

multiple antennas, which can provide access to different coverage areas (being directional

antennas), or access through different radio frequencies available to the MNO (in order

to optimize the allocation of radio resources).

The CN side of the mobile networks will be the part connecting the access layer to any

external network. It will be performing the switching tasks, connecting the devices to their

desired end-points, and handling all the packets exchanged between them. Throughout

generations, the core of the network has seen significant changes, specifically in order to

accommodate new services made available by MNOs.

As expected, inserting probes in different parts of the network may lead to different

data being collected. For example, a probe at the Radio Network Controller (RNC) will

be connected to the RAN side of the network, and able to collect any signaling events

within the Radio Resource Control (RRC), at each BS with a fine granularity and collect

statistics about them. Similarly, probes at the Mobile Switching Center (MSC) also

collect signaling events, but on the CN side of the network. Mobility-related data sets

are usually collected from one of those two probes, as the fine temporal granularity of

signaling events offers a good proxy for the location and movement of users. In another

direction, a probe at the Gateway GPRS Support Node (GGSN) or Packet Data Network

Gateway (PGW) will be in the CN and used to collect statistics about IP-level traffic

flowing through the network, being the common probe utilized to collect per-application

session traffic. This is the type of probe used for the majority of the collections used for

the contributions of this paper, and its details will be discussed in Section 3.3.1.
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3.2. Data collected from mobile networks and devices

The term Smartphone data is loosely used for quite a few different types of sets that

could be collected, according to where in the network this collection is done (or even

outside of it), and which information is being collected. Due to these distinct origins,

the information contained in each of those greatly varies, leading to their utilization for

different fields and research questions. Since there’s a usual misunderstanding on what

can be smartphone data, this Section will address the possible types of sets that can be

generated by smartphones, and what can be collected by MNOs.

3.2.1. Signaling data

A way to obtain the location and mobility of populations is to collect signaling events

from the network. Those can be an interesting way to collect location while respecting

individual users’ privacy, as signaling events have a straightforward aggregation over

spatial units (in contrast to traditional spatial noise techniques used with other location

sets, such as GPS).

Data sets containing signaling events are collected through the RNC probes located

at the RAN side of the network and will be recording passive events between the mobile

phone and the network, especially the ones about assigning which BS the phone should

utilize in case it requires services. They will have a lower granularity than GPS data,

bound by the density of the MNO deployment, as the position of the user will be

determined by the BS that they’re currently attached to or being handed over through

movements over space. Signaling data is mostly used to study a population’s mobility,

by processing it to create specific data sets such as OD matrices.

3.2.2. Call detail records

CDRs are one of the most common types collected through generations of RANs.

This type of data is obtained through the recording of events that exchange information

between any mobile phone and the network, e.g., telephone calls or text messages (SMS,

MMS). It’s possible to record statistics about those events, such as timestamp, call

duration, type of operation, and other technical information that could be used by the

operator for billing and study of users’ patterns. They could also be utilized as a proxy

for mobility, although due to their collection being on the CN side of the network, it’s

important to pay attention in relation to the biases they can have in calculating mobility

statistics [138]. More importantly, those records do not capture the activity of mobile

subscribers in terms of data traffic.

While interesting from a sociological perspective, calling and texting play an

increasingly diminishing role in current and future generations of RATs; not only have
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those sorts of communication services dropped in popularity, but even MNOs are shifting

them to traffic-oriented services, such as VoIP or current instant messaging applications

(WhatsApp, Telegram, Signal). Therefore, in the current age of network data mining,

CDRs are dropping in popularity since they’re not able to provide a view of hidden

structures in users’ dynamics, and more specifically, they do not allow observing patterns

of mobile traffic (the main product demanded by users through the MNO).

CDR datasets are slightly more common to be encounter as open data and through

challenges, but most of those sets are starting to become slightly depreciated through

their age and the aforementioned drop in popularity of native (and not IP-based) call

and text messaging services through MNOs. Examples are the Telecom Italia Big Data

Challenge [156], which amongst many sources, contained CDR data from the city of

Milan and the Province of Trentino, both in Italy; and the Orange Data for Development

Challenges [157], [158], which contained CDR records for both Ivory Coast and Senegal.

3.2.3. Traffic flows

Current-day collections have been favoring IP traffic flows instead of CDRs. As

mentioned, this is mainly due to the evolution of telecommunication technology standards

placing the majority of services inside IP protocols. Therefore, most of the data and

operations that an MNO sees are IP packets, leading the collection of traffic flows to be

the most common collection.

Usually, whenever a mobile application requests content through the mobile network,

the exchange of this content will be done in communication protocols, such as

Transmission Control Protocol (TCP) and User Datagram Protocol (UDP). The network

operator will be able to monitor those flows, extracting how much data was exchanged

from both the uplink and downlink direction, and the duration of those flows (which

could be used to estimate throughput). This sort of data will represent specifically traffic

consumption through the BS of the network, and has the unique ability of differentiating

traffic of specific mobile applications. In the current setting of networks, where operators

optimize slices of the network according to the content of data flowing, being able to

differentiate traffic flows becomes essential, and we can leverage this to also generate

datasets that analyze these specifics.

Unfortunately, this type of data is significantly harder to obtain, since it holds

quite sensitive information of the operators, making it harder to find openly released

sets. An example of public releases of mobile traffic data was the NetMob23 Challenge

Dataset [159], which contained the individual demand of 68 popular mobile services in 20

metropolitan areas in France, collected through the network of Orange.
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3.2.4. GPS data

Data from GPS is the only type of data to be mentioned in this Section that

although completely related to smartphones, cannot be collected by MNOs. Although

GPS systems of smartphones can use BSs to help triangulate locations, whenever the

satellite constellation is not fully available, its main collection points are the operators

of each of the Global Navigation Satellite System (GNSS). Examples here would be

the aforementioned GPS system1 (operated by the US), GLONASS (Russia), BDS

(China) and Galileo (EU). Therefore, although this data will represent the position of

smartphones, this is indeed data from satellite networks and not mobile networks.

GPS is used specifically for trajectory tracking and has significantly better spatial

granularity and precision than equivalent data obtained from MNOs. In order for it to

be collected, it would be necessary to either have access to records of global positioning

networks or have access to smartphones (through an installed application that can have

system permissions to track GPS data). Its granularity will be related to the granularity

in which the mobile phone updates its location (in relation to time) and can be as precise

as the GPS system on smartphones allows. It’s also not unusual to see GPS data being

used to validate spatial data collected from mobile networks or used together in order to

improve the measurements (as discussed in Section 2.3).

3.2.5. Other possible data sets

With mobile networks becoming smarter and operators collecting a higher volume of

data from their premises, a new age of mobile network data has been emerging. A few

examples of different datasets, not necessarily related to traffic and events are: Network

topology data, by recording the deployment of new antennas; Network coverage, which

observes the propagation of deployed antennas; and User authentication and connection

protocols, such as the Packet Data Protocol (PDP) and Remote Authentication Dial-In

User Service (RADIUS) authentication protocol. Other network metrics and statistics

can also be calculated through traffic flow analysis, such as the delay experienced by the

user and other packet-level statistics about the flows.

3.3. Mobile traffic measurements at MNOs

After understanding the usual data collected from mobile networks, the next step is to

better comprehend how these sets can be collected by MNOs. The results presented in this

thesis originate from the collection of traffic flows and their derivations. Also, matching

1This thesis will utilize GPS interchangeably with GNSS, as it’s a far more common acronym in
literature.
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traffic flows with signaling data plays an important role in improving the spatial quality

of these data sets.

Therefore, this next Section will give an overview of how the data used in this thesis

was collected, with an overview of the probes used, their location within the network, as

well as the implications according to the RAT they’re measuring. All mobile phone data

used in this thesis has been captured at the production network of Orange servicing the

metropolitan France territory, spanning multiple years and a significant range of RATs

(2G, 3G, 4G, and 5G NSA). The methodology to be described reflects the techniques

used by the MNO; as expected, much of the technology here is tailored to the specificity

of their infrastructure, so divergences could be expected in pipelines of other MNOs.

3.3.1. Mobile network measurement probes

Mobile network probes are the devices responsible for monitoring and registering the

data flowing through the core of the network. They are considered passive devices, i.e.,

they are not sending signals through the network and measuring statistics about how this

signal traversed the infrastructure (as it would be done in active measurements of the

network, i.e., measuring latency and throughput on speed tests). Instead, they’re simply

sensing the data that is requested by users through the uplink and downlink direction, as

well as any other metrics that are generated by the operator. Those passive probes are as

simple as servers connected to access points, i.e., a daemon process running on a UNIX

or Windows machine, attached to the network and observing flows.

The passive measurements probes employed by the operator essentially monitor the

Gi, SGi, and Gn interfaces that connect GGSNs and PGWs to external Public Data

Networks (PDN), gathering data about the traffic generated by mobile subscribers using

2G, 3G, and 4G connectivity. It’s interesting to note that due to different network cores

being utilized across 2G, 3G, and 4G, the probes utilized will also be physically different.

This means that by solely identifying the probes by which the CN is located, it’s possible

to distinguish traffic flows across those 3 RATs. But, in the case of 5G NSA RAN

technologies, as observed in Figure 3.1, the 5G gNodeBs coexist with 4G eNodeBs in

the RAN. This means the measurement of 4G and 5G NSA traffic comes from the

same probe with no distinction, leading to some slight complications to overcome when

later processing the collected traffic from the probes, which will be further detailed in

Section 3.4.

As observed in Figure 3.1, two complementary passive measurement systems are used

by the MNO to compose the two different datasets utilized:

1. RAN probes deployed at the S1-MME interfaces of the Mobility Management

Entity (MME) capture the signaling data. Due to the way the 5G NSA deployment

operates, these probes can monitor the control planes of both eNodeBs and
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gNodeBs. Signaling data is employed to geo-reference and time-stamp the session

information. Specifically, the probes observe all signaling events generated by each

User Equipment (UE), e.g., when it requests a service, exchanges data, performs

handovers or moves across Tracking Areas (TA) and records the BS of attachment.

By leveraging this information, it’s possible to associate each UE (and the sessions

it generates) with its serving BS at all times.

2. Gateway probes tapping at the SGi interface of the PGW monitor all IP traffic and

extract information on each transport-layer session, extracting the aforementioned

traffic flows. These probes record the total data traffic generated by the session, its

start and end times, and the associated mobile service.

The measurement approach above allows for overcoming inherent limitations in the

precision of the localization information available in the core network. Indeed, the

UE location identifiers available at the PGW are updated infrequently, leading to stale

positions and localization errors in the order of kilometers [160], [161]. Relying on the

locations recorded by the gateway probes would thus jeopardize the capability to geo-

reference session-level data at the granularity of the individual BS in a reliable manner.

To overcome this problem, the UE and time information gathered by the gateway probes

are crossed with the signaling data of the RAN probes so as to retrieve the BS(s) where

each session occurs and assign the correct (fraction of) sessions to all BSs.

3.3.2. Identifying per application traffic flows

The app generating each IP session is identified by the MNO via a combination

of DPI and proprietary traffic classifiers, within the GGSN/PGW probes. The DPI

examines the headers at both network and transport layers to derive the per-flow mobile

service information. While the algorithms used for traffic classification are confidential,

the operator reports high accuracy in independent tests.

3.4. Identifying 5G NSA traffic flows

Although the collection methodology worked well for networks up until 4G (where both

the RAN and the CN were different for each RAT), a problem emerges when the target

network employs 4G and 5G NSA RAN. As depicted in Figure 3.1, in this configuration

5G gNodeBs coexist with 4G eNodeBs in the RAN and provide higher-capacity wireless

communication to 5G-capable UEs. Yet, the lack of a dedicated 5G CN in the NSA

deployment forces gNodeBs to depend on interactions with eNodeBs, via the X2 interface,

for control operations towards the 4G MME. Also, gNodeBs connect to 4G gateways via

a slightly modified S1-U interface for all data plane transmissions.
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While the previously mentioned merge of signaling RAN probes and Gateway probes

allowed a better localization of where the sessions were generated, it still does not allow

for the differentiation between 4G and 5G NSA flows. Traffic flows are measured at the

gateway probes, which is located at the CN and shared for both RANs for 5G NSA2. To

overcome this problem, a different type of information collected by the gateway probes

will have to be leveraged, which is the focus of this Section.

Consider a user connected to a mobile network during time interval ∆t, utilizing

multiple mobile applications in their smartphone. The traffic flow statistics of this user

were collected by a Gateway probe in the format seen in Table 3.1, accounting for the

number of bytes exchanged through the TCP and UDP communication protocols used by

each mobile application in ∆t at the BS the user was connected. Usually, to identify the

RAT of this traffic flow, it’s possible to match column loc_start with a secondary data

set provided by the MNO which says the RAT of the CN where that probe was. In the

case of 4G and 5G NSA, the CN is shared, therefore the traffic flow measurement is done

by the same probes and the differentiation cannot be done.

In order for the user to have started the communication exchange with the BS, a

previous event has occurred (and recorded by the gateway probes). This event is recorded

as sessions called by the operator as CNX sessions, which record the start and end of the

PDP context created after the RADIUS authentication. A simpler example of the type of

data collected by the gateway probe for CNX sessions is seen in Table 3.2. It’s important to

note that both the samples of Tables 3.1 and 3.2 are simplifications, with both representing

different network protocols occurring independently of each other. Those are recorded

by the same gateway probe and have more information attached but, for the following

example, only this information is necessary in order to understand how to flag either a

TCP/UDP flow recorded at the core of the network as 4G or 5G NSA.

3.4.1. The PDP context and RADIUS authentication

Both the PDP context and RADIUS fit over the other types of data that could

be collected from the RAN communication procedure in Section 3.2.5. Some extra

clarification about them is needed to understand how they can be leveraged to differentiate

4G and 5G NSA flows.

The RADIUS is a user and server protocol that receives user connection requests,

authenticates the user, and then returns the information about the configuration necessary

for the client. Each entry corresponds to a user (identified by their msisdn connected to

a BS) for one RAT and one known location.

The PDP context will be a data structure present at the gateway node created after

the RADIUS authentication, with the so-called CNX session being the start and end of

2Which was the only 5G deployed by the operator in its production in France at the time of the
collections.
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Header Description Example values

msisdn Customer ID 3367955511

port_app Mobile application ID 66001

start_value TCP/UDP session start timestamp 1667884574

stop_value TCP/UDP session end timestamp 1667885115

byte_up Session bytes in uplink direction 45638

byte_dn Session bytes in downlink direction 163779

loc_start Start location information 8102f81001733d03

loc_end End location information 8102f81001733d03

Table 3.1. Example of a captured flow for either a TCP or UDP sessions at the gateway probes

the PDP context. This means, that whenever a user wants to exchange data with the

network, it must first attach to a BS, run the RADIUS authentication triggering then the

PDP context, where the network records all the necessary information about the user in

order to determine which type of connection will be made.

Along those records gathered by the gateway probe during the user authentication

(creating a CNX session), is a flag indicating whether both the user and the BS are 5G

NSA enabled. In case both are, it will be possible to have TCP/UDP flows using 5G RAT.

It’s important to note that the CNX session will record the entire duration ∆tCNX where

a user is connected to a certain BS. Inside this duration, multiple TCP/UDP sessions of

duration ∆tT CP or ∆tUDP can be initiated by any mobile application to exchange data

in any direction, as exemplified in Figure 3.2. Also important to note is that the CNX

connection is CN dependent: if a user switches from 3G to 4G, a new session is opened.

But, since 4G and 5G NSA share the same core, the CNX session is the same between

4G and 5G flows. Thankfully, the probe identifies 4G flows as primary RAT and 5G

NSA flows as secondary RAT, which means it’s possible to know if and exactly when a

connection of the user exchanged 5G data. Next, this process will be shown.

3.4.2. Merging TCP/UDP flows with the PDP context

As mentioned, whenever a user (identified by msisdn) requests connection to a base

station, the RADIUS authentication routine is run with the PDP context, and the

following is recorded as a CNX session following the format of Table 3.2. The information

about this CNX session will be recorded at the RAN probes when the connection between

the user and the BS is finalized (either due to timeout or by being handed over to another

BS). The information recorded, as seen in Table 3.2, is the customer identifier msisdn

the time interval ∆tCNX where the user was connected (represented by start_value

and end_value), the total bytes for each direction exchanged during the entirety of the
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Header Description Example values

msisdn Customer ID 3367955511

start_value PDP context start timestamp 1667884563

stop_value PDP context end timestamp 1667888204

byte_up Overall connection bytes in uplink 3105082

byte_dn
Overall connection bytes in
downlink

31887488

loc_start Start location information 8102f81001733d03

loc_end End location information 8102f81001733d0c

sec_rat_type RAT type information 1

sec_rat_start_ts
In case 5G, time where 5G
connection started

1667887716

sec_rat_stop_ts
In case 5G, time where 5G
connection ended

1667888137

sec_rat_byte_up
In case 5G, bytes exchanges in 5G
uplink

4049

sec_rat_byte_dn
In case 5G, bytes exchanges in 5G
downlink

1386760

Table 3.2. Example of a captured CNX session at the RAN probes

connection (byte_up and byte_dn), the BS where the session was initiated (loc_start)

and the next BS that the user was located (represented by loc_end). In the case where

the user was not handed over to another BS (e.g., due to a timeout), the value is the same

as loc_start. Most important is the sequence of columns representing statistics about

the secondary RAT usage, which will contain any information about 5G flows. Column

sec_rat_type will indicate whether both the device and the BS are 5G NSA enabled (1

if True, otherwise 0).

Looking solely at sec_rat_type is not enough to know if 5G flows happened.

Indeed, when analyzing the collections, it was noted that a significant number of

connections between users and BS could have been 5G, but the fields of 5G flow duration

(sec_rat_start_ts and sec_rat_stop_ts) and bytes exchanged (sec_rat_byte_up and

sec_rat_byte_dn) indicated 0. This means that even though 5G was available, for

some reason outside of the knowledge presented in the data, both the user and network

decided only 4G was needed for those flows. Therefore, in order to truly know whether

a user utilized 5G, either sec_rat_byte_up or sec_rat_byte_dn has to be above 0 (and

subsequently 5G duration ∆tCNX,5G will also be recorded by sec_rat_start_ts and

sec_rat_stop_ts).

Next, the process to merge the TCP/UDP sessions with the CNX sessions will be
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Figure 3.2. Example of a CNX session for a user in a BS, with all TCP/UDP that occurred
inside its interval. In case this CNX session was flagged as 5G NSA, all TCP/UDP sessions that
occur inside of it will be 5G.

described. A question may occur on why not use only the CNX session information,

not having to rely on TCP/UDP flows and adding an additional merge to the collection

pipeline. Unfortunately, the big downfall of the CNX session collection is that it contains

only total traffic statistics, with no discrimination of the mobile applications used.

Therefore for the type of analysis performed through this thesis, CNX sessions are not

enough and need to be merged with TCP/UDP to get per-app data.

Considering the set of CNX and TCP/UDP sessions, in order to flag which flows of

TCP/UDP were 5G enabled both datasets will be merged. Considering the sample data

structures of Tables 3.1 and 3.2, a left merge between TCP/UDP with CNX files is done,

with the following conditions all have to be respected in order to define a match:

1. The customer id msisdn is the same for both sets;

2. the start_value of TCP/UDP is higher or equal to the one of the CNX session;

3. the start_value of TCP/UDP has to be smaller than the stop_value of CNX;

4. the loc_start of both TCP/UDP and CNX have to be equal;

After the merge is done, the following set of rules has to be respected to declare that

a TCP/UDP flow was 5G:

1. sec_rat_type = 1

2. sec_rat_byte_up > 0 OR sec_rat_byte_dn > 0

Figure 3.2 helps visualize the temporal conditions: considering the represented CNX

session (orange) respects the previous conditions and represents a 5G NSA connection
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between user and network, all the TCP/UDP flows (in gray) that lay inside its interval

are considered to be 5G NSA. With this process done, it becomes possible to obtain a 5G

per-app data set, utilized throughout the rest of the following chapters.

3.5. Processing mobile network data and ensuring privacy

Following the merge of the datasets of Tables 3.1 and 3.2, it’s finally possible to obtain

a set that describes 5G NSA (and below) flows per application. But, the way the current

data is cannot be allowed to leave the premises of the operator. This next Section will

describe the operations done in order to allow the data collection and processing to be

approved by the Data Protection Officer (DPO) of the MNO, as well as authorized by the

relevant national privacy-protection agency, so it was possible to be utilized for research,

as well as tools and other processing steps done to allow the utilization of the large-scale

network measurements.

3.5.1. Ensuring user privacy

Considering the measurement and processing pipeline described so far, it’s important

to remark that all data so far mentioned here is still individual (i.e., user-level) transport-

layer level sessions that pass through the network core. After the collection by the probes,

all data is moved directly to a temporary storage infrastructure within a secure platform

at the operator’s own premises. All file crossing (e.g., merges) and aggregation are done

in memory without any intermediary results being permanently stored.

A set of filters is applied to the raw dataset before any aggregation is done. The

first filter will be to remove all roaming and Mobile Virtual Network Operator (MVNO)

users, as neither of those are officially clients of the MNO3. This will leave only the

operator’s customers who are informed of the possibility of such anonymous processing if

their contract is signed with the operator. Also, every record that concerns less than 6

customers present on the same BS in a given time period in the later aggregated dataset is

also filtered before being available to use. All operations are done complying with Article

89 of the GDPR guidelines [162].

3.5.2. Data aggregation

As it’s not feasible to utilize user-level data, i.e., study Instagram traffic generated

by a specific user, for the data to be released to researchers, an aggregation is needed

in both the spatial and temporal dimensions. Following the set of rules and filters of

Subsection 3.5.1, data will be aggregated at the BS level. This means that for a given

time interval (e.g., an hour), all the per-app data generated by the set of users connected

3Instead, they’re customers for other companies who pay to use the MNO structure.
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Header Description Example values

id_port Application ID 66001
loc_start Antenna ID 8102f81001733d03
sec_rat_type 5G identifier 1
timestamp UNIX timestamp bin 1667888204
byte_up Bytes in downlink 45638
byte_dn Bytes in uplink 163779

Table 3.3. Example of a TCP/UDP traffic flow dataset, with 5G traffic identified, which can
leave the secure premises of the operator and be utilized for research guaranteeing user privacy.

at a given BS at the selected time interval will be aggregated (e.g., via a Group By

function). Therefore, all will not refer anymore to a user, but to an area.

The user-level data described in Table 3.1 has its temporal granularity in seconds,

represented as a UNIX timestamp. Such temporal granularity do not follow the specific

guidelines of Subsection 3.5.1 and needs to be aggregated over time into a higher

granularity. The easiest way to perform this operation is to perform a floor division of the

UNIX timestamp by a given integer N and multiply the result again by N . For example,

in the case of a UNIX timestamp 1667888204 of Table 3.3 (07:16:44 of 08/11/2022 in

France), to change the granularity from 1-second to 1-hour, a N = 3600 can be used

to obtain new timestamp 1667887200 (07:00:00 of 08/11/2022 in France). The same

Group By operation done for spatial can be used here to aggregate over the higher coarse

temporal granularity.

With both the spatial and temporal aggregations done, the final dataset obtained

can be seen in Table 3.3. What this means is that for any given BS, it’s possible to

understand the temporal consumption of data generated by all users attached to it in the

time interval, for any given app. This dataset shall give spatiotemporal insights about

traffic consumption for all the use cases to be presented through this thesis.

3.5.3. Large-scale data processing

The collection of traffic consumption is a very resource-heavy operation. More

specifically, the storage consumption of the resulting data sets can be quite intense: one

day of per-app traffic through all antennas in France with 5-minute temporal granularity

is around 12GB when stored as a Parquet file (which already includes quite efficient

compression to reduce file size). Therefore, storing and processing months of data is not

a trivial task, and is difficult be execute in consumer-grade hardware. To solve this, a

combination of industry-oriented servers and tools needs to be used to process the data

in order to perform research.

An internal cluster of servers is used for all big data tasks performed throughout this

thesis. Two Dell EMC servers running Ubuntu 20.04 are utilized, interconnected by an
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Ethernet connection, and accessed externally through a VLAN. Those servers are used

for all data processing tasks (which are all CPU-oriented) and storage of data in use.

All other sets not in use are stored in a Network-attached Storage (NAS), which is also

connected to the servers through an Ethernet connection. In order to efficiently perform

all big data processing tasks in a distributed manner, the servers are set up as an Apache

Hadoop cluster. The idea of Hadoop is to facilitate the usage of a network of computers

to solve large-scale computational problems in a distributed manner. It will consist of

a storage module, known as Hadoop Distributed File System (HDFS), and a processing

part which splits files into blocks which are then distributed across nodes for processing in

parallel. This data split and processing parallelization allows the processing of large-scale

network data to be significantly faster.

Alongside Hadoop, the other main tool utilized is Apache Spark, which is an analytic

engine for the processing of large-scale data. It provided an interface for programming

the processing to be performed on the Hadoop clusters, allowing for parallelism. The

version of Spark used throughout this thesis is its Python variation PySpark. The idea

behind PySpark routines is to operate MapReduce operations, where the raw collected

data is filtered, processed, and therefore reduced in size in order to be later utilized for

more complex analysis.

3.5.4. Feature scaling

Another important technique that’s used throughout the contributions of this thesis

is feature scaling, which will be done to achieve a few critical goals during the analysis

and presentation:

First, the raw traffic values are very sensitive information for the network operator.

Therefore, even though analysis can be done with pure values, their presentation like this

is not possible to avoid disclosing private information. Therefore, feature scaling serves

the purpose of anonymize traffic values so they can be later presented, changing the

scale in which results are presented but keeping the overall volume patterns. Secondly,

feature scaling can serve a variety of purposes related to making comparisons fair, i.e.,

two antennas may have different volumes due to the sheer number of people present in

their coverage areas, but have the same usage patterns; feature scaling techniques a better

comparison of those antennas, especially when the data will be utilized in models (e.g.,

linear models for feature explanation, cluster analysis). Next, a more detailed exposition

will be done for a few techniques used.

Re-scaling - min-max normalization: Starting with the raw time series of the

traffic of a certain antenna n ∈ N in the mobile network, the full-time series is represented

by Tn and the traffic at instant t will be Tn(t). The min-max normalization will be:
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T ′
n(t) =

Tn(t) −min(Tn)

max(Tn) −min(Tn)
(3.1)

The result of this scaling is a shift in the range of values, from the original

[min(Tn,max(Tn)] to [0, 1]. This will hide the original scale of traffic and the traffic

distribution shape, but not interfere with the original patterns, being an ideal scaling

whenever differences in absolute volume want to be preserved for the analysis This is

valid for either per-app traffic or overall traffic aggregation dynamics.

Standardization - z-score normalization: This process can be done whenever

the focus of the analysis will be in patterns of the time series, and not absolute volumes.

Considering the same notation as before, the z-score of Tn(t) will be:

T ′
n(t) =

Tn(t) − µTn

σTn

(3.2)

where µTn and σTn are the mean and standard deviations of the full-time series Tn,

respectively. The result will be a new distribution of traffic where the data will have

µT ′

n
= 0 and σT ′

n
= 1. This allows a better focus on patterns of consumption, i.e., to

answer questions such as "two services have the same peak times of usage, independently

of their overall volumes of traffic?". This technique is also valid for either per-app traffic

or overall traffic aggregation dynamics.

3.5.5. Quantifying the importance of mobile applications

In order to quantify which types of applications are utilized more in any specific

space, a metric that’s capable of representing the diversity of each app’s mobile traffic

consumption across space is necessary. The most straightforward approach would be to

compare absolute volumes of traffic consumption of applications. But, this approach

faces problems due to the sheer differences in the magnitude of traffic consumption

different mobile applications have according to the type of content they’re related to, i.e.,

video streaming applications intrinsically consume more traffic than instant messaging

applications, no matter the locations where mobile traffic is being consumed. This not

only introduces a bias of volume to the analysis but also complicates further clustering

and modeling approaches. Also, there is volume bias according to where base stations

are located, i.e., locations in busy downtown areas tend to consume more traffic than

antennas in suburban and purely residential zones. This drives the need for a metric that

is independent of volume, which can reflect the changes in the importance of applications

across space.

An interesting solution is using the Revealed Comparative Advantage (RCA) [163]

metric, originally proposed in the field of econometrics to compare the relative

advantage/disadvantage of a sample inside one category, but can be successfully utilized
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in the analysis of mobile traffic across space [6], [79]. In this case, the RCA will define

the level of over or under-utilization of a certain mobile application at a specific base

station, in relation to the entire set of applications and base stations. Considering one

mobile application a that belongs to the set of applications A, and one base station v that

belongs to the set of base stations V , the RCA [∀a ∈ A,∀v ∈ V ] is defined as:

RCAa,v =
Ta,v/

∑

a′∈A Ta′v
∑

v′∈V Tav′/
∑

a′∈A,v′∈V Ta′v′

, (3.3)

, where Ta,v is the traffic recorded for service a at antenna v,
∑

a′∈a T
′
av, refers to the

traffic recorded by all services of set A at antenna v,
∑

v′∈V Tav
′ refers to the traffic of

app a recorded across all antennas of set A and
∑

a′∈A,v′∈V Ta′v′ refers to the total traffic

of the network, across all apps and antennas, during the studied period.

Values of RCA above/below 1 indicate that a base station has more/less consumption

of a certain mobile application than other base stations of the network. A small problem

is that while the lower boundary of RCA is 0 the upper boundary is ∞, which can

highly unbalance the distribution of RCA values and result in problems in clustering

algorithms [164], [165]. To overcome this, a solution is to utilize the Revealed Symmetric

Comparative Advantage (RSCA) [164], defined as:

RSCAa,v =
RCAa,v − 1

RCAa,v + 1
, (3.4)

which results in bounded values in the interval [−1, 1], with values above/below 0 meaning

over/under utilization. This results in a distribution of RSCA values with no long tail.

3.6. Spatial resolution of mobile network measurements

After collecting the traffic flows over a period, a critical step becomes identifying the

locations where the traffic demands were distributed across space. To ensure precision,

especially in social and land use studies, the correct designation of traffic over space is

a critical operation in the data processing pipeline. This Section will go through a few

common techniques employed to ensure the correct assignment of spatial traffic demands.

3.6.1. Matching traffic flows with antenna deployment data

The matching of traffic flows with antennas can be done through internal data provided

by the network about the topology of their deployment. A simplified example of such a set

can be seen in Table 3.4, where the merge between this and the set presented in Table 3.3,

through the loc_start field, allows the spatial localization of flows.

Besides the Antenna ID field, a few unique values are presented here, which can further

assist in not only understanding the space where the network is but also a few technical
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Header Description Example values

loc_start Antenna ID 8102f81001733d03
lon Longitude 0.42

lat Latitude 43.1

nom_site Internal name of the BS of PARIS_METRO

nom_cell Internal name of the antenna PARIS_METRO_120

type Technology ENODEB_CELL

azimuth Azimuth angle 120
class Cell type MACRO

type_coverage Coverage type OUTDOOR

Table 3.4. Example of the information about the antenna deployment, which can be used to
geolocalize traffic demands across cities.

aspects of the deployment. Field lon and lat present the Longitude and Latitude of each

BS, which nom_site representing the internal name of that BS and nom_cell the name

of the antenna. As expected, each BS may have multiple antennas attached to it, so it’s

important to understand this differentiation.

Next, a few technical aspects of each antenna are presented. Field type is related

to the RAT of each antenna. A BS may have antennas with multiple RATs connected.

In the example given, ENODEB_CELL means that this antenna is attached to an eNodeB

core (which could generate traffic from either 4G or 5G NSA, with the differentiation

between both techs presented in Section 3.4. Other values encountered are NODEB_CELL

and BTS_CELL, representing antennas attached to the 3G and 2G cores, respectively.

The next field is azimuth, which represents the direction of the antenna. Having

only latitude and longitude gives information about a single point in space, but most

deployments of the MNO are directional antennas, which radiate greater power to certain

directions (thus extending their better coverage area to that direction). In case a deployed

antenna is omnidirectional (i.e., a non-directional antenna), this value will be 0.

Another field present is class, which represents the type of access node of the

deployment. For example, macro cells (as the example on the table) tend to be antennas

with higher coverage and greater power, while micro cells (common in heterogeneous

deployments) will be antennas specialized in covering only certain locations (e.g., due to

shadows of macro cells coverage), with lower operational power.

The final field is type_coverage, which will tell the environment in which the antenna

is deployed. The geodesic system only tells where in the globe each antenna is located,

but this does not take into account built structures. Due to the mass popularization

of mobile phones and the problem of transmission signals penetrating certain buildings,

network operators are deploying more and more antennas inside indoor environments.

Therefore, this field will differentiate if an antenna is deployed outdoors or indoors.
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Figure 3.3. Example of Voronoi geometries (in green) generated by the 4G BS inside Paris (in
black).

3.6.2. The Voronoi tessellation

The propagation path of an antenna is a significantly complex subject, which takes into

account antenna type, power levels, antenna positioning, topography of the space, surface

types, and reflections. Usually, the MNO has propagation maps for their deployments,

but this information is not easily available and hard to utilize.

In order to have an estimation of a simplified propagation model of antennas, a

common approach has been the Voronoi tessellation [166]. Its objective is to subdivide

a 2-dimensional space into multiple sub-spaces, according to the nearest neighbors of a

given set of points. In the case of mobile networks, the space will be the representative

coordinate system of the area where the network is deployed (i.e., represented by

latitude and longitude coordinates), with the set of points representing the base stations.

Therefore, for any given user that is located inside the tessellation, the closest antenna

to that user will be the antenna that generates the polygon in which the user is located.

In denser deployments, such as the urban center of Paris seen in Figure 3.3, the size of

Voronois will be significantly small, allowing for a fine spatial granularity. As expected,

deployments in rural and less populated areas are significantly less dense, which indicates

that the limits of the spatial grow in those scenarios, limiting fine-grained analysis.

It’s actually not necessary to even leave urban centers to see the density of deployments

reducing: in the example of Paris in Figure 3.3, it’s possible to observe that the

deployments in the two main parks of the city (Bois de Boulogne and Bois de Vincennes,

located at the most western and eastern parts of the black contour, respectively) the area

of the Voronois significantly grow, since the operator does not deploy as many antennas

in those areas as it does inside the denser urban center.
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Traditional Shifted

Figure 3.4. Example of traditional (in red) and shifted (in green) Voronoi geometries and their
expected coverage in relation to the area of a park.

3.6.3. Leveraging the antenna azimuth to improve precision

As mentioned before, both the latitude and longitude values of Table 3.4 refer to the

location of the BS. Therefore, all antennas located in this deployment will share the same

coordinates, and result in the same Voronoi polygon for all. While this is not a problem

for coarser spatial analysis, it can become a problem in finer-grained analysis, i.e., trying

to determine the traffic produced in a highway or a park.

A trick that can be used to overcome this limitation and produce slightly more accurate

representations is to utilize the azimuth angle to guide the generation of the polygons.

This is possible because whenever an antenna is in a direction (i.e., has an azimuth

angle), it’s expected that its coverage will be better at a certain direction, which is not

fully reflected if this antenna is being represented by the Voronoi of the BS. This can

be done through the same process of generating Voronois, but with a slight change of

the coordinates of the antennas based on the direction of their azimuth. The resulting

differences can be observed in Figure 3.4, where the classical (left, in red) and shifted

(right, in green) voronois are shown. Here, the objective was to find the antennas with

the best exclusive coverage of the park area (in gray), i.e., the polygon overlaps as much

as possible the park polygon. The importance of this technique will be further explored

in Section 5.2, but the key point here is that those shifted Voronois result in a slightly

improved idea of antenna coverage, which is extremely useful when trying to isolate traffic

consumption in certain areas, especially in cases that require a fine spatial granularity.

3.6.4. Converting Voronoi geometries to other spatial units

The spatial granularity at the antenna level can be represented by Voronoi geometries

that roughly represent the coverage area of each antenna, with traffic uniformly

distributed over each geometry [167]. This may not be ideal for understanding intra-city
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Figure 3.5. Examples of the conversion of spatial resolution, from Voronoi (in orange) to IRIS
(in black), for different IRIS in central Paris. In this case, the % of the area of each Voronoi
overlapped will represent its traffic inside the IRIS, with the remaining area in orange not counted
as traffic for the selected IRIS.

dynamics, which are better represented by sub-municipal divisions called Islets Regrouped

for Statistical Information (IRIS), defined by France’s National Institute of Statistics and

Economic Studies (INSEE) to better reflect changes in urbanization, geography, and

demographics in sub-municipal statistics in France [168], acting similarly to US census

tracts. Metropolitan France is represented by over 49, 000 IRIS units.

Mobile traffic can be converted from Voronois to IRIS by calculating the intersection

ratio of the Voronoi geometry that represents the space covered by each antenna with the

set of IRIS geometries from each city. The traffic of IRIS i will be composed by the sum

of the traffic ratio of every Voronoi n ∈ N that intersects it, defined as:

Tx =
N
∑

n

rnTn (3.5)

where N is the total of Voronois that intersect IRIS i, rn is the area ratio of the intersection

of Voronoi n with IRIS i and Tv is the total traffic of the respective Voronoi.

This process is visualized on Figure 3.5 for 4 different IRIS located. As represented

by Equation 3.5, the traffic of each IRIS (full area in black) will be represented by the

sum of the traffic ratios of each Voronoi that overlaps with it, with the remaining traffic

of the Voronois (represented in orange) not accounted for that specific IRIS.

It’s interesting to note that this process is valid for any other geometry; the example

utilizes IRIS as this is the geometry used throughout the rest of the thesis. For example,

this same conversion could be done to calculate the traffic on a square grid (also seen in the

literature). This process could also be done to convert to other bigger-sized geometries,

such as city boundaries, in opposition to calculating the city traffic by just summing the

traffic of all antennas located inside the city. This is helpful when for example calculating

the traffic in cities in rural areas of countries, where the deployment is significantly less

dense and Voronois can be quite big, even spanning through multiple cities. It’s important

to remark that there’s a diminishing factor here: if the area to be converted is significantly

larger than the Voronois that intercepts it, differences in calculation vs. just adding the

traffic of antennas inside the geometry will reduce.
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technologies

Through the evolution of mobile networks, understanding how the users connected

to the MNO’s structure are utilizing newly deployed products is essential to assess the

performance of these new technologies, the changes in preferences of service consumption,

and any bottlenecks presented in the service that could be better addressed by the

operator. With large-scale collections of network data, it’s possible to obtain very early

insights in a passive manner, without relying on surveys or expensive market research,

which can aid researchers, engineers, and analysts in having a deeper understanding of

the needs of their customers throughout the roll-out of newly deployed products.

This chapter will explore how it’s possible to leverage measurements from production

networks to assess the early adoption of new technologies. It will be structured as

follows: Section 4.1 will contribute with a first-of-its-kind study about the adoption

of 5G throughout mainland France, focusing on how mobile services may have their

traffic consumption patterns affected, and how this can relate to space and socioeconomic

indicators of areas in the country. Section 4.2 will contribute with another first-of-its-kind

study on the adoption of indoor mobile networks, which are becoming a crucial point of

network deployments, and how traffic consumption patterns may differentiate themselves

from the ones usually observed in outdoor environments.

4.1. Characterizing 5G adoption and its impact on traffic

As the deployment of 5G networks is advancing globally, understanding the evolution,

performance, and impact on users of this new generation of cellular technology is critical.

However, due to industrial secrecy and competition in an aggressive market, operators

tend to publicly disclose minimum information about their planning strategies for 5G or

about the impact that the technology has on their users.

Market analyses by Ericsson [10] indicate that the adoption of 5G is well en route,

with a declared coverage of the world population that has reached 35%. In Western

Europe, which will be the focus of this study, that figure was already at 79% at the end

47
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of 2022. The improving coverage is in turn uplifting the adoption of the technology by

users. As a matter of fact, the total number of 5G subscriptions is projected to reach the

1.5 billion mark in 2023, with a growth of 500 million within the last 12 months, and a

twofold increase in the past two years.

While these figures are interesting, they only provide a high-level picture of the

adoption of the 5G technology. Many interesting questions related to whether and how the

availability of a higher-performance wireless technology is affecting the way subscribers

consume mobile traffic and services remain unanswered. For instance, there’s little clarity

on how the 5G technology is employed by users over space and time, and whether such

patterns differ from those observed for 4G; if 5G is changing the utilization of specific

mobile applications; or, whether there are specific portions of the population that are

adopting the technology faster than others.

This section provides an in-depth analysis of the utilization of 5G by the users of a

major mobile network operator, bringing forth a new understanding of the impact of 5G

on the spatial and temporal dynamics of both total traffic and service-level demands.

4.1.1. Data processing for the analysis of 5G deployments

This study is built on top of a 3-month collection period, between March of May 2023,

with a 5-min granularity. The collection follows the process described within Section 3.3,

and the identification of 5G NSA flows within the measurement of TCP and UDP sessions

follow the procedure described in Section 3.4.

The collected data is aggregated into BS-level, where each BS is expected to have a

certain coverage area. However, the analysis of this section will take into account the

area of cities and, within urban levels, the smallest urban unit present in France (IRIS).

Therefore, it’s necessary to perform an interpolation of data from BS-level to IRIS-level,

as described in Section 3.6.4. Considering that the coverage of each BS can be associated

with a Voronoi geometry, it’s possible to assign BS-level traffic to IRIS level.

With this done, the next step is to understand in which IRIS 5G coverage is well

established. More specifically, it’s essential to understand if each IRIS is well covered

by 5G antennas or if it may have a small number of antennas which are not covering a

significant portion of space. This is well illustrated by Figure 4.1b and 4.1c, which presents

how different IRIS can have significant diversity of 5G coverage, even though both have

5G antennas deployed in their area: the area of the IRIS in Figure 4.1c is almost entirely

covered by BS with only 4G deployed, with the 5G deployment having an extremely

short coverage; meanwhile, Figure 4.1b has most of its area well covered by antennas that

are deploying both technologies. Therefore, for the remainder of the analysis, it will be

important to focus only on the areas represented by the later example, while examples

similar to the first one shall be filtered out to improve the quality of results. The results

of this filter can be seen in a quantitative way in Figure 4.1a, which presents the number
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Figure 4.1. (a) Histogram of the 5G coverage across IRIS. Examples of IRIS that are covered
by (b) 4G only and (c) 4G and 5G.

of IRIS with a percentage of their surface covered by 5G-enabled sites. This histogram

has two clear peaks around 0% and 100%, meaning most areas in France are either not or

fully covered, meaning 5G is still far from pervasive in the country. Indeed, only 36% of

the IRIS have 5G covering more than 95% of its area (represented in red in Figure 4.1a).

Therefore, the rest of the study presented in this section will focus on the L=18, 014

(out of 48, 949) that have a complete 5G coverage, as those are expected to provide a

significantly good 5G coverage to the user base, driving better utilization and adoption

and leading to useful insights.

4.1.2. Overview of nationwide 5G adoption

This work starts by providing a high-level analysis of 5G adoption in France, exploring

the fraction of traffic 5G users currently generate, and how it varies in space and time.

4.1.2.1. How much traffic does 5G generate?

In order to quantify the incidence of 5G on mobile data usage, it will be employed

throughout the section the notion of 5G ratio, i.e., the fraction of broadband traffic

generated via the 5G technology. Formally, the 5G ratio measured at a given statistical

zone ℓ and over a time period t is defined as:

Rℓ
5G(t) =

vℓ
5G(t)

vℓ
4G(t) + vℓ

5G(t)
, (4.1)

where vℓ
⋆(t) is the volume of data traffic generated by technology ⋆. It’s interesting to

note that this analysis only considers 4G and 5G in the definition, since its interests are

in high-speed service capable of supporting modern applications, for which 4G and 5G
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Figure 4.2. Nationwide 5G ratio, R5G, computed on a hourly basis during the three-month
observation period. Linear trend in red.

are the two major competitor cellular technologies. In fact, 2G and 3G demands are

negligible in the context of the study, i.e., they contribute less than 0.5% of the overall

traffic in the studied urban areas, hence they do not affect the value of Rℓ
5G(t). Based

on (4.1), Rℓ
5G(t) = 0 if 5G demands are absent and the mobile traffic is only generated

by 4G devices, whereas Rℓ
5G(t) = 1 if 5G has already seized the whole user demand.

Figure 4.2 shows the evolution of the nationwide 5G ratio R5G(t) = 1/L ·∑ℓR
ℓ
5G(t),

at hourly time steps t and over the full data collection period. It’s possible to observe

that R5G(t) ranges typically between 0.10 and 0.18, i.e., 5G users are responsible for 10%

to 18% of the overall mobile data traffic served by the operator across the whole country.

The average value recorded over the three-month period is 0.1302, which can be used as

a high-level figure for the penetration of 5G demands: in other words, in geographical

regions where 5G service is available and well provisioned, 5G users typically generate

13% of the total mobile data traffic.

Interestingly, the average nationwide 5G adoption is not constant in time: it increases

from 12.7% on March 1 to 13.3% on May 31. The dashed red line in Figure 4.2 reports

the result of a linear fit on the data, which displays a clearly positive slope. Therefore, the

incidence of 5G demands is steadily growing within areas where the new RAT is present,

exposing how 5G is gaining momentum. While the trend is expected, from the fitting it’s

possible to quantify the effect and estimate a mean increment of 0.05 percent points per

week at a national scale.

Key insights. In areas of France where the 5G technology is pervasive, the 5G

demand accounts for around 13% of the overall mobile broadband traffic. According to

projections from the observed period, that percentage is growing at a pace of 2.4 points per

year. These figures indicate that the adoption of 5G is still at early stages in France, and

relatively slow in gaining 4G market shares.
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Figure 4.3. (a) Median week of 5G ratio in total traffic. (b) Median weeks of the traffic demands
separated by technology.

4.1.2.2. How is 5G traffic consumed over time?

Figure 4.2 shows that the 5G ratio of traffic aggregated over the whole country,

R5G(t), undergoes substantial fluctuations between different hours, which prompts a

deeper investigation of temporal patterns in 5G adoption. To this end, it’s possible

to look at median weeks, i.e., one-week time series that summarize in a compact way

the typical fluctuations of the target temporal phenomena, as the median value of each

hour of the week across all weeks in the dataset. Figure 4.3a depicts the median week

of R5G(t), and unveils a very clear daily periodicity: the fraction of mobile data traffic

contributed by 5G in the whole country has (i) a high peak overnight, between 22:00 and

7:00 (8:00 during weekends), (ii) a smaller second peak in the first part of the day, and

(iii) a drop in the afternoon until 22:00.

To ease the interpretation of the result, Figure 4.3b shows min-max normalized time

series of the median weeks of nationwide 4G and 5G traffic. It’s important to recall that

these time series refer to statistical zones where both technologies are pervasive, as per

Section 4.1.1, hence can be fairly compared. It’s possible to observe that 4G and 5G

traffic exhibit notably different time patterns. First, dynamics are similar throughout the

morning, which results in R5G(t) ∼ 0.13 in Figure 4.3a during that period: that is, 4G

and 5G users behave in a similar way in the first part of the day, and the 5G ratio is fairly

stable around its typical value recorded in Section 4.1.2.1. Second, patterns diverge in

the afternoon, as 5G demands drop while 4G traffic grows, which explains the decrease in

R5G(t) in the second part of the day. Third, as seen in the inset plot, the trend switches

from 22:00 through the night, as the 5G traffic curve has a less steep slope leading to

higher (relative) values overnight, with R5G(t) peaks that last until early in the morning.

Key insights. The incidence of 5G is not uniform over time, rather it follows a neat

circadian pattern with fluctuations that make the 5G incidence almost double within each

single day. The reason is that, quite surprisingly, 4G and 5G demands do not follow the

same temporal dynamics throughout the day. The reasons for this phenomenon will be

investigated in Subsection 4.1.4.2.
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Figure 4.4. (a) CDF of the overall 5G ratios over the total traffic across zones. (b) Breakdown
of CDFs across urbanization levels. (c) Distribution of the ratio of 5G traffic across multiple
cities. Boxes represent the range between the first and third quartiles, and encase the median line.
Whiskers represent the 5th and 95th percentiles, and fliers are outside this range. (d) Percentage
of 5G enabled antennas the considered urban areas.

4.1.2.3. Where is 5G traffic consumed?

All results presented before are aggregated over the whole country, yet 5G adoption

is not necessarily heterogeneous over the territory. Figure 4.4a shows the Probability

Density Function (PDF) and Cumulative Distribution Function (CDF) of the mean 5G

ratio computed at statistical zones ℓ, i.e., Rℓ
5G = 1/T ·∑tR

ℓ
5G(t), where T is the number of

hourly time steps t in the dataset. The distributions show how different zones experience

very different 5G traffic incidence, ranging all the way from zero in some zones up to 35%

in others. In particular, the PDF spotlights a clear peak of almost 10% of zones without

5G users. It’s important to recall that all zones considered enjoy pervasive 5G coverage,

hence RAT availability cannot be the root cause of the diverse adoption.

A great portion of the spatial diversity, including the peak at Rℓ
5G=0, is in fact ascribed

to the urbanization level of the region where the zone is located. Figure 4.4b breaks down

the Rℓ
5G CDF across urban, suburban and rural areas that are covered by 5G, and exposes

how lower incidence almost exclusively emerges in rural 5G deployments, where half of

the zones experience less than 5% 5G traffic; by contrast, no statistical zone in urban

areas has such a low 5G adoption. Similarly, the percentage of zones where 5G users

generate more than 10% of total traffic, i.e., Rℓ
5G>0.1, is just 10% in rural regions but

jumps to more than 80% of urban environments. It’s interesting to note that in France,

the distribution of IRIS per urbanization level is 64% rural, 21% suburban and 15% urban.
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In light of these observations, the focus of the analysis will be on the major

conurbations: the 15 largest metropolitan areas in France, which jointly include 35%

of the urban and suburban zones where 5G incidence is significant as per Figure 4.4b.

The 5G ratios Rℓ
5G recorded in all statistical zones of one city are summarized into a

single candlestick in Figure 4.4c: by juxtaposing the summaries of different cities, fairly

comparable 5G ratios are observed, with medians that indicate a typical 5G adoption well

above 10% in all cases, vary by 0.05 at most, and have a similar span of percentiles.

In fact, Figure 4.4c reveals how the spatial heterogeneity of 5G adoption is much larger

within cities than across them: the intervals between the 5th and 95th percentiles tend

to traverse 15 to 30 percent points in the 5G adoption across zones within a same city.

In other words, almost all the variety observed in the CDFs in Figure 4.4b can be found

within each single city. This adoption is also not related by a lack of coverage in those

areas, as Figure 4.4d shows that the vast majority of IRIS of the studied urban areas are

well covered by 5G-enabled BS.

Key insights. 5G adoption remains a prominently urban phenomenon to date in

France, with all major cities experiencing similar levels of incidence of 5G demands

on the total traffic. Yet, 5G usage becomes highly diverse among neighborhoods of

each conurbation. These intra-city spatial diversities will be investigated in detail in

Subsection 4.1.4.2.

4.1.3. A service-level perspective on 5G adoption

The introduction of a new RAT is a unique opportunity to explore if users of specific

mobile services are taking particular advantage of the more performing communication

technology. The next portion of this section will focus in how 5G adoption breaks down

across individual mobile services, and how it affects their behavior.

4.1.3.1. Is 5G adoption uniform across mobile services?

The first focus will be in whether the introduction of 5G has impacted the popularity of

services among users. Figure 4.5a shows a ranking of the first 100 mobile services, based

on the their 4G traffic volume (black line), with associated 5G volumes (green dots).

Both 4G and 5G service-level traffic volumes are normalized by the demand of the first

service in each technology. The quasi-linear curve over the logarithmic ordinate confirms

the well-known power-law behavior of service-level demands [34], [39], which are highly

skewed and encompass six orders of magnitude within the first 100 applications. More

interestingly, the 5G traffic dots are mostly well aligned along the 4G curve, indicating

that 5G does not bring any substantial change in the popularity ranking of services.

More interesting patterns emerge when considering the 5G ratio at a per services

level. Figure 4.5b shows the PDF and CDF of the nationwide time-averaged 5G ratio,
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Figure 4.5. (a) Ranking for the top 100 services by their total traffic volume, for 4G and 5G,
with values normalized per technology. (b) PDF and CDF of the 5G ratio across services. (c)
Ranking of mobile applications based on their 5G ratio.

i.e., R5G = 1/(LT ) · ∑ℓ

∑

tR
ℓ
5G(t), computed for each individual mobile service. The

distributions show that the incidence of 5G is very heterogeneous across applications: the

Gaussian-shaped PDF has an average around R5G=0.13 that reflects the overall 5G ratio

discussed in Section 4.1.2.1, but then spans all the way from services that have less than

5% 5G traffic to others than have almost 50% of their demand served by 5G already.

Figure 4.5c offers a more in-depth view on such a diversity, as a ranking of applications

based on their R5G value. Services are also associated to specific classes (i.e., colors), and

those that are highly platform-specific (e.g., Apple Music for iOS, or Google Play Store for

Android) are tagged with filled (iOS) or empty (Android) markers. Loose patterns can be

noted at the level of service classes, such as gaming, video streaming, and Cloud services

having a tendency to display higher 5G ratios, yet no strong conclusion. A more clear

correlation emerges between R5G and device types: iOS-specific applications consistently

appear at the top of the ranking (with an average R5G=0.18), while Android-based ones

are gathered at the bottom (with an average R5G=0.09). This suggests that Apple users

are well ahead of the 5G adoption curve, which aligns well with the fact that they tend

to be early technology adopters [169].
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Key insights. While the popularity of mobile services is not impacted by the

introduction of 5G, individual services do show very a diverse incidence of 5G in their

demands. This diversity is not strongly linked to the type of application, but the analysis

suggests that the penetration of 5G among Apple users is around twice that observed in

non-Apple users.

4.1.3.2. Does 5G affect the way services are consumed?

The analysis of 5G so far relies on the demand of traffic, understanding the impact

of 5G in mobile applications in relation to the usage volume. A different question could

be elaborated by understanding if the availability of 5G changes the way mobile apps are

being utilized by users.

The uplink-to-downlink (UL/DL) traffic ratio is proposed to represent the imbalance

between traffic from and to the mobile device, being a good indicator of behaviors for

how users interact with mobile applications [34]. Figure 4.6a presents the CDFs of the

UL/DL ratio for the top 100 apps for 4G and 5G. While the CDFs may look relatively

close between technologies, substantial differences emerge within a closer examination

(represented by the inset plots): the CDFs cross each other, leading to the belief that

5G entails a higher probability of very low UL/DL ratios (i.e., applications with large

download volumes, in the left inset) as well as a higher probability of high UL/DL ratios

(i.e., services with substantial uploads, in the right inset). For the second behavior, it

can be noted that only a single application has a UL/DL ratio higher than one in 4G,

whereas around 7% of services break that barrier in 5G.

To expand this new relation between uplink and downlink seen in 5G traffic, the

percent change of UL/DL ratio between 4G and 5G is computed. By denoting the UL/DL

ratios for service s in 4G and 5G as ρs
4G and ρs

5G, respectively, then the percent change

of s will be:

Cs =







100 ((ρs
5G/ρ

s
4G) − 1) if ρs

5G ≥ ρs
4G

−100 ((ρs
4G/ρ

s
5G) − 1) otherwise.

(4.2)

where positive values of Cs correspond to the increase of upload induced by 5G for s,

with negative values meaning an increase of download in 5G. As in the case, Cs=40%

means that the fraction of traffic of s due to upload grows by 40% in 5G with respect to

4G (leading to a reduction of the importance of download). Cs will be 0% if the UL/DL

ratio does not vary across technologies.

Figure 4.6b presents the top 100 services ranked by Cs and helps clarify that the

differences previously seen in Figure 4.6a between technologies are related to variations

due to specific services. It’s notable that a few mobile apps have an increase in upload

traffic in 5G (positive changes, left part of the figure), while others have an increase in
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(a)

(b)

Figure 4.6. (a) CDF of UL/DL ratio across services in 4G and 5G. (b) Percent change in the
UL/DL ratio from 4G to 5G.

download traffic in 5G (negative changes, right part of the figure). Those changes can be

quite drastic, with a quarter of the services having absolute changes above 50%, leading

to the conclusion that the availability of 5G coverage has a significant impact on the way

users consume mobile services. In some edge cases, services see a change above 100%,

indicating upload/download traffic more than doubled due to the newer RAT.

Finally, it’s interesting to see if those observed changes have any relation to the app

categories (represented by colors in Figure 4.6b). It’s possible to note that gamin, e-

mail, and cloud apps are the main ones with an increase in upload prevalence due to 5G,

while audio and video streaming lead to changes in download traffic. This could relate

to the nature of those categories: the availability of better 5G coverage with better-

expected performance than the previous 4G results in users who are more inclined to

exploit the capacities of those apps when using mobile networks, for both uplink and

downlink directions (a pattern that was usually reserved for Wi-Fi).

Key insights. Access to 5G networks leads to users interacting with mobile

applications differently; the improved capacity leads to users being more comfortable

pushing the limits and intensifying the usage of applications within mobile networks,

closing the gap with classical fixed Internet connections.
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(a) (b)

Figure 4.7. (a) Average Rs
5G(t) median weeks and (b) breakdown of composition across service

classes, for Clusters A and B.

4.1.4. Mobile services and spatiotemporal 5G usage

This study so far explored the diversity of 5G individually across time (i.e., over the

week) and space (i.e., over urban zones). However, the observed heterogeneity in these

dynamics can be traced to the spatiotemporal variations of individual services within 5G,

leading the next part of the study to explore those.

4.1.4.1. How do services contribute to 5G time dynamics?

The next step of this work starts with clustering the median week of 5G ratio

of each service s, in order to identify recurring patterns in the temporal relation of

5G consumption against 4G in mobile applications. A hierarchical clustering using

correlation distance is proposed across Rs
5G(t), with the following results: Cluster A has

a set of applications with the 5G ratio extremely correlated among them; Cluster B is

characterized by a set of apps that are basically not similar to Cluster A or even amongst

themselves. Figure 4.7a presents the median Rs
5G(t) of each of those clusters, where two

remarks can be noted: 1) during day-light active hours (7am-10pm) the dynamics of both

clusters are quite similar, aligning with the behavior previously mentioned in Figure 4.3a of

lower 5G incidence in the afternoon; 2) the temporal patterns of Rs
5G(t) diverge between

both clusters during night/evening hours, where applications within Cluster A show a

higher peak of 5G incidence.

Next, it will of interest to explore which applications are within each cluster.

Figure 4.7b presents those results. Cluster A is characterized by video streaming and

social network applications, which have a higher night incidence of 5G usage, while mail,

cloud, and gaming apps are more present in Cluster B and do not have this peak. Together

with the observations made previously on the temporal analysis, a few insights can be

made: 1) the fluctuations in Figure 4.3a during the active hours are related to application

categories, as the two predominant service temporal patterns in Figure 4.7a present the
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same dynamic of a higher 5G incidence in the morning that progressively diminishes in

the afternoon; 2) the peak during the evening in Figure 4.3a can be related to a subset

of mobile services, by observing the overlap of categories in Cluster A and in the right

of Figure 4.6b, which present applications with heavy download traffic which generates

higher demands in the network at all times, hiding the pattern of other services in the

total traffic plots.

Key insights. During daylight hours, the contributions of specific services to the

5G traffic demand are uniform; this changes during the evening, when services are split

between download heavy (which see a surge of 5G usage) and other work-related services

(which do not experience this surge).

4.1.4.2. Is there a spatial component to service-level 5G usage?

The final part of the analysis focuses on understanding if the service-level temporal

patterns have a spatial component (i.e., do different areas of the cities experience 5G

differently?). A choice is made to prioritize for this spatial analysis the services that are

present in Cluster A, as those had significantly different and interesting patterns overnight

in relation to the ratio of 5G traffic.

The median week of 5G ratio at each IRIS ℓ of the 15 major cities in France will be

calculated, for services only in Cluster A (denoted as SA). The 5G ratio for the whole

cluster A at each location ℓ and time step t will be computed, indicated by Rℓ,SA

5G (t), using

expression (4.1) on the total 4G and 5G traffic generated by all applications in SA. Then,

the hourly median of such values is calculated at each location ℓ during a week.

Within each city, these median weeks of each ℓ are clustered with a similar technique

of Section 4.1.4.1 (hierarchical clustering algorithm on the Euclidean distances between

the median weeks of Rℓ,SA

5G (t) for all locations ℓ of a same city). With those results, the

final set of clusters determined (by analyzing the Silhouette score) is 2 (which will be

from now on denoted as red and blue clusters, as represented by Figure 4.8). Observing

together with Figure 4.8d, which represents the average median week of both clusters

across all studied cities, it can be noted that the blue cluster has overall zones with lower

adoption of 5G and that those zones do not show the overnight peaks previously observed

in Figure 4.7a. Also, it can be noted that the red cluster has a higher adoption of 5G,

with the peaks of Rℓ,SA

5G (t) clearly visible. The maps also show that there are spatial

patterns across IRIS of each cluster, which indicates that there’s a spatial component to

these trends observed in the 5G adoption in France.

This leads to the question of identifying which factors could explain this diverse

adoption of 5G in urban spaces in France. For this, a number of features about the

socioeconomic status (SES) and land use that characterize each statistical zone in the 15

cities in the dataset are collected. Specifically, it will be explored SES metrics that capture

the educational level (e.g., fraction of the local population with a university degree),
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Figure 4.8. Maps of the blue and red clusters obtained from the clustering of Rℓ,SA

5G (t) across city
locations for (a) Lyon, (b) Bordeaux and (c) Grenoble; (d) Average median weeks (with standard
deviation) of Rℓ,SA

5G (t) across all cities, for the blue and red clusters.

economic status, (e.g., deciles of the distribution of income by the local population),

employment status (e.g., fraction of the local population with executive or intellectual

professions), and population status (e.g., fraction of the local population within multiple

given age ranges). It will also be considered land use statistics, such as the fraction of the

surface of each statistical zone that is covered by, e.g., residential or commercial buildings,

industrial infrastructures, religious or sports facilities.

A Random Forest (RF) is trained on such features, with the aim of predicting whether

a statistical zone belongs to the blue or red cluster based on SES and land use information.

The RF consists of 100 decision trees, each with a maximum node density of 100. The Gini

index is used to partition the nodes during construction, where each tree can consider

8 features at the time of partitioning. In addition, to avoid overfitting, a condition is

imposed that at least 10 samples must be considered for partitioning and that each leaf

node must contain at least 3 samples.

Overall, the provided features allow the RF model to determine with a mean 0.79 F1

score, i.e., a fairly high accuracy, the class of the statistical zone. In fact, when looking

at feature importance, in Figure 4.9, it can be noted that land use features are given a

negligible weight and essentially not used for classification. Therefore, it can be concluded
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Figure 4.9. Importance of the main features used by the RF classifier of the statistical zones
across blue and red clusters.

that SES is what primarily drives the temporal pattern in 5G adoption across the urban

regions, and in particular, allows explaining where the surge of 5G incidence overnight

that characterizes the statistical zones in the red cluster could be expected.

By analyzing the partial dependence of features used on the RF model, it can be seen

that on an aggregate level, the RF model tends to consistently classify low-income and

less-educated zones as red, i.e., to match them with the statistical zones marked by the

typical nighttime peaks in the 5G ratio. This correlation with social status above appears

to be consistent with the other features. A hypothesis could be laid that inhabitants

of neighborhoods that are less affluent could be taking advantage of the availability of

5G ‘dongles’, i.e., small modems that allow creating a Wi-Fi network exploiting the 5G

cellular connectivity, to get high-speed Internet access at home at a much lower cost than

with regular fiber. This would explain the overnight peaks, due to, e.g., high-quality

streaming or automated large file download activities that may characterize home usages

during the evening and later into the night. While speculative, this account would be

consistent with other effects, e.g., the fact that those same less rich areas record a higher

incidence of 5G traffic at all times (see Figure 4.7a), or that services use intensifies in a

home-like way with 5G (see Figure 4.6b).

Key insights. While the daylight 5G demand is uniform across time and space, the

higher demand of 5G during night hours can be linked to a set of services with higher

download traffic, which are consumed in specific neighborhoods of cities. An explanation

of those overnight peaks could be made with socioeconomic status indicators of those areas,

where it can be determined that significant consumption of 5G is when users are at home

and in less affluent urban areas in France.
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4.1.5. Main takeaways

This study was a first-of-its-kind analysis of 5G adoption and its impact on service

consumption, using large-scale measurements collected in an operational nationwide

mobile network. It takes an original network and service-oriented perspective on the

utilization of the 5G technology, which sets it apart from previous works that looked into

5G performance, mainly from the end user viewpoint.

As such, this approach unveils a number of interesting and partially unexpected

patterns in the incidence of 5G demands:

The adoption of 5G is still at relatively early stages in the target country, with

a low growth rate and consumption that is very strongly oriented in the main urban

areas, although with large discrepancies within cities;

The availability of high-speed 5G connectivity affects services and devices (e.g.,

iOS versus Android) in very diverse ways, and pushes users to consume applications

much more intensively, seemingly towards closing the gap with typical usages of fixed

Internet access;

The fraction of overall mobile traffic contributed by 5G is surprisingly not

constant in time, rather it shows a clear circadian rhythm with strong overnight

peaks, which are in fact generated by a subset of download-intensive applications

consumed in specific urban neighborhoods;

The regions generating the aforementioned peak and higher 5G incidence, in

general, are in fact characterized by lower education and income, suggesting that

the local population makes significant use of 5G ‘dongles’ as a replacement for the

more expensive fiber Internet access.

The main limitation of this study is that it focuses on one mobile network operator

and a specific country: hence, the results are not expected to generalize globally, but are

expected that they may hold for a substantial portion of Europe.

4.2. Characterizing the adoption of indoor mobile networks

Understanding the patterns of mobile network usage is a task been a task vastly

explored, as observed in Section 2.1. The insights gathered by those studied drive both

research within human activities, needs, and habits, but also inside mobile operators

by giving a better comprehension of how the user base is interacting with the network.

Interestingly, the majority of studies that exploit mobile traffic to characterize usage focus

on measurements collected in outdoor environments. This could be explained by cellular

networks historically being intended as a technology for mobile, outdoor users. However,
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this use case is not exclusive anymore, and forecasts by industry indicate 80% of the future

cellular data traffic will be generated in indoor environments [170]. As a result, 5G and

beyond systems are anticipated to align with the emerging need to serve indoor users [171]:

specifically, a number of major vendors and MNOs expect systems to transition from a

legacy “outside-in” coverage approach, where indoor coverage is provided by antennas

located outdoor, to the deployment of native Indoor Cellular Networks (ICN) [170],

[172]–[174]. ICN deployments will allow improving substantially the quality of service

for indoor UEs, and bring real competition to Wi-Fi technologies for the increasingly

remunerative indoor market.

The emergence of pervasive ICNs makes it important to comprehend how such

networks will be used. In this context, a considerable volume of research has focused on

methods related to the modeling of radio propagation in indoor environments [175]–[177],

the impact of the building layout on network performance [178]–[181] or the efficient

planning of ICNs [182]–[185]. However, the dynamics and distinguishing features of the

traffic data generated by in-building radio access network components have not been

studied yet. Unlike outdoor BSs that tend to observe a general-purpose use, i.e., serve

concurrently numerous subscribers engaged with diverse activities during different daily

endeavors, ICNs are expected to target more specific use cases. For instance, ICNs

are deployed in underground subway and train stations to compensate for the limited

coverage of the outdoor wireless network. Likewise, corporate offices are equipped with

indoor BSs to provide enhanced and reliable communications to support the work of their

employees [186], whilst their installation is necessary in exposition centers and stadiums

in order to accommodate the concentrated high-traffic demands intertwined with social

events. Therefore, the ICN traffic is reasonably influenced by the context in which it is

generated, which highly depends on the indoor environment type and, by extension, on

the kind of activities in which users are involved. Eventually, the traffic dynamics of ICNs

are expected to differ significantly from those of legacy communication system outdoor

BSs due to their target to such specific scenarios.

In recent years, no research study thoroughly explored the characteristics of the traffic

generated by ICNs. Unlike previous research in the field that focused on understanding

and predicting the dynamics of the macro BSs traffic [23], [27], [51]–[53], the work on this

section dwells upon the intrinsic particularities of indoor cellular traffic. In light of the

proliferation of indoor communication systems and the establishment of private networks,

the results of this analysis provide novel insights that may support an improved design

and operation of these networks, e.g., via resource allocation, network slicing, caching, or

energy adaptation schemes.
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4.2.1. Data processing for the analysis of indoor networks

The collection of the data used in this section follows a similar procedure described

in Section 3.3. After measurements were collected, the data was aggregated in one-

hour intervals for the purpose of this study, with traffic from uplink and downlink being

combined to utilize solely the total traffic consumed through both directions for each BS

and mobile service.

This study contains a total of 4762 ICN antennas installed at more than 1000 base

station sites, comprising different types of indoor environments through urban, suburban,

or rural locations, with the recording period being around two months, from November

21st 2022 to January 24th 2023. Interestingly, the vast majority of those antennas are

4G, as apparently 5G was scarcely used for ICN at this stage of technology deployment

in France. A total of 73 services are considered in this analysis, spanning a vast range of

categories (e.g., video streaming, productivity, transportation, social media, etc...)

4.2.2. Classifying behaviors of indoor network usage

In this initial step of the analysis, the methodology of the data analysis will be

presented, which should help uncover the dynamics of ICN traffic and unveil the distinct

patterns that reside in the data.

4.2.2.1. Quantifying the importance of mobile apps in ICNs

Considering the total traffic generated by each indoor BS, the traffic consumed over

the two-month studied period will be aggregated into a singular value, to build a TN×M

(of N indoor antennas by M mobile applications). The objective is to utilize this matrix to

understand how services may act similarly in those environments. However, one problem

to overcome when comparing the traffic of mobile services: differences in scale of mobile

services traffic consumption are vast, i.e., video streaming services inherently consume

more traffic than instant messaging. Indeed, clustering directly the aggregated traffic

masks the impact of services and just groups them based on sheer volume.

The proposed solution involves using the RCA metric, introduced in Section 3.5.5.

With it, it will be possible to quantify the degree of over and under-utilization of each

mobile service in respect of the others, and in relation to the full set of studied BS, without

having the bias induced by traffic volume. Going further, since this metric is intended to

be used in a clustering approach, a transformation is needed to avoid bias due to the shape

of the distribution given for the traditional RCA values (as mentioned in Section 3.5.5).

Therefore, the symmetric RSCA version will be utilized for this analysis, since it results

in a properly balanced distribution among entries. For the following clustering part of

this study in the impeding clustering analysis, the RSCA of each mobile service will be
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(a)

Figure 4.10. Silhouette score and Dunn index versus the number of clusters, serving as a stopping
criterion to select the optimal number of clusters.

used to build matrix TN×M , separating the data based on the utilization profile of the

M mobile services across the N distinct antennas.

4.2.2.2. Clustering patterns of mobile applications in ICNs

Since the initial goal of this analysis is to understand how mobile services are used

differently in indoor environments, after establishing a metric capable of representing the

behavior of each service M , the following step will be to cluster values of TN×M . Due to

its simplicity and efficacy, a hierarchical clustering algorithm is chosen for this task. More

precisely, it will be based on Ward’s criterion [187], using the Euclidean distance between

values. Due to the unsupervised nature of this algorithm, the ideal number of clusters

is not known a priory. To help guide this decision, both the Dunn Index and Silhouette

Score will be utilized.

After performing the clustering and the indexes analysis, as seen in Figure 4.10a,

two values can be noted to have steps in both scores (which indicate an ideal number of

clusters): k = 6 and k = 9. The second will be chosen, as it presents the highest step,

meaning that this would be the highest number of partitions that could be made on the

data before deteriorating cluster results.

To further understand the similarities between the 9 clusters, the dendrogram obtained

from the hierarchical clustering process can be observed in Figure 4.11. From it, and

considering that dissimilarity in terms of service usage is associated with distances

along the y-axis, three large and previously unobserved groups of clusters can be seen,

represented by the top blue connecting lines and color-coded deeper into the dendrogram

in the sub-clusters colored orange, green, and red.

The first larger group comprises clusters 0, 7, and 4 (orange group), the second clusters

5, 6, and 8 (green group), whilst the third includes clusters 3, 1, and 2 (red group); the

clusters found within the same group present a stronger similarity with each other. These
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Figure 4.11. Dendrogram illustrating the iterative merging of antennas into clusters as returned
by the hierarchical clustering algorithm run on SRCA features of individual antennas. Distance
thresholds for k = 6 and k = 9 are highlighted. Colors tell apart the 9 clusters identified by the
second threshold.

results reveal that if the choice was k = 6 instead of k = 9 for the number of clusters,

results would only consolidate the orange group into a single cluster, instead of diving it

into 3 sub-clusters, and merging clusters 6 and 8 at the second branch of the green group.

For the remaining of the analysis, the 9 obtained clusters will be treated together in groups

of 3, due to the resemblances seen. The goal will be to understand the differentiation of

a larger group of 3, and within each larger group of 3 the uniqueness of each minor group

inside it (that form the total 9).

Key insights. RSCA enables acquiring an unbiased representation of the mobile

service utilization at ICN antennas. Clustering the antennas based on their RSCA yields

9 distinct service usage clusters that can be aggregated into 3 larger groups. As expected,

clusters within the same group clearly demonstrate more similarities compared to clusters

in other groups.

4.2.3. Spatial patterns of indoor mobile network usage

Although the previous analysis allowed identifying groups of clusters that are closer

to each other, it does not delve into the feature importance of each cluster. Hence, an

intriguing question arises: which are the services that impact the clustering decision the

most, and consequently characterize each cluster? To answer this question, the spatial

patterns of mobile services inside each cluster will be explored next.

4.2.3.1. Relation of clusters with indoor environments

By analyzing the location where each indoor antenna is located, it’s possible to

understand what are the spatial dynamics of the clusters previously obtained and search

for patterns that could link them to those environments (i.e., do clusters gather specific

types of places). Since each BS has an internal name given by the network operator
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Environment Cases Nenv

Metro Underground railways in major cities 1794

Trains National and regional railway stations 434

Airports France’s major airways 187

Work spaces Corporate offices and Industrial Facilities 774

Commercial
centers

Malls 469

Stadiums Major sport event venus 451

Expo centers Corporate, cultural and music event venues 230

Hotels Accommodation units 28

Hospitals Healthcare units 53

Tunnels Highway and train tunnels 220

Table 4.1. Summary of Indoor environment types.

with may contain keywords (e.g., metro, tunnel, hospital), a text mining algorithm is

used to quickly find patterns of each BS among the clusters. From this text mining, a

group of indoor environments was created, as seen on Table 4.1, containing 11 categories

of indoor locations (along with the number of antennas contained in each category): (i)

metro stations, (ii) train stations, (iii) airports, (iv) workspaces, (v) commercial centers

and shopping stores, (vi) stadiums, (vii) expo centers, (viii) hotels, (ix) hospitals, (x)

tunnels, and (xi) public buildings.

The distribution of BS per indoor environment is unbalanced, as some locations are

more common than others across, e.g., there are more offices than hospitals. Therefore,

it’s expected that network operators deploy more indoor BS in specific locations according

to their presence inside cities. This imbalance in the data should not impact the analysis;

as it does not use a supervised learning approach (which necessitates extra attention in

the training of the model to account for the imbalanced classes), rather the problem is

solved through unsupervised learning, which do not face the same issue.

By using this environment information, it’s possible to associate classes of antennas

with their specific surrounding conditions. A logical next step is then to quantify the

type of indoor environments that reside within each cluster. A qualitative illustration of

the correlation between the detected clusters and the indoor environment type is shown

in the Sankey diagram of Figure 4.12, depicting how the samples of each cluster flow into

the environments of Table 4.1. As expected, there are big portions of certain clusters

flowing to the same environment types. For instance, metro and train stations are highly

present in the orange group, while stadiums are within one of the green group clusters.

Furthermore, it can be observed that the dominant flux towards workspaces originates

from cluster 3, whilst clusters 1 and 2 populate the remaining environments.

This flux between clusters and indoor environmental type is quantified in Figure 4.13,

which shows the percentages of each cluster in each environment type. Firstly, the orange
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Figure 4.12. Sankey diagram depicting how the clusters flow into different environment types.

group clusters, seen in Figure 4.13a, comprise solely metro and train stations. Since

this group represents antennas that serve users while commuting, the observed patterns

in mobile services consumption through the RSCA show that this group of BS mainly

utilizes music streaming services, navigation apps other entertainment-related services,

which is an expected behavior while traveling. Notably, for clusters 0 and 4 more than

92% of the antennas are located in Paris and its suburbs, contrary to cluster 7 which

consists solely of the Lille, Lyon, Rennes, and Toulouse metro antennas.

Another interesting pattern is within antennas of the green group, which are mainly

located in stadiums, as seen in Figure 4.13b. That justifies the higher RSCA values seen

for sports-related websites and the use of content-sharing applications, such as Twitter

and Snapchat via which one can upload photos and information relevant to sports events.

This behavior is more evident for the antennas in clusters 6 and 8, more than 75% of

which are in stadiums. Remarkably, cluster 6 includes stadiums outside Paris, while

approximately 60% of cluster 8 antennas are in Paris. On the other hand, stadiums

make up only 35% of cluster 5, which also includes other diverse types of environments,

such as expo centers, corporate offices, and commercial centers, equally distributed in

Paris and other cities. Apart from the expo centers though, the remaining categories

represent only a small fraction of their environment type, e.g., only approximately 5% of

the commercial centers and working environments belong to cluster 5. Hence, given that

cluster 5 is characterized by the under-utilization of most mobile services, it’s considered

to include antennas treating most of their Internet services equally, without demonstrating

any advantages compared to other antennas in the data set.

For the red group, the most apparent connection is observed for cluster 3. More

than 70% of cluster 3 antennas are workplaces, in particular corporate offices, which
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(a) Orange group

(b) Green group

(c) Red group

Figure 4.13. Types of indoor environments per cluster.
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clearly provokes a higher RSCA value for services such as Microsoft Teams, LinkedIn,

and emailing applications. Notably, in contrast with the offices, the small number of

industrial facilities included in the data set mostly occupies cluster 5. Expo centers also

assume a strong presence, with more than 50% of them belonging to cluster 3, likely due

to holding corporate events, conventions, and conferences.

While cluster 3 constitutes a single branch of the red group, clusters 1 and 2, which

belong to the other branch, host many commercial centers. In particular, cluster 2 hosts

50% of the commercial centers, most of the hotels and public buildings, as well as almost

all the hospitals. Notably, cluster 2 includes all the small retail shops of the network

operator, which clarifies its advantage in Google Play Store usage to download apps.

Cluster 1 is more diverse, and along with commercial centers, contains almost all

airport and tunnel antennas and a small percentage of all the available environment

types. Given the large variety of environments encountered in cluster 1 and the absence

of a dominant environment type, as well as due to the fact that it contains messaging,

streaming, and music services, it can be speculated that this serves as a general-use cluster.

It can be mentioned that while the antennas of cluster 1 are almost equally distributed

between Paris and other cities, at around 92% of the antennas of cluster 2 are found

outside Paris, and 70% of cluster 3 antennas are located in Paris and its suburbs.

Key insights. It was possible to showcase that the clusters obtained from the analysis

of mobile application usage within indoor environments were related to specific locations

within the cities. Antennas in the Orange group were mainly located within metro and

train stations, and had an over-utilization of music and navigation apps; meanwhile,

the Red group was mainly present within commercial and office areas of city and was

characterized by an over-utilization of work-related applications.

4.2.3.2. Comparison with Outdoor Antennas

From the previous analysis, it’s noted that ICN mobile traffic demands intrinsically

exhibit distinct patterns that highly depend on the type of indoor environment. A

natural question is whether these patterns are also present in the components of legacy

communication system radio access networks. In order to answer that, the traffic

generated by outdoor antennas found in proximity to the ICNs is probed from the data,

in order to repeat the analysis and understand if the behaviors seen are indeed unique to

indoor locations.

This portion of the study will assess whether the nature of the ICN strictly defines

and differentiates its service demands from that of close-by outdoor antennas, e.g., if

the service demands of the outdoor antennas nearby to corporate offices are drastically

disparate from the in-building ones. Hence, for each indoor antenna, all the outdoor

antennas found within a 1km radius will be considered, and a slight variation to the RCA

metric, seen in Section 3.5.5, is proposed as:
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Figure 4.14. Distribution among the identified clusters, for 22,000 outdoor antennas located in
close proximity of the ICN antennas considered in this study.

RCAouti,j
=
Touti,j

/Touti

Tinj
/Ttot,in

, (4.3)

where Touti,j
represents the traffic recorded for the j-th service at the i-th neighboring

outdoor BS, Touti
is the total traffic generated at the i-th outdoor BS for all the mobile

services, while the ratio Tinj
/Ttot,in expresses the level of utilization the of j-th service

over the entire indoor traffic. Then, the RSCAouti,j
for the outdoor antennas can be

computed following Equation 3.4.

It should be noticed that according to Equation 4.3, the RCA for the outdoor antennas

measures the level of utilization for a certain service in an outdoor antenna compared to

the level of the same service usage among all the indoor antennas. Indeed, rather than

studying the traffic observed at outdoor antennas per se, this will explore whether this

traffic is innately different compared to that generated in indoor environments.

With the RSCAouti,j
for all the neighboring outdoor antennas estimated, their cluster

can be inferred by feeding these values through a trained random forest classifier to

surrogate and generalize the unsupervised learning clustering results. The predicted

cluster distribution for approximately 20, 000 neighboring outdoor antennas is presented

in Figure 4.14. Evidently, the innate diversity encountered in the traffic demands of indoor

antennas is absent for outdoor antennas. Indeed, almost 70% of the outdoor antennas

appertains in cluster 1. That further corroborates the intuition that cluster 1 constitutes

a general-use cluster. More importantly, though, it becomes clear that the distinct traffic

behavior of workplaces, stadiums, metro, and train stations is now almost absent, as only

a negligible percentage of the outdoor antennas lies within the respective clusters.

Key Insights. The service demand observed in ICNs is absent from the neighboring

outdoor BSs, despite their close proximity. This behavior shows that ICN traffic is highly

environment-centric, whereas outdoor BSs accommodate general-purpose traffic.
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(a) Orange group, cluster 0. (b) Orange group, cluster 4. (c) Orange group, cluster 7.

(d) Green group, cluster 5. (e) Green group, cluster 6. (f) Green group, cluster 8.

(g) Red group, cluster 1. (h) Red group, cluster 2. (i) Red group, cluster 3.

Figure 4.15. Normalized median traffic heatmaps per hour for a period between 04/01/2023
and 24/01/2023. Each heatmap represents the median traffic of all antennas that belong to the
specified cluster at a specific hour and day, while the light gray dashed lines indicate weekends.

4.2.4. Temporal patterns of indoor mobile network usage

The next step in the analysis is to uncover the patterns that the ICN traffic exhibits

over time. As expected, one should observe different patterns for each cluster, as it has

been highlighted in previous research which focused though solely on the traffic recorded

at outdoor antennas [23], [27].

4.2.4.1. Temporal patterns of ICN clusters

To this end, Figure 4.15 provides heatmaps showing the evolution of the normalized

median traffic per hour across all the antennas belonging to the same cluster, between

04/01/2023 and 24/01/2023. It can be pointed out that there is a strong correlation

between the temporal patterns and the indoor environment type. Indeed, as can be seen

in Figure 4.15a to 4.15c, the orange group clusters, which are populated with metro and

train stations, demonstrate a traffic peak during the common weekly commuting hours

in France, i.e., 7.30 to 9.30 a.m. and 17.30 to 19.30 p.m. In the remaining hours of

the day the traffic volume is considerably smaller, while the same holds throughout the

weekends, e.g., the 7th and 8th, or the 14th and 15th of January. Remarkably, there is

another day with negligible traffic in the period under consideration; the 19th of January,

which corresponds to a national general strike day. The strike’s impact is not as severe

for cluster 7, which includes metro antennas found in cities other than Paris, presumably



72 User adoption of new mobile technologies

(a) Spotify, Orange group (b) Twitter, Orange group (c) Transportation websites, Orange
group

(d) Netflix, Green group (e) Waze, Green group (f) Snapchat, Green group

(g) Microsoft Teams, Red group (h) Netflix, Red group (i) Waze, Red group

Figure 4.16. Heatmaps of per hour normalized median traffic between 04/01/2023 and
24/01/2023, for the antennas of each cluster and for a selected set of services based on their
RSCA value. The light gray dashed lines indicate weekends.

due to the milder impact of the strike in these cities.

The green group clusters temporal patterns, presented in Figures 4.15d to 4.15f, are

characterized by sporadic, non-canonical bursts of data usage. Again, this is an expected

behavior for stadiums and convention centers, where unlike the other indoor environments

discussed, surges of mobile subscribers appear on the premises and generate traffic only

when events are taking place. For instance, in cluster 8 a traffic outbreak was observed

only on the evening of January 19th in a cross-Atlantic NBA special event conducted

at Accor Arena in Paris, while the continuous burst in cluster 5 between the 19th and

the 24th of January is a corollary of the 4-day Sirha Lyon event that took place at the

Eurexpo Lyon convention center. Another difference between the green group clusters is

that cluster 5 records a low volume of traffic throughout the entire day. Indeed, cluster 5

does not include only stadiums but other environments as well.

As depicted in Figures 4.15g to 4.15i, the red group clusters present a more vivid

and diurnal pattern compared to the other two groups, with the traffic being almost

evenly distributed from 10 a.m. to 8 p.m. Interestingly, clusters 1 and 2, which comprise

numerous commercial antennas, record traffic throughout the weekdays and weekends,

while cluster 3 consisting primarily of workspaces remains idle during weekends and after

working hours, i.e., 5.30 pm. That is a unique behavior that clearly differentiates cluster
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3 from the other two clusters. Delving further into the peculiarities of each cluster, cluster

2 yields a slight drop on Sundays, which can be attributed to the fact that it contains

smaller stores, e.g., the MNO agencies, which are not as active on those dates compared

to larger commercial stores and malls. A further difference between clusters 1 and 2, is

that the latter presents higher traffic during nighttime, likely due to the larger number of

hotels and hospitals which are more active during these hours.

4.2.4.2. Service-level temporal demands in indoor mobile networks

Finally, further insight can be gained by inspecting the temporal heatmaps for some

mobile services that assumed a key role in the cluster decision-making process. Hence, for

the orange group clusters, it selects Spotify, Twitter, and transport websites, depicting

their normalized median traffic as heatmaps in Figures 4.16a-4.16c. As it can be seen,

Spotify assumes a strong presence for the entire group, with alike motifs for all clusters,

demonstrating its traffic peaks during the morning commuting hours. On the other hand,

the usage of transport websites is scattered for cluster 7, while clusters 0 and 4 preserve a

more lively commuting hour pattern. Moreover, Twitter usage is comparatively mitigated

for cluster 4, since both clusters 0 and 7 present a persistent peak during morning or

evening commuting hours.

The traffic patterns of the green group clusters are what is expected from event-

oriented venues. For instance, Snapchat in Figure 4.16f presents traffic patterns

significantly similar to the ones seen for total traffic in Figure 4.15, indicating the

substantial usage of social media apps throughout these events. Likewise, in Figure 4.16e,

Waze which is used for driving navigation and obtaining live traffic maps and road alerts,

also shows an interesting traffic pattern. In particular, for these antennas, Waze assumes

its peak values a couple of hours after the peaks of total traffic, as well as those of social

media apps, which suggest the usage of vehicular navigation apps to guide the event

attendants back to their home destination. In addition, video streaming apps, such as

Netflix, fall into under-utilization in such venues, even on specific peak days and hours,

as can be seen in Figure 4.16d.

For the red group, three very characteristic applications are selected to highlight their

different utilization during day hours; Microsoft Teams, Netflix, and Waze. Microsoft

Teams, which is a work-oriented service, attains very small peak values for clusters 1

and 2 which are composed mostly of non-working environments. On the contrary, cluster

3 records heavy traffic over working hours, or even during the lunch break, since it is

populated with workspaces. Meanwhile, Netflix exhibits the opposite pattern, yielding a

stronger usage in daytime and nighttime for clusters 1 and 2, respectively, but only being

utilized during lunch hours for class 3. Again, cluster 2 includes most of the hotels where

guests use streaming services during nighttime, while in working environments the use of

streaming services is strictly limited during breaks. Finally, out of the red group clusters,
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Waze attains the highest importance and recorded traffic for cluster 1 which possesses the

biggest number of antennas located in tunnels. Furthermore, the Waze traffic peaks in

Cluster 1 occur mostly on Saturdays, whereas for Cluster 3 the heaviest traffic is recorded

on weekdays after office hours when the employees return to their residences.

Key insights. The clusters designated by this analysis demonstrate diverse

characteristics in the overall and per-application utilization patterns over time, which

can be ascribed to the type of indoor environments associated with each cluster. This

showcases interesting temporal patterns within the utilization of those indoor spaces, as

characterized by the preferred times of peak consumption.

4.2.5. Main takeaways

This analysis unveiled that ICN mobile service demands are site-specific and more

specialized than outdoor ones; therefore, ICN resource orchestration should not target

overall capacity, as in outdoor environments, but must take into account the most

important application usage per indoor environment. In a sense, it fosters adopting

a distinct network slicing dimension for indoor network resource planning, where the

indoor slices will be tuned based on the characterizing applications for that specific indoor

environment. Applications of such slicing could include adaptive power transmission

control or content caching according to the insights provided by this analysis.

The proliferation of ICNs and the increasing mobile service demands generated

by users in indoor environments call for an improved understanding of indoor traffic

characteristics. The study presented in this section constitutes a primer in this direction,

unveiling the unique behaviors that are intrinsic to the traffic generated by ICNs. Overall,

the major contributed takeaways are:

Hinging on a countrywide ICN Internet measurement traffic data set, an

appropriate transformation of the traffic data is defined enabling probing the

range of different Internet mobile service utilization profiles at indoor antennas.

Then, employing an unsupervised learning approach, it’s seen that distinct service

utilization clusters are inherent in indoor communication systems. This rich

and diverse behavior of Internet services has not been unveiled before, and as

demonstrated, does not align with that of outdoor legacy communication systems.

It’s exposed that there is a strong connection between the clusters individuated

by this analysis and the indoor environment type. In particular, the same mobile

applications manifest very heterogeneous behaviors between ICNs and outdoor BSs,

even for antennas in proximity, due to the determining influence of the environment

type on indoor user activities. This phenomenon has not been highlighted or

quantitatively analyzed before.
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It’s revealed that the total Internet traffic data as well as the traffic generated

by the individual applications exhibit different activity peaks and temporal patterns

in the various identified clusters. That paves the way for the proactive management

of ICN traffic by mobile traffic operators (MNOs).
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5 Relationships between urban
space and smartphone usage

The features of a city and how it spans the geographical space have great effects

on mobile traffic consumption: In the same way, people may act differently when they

are at home, at their office, at a shopping mall, having lunch in a park, or waiting at

a metro station, it can be expected that the way they interact with their smartphones

will also be greatly affected by those locations throughout the city. These differences in

mobile traffic consumption over space can be leveraged as a proxy to also help differentiate

and characterize the same locations, providing researchers from multiple fields with an

interesting view of the spatial dynamics of current cities.

As expected, the possibilities given by mobile data drive the need for tools that are

able to extract the patterns and profiles of utilization of mobile phones and be able to link

them directly with different spaces, as well as techniques that are able to isolate specific

sites within cities, so they can also be studied directly by the antennas that are providing

coverage for their area, as well as any and all spatial limitations that data collected over

BSs may have in regards to their precision.

This chapter will explore techniques capable of extracting information about

smartphone usage over space, which can be later utilized for the characterization of

said spaces based on both the temporal and spatial profiles of consumption. It will

be structured as follows: Section 5.1 will present a technique capable of decomposing

both temporal and spatial patterns of traffic consumption across two major cities in

France, and how it can be utilized to present both long-term and short-term profiles of

land utilization. Section 5.2 will significantly reduce the spatial granularity and focus

its efforts on techniques that can localize mobile traffic consumption within green spaces

within the city of Paris, and how the insights gained about the temporal and mobile

application usage patterns are related to the location and features of said green spaces.

77
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5.1. Spatiotemporal analysis of urban mobile data traffic

Mobile data traffic has been steadily surging over the past two decades, and forecasts

from major players in the telecommunication ecosystem anticipate that this trend has not

been exhausted yet. As a representative example, Ericsson indicates that global mobile

network data traffic is rapidly approaching 100 Exabytes per month, with a year-on-

year growth steady in the 40-50% range [188]. The phenomenon has spurred increased

interest in the precise dynamics of mobile data traffic consumption. Indeed, even at

relatively small scales, such as within single urban areas, the demand for mobile data is not

homogeneous; rather, it undergoes substantial fluctuations in time and space due to the

varying mobility and digital activities of the users. Characterizing these spatiotemporal

changes and understanding their root causes has important practical applications, as it

helps to establish new links between human endeavors, city fabrics, and the utilization of

mobile services, and can support more informed network infrastructure management.

Early efforts in the analysis of mobile data traffic have revealed important features

of its dynamics. For instance, the traffic generated by mobile subscribers is strongly

periodic [39] and geographically localized [189], which enables its effective prediction.

Also, social events can determine significant variations [190], with the consequent need

for dedicated resource management policies in mobile networks. Similarly, the bandwidth

consumed by individual subscribers is highly heterogeneous [167], yet it is captured

by a limited number of typical profiles [40], [41], [191], [192], which enables, e.g., the

informed tuning of traffic plans. Moreover, specific mobile services can generate traffic

patterns that are highly heterogeneous in time [34], while differences over space depend

on the considered geographical scale [25], [38], [193], hence calling for tailored resource

management strategies in network slicing environments.

Analyses of mobile traffic demand in the literature can be divided into two broad

categories [11], [12]. On the one hand, there are works that take a user perspective, and

study the behavior of individual subscribers in terms of their mobility, the traffic they

generate, and the mobile services they consume. On the other hand, there are studies that

take the viewpoint of a mobile network operator and investigate properties of the demand

aggregated over all users present in a given area, typically a cell sector or the coverage

region of a base station. In this second category, the study of mobile phone traffic data

has often supported transportation studies as a larger-scale and cost-efficient alternative

to travel surveys for, e.g., the understanding and modeling of travel demand at a regional

scale and its spatial classification [194], the identification of the most-traveled routes on a

road network [128], the analysis of travel demand between transportation hubs in urban

areas [195], and the reconstruction of travel mode for inter-city trips [196].

The work presented falls in the second category above. Despite previous efforts,

dependable tools are still lacking to explore complex relationships in mobile data traffic.
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In particular, while partial solutions have been proposed to detect either temporal or

spatial structures in traffic demands, little attention has been paid to the more challenging

concurrent inspection of both space and time dimensions. Development of a tool capable,

at the same time, of automatically segmenting an urban territory into homogeneous

areas and providing a temporal description of each identified area, could provide valuable

information for travel demand estimation, as well as macroscopic traffic modeling.

In this Section, an original methodology is presented for the spatiotemporal

classification of the mobile data traffic observed in operational networks, so as to fill

the gap above. The proposed solution builds upon Explanatory Factor Analysis (EFA), a

well-established data analysis instrument in psychology research. EFA aims at identifying,

in a fully automated way, latent factors that cause the dynamics observed in the data.

This is achieved by identifying the variables of interest in the data and describing their

covariance relationships in terms of the underlying and unobservable factors. EFA will

be tailored to the specific problem of identifying recurrent behaviors in the mobile data

traffic. The approach yields significant advantages over previous proposals:

Versatility in spatiotemporal analyses. The methodology represents a unified

approach to recognizing factors that are temporal or spatial in nature. Along

the time dimension, EFA can detect temporal structures in the network-wide

communication activity, revealing time periods that show a similar, stable spatial

distribution of the mobile traffic demand. On the spatial dimension, EFA identifies

hidden spatial structures, by automatically decomposing a target geographical area

into zones where mobile data traffic follows homogeneous time dynamics.

Unsupervised and probabilistic nature of the approach. EFA is a completely

unsupervised tool that produces probabilistic structures. This allows for overcoming

the limitations of methods previously employed for mobile traffic analysis, such

as clustering, which only produces deterministic temporal or spatial categories, or

supervised techniques that require labeled data.

Interpretability of results. The proposed methodology eases the exploration

of the root causes for the temporal and spatial structures above, by allowing an

automated extrapolation of the structures hidden in the respective dual dimensions.

In other words, EFA implicitly provides knowledge of the traffic geography that

characterizes each temporal structure, and of the precise traffic time series that

distinguish each spatial structure.

These advantages will be demonstrated throughout this Section with real-world mobile

data traffic collected in production networks serving two major cities in France. The

results highlight the vast range of unique temporal and spatial profiles that can be

obtained from mobile traffic data through the use of EFA, as well as the ability to identify
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short and long-term spatial structures and mixed land usage in cities. Ultimately, this

work opens interesting perspectives on the use of EFA as a dependable tool for the analysis

of complex hidden structures in mobile data traffic.

Relying on EFA allows for overcoming multiple limitations of previous methods.

First, while the previously mentioned works explored the temporal and spatial structures

of mobile traffic separately, EFA provides a unified framework that can be cast to

explore both dimensions. Second, it surpasses the strictness of clustering, and allows

for a probabilistic association of archetypal mobile traffic patterns to time periods or

geographical areas, allowing to appreciate dynamics that are overlooked by traditional

methods. Third, it outputs implicit information on the mobile traffic behaviors in space

(respectively, time) that tell apart and characterizes diverse periods (respectively, areas),

thus easing the explanation of results.

5.1.1. An introduction to Exploratory Factor Analysis

The approach proposed in this Section builds upon EFA techniques that root into

the work of Spearman, over a century ago [197]. Since those early studies, EFA has

emerged as one of the dominant classes of factor analysis, and has been widely employed

in statistical psychology research [198]. Earlier works have introduced factor analysis for

the study of mobile traffic data and, more generally, in the field of networking [27]. Only

recently, a similar approach has been used to detect network anomalies problems in a

campus Wi-Fi network [199], which is a different task than the proposed target, i.e., the

inference of spatiotemporal structures in mobile traffic.

Relying on EFA allows for overcoming multiple limitations of previous methods. First,

while all previous works explored the temporal and spatial structures of mobile traffic

separately, EFA provides a unified framework that can be cast to explore both dimensions.

Second, it surpasses the strictness of clustering, and allows for a probabilistic association

of archetypal mobile traffic patterns to time periods or geographical areas, allowing to

appreciate composite dynamics that are overlooked by traditional methods. Third, it

outputs implicit information on the mobile traffic behaviors in space (respectively, time)

that tell apart and characterizes diverse periods (respectively, areas), thus easing the

explanation of results.

It is also worth noticing that previous works have analyzed CDR that encompass voice

calls and text messages but do not capture the activity of mobile subscribers in terms of

data traffic. While interesting from a sociological perspective, calling and texting play an

increasingly diminishing role in network traffic, hence the results of many studies in the

literature hardly apply to modern networks. Instead, this analysis fully focuses on data

traffic collected in an operational 3G/4G network, and thus provides an up-to-date view on

hidden structures in today’s mobile traffic that can point towards a dynamic description

of human presence and, therefore, travel demand. In order to lay the foundations of EFA,
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Figure 5.1. EFA toy example: student grading across subjects. In this case, EFA can be used
to identify a limited set of latent abilities of the students that may explain their grades.

Table 5.1 introduces the terminology used in the remainder of the section, using the toy

example in Figure 5.1 to illustrate the semantics.

5.1.1.1. Fundamental model

Given a set of observed variables of interest, factor analysis is formally defined as "a

model of hypothetical component variables that explain the linear relationships existing

between observed variables” [200]. Such a hypothetical set of component variables can be

derived mathematically from the observed variables, as follows.

Let X be a N × 1 vector of observed variables, distributed with expectation E(X) = 0

and covariance Σ = Cov(X). Let also F be a K × 1 vector of unknown normalized

common factors, having mean E(F) = 0, covariance Φ = Cov(F) and order K < N .

Next, let Λ be an unknown N × K matrix of common factor pattern coefficients (i.e.,

factor loadings). Let also U be a N × 1 vector of independently distributed error terms

(i.e., unique factors), with mean E(U) = 0 and finite covariance Ψ = Cov(U). Since

each unique factor is specific to one variable, the error terms are independent, and Ψ is a

diagonal matrix. Finally, it’s desirable to have common factors and unique factors to be

uncorrelated, i.e., Cov(F,U) = 0. It follows that:

X = ΛF + U (5.1)

is the fundamental equation of factor analysis, stating that the observed variables in X

are weighted combinations of the common factors in F and the unique factors in U. From

(5.1), the covariance of the observed variables X can be written as:

Σ = Cov(X) = Cov(ΛF + U) = ΛCov(F)Λ⊺ + Cov(U) = ΛΦΛ⊺ + Ψ, (5.2)

which represents the fundamental theorem of factor analysis. In the case of EFA, no

hypotheses concerning the factors1 are made, and it is thus generally assumed that all
1Next, common factor and factor will be used interchangeably.
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Term Description

Variables
The phenomena of interest, related to a population, e.g., subjects
taught to primary school students in Figure 5.1.

Samples
The set of individuals for which all phenomena of interest can be
measured, e.g., students from the same class.

Observations
The realizations of all variables for each sample, e.g., the grades
of examination tests in all subjects obtained by each student.

Common
factors

Complex interrelationships among the observed phenomena that
can be reasonably assumed to exist, e.g., inferring factors such as
verbal and mathematical intelligence of the students, which may
explain the aptitude to each subject.

Factor loadings

Numerical relationships that describe to what extent each common
factor explains each variable, e.g., a factor with high loadings solely
in algebra and geometry can reveal the existence of a common
mathematical intelligence.

Factor scores

Estimated values that relate samples to common factors, e.g.,
scores indicate if the good/poor performance in scientific
disciplines of students is well explained by their strong/weak
mathematical intelligence.

Unique factors

Help explain the unique variance associated to each variable,
pinpointing outlying behaviors in the data, e.g., unique factors
could account for a rare talent of one student towards a specific
discipline.

Table 5.1. EFA terminology and examples

factors are orthogonal, i.e., mutually uncorrelated and with unit variances. Therefore, Φ

can be replaced by the identity matrix in (5.2), and:

Σ = ΛΛ⊺ + Ψ, (5.3)

whose i-th diagonal element can be written as:

σii = Var(xi) =
k
∑

j=1

λ2
ij + ψii = hi + ψii. (5.4)

From (5.4), the variance of each observed variable, σii, consists of two parts: the

communality hi, i.e., the portion of the variance shared with the other variables via the

common factors, and the unique variance ψii, i.e., the share specific to each variable, via

the associated unique factor.
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5.1.1.2. Factor extraction

Several methods have been developed to estimate the unknown variables Λ and Ψ in

(5.3). Two popular approaches utilized in this analysis will be presented next.

Maximum Likelihood Estimation (MLE) allows inferring the unknown variables

Λ and Ψ in (5.3) in a way that is efficient and robust [200]. MLE assumes X in (5.1)

to have a multivariate normal distribution2 with mean X̄ = 1
M

∑M
a=1 Xa and covariance

S = 1
M−1(

∑M
a=1 XaX

⊺

a − MX̄X̄
⊺) computed from the M observations. The information

provided by S may also be represented by a correlation matrix R and a set of standard

deviations s1, s2, . . . , sN .

MLE maximizes the likelihood function:

lnL = −1

2
(M − 1)[ln |Σ| + Tr(SΣ−1)], (5.5)

with Tr indicating the matrix trace operator. The Σ matrix maximizing (5.5) also

minimizes the following fit function [201]:

FK(Σ) = ln |Σ| + Tr(SΣ−1) − ln |S| −N, (5.6)

where K refers to the number of common factors considered. Using (5.3) in (5.6), the

expression FK(Σ) = FK(Λ,Ψ) can be used to compute the maximum likelihood estimates

of the unknowns Λ and Ψ. The main steps are outlined below, while full details are found

in [200].

Firstly, FK is minimized with respect to Λ, where the minimizer Λ̃ is computed by

imposing ∂FK

∂Λ = 0. Denoting as ℑ the identity matrix, the above condition leads to

Λ̃ = Ψ1/2ΩK [γi − 1]
1/2
K , (5.7)

where the diagonal matrix [γi − 1]K contains the K largest eigenvalues of Ψ−1/2
SΨ−1/2,

and ΩK contains the corresponding eigenvectors. Replacing (5.6) in (5.7) one can derive

the expression of the conditional minimum for a given Ψ, as:

fK(Ψ) = −
N
∑

j=K+1

ln γj +
N
∑

j=K+1

γj − (N −K), (5.8)

where γj , with j = K+1, . . . , N , are the residual eigenvalues of the matrix Ψ−1/2
SΨ−1/2.

Secondly, the function fK is minimized with respect to Ψ, by imposing ∂fK

∂Ψ = 0,

which leads to the expression

2MLE is known to yield good estimations even when the actual distribution of X is not multivariate
Gaussian [200]. This is proven in the context of mobile data traffic analysis by the minor discrepancy
of the results attained with MLE and with MINRES, which does not require the Gaussian distribution
assumption.
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Diag(Ψ−1(Λ̃Λ̃⊺ + Ψ − S)Ψ−1) = 0. (5.9)

At this point, the maximum likelihood estimates of Λ and Ψ can be computed by

means of an iterative procedure based on the Fletcher-Powell method and applied to the

function fK and its partial derivatives in (5.8) and (5.9), respectively.

Minimum Residuals (MINRES) is an alternative approach to factor extraction.

Unlike maximum likelihood estimation, MINRES does not rely on any assumption about

the distribution of observed variables and can produce valid solutions even when applied

to singular matrices [202]. The working principle of MINRES is to minimize the sum

of off-diagonal squared residuals of the correlation matrices, i.e., differences between the

observed (R) and reproduced (Λ) correlations, without requiring any estimation of the

communalities, i.e., hi in (5.4). In other terms, MINRES minimizes the fit function:

FK(Λ) = ∥[R − ℑ] − [ΛΛ⊺ − Diag(ΛΛ⊺)]∥ , (5.10)

where K refers to the number of common factors considered for the estimation of the

Λ factor loadings matrix, and H = Diag(ΛΛ⊺) is the diagonal matrix of reproduced

communalities. Equation (5.10) can be written in explicit form:

FK(Λ) =
N−1
∑

i=1

N
∑

j=i+1

(rij −
K
∑

k=1

λik · λjk)2, (5.11)

which is a function of the N(N − 1)/2 off-diagonal residual correlations. MINRES

minimizes FK(Λ) by successive approximations of the values of the factor loadings λik.

The communalities hi =
∑k

j=1 λ
2
ij are then obtained as a by-product of such method.

The minimization approach traditionally adopted with MINRES is based on a Gauss-

Seidel procedure, originally proposed in [203]. The procedure starts with the choice

of the number of factors K and the selection of an arbitrary loading matrix, for the

given N variables and selected K factors. At each iteration, the arbitrary factor

loading matrix is modified on a per-row (i.e., per-variable) basis, by considering an

increment xik of the loading value of the considered variable i on each factor k, and

by selecting the displacements vector Xi that minimizes the objective function. This

optimal displacements can be iteratively determined by zeroing the partial derivatives of

Equation (5.11) with respect to the considered variable i, considering the loading matrix

modified at previous iteration, i.e.,:

Xi = R
0
i Λ(Λ⊺

)i(Λ)i()
−1. (5.12)

Here, Xi is the row vector of incremental changes of the factor loadings for variable

i; Λ)i( is the factor matrix obtained by replacing with zeros the elements in row i of the
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current factor matrix; and, R
0 is the vector of (observed) residual correlations of variable

i with all other variables, with zeros for self-residuals.

Successive adjustments of the factor loadings matrix are performed multiple times

on all variables, until a numerical convergence criterion, related to the rate of change of

FK , is satisfied, and the final loadings matrix is obtained. Specific details on the factor

estimation procedure and suggested convergence criteria and parameters can be found

in [203], while later optimizations are discussed in [202], [204], [205].

5.1.2. EFA for mobile traffic analysis

Next step will be to introduce the mobile data traffic measurement dataset employed

throughout this study, and discuss how EFA can be tailored to the problems of inferring

temporal and spatial structures in such type of data. By doing so, it’s shown how the

EFA framework can be cast to solve the two tasks, which are in fact each other’s dual.

5.1.2.1. Measurement set

The mobile data traffic analyzed here was collected in the production infrastructure

of Orange and was gathered during 12 consecutive weeks of 2016 (05/09 - 28/11), in two

of the largest urban areas of France, i.e., Paris and Lyon, and covers the whole user base

of the operator. The measurement data consists of total (i.e., aggregated in the uplink

and downlink directions) volume of data traffic generated by the whole subscriber base of

the operator in the considered regions, consisting in several millions of unique (resident or

temporary) users. The traffic data is geo-localized at the level of the radio access antenna

serving each user and is timestamped using a temporal granularity of 30 minutes.

5.1.2.2. Casting EFA for temporal and spatial analyses

As previously anticipated, EFA is a versatile tool that can be cast to identify both

temporal and spatial structures hidden in the dynamics of mobile data traffic. The input

to either problem is an aggregate representation of the communication activity of the

mobile subscribers in the geographical region of interest. This definition of input is general

and can accommodate any level of spatial and temporal aggregation, as well as any notion

of mobile user activity (e.g., voice calls, text messages, generic data usage, or consumption

of specific mobile services). In the specific case of this study, the input format is aligned

to the measurement data: the activity maps to the volume of mobile data traffic, which

is provided at a spatiotemporal resolution of the antenna location during every hour. It’s

important to remark that the spatial mapping of traffic is then performed by calculating

the Voronoi tesselation (as discussed in Section 3.6.

In order to explain how to cast EFA to solve the problems of temporal and spatial

analysis of mobile traffic, consider the example in Figure 5.2. Here, the traffic demand
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Figure 5.2. Mobile data traffic analysis with EFA in a toy scenario. (A) The one-week demand
in the target region is aggregated on an hourly basis with respect to a spatial tessellation of n
cells, each representing the coverage of one antenna. The resulting demand in the i-th cell during
the j-th time slot is the EFA observation oij . (B) Temporal analysis: the hourly time slots are
the EFA variables, each characterized by a set of observations over the cell samples. (C) Spatial
analysis: the geographical cells are the EFA variables, each characterized by a set of observations
over the hourly samples. Figure best viewed in colors.

in a given geographical region is aggregated on a hourly basis in n spatial cells, each

corresponding to the coverage area of one antenna. One EFA observation oij matches the

mobile data traffic volume recorded at the antenna cell i during the hourly time slot j.

Then, the two problems are set apart by the mapping of variables X in (5.1), as follows.

Temporal analysis. Time slots will be modeled as the EFA variables. Each variable

is described by the mobile traffic demand (i.e., the EFA observations oij) recorded over

all spatial cells c1 . . . cn during a given hourly time interval (e.g., 7:00 to 7:59 AM), as

shown in plot (B) of Figure 5.2. In this EFA configuration, each variable (i.e., hour) is

represented by a snapshot of the spatial distribution of traffic across cells. The common

factors sought by EFA are then temporal structures that explain at what time instants

the geographical distribution of the mobile demand is comparable.

An important remark is that, here, spatial cells map to EFA samples: hence, EFA

scores relate cells to temporal profiles, revealing which geographical areas are especially

important for a given temporal profile. This allows interpreting the temporal analysis

results from a spatial dimension.

Spatial analsyis. EFA variables correspond to geographical areas. Each variable

consists in the mobile traffic demand (i.e., the EFA observations) recorded in a specific

cell through the complete monitoring period, as in plot (C) of Figure 5.2. In this EFA

configuration, the EFA common factors represent structures in the geographical space

that explain in what areas the mobile demand follows similar temporal dynamics.

Interestingly, time slots become the EFA samples in this configuration. Therefore,

the EFA scores now explain what time periods are especially distinctive of the mobile
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Figure 5.3. Distributions of the Pearson correlation coefficient computed between all pairs of
EFA variables in the temporal and spatial mobile traffic analysis problems.

traffic usage in different areas, offering again a unique spatiotemporal interpretation of

the results.

5.1.2.3. Tuning EFA for mobile data traffic analysis

The two configurations of EFA previously outlined highlight how the temporal and

spatial analyses of mobile data traffic are in fact dual problems. Beyond such a high-level

mapping of variables and samples, several adjustments are needed in order to adapt the

baseline EFA scheme to the specific problems at hand, including data verification and

method parametrization. These aspects are discussed next.

Suitability of mobile traffic data for EFA. The definition of factor analysis builds

on two major hypotheses on the input data: (a) the existence of a non-zero correlation

among the observed variables, and (b) the linearity of the functional relationships among

the observed variables and the unknown hidden factors. In practical cases, it is important

to verify if these assumptions hold for the data to be analyzed. Thus, as a preliminary

step in this study, the suitability of mobile traffic demand datasets for EFA is checked.

Tests exist that are dedicated to this purpose. Specifically, the Kaiser-Meyer-Olkin

(KMO) Measure of Sampling Adequacy [206] is run on the reference datasets, which

measures the proportion of the variance in the variables of the data that could be caused

by the same common factors across all variables, and not just common correlations across

pairs of variables. The test returns values in the range [0, 1], where results close to

1 indicate a high suitability of the data to EFA. In both the classification problem

formulations, and for all datasets, KMO returns values around 0.99.

As additional checks, it’s verified: (i) the linearity of all pairwise relationships between

EFA variables in the two mobile demand classification problems, finding strong correlation

in 70–80% of cases, as shown in Figure 5.3; (ii) the sample-to-variable ratio, finding that

it is always much larger than one, which is typically considered as a good rule of thumb for

a meaningful factor analysis. In the light of all these results, mobile traffic data appears

as an excellent candidate for EFA.

Choice of the number of common factors. An important design choice concerns
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Figure 5.4. Violin plots of the loading values on (a) temporal and (b) spatial factors, when
solving the EFA problem with MINRES and MLE. For the spatial analysis, the distributions are
shown for a selection of the factors returned by EFA.

the number of common factors that EFA should target. Many heuristics have been

proposed to automatically determine such a number: most of them measure properties

of the correlation matrix, search for the value that maximizes or minimizes the observed

property, and suggest this value as the number of factors to retain [207].

Parallel Analysis (PA) [208] will be relied, which is recognized as one of the best

methods for deciding how many factors to extract [209]. The PA method uses the

eigenvalues of the data correlation matrix as rough estimates of the actual common factors.

Specifically, PA compares such eigenvalues against those of uncorrelated normal variables

that mimic the data variables (i.e., come in the same quantity, with identical sample size).

The presence of common factors shall induce large eigenvalues: the number of factors is

set to the lowest rank above which all data eigenvalues are larger than those from the

uncorrelated variables.

Factor rotation. The common factors that satisfy (5.1) are subject to rotational

indeterminacy, i.e., they are not mathematically unique, and linear transformations allow

moving across the full space of solutions. A sensible rotation of common factors can

maximize high and minimize low loadings. As explained in Section 5.1.1, loadings are the

main instrument to link factors and variables: thus, the presence of stronger (i.e., closer to

1 or -1) loadings outlines more neat structures in the data and eases result interpretation.

VARIMAX rotation [210] is used to identify an appropriate rotation of factors. Given

the unrotated N×K loading matrix Λ, VARIMAX iteratively finds a K×K orthonormal

transformation matrix T such that ΛT maximizes:

K
∑

j=1

N
∑N

i=1(a2
ij/h

2
i )2 −

(

∑N
i=1 a

2
ij/h

2
i

)2

N2
, (5.13)

where aij are the elements of ΛT and hi is the communality of the i-th variable defined

as in (5.4) and computed from ΛT.

Solving method. As previously detailed in Section 5.1.1, two different methods are

considered to extract the common and unique factors via EFA, i.e., MLE and MINRES.
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In order to measure the quality of the factors returned by each approach, the loading

values are utilized. As already mentioned, higher loadings on an equivalent number of

factors indicate a sharper and more explainable decomposition of the data, since variables

are linked to hidden factors in a tidier way.

In fact, solving the EFA problems with MLE and MINRES returns the exact same

factors, which already proves the robustness of the whole framework. It also simplifies

the direct comparison of the loadings on such factors: specifically, Figure 5.4 illustrates

the distributions of loadings on the returned factors for all variables, as violin plots. The

main takeaway is that the MLE and MINRES yield almost identical distributions of the

loadings, as discrepancies are minimal, and only affect a few factors. It’s concluded that

there is no operational difference in adopting one solving method or the other, and focus

on results obtained by the computationally faster MINRES in the following.

5.1.3. Temporal structures in mobile traffic consumption

The results for the temporal analysis will be shown first. The focus will be on a

compressed version of the temporal data by adopting a median week representation [17]:

for each spatial cell, the median traffic volume observed at each hour of the week is

computed (e.g., for all Mondays, 7:00 am to 8:00 am), and used as EFA variables. On the

one hand, considering each hourly time slot in the 12-week period as an independent EFA

variable would lead to a very large number of variables, higher than the number of cells,

i.e., EFA samples: this is a condition that shall be avoided, as it makes factor inference

less dependable [211]. On the other hand, hourly time variables recorded at the level of

individual antennas are affected by substantial random noise; a median week compression

is known to mitigate potential biases due to outlying behaviors, which, in this context,

makes more representative traffic structures emerge.

5.1.3.1. Temporal structures across time

By solving the EFA problem in the temporal analysis configuration above, a total of 8

different common factors are obtained from this reference dataset, which will be labeled

T1 through T8. An early insight provided by the methodology is therefore that the weekly

dynamics of mobile data traffic can be summarized into a very small number of archetypal

profiles. Indeed, the dynamics observed in the 24×7 time slots can be explained as a linear

combination of just 8 patterns. These results are obtained by merging the measurement

data for Paris and Lyon, i.e., using all cells in both cities as a single set of samples; this

approach is preferred (rather than running for each city) as it allows the identification of

more generalist temporal factors, which apply across cities and are not specific to a single

urban area. Thus, both the above considerations and the remaining behaviors discussed

to be discussed in this section will apply to both urban areas.
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Figure 5.5. Temporal factors obtained from EFA, for the median week mobile traffic demand.
Each plot refers to one common factor returned by EFA. In every plot, the hourly time slots (EFA
variables) are arranged along 24-hour daily cycles (on the abscissa) for 7 days (Monday to Sunday,
on the ordinate), and colors illustrate the loading of the time slot on the considered factor. Figure
best viewed in colors.

The detailed loadings of all variables, i.e., hourly time slots in a week for each factor,

are shown in Figure 5.5. Such loadings are color-coded according to the scale on the right

side of the plot, with red representing higher values, and blue mapping to lower values.

The representation in Figure 5.5 allows for a preliminary interpretation of the factors,

recapitulated in Table 5.2. Factor T1 shows higher loading values for time slots from

Monday through Friday, starting at 8 am and decreasing after 8 pm; these are easily

mapped to the standard working hours. Factor T2 presents a complementary behavior

to T1, as its loadings are lower during work times, and increase after 8 pm until 2 am;

moreover, loadings on T2 are also high during the whole weekend, which allows tagging

T2 as characterizing relax hours of the week. Profile T7 yields some similarity to T2, but

with high loadings limited to weekends, specifically Saturday afternoon.

Three factors can then be related to behaviors occurring at the start or end of the

weekdays. Two factors show high loadings in early hours: factor T6 showing its peaks

from 6 am to 8 am across all days of the week and interestingly a small 1h shift on the

weekends (when peaks start appearing around 7 am), which can mean that this is a factor
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Factor Activity Hours

T1 Working Weekdays, 8 am – 8 pm

T2 Relax Weekday evenings, weekends

T3, T5 Nightlife Midnight through 8 am

T4 After-work From 6 pm until 9 pm

T6, T8 Early From 6 am until 10 am

T7 Weekends Saturday & Sunday noon

Table 5.2. Temporal factors in mobile data traffic identified by EFA.

related to general early commuting; factor T8 peaks are slightly shifted from the previous

and go from 8 am until 10 am, but only for weekdays, which leads to the believe that

this factor could relate to normal office commuting, as many workers in France start their

work hours at the office between those times. Opposing the previous two, factor T4 has

its peaks at after work hours (5 pm to 8 pm) of weed days, which can relate to the general

commuting related to leaving work and study spaces. It’s interesting to note that there’s

no specific factor related to after work commuting on weekends, which can relate to the

fact that this movement may be more dispersed throughout the weekend, with no clear

pattern happening at the studied urban centers.

The two final profiles correspond to late night behaviors: factor T3 focus in high

activities exclusively during the weekends, with an initial growth in activity being seen

Friday and peaking on Saturday and Sunday from midnight to 7am. Meanwhile, factor

T5 also has peaks of activity during late hours of the night, but with its peaks spread

across all days of the week. Those differences may be due to factor T3 being related to

late night leisure while factor T5 just as overall late night activity; further exploration

of the geographical distribution of those factors during Section 5.1.3.2 can help confirm

those hypothesis.

It is worth nothing that, unlike traditional clustering approaches [23], EFA yields a

non-deterministic association of time intervals and factors. Indeed, a specific same hour

of the week may be affected by multiple concurrent profiles with changes of intensity;

this is the case of Saturday afternoons (composed by T2 and T7, plus T1 to a lesser

extent) or 8 am during working days (T8 and T6, plus T2 to a lesser extent). This

representation highlights the composite nature of mobile traffic patterns observed during

the week, represented as a combination of multiple factors.

5.1.3.2. Geographical distribution of temporal structures

Looking at the loadings in Figure 5.5 may not be enough to disambiguate what

determines the temporal structures identified by EFA. Only obvious root causes, such
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Figure 5.6. Geographical distribution of temporal factors across Lyon and Paris.

as work activities of factor T1, can be pinpointed with some level of confidence.

As discussed in Section 5.1.1, EFA offers an automated way to better interpret the

results via the factor scores. In the case of temporal profiles of mobile traffic, EFA scores

allow quantifying the importance of each geographical location sample for every factor.

In other words, it’s possible to draw maps of the EFA score, where higher values in

one area indicate that the local traffic has a higher influence for the targeted profile.

Such visualization highlights locations and points of interest, which can explain the social

phenomenon underlying each temporal factor. Those results are compiled for selected

factors in both cites on Figure 5.6.

Factor T1 has higher score around work areas: universities (Jean Moulin Lyon 3, Lyon
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2 and INSEEC in Lyon; Paris Nanterre in Paris), working zones (3th arrondissement

of Lyon; downtown Paris and La Defense, one of the biggest business centers of

Europe) hospitals and big stations (Part Dieu, Lyon’s busiest station; Gare de Lyon

and Montparnasse in Paris). This matches the temporal structures seen on Figure 5.5,

meaning those regions have their main peaks of mobile traffic consumption during work

hours. In contrast, the relaxing hours Profile T2 presents a different side of both cities.

Regions with higher scores are either located close to shops and restaurants (such as 2th

arrondissement in Lyon and Passy and Batignolles neighborhoods in Paris), which expect

most of their traffic activity after work, as well as places with an active night live (Pigalle

neighborhood in Paris). Also, this profile emerges in more residential zones of both cities

(Villeurbane, Ecully and Tassin in Lyon; 12th and 15th arrondissement in Paris). This

opposition between working and residential places between both profiles is further seen

when comparing Figures 5.6a and 5.6c for Lyon, as well as Figures 5.6b and 5.6b for Paris:

bigger clusters of one factor are mainly in empty places of the other.

Factor T7, seen on Figures 5.6e and 5.6f, presents some of the favored locations during

the weekends: department stores. In Lyon, a cluster is seen around 2th arrondissement

(which known for its large commercial centers) and around the La Part Dieu Shopping

Center. The same can be seen in Paris, where clusters are close to Le Bon Marche

Department Store, Westfield Forum des Halles Mall and Galeries Lafayette, as well as the

cultural center Georges Pompidou. In France, many stores are closed on Sundays, which

could explain an extra influx of mobile traffic around those locations on Saturdays.

The geographical distribution of factors also helps further differentiate the three

profiles that appear to be associated to commuting behaviors. Factor T6 shows higher

loading from 6am to 8 am, and its scores on Figure 5.6g and 5.6h help relate it to general

peak-hour commuting behavior. Clusters are seen around bigger stations, such as Ampère

Victor Hugo and Part Dieu in Lyon, as well as Paris’ Gare du Nord, de L’Est and Lyon.

Those are highly connected stations that attract many for their daily commute. Factor

T8 (seen on Figures 5.6i and 5.6j) relates to early day commuting, with regions located

mostly in residential and suburban areas, such as Monluc and Gorge de Loup in Lyon, or

Bois Colombe in Paris, as well as some business zones like Nanterre and La Defense, both

located in the capital. Finally, T4 represents specifically after work commuting, from

5pm to 8pm. This reflects in regions with higher scores closer to the city’s downtown.

A few exceptions can be made, like the La Defense region, which shows high values for

both profiles (as well as T6). This is easily explained due to La Defense being one of the

busiest work-only districts of Paris, attracting a strong influx and outflux of people who

work in the area on a daily basis.

For the late night profiles, the locations for Factor T5 can be considered a subset

of the locations for Factor T3 (seen on Figures 5.6k and 5.6l), as most zones with high

scores on the first profile are also present in the latter. This includes regions in Paris that
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Figure 5.7. For each spatial profile, the number of cells that are considered relevant for
it(loading ≥ 0.1), where green marks the profiles included in this analysis and red marks the
non-included.

are known for having an active nightlife, such as Bastille and Bercy in Paris or the 1st

arrondissement area in Lyon. Some regions known for relatively higher crime incidence

also emerge, such as Gerland in Lyon.

5.1.4. Spatial structures in mobile traffic consumption

The different ways spaces in a city are related can be better understood by setting

EFA variables as the spatial cells related to where the mobile traffic is, and the EFA

samples as the 30-minutes aggregated time slots during the complete 12 weeks span of

the dataset. This results in factors that provide insights on similar uses of smartphones

through different regions of a city. Also, exploring the scores of each EFA factor can

shed more knowledge about temporal behaviors. Patterns are summarized as long-

term behaviors (such as commuting, working, relaxation) and short-term events (such

as football matches, concerts).

A total of 47 factors resulted from the EFA analysis of spatial structures. This

considerably big number is explained by the proportions of the dataset: a total of 2 287

cells from both Lyon and Paris were used as variables, with 4 080 30-minutes slots for

mobile traffic used as samples, resulting in a long set with a significant variety of behaviors.

It’s important to note that not all profiles have the same importance; only a small portion

capture large geographical areas with the majority being common to a small number of

neighborhoods characterized by very specific human activity features. The number of cells

for each profile that have loading ≥ 1 is highlighted on Figure 5.7, where green marks

the profiles of this analysis, including the 9 with over 100 relevant cells which represent

long-term land use behaviors, as well as a few short-term land use behaviors that show

interesting spots of the cities. A summary of all included profiles is presented in Table 5.3,

and discussed in the following subsections.

5.1.4.1. Long-term land use behaviors

By observing constant behaviors across weeks and months, a number of profiles can

be tied together by their long-term usage pattern. Those are determined by the types of
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Factor Land Use Examples

L1 Residential, relaxation
Cities around Paris, Dense Residential
such as 18th, 19th and 20th
arrondissements.

L2 Working places La Defense, Paris-Nanterre, La Part Dieu

L3
Long-range commuting
(Train and RER)

Gare du Nord and L’Est, Rueil-Malmaison

L4
Short-range commuting
(Metro)

Subway stations all around downtown
Paris and Lyon.

L5, L7 Shopping places La Confluence, Les Halles, Opera, Elysees.

L6
Cargo and maintenance
sites

Gare du Nord, Saint Ouen, Noisy-le-Sec

L9 Clubs and night life Bastille, Lyon 1st arrondissement.

L8, L30 Sport stadiums
Stade de France and Parc des Princes
Stadium

L10,
L23, L27

Expo centers
Expo Porte de Versailles, AccordHotels
Arena, Euroexpo Center

L44 Catholic churches
Notre-Dame des Champs, Saint-Augustin,
Sainte Trinité, Sainte Geneviève des
Grandes Carrières

Table 5.3. Trivial land use cases for EFA spatial structures analysis, for both long and short-term
behaviors.

land where loading values are higher as well as the scores obtained from the temporal

samples. This results in a set of trivial land uses in cities, such as working places,

residential neighborhoods and public transportation stations. The long-term land uses

profiles present similar behaviors to the network profiling discussed in Section 5.1.3.1, but

with more detailed spatial patterns than those in the network profiling maps.

Land use profiles L1 and L2 exemplify well the extra details obtained from the spatial

structures. The first one presents spaces characterized by relaxation activities (dense

residential and suburban regions), while the second relates to work/study locations.

The duality of these factors can be seen in Figure 5.8: active locations during the weekday,

such as business districts (La Defense in Paris, La Part Dieu at the 3rd arrondissement of

Lyon), universities and downtown areas are highlighted in L2, but disappear in L1. In the

same way, suburbs and residential neighborhoods of Paris (such as the dense residential

18th, 19th and 20th arrondissements) are highlighted in L1 and not shown in L2. Scores

seen on Figure 5.9 highlight the differences over time for the land uses: L1 has higher

then average scores around night time, while L2 scores are higher around 8am till 8pm

on working days and lower values around the weekend.
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(a) L1 - Lyon (b) L2 - Lyon

(c) L1 - Paris (d) L2 - Paris

Figure 5.8. Land usage loading maps for long-term behavior profiles L1 and L2 in (a,b) Lyon
and (c,d) Paris.
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(a) Profile L1
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(b) Profile L2

Figure 5.9. Land usage scores across time for long-term behavior profiles (a) L1 and (b) L2, for
both Lyon and Paris.

Profiles L3, L4 and L6 present land uses related to the different usages of public

transportation. Profile L3 is associated to stations used for medium/long-range

commuting, which offer high speed trains (TGV), standard regional trains (TER) and

metropolitan trains (RER, exclusive to Paris); most of the major train stations of the

cities emerge, with details seen on Figures 5.10a and 5.10b. Profile L4 links to short-

range commuting (metro stations), which explains the higher density of relevant spatial

cells in the downtown areas, as it can be seen on Figure 5.10c with a few key metro

stations highlighted. Profile L6 is a profile that shows operational spaces for metro/train,

such as a maintenance center for the SNCF railway company in Saint Ouen and Noisy-

le-Sec, both located in the metropolitan area of Paris and seen on Figure 5.10f; the exit

yard for trains of both Gare du Nord and de l’Est is also observed. Scores can assist

the differentiation between all public transportation spaces. As seen on Figure 5.11a,
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L3 sees peaks on the beginning and end of weekdays, which relates to the use of those

long-range stations for the commuting to work (a common behavior for both cities due

to their business and economic importance), and less during weekends. L4 sees more

uniform scores across the day, showing that those short-range stations tend to have a

more uniform usage across time, while the cargo and maintenance spaces of L6 see their

activity rise late in the evening.

Profiles L5 and L7 relate to leisure areas of the cities, including entertainment spaces

such as stores and restaurants. Profile L5 presents locations known for their shops, bistros

and galleries; this is seen on Figure 5.10e in Lyon for La Confluence, La Part Dieu and

Cordeliers, as well as many shopping regions around Paris’ 1st arrondissement (such as

the Forum des Halles mall) and Opera regions (where many luxury galeries are present),

seen on Figure 5.10d. Meanwhile, Profile L7 presents commercial locations in Lyon’s

Ainay and Paris’ Elysees and Madeleine, as seen on Figure 5.10g. L5 and L7 can be better

differentiated when analyzing their scores over time. Profile L5 shows on Figure 5.11b a

behavior previously seen in Section 5.1.3.1, with higher scores occurring on Saturdays (the

preferred weekend shopping day in France); in the meantime L7 has more uniform scores

from 8am to 8pm all days of the week. This might indicate that places around L5 are

preferred by the population for shopping, while L7 shows a more mixed use that, although

affected by a significant presence of commercial location, observes a more constant traffic

due to the presence of offices.

The final long-term land use profiles explored is L9, seen for Lyon on Figure 5.10h

highlighting locations known for their late night attractions. This is present on the 1st

arrondissement of Lyon and the region of La Confluence, both having a good density of

night clubs. Paris similarly has a good number of cells with high loading around Bastille,

Pigalle and the 1st/2nd arrondissements, which are also known for clubs and restaurants

opened until late night. When looking at the score for L9 on Figure 5.11c, the behavior in

time of those locations match their usage, with values increasing on Fridays and Saturdays

after 6pm, and being at the lowest from Sunday until Wednesday.

5.1.4.2. Short-term land use behaviors

The exploration of spatial structures also present regions of the cities used for short-

term events that happen at punctual moments in time, e.g., during a few hours of one or

multiple days. Such short-term patterns can be found when analyzing EFA scores for the

time samples, which exhibit above average values for short intervals only.

A good example of short-term behaviors is provided by a couple profiles that emerge

for stadiums in Paris. Profile L8, seen on Figure 5.12a, is related to Stade de France (the

biggest sports stadium in France), while Profile L30 shows the Parc des Princes (used

by the Paris Saint Germain football team). The scores for each profile indicate in which

moments those spaces saw mobile traffic that differentiate them from their neighborhood.
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(a) L3 - Lyon (b) L3 - Paris

(c) L4 - Paris (d) L5 - Paris

(e) L5 - Lyon (f) L6 - Paris

(g) L7 - Paris (h) L9 - Lyon

Figure 5.10. Land usage loading maps for long-term behavior profiles: L3 in (a) Lyon and (b)
Paris, (c) L4 in Paris, L5 in (d) Paris and (e) Lyon, (f) L6 in Paris, (g) L7 in Paris and (h) L9 in
Lyon.
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(c) Profile L9

Figure 5.11. Land usage scores across time for long-term behavior profiles (a) L3, (b) L5 and
(c) L9, for both Lyon and Paris.

For State de France (L8), four dates during night emerged: Oct. 7th (football match

between France and Bulgaria), Nov. 11th (football match between France and Sweden),

Nov. 19th (rugby match between France and Australia) and Nov. 26th (rugby match

between France and New Zealand). Those dates are seen on Figure 5.12b, which shows

the scores for L8 across time. For Parc des Princes (L30), the scores show all of PSG

home matches during the studied period: Sep. 9th (vs. Saint-Étienne), Sep. 13th (vs.

Arsenal), Sep. 20th (vs. Dijon), Oct. 1st (vs. Girondins), Oct. 19th (vs. Basilea), Oct.

23th (vs. Basilea), Nov. 6th (vs. Stade Rennais) and Nov. 19th (vs. Nantes).

Three factors relate to exposition centers. Profile L10 shows both the Euroexpo center

in Lyon, as well as the Expo Porte de Versailles in Paris; Profile L23 shows AccorHotels

Arena, an indoor arena and concert hall located in the neighborhood of Bercy in Paris and

seen on Figure 5.12c; Profile L27 shows exclusively the Expo Porte de Versailles in Paris.

Like was seen with stadiums, the scores for the profiles represent specific events that made

those regions unique for their land usage. L23 had three different events happening at

the arena during the studied period: two shows happening on the nights of Sep. 20th

and 21st, three music concerts happening on Oct. 15th, 16th, and 18th; and a tennis

tournament hosted between Oct 29th and Nov. 6th. The scores of the events of Profile

L23 are seen in Figure 5.12d: it can be noted that the concerts have higher values at night

time, while the tennis tournament starts around morning time and span throughout the

entire week. It is also interesting to note the separation on scores for Oct. 17th, which

presents lower values since no event happened at the arena on this date.

5.1.5. Mixed land use regions

A significant number of cells present high loading values for multiple spatial profiles,

which reveals the presence of mixed land usage in the cities. To find occurrences of cells

with mixed land use, the RCA metric is utilized (as discussed in depth in Section 3.5.5).

For the problem presented in this Section, the metric will be described as:

RCAxf =
λxf/

∑N
x′=1 λx′f

∑K
f ′=1 Λxf ′/

∑N
x′=1

∑K
f ′=1 λx′f ′

(5.14)

where for this case x ∈ X is a cell that belongs to the N × 1 vector of observed variables
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(d) L23 - Scores

Figure 5.12. Land usage loading maps in Paris for profiles (a) L8 and (b) L23, as well as the
scores across time for (c) L8 and (d) L23.

X, f ∈ F is a profile that belongs to the K × 1 vector of common factors F, and λxf

is the loading value of a given profile f for cell x that belongs to the N × K matrix of

common factor pattern coefficients Λ.

Analyzing the histogram for the number of land use profiles per cell for Paris and

Lyon in Figure 5.13a, a fairly small number of cells is noted to have a single land use;

the majority of cells have instead between 3 and 4 significant profiles. It is important to

highlight that regions with a higher density of uses are mostly seen in downtown regions,

like the Paris’ regions north of the Seine river, as well as 1st and 2nd arrondissements in

Lyon. Similarly, areas on the suburban parts tend to have less mixed usage, such as the

southern zones of Paris and suburban areas.

To exemplify the identification of regions with mixed land use through EFA, a few

examples of cells that had RCAxf > 1 for two land use profiles will be explored. Maps

that showcase cells with mixed usage use of two profiles [f1, f2] across cities are prepared

by calculating for each significant cell x ∈ X that has [RCAxf1
, RCAxf2

] > 1 the value

(RCAxf1
− 1) ∗ (RCAxf2

− 1), which will represent the mixed usage RCA coefficient for

each set [f1, f2]. With this, it’s possible to better observe the incidence and spatial pattern

of mixed use cells over the cities. The first example encompasses cells with mix use of

relaxing/residential (L1) and working (L2) hours profiles, a mixed land use that occurs

on 209 of the total 1752 cells (11.93%) that are significant for either L1 or L2. Their

distribution over space can be seen on Figure 5.13b, from which it can be highlighted
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that the presence in Paris of many cells around the 1st and 7th arrondissement, which

are highly touristic regions in the city, with many shopping stores, hotels and residential

apartments. It’s also observed that the 10th arrondissemnt, which although not a typical

tourist spot of the city, it’s a densely residential area with the presence of the two main

train stations of Paris (Gare du Nord and de l’Est). Those are regions that are active the

entire day due to their extreme diverse zoning.

Another combination of land uses that is worth exploring is that between

relax/residential (L1) and leisure (L5) profiles, where 332 of 1579 cells (21.03%) significant

for either L1 or L5 have this mixed usage. Those locations prove to be active both in

after-work hours and during weekends, and, as seen in Figure 5.13c, encompass zones

featuring good mixture of parks, houses, restaurants and cultural spots, notably Pentes de

la Croix-Rousse, Fourvière and Les Cordeliers in Lyon, as well as the 9th arrondissement

and Marais in Paris. Finally, one of the biggest intersections identified is that between

the leisure (L5) and late night (L9) land use profiles, where 460 of 1457 cells (31.57%)

can be associated to both behaviors. As observed in Figure 5.13d, this happens at regions

where people tend to spend their free time, both during the night and on the weekends,

with popular neighborhoods in Paris such as Bastille, 3rd and 4th arrondissements, as

well as the 1st and 2nd arrondissements of Lyon.

5.1.6. Main takeaways

This section proposed an original approach to the spatiotemporal classification of

mobile traffic data, which relies on EFA. Extensive tests with heterogeneous real-world

datasets demonstrate the versatility of EFA, which provides a unifying framework to

solve problems that have been studied in isolation in the literature, i.e., mobile traffic

profiling and land use detection. In both cases, EFA attains results that improve those

of state-of-the-art solutions (e.g., the richer information of network activity profiles), or

match them while yielding greater consistency (e.g., the better abstracted land use classes,

where loadings can be leveraged for intra-class analysis). In addition, EFA provides

supplementary knowledge (i.e., the geographical perspective of profiles and the temporal

view of land uses) that proves paramount to the interpretation of the results, and eases

tasks that are otherwise complex to perform (e.g., the analysis of per-hour temporal data,

or the detection of mixed land uses).

EFA-based classification can find multiple applications in data-driven studies,

applicable across various levels and contexts. Firstly, this methodology offers fertile

ground for travel-demand-related mobility studies. The temporal structures can provide

precise insights into the key patterns of population presence across different days of

the week. These patterns are linked to specific activities that people engage in within

designated areas of the city. Factor loadings from the temporal description indicate times

when individuals either currently require or will soon need access to transportation. For
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(a) Distribution of cells with multiple land use profiles

(b) L1 + L2 - Paris (c) L1 + L5 - Lyon (d) L5 + L9 - Paris

(e) L1 + L2 - Venn (f) L1 + L5 - Venn (g) L5 + L9 - Venn

Figure 5.13. (a) Distribution of cells by the number of significant land use profiles; mixed use
RCA coefficient and Venn diagrams for the mixed land use cases of (b-c) L1 + L2, (d-e) L1 + L5
and (f-g) L5 + L9.

example, in the context of commuting factors, the associated loadings clearly delineate

the moments people are arriving at or departing from major transportation hubs, train

stations and transit stops. Concerning work or residential factors, loading variations

can precisely pinpoint population transition to different activities potentially located in

other parts of the city, thus indicating potential peaks in the associated travel demand.

On the other hand, the spatial analysis underscores the potential of this methodology

for studying the attractiveness of specific urban areas over time. This is true for both

recurring and episodic scenarios, such as special events, as observed through mobile phone

data. This information is invaluable for traffic simulation and transportation planning,

serving again as a precious proxy for travel demand data that can be otherwise challenging

to acquire in a real-time like fashion. Specifically, the identification of areas occasionally

or regularly experiencing high levels of activity can enable the easier identification of

accessibility bottlenecks and support the optimization of transportation resources and

transit schedules.
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Moreover, the temporal structures identified by EFA expose non-trivial long-term

dynamics in the mobile traffic demand that are relevant to the allocation of mobile

communication resources in, e.g., Cloud Radio Access Networks (C-RAN) [212]. In

addition, typical temporal profiles may serve as a basis for the detection of anomalous

network usages, and for predicting the future demand in the context of transport

resilience and anticipatory networking studies. In the spatial dimension, EFA classes

neatly characterize the strong geographical locality of mobile demand. They can thus

pave the way for cognitive network functions that aim at migrating network resources

geographically, or at dynamically configuring the network topology; such functions are

especially relevant to, e.g., Mobile Edge Computing (MEC) infrastructures [212]. Overall,

EFA-based classification is a potential brick for future big data-driven 5G systems [213].

Future works using EFA together with mobile phone data can help in elucidating and

modeling the specific links between the hidden structures and travel demand variations,

building more robust models able to combine more traditional transportation data with

information obtained from mobile network measurements.

5.2. Characterizing urban green spaces with mobile traffic

As populations across the globe become more centered around urban environments,

cities face the challenge of creating gateway spaces, where individuals can be reconnected

to nature and greenness, which can be an important factor in improving public health

in those cities [214]. Urban Green Spaces (UGS)]3 are often described as places for

physical, recreational, and relaxation activities inside cities, a runaway area from the

stimulus encountered throughout major urban centers. During the age of information,

where the internet (and all applications related to it) can be easily accessible from

anywhere, due to the pervasiveness of smartphones and mobile networks, UGS could be

considered a facilitator for a digital detox, where users can disconnect from their devices

and applications.

Smartphones have been previously utilized as a proxy to understand the attraction

factors of UGS (as discussed over Subsection 2.2.2). But, not much work has been done in

the opposite way: how UGS affects the utilization of smartphones and their applications.

This has limited a better comprehension of any healing effects parks and other green areas

may have in relation to digital consumerism and smartphone activeness. More precisely,

no other work has performed an in-depth analysis across mobile applications to understand

how different categories of apps are affected by the UGS where users are connecting from.

This raises a few questions: 1) are user overall utilizing less/more their smartphones in

those spaces? 2) If such patterns are present, are they homogeneous across all urban

green spaces? 3) Are the observed changes homogeneous across mobile applications,

3Throughout this Section, both UGS and Parks may be used interchangeably.
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i.e., is the reduction observed across all apps or do certain classes of applications see an

over/underutilization inside those studied areas?

To address those questions, this Section will present an in-depth characterization of

smartphone and mobile applications consumption within urban green spaces, focusing

specifically on a major European metropolis (Paris). This work encompasses a complete

framework, first detailing the advantages, limitations, and all processing steps needed in

order to perform such a fine-grained spatial analysis of mobile traffic, targeting specific

sites and being able to filter out undesired traffic. Utilizing passively produced data

also helps avoid biases that traditional surveys about smartphone usage within spaces

could have. Next, a full characterization of spatiotemporal behaviors of smartphone

consumption in UGS will be presented, laying an initial stone in fomenting mobile

network traffic as a proxy to study fine-grained spaces within cities, and highlighting

the heterogeneous impact of UGS over smartphone utilization.

5.2.1. Data processing for the study of smartphone utilization in UGS

This work utilizes mobile traffic time series collected from the production network of

Orange, specifically within the city and metropolitan region of Paris, over the period of

Jan/2024 to May/2024. This work makes no differentiation between RATs, as the main

objective is to characterize the overall utilization of mobile traffic inside the targeted

areas, independent of the network technology.

5.2.1.1. Data collection and preprocessing

Selecting applications and aggregating in categories: The collected data

encompasses the time series of traffic generated at each antenna by each mobile

application. Through the DPI of the MNO, 444 unique mobile applications and data

protocols4 are found. However, many of those applications may not be popular enough to

generate temporal patterns that are desirable to analyze (i.e., measurement noise). It can

also be noted that the distribution of traffic amongst applications is extremely imbalanced,

with top 20 services generating almost 80% of all recorded sessions [5]. Also, whenever

analyzing mobile traffic at the antenna level, the data will tend to become noisier (even on

popular apps). Since the study of UGS involves is at almost antenna level (as the majority

of parks is covered by less than 10), it will spark the necessity of filtering the applications

utilized in the analysis and aggregating them into major categories to improve the data

quality.

The set of apps within each selected key category for the study of UGS can be seen

4In some cases, the DPI is not capable of identifying the application due to the encrypted nature of
mobile communications, leading to either a label related to the protocol (in case it was identified), or
merely as encrypted traffic
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Category Mobile Application

Fitness Garmin Connect
Games Pokemon Go, Fortnite
Music Apple Music, Spotify, Deezer, Soundcloud
News and
Information

Wikipedia, Sports News, NewsPaper, NewsMag, Weather,
Tripadvisor

Productivity Skype, Microsoft Mail, Google Drive, Gmail, Finances, Dropbox
Shopping Amazon

Social
Instagram, WhatsApp, Facebook, Snapchat, LinkedIn, Pinterest,
Twitter, Facebook Messenger, TikTok

Travel Uber, Waze, Airfrance, Transport

Video
Twitch, Periscope, Youtube, Netflix, Molotov TV, DailyMotion,
Apple Video, Facebook Live

Table 5.4. Studied mobile applications for their usage within urban green spaces and their
respective categories

on Table 5.4. It’s important to note that those apps constitute 65.6%5 of the total traffic

generated in the studied network, meaning that this filter still encompasses the majority

of traffic consumption patterns in the area.

A notable excluded app from the analysis is Strava, which would intuitively be in the

fitness category. This was done due to how Strava generates traffic over its mobile app

being closer to Social media than Fitness: during the time of the activity, Strava is not

exchanging data with its servers; this is done solely when the application is over (which

the BS that exchanged traffic about the activity may not relate with the places where the

activity occurred). Therefore, the choice is made to remove it from the analysis.

5.2.1.2. Differentiating mobile traffic consumption within UGS

In order to assign traffic to parks, there’s a need for a methodology that can confidently

assign mobile traffic consumption to UGS. This is necessary in order to select BS that

have their traffic mainly generated inside those spaces, excluding the ones that may have

the demand shared within the neighboring regions. This methodology proposes a trade-

off to maximize the data quality, resulting in a reduced number of studied spaces but

minimizing the traffic generated from neighboring spaces falsely assigned to green areas

(i.e., false positives).

This is done by creating the Voronoi geometries taking into account the azimuth angle

(as discussed in Subsection 3.6.3). This allows selecting antennas that not only are near

the UGS but also have their coverage focused in these spaces. This idea achieved previous

success in detecting highway congestion through mobile network records, maximizing the

avoidance of mobile traffic generated outside the desired spaces [91].

579.4% if the mentioned encrypted and protocol data are not considered, which would not be used in
the analysis either way
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The UGS geometries in France are obtained from OpenStreetMaps and are overlapped

with Voronois (following the methodology discussed in Subsection 3.6.4). The objective

is to choose only antennas mostly covering green areas, discarding any with significant

coverage of spaces outside parks. To quantify the accuracy of the traffic correctly assigned

to a park and its surroundings, a set of metrics is determined.

Considering the set of selected parks as ∀p ∈ P , and the set of voronois as ∀v ∈ V ,

the illuminated park ratio between a certain park p and antenna v is defined as:

Ipv =
Av ∩Ap

Av
(5.15)

where [Ap, Av] are the respective areas of park p and antenna v; a value equal to zero

indicates that antenna v is not covering the park, while a value equal to 1 means the

entire coverage area of the antenna is inside the park. The desire is to maximize Ipv∀[p, v]

in for the set of V .

After calculating Ipv for [P, V ], a relation between the areas of parks and expected

coverage is observed. As it can be seen in Figure 5.14a, the median area of Voronoi Av

inside the studied urban area is two orders of magnitude higher than the median area

of parks Ap, with the 5th percentile of Av being on a similar scale as the 95th of Ap.

This means that a good portion of UGS may be too small to be correctly assigned traffic

exclusively generated inside their area, as the covering Voronoi will be significantly bigger

than it, making it hard to disassociate traffic in it versus from the streets. Therefore,

it’s a better choice to utilize only parks that have their area Ap > α, where α will be

the minimum park area threshold Figure 5.14b shows that the illuminated park ratio gets

significantly better the bigger the area of the park. Therefore, it’s important not only to

select antennas that have their coverage mainly inside parks, but also where the filter will

benefit from cutting parks that may be too small for the problem.

To select the final set of UGS with good coverage and the antennas covering them,

two additional metrics are defined to evaluate Ipv, Ap, and Av. Consider a park p with

area Ap, covered by a set of Ṽ antennas: a given antenna v ∈ Ṽ with area Av will have it’s

area illuminating Ap defined as the overlap Aiv = Av ∩Ap. The area of Av outside Ap will

be the relative complement Anv = Av\Ap, which is also equal to An = Av −Ai. Consider

β as the minimum accept threshold of illumination Ipv. Therefore, the set Ṽ will be split

in two: Ṽsel is composed by {∀v ∈ Ṽ | Ipv > β}; Ṽcut is composed by {∀v ∈ Ṽ | Ipv ≤ β}.

The precision in the coverage of antennas v ∈ Ṽ covering park p is defined as:

precisionp =

∑

v∈Ṽsel
Aiv

∑

v∈Ṽsel
Aiv +

∑

v∈Ṽsel
Anv

(5.16)
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Figure 5.14. (a) Boxplot of the areas of parks Ap and Voronoi Av, where whiskers indicate the
5th and 95th percentiles; (b) Relation between the illuminated park ratio Ipv and park area Ap,
where the Pearson correlation is 0.61, indicating that for parks with bigger area, it’s more likely
to guarantee that the traffic generated is mostly exclusive by users within those spaces.

The recall can also be defined as:

recallp =

∑

v∈Ṽsel
Aiv

∑

v∈Ṽsel
Aiv +

∑

v∈Ṽcut
Aiv

(5.17)

Finally, the quality of coverage in park p will be:

Qp = 2 ∗ precisionp ∗ recallp
precisionp + recallp

(5.18)

Only UGS above a minimum coverage threshold Qp > γ will be selected for the

analysis. The final goal is to select a set of values [α, β, γ] that results in the best set of

UGS and antennas, respectively optimizing: 1) minimum covered park area α, 2) minimum

illuminated ratio β, 3) minimum quality of coverage γ. From qualitative testings, the

chosen values for [α, β, γ] were [0.8, 0.1, 0.4].

5.2.2. Results from isolating mobile traffic consumption inside UGS

As expected, not all UGS could have mobile traffic confidently assigned to them,

with a considered certain that it was not generated in the neighboring areas. Indeed,

considering the full set of parks P which contained 2406 parks, only 47 were selected for

this analysis (seen over space in Figure 5.15a and detailed in Table 5.5). This was due to

the significant influence the UGS area Ap had on the quality of coverage Qp of each park:

as observed in Figure 5.15b, the smallest UGS (with less than 103 m2) had Qp → 0. As

the area grew, the quality of coverage proportionally improved, with all selected parks

having more than 104 m2.

This relation between Qp and Ap is greatly observed when looking at the Voronoi

geometries. Figure 5.15c showcases a selected UGS: Jardin du Luxembourg, a medium-
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Figure 5.15. (a) Distribution over space of the selected 47 UGS in Paris; (b) The relation
between the UGS area and the quality of traffic coverage; Examples of a (c) selected and (d) cut
UGS, showcasing the Voronoi covering them.

sized park in Paris. Two different sets of antennas are seen covering its space. First is

the set of selected antennas (in green), which are considered sufficiently covering the park

area, in relation to their total area Av. All of those antennas had Ipv > β. However, a set

of 3 antennas was removed (in red) due to having Ipv < β. Finally, considering the full

set of antennas covering this park, the final confirmation came from its Qp > γ, which

means the overall quality of coverage of the park is sufficient for the analysis to be done,

with also the total area of the park covered by the selected Voronois being above α. Not

all parks however had sufficiently good coverage. Figure 5.15d presents the case for a

cut UGS: Square Samuel Rousseau, a smaller park located in the 7th arrondissement

of Paris. As it can be seen, this park is covered by two antennas, but unfortunately due

to its smaller Ap, both the antennas had Ipv < β, which means it was not possible to

confidently distinguish park and neighbor mobile traffic consumption, leading to the cut

of this park from the analysis.
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osm_id Park name
Ap

(km2)
Cluster

4083189 Parc de Bercy 0.14 Touristic Parks
173204460 Parc des Buttes-Chaumont 0.25 Touristic Parks
53820452 Jardin des Tuileries 0.22 Touristic Parks
176234171 Square des Batignolles 0.02 Touristic Parks
305316290 Parc Pierre-Lagravère 0.29 Touristic Parks
43324060 Parc Georges Brassens 0.07 Touristic Parks
466176263 Cité Universitaire - Parc Ouest 0.07 Touristic Parks
466176883 Cité Universitaire - Parc Est 0.26 Touristic Parks
683921616 Jardin du Ranelagh 0.1 Touristic Parks
4050160 Parc Montsouris 0.16 Touristic Parks
6530383 Parc Jean-Moulin - Les Guilands 0.25 Touristic Parks
7574623 Parc de la Villette 0.33 Touristic Parks
7615434 Parc du Lycée Michelet 0.11 Touristic Parks
4430607 Bois de Boulogne 8.2 Touristic Parks
10885726 Domaine national de Saint-Cloud 3.69 Touristic Parks
4208595 Champ de Mars 0.28 Touristic Parks
142107768 Bois de Vincennes 9.8 Touristic Parks
2768926 Parc de Sceaux 1.73 Lunchbreak Parks
151567211 Parc André Citroën 0.09 Lunchbreak Parks
12273749 Parc Martin Luther King 0.1 Lunchbreak Parks
2826933 Parc Monceau 0.08 Lunchbreak Parks
154754263 Jardins Abbé Pierre - Grands Moulins 0.01 Lunchbreak Parks
13716106 Jardins du Trocadéro 0.14 Lunchbreak Parks
61366951 Parc Départemental des Chanteraines 0.71 Lunchbreak Parks
4221369 Jardin des Plantes 0.16 Lunchbreak Parks
14036411 Parc Suzanne Lenglen 0.19 Lunchbreak Parks
36902337 Parc Floral de Paris 0.33 Lunchbreak Parks
128206209 Jardin du Luxembourg 0.22 Lunchbreak Parks
10928376 Parc departemental Georges Valbon 3.09 Residential Parks
19578842 Parc de la Butte du Chapeau Rouge 0.05 Residential Parks
23411982 Parc des Sports du Grand Godet 0.21 Residential Parks
26374587 Parc Lefèvre 0.09 Residential Parks
29469692 Parc de la Fosse Maussoin 0.23 Residential Parks
34871331 Parc des Artistes 0.09 Residential Parks
91280888 Arboretum de Paris 0.13 Residential Parks
700409563 Parc des Saules 0.06 Residential Parks
39167900 Parc départemental du Sausset 2.01 Residential Parks
39239627 Parc des Sports - Plaine Sud 1.06 Residential Parks
448261881 Parc de la Vallée-aux-Loups 0.44 Residential Parks
44298483 Parc départemental des Lilas 0.82 Residential Parks
230599024 Parc départemental de la Haute-Île 0.73 Residential Parks
196945196 Parc Henri Sellier 0.25 Residential Parks
46172340 Parc départemental de la Plage Bleue 0.4 Residential Parks
1721301 Île de Loisirs de Créteil 0.8 Residential Parks
1060244887 Parc Nature du Plateau d’Avron 0.11 Residential Parks

Table 5.5. Selected parks, grouped by the cluster results.
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Key insights. It’s possible to isolate quality mobile network traffic measurements

that are generated within UGS, but there’s a significant need for caution in relation to

the area of those spaces. The methodology described can help better access this selection

process, and could also be adapted for other urban spaces.

5.2.3. The influence of UGS on smartphone usage

With the selected set of UGS, the characterization part of this study can start. The

first open question is: "Do green spaces lead users to interact with their smartphones

in different ways than in other points of the city?". In case this hypothesis is true, the

objective will be to differences the spatiotemporal traffic consumption in order to clarify

how and why parks may lead to different interactions of users with their smartphones.

5.2.3.1. Parks experience different temporal patterns of smartphone usage

This first step involves understanding the temporal aspect of mobile traffic

consumption within the studied spaces, i.e., is there any preference for traffic consumption

within UGS in relation to weekdays or weekends?

Figure 5.16a presents for the selected parks the distribution of the ratio of traffic

consumption across an average weekday versus an average weekend. Values above 1

mean the space has more traffic on an average weekday than an average weekend, while

values below 1 represent that average weekends have see more traffic consumption than

weekdays.

As it can be noted, there’s a significant variation across the values ([0.72, 1.86]). By

analyzing the edge values, an early insight into why those divergences happen appears:

The bottom three parks6 with the most weekend traffic are parks mostly oriented to nature

activities. Two are located outside of Paris and have a good number of trees and dense

green spaces, while the other (Parc Georges Brassens) is located on the outskirts of Paris

but has a good number of nature appreciation and leisure locations. Either way, all 3 of

those parks with higher weekend consumption are located in mostly residential areas. The

top three parks7 represent the ones where traffic is consumed more on weekdays. Those

are all more centralized within the urban perimeter of Paris and are all also located in

more mixed areas, where both offices (Monceau) and universities (Grands Moulins) are

located. Parc Monceau has a good mix of benches (which could be used as an escape

place during weekdays) and also sports activity features (such as a running track). The

park with the highest ratio consumption on weekdays is Parc Suzanne Lenglen, which

interestingly is the only dedicated sports center park included in the analysis.

Those initial results do not represent necessarily that nature and leisure parks lead

6Parc départemental de la Fosse Maussoin, Parc Georges Brassens and Parc de la Vallée-aux-Loups
7Parc Suzanne Lenglen, Jardins Abbé Pierre - Grands Moulins and Parc Monceau
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Figure 5.16. a) Ratio of traffic between an average weekday and an average weekend day, both
for individual UGS (in gray), the average across all UGS (in green), and the average across the
remaining of the city (in black). b) Distribution of RSCA values across UGS and the remainder
of the city, representing how popular (RSCA>0) or unpopular (RSCA<0) mobile applications are
across those areas. Markers represent the mean value, while lines represent the 95% confidence
interval of the values across selected areas.

to a reduction in smartphone usage. Instead, they show that smartphones are used more

on weekends, which could be hinted as a proxy for a bigger presence of users in those

locations on the weekends. What this could represent is that those outskirt nature parks

are preferred as weekend destinations.

Key insights. The temporal aspect of mobile traffic consumption is heterogeneous

across UGS, with preference varying between average use on weekdays and weekends. A

brief look into edge cases shows that UGS with more smartphone use on weekdays tend

to be more central and close to work and study places, while parks with more smartphone

use on weekends are located in the residential outskirts and have a more natural presence.

5.2.3.2. Preference for smartphone applications is different in parks than in

the rest of the city

Besides temporal changes, understanding and characterizing if mobile applications

are utilized differently inside UGS can help comprehend if those spaces lead to different

behaviors than the remaining areas of cities. As mobile service usage is significantly

heterogeneous across the users of the network, studying their variation over spaces can

help quantify how their presence in UGS may affect their smartphone consumption.

For this analysis, the set of 43 mobile applications grouped into 9 categories is (as

described in Subsection 5.2.1.1). The goal is to understand if certain groups of apps are

utilized differently in UGS, in relation to the remaining spaces of Paris. An important

aspect to note is that there’s a significant variation in traffic volume generated across

categories of mobile applications (i.e., video streaming apps inherently consume more
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traffic than news and information applications), which can result in volume bias in

the analysis of mobile services and lead to incorrect results in modeling algorithms.

To overcome this, the RSCA metric is utilized (as described in Subsection 3.5.5) to

compare the importance of applications across the studied areas, indicating how popular

(RSCA>0) or unpopular (RSCA<0) an app is in a certain area, in relation to all other

areas and apps. Those values are calculated across all categories of mobile applications

for 2 sets of spaces: 1) all selected UGS and 2) the remaining spaces of the city. It’s

important to note that while the set representing the remaining of the city will contain

green areas not selected, it can be assumed that those will not influence traffic since any

park-related pattern is diluted through the other patterns present in the city (and is the

reason those antennas were not selected).

The relative importance of applications across both groups is seen in Figure 5.16b,

where the mean values and the 95% Confidence Interval (CI) obtained are presented.

A few key differences in the usage of mobile apps within UGS can be highlighted: A

set of application categories is characterized by almost complete overutilization in UGS

while being underutilized in the rest of the city (with almost no overlap in their CI).

These categories are Music and News and Information. This means there’s a significant

preference for usage of those categories across all parks, which does not occur across

the rest of the city. Other categories also have this relation of over/underutilization in

UGS/city, but with a higher overlap of the CIs, which would mean less homogeneous

results across all areas that compose the distributions. This means there’s a preference

for usage of those categories in UGS, but some areas of the city may also present a

preference. This includes Fitness, Video, Shopping, and Travel applications.

A few categories present the opposite: less importance in UGS, when compared to

a higher preference of usage in the rest of the city. For example, Social Media apps

show a very clear distinction, where all UGS present RSCA values below 0, while the

majority of the city presents values above 0. This could mean that there’s a significant

underutilization of social media apps within UGS. This could have a few causes: at first,

it can be said that green spaces would drive an overall reduction of smartphone usage,

leading to less use of social media (which is one of the highest generators of mobile traffic).

But, as previously noted, other categories had an overutilization in UGS, so this would

not be the sole case. A more probable cause could be that users would have other stimuli,

leading them not to crave the classical stimulus resulting from Social Media. As previously

observed, users would be more willing to listen to music or read more traditional websites,

instead of social media. Similarly, Gaming applications also have a clear underutilization

in UGS, while their patterns are more heterogeneous across the city (some spaces with

over, while others with under, due to the CI). The explanations for the underutilization

of Gaming applications could be similar to Social Media, as those would also be less

interesting for users in UGS as they’d tend to be less idle and have more outside stimulus.
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Finally, it’s interesting to note that Productivity apps have an underutilization across

the city, but do see some overutilization in some UGS. While this sounds counterintuitive

at first, this could represent the heterogeneity in types of parks and the locations they’re

placed within the city, as some users could go to central parks close to their work locations

and still check their e-mails and have work calls. This will be explored later during

Subsection 5.2.4.1.

It’s important to note that the CI of RSCA values has a great variation in the

importance (fluctuating between under and overutilization) of most categories among

green and non-green spaces, which indicates that some UGS may have usage diverging

from the overall trend, requiring an extra analysis in how different parks may lead to

different patterns of smartphone usage.

Key insights. The preference of which apps are utilized more in parks is different

from the rest of the city, with apps related to Fitness, Music, News, Shopping and Travel

being used more in parks, while Social Media and Gaming categories see a decrease in

usage. The drops in usage of those two categories could be linked to a reduction in idleness

in those spaces, leading users to crave less for those types of applications. Still, the CIs of

RSCA are high, indicating a heterogeneity in the preference of applications within parks,

signifying that not all parks influence smartphone consumption on the same way.

5.2.4. The heterogeneous influence of UGS over smartphone use

After confirming that it’s possible to differentiate UGS mobile traffic, noticing that

they have significant temporal variations in their traffic consumption of mobile services

and that this differs in UGS in relation to the city, the next step is to explore why those

changes are happening, especially in order to understand the heterogeneity of behaviors

in parks which could be noted by the wide CIs of the UGS RSCA. This next set of results

presents a quantitative analysis of the differences in smartphone usage and mobile traffic

consumption across the selected set of UGS.

5.2.4.1. Clustering parks according to preferences in applications

In order to identify and quantify what are the differences across UGS in relation to

smartphone usage, a hierarchical clustering algorithm is performed, selecting as features

the ratio of traffic on weekdays vs. weekends (seen in Figure 5.16a), as well as the RSCA

across the app categories (seen in Figure 5.16b). The details are also seen in Table 5.5.

After running the clustering, the Silhouette score is used to determine the optimal cut of

the dendrogram resulting from the clustering algorithm, leading to a total of 3 groups of

UGS in relation to those features.

The spatial distribution of the 3 classes can be seen in Figure 5.17a, with the median

week of traffic for each cluster being presented in Figure 5.17b. By analyzing the regions
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where each cluster element is located, as well as their temporal patterns, names are given

for each: Residential (in blue), Touristic (in red), and Lunchbreak parks (in green).

Next, a further exploration of the resulting clusters will be made. Firstly, the

Residential cluster (blue) is characterized by parks that are located in the suburban

parts of metropolitan Paris (known as Banlieu and composed of cities in the departments

of Hauts-de-Seine, Seine-Saint-Denis and Val-de-Marne). According to the 2017 Census,

68% of the inhabitants of the metropolis of Paris live in this area, which is considerably

less dense than the center of Paris and more focused on residential areas. Interestingly,

the UGS inside this cluster are the ones with the lowest consumption of traffic amongst

the studied set: they consume on average 55% less traffic than the other parks studied.

Next, the Lunchbreak group (green) is present in areas denser with offices and

universities. But, more than just the space, what truly brings those parks together is

the temporal aspect of their traffic consumption: as observed in Figure 5.17b, their traffic

is highly concentrated within weekdays (the median traffic on a weekday is 58% higher

than the median traffic during weekends). As expected, UGS of this cluster dominates

the right side of Figure 5.16a. These UGS are generally smaller (median area of UGS

inside this cluster is 36% than other clusters) and less touristic, where regular users may

not necessarily live in this area, but actually are working/studying in the surroundings

and utilizing them during their breaks (i.e., having lunch).

Finally, the Touristic cluster (red) represents mainly parks either located in tourist

areas of Paris (i.e., Jardin des Tuileries) or known by their own attractions (i.e., Champ

de Mars and Eiffel Tower; Parc de la Villette and the Cité des Sciences et de l’Industrie

museum and concert venues). Interestingly, these UGS have the most even distribution

of traffic across weekdays and weekends, with working days having only a median of 7%

more traffic than weekends. This could be explained due to these UGS being popular

throughout all days, which could relate to the regions they are in and their purpose,

especially in a town with such a tourist presence as Paris.

Further exploration of the relation of the temporal relation of traffic consumption

inside UGS and their overall traffic, in relation to each obtained cluster, can be observed

within Figure 5.17c. Here, the y-axis represents the ratio of weekday/weekend traffic,

where initial separations between clusters can be seen: all parks within the Lunchbreak

cluster are above the 1.2 value (median weekday traffic is 20% higher than the median

weekend day), with solely one park of the two other clusters ever being above this

threshold. An interesting example is the park with the highest ratio, Park Monceau,

which is located in a mixed area with many offices and embassies. Around the value of

1 of the y-axis, there are the parks that have a uniform distribution of traffic through

the week, and here there’s a quite equal distribution between Residential and Touristic

parks. Below 1, there are the parks that are more heavily centered towards weekend

traffic consumption, which are major parks in the Residential group.
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Figure 5.17. a) UGS Clusters over the space of Paris; b) Median week of total traffic per cluster,
where the shade represents the 95% confidence interval of the distribution of parks inside each
cluster. c) Distribution between the ratio of weekday and weekend traffic, versus the overall traffic
of each park. Colors represent the clusters.
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Meanwhile, the x-axis of Figure 5.17c represents the z-scored park traffic, where values

above 0 mean that a park is above the median traffic of the set (i.e., a z-score value of 1

represents that a park has its traffic 1 standard deviation above the median), while values

below 0 represents parks with traffic below the median. This gives an interesting insight

into the traffic distribution of the UGSs per cluster: the parks below the median mobile

traffic consumption are majorly within the Residential cluster, which also tend to be parks

with a denser nature presence (such as the Arboretum de Paris and the Parc Nature du

Plateau d’Avron). It could be noted that due to the features those parks have, their

intended use drives people to utilize less than their smartphone than the remaining set of

parks. On the opposite end of the axis, are the parks with a higher traffic consumption

on the set, which is dominated by parks in the Touristic and Lunchbreak parks. The park

with the highest traffic consumption is the Jardin des Plantes, which is located in a very

central region of Paris very near Sorbonne University. Another interesting region is two

other parks with very high traffic consumption amongst the UGSs, Parc Pierre-Lagravere

and Parc Jean-Moulin-Les Guillands, both located in the suburban areas of Paris but

not in the Residential cluster. Interestingly, both parks are extremely new, with modern

buildings and big fields; this is a big contrast to other green spaces in the suburban part

of metropolitan Paris.

Those results show that while geographical location plays a big role in how parks

influence smartphone and mobile application utilization, there’s an underlying factor

related as well to the features of the park: parks within a city are not homogeneous

and have significantly different intended usages, and this is a major factor driving how

users interact with their devices within those spaces.

Key insights. Parks can be clustered together solely using their preferences in mobile

traffic consumption. Those clusters are related to where parks are (Touristic, Work, or

Residential areas), which shows a relation between the context where the park is located

and how they may affect the usage of smartphones.

5.2.4.2. Clustered UGS present a difference in how mobile apps are used

The next step will be to explore how the mobile application categories are being

used inside each cluster, as well as the relations that traffic being used on a weekday or

weekend could have for each of those clusters in relation to app utilization. Following the

same methodology of Section 5.2.3.2, the RSCA is calculated for each mobile application

category within clusters on Figure 5.18. This result provides more context to the results

previously seen in Figure 5.16b. It can be noted that the previously wide CI observed in

UGS is broken down into clusters that may have, for the same application category, both

an under and an overutilization of the same category. This proves the hinted heterogeneity

observed in the full set of parks, and it can definitely be noted that the impact of park

types in how applications may be consumed differently in urban green spaces.
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Figure 5.18. RSCA per application, discretizing the traffic on weekdays and weekends. Markers
represent the mean values, while lines represent the 95% confidence interval of the values across
parks on each cluster.

By analyzing each cluster, it’s possible to better understand how different mobile

applications are utilized within the categories of UGS. The RSCA values were also split

between weekdays and weekends; this is motivated to understand if not only green spaces

have different usages across the city, but also if the relation of weekdays and weekends

affects the way parks and smartphones interact.

In the Residential cluster, app usage is consistent across weekdays and weekends. The

exception is Productivity apps, which are used more on weekdays across all clusters, as

expected. Social Media and Music apps are underutilized in Residential parks. This

differs slightly from the overall results, where Social Media apps were also underutilized,

but Music apps were important in the aggregated set of parks.

In the Lunchbreak category, which includes urban green spaces near workplaces and

universities in central Paris, there is significant variation in app usage between weekdays

and weekends. This change reflects the temporal dynamics of these areas: weekdays see

a work-related population, while weekends see different users, shifting app preferences.

All app categories except Shopping exhibit this pattern. For instance, Fitness apps are

underutilized on weekdays but see a slight overutilization on weekends, suggesting that

these parks become more like Residential parks on weekends. Conversely, Social Media

apps are overutilized on weekdays and underutilized on weekends, indicating that workers

use these parks to relax while staying connected during the week but engage in different

activities on weekends. Additionally, video streaming apps gain importance on weekends,

similar to their usage in Residential parks, further highlighting that Lunchbreak parks

adopt a more residential-like usage pattern during weekends.

Finally, UGS from the Touristic cluster had a constant influx of traffic throughout

the week and were mainly centrally located near famous city landmarks. These UGS
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Figure 5.19. Relation between the ratio of weekday/weekend mobile traffic and socioeconomic
indicators, with colors representing the obtained park clusters based on smartphone usage. Pearson
correlation of the full set between traffic ratio and socioeconomic indicators are [0.4,0.31,-0.32],
respectively.

saw heavy social media use during the week, dropping to underutilization on weekends,

similar to the Lunchbreak cluster. Other categories showed similar patterns, reflecting

the dynamic use of central parks by different populations on weekdays and weekends.

Unlike Lunchbreak parks, the Touristic group did not see increased video streaming on

weekends, indicating a consistent use pattern due to their central locations and Paris’s

status as a tourist hub.

Key insights. Fitness apps are more popular in Residential parks, while social media

apps dominate in Touristic and Lunchbreak parks. Social media and productivity apps

are less popular on weekends in Touristic and Lunchbreak parks, a variation not seen

in Residential parks. This suggests central city parks have multipurpose roles, while

residential parks have more singular usage patterns.

5.2.4.3. Link smartphone usage in parks with socioeconomic aspects

The 3 groups of UGS obtained from the clustering analysis reveal an additional

pattern: spaces in each group can be put together due to the type of urban space they’re

in, in relation to their socioeconomic indicators.

Results are presented in Figure 5.19, representing the relation between the ratio of

traffic on weekdays vs. weekends and three indicators about the socioeconomic status of

areas where each green space is located: median income, Gini index, and the distance to

the center of the city. It’s interesting to note that through the 3 presented plots, a clear

separation between the clusters is present, even though none of the socioeconomic features

was utilized in the clustering process; this could indicate that the usage of smartphones

in parks has a linkage to the socioeconomic status of areas.

The discussion begins with the unsurprising result that suburban UGS are the farthest

from the city center. These parks have the least mobile traffic on weekdays, with higher

usage on weekends. Contrary to expectations, people use their phones more during leisure
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hours on weekends in suburban green spaces. The plot points, representing median traffic

consumption, confirm this higher weekend usage. There’s a slight negative correlation

(Pearson = −0.32) between distance from the city center and weekend vs. weekday mobile

traffic, indicating that the farther a park is from the center, the higher the weekend traffic,

while closer parks see more traffic on weekdays.

Next, the relation of income and its inequality to smartphone usage in green spaces is

examined. Both median income and Gini index show a positive correlation (Pearson = 0.4

and 0.31, respectively) with the ratio of weekday to weekend traffic. Higher-income and

inequality areas see higher median traffic on weekdays compared to weekends. Suburban

UGS, with the lowest income and greatest wealth equality in Paris, has the highest

weekend smartphone traffic. In contrast, Lunchbreak and Touristic parks, located in

wealthier central Paris, show higher income and inequality. Touristic parks have a more

balanced traffic ratio between weekdays and weekends, while Lunchbreak parks experience

higher weekday traffic.

This leads to an explanation of the heterogeneous patterns previously observed across

parks, and as expected, the locations where they are within cities will drive different

usages of the green spaces. Not all green spaces are equal, and the area they are located

will drive different planning of their features, different people utilizing them for different

reasons, leading to a vast array of interactions with users’ mobile phones.

Key insights. Residential parks, located farthest from the city center, have lower

income and lower inequality, indicating a more homogeneous population and explaining

their single-use behavior. In contrast, Touristic and Lunchbreak parks, closer to the city

center, exhibit higher income and greater inequality. The diverse user base in these areas

likely accounts for the varied smartphone usage patterns observed in these green spaces.

5.2.5. Main takeaways

This section presents an analysis using mobile traffic data to study the behavior of

specific urban locations, focusing on how green spaces relate to smartphone and mobile

app usage patterns. The new methodology demonstrates that, despite the limitations of

isolating mobile traffic in small city areas, it’s possible to identify unique mobile traffic

patterns within green spaces that differ significantly from other city areas.

The results indicate that UGSs are not homogeneous: their geographical locations and

features are intrinsically related to user-smartphone interactions. This study fills a gap

in the literature by providing a large-scale quantification of overall app usage in parks,

highlighting the diversity of usage patterns based on park type and temporal variations.
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6 Impact of special events on
mobile traffic

The study of mobile network measurements can lead to important insights into the

spatiotemporal patterns of traffic consumption. As previously observed in Chapter 5, the

use of explanatory techniques can help to uncover long and short-term user behaviors.

However, not all patterns observed within the network are routine: through the

observation of the data, many anomalous events can be noted, some caused by network

disturbances, others caused by unprecedented events, resulting in differences in the

interaction between users, smartphones, and the mobile network.

With this in mind, this Chapter is interested in studying such anomalous events caused

by users of the mobile network, in order to leverage insights about how such events may

shift the overall and per-application traffic demands, in both the temporal and spatial

dimensions. Such events can be sensed by either an over-utilization of certain applications

(e.g., people recording an unexpected public event and posting in their social network)

or an under-utilization (e.g., a closed area for construction works and a BS that would

usually see many users has an unexpected drop in demand). Those disturbances in the

daily routine can be passively captured by the mobile network measurements, allowing

researchers to study such anomalies, how they may impact the lives of citizens, as well as

how they may impact the functioning of the mobile network.

This chapter will explore the characterization of a group of significant anomalous

events through the lenses of the MNO. Section 6.1 will explore the nationwide impact of

the COVID-19 pandemic in France through 2020 and 2021 in mobile networks, uncovering

how the restriction measures shifted traffic demands. Section 6.2 will extend the COVID-

19 characterization, but focus on the impacts within the major urban cities in France, and

how those observed shifts can be related to the socioeconomic status within the studied

cities. Finally, Section 6.3 will characterize the Pension reform strikes that happened in

2023, focusing on understanding how large manifestations may affect the temporal traffic

consumption which applications are mostly affected, and how those insights can help build

a framework capable of identifying the protest throughout the city.
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6.1. Impact of COVID-19 measures on mobile traffic

The COVID-19 pandemic has affected lives worldwide in a way that is unprecedented

in modern times. The response measures that governments have adopted to contain

the virus have changed the lifestyles of billions. Under severely restrained mobility

regulations, the telecommunication infrastructure has played a key role, allowing people

to communicate, work, entertain and even carry out physical activity in the most normal

way possible. As proven by early studies, this has determined significant changes in the

use of networks [108], [113].

This Section contributes to the body of knowledge about the impact of the COVID-19

emergence on network usage, by focusing on mobile services, or apps, and investigating

how their consumption has evolved throughout periods characterized by different

pandemic containment measures.

To this end, an analysis is made of the demands generated by hundreds of apps in

the whole territory of France. The modification of such usages is observed across seven

months from 2020 to 2021 and correlates with the heterogeneous restrictions enacted by

the local government over that time frame. This study builds on mobile data traffic

information collected in the nationwide infrastructure of Orange. The spatial scale and

penetration level of the data allow for exploring also the geographical dimension of mobile

service usage changes.

The perspectives taken in this work, combining individual mobile services, multiple

response measures, and both temporal and spatial dimensions of the phenomenon, have

not been explored by previous studies on the impact of COVID-19 on network traffic.

6.1.1. COVID-19 measures in France

During the first two years of the COVID-19 pandemic, France experienced 3

nationwide lockdowns, intertwined by periods with varied responses. A visual example of

the evolution of the pandemic1 is illustrated in Figure 6.1, along with the 7-day moving

average of daily cases in France [215]. The first lockdown (March 17 – May 10, 2020)

forced the majority of public places, including schools and restaurants, to close, social

gatherings to be forbidden, and personal mobility to be limited to essential tasks, leaving

only essential services open, with citizens asked to avoid gatherings and reducing as much

as possible their mobility, which includes working from home when possible banning all

travels except related to professional activities, buying supplies and health or family

emergencies. As in many countries in Europe, the subsequent period (May 11, 2020

– October 29, 2020) was characterized by a progressive lift on the restrictions, with a

re-opening of public spaces under the requirement to preserve social distancing. The

1Further details can be seen on: https://www.gouvernement.fr/info-coronavirus/
les-actions-du-gouvernement.

https://www.gouvernement.fr/info-coronavirus/les-actions-du-gouvernement
https://www.gouvernement.fr/info-coronavirus/les-actions-du-gouvernement
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Figure 6.1. Timeline of COVID-19 cases and responses in France.

growth of COVID-19 cases later (October 17 – October 30, 2020) pushed authorities to

enforce a 9 PM – 6 AM curfew, first in a few major cities and then in the majority of the

country. A second nationwide lockdown followed (October 31 – December 14, 2020), with

similar measures to the first one, except for primary and secondary schools staying open.

Afterwards, non-essential services started to re-open, and travel restrictions were lifted,

but an overnight curfew was maintained between 8 PM and 6 AM (December 15, 2020 –

January 15, 2021). The curfew was later (January 16 – April 2, 2021) anticipated to 6 PM.

A new increase in infections determined varied local measures, with an announcement by

the government in March 31st for the third national lockdown (April 3 – May 4, 2021); non-

essential travel was again prohibited, and schools closed, but with lighter measures overall.

This period was again followed (May 5 – May 30, 2021) by a progressive lift of restrictions,

where nonessential travel was allowed again, with nonessential shops reopening on May

19th, as well as shifting the daily curfew hours to 9pm - 6am. Restaurants were allowed

to reopen on June 9th, and the daily curfew was abolished on June 20th of 2021. On

a side note, vaccination started in France on December 27, 2020, but the incidence was

not substantial during the observed period, with only 16.35% of the population fully

vaccinated by May 30, 2021 [216].

This study will cover the period from October 2020 to May 2021, hence encompasses

two lockdowns (l1 and l2 in the following), and three curfew periods (c1, c2, and c3).

The rationale is that previous studies explored the impact of the first lockdown and

subsequent period on mobile traffic; the aim is instead to investigate if and how diverse

response measures have affected mobile service usage at later stages of the epidemics.

By adopting such an approach, new insights are provided into the spatial and temporal

dynamics of both total traffic and demands for specific services, which stem from the

succession of more and less restrictive pandemic response strategies.

6.1.2. The impact of COVID-19 on temporal patterns

In the first part of this analysis, a focus is made in the temporal dynamics of mobile

service usage over the whole country of France, looking at both demand volumes and
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Figure 6.2. Total traffic volume transiting in the Orange mobile network during the observed
seven-month period, as a color scale (top), time series (middle), and linear interpolation over time
periods with different responses (bottom).

typical weekly patterns throughout the studied period.

The following notation will be used. Let ds
c(t) be the demand for service s ∈ S

recorded in commune c ∈ C at time t; dc(t) =
∑

s d
s
c(t) will be refereed as the total demand

generated by all services in c at t, and ds(t) =
∑

c d
s
c(t) will be the demand for service s

at time t over the whole country. Similarly, the global demand at t is d(t) =
∑

s

∑

c d
s
c(t).

Six macroscopic time periods will also be defined, each associated with different pandemic

containment measures: Tl1, Tc1, Tc2, Tl2, Tc3 denote the time span of the periods in the

subscript. Also, T21 is the concatenation of all these periods.

6.1.2.1. Changes in mobile traffic volume

To analyze the volume, the temporal granularity will be reduced to days, as this will

be an easier resolution to work with a 7-month-long time interval. Therefore, t indicates

the day over which the demand is aggregated. Trends in total mobile traffic data will be

explored, with a later dive into the dynamics of individual app usage.

Total traffic. The evolution across days for the volume of total traffic recorded

between October 2020 and May 2021 is displayed in Figure 6.2. A standard score

normalization is used in this and in all subsequent time series of the section to avoid

disclosing the actual traffic volume of the operator, which is deemed sensitive information.

Formally, the standard score of daily total traffic in T21 is

z(t) =
d(t) − 1

|T21|

∑

t∈T21
d(t)

1
|T21|

√

∑

t∈T21

(

d(t) − 1
|T21|

∑

t∈T21
d(t)

)2
. (6.1)

It can be seen how the first lockdown l1 generated a significant drop in overall mobile

traffic consumption, while the second lockdown l2 had a softer reduction effect. The

linear interpolation at the bottom of the plot helps visualize those trends. After both

l1 and l2, mobile traffic consumption recovered fairly slowly, as c1 and c3 are both
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characterized by fairly constant loads in time. c2 is the only period where mobile traffic

sees a more representative growth, which used to be the norm in pre-pandemic times [217];

the reduced growth at the end of c2 is explained by several densely populated departments

of France already started local lockdowns a couple of weeks before the nationwide one.

Key insights. The strict restrictions during lockdowns reduced the utilization of

mobile networks, as was seen for the early stages of the pandemic [113], and this analysis

shows that this reduction remained present in the later stages. Surprisingly, milder

restriction measures such as curfews did not reduce mobile traffic, but allowed for a slow

recovery of consumption levels after the stricter restrictions were over.

Individual mobile services. The next question to be understood is if the total

traffic dynamics was homogeneous across services, or if specific sets of apps behaved

differently through the restriction periods. To understand this, the daily traffic of each

application will be normalized over the seven months of data2

To answer the question, each service is described as its normalized daily time series

zs(t) over the seven-month observation period3 as:

zs(t) =
ds(t) − 1

|T21|

∑

t∈T21
ds(t)

1
|T21|

√

∑

t∈T21

(

ds(t) − 1
|T21|

∑

t∈T21
ds(t)

)2
. (6.2)

It’s worth mentioning that this normalization makes the temporal volume of different

apps comparable, as it removes the bias of volume due to popularity and different demand

levels due to content type. This makes it possible to directly compare time series by

calculating the Euclidean distance across them, which can be used to construct a pair-

wise distance matrix to cluster the behaviors. The methodology chosen here is hierarchical

clustering using Ward algorithm [187], with both the Silhouette score [218] and Dunn

index [219] being utilized to choose the ideal number of clusters. By observing both

stopping criteria, a number of 18 clusters is chosen.

A comprehensive description of the 18 clusters is given in Table 6.1. This reveals the

complex dynamic of the temporal evolution of apps under COVID-19 restrictions, which

would be overlooked if the analysis solely focused on total traffic dynamics. Many of those

clusters present trends akin to the COVID-19 containment measures enforced throughout

the period of observation: some, like B, H or N, show steady patterns across all periods;

others, like C, are characterized by a growing popularity; and others, like G, suffer from

a fairly consistent loss of users. Instead, the interest is on dynamics that can be linked,

even if only in certain periods, to response to the restriction measures.

Focusing on clusters clearly affected by the pandemic, A, D, E and F all show a
2Filtering out vacation periods, as those have their own disturbances to mobile traffic usage which are

not necessarily correlated to the pandemic.
3Here, data is filtered out from the data and subsequent analysis of zs(t) all vacation periods, which,

as it will be later seen, can severely affect apps usage. By doing so, it’s ensured that the results do not
reflect (dis)similarities among services caused by the way they are consumed during holidays.
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Cluster Description Samples

A
No weekly pattern, increasing in L1, C2 or
L2; gaming and messaging apps mainly

WhatsApp, League of
Legends

B
Higher usage in weekends, steady over time;
video streaming and gaming apps mainly

Netflix, Youtube,
Steam, PUGB

C
Higher usage in weekends, increasing over
time; gaming apps mainly

MineCraft, Fornite

D

Higher usage in weekends, increasing around
L1 and L2; video streaming and gaming apps
mainly

Disney+, Apple Video,
CounterStrike

E
No weekly pattern, increasing in proximity of
L1 and L2

Pinterest

F
No weekly pattern, increasing in L1; gaming
and conferencing apps mainly

Zoom, Clash of Kings,
Angrywords

G No weekly pattern, decreasing over time Battle.net, Shazam

H
Slightly higher usage in working hours,
steady over time

N26, Dropbox

I
Higher usage in working hours, decreasing in
time; business apps mainly

Evernote, Twitter,
Microsoft Office

J No weekly pattern, increasing in C3 Prime Video, WeChat

K
No weekly pattern, noisy over time; OS
update services mainly

MS Windows Update

L
Slightly higher usage in weekends, noisy in
time; gaming apps mainly

World of Warcraft,
Playstation

M No weekly pattern, slightly increasing in C2 Psiphon, Coyote

N
Higher usage in working hours, steady over
time; office applications mainly

Gmail, Skype, Google
Docs

O No weekly pattern, increasing in C2 and C3
Telegram, TikTok,
Uber

P

No weekly pattern, increasing in C2 and
substantially more in C3; location-based
services mainly

TripAdvisor,
Foursquare, Spotify

Q
Higher usage in working hours, increasing in
C2 and C3

Google Maps, Waze,
AirFrance

R No weekly pattern, increasing over time Twitch, Google Meet

Table 6.1. List of 18 clusters issued by the clustering algorithm.
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(a) Cluster A (b) Cluster D

(c) Cluster E (d) Cluster F

(e) Cluster O (f) Cluster P

(g) Cluster Q

Figure 6.3. Time series of traffic volumes for different individual mobile services. The gray
shade highlights Christmas vacations, which have been disregarded to avoid biases, as explained
in footnote 1. Dashed lines separate the different restriction periods.
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significant increase in traffic volumes during the lockdowns. Sample time series of specific

services in those clusters are in Figure 6.3. Although there are discrepancies that make

the Ward algorithm cluster the apps separately, it’s observed in all cases sustained higher

traffic during l1 (in E, such as Pinterest in Figure 6.3c, and in F, such as Xiaomi Mi

Home in Figure 6.3d), during l2 (in A, such as Houseparty in Figure 6.3a), or during

both l1 and l2 (in D, such as Disney+ in Figure 6.3b). The reason for such dynamics is

simple: videoconferencing, on-demand television, social media, or smart-home managers

are all examples of mobile services that are more frequently consumed at home, where

people spend a much larger portion of time during lockdowns. It’s important to recall

that this analysis looks at traffic generated by mobile devices connected to the cellular

network, and not, e.g., to home Wi-Fi hubs. Therefore, the services in the clusters above

all demonstrate that a non-negligible portion of the Orange user population is actually

using RATs as a way to access the Internet from home.

Another notable behavior induced by COVID-19 is that of clusters that show a

dual behavior to the one above. Namely, O, P, and Q are curbed by lockdowns, and

record an increased usage during the relaxed measures in curfews. A closer look reveals

that the vast majority of these services are directly or indirectly related to personal

mobility: the limitations to movements determined by l1 and l2 clearly reduce their

utility. Interestingly, the dynamics are slightly different in apps for general mobility and

for more leisure-oriented mobility. The first case includes services with a marked working-

hour pattern (in Q, such as Google Maps or Waze in Figure 6.3g) and with more regular

usage (in O, such as Uber or Apple Maps in Figure 6.3e), and show moderate increase

in usage in both c2 and c3. Instead, apps targeting mobility during free time (in P,

such as Foursquare or TripAdvisor in Figure 6.3f) show a dramatic increase in usage in

c3, which can be attributed to the combination of more relaxed measures and inviting

weather conditions during that period.

To conclude the volume part of the analysis, it can be underscored how this approach

of considering individual apps is critical to reveal the richness of behaviors above. For

instance, Figure 6.4 shows the traffic time series of a number of popular video streaming

services. These mobile services undergo very heterogeneous evolutions in the observed

seven months, with volumes that are steady (e.g., YouTube, Netflix) and possibly higher

during working hours (e.g., Skype), declining (e.g., Zoom), or heavily dependent on

pandemic response measures (e.g., Amazon Prime Video). In fact, these services are

classified in different clusters during the analysis. Had video streaming been treated as a

single category, all this diversity would have been lost.

Key insights. Individual mobile services’ responses to COVID-19 restrictions

form a complex ecosystem of usage patterns. Simply analyzing total traffic volumes or

grouping services hides this complexity, potentially yielding inaccurate conclusions. These

results uncover diverse consumption patterns among individual services in response to
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(a) Cluster B (b) Cluster F

(c) Cluster J (d) Cluster N

Figure 6.4. Time series of traffic volumes for different individual mobile services in the video
streaming category, by micro-cluster.

restrictions. While some remain unaffected, others experience significant fluctuations

depending on containment measures. Certain service types exhibit clear correlations

between their nature and their reaction to restrictions.

6.1.2.2. Changes in temporal consumption patterns

An interesting question is whether COVID-19 measures not only impacted the volumes

of traffic transiting in the mobile network but also the temporal distribution. For instance,

previous works have shown that the typical difference between the hourly traffic pattern

in working days and weekends tends to disappear during a lockdown [107]. Here, hourly

traffic will be looked, i.e., the time index t denotes one specific hour, and weekly patterns

will be examined in both total and per-app traffic. Also, equivalent weekly patterns

computed from a three-month control period in 2019 will be used as a reference, so as to

understand if and how the daily activity has changed due to COVID-19 responses. T19

will be denoted as the set of hours t in such a control period.

The focus will be first put on typical weekly dynamics that are known to capture most

of the variance in the telecommunication activity of individuals [220], [221], and condense

the seven-month traffic dynamics into a median week signature [23]. Formally, the median

traffic in each hour of the week is computed as w(t) = µ0.5 {d(t)|t ∈ M(t)}, where µ0.5

denotes the median of the argument set, and M(t) is the set of same hours of the week as

t (e.g., Mondays at 8 AM). Then, the median week signature is obtained by applying the

standard score normalization in (6.1) to w(t) instead of d(t). It’s important to note that

disjoint M(t) is used for T21 and T19, so as to obtain independent median weeks during

and prior to the COVID-19 pandemic.
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Figure 6.5. Total traffic median week in target and control periods.

Figure 6.6. Distances between the median week signatures of individual apps (columns),
comparing pre-pandemic with COVID-19 periods (top rows), and different periods in 2020-21
characterized by varied response measures (bottom rows).

Figure 6.5 superposes the median week signatures for the considered COVID-19

response period and in the 2019 control period. While peak traffic hours stayed the

same, minor changes can be accredited to the enacted restrictions. First, remote working

sensibly reduced the need for daily commuting, which explains the disappearance of the

early-morning traffic peak in 2020-21. Second, evening peaks during the pandemic are

relatively higher than in 2019, which is likely caused by mobility limitations that forced

people at home from late afternoon onwards, consistently through the observation period.

Third, it can be confirmed that the reduced diversity between working and weekend days,

which tend to be closer during COVID-19 than they were before.

The analysis is repeated on a per-app basis. First, it’s computed ws(t) =

µ0.5 {ds(t)|t ∈ M(t)}, for each mobile service s, and derived the app-specific median week

signature applying in (6.2) to ws(t) instead of d(t). In this case, separate median weeks can

also be produced for Tl1, Tc1, Tc2, Tl2, and Tc3, so as to assess the impact of restrictions

on the weekly patterns of app usage.

As median week signatures are also standardized, they can be directly compared.

For each service independently it’s computed the dynamic time warping between its

signatures in different periods, i.e., l1, c1, c2, l2, c3, and in the 2019 control period.

Figure 6.6 shows the result for all mobile services, along columns; the first five rows show

the distances of the 2019 median week and those in l1, c1, c2, l2, c3, respectively. The

following rows report the distances between different periods in the epidemics, i.e., l1–c1,

l1–c2, l1–l2, l1–c3, c1–c2, c1–l2, c1–c3, c2–l2, c2–c3, and l2–c3.
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(a) Skype (b) YouTube

(c) Netflix (d) Uber

Figure 6.7. Median week signatures of representative mobile services in the 2019 control period
and in the 2020-21 target period.

Most apps do not show any significant change in their weekly pattern (i.e., have

near-zero or negative distances in all rows), hence the way they are consumed is hardly

affected by the pandemic. Among the mobile services that show some diversity (i.e., have

positive distances), those on the left (group 1 in the plot) are less popular apps with

inherently bursty dynamics that tend to vary all the time, even within weeks of 2019.

More interesting is the group of services that show a clear distance between the control

and studied period, but no differences in periods within the COVID-19 pandemic (group

2 in the plot). The weekly usage pattern of these apps clearly reacted –in a uniform way–

to the restrictions.

The median weeks of representative mobile services in this group are illustrated in

Figure 6.7. A video calling application such as Skype adjusted to a strongly work-oriented

activity pattern, with high peaks in the morning and early afternoon, which also overflew

to weekends. Major video streaming services are also in the group of interest. Both

YouTube and Netflix saw their early morning peaks disappear, along with home-work

commuters who created such demands; given the large volume of traffic of these apps,

this also determines the same effect observed in the total traffic in Figure 6.5. In addition,

the incidence of evening traffic grew dramatically during weekends for Netflix, due to the

impossibility for people to enjoy nights out as in pre-pandemic times. Finally, with

COVID-19, private cabs were hired with Uber in a new pattern, with reduced hours of

operation in working days (owing to no commuting and early curfews), and no evening

peaks on Fridays and Saturdays (due to almost absent nightlife).
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Key insights. Weekly patterns in the total mobile data traffic show changes during

COVID-19, which are however mainly caused by a small subset of popular video streaming

apps. In fact, when the vast majority of mobile services are consumed does not change in

a significant way during the pandemic.

6.1.3. The impact of COVID-19 on spatial patterns

The next step will look whether the temporal changes above occur homogeneously

over the French territory, or are the result of geographically diverse effects of the epidemic

responses. Disaggregated data is leveraged at the commune level to this end.

Total traffic. This analysis starts by considering the total mobile data traffic and

computing the average traffic density in each commune during the 2019 control period

T19 and in the target 2020-21 period. Formally, d̄c(T19) = (1/T19) ·∑t∈T19
dc(t)/ac, and

d̄c(T21) = (1/|T21) ·∑t∈T21
dc(t)/ac, where ac is the area of commune c. Since the interest

lies in understanding if the relative geographical distribution of traffic has changed due

to COVID-19, the traffic density is standardized over space in each period, as

zc(T19) =
d̄c(T19) − 1

|C|

∑

c∈C d̄c(T19)

1
|C|

√

∑

c∈C

(

d̄c(T19) − 1
|C|

∑

c∈C d̄c(T19)
)2
, (6.3)

zc(T21) =
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In practice, zc is a measure of how the traffic density of commune c compares to that

of the average French commune.

The difference in the standardized traffic density between the 2019 control period and

the observed pandemic time span in 2020-21 is illustrated in Figure 6.8. The manifest

trend is a significant reduction of the relative importance of cities as the places where the

overall mobile traffic demands are generated. Negative differences, in dark blue, pinpoint

all large- and medium-sized urban areas in the country. Zoomed views are provided in

the bottom part of the figure for the 10 most populated cities: they show even better how

the phenomenon is strongly localized in urban centers, whereas the surrounding suburban

areas possibly experience a positive difference, i.e., increased contribution to the overall

traffic. Indeed, the higher incidence of countryside regions in also visible at a nationwide

scale, and is especially strong at locations well known to attract metropolitan inhabitants

during vacation periods4.

The result very neatly demonstrates how COVID-19 measures not only forced

inhabitants of major cities at home, so that they increasing relied on Wi-Fi access, and

4It’s important to recall that vacation days were filtered out from the data, whose impact would be
anyway diluted in seven months: the effect cannot be ascribed to holiday mobility.
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Figure 6.8. Difference in the standardized geographical distribution of traffic density between
2019 and 2020-21. Circles highlight the 10 most populated departments in France, for which
detailed views are in the bottom part of the figure.
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(a) l1–c2 (b) c2–l2 (c) l2–c3

Figure 6.9. Difference in the standardized geographical distribution of traffic density between
periods during the pandemic.

cut down their usual cellular network traffic; rather, it also pushed many people away

from city centers, and towards second/vacation homes, or greener places. As most people

kept working remotely, and relied on cellular access for Internet connectivity, such a

mobility caused the de-urbanization of mobile traffic consumption in Figure 6.8. In fact,

this phenomenon can be even broken down in time, across different periods during the

epidemics. Figure 6.9 shows a similar difference map, but computed for the l1–c2, c2–l2,

and l2–c3 period pairs. A striking effect emerge such that entering lockdowns, like c2–

l2, determine the effect described above, whereas transitions into more relaxed measures,

like l1–c2 and l2–c3 result in a return of traffic towards cities.

Key insights. Restrictive COVID-19 measures exert a very consistent reduction

of the contribution of all urban centers to the overall mobile traffic demand. Such de-

urbanization of traffic is promptly reverted once restrictions are loosened.

Individual mobile services. The dataset used for this study allows the exploration

of if and how the spatial dynamics above are altered when considering independent

mobile services, instead of their aggregated traffic. To this end, standardized traffic

densities zs
c(T⋆) are computed on a per-app basis and for ⋆ ∈ {l1,c1,c2, l2,c3}, by

(i) computing the average traffic density of each service in every commune as d̄s
c(T⋆) =

(1/T⋆) ·∑t∈T⋆
ds

c(t)/ac, and (ii) applying similar equations to (6.4) where it’s used d̄s
c(T⋆)

instead of d̄c(T21). This allows producing difference maps like those in Figure 6.9, for

each mobile service separately.

In order to discover macroscopic patterns, each combination of periods (e.g., c2–

l2) is studied independently. For each case, the maps above are summarized as the

probability distributions of the per-commune differences that compose them; then, the

pairwise similarity is computed between the distributions of all services, using the Jensen-

Shannon distance. This results in distance matrices like those depicted in Figure 6.10.

While those are just two samples, all have a similar structure, highlighting how most
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Figure 6.10. Sample matrices of pairwise distances between difference maps of each app. Left:
l1–c2. Right: c2–l2.

(a) l1–c2 (b) c2–l2

Figure 6.11. Difference in the standardized geographical distribution of Waze traffic density
between example periods.

services have low distance among them, and spatial dynamics that are aligned to those

observed for the total traffic. However, there exist apps for which the alternation of

lockdowns and curfews entails fairly unique geographical variations –pointed by high/red

values in the matrices.

Next, a few services with interesting spatial patterns of mobile traffic consumption due

to COVID-19 restrictions will be explored. The first one is Waze, in Figure 6.11. Here,

changes in the geography of the service traffic are bonded to the road infrastructure:

when exiting from the lockdown in l1, an increased incidence of national transportation

arteries is observed; this vanishes when entering again in the lockdown during l2, when

instead it can be noted a higher activity around larger cities. This type of behavior is

consistent with the fact that long-distance travel is cut out during lockdowns [114]; it

also corroborates the previous reasoning on the causes of the de-urbanization of mobile

traffic during lockdowns, which push people to move towards the close proximity of their
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(a) Paris (b) Lyon (c) Lille

Figure 6.12. Difference in the standardized geographical distribution of TripAdvisor traffic
density from c2 to l2, for 3 cities.

cities of residence –and use apps like Waze to find their way there. The second example

is TripAdvisor. Here, residential urban areas located around the city centers consistently

gain importance as mobile traffic sources when COVID-19 measures are tightened; city

centers themselves have the opposite trend. This is shown in Figure 6.12 for three sample

cities entering the l2 lockdown. It can be argued that these peculiar spatial dynamics

can be the results of lockdowns keeping workers far from downtown offices, and forcing

them to order delivery food from their homes.

Key insights. While the majority of mobile services follow global spatial trends

determined by COVID-19 control measures, some apps are affected in unique ways by the

transitions between restrictions. As this is due to the distinctive nature of such apps, an

in-depth analysis of their geographies across responses may have interesting applications

beyond networking, e.g., to study how mobility, working, shopping, or eating habits evolve

in different areas as a result of the pandemic.

6.1.4. Main Takeaways

A first investigation was conducted on the impact of late COVID-19 response measures

on the usage of individual mobile services, targeting a major European country, i.e.,

France, and a seven-month observation period that encompasses multiple lockdowns and

curfews. The presented results reveal a number of previously unknown behaviors in both

total traffic and specific service demands that result from the alternation of more or less

restrictive control strategies enacted by the French government.

By doing so, new substantial knowledge is contributed to the literature on the effects

of COVID-19 on telecommunication systems, by demonstrating the existence of unique

patterns in the reaction to COVID-19 measures for specific apps with a quite narrow

scope (e.g., targeting leisure mobility, e-commerce, or work activities) may pave the way

to the use of mobile service consumption as a data source for research in other domains.

Indeed, such data could offer unique insights to understand the behavior of individuals
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in the presence of pandemic containment measures, across social dimensions like personal

movements, shopping habits, or remote work schedules.

The key takeaways of this Section were:

An extremely rich and varied range of reactions is unveiled, showing that

individual mobile services have in front of restrictions of different severity; such

diversity was hidden in previous analyses that have focused on traffic aggregates or

service categories – and it’s shown that apps on the same categories can have very

heterogeneous behaviors.

Some services are more affected than others by later-stage control measures in

both time and space patterns, and detail representative cases.

It revealed that the pre-COVID-19 weekly activity peaks of the total mobile

data traffic have changed in a non-negligible manner one year into the pandemic,

due to shifts in the consumption of a few high-volume services.

It exposed the de-urbanization of mobile service usage during lockdowns, and

showed how less restrictive measures such as curfews reverse that phenomenon.

6.2. Modeling the impact of COVID-19 on mobile networks

As was discussed in Section 6.1, prior studies on digital usages focus on the earlier

stages of the pandemic, i.e., the so-called first wave and its consequent lockdowns, and

investigate its effects at coarse spatial granularity (e.g., aggregating data at the level of

countries or regions) and without separating individual digital applications (e.g., video

streaming versus social media). As it was seen in Subsections 6.1.2 and 6.1.3, the

dynamical changes of mobile app consumption are too heterogeneous to be aggregated

inside major categories, ideally requiring specific per-service analysis. Following the

results observed in a nationwide setting during Subsection 6.1.3, a question emerges

on whether the dynamics inside cities are homogeneous or not, i.e., how mobile traffic

consumption changes within major urban cities during the COVID-19 pandemic.

In this Section, the main goal is to close the above gap and explore the impact of

policies enacted during the later stages of the COVID-19 pandemic (i.e., waves following

the first one), across fine-grained neighborhoods in the largest cities of France at the

level of single mobile services. This approach yields a high-resolution analysis of the

consequences of governmental policies for COVID-19 containment on digital service

consumption from mobile devices and carries substantial explanatory potential via the

socioeconomic indicators typically associated with such geographical zoning.
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6.2.1. Data preparation and model selection

This next section will go over the extensive preparation needed for the data in order

to explore the inner city patterns of mobile traffic changes due to COVID restrictions, as

well as the model selection process.

The timeline of the COVID-19 pandemic in France, together with government

measures, was already discussed in Subsection 6.1.1. This study follows the same timeline,

but with a focus on the impact within cities. A visualization of the timeline and how it

fit into the data processing can be observed on Figure 6.13A.

6.2.1.1. Measuring changes in mobile service consumption

To explore the effects on mobile traffic consumption due to different restriction

measures applied by the French government, this study explores three key transitions

T⋆ of mobility restrictions at the later stages of the COVID-19 pandemic. Specifically,

⋆ ∈ {L,D1, D2}, denoting the change of measures when (i) entering the third lockdown,

(ii) leaving the third lockdown and transitioning into the following curfew, and (iii)

further lifting of restrictions into final light curfew, respectively, as seen in Figure 6.13B.

For every transition T⋆, traffic snapshots are obtained, representing the mobile demands

before and after the transitions. To this end, the mobile service demands is aggregated

in the period of 14 days immediately preceding the transition, as well as in the 14 days

after the transitional moment has happened, as exemplified in Figure 6.13B.

The median traffic of each IRIS is obtained over the periods before T⋆ − 14 and

after T⋆ + 14, followed by dividing the median traffic of each IRIS by its area in km2

to remove the bias in traffic volume at large areas. Next, a standardization is applied

on the before/after periods of each city by calculating the z-score of the traffic density,

subtracting the value of each IRIS by the mean and dividing by the standard deviation

of the selected set of IRIS of each city and period, so as to ensure that comparisons

among different time periods are fair and not biased by confounding factors (e.g., changing

traffic volumes). This results in values that highlight the importance of each IRIS for the

traffic generated at the selected area and period. In addition, standardization allows for

anonymizing the raw traffic values, which cannot be shared due to contractual obligations

with the network operator that provided the data for this research. Finally, a traffic

difference map is calculated, representing T⋆ by subtracting T⋆ + 14 and T⋆ − 14 and

highlighting the effects caused by restrictions imposed on cities at the IRIS-level; as an

example, Figure 6.13C shows the resulting traffic difference maps for Paris.

The analysis of transitions focuses on the evenings hours of workdays (Monday through

Friday, from 7pm to 1am). The rationale is that such periods best capture differences

induced by COVID-19 restrictions, for several reasons: (i) these hours represent a moment

of the day when people conclude their workday and commute, are at their home or visit
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leisure locations (if allowed by the restrictions); (ii) the time interval matches the peak

time of mobile traffic consumption in France during the pandemic [7]; and, (iii) these

hours help relate changes of traffic with geo-referenced socio-economic information that

is related to the place of residency as well as with data about leisure areas in each city.

This study considers the 10 cities with highest population in France: Paris, Marseille,

Lyon, Toulouse, Nice, Nantes, Montpellier, Strasbourg, Bordeaux and Lille; in each city,

mobile service demands are aggregated at the level of IRIS zones.

6.2.1.2. Handling spatial noise in traffic measurements

By observing the spatial distribution of traffic differences for each IRIS, the presence

of spatial noise in the collected data was noted. This leads to spatial cluster patterns

becoming less evident and an observed drop in model fitting performance. To avoid

this, a spatial lag will be applied on the mobile traffic data [222], by calculating the

neighborhood graph between IRIS using Rook’s distance, and the resulting smoothed

traffic difference will be the average between the value of the selected IRIS and its set of

neighbors. This process will help highlight spatial patterns, as well as perform a filter on

outliers (e.g., in a neighborhood all IRIS see an increase in traffic and there’s a single one

with a sharp decrease and no apparent reason for this behavior).

The collected data contains over 250 services with different degrees of traffic consumed.

Especially when analyzing at IRIS level, noise can be significantly present in services that

are less popular even with the aforementioned spatial lag, so not all services can be

studied on such a small level of geographical granularity. To overcome this, all services

are ranked by the total traffic generated. By observing their spatial distributions of traffic

consumption, additional applications are removed due to noisy patterns at IRIS level.

6.2.1.3. Selection of socioeconomic features

To correlate changes of traffic at IRIS level, a set of socioeconomic features collected

at the same granularity is used, as seen in Figure 6.13E. Those will be collected from

three sources provided by INSEE. The first base comes from the 2017 Census in France

[223], which is the most up-to-date Census that includes collection at IRIS level. From

the complete set, the features chosen are the population and its density by diving the

values by the area in km2 of each IRIS; this results in a better geographical distribution

of values, and also removes the bias that large areas may induce on the features.

The second base is related to revenue; as this was not covered in the 2017 Census a

2018 survey will be utilized, which studied revenue, poverty, and quality of life [224] to

obtain the median income in Euros per IRIS.

Finally, the third set used is the SIRENE base of enterprises and establishments in

France [225], which indicates the date of opening, if the place was still active at the
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time of collection (or if not, the date of closure), as well as the location. From this

base, the extracted features are the number of restaurants, bars, and nonessential stores

(i.e. shopping centers, tech stores), and calculated as the total number per IRIS of those

establishments and later divided by the IRIS area to obtain the density of leisure locations.

6.2.1.4. Modeling changes in traffic consumption concerning socioeconomic

features

A single model will be used for each transitional period T⋆ in order to have the

selected set of socioeconomic features predicting the mobile traffic differences due to

mobility restriction for all cities (which is performed first for total traffic and later for each

mobile service’s traffic). It was initially evaluated using a simple linear regression model

but quickly noted that R2 and Pearson correlation values were significantly low, which

could be linked to spatial auto-correlation error on the residuals previously mentioned.

It was then concluded the necessity of a linear model that takes into account the spatial

characteristics of the data and selected a Spatial Lag Model (SLM) [226], which is a linear

model and can be solved with traditional least squares methods and uses the spatial lagged

version of the dependent variable as a regressor. It is described as:

y = λWy + β1X + ϵ (6.5)

where y is the dependent variable, X is the matrix of features, Wy will be the spatial

lagged feature of the dependent variable y and ϵ N(0, σ2) will be a Gaussian noise term.

The goal is to estimate [λ, β]. In addition, two additional problems in the data have to be

dealt with: heteroscedasticity and outliers. Both can be tackled together by treating the

SLM as a robust regressor and solving it with an Iteratively Reweighted Least Squares

(IRLS) [227], [228]. Those significantly reduced the spatial dependency of the model.

Also, as the analysis is focused on coefficient values and not on the predictability power

of the model, there’s no necessity to split the set in train and validation.

6.2.2. Changes in total traffic at city level during the pandemic

Figure 6.13C shows maps of the changes in the overall mobile service demand in

Paris during the transitional periods TL, TD1, TD2, in terms of the increase or decrease

of mobile traffic consumption generated by the transition with respect to the previous

period. An evident heterogeneity of behaviors is noted across space (i.e., IRIS zones in a

same city) and time (i.e., transitions TL, TD1 and TD2), which suggest diverse responses

of the urban tissue to the COVID-19 restrictions in terms of digital usages. Such a

response is in fact so different that, at each transition, both growth and reduction of the

relative mobile traffic demands are concurrently observed in a same city depending on

the neighborhood considered. This divergence was impossible to observe previously in
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the nationwide analysis of Section 6.1, due to the granularity being city-level, i.e., only

the median behavior of cities was observed, with the inner behaviors hidden due to it.

The phenomenon also exhibits clear spatial dependencies, as areas experiencing similar

increase or decrease of mobile digital consumption tend to be geographically clustered for

all studied transitions.

For instance, in Paris, neighborhoods in the center and to the West of the urban

region experience substantial reduction of mobile traffic activity induced by the lockdown

in TL, whereas areas to the East and South are those characterized by the highest growth

of consumption during that same transition. West Paris recovers the lost digital service

usage at the end of the lockdown in TD1, whereas the city center does so only with when

additional restrictions are lifted in TD2. During both transitions to curfews TD1 and TD2,

the East and South regions display instead a progressive reduction of the demand for

mobile services. As in the example of Paris above, all cities examined show cyclic patterns

where neighborhoods are characterized by either (i) a reduction of demand during the

lockdown, followed by an increased consumption in the subsequent curfews, or (ii) the

opposite sequence of growth in lockdown and decrease with curfews.

Key insights. Major urban cities in France present a heterogeneity of responses for

the changes of mobile traffic consumption due to restriction periods, which can be linked

to entire neighborhoods. It’s noted that the changes due to lockdown are slowly reversed as

soon as restrictions are lifted into the first curfew, and changes are almost fully reverted

by the time of the looser second curfew.

6.2.3. Socioeconomic explanation to mobile traffic usage changes

The clustered patterns of IRIS zones that display different responses to the same

governmental restrictions suggest a connection to the similarly clumped socioeconomic

characteristics of urban areas. To explore this relation, a spatial lag model is proposed,

as described in Section 6.2.1.4, that uses socioeconomic indicators as regressors to predict

mobile traffic variations in all of the 10 large cities considered in the study. All features

input to the model are standardized by subtracting their mean and dividing by their

standard deviation. The considered features are the population density, median income

and leisure space presence (i.e.,, the spatial density of restaurants and non essential stores),

whose geographical distribution is depicted in Figure 6.13E for Paris. These socioeconomic

features are loosely correlated among them5 and have low individual correlation with the

mobile demand differences across transitions TL, TD1 and TD2
6.

An SLM fed by the three socioeconomic features above can explain the changes in

mobile service demands induced by COVID-19 regulations on each IRIS of the 10 cities

with good accuracy. As shown in Figure 6.14A, Pearson’s correlation coefficients range

5Pearson’s correlation coefficients of 0.21–0.49.
6Absolute value of Pearson’s correlation coefficients below 0.2.
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Figure 6.13. Arrangement of data. A) Timeline of COVID-19 cases in France, as well as the
mobility restriction periods and studies periods; B) Mobile traffic per IRIS across each studied
period; C) Traffic difference between periods; D) Predicted values by the proposed SLM model; E)
Spatial distribution of the features utilized by the model for the mobile traffic difference prediction.
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A B

Figure 6.14. A) Pearson correlation between real and predicted changes in mobile service
demands across transitions in COVID-19 regulations in France. B) SLM coefficients for the
socioeconomic indicators used as features across the same transitional periods.

between 0.70 and 0.86, depending on the transitional period considered. Correlation

values stay satisfactory when computed per city, with Pearson’s coefficient that are above

0.6 in the vast majority of cases, which supports the generality of the model and of the

predictive power of the selected features. An illustrative example of the quality of the

model is provided for Paris in Figure 6.13D: the major spatial trends in mobile traffic

changes are well reproduced across TL, TD1 and TD2.

The SLM coefficients, as shown in Figure 6.14B, display notable swaps of sign across

periods that align with the cyclic effects previously seen on the traffic difference maps.

Specifically, densely populated areas of residential destination (i.e., with low presence

of leisure points of interest) and with lower income experienced traffic surges when the

nationwide lockdown was put in place in TL. In such neighborhoods, there is a tendency

not to contract expensive fixed-line Internet access, and to use cellular connectivity as a

cheaper replacement: being forced at home from the lockdown, local inhabitants consumed

a substantially increased amount of mobile data traffic. This pattern is also consistent

with multiple effects that include: higher-income households dropping cellular access in

favor of high-speed fixed Internet at their home premises; richer families moving to second

houses in the countryside during lockdowns, or leisure-dense areas suffering reduced visits

under restrictions to non-essential mobility.

The transition to TD1 gives initial signs of reversed trends. With the end of the harsher

lockdown limitations, the wealthier share of the population moved back to their urban

residences, as indicated by the positive impact of median income on the growth of mobile

data traffic usage. Similarly, partial resumption of leisure activities yielded an increase of

mobile service demands in the associated neighborhoods.

Interestingly, the usage of cellular traffic in densely populated areas of the French

cities remained unaffected by the transition from the lockdown to the first curfew period,

i.e., during TD1. The recovery in those areas only occurred with the removal of additional

restrictions, as shown by the highly negative SLM coefficient of this feature during TD2,

which denotes a substantial drop in mobile data service consumption, i.e., a normalization

of demands. This last transition is also linked to a full return to leisure activities in French

urban areas, indicated by the positive SLM coefficient and increased traffic demands.



144 Impact of special events on mobile traffic

Key insights. A linear model was proposed that relates the observed changes in

mobile traffic consumption within cities due to COVID-19 restrictions with socioeconomic

indicators. It’s noted that areas with denser populations increase their mobile traffic

consumption during curfews, while richer areas reduce (likely due to internal migration to

secondary houses), as well as leisure areas. These changes are reverted when restrictions

are lifted, with the population-dense areas seeing a reduction in traffic and leisure areas

significantly increasing during the second curfew (when they were allowed to open again).

6.2.4. Impact of containment policies on mobile applications

Mobile services are known to display a significant heterogeneity of spatiotemporal

usages [34], and it can be verified that this diversity is also reflected on the impact of

COVID-19 containment measures: the Pearson’s correlation of the changes in the demands

for total cellular capacity and for each service is as low as 0.08 on average across space

and transitions TL, TD1 and TD2. As a consequence, the general effects of COVID-19

containment policies on the overall mobile traffic consumption that were observed above

may not directly apply to the usage of individual mobile applications.

To investigate the existence and specificity of service-level effects, the same analysis

described is Subsections 6.2.2 and 6.2.3 is repeated on the consumption of the individual

mobile applications; the focus now is on the 38 services that are responsible for the

generation of the highest traffic demands in France. Interestingly, the SLM approach

based on the same three features of population density, median income and leisure space

presence retains a high accuracy when applied to the demands for individual services7.

Groups of services are identified whose consumption is similarly impacted by

the different COVID-19 containment policies across TL, TD1 and TD2, by clustering

applications based on their SLM coefficients. The agglomerative hierarchical clustering

based on Euclidean distances among the SLM coefficients returns 5 clusters in each

period, which are highlighted in the correlation matrices in Figures 6.15A1-A3. The result

unveils how individual mobile applications display a relatively limited set of prototypical

reactions to the imposed restrictions in major urban areas in France. Yet, when looking

at the average SLM coefficients that characterize each of the identified clusters, it’s found

out that services in different clusters can exhibit highly diverse responses to COVID-19

policies, as depicted in Figures 6.15B1-B3.

Such heterogeneity of individual applications is rendered even more complex by the

combined behavior of the same service across all transitions. The Sankey diagram in

Figure 6.16 illustrates how applications move across the clusters of each transition: apart

from some continuity in the services associated to the largest clusters, each mobile service

reacts in a fairly unique way to the composition of the lockdown and curfew restrictions.

7Pearson correlation coefficients typically above 0.8 across all transitional periods and applications.
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Figure 6.15. Results for the modeling of changes in mobile traffic due to COVID-19 restrictions
for every service and period, ordered by a hierarchical clustering algorithm. A1-A3) Euclidean
distance matrix showcasing how similar services in relation to their coefficients are grouped
together. B1-B3) coefficient values for every service and restriction period are organized as clusters
(left), as well as the average value of all coefficients inside each cluster (right).

Key insights. Changes to the consumption of mobile services were heterogeneous,

with not all applications following the same patterns observed in the overall traffic

consumption. Those changes across periods could be clustered into 5 groups, where the

major clusters of each period follow the same trends of overall traffic, but a significant

number of apps still have diversities, which can be linked to the type of content consumed

and target audience of each service.

6.2.5. Implications of understanding the traffic changes in cities

This study unveils the impacts that policies enacted to contain the COVID-19

pandemic in France have generated on the consumption of individual mobile services.

It shows that the spatial impact on urbanized areas was not uniform, with significant

differences on usage across areas focused on residential or leisure activities, as well as a

relation with the income level.

Moreover, complex and highly diverse dynamics are identified, showing that the
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Figure 6.16. Sankey diagram of the shift of services across clusters in each period.

containment strategies have induced different changes of consumption behavior of each

mobile application.

Specifically, it’s noted that every transitional period has one main cluster (E in TL, I

in TD1, and O in TD2) with SLM coefficients similar to those observed for the total traffic;

in some cases, a secondary large cluster (D in TL, J in TD1, and O in TD2) also exists

that also show slight variations with respect to the behavior of the total traffic. These

clusters include very popular applications that generate high volumes of traffic, including

Twitter, WhatsApp, TikTok, or Netflix. They drive the overall mobile traffic demand by

creating increased demands during the lockdown in densely populated areas of residential

destination and with lower income.

The results also reveal different and specific patterns, such as that of applications

strongly liked to Apple devices (e.g., iMessage, iCloud, Apple Music) displaying an

increased usage in higher income urban regions during the lockdown (cluster D), or a

service of recent introduction at that time such as Disney+ being first adopted in richer

and less populous areas of the French cities (cluster A).

Similarly, it is worth highlighting how information about food providers (e.g.,

Foursquare and Tripadvisor, in cluster C) was especially sought-after in both residential

and leisure dense areas when the lockdown started, most likely due to local inhabitants

looking for places that were open or accepting orders after the restrictions were enforced.

Also noteworthy are some of the effects induced by the end of the lockdown, such

as younger shares of the population being allowed to stay outside but still barred from

accessing leisure-dense places, so that they consumed mobile games (e.g., Fornite, Clash

of Clans, Pokemon Go) closer to home than usual, as shown in cluster G.
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6.2.6. Main Takeaways

The insights gathered by this analysis can help companies, including mobile network

operators and mobile service providers, comprehend how their products might be affected

by shifts in population mobility and allow a better policies to guarantee the quality of

service requirements. Indeed, mobile application developers may employ spatiotemporal

data about the impact of COVID-19 restrictions on the usage of their services to identify

hidden adoption tends and discrepancies with respect to their competitors, leading a

better offering on products inside their applications. Network operators can instead

understand how to improve the scaling of their system for large-scale and persistent

anomalous events such as epidemics.

Similarly, those results can help governments better understand the effectiveness of

their actions across different indirect data sources, since the differences in smartphone

usage can indicate flows of populations across spaces of the city. They can take advantage

of mobile network data, together with models like the one proposed on this study, to

comprehend how mobility restrictions and extraordinary events can impact different

income levels inside urban centers.

6.3. Characterizing mobile demands in public protests

Among many other usages, smartphones and other mobile devices have become

paramount instruments for the instant communication, advertising and reporting of

significant social events. Organizers of gatherings of political, cultural or sports nature

take advantage of a variety of mobile applications to announce, coordinate and disseminate

the outcome of the happening, and journalists or online commentators use social media

platforms as a means to report or opine about the ongoing events. Mobile services thus

create a bridge connecting the physical world to the online ecosystem in the presence of

large social events.

In the case of public demonstrations, recent years have witnessed a sparking interest

in utilizing data from mobile phones and social networks to understand not only how

protesters organize and communicate among themselves via these tools, but also how the

digital sphere affects and is affected by large manifestations of social unrest. Existing

works have explored in particular the relationship between protests and the X (formerly

Twitter8) social media platform, by either analyzing geo-tagged tweets in the area of the

rallies [229] or performing sentiment analysis of posted content related to the subjects of

the demonstrations [230].

This Section proposes a different approach that embraces a more comprehensive view

of the relationship between large protests and their impression on the digital world.

8Both names will be used interchangeably throughout this Section
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Instead of focusing on an individual application or on content produced by its users,

it will investigate how social manifestations impact the mobile traffic as a whole, by

studying the relationship between the occurrence of public marches and the fluctuations

in the overall demands for a variety of mobile services in the surroundings of the events.

To this end, this Section will look at widespread social unrest episodes that happened in

France in 2023 as a consequence of pension reforms proposed by the local government, and

analyse traffic measurements performed in the affected regions and periods by Orange,

the major network operator of the country.

This investigation unveils that large protests leave a very recognizable footprint on the

overall mobile network traffic, especially when considering the consumption of individual

services: indeed, a set of specific applications –mainly associated with social media and

map navigation– experiences substantially increased demands, whereas others –generally

related to entertainment– have significantly reduced relative usage. Such footprint is

characterized in a more structured way by developing a learning model capable of

accurately reconstructing the spatial and temporal dynamics of the target protests from

mobile service demands only. The model informs about the significance of each application

in pinpointing a protest in the historical measurements.

An additional step will be performed, linking the target demonstrations in France with

mobile data traffic and showing how the total volume of traffic recorded by the network

operator is a good indicator for the public participation in a large march. Combining this

finding with the service-level model above allows building a framework for a-posteriori

inspection of protests that discloses how the time-varying number of participants strode

through the march area during each event. The framework is privacy-preserving as

it only employs de-personalized traffic aggregates and does not offer opportunities for

individual surveillance or re-identification of protesters. Instead, it offers the possibility

of revealing, the precise progression of the marches, the alternate minor routes taken

by participants or their dispersal at the end of the events, which can then inform both

mobile network operators and local administrators towards better preparing the mobile

connectivity infrastructure and coordinating safety measures for future similar situations.

6.3.1. The relationship of smartphones and public protests

Digital media consumption and dissemination is known to have a critical impact

in how protests demonstrations occur online and break barriers offline [231]. Social

media act as an alternative medium to traditional sources of news, and provide virtual

stages where civil and political organizations can perform online recruitment of different

segments of the population, and later move such masses of individuals to physical-world

manifestations [232].

The role of smartphones in how a distributed population of protesters organizes,

coordinates and reports in real time about the ongoing demonstration has thus become
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a subject of multi-disciplinary research. Previous studies have proven that social media

platforms in particular act as facilitators for information exchange prior to protests by

shaping online relationships that then become a driving force for individuals to embrace

the causes of dissent [233]. The effect is strong to the point that activity surges in

geo-located tweets can be used to predict manifestation hours in advance [84] or to

anticipate the rate of success or failure of the future demonstration [85]. Instant messaging

applications, on the other hand, play a critical role during the social gatherings, with

applications such as WhatsApp creating new ways for activists to meet, discuss and

organize in real time [234]. Telegram is sometimes favored in that role as it mitigates the

privacy concerns of the organizers [235], [236].

Mobile applications opened the door to unprecedented live coverage of public protests,

as they offer an immediate way for any participant or local observer to report facts as

they happen to global audiences, factually serving as a form of public journalism [237].

Protesters often share their visual expressions to help shape the narrative of the

manifestation [238] and develop a community around their cause [239].

Real-time digital communication is also a double-edged sword when it comes to control

enforcement of marches. While it can be leveraged by government agencies for monitoring

purposes [240] or as a surveillance tool to counter-act against protests [241], social media

coverage is also a means to announce violent repression of the manifestation by the

authorities [86], [242] or even to coordinate counter-actions against police forces [243].

It is worth noting that not only protests but also many other categories of large

social events have been studied through the lenses of the usage of mobile devices and

applications. Across all different studies of the digital facets of public events, the most

popular source of data is Twitter: the textual analysis of geo-located posts allows for

thorough analysis [90], [230] and accurate forecasting [229], [244]–[247] of the target event.

Images contained in posts can also be used for the same purposes [248].

Unlike prior work, the results showcased on this Section do not concentrate on a single

mobile application nor solely examine the content of material shared therein. Instead, it

shifts attention to the entirety of data traffic that encompasses a wide range of mobile

services beyond single social media and messaging applications. While earlier studies

have adopted a similar perspective to investigate different phenomena, none has ever

applied it to public protests. For instance, network traffic measurements have been used

to characterized cultural or sports events [87], understand the impact of holidays during

elections [89] or monitor road traffic congestion [91].

Closer to this approach, a few studies have employed signaling data from mobile

networks to study the attendance to mass protests [88] and to link it with the home

location of participants [249]. Yet, such works depend on personal network localization

information to investigate the dynamics of demonstrations in real-time, and do not look

into mobile traffic demands or application consumption which are the focus of our study.
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Also, this research is not targeted at live tracking of protesters which entails significant

privacy risks, and raises ethical questions. Ultimately, this is the first investigation of the

effects that large public demonstrations induce on the whole mobile data traffic and on

the demands for a varied range of applications.

6.3.2. Data processing for the study of public protests

This study leverages network traffic measurements from the production network of

Orange in France. The traffic data collection was performed in a continuous manner from

January 31 to May 31, 2023 over 29, 171 carriers covering five main urban areas of France,

i.e., Paris, Lyon, Toulouse, Nantes, and Bordeaux. In these regions, all available RAN

technologies are monitored, i.e., 2G, 3G, 4G and 5G: while 4G and 5G serve today the

vast majority of the demand, it is not uncommon that 2G and 3G serve non-negligible

portions of the data traffic in heavily loaded scenarios such as those produced by large

manifestations.

By crossing the localization information with the service-level classification data

(further details can be seen in Section 3.3), and aggregating the result over all mobile

devices attached to every RAN carrier, the operator computed the demands for each

application served by every carrier. For the purpose of this study, such information

also accumulated over time into 5-minute intervals. The result are time series of the

volume of traffic (in bytes) generated by over 400 mobile services at each of the target

29, 171 carriers at every 5 minutes. These data measurements and processing abide by

all applicable regulations, and the resulting aggregates are privacy preserving since they

does not allow re-identifying individuals or retrieving personal information.

6.3.3. Baseline carrier-level service demands

During the observation period, a number of protests linked with the French pension

reform took place in the considered cities. The full list can be found in Table 6.2.

In order to assess the impact of protests on mobile network traffic, it’s necessary to

establish a baseline period where the consumption of mobile services is deemed normal,

i.e., not affected by similar demonstrations. As the majority of pension reform strikes in

France occurred during work days, a set of 10 baseline work days are considered, being all

non-holidays and not marked by manifestations according to the available records, and

are not immediately adjacent to days characterized by protests: February 8, 9, 14, 15, 28,

March 1, 2, and April 25, 26, 27, 2023.

For each carrier and mobile service, a reference daily demand is computed using the

median volume of traffic at every 5 minutes in the 10 baseline days for the target carrier

and service. This captures the typical expected traffic is normal conditions.
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Protest Attendance estimation

City Date Organizers Police

Paris

January 31 500,000 87,000

February 7 400,000 57,000

February 16 300,000 37,000

March 7 700,000 81,000

March 15 450,000 37,000

March 23 800,000 119,000

March 28 450,000 93,000

April 6 400,000 57,000

April 13 400,000 42,000

May 1 550,000 112,000

Lyon

January 31 45,000 25,000

March 7 50,000 25,000

March 23 55,000 22,000

March 28 30,000 12,500

April 6 32,000 13,000

May 1 45,000 17,000

Toulouse

January 31 80,000 34,000

March 7 120,000 27,000

March 23 150,000 30,000

March 28 150,000 23,000

April 6 90,000 15,000

May 1 100,000 13,500

Nantes

January 31 60,000 28,000

March 7 75,000 30,000

March 23 80,000 25,000

March 28 60,000 18,000

April 6 50,000 15,000

May 1 80,000 17,500

Bordeaux

January 31 75,000 16,500

March 7 100,000 16,500

March 23 110,000 18,200

March 28 80,000 11,000

April 6 60,000 10,000

May 1 130,000 12,000

Table 6.2. City, date and estimated participation of the protest events investigated in our study.



152 Impact of special events on mobile traffic

Time

T
ra

ff
ic

Protest day

1) 2) 3) 4)

Time

Baseline day

T
ra

ff
ic

Calculat&
M(t) 

Manual 
examination

Selected CutNearby Distant Route

Set of filters on M(t) :

M(t)>0

max(M(t))>ɑ

count(M(t)>0)≥β

d
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6.3.4. Characterizing protests through mobile traffic analysis

In order to characterize the impact of large manifestations on mobile networks, it’s

first analyzed the changes in the dynamics of overall traffic consumption during the dates

when protests occurred, with respect to the normal baseline days. More precisely, the

goal is to gain insights from two perspectives, as follows.

1. Understand how protests impact the overall consumption of traffic in each carrier

near the protest route, proposing a metric capable of identifying clear changes;

2. Understand how protests may affect the consumption of traffic of specific mobile

applications; indeed, it is expected that not all apps are used in the same way, and

some are especially impacted –in a positive or negative way– by the occurrence of

a mass manifestation.

For this analysis, traffic from the city of Paris is used, taking into account 10 weekdays

when public demonstrations against the French pension reform occurred, as per Table 6.2.

6.3.4.1. Pinpointing where and when protests affect overall mobile traffic

In the following, the methodology utilized to identify traffic pattern deviations caused

by the presence of protesters and their disruption on the mobile network is described.

This methodology is depicted in Figure 6.17, showing that its objective is to determine

the clear true positives from protest days. Thus, establishing ground truth that can be

later utilized for a more complex classification methodology.

For a given protest day, the first step involves an initial triage of carriers based on

their proximity to the protest route authorized by the Paris Police Prefecture. This

classification gives reasonable certainty that the observed patterns are happening near

the expected protest location (and they are not uncontrolled outliers away from it). The

proximity threshold is set as d = 1 km. Considering only this set of nearby carriers,

the second step involves identifying carriers that had their traffic pattern clearly affected

by protesters’ presence. To achieve this, the deviation of the traffic consumption during
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protest days with respect to the baseline days is computed, as defined in Section 6.3.3.

It’s important to note that at this stage this methodology is set to be conservative, i.e.,

it seeks to select only carriers greatly affected by the protest. As this is an intermediary

step of the analysis, the objective is to find carriers to be used as true positives to better

characterize the impacts of protests on mobile network traffic consumption.

In order to compute the traffic pattern deviation, the traffic on carriers is first

normalized during both protest and baseline days. Here, a volume-oriented (e.g., min-

max) standardization would not be ideal as it puts emphasis solely on volume variations,

which may lead to incorrect interpretations. For instance, one carrier may yield a higher

demand during the protest day than in the baseline and yet have aligned peaks of usage,

meaning that the observed traffic consumption behavior is semantically the same and

most likely not caused by the protest (which is limited to a few specific moments in time).

Instead, a z-score standardization is preferred, which avoids volume bias and allows for a

direct comparison of the traffic dynamics between different days.

For each 5-minute interval t ∈ T , P (t) is denoted as the z-scored traffic observed

during the protest day. The z-scored traffic at a given baseline day n ∈ N will be

defined as Bn(t), with the set B(t) = {B1(t), ..., Bn(t)} containing the time series of

all baseline days, with the same range of values T as P (t). The instantaneous mean

of B(t) will be µb(t) = 1
N

∑N
n Bn(t) and the instantaneous standard deviation will be

σb(t) =
√

1
N

∑N
n (Bn(t) − µb(t))2.

The traffic pattern deviation is then defined as

M(t) = P (t) − (µb(t) + 3σb(t)), (6.6)

and time t is considered to be affected by a significant change in mobile activity due to

protesters roaming within coverage of the carrier if M(t) > 0. In other words, significant

deviations are identified as those exceeding 3σb(t), which, in case the distribution of

baseline traffic over a given instant t on the set B(t) follows a normal distribution,

corresponds to values outside the 99.7% probability range.

The third step of the methodology involves a set of filters done on top of M(t) to

remove any potential outliers. Besides having M(t) > 0, it’s considered that whenever a

protest affects a carrier, a significant number of marked time instants t will exist for the

respective carrier. This sequence of instants will compose set T̃ ∈ T , which are considered

the potential interval where the presence of the manifestation was clearly affecting the

usual traffic demand of that carrier. This means that two extra filters can be defined. The

first will be α, which represents the maximum value of M(t) for a given carrier. After

examining results, it’s determined that α = 0.5, which means that for a carrier to be

flagged only if max(M(t)) > 0.5, which will filter out cases of noisy outlier and keep only

carriers where the disturbance was significant. The second is in relation to how many
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instants are being flagged in each carrier. A carrier which may have a single 5 − min

interval flagged is considered to perhaps be a potential outlier, so the parameter β = 10

is chosen, which means that for a carrier to be marked as a true positive, it needs to have

count(M(t) > 0) ≥ 10.

A set of clear true negative carriers is also calculated, which are denoted as the carriers

(i) far from the protest route based on the initial triage, and (ii) presumably not affected

by the protest, i.e., P (t) is significantly similar to all values within B(t). After calculating

M(t) for all far away carriers, the true negatives are defined as any carrier where its 97th

percentile of M(t) is smaller than −0.5. This means that at least 97% of the 5-min time

instants for this carrier of P (t) are within the interval estimate of B(t).

All the clear true positive and true negative carrier are then manually inspected, in

order to obtain the final ground truth set. For the sake of clarity, two obtained examples

will be discussed. Figure 6.18a presents a true negative carrier, where both P (t) (in

green) and B(t) (represented by µb(t) as the dashed line and the ±3σb(t) interval around

it) have a similar pattern for the z-scored traffic (left plot). This results in a traffic

pattern deviation M(t) (right plot, in orange) that is never greater than zero, implying

that the temporal consumption pattern of this carrier was not affected by the presence

of the protesters. On the opposite hand, Figure 6.18b shows a true positive carrier, with

clear changes in its traffic consumption patterns. It can be specifically noted that this

carrier experiences an uncommon surge of traffic demand P (t) just after 15:00, which

is only normalized after 17:00. Indeed, this surge of demand is completely outside the

99.7% interval estimate of 3σb(t), as observed over M(t) on the right plot. The set of time

intervals T̃ which were flagged as the potential hours that the protesters were within the

coverage area of this carrier are marked in light gray.

Key insights. The proposed traffic pattern deviation can identify clear anomalies in

the dynamics of traffic consumption of individual antennas of the network, by comparing

traffic on the protest day with baseline values. This results can be utilized to establish a

ground truth that will be utilized for a more robust classifier.

6.3.4.2. Validation of the ground truth: Spatiotemporal tracking of the

protest

After establishing a ground truth of carriers clearly affected by the presence of the

protesters, the next step involves validating how the set of true positive carriers obtained

for each day was affected over space and time, specifically in relation to the intervals T̃

that were marked as potential moments when the protest was passing by the carriers’

coverage. The temporal evolution of M(t) across the true positive carriers of each protest

day can be observed on Figure 6.19, where red values indicate M(t) > 0 and black lines

denote the interval T̃ where each carrier was affected. As expected, an evolution of

M(t) happened over time: some carriers were flagged only at the initial points hours of
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Figure 6.18. Examples of (a) true negative and (b) true positive carriers, in relation to how
their traffic patterns deviated during the protest day against the baseline days. The proposed
M(t) analyzes the difference of protest (in green) and baseline (in black) traffic, highlighting the
potential hours when the protest affected the selected carriers whenever M(t) > 0, as indicated
by the gray range, together with additional filters.

the protest (14:00), some in the middle and others near the end (19:00). While this is an

expected behavior, it’s an initial validation for the ground truth set, as it shows that while

protesters marched, their position over time changed and different carriers were affected

at different instants. Indeed, no single carrier display the traffic pattern disturbance

throughout the full 14:00 to 19:00 time interval of the protest, which confirms the natural

handover of mobile network users as they progressed through the route.

The natural movements of protesters along the designed route, following the true

positive carriers, can be observed over Figure 6.20, where lighter/darker colors indicate

carriers that were affected earlier/later. As expected, carriers that were affected earlier are

nearby the official starting points of each protest, while the ones affected later are nearby

the official end points, with intermediary carriers being along the announced route by the

Police of Paris. These results over both the temporal and spatial evolution of the carriers

marked by having their traffic disturbed gives confidence that indeed mobile network

measurements can be used to identify the presence of large-scale manifestations in both

the spatial and temporal dimension, and that the obtained ground truth can be trusted

for the next steps of this work.

Key insights. By observing the temporal and spatial evolution of all selected antennas

with traffic disturbances, it can be noted that their consumption anomalies are within

protest hours, where no single antenna is being disturbed; instead, the natural handover

procedure of the network is observed, with protesters affecting at early hours the antennas
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Figure 6.19. Evolution of the protests, represented by the standardized traffic of the flagged
carriers, ranked (from yellow to purple) by the average time when M(t) > 0.
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Figure 6.20. Evolution of the protests represented by the spatial distribution of the flagged
carriers, color coded according to the time ranking.

nearby the official start of the route, and affecting the antennas nearby the end of the

official route by the announced end hours of the protest. This gives confidence that the

methodology for building ground truth can be trusted for the next steps of this work.

6.3.5. Modeling traffic changes due to mass protests

Following the procedure described in Section 6.3.4.1, a ground truth set is obtained,

composed of more than 100, 000 3-tuples with type (carrier_id, time, label), where

carrier_id corresponds to a specific geographical location, time is a 5-min interval, and

label classifies each data entry as a true positive or true negative sample. The label

distribution is inherently imbalanced, with a ratio of 1 to 30 between positive (protest)

and negative (non-protest) classes.

The ground truth, based on the traffic pattern deviation metric, can be used to
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classify carriers affected by public protests at a 5-minute time resolution. Nevertheless,

such a classifier model should not solely rely on overall traffic statistics, as deviations

from baseline traffic patterns are not only attributable to public demonstrations, but can

also be produced by other crowded events, such as sports games, concerts, and festivals.

Therefore, mobile traffic during large public protests will be characterized and modeled

based on the consumption patterns of individual mobile services.

6.3.5.1. Application consumption features

When it comes to per-application traffic, simply comparing volumes of applications

across carriers is not a reliable approach, specially to later utilize those traffic differences

as model features. Due to the natural diversity of traffic volumes, services like video

streaming will generate much higher network traffic loads than low-traffic demanding

services such as instant messaging applications. Moreover, carriers in general may expect

different loads, according to the network optimization routines defined by the operator,

i.e., a higher capacity macro cell will expect more users attached than a specific beaming

micro cell, which will as well lead to different orders of magnitude volume between both.

Consequently, those differences in magnitudes may just hide away anomalies and create

volume biases for models. Therefore, an alternative method for quantifying the impact

of manifestations on mobile application usage is required.

To overcome those challenges, a new metric is proposed for the characterization of

changes in the volume of mobile applications’ traffic due to massive events. Let i ∈ I be

a specific application from the set I of all mobile applications. For each carrier, let Tp,i(t)

be the traffic on the protest day at time t, and Tb,i(t) be baseline traffic at time t. Then

the proposed metric is defined as

Fi,ns(t) =
Tp,i(t)/

∑I
i Tp,i(t)

Tb,i(t)/
∑I

i Tb,i(t)
(6.7)

Fi(t) =
Fi,ns(t) − 1

Fi,ns(t) + 1
(6.8)

where Fi,ns(t) is the non-symmetric metric and Fi(t) is its the symmetric version.

Fi(t) represents the percentage of traffic each mobile application generates in relation

to the remaining set has changed on the day of the protest, versus the baseline. Values of

Fi(t) > 0 would mean that the app i at instant t had a rise in importance against other

apps in regards to the baseline, while Fi(t) < 0 would mean a loss of importance against

other apps during the protest day, in relation to the normal period.

In order to check the validity of the proposed application metric, its values are

compared for the set of true positives and the set of true negatives. As previously

mentioned, the ground truth set was established from the overall traffic analysis only,
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where no distinction between applications was considered. Therefore, this metric can

help find applications whose consumption patterns changed because of the presence of

protesters. Figure 6.21 represents the distribution of Fi(t) for true positive carriers (in

green) versus true negative carriers (in black). A few remarks can be made from this plot:

1. A first set of applications have a clear separation in their Fi(t) values between true

positive and true negative carriers, where there’s a growth of the share during

the protest day for the positives and a decrease for the negatives. This set

includes instant messaging, localization, and news apps, such as WhatsApp, Twitter,

Google Maps, and NewsPaper. Thus, suggesting that those applications had their

consumption greatly affected by the protests.

2. A second set presents a clear separation between true positives and negatives,

although not an increase of share. This set includes Telegram and Transport.

Those apps are believed to be moderately affected by the protest since they had a

significantly lesser decline in their share against the baseline for the true positives.

3. A third set of applications had a growth of share in the protest day against the

baseline both for the true positives and negative sets. This includes popular social

media apps, such as Instagram, Facebook and Snapchat. This can be related to not

only people generating content within the march, but also users searching for this

content throughout the city.

4. A final set is characterized by applications with a decrease of usage in the carriers

affected by the protest, including specially applications related to audio (Spotify,

Deezer) and video (Netflix) streaming, as well as work-related (LinkedIn).

Key insights. A metric that can quantify variations in mobile application demand

due to the presence of manifestations was proposed. After analyzing the distribution of

the metric for the ground truth carriers against the remaining set, it’s possible to find a

set of apps with significant changes in demand during the protest day, in relation to the

baseline. Those applications are mainly related to instant messaging, transportation, and

news, which are classes expected to be highly utilized during mass manifestations.

6.3.5.2. Model description and evaluation

After enriching the ground truth set with the application consumption features, a

classification model is built to predict, at a 5-minute resolution, which carriers are affected

by large public protests, against the baseline days. A XGBoost classifier (XGBC) is

proposed, which relies on an ensemble of decision trees capable of handling class imbalance

through a weighing class technique. After hyperparameter tuning, the resulting XGBC

consisted of 1000 decision tree estimators, reinforcing the complexity of the model. Also,
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Figure 6.21. Distribution of Fi(t) across all days in Paris. Apps that represent a significant
change in usage are the ones where a clear separation between the distribution of protest and
baseline happens, such as WhatsApp and Twitter.

Predicted

Protest Non-protest

A
ct

ua
l

Protest 970 56

Non-protest 10 31,116

Table 6.3. Confusion matrix of trained XGBC when applied to test dataset.

a logistic regression for binary classification is defined as a loss function, with a learning

rate of 0.05. Moreover, the XGBC deals with class imbalance by weighing the balance of

true positive examples relative to true negative examples, favoring better performance in

the positive protest class.

To analyze the classifier’s performance, the ground truth is randomly sampled into

training and testing sets using a 70:30 splitting ratio. Then, the model is trained on the

training dataset using a subset of 18 of the application consumption features, selected after

a feature engineering process. The classification results using the XGBC are summarized

in Table 6.3, where its high accuracy in distinguishing the carriers affected by public

protests is evidenced. Accordingly, it’s found that the provided set of features allows

the XGBC model to determine with a 0.97 F1-score whether a large public protest has

impacted a carrier during a specific 5-minute interval. The high F1-score value also implies

the good performance of the model in terms of precision (0.99) and recall (0.95).

In order to provide insight into the explainability of the classifier model, the SHapley

Additive exPlanations (SHAP) values are calculated for the trained model to analyze

the contribution of individual features to the classification outcomes. As shown in
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Figure 6.22. Contribution of application features to the XGBC model’s prediction.

Figure 6.22a, the absolute SHAP values are employed to determine feature importance.

From the figure, it can be seen that changes in the consumption of WhatsApp and Twitter

contribute the most to the model’s prediction. Additionally, Figure 6.22b provides insights

into the associations learned by the classifier model, i.e.,, whether protest-affected carriers

are related to increased or decreased mobile service consumption. The figure suggests that

affected carriers relate to increased consumption of services such as WhatsApp, Twitter,

Facebook, and Google Maps, as well as a decreased consumption of Google Drive, Spotify,

LinkedIn, and Netflix, among others. It is important to note that these trends are well-

aligned with the insights into service consumption changes presented in Section 6.3.5.1.

Indeed, Figure 6.21 shows that, in general, the selected features (highlighted in bold)

presented high differences when comparing true positives and true negatives data points.

6.3.6. Identifying protests through disturbances in the network

To further validate the proposed method, different experiments are performed by

running the classification model over an entire target day. As a result, a list of potentially

affected carriers by a protest during specific time intervals is obtained. Besides, given

that public demonstrations are assumed to be continuous in space and time, a secondary

step is incorporated to reduce the number of false positives and identify any potential
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protest as a complex but consistent event. More precisely, a density-based spatiotemporal

clustering algorithm is applied (ST-DBSCAN [250]) over the pairs of carriers and time

intervals previously classified as protest by the XGBC. Therefore, detecting a potential

protest lies in discovering a spatiotemporal cluster of carriers classified as affected. In all

experiments, a specific parametrization is employed for the ST-DBSCAN algorithm to

ensure consistency in detected protests. Accordingly, the neighborhood around a point is

defined by a spatial radius of 1, 2 km and a temporal radius of 45 minutes. In addition,

the minimum number of points to form a dense region is set to 30.

6.3.6.1. Intra-city testing

Firstly, an intra-city test is carried out, where the XGBC model is trained using a

subset of the ground truth dataset to later classify all the carriers of Paris at a 5-minute

resolution. The 2-step methodology (XGBC + ST-DBSCAN) is experimented to detect

each of the ten large demonstrations in Paris, previously mentioned in Section 6.3.4.1.

Given that the ground truth contains data from all ten protests under consideration, it

will be first removed the target day from the training set. Thus, only the remaining nine

protest days are used to train the XGBC in each case. Then, the 2-step protest detection

approach is applied over the entire target day to corroborate the identification of the

protest along the officially authorized route.

In order to illustrate the importance of employing a density-based clustering algorithm,

Figure 6.23 depicts the spatiotemporal temporal patterns of the carriers classified as

affected during a protest day (May 1). Those results are built on the output of the XGBC,

which classified more than 1,500 carriers in Paris for each 5-minute interval between 8:00

and 22:00. According to the figure, less than 3% of all the carriers were labeled as affected

at each time interval. Notably, a faction of the detected carriers emerges from the rest,

exhibiting high density in both spatial and temporal scales. Therefore, the incorporation

of ST-DBSCAN is essential, as it can help separate false positive data points from the

actual group of carriers affected by the protest. Indeed, in all ten experiments, ST-

DBSCAN distinguished a single dense cluster and labeled the rest of the points as noise.

Figure 6.24 shows the output of the protest detection approach, where the carriers

labeled as affected are represented by their Voronoi cell, and the coloring depicts the

average time of the day when each carrier was classified as affected. It can be seen that

the methodology consistently identified the ten public protests in Paris, densely covering

the official routes and exhibiting a clear time consistency referable to the protesters moving

from the start to the end of the march. These results greatly enhance the rudimentary set

of impacted carriers shown in Figure 6.20, not only by filling the gaps along the routes,

but also by exhibiting some interesting phenomena, such as the dispersion of people at

the end of the demonstration (e.g., Figures 6.25d, 6.24b, and 6.24i), and the existence

of alternative less-pronounced routes (e.g., Figures 6.24d, 6.24h, and 6.24i). Those
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Figure 6.23. Carriers labeled as affected during May 1 in Paris. Frequency of labeled carriers
in both spatial and temporal scales.

alternative itineraries were not part of the authorized routes, yet some were non-officially

advertised as alternative routes to avoid high congestion levels during the marches.

In addition, a secondary focus is put on inspecting the proposed detection method

in terms of its precision in identifying public protests. Accordingly, the XGBC model

is trained over the full ground truth set and apply the 2-step approach to four normal

non-protest days in Paris: May 16, 17, 23, 24 and 25. The data for the selected days was

generated following the procedure described in Section 6.3.5.1. As a result, no potential

protests were found on the test days.

6.3.6.2. Inter-city testing

Secondly, an inter-city test is performed to discuss the feasibility of using an XGBC

trained in a primary city to detect public demonstrations in secondary cities.

For this analysis, four French cities are considered (Lyon, Toulouse, Nantes, and

Bordeaux) and their network traffic is inspected for six of the ten days of nationwide

pension reform protests taken into account. Table 6.2 summarizes the selected protest

days and cities, showing a great diversity among the magnitude of the events.

Thus, the XGBC is trained using the ground truth dataset containing information

about the ten protests in Paris, and applying the proposed methodology to identify the

selected 24 events, following the same model configuration as in the previous experiments.

Figure 6.25 presents the obtained results according to the 24 test cases, where carriers

are represented by Voronoi cells and the colors relate to the average time of the day

each carrier was affected. For each target event, the methodology is able to identify a
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(a) Jan 31 (b) Feb 7 (c) Feb 16 (d) Mar 7 (e) Mar 15

(f) Mar 23 (g) Mar 28 (h) Apr 6 (i) Apr 13 (j) May 1

Figure 6.24. Intra-city testing: Protest events identified in Paris based on the proposed detection
methodology. Early affected carriers colored yellow, while later affected carriers colored purple.

spatiotemporal dense set of affected carriers, separating the single discovered cluster from

the noise data. A closer inspection of the figures exhibits consistency between the coverage

area of affected carriers and the officially authorized route, which further supports the

soundness of the proposed method.

Key insights. Overall, these results show that the proposed methodology can

identify public marches in various locations based on initial city traffic patterns. The

successful detection of events of varying magnitudes demonstrates that this approach is a

fundamental step toward developing a nationwide unified model.

6.3.7. Dynamic estimation of protest attendance

Public demonstrations are mainly quantified in terms of the number of participants,

which provides qualitative evidence of the magnitude of the event. Thus, organizers

and local authorities employ different methods for people counting to announce their

attendance estimations, typically during the course of the protest. Based on the outcomes

of the proposed framework, the estimation of protest attendees from aggregated network

traffic is explored next.

The ten identified protests in Paris are analyzed, and a protest-related traffic time

series from the total traffic consumed across affected carriers every 5-minute interval is

computed. Then, the maximum value of the traffic volume time series is associated with

the organizers’ and police’s attendance estimations. It is well established from a variety

of studies the existence of a power relationship between mobile network activity and

population [251], [252]. Thus, the protest attendance is modeled as a power function of

the peak traffic volume related to affected carriers.
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(a) Lyon

(b) Toulouse

(c) Nantes

(d) Bordeaux

Figure 6.25. Inter-city testing: Protest events identified across different French cities based on
the proposed detection methodology. Early affected carriers colored yellow, while later affected
carriers colored purple.

As shown in Figure 6.26, a consistent relationship is found for both sources of

estimations, having R2 ≥ 0.69, and thus, supporting the existence of such functional

power relationships. However, a closer inspection of the data points in the Figure suggests

that the relationship between attendance and peak total traffic could also be explained

using a simpler linear regression model. Indeed, when adjusting a linear function to those

points, R2 values are obtained similar to the ones obtained by the power regression: 0.73

and 0.79 for the organizers’ and police’s estimations, respectively. However, the optimized

intercept values of both linear regressions are overly high, associating zero network traffic

with almost 230,000 (organizers) and 17,000 (police) attendees. Therefore, modeling the

relationship between attendance and the peak of total traffic as a linear function, leaves

no room for analyzing medium-sized events, such as most of the demonstrations outside

Paris illustrated in Figure 6.25 and listed in Table 6.2. In contrast, it’s shown next that

a power regression adjusted to massive protests in Paris can be satisfactorily used to

examine demonstrations of less magnitude in terms of attendance.

Accordingly, experiments are also done with estimating the number of participants
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Figure 6.26. Power regressions of the attendance estimations against the peak total traffic
related to a protest event. Real traffic volumes have been removed from the plot.

in the protests outside Paris identified in Section 6.3.6.2. Thus, the peak traffic volume

is computed from the affected carriers and the power regression models are applied for

organizers’ and police’s estimations previously adjusted to protests in Paris. Then, an

analysis is made about how well the regression values approximate the actual estimations

of both entities. On one hand, the regression model for the organizers’ estimations

predicted the announced protest attendance with a MAE of 57, 045. On the other hand,

the regression model for the police’s estimations obtained a lower MAE of 7, 821. These

results suggest that the police’s methodology for estimating participation during protests

is more consistent across cities. Consequently, the following experiments devise a dynamic

estimation of attendees, considering the police’s power regression only.

Advantage is taken of the previously designed models to extend our a-posteriori

analysis of public protests. Thus, the power regression models are extrapolated to

the entire protest-related traffic time series, obtaining a dynamic estimation of protest

attendance along the duration of the identified event. Then, two target days of nationwide

demonstrations are selected to study the results of the proposed dynamic attendance

estimation, March 23 and April 6, which cover a wide range of protest sizes. Indeed, for

each city, the demonstration on March 23 is consistently listed among the protests with

higher attendance, whereas the demonstration on April 6 is usually one of the less crowded

events (see Table 6.2). Figure 6.27 shows the time-variant number of participants in both

protest days across the five cities analyzed in this study. Intuitively, the dynamic number

of participants is generally characterized by a bell-shaped curve, showing the increasing

number of participants from the start of the demonstration achieving a maximum value

around the median time of the event’s duration. However, a surge in participants is

also observed close to the end of some demonstrations (e.g., Figures 6.27b and 6.27d),

which may be related to external factors such as the geographical area where the protests

occurred. Additionally, as these attendance time series are based on the regression of

police estimations, it’s included in the Figures the official numbers (dashed line), which

can be compared against the maximum value of the time-variant attendance. Thus, these
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Figure 6.27. Dynamic attendance estimation in five French cities during the course of two
nationwide protest events.

Figures provide further support for the suitability of a power regression to estimate the

number of participants from aggregated volumes of mobile traffic.

Furthermore, a dynamic estimation allows the anonymization of the progression of a

public march. For example, Figure 6.28 describes the evolution of the protest on March

15 in Paris, allowing to associate a time-varying number of participants with a well-

defined area and time. Taken together, these results provide an important basis for the

development of a privacy-preserving framework to investigate similar events in detail.

6.4. Main takeaways

The work presented in this Section is a first analysis of the effects of large public

protests on the demands for mobile services, revealing the recognizable footprint that

such events leave on the data traffic –in particular at the level of individual services.

By leveraging these findings, it’s shown that it is possible to use measurements

collected by cellular network operators to perform an a-posteriori characterization of

the spatiotemporal dynamics of the demonstrations that includes the identification of

the paths taken by protesters as well as the estimation of their time-varying number.



6.4 Main takeaways 167

13:00

13:30

14:00

14:30

15:00

15:30

16:00

16:30

17:00

17:30

18:00

18:30

19:00

19:30

0

1

2

3

4

5

Es
tim

ad
ed

 a
tte

nd
an

ce

1e4

Figure 6.28. Comprehensive characterization of the public demonstration on March 15 in Paris,
showing the spatiotemporal reconstruction of the event along with the dynamic estimation of
participants.
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On one hand, this provides insights that can be useful for operators to respond to these

special circumstances, or to local administrations to better organize safety measures in

similar future events. On the other hand, these result are preliminary to the development

of a full-fledged framework to better understand protests or similar public events while

preserving the privacy of the participants.

On that note, it is important to stress that the proposed study targets a-posteriori

analysis of large events where tens of thousands of people gather, and (i) it does not

target live monitoring or prediction and (ii) it does not apply to smaller populations that

are not sufficient to generate detectable changes in the mobile network traffic demand

aggregates. While these are limitations to the capabilities and resolution achievable by our

methodology, they also provide inherent protection towards secondary uses of our study

aimed at surveillance: building on top of our study to develop an on-line or predictive

tool is not straightforward (e.g., the clustering stage cannot be performed live), and in

all cases such a tool would not be usable to identify small groups (e.g., tens) of people

and even less so individuals, whose impact on the global traffic demand is not detectable

from the carrier-level aggregates.



7 Modeling modern mobile traffic
for network optimization

Data-driven mobile networks have been an ongoing topic for the past few years and

are expected to only grow throughout the deployment of 5G networks and the future

deployment of 6G. As models and frameworks proposed to solve tasks, such as network

resource optimization and assignment of new deployment, get more complex, their need for

quality train and validation data also grows. Also, the network is becoming more and more

centered around apps, where the volume of data that specific mobile applications request

requires the operator to have special care with specific apps. However, the accessibility

of mobile network measurement data sets is very scarce, especially in relation to the app

level, which can harm the evaluation of proposed models by the research community.

Therefore, a need for the characterization and open models in relation to per-app traffic

becomes critical to guide state-of-the-art research.

This Chapter will present a contribution to this problem, proposing a full framework

within per-app transport-layer traffic sessions. It will be structured as follows: Section 7.1

will provide an overview of the where models for mobile traffic data generation currently

are. Section 7.2 will present the methodology utilized to capture the session-level data;

Section 7.3 will present the full characterization of the collected data; Section 7.4 will

present the modeling part, which takes a simplistic approach that could be utilized by

anyone interested in generating synthetic data based on those models; finally, Section 7.5

will present a few use cases of the models contributed by this Chapter.

7.1. Context of open data traffic models

Data-driven solutions will play an increasingly important role in the 5G mobile

network ecosystem during its evolution towards 6G. This trend is stimulated by the

unprecedented access to traffic indicators and statistics enabled by a plethora of new

network monitoring functions: prominent examples include the Network Data Analytics

Function (NWDAF) [253] and Management Data Analytics Function (MDAF) [254] that

appeared in 3GPP Release 16, or the database-like Radio Network Information Base

169
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Figure 7.1. Graphic taxonomy of mobile network traffic models, with representative features
and typical modeling timescales for models that operate at packet-level, (transport) session-level,
and BS-level, respectively.

(RNIB) [255] and the consumer/producer Data Management and Exposure Services [256]

for the near-real-time and non-real-time (respectively) RAN Intelligent Controller (RIC)

in O-RAN. This abundance of data can feed innovative machine learning models that have

been proven to yield promising performance in many complex network management tasks,

including forecasting of mobile demand [52] and throughput [257], beam management

in mmWave RAN [258], orchestration of network slices [259], classification of flow-level

traffic [260] or control of virtualized RAN resources [261], just to cite a few representative

examples. Overall, the combination of live data provisioning and learning-based inference

is expected to pave the road for paradigms such as Zero-touch Network and Service

Management (ZSM) [262] and Intent-Based Networking (IBN) [263].

In the emerging context above, the availability of vast and dependable mobile network

data becomes even more critical to the development and evaluation of new network

functions across all domains. Unfortunately, access to the large-scale real-world datasets

that are needed to train and test original data-driven algorithms is today very limited.

Broad measurements from actual production systems at city or national scales that

capture the full diversity of mobile traffic demands are hard to come by and are typically

protected by restrictive Non-Disclosure Agreements (NDA) that prevent their circulation.

Public traffic data is scarce and outdated [156] or gathered via small-scale client-driven

experiments whose representativeness is inherently circumstantial [264].

In this scenario, trustworthy models of mobile traffic become an indispensable asset

to networking research: they allow generating realistic synthetic traces to remove the

data access barrier, and implicitly enable verifiability and reproducibility of results. As

illustrated in Figure 7.1 and previously detailed in Subsection 2.1.3, current models of

mobile traffic target: (i) fine-grained packet-level statistics, e.g., about packet sizes or

inter-arrival times [13]; or, (ii) aggregate dynamics at individual cellular base station

(BS), e.g., describing the total mobile data traffic demand at a given BS over time [61].

In this paper, a different intermediate perspective is taken between those considered

in the literature, and explores mobile traffic statistics at the level of individual transport-
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layer sessions served by one BS. Transport-layer sessions, often also referred to as flows,

are sequences of packets belonging to the same application-layer interaction1 between a

UE and a server, and are aimed at provisioning one specific (portion of) service to the

UE. They are uniquely identified by a 5-tuple consisting of the transport-layer protocol,

source/destination IP addresses, and source/destination ports. For instance, one session

may be generated by a user launching the Netflix application on their smartphone to

stream an episode of a show, or by a UE retrieving in background a software update for

one of its installed applications.

As also portrayed in Figure 7.1, (transport) session-level models target previously

overlooked features of mobile traffic: the arrival process of transport-layer data flows of

a specific application at a given BS, the duration of such flows, their associated load,

or the distribution of average throughput that the combinations of such duration and

load statistics entail. Since transport-layer sessions are associated to the one application

they serve, session-level models are inherently service-specific. The transport session-

level models fill in fact a gap in the space of mobile network traffic modelling, and allow

generating for the first time realistic demands aligned with those observed at the BSs of a

modern 4G/5G RAN infrastructure. Specifically, they can complement studies on packet-

level modeling so as to reproduce fine-grained mobile traffic loads at an individual BS that

dependably mimic how the users attached to the target BS request specific services and

what amount of traffic each such request entails.

As such, session-level models support the design of data-driven solutions and more

credible performance evaluations for many networking tasks, including planning [265],

dimensioning with respect to specific services [266], scheduling [267], or energy-efficient

operation [268]; they can also inform new traffic generators for modern network

simulators [269].

Overall, this Chapter yields the following contributions:

It characterizes transport-layer sessions recorded at over 282, 000 BSs of a

nationwide production mobile network covering continental France, investigating

(i) the arrival process at individual cellular antennas of sessions associated to a

wide range of applications, (ii) the distribution of the traffic volume generated by

each such session, and (iii) the relationship between such load and the duration of

the session. This analysis unveils statistical properties of session-level traffic that

1It’s important to remark that a single application may establish multiple transport-layer sessions.
This can happen over time (e.g., a messaging service initiating new sessions every time the user switches
to a new chat with a different contact than the current one), or in parallel (e.g., a large file transfer
application opening multiple FTP sessions). Multiple transport-layer sessions associated with the same
application-layer session may have similar or different characteristics. However, in this chapter the focus
is on individual transport-layer sessions only, leaving a thorough investigation of the relationships and
interactions of such sessions at the higher layers as future work. Throughout the Chapter, transport-layer
sessions will be refereed simply as sessions, hence all future references to session-level models implicitly
refer to transport sessions.
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have not been observed before, and that are heterogeneous across different mobile

applications but persistent across space, time and radio access technology.

It develops simple but accurate models of the statistical properties above for

a variety of mobile services, which are released publicly2 so as to contribute to

removing the access barrier to dependable data needed to design and evaluate

networking solutions.

It shows the utility of the proposed models in two practical performance

evaluation use cases, which prove how the proposed models substantially enhance

the accuracy of the results compared to traffic models currently available for mobile

network performance analysis that is not informed by session-level statistics.

7.2. Processing data into session-level statistics

This study builds upon massive measurement data collected in the operational

nationwide mobile network of Orange. The target network employs 4G and 5G NSA

RAN technologies, which are differentiated following the methodology of Section 3.4.

Consistently with the aim set forth in Section 7.1, it’s recorded in the target network

data about individual transport-layer sessions observed during 45 consecutive days at

the 282, 000 BSs that form the whole 4G/5G RAN of the operator. The session-level

statistics are produced within secure compute premises of the network operator, and for

the purpose of this work, there’s only access to distributions and averages that do not

contain personal or sensitive information. Next, the collection process and basic features

of the data will be detailed.

7.2.1. Aggregation into session-level statistics

The gateway probes collect information about individual TCP and UDP sessions,

which are uniquely identified by a 5-tuple consisting of the transport-layer protocol, source

and destination IP addresses, and source and destination ports.

A TCP session is typically initiated by the three-way handshake and considered to be

terminated shortly after a packet with the FIN or RST bits set is observed. Expiration

timeouts that are service-specific are also employed to mitigate the effect of unorthodox

TCP session terminations. In case UDP sessions, they start when a new 5-tuple is

recorded, and ended once a timeout period without any transmitted packets elapses.

Again, this timeout depends on the application that the traffic classification routines

associate to the flow. It’s worth remarking that, since this study is concerned with

sessions served by a single BS, handovers are recorded in the measurement dataset as

newly established or concluded transport-layer sessions, respectively.
2https://github.com/nds-group/MobileTrafficDists
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Data about all sessions occurring at each BS for a given service are initially aggregated

at one-minute granularity by the operator, before further processing; the additional

transformations are performed to ensure the privacy of the data subjects as well as to

strike a balance between a sufficient precision on the traffic representation and a dataset

size viable for downstream analysis. Specifically, the data about all sessions occurring at

each BS for a target service is aggregated on a daily basis, in the form of (i) the number

of sessions arriving at the BS at every minute, (ii) a PDF of the total traffic volume

generated by one session at the BS, (iii) value pairs composed of the duration of one

session served by the BS and the traffic volume it generates. This is a compact, privacy-

preserving representation that allows characterizing all major session-level properties, i.e.,

the arrival rate, duration, total load, and average throughput.

Formally, sessions occurring at each BS c ∈ C for service s ∈ S are aggregated over

daily intervals t ∈ T . For each tuple (s, c, t), the following statistics are stored.

Counts of sessions served by the BS, denoted by wc,m
s , capturing the total

number of sessions received at BS c for service s each minute m of day t ∈ T , which

is further aggregated per day into a variable wc,t
s .

PDFs of the traffic volume, denoted by F c,t
s (x), describing the odds that a

session of service s induces a total load x at BS c during day t.

Value pairs of discretized duration and traffic volume, denoted by vc,t
s (d),

capturing the mean load associated to sessions of duration d for service s at BS

c in day t.

7.2.2. Statistics averaging

The dataset reports statistics per BS and day. For the analyses, there’s a need to

investigate behaviors averaged over multiple BSs and days. For duration-volume pairs,

weighted average of each datapoint is computed; for instance, average pairs over all BSs

and days for a service s are obtained as

vs(d) =
1

∑

c∈C

∑

t∈T w
c,t
s

∑

c∈C

∑

t∈T

wc,t
s vc,t

s (d), ∀d. (7.1)

In the case of traffic volume PDFs, averaging is achieved via a finite-dimensional

general mixture model. For an all-BS and all-day average PDF, this is expressed as

Fs(x) =
1

∑

c∈C

∑

t∈T w
c,t
s

∑

c∈C

∑

t∈T

wc,t
s F c,t

s (x). (7.2)

The expressions in (7.1) and (7.2) are straightforwardly extended to any subsets of

C and T , so as to merge statistics from any set of BSs and days. Illustrative samples of
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nationwide traffic PDFs Fs(x) and duration-volume pairs vs(d) averaged over all BSs and

days are later reported in Figure 7.4.

7.3. Characterizing session-level demands at cellular BSs

Focus now will be in exploring the dataset and provide both qualitative and

quantitative characterizations of session-level mobile traffic demands. The derived insights

will inform the design of the proposed models to be introduced in Section 7.4.

7.3.1. Analysis of the arrival of sessions

This portion starts by analyzing the arrival process of sessions at a BS. Figure 7.2

reports the distribution of the number of new sessions established at every minute at

different categories of BSs, i.e., the PDF of wc,m
s at all BSs c ∈ Ci of category i,

and aggregated over all services s ∈ S. The x-axis values are then normalized by the

cardinality of set Ci, so as to obtain the typical number of sessions arriving in one minute

at a single BS of category i. Namely, categories i ∈ I tell apart BSs experiencing different

loads: the distribution of total traffic served by each BS is computed during the whole

measurement time, and separate BSs based on the decile they pertain to. Thus, each

set Ci includes 10% of the BSs, with growing mobile traffic demands from the first decile

to the last one. The rationale for this categorization is that it allows observing how the

session arrival process is affected by the target BS load.

In fact, the plots in Figure 7.2 show that the behavior of the arrivals is semantically

similar across all classes of BSs, or, equivalently, the traffic volume served by the BS has no

significant impact on the high-level statistics of the arrival process. Indeed, the shape of

the overall distribution is the same for all plots, apart from the obvious difference of scale

in the abscissa induced by the growing demand across deciles. More precisely, all PDFs of

values wc,m
s show an evident bi-modal distribution, which a close inspection reveals to be

due to the well-known circadian rhythm of mobile network traffic, with low traffic (hence

small number of sessions per minute) overnight and much increased demands (hence more

frequent session arrivals) during daylight hours. Transitions between these two phases are

very rapid, which leads to a negligible probability of having intermediate arrival rates.

Since sessions are naturally service-specific, a follow-up question is how such arrivals

are distributed across different mobile services. Figure 7.3 offers a first result in that

sense, ranking the top 100 services based on the fraction of total sessions they generate.

The curve follows a negative exponential law (with a very high coefficient of determination

R2 of 0.97), implying that the number of sessions generated by each service is very

heterogeneous: the top 20 services are responsible for over 78% of the sessions recorded

overall. The imbalance is less dramatic than that in traffic, which is known to follow
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Figure 7.2. Real: measurement PDFs of the per-minute session arrival rate for antennas serving
different loads. Nonpeak and peak: fitted distributions modelling the bi-modal sessions arrivals
(see in Section 7.4.1 for full details).
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Figure 7.3. Services ranked by the fraction of sessions they generate, along with their normalized
total traffic.

(a) Netflix (b) Twitch (c) Deezer

(d) Amazon (e) Pokemon Go (f) Waze

Figure 7.4. Probability density functions of the traffic volume Fs(x) (top plots in each subfigure),
and value pairs of discretized duration d and traffic volume vs(d) (bottom plots in each subfigure)
for a selection of mobile services. PDFs and duration-traffic pairs are aggregated over working
days (Monday through Friday) and weekends (Saturday and Sunday) separately.

a more skewed power law [34], [39]; nonetheless, it suggests that the probability that a

newly established session belongs to a given application is far from uniform.

7.3.2. Qualitative analysis of session-level traffic

Figure 7.3 shows the total normalized traffic produced by each service. While some

correlation with the number of sessions exists, the load dots are fairly scattered (on a

logarithmic scale) for similarly ranked services: hence, different applications entail a very

varied traffic volume per session. This motivates an investigation of such session-level

traffic dynamics on a per-service basis, which is indeed the target of the next analysis.

Samples of session-level traffic volume PDF and duration-traffic pairs are portrayed

in Figure 7.4 for six representative mobile services. All statistics are averaged over the
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whole set of BSs and days, using the methodology described in Section 7.2.2, hence they

capture archetypal behaviors of the demands of each application.

A first qualitative observation is that total traffic volumes and duration values are

highly heterogeneous, among sessions of a same service and even more so across different

services. Indeed, intra-service statistics show how sessions belonging to a same application

can generate very diverse traffic volumes, spanning several orders of magnitude, over

intervals that can range from seconds to hours; and, the shapes of PDFs and duration-

traffic pairs are completely different at inter-service level. By looking at each subfigure,

it can be noted that the traffic volume PDFs present multi-modal shapes with an overall

smooth Gaussian-like trend (over the logarithmic abscissa) interrupted by abrupt and

marked spikes of probability. Both the main statistics (such as the mean, standard

deviation or skewness) and the probability peaks are not comparable across the selected

services. Interestingly, heterogeneous probability peaks also tell apart applications that

ostensibly belong to the same class, e.g., messaging services like Snapchat and Whatsapp,

or video streaming services like Netflix and YouTube.

A closer look to the PDFs of each service reveals unique facets linked to the nature and

usage of the mobile application. For instance, Netflix, a platform for movie streaming,

has a clear mode around 40 MB, and a drop of probability just after the 200 MB mark.

When a user is connected to a mobile network, Netflix adopts an automatic balancing

of data usage and video quality, allowing 4 hours of playback per GB of data in typical

cases. In this setting, the first peak occurs at around 10 minutes of streaming, and the

drop after around 50 minutes: both values are consistent with intuition, as they match

the duration of one short episode of a series and a full episode of a longer show.

The session-level traffic dynamics change substantially when looking at a different

video streaming service, i.e., Twitch, which, unlike Netflix, focuses on live content. The

main mode, around 20 MB, and the main knee, at 800 MB, are shifted to the right;

also, the amount of traffic per minute is much higher. The data indicates that Twitch

users engage in long sessions with a high bitrate, suggesting that live streams tend to be

consumed in more stationary conditions than on-demand movies.

Another example is Deezer, a popular audio streaming service, which shows two main

traffic modes that map to the highest probability values: one is located around 3.5 MB

and the other at 7.6 MB. At the standard bit rate of 128 kbit/s [270], the two modes

translate to 3:40 minutes and 8:00 minutes of listening time, respectively. These roughly

match the duration of one and two songs, including advertisements: according to the

data, Deezer users most often listen to a couple of tunes while connected to a same BS,

and longer listening times, while possible, are less likely.

Applications that mainly rely on relatively short message exchanges, such as Amazon

(an archetypal web browsing service), Pokemon Go (a popular location-based game) or

Waze (a navigation service generating floating car data), show a completely different
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behavior than streaming services. Loads per session are much lower, with traffic PDFs

flattening to a zero value early on. Yet, the distributions and duration-traffic pairs are

completely different also among these applications, highlighting once more the unique

behavior exhibited by diverse services at the session level.

It is worth recalling that, in all PDFs, the duration of a session and the volume of

traffic it generates are not only the result of the application or user’s behavior, but also

of the UE mobility. Indeed, many sessions of mobile users occur only in part within a

same BS, and generate a smaller-than-expected volume of traffic for a complete sessions

of the same application. This explains the presence of many very short sessions generating

reduced traffic loads in the left part of the distributions of all services. Also, it allows

interpreting the main mode of a streaming service like Netflix, which matches 3 MB and

less than one minute of content: this is a reasonable mean dwell time in the BS for in-

transit UEs running the application. Although frequent and thus important for a credible

evaluation of mobile network performance, transient sessions have been ignored by traffic

models proposed in the literature so far.

7.3.3. Quantitative analysis of session-level traffic

The qualitative analyses above unveil interesting aspects of session-level mobile traffic

dynamics, which are however based on a close inspection of a few representative cases. To

substantiate these observations, a quantitative study of the traffic volume distributions

F c,t
s (x) is performed; it’s considered for now data aggregated over all BSs c ∈ C and days

t ∈ T , and compared different services s, i.e., the PDFs Fs(x) from (7.2), as per the

following steps.

(i) Fs(x) is normalized, for each service s, so that all PDFs have zero mean. This

removes the impact of the sheer volume of traffic generated by each application,

enabling a comparison of less obvious dynamics, such as the standard deviation or

the modes of the PDFs.

(ii) Pairwise Earth Mover Distance (EMD) [271] is computed among normalized

Fs(x), compiling a similarity matrix.

(iii) A centroid hierarchical clustering algorithm [272] is ran on the similarity

matrix, so as to identify classes of services characterized by similar PDFs. This

algorithm iteratively groups the two PDFs at minimum distance, computes their

average via (7.2), adds it to the set of PDFs in place of the original pair, and

recomputes distances from the aggregate to all other PDFs in the set. By doing so,

it builds a hierarchy of PDFs based on their similarity.

The result of this process is summarized in Figure 7.5a. Three main clusters emerge;
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Figure 7.5. Similarity matrix of the normalized (a) PDFs Fs(x) and (b) pairs of duration d and
traffic volume vs(d), for all services with the three major clusters highlighted. Distance values
closer to zero (dark red) indicate more similar PDFs. Associated Silhouette scores for the (c)
PDFs and (d) pairs of duration.

by looking at the services in each, it’s possible to relate these groups to (A) streaming

services, (B) low-duty-cycle services relying on short messages, and (C) outliers.

A similar hierarchical clustering process is performed on the set of duration-traffic pairs

vs(d), swapping EMD for the Squared Euclidean Distance (SED) across services, which is

more fitting for a non-probability function and avoids an additional square root needed for

the traditional Euclidean distance, which becomes unnecessary when comparing distances.

The results for this process are seen on Figure 7.5b, where once again 3 clusters emerge

following the same pattern seen before on Fig. 7.5a: (A) Streaming services, (B) low-

duty-cycle services and (C) outliers. Although differences across different vs(d) are not as

visual as Fs(x), it’s not noted across applications that vs(d) has a behavior similar to a

power law function, where streaming services that laid on cluster (A) tend to an exponent

> 1, while HTML and messaging services on cluster (B) have their exponent << 1. This

behavior is further explored and exemplified when modeling vs(d) in subsection 7.4.3.

The emergence of two major behaviors in both clusterings is aligned with early

observations in Section 7.3.2 about the difference between the dynamics of streaming

applications like Netflix, Twitch and Deezer and those of less demanding services like
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(a) Facebook Live (b) Facebook

Figure 7.6. Traffic volume PDFs Fs(x) (top) and duration-traffic pairs vs(d) (bottom) for two
applications with shared user base: (a) Facebook Live and (b) Facebook.

Amazon, Pokemon Go or Waze. It also confirms that this polarity does not depend on

the user base but it is inherent to the nature of the service. Indeed, as shown in Figure 7.6,

it affects services like Facebook Live (video streaming, cluster A) and Facebook (social

media, cluster B), which have a largely common user population: the former has Fs(x)

and vs(d) aligned with that of the streaming applications in Figures 7.4a–7.4c, whereas the

latter has flattened-out PDF and low-bitrate pairs as in Figures 7.4d–7.4f. It’s concluded

that session-level traffic is marked by a main dichotomy between video and audio streaming

services and applications that rely on short or lightweight message exchanges.

However, clustering services beyond the two major groups above is not possible.

Figures 7.5c and 7.5d show the evolution of the Silhouette score [218] over progressive

splits of the services into a growing number of clusters. This index is widely used to

identify meaningful clustering levels, where values closer to 1 indicates no overlaps and

zero indicates overlapping clusters; the ideal cluster level is identified by a major drop of

the score in the following level, as this indicates that breaking down the set into more

classes generate significant overlap. Apart from the substantial change of value after

the first 3 clusters, the Silhouette score stays nearly flat for all subsequent splits: finer-

grained grouping of services is haphazard and does not reveal any informative pattern.

Therefore, apart from a very macroscopic separation of streaming versus non-streaming

traffic, session-level statistics of mobile traffic demands cannot be characterized for whole

classes of applications but must be studied for specific services independently.
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(a) Traffic across space/time (b) Traffic across RATs

(c) Duration across space/time (d) Duration across RATs

Figure 7.7. (a,c) Boxplots of differences in session-level traffic for (i) different services, and for
each service across (ii) working days and weekends, (iii) urban, semi-urban and rural regions, and
(iv) different cities. (b,d) Boxplots of differences in session-level traffic (i) for the same service
across 4G and 5G RATs, and for difference services relying on (ii) 4G or (iii) 5G. Differences
PDFs F c,t

s
(x) in (a,b) are computed via EMD, while those between pairs vc,t

s
(d) are computed

using SED. Whiskers indicate the 5-th and 95-th percentiles, while the boxes outline the first,
second and third quartiles.

7.3.4. Impact of space, time and technology

The analysis is now broken down over the temporal and spatial dimensions, by looking

at PDFs F c,t
s (x) and pairs vc,t

s (d) that are not aggregated over all BSs c ∈ C and days

t ∈ T .

In the time dimension, mobile traffic workloads are known to differ primarily between

working days and weekends [22], hence it will be explored if the same distinction exists

in session-level dynamics. New aggregations of F c,t
s (x) and vc,t

s (d) are generated, over all

BSs c but telling apart two sets of days: working days and weekends. Then, the EMD

between the two traffic volume PDFs of a same service s for the two types of days is

computed. EMD is symmetric and compares a pair of PDFs by calculating the minimum

cost of displacing samples of one distribution to match the other, returning a value zero

for identical PDFs. For duration-traffic pairs the SED of value vectors is used.

The distribution of these EMD and SED values is condensed in Figures 7.7a and 7.7c,

under the ‘Days’ tag. As a reference, the distances between different services is reported,

i.e., the values in the matrix of Figure 7.5a, under the ‘Apps’ tag. By comparing the

two boxes, it is evident that the dynamics observed for a same service yield negligible

differences across working days and weekends, whereas inter-service heterogeneity is much

more pronounced. Visual examples of the lack of impact of the day type on session-level

traffic are also in Figure 7.4 and Figure 7.6, where measurements collected in workdays

and weekends does not show clear differences.
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From a spatial perspective, F c,t
s (x) and vc,t

s (d) are aggregated for each service s, over

all days t but separately over BSs that belong to different regions and cities. At a region

level, PDFs and pairs for BSs will be computed from location into (i) dense urban, (ii)

semi-urban and (iii) rural regions; urbanization level information is employed, from the

data provided by the local national institute for statistics to tell apart the three types

of regions. Concerning cities, statistics are derived for each of the 5 largest metropolitan

areas in the country.

The test previously used for different days of the week is then repeated, by calculating

for a same service the EMD of the traffic volume PDFs and the SED of the duration-

traffic pairs among different regions as well as among diverse cities. The results are

reported in Figures 7.7a and 7.7c, under the ‘Regions’ and ‘Cities’ tags. Again, distances

are very small when confronted to those that affect diverse services under the ‘Apps’

tag. It can be concluded that the geographical location of the BS has very limited impact

on the session-level traffic statistics, hence a single model would generalize well across

urbanization levels.

Finally, the impact that different RAT have on the session-level statistics is

investigated. For each service, it will be computed separately traffic volume PDFs and

duration-traffic pairs for all sessions served by 4G eNodeBs and 5G gNodeBs. This allows

studying if the statistics of a same application change when a user is connected via 4G

or 5G. The result is reported in terms of EMD and SED in Figures 7.7b and 7.7d, under

the ‘RATs’ tag, and shows that the diversity entailed by different RATs is negligible if

compared to that determined by the service itself. The latter is reported in Figures 7.7a

and 7.7c, under the ‘Apps’ tag, but is also broken down by technology in Figures 7.7b

and 7.7d, under the ‘Apps (4G)’ and ’Apps (5G)’ tags: there, it can be observed that the

difference across applications remain stable no matter if those are served by 4G and 5G

BSs. It can be concluded that RATs do not impact in a significant manner the way users

consume a same mobile service within a single transport-layer session.

7.3.5. Key insights from the characterization of session-level traffic

The characterization of session-level traffic yields a number of takeaways relevant to

modeling, as summarized below.

a) The arrival rates of newly established sessions at a given BS follow a bi-modal

distribution, independently of the load served by the BS, hence a same modelling

strategy can be applied to arrival processes of all BSs.

b) The fraction of total sessions generated by each service is not uniform, but

follows a negative exponential law, calling for a suitable breakdown of arrivals on a

per-service basis.
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c) Services are characterized by unique multi-modal distributions of per-session

traffic volume, which present varied probability peaks at specific load values. Apart

from a broad distinction between streaming and best effort services, applications

cannot be grouped on the basis of class or using statistical clustering methods: each

service requires dedicated session-level modeling of the load and duration of the

session they induce.

d) The statistics of session-level traffic and duration of a given service do not vary

significantly across days, urbanization level, metropolitan areas or RATs; hence, a

single model suffice to represent the dynamics of a service at a BS.

e) Transient, partial sessions generated by users crossing the BS coverage area

for a short time period occur with significant frequency and should be properly

modeled.

7.4. Obtaining models for session-level traffic

The insights above are built upon to develop original models of mobile network traffic

at the session level. Insights a and b offer pointers on how to model arrivals of sessions

wc,m
s at one BS. The remaining ones provide indications on the modeling of the traffic

volume PDFs F c,t
s (x) and duration-traffic pairs vc,t

s (d). Specifically, insight c implies that

dependable models need to target each service s ∈ S separately. However, following

insight d, these per-service models do not need to be further specialized for individual

BSs c ∈ C located in different regions and cities, for different days of the week t ∈ T , or

even across 4G and 5G NSA RATs. Ultimately, models of the aggregate vs(d) from (7.1)

and Fs(x) from (7.2) are enough to capture typical session-level mobile traffic reliably.

Based on these considerations,the following modeling approaches for wc,m
s , Fs(x), and

vs(d) will be adopted, respectively.

For session arrivals wc,m
s , it will be used simple fittings of theoretical

distributions on the bi-modal PDFs observed in Section 7.3.1, using a constant

measurement-driven breakdown to associate each arrival to a specific service s.

For the traffic volume PDFs Fs(x), a novel algorithm is presented to decompose

and approximate the distributions as log-normal mixture models. The proposed

model achieves good estimation of the original Fs(x) for a wide set of services s

with a small set of components (hence parameters). The approach operates over

the full PDF domain, thus including short-lived transient sessions and abides by

insight e.

For duration-traffic pairs vs(d), it will be shown that a regression using a power

law model fits well all services s. Interestingly, these models enables comments on
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how throughput varies non-linearly with the duration of a session, in ways that are

unique to each service.

7.4.1. Fitting of session arrivals

Based on the analysis carried out in Section 7.3.1, the peak daylight arrival process of

sessions at a BS and its off-peak nighttime counterpart separately will be modeled. This

gives a degree of freedom in emulating either day or night traffic.

By looking at Figure 7.2, the mode during peak hours can be described by a simple

Gaussian distribution. The mean µc,w of the Gaussian fitting is necessarily different

across classes of BSs characterized by different loads, which observe diverse arrival rates:

it ranges from 1.21 sessions/minute for the first decile class up to 71 sessions/minute for

the busiest BS decile. For the standard deviation σc,w, a pattern is observed emerging

across all classes of BSs, such that σc,w ∼ µc,w/10 in all cases: this allows automating the

setting of σc,w and simplify the models. The second mode, representing off-peak hours,

is better modeled by a Pareto distribution, represented by:

bc,w · (sc,w)bc,w

/xbc,w+1, (7.3)

where [bc,w, sc,w] are the shape and scale parameters, respectively. The measurement data

is well fitted by fixing the shape to bc,w = 1.765 and modify only the scale sc,w across

antennas. In fact, the growth of µc,w and sc,w across BSs in increasing load decile classes

is similar, i.e., exponential with akin rate. Examples of the resulting fittings are also

shown in Figure 7.2.

According to the results of Sections 7.3.2 and 7.3.3, it is important to model arrivals

associated to different services, which are not uniform. A simple yet effective way to break

the aggregate arrival distributions above on a per-service basis is opted. This approach

stems from the consideration that the share of sessions induced by each service is relatively

constant across different BSs and over time. Specifically, Table 7.1 presents the expected

fraction of sessions and traffic volume generated by 28 popular mobile applications. The

table also report the corresponding Coefficient of Variation (CV), i.e., the ratio of standard

deviation to the mean, across BSs and minutes. The CV thus represents the expected

diversity of session and traffic shares yielded by each service. While the CV of the traffic

share tends to fluctuate, that of the session share is fairly stable at around 1% across

applications. In light of this observation, the session shares in Table 7.1 are used as

probabilities to assign to a specific service a newly established session obtained from the

fitted arrival rate PDFs.
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Service Sessions % (CV) Traffic % (CV)

Facebook (FB) 36.52 ±1.15 32.53 ±1.68
Instagram 20.52 ±1.27 31.48 ±2.13
SnapChat 18.33 ±1.17 9.52 ±2.12
Youtube 4.94 ±1.14 0.24 ±1.39
Google Maps 2.76 ±1.14 0.10 ±2.82
Netflix 2.40 ±1.29 11.10 ±1.66
Waze 1.63 ±1.39 0.62 ±1.75
Twitter 1.46 ±1.43 0.45 ±1.49
Apple iCloud ±1.45 1.04 3.24 ±4.20
FB Live 1.42 ±1.17 1.80 ±1.08
Spotify 1.12 ±1.28 0.12 ±2.54
Deezer 1.08 ±1.91 1.59 ±1.81
Amazon 0.96 ±1.17 0.25 ±1.11
Twitch 0.91 ±1.22 3.67 ±0.96
WhatsApp 0.85 ±1.27 0.41 ±2.91
Clothes 0.83 ±1.23 0.85 ±1.58
Gmail 0.54 ±1.16 0.02 ±1.17
LinkedIn 0.51 ±1.23 0.54 ±1.41
Telegram 0.44 ±1.16 1.08 ±3.27
Yahoo 0.32 ±1.18 0.10 ±2.40
FB Messenger 0.23 ±1.25 0.01 ±1.85
Google Meet 0.22 ±1.11 0.14 ±2.16
Clash of Clans 0.18 ±1.25 0.09 ±3.31
Microsoft Mail 0.11 ±1.31 0.01 ±4.48
Google Docs 0.09 ±1.21 0.02 ±3.58
Uber 0.07 ±1.92 0.01 ±1.55
Wikipedia 0.06 ±1.30 0.01 ±3.01
Pokemon GO 0.04 ±1.21 0.01 ±2.33

Table 7.1. Percent contribution to the total number of transport-layer sessions and to the total
mobile traffic volume, for 28 applications and with associated CV.

7.4.2. Log-normal mixture models of traffic

The modeling approach for Fs(x) is in three steps, which are illustrated in Figure 7.8

for one representative service, i.e., Netflix. In the first step, exemplified in Figure 7.8a,

the experimental Fs(x) is fitted using a log-normal distribution, i.e.,

LogN(x;µs, σ
2
s) =

1

σs

√
2π

· exp

(

−(log10 x− µs)2

2σ2
s

)

, (7.4)

which allows representing the broad trend of session-level traffic volume for each service s,

denoted by fs(x). The rationale behind the choice of a log-normal fit is that it is the single

function best representing the whole Fs(x) for the vast majority of services: indeed, it can

be observed in all plots of Figure 7.4, Figure 7.6 and Figure 7.8a that the PDFs yield a

resemblance to Gaussian-like shapes when the traffic is represented in a logarithmic scale.

In this stage, the fitted PDF fs(x) is also subtracted from the measurement PDF Fs(x),

bounding the result to positive values and obtaining a residual probability.

The second step, depicted in Figure 7.8b, focuses on analyzing the residuals; these

represent the unique peaks of session-level traffic of each service and are thus instrumental

to a realistic modeling of Fs(x). The process is automated as follows.
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(a) Main component and residuals (b) Residual selection

(c) Final model

Figure 7.8. modeling steps for the log-normal mixture model of the traffic volume PDF Fs(x),
for a sample service, i.e., Netflix. (a) Decomposition of the measurement distribution (light blue)
into a main log-normal component (dashed) and residual probability peaks (red). (b) Identification
and characterization of the residuals to be modeled (light grey areas), using their first derivative
(orange). (c) Final residual components used by the mixture model (red), and reconstructed PDF
F̃s(x) (black).

The first derivative of the residual is computed, using a first-order Savitzky-

Golay filter [273] that smooths the resulting curve and helps the subsequent steps.

The derivative are checked against a threshold,3 and record all continuous

intervals of traffic values within which the derivative stays seamlessly above the

threshold.

The aforementioned intervals are ranked based on the residual probability they

contain, simply computed as the integral of the residual curve within each interval.

This method employs the change rate of the derivative to single out the residual peaks of

actual interest for the modeling process; these are characterized by a high rate of change

over a short traffic interval, such as the (zoomed-in) light grey regions identified by the

algorithm in Figure 7.8b.

In the third and final step, the retained residual peaks are modeled. As those resemble

low-variance Gaussian PDFs in log scale, the n-th peak is represented as a log-normal

3Upon extensive tests, it was found that the algorithm to be robust to the choice of the derivative
threshold, which avoids misinterpreting tiny oscillations as peaks. This allows using a same value, i.e.,
10−5, to model any service s.
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function

fs,n(x) = ks,n · LogN(x;µs,n, σ
2
s,n), (7.5)

where LogN(·) is defined in (7.4). µs,n is set to the traffic value with maximum probability

in the associated interval, so as to properly center fs,n(x); σs,n is then set to (0.997·ℓs,n)/3,

where ℓs,n is the span if the n-th interval, so that 99.7% of the modeled probability lays

inside the interval. Finally, ks,n is the residual probability used to rank the intervals, and

allows scaling the log-normal distribution. Samples of modeled residuals are in Figure 7.8c

for the case of Netflix.

The final mixture model for a service s, denoted by F̃s(x), is obtained by composing

the main and residual functions:

F̃s(x) =
fs(x) +

∑N
n=1 fs,n(x)

1 +
∑N

n=1 ks,n

, (7.6)

where N is the number of modelled residual peaks during the third step above, and

the normalization factor at the denominator ensures that the expression in (7.6) is a

distribution. Figure 7.8c provides an example of real Fs(x) and its modeled counterpart

F̃s(x), for the Netflix service.

To conclude, it can be noted that other approaches to derive F̃s(x) are possible, e.g.,

using traditional mixture models that automatically find the best decomposition of a PDF

into multiple distributions of a given type. With respect to such alternative solutions,

the algorithm not only produces models that are compact and accurate, but outputs

components with a clear semantic (i.e., the main trend, and a set of characteristic peaks),

easing results explainability.

In this regard, it is worth noting that, when applied to the measurement data, the

procedure identifies and models at most 3 residual peaks for the majority of services; the

rare additional peaks have negligible weight ks,n below 10−4. Therefore, all models are

aligned and avoid irrelevant components, by limiting the maximum number of residual

contributions to 3.

7.4.3. Power-law fitted models between session duration and volume

Value pairs of duration d and traffic volume vs(d) tend to align into very consistent

patterns, as shown by the examples in Figure 7.4 and Figure 7.6: therefore, the

relationships between the duration of a session and the load it generates are clearly not

random, but follow statistical trends. Longer sessions are largely associated to higher

traffic volumes, which is reasonable. Yet, the exact growth patterns are quite different

across applications, as also observed in the figures above.

In order to properly represent the expression of vs(d) for each mobile service, the data

is fitted to varied functions from a range of families. Upon experimenting with polynomial,
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Figure 7.9. Relation between traffic consumption and duration of the session, for the service
Netflix (linear scale on both axis). In blue, the fitted powerlaw function.

exponential, and power laws it was found that the latter yield the best quality of fitting

across all services, while limiting the model complexity. Specifically, the following power-

law model was obtained:

ṽs(d) = αs · dβs , (7.7)

which will be unique for each application, by fitting {αs, βs} via the Levenberg-Marquardt

non-linear least squares method. An example of the fit for the Netflix service can be seen

on Figure 7.9, where the black lines represent the fitted ṽs(d) for the measured data.

The low complexity of the power law model facilitates its explainability, and in

particular it allows quantifying the diversity of behaviors in vs(d) discussed before. The

fitted exponent βs is especially revelatory in that sense. In a linear model where βs = 1,

then ṽs(d) = αs ·d, and all sessions experience an average throughput αs independently of

their duration. A super-linear βs > 1 denotes sessions whose mean throughput increases

as they last longer, and a sub-linear βs < 1 indicates that the instantaneous demand

decreases for longer sessions.

Figure 7.10 shows the value of βS for a representative subset of mobile services. The

exponent spans a wide range of values, from 0.1 to 1.8, so each application has quite

different scaling of the average throughput to the session duration. Interestingly, when

looking at the super- or sub-linearity of the models, video streaming services dominate

super-linear behaviors. It’s speculated that this may be due to the fact that longer sessions

within the same BS are generated by more stationary users, who also enjoy higher video

bitrates thanks to a more stable and strong radio signal. Non-video applications have a

sub-linear evolution of ṽs(d), as most require user interactions that tend to be less steady

over longer periods.

7.4.4. Model quality and usage

Overall, session-level traffic models are generated as presented above for 31 mobile

services, including all those listed in Table 7.1. The accuracy of the models for F̃s(x)
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Figure 7.10. Power law exponents of the fitted ṽc,t
s

(d) for a subset of services. Coefficients R2

are in bold.

(a) Twitch (b) Twitter (c) Google Maps (d) Amazon

(e) Facebook Live (f) Facebook (g) Snapchat (h) Google Meet

Figure 7.11. F̃s(x) and ṽs(d) (black solid lines) against measurement data (light blue) for a
choice of services.

and ṽs(d) presented above is assessed by means of standard tests. For the traffic volume

PDFs, the error of the models are computed by calculating its EMD with respect to the

original measurement-based Fs(x). Although the absolute value of EMD is not easily

contextualized, in all cases results are obtained in the order of 10−5, hence one order of

magnitude lower than those recorded in the various tests on Fs(x) in Figure 7.7a: this is

considered a good indication of the fidelity of the models. In the case of duration-volume

pairs, the coefficient of determination R2 are computed as a measure of the quality of

fit. The values are typically in the 0.7–0.9 range, which denotes a reliable fitting; in

some cases, values as low as 0.5 were obtained, which are still reasonable and, upon close

inspection, are mainly due to noisy measurement data that creates outliers. Examples of

the R2 values are on top of each bar in Figure 7.10. Finally, visual illustrations of the

real data and models are provided in Figure 7.11 for a subset of services, and show the

good resemblance of F̃s(x) and ṽs(d) with the measurements.

Each model is fully characterized by a tuple of parameters [µs,σs,{ks,n, µs,n, σs,n}n,

αs, βs], which are release publicly. This allows reproducing realistic session-level statistics

for the traffic volume (extracted from F̃s(x)), duration (obtained by applying the inverse
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function ṽ−1
s to the traffic volume) and average throughput (computed as the ratio of the

volume to the duration). These open models can thus benefit the research community

by empowering more dependable performance evaluations of mobile network systems and

solutions, as demonstrated next in practical use cases.

7.5. Creating synthetic data from session-level models

This section describes three use cases that showcase the critical impact that accurate

session-level per-service traffic modeling can have in network management. It can be

remarked the goal is not to derive innovative solutions for these use cases, but rather

providing examples that illustrate, through simple network management scenarios, the

utility of the presented models with respect to more traditional, simpler and not data-

informed modeling of traffic. The first use case highlights the importance of per-service

traffic characterization; the second one shows the benefits of session-level modeling;

finally, the third one provides a general use of replicating network topology and different

throughput demands from both session-level and duration models.

7.5.1. Capacity allocation for network slicing

Correct characterization of mobile traffic demand is crucial for resource allocation in

network slicing: An accurate knowledge of the expected traffic demand for each Service

Provider (SP) requesting a network slice would allow the operator to adjust the reserved

resources in a more efficient manner, considerably increasing its profit margin by reducing

operating expenses for each slice while accommodating more slices.

This first example considers a scenario in which the operator signs a Service Level

Agreement (SLA) with each one of the 28 SPs included in Table 7.1. Each SP acquires

a network slice to guarantee its traffic demand during peak hours (i.e., except night

from 10pm to 8am). The incoming sessions are sampled from the real data distribution,

such that the share of traffic and number of sessions of each service follows the values

indicated in Table 7.1, and the arrival time of the sessions is modeled so the number of

arrived sessions per minute at each RU follows the distribution in Section 7.4.1. The

terms of the SLAs are satisfied if the operator successfully delivers all the traffic demand

from the SP’s users at least 95% of the time. In this setting, the operator must decide

how much capacity it allocates to each of the SPs at each of the antennas.

Algorithms: First are considered the derived models for the sessions’ arrival time,

the traffic per session, and the session’s duration to determine the capacity allocation

of each slice. Based on these models, it’s possible to obtain the CDF of the traffic per

service per antenna for different levels of demand. Considering this CDF and the average

antenna load, the allocation can be done to each slice with the capacity that corresponds

to its 95th percentile.
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Time with no dropped traffic (%) Standard deviation
Model 95.15% 2.1%
bm a 89.8% 4.3%
bm b 87.25% 4.2%

Table 7.2. Performance results for capacity allocation for network slicing averaged over antenna
and service.

This approach, which is only feasible with the derived session-level results, will be

compared with two benchmarks. For that, consider the mobile traffic models available

in the literature [274], [13] that provide shares of mobile traffic for 3 service categories

(Interactive Web (IW), Casual Streaming (CS) and Movie Streaming (MS)). Through a

literature search, no available models with higher levels of service specification are found.

Thus, it can be considered as benchmarks bm a, which considers the three mentioned

categories with the session shares derived from aggregating the corresponding values of

Table 7.1 (IW: 49.30%, CS: 48.46%, MS: 2.24%), and bm b, which considers the three

mentioned categories with the session shares from the literature (IW: 50%, CS: 42.11%,

MS: 7.89%). For both, the capacity allocated to each service within a category is split

uniformly, since no information w.r.t. the intra-category session shares is available.

Evaluation: The performance of the system is evaluated for a week in an area covered

by 10 different antennas, for all the 28 services listed in Table 7.1. Table 7.2 shows the

percentage of time for which the capacity allocated by the operator is sufficient to serve

all the traffic demand, averaged over antennas and services. The solution based on the

models proposed is the only one that achieves the SLA terms to guarantee the proposed

Quality of Service. The other solutions suffer from the inaccuracy in estimating the

share of demand of each service, and they also have bigger variability between services.

An important aspect of this session-level per-service modeling is the robustness against

outliers. Mobile traffic is very bursty, and dimensioning the slices based on traffic peaks

may be very detrimental and lead to a waste of reserved resources. This can be seen in

Figure 7.12, where the actual allocated capacity that satisfies the SLA terms is far below

the traffic demand peaks.

7.5.2. Energy consumption in CU-DU

A standard virtualized Radio Access Networks (vRAN) scenario is considered,

portrayed in Figure 7.13a, where Centralized Units (CU) located at a Telco Cloud Site

(CS) serve traffic from a set of DUs at multiple Far Edge Sites (ESs), each associated

to a group of Radio Units (RU). CUs run within physical servers (PS), whose energy

consumption depends on the computing load. Therefore, the dynamic association of DUs

to CUs within each PS, in accordance with the fluctuation of mobile data traffic at the

RUs, determines the energy cost of the vRAN infrastructure for the operator. This is a
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Figure 7.12. Normalized traffic demand and allocated capacity to Facebook network slice at one
BS over time.

major operating expense that needs to be minimized [275], [276].

Energy optimization model: It can be assumed that all PSs at the CS are identical

machines, whose capacity is limited by the maximum sum throughput of the mobile traffic

they handle, up to 100 Mbps when working at full load [277]. The energy consumption is

modeled at the each PS following real specifications of IBM servers [277, Table IV], such

that a PS consumes a maximum power of 200 W when working on traffic at 100 Mbps; the

power consumption is instead at 60 W when the PS is turned on but idle, and increases

proportionally until the 200 W above at 100% load.

The operator employs then a dedicated algorithm for orchestrating the resources in

the CU, executed at every time slot (TS) of one second. Due to the considered energy

consumption model, minimizing the energy consumption of the system is equivalent to

minimizing the number of active PSs. Thus, the algorithm is a bin-packing heuristic [278]

that minimizes the number of PSs based on the current state of served sessions and

the new session arrivals during the TS. While this model is relatively simple, it offers

reasonable performance; more importantly, it provides a basis to assess the impact of

traffic models on the compute resource management results, which is the goal.

Mobile traffic models: A vRAN system with one CS serving 20 different ESs is

assumed, each handling 20 RUs. The arrival time of the sessions is modeled such that

the number of arrived sessions per minute at each RU follows the modeled distribution

in Section 7.3.1. The sessions are generated according to three different strategies: (i)

using the measurement data presented in Section 7.3, by sampling Fs(d) and matching the

traffic volume values to vs(d) to derive duration and average throughput; (ii) using the

proposed models as described in Section 7.4.4; (iii) from traditional mobile traffic models

available in the literature [274, Table II], [13, Table XVII] that provide throughput and

session size/duration for three service categories.

For all cases, the share of per service sessions are extracted from Table 7.1. For (iii),

the 28 classes (services) are mapped into the 3 categories that their model considers, and
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(a) System model

(b) Performance error of traffic models (c) Power consumption over time

Figure 7.13. (a) vRAN system model considered in 7.5.2. (b) APE with respect to the
measurements traffic in terms of active PSs and power consumption, for the model and the
benchmarks. (c) Power consumption sample.

again generate sessions for each category according to Table 7.1. As the model in (iii)

is used as a term of comparison, three different benchmarks are generated in fact from

it: bm a fully adheres to the original models, bm b normalizes the generated data so

that the total system throughput matches that observed in the measurement data, and

bm c normalizes the throughput of each service class so that it matches that recorded in

the measurement data. Clearly, bm b and bm c are not feasible with information from

literature only, but they allow highlighting the advantages of the proposed models.

Performance evaluation results: Experiments for several emulated days are ran,

orchestrating CS resources via the described strategy for all traffic models above. The

same realization of class-level session arrivals is employed in all tests to avoid biases.

Figure 7.13b summarizes the results, expressed as the distributions of the number of active

PSs and of the power consumption. The absolute percentage error (APE) is reported

with respect to the same figures obtained by feeding the optimization model with the

measurement data. The proposed model tightly approximates the real scaling of the

compute resources at the CS, with median APE well below 5% and very small deviation

for both metrics. The difference is apparent with respect to the benchmarks, which incur

into APE of 100%–1000%, hence leading to performance results that are completely off.
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Clearly, the traffic generated by the benchmarks fails to capture real-world session-level

statistics, which completely undermines the reliability of the performance evaluation.

Figure 7.13c offers a close-up view of the temporal evolution of the power consumption

with real data, the model and bm c: the result further highlights the quality of the

contribution in mimicking real-world traffic.

7.5.3. Optimization of heterogeneous networks

The use of synthetic network data by the models described in Section 7.4 can help

network optimization problems by providing realistic twins of the network, which could

be beneficial for the optimization of the complex deployments that are becoming more

common, such as heterogeneous networks. Works in this area usually utilize simplistic

scenarios that are not based on real deployments [279]–[281], so the presented models can

lead to a better assessment of the proposed algorithms.

The task of optimizing the many variables that characterize modern RANs is

challenging for ultra-dense heterogeneous scenarios, where macro, micro, and femto cells

are deployed together inside a relatively small area in order to provide higher capacity

and enhanced Quality of Service (QoS) [282]. These dense and hierarchical deployments

are present, especially in populated urban centers: Figure 7.14 shows an example of such

a RAN configuration observed in a production-grade mobile network, which includes

overlapping macro and micro cells providing coverage to the city center of Paris, as

it can be seen on Figure 7.14. In these heterogeneous RAN infrastructures, a lack of

optimization of transmission powers, resource allocations, and assignments between users

and BSs might lead to high inefficiencies, such as high transmission powers and low QoS

for users [283], [284]. The lack of realistic data that reflects this complexity could impact

the assessment of proposed solutions

Algorithm: The proposed framework for optimizing denser heterogeneous RAN

deployments is a joint optimization problem that allows minimizing the transmission

power in OFDMA heterogeneous networks while meeting individual users’ throughput

requirements. The problem formulation allows considering multiple variables

simultaneously, e.g., user association, resource allocation, and transmission power,

instead of dividing the optimization problem into smaller ones, by deriving piece-wise

concave approximations of the Shannon-Hartley formula, and consequently applying a

variable transformation that enables posing the optimization problem into a Mixed-

integer Geometric Program (MIGP) form. The effectiveness of the proposed optimization

framework is demonstrated in a dependable scenario with up to 800 users generating

demands modeled after mobile network traffic measurements and located in a real-world

heterogeneous RAN, in the presence of wireless channel characteristics reproduced via a

high-performance signal propagation solver.

Evaluation: The applicability of the proposed MIGP algorithm is evaluated in
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Macro cells Micro cells

Figure 7.14. Real-world topology of an operational heterogeneous network deployed in a
neighborhood of a large European city.

realistic scenarios based on the models described on Section 7.4, where high-fidelity digital

twins based on the collection of real deployment scenarios will enable the assessment of

the proposed algorithm against other state of the art solutions. It’s interesting to note

that by utilizing the models proposed in this Chapter to generate synthetic network data,

it’s possible to create scenarios that are significantly bigger and more complex, in which

most solutions previously mentioned were never tested. This enables a deeper exploration

of the performance boundaries of network optimization frameworks.

For each scenario, S, a set of base stations BSj is chosen respecting the operational

network topology, with the number of sessions arriving on a 1-minute interval being

estimated on proposed arrival models, considering the busiest scenario available. This

interval represents a moment where the network operates at higher loads, with the number

of connected users and their traffic demands reaching their peak values. The shares of

sessions that each application is expected to generate will respect the values seen on

Table 7.1. For each expected session arriving at BSj , the traffic and duration (and

thereby throughput) are estimated according to the demands of the corresponding mobile

service based on the models described in Section 7.4. Each generated session is assigned

to an individual user placed in a random location, lying within the covered area of s-th

HetNet topology, determined by a Poisson random point process.

To evaluate the received signal distribution within the coverage area of each BSj a

ray tracing simulator is deployed which allows to carefully emulate the electromagnetic

wave propagation in the urban fabric [285], [286].

In total, 5 scenarios generated from the proposed models were considered to evaluate

the proposed framework, each assuming different spatial and network complexities.

Scenario S1 is a downtown location that contains 1 macro cell and 4 micro cells located in
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Figure 7.15. Users’ assignment after MIGP optimization for S1.

the historical center in the downtown area of the city under consideration. Scenarios S2

and S3 build on the HetNet operating at the same downtown region of S1, but increasing

the number of micro BS to 7 and 8, respectively, to evaluate the scalability of the proposed

framework in denser network configurations. Scenario S4 represents a less dense topology

located by the river side of the city, consisting of 1 macro and 2 micro cells. Finally,

scenario S5 is on an area at the hill side of the city. All scenarios consider BSs that are

5G NSA-enabled.

Initially, the applicability of the MIGP framework is tested on scenario S1. This will

consider a 5G RAN operating at 3.5 GHz with 500 resource blocks, utilizing an OFDMA

technique with 100 MHz of bandwidth. As previously mentioned, S1 consists of 1 macro

and 4 micro BSs that accommodate the throughput requirements of 400 users, bounded

between 1.35 Kbps and 18.72 Mbps; the noise power is set to -174 dBm/Hz. The goal is

to minimize the total transmission power of the HetNet.

The resulting assignment is seen in Figure 7.15, which shows a clear tendency to

connect the users to the BS providing the highest channel gain. It can be noted on the

map a pattern of users being mostly around the outside of buildings, which is amplified by

the propagation loss experienced by 3.5MHz communication inside buildings. Considering

the 400 total users of this scenario, the number of users nj connected to each BS j, the

number of RB used in each BS, and the respective transmission powers are provided in

Table 7.3. PTot
j stands for the total transmission power used by BS j (each resource block

spends Pj Watts). This example guarantees that MIGP not only works but can solve

complex scenarios with a significant number of users present.

The proposed models can be also leveraged to benchmark solutions against other state
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BS j nj RBj Pj (W) PTot
j (W)

j = 1 43 423 0.2894 × 10−3 0.1224
j = 2 161 495 0.7117 × 10−3 0.3523
j = 3 142 490 0.6535 × 10−3 0.3202
j = 4 24 413 0.0038 × 10−3 1.5694 ×10−3

j = 5 30 435 0.2151 × 10−3 0.0936
∑N

j=1 400 2256 0.0019 0.8901

Table 7.3. Number of users connected to each BS for S1.
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Figure 7.16. (a) Number of users connected to each BS of S1 for OP(7) + MIDACO, GP +
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of the art frameworks, as well as to text its scalability within more complex scenarios. A

comparison of MIGP is performed with two other frameworks: GP + fixed zij) (which is

a simplified version of MIGP) and OP (7)+MIDACO (which is based in a commercially

available solver). The number of users connected to each BS in S1, considering a growth

in users across the scenario, is seen on Figure 7.16a. With this approach, it’s possible to

note that MIGP gives a more homogeneous spread of users across BS than the two other

frameworks, and that OP (7)+MIDACO was unable to solve problems with more than

100 users. It’s possible also to assess how the frameworks perform across diverse scenarios,

in relation to how they assign users to BS and how this affects the overall consumption

of the network. Figure 7.16b presents those the results obtained from scenarios S2 to S5

for MIGP and OP (7)+MIDACO. This simulation not only vary in the number of BS

deployed but also on the number of users present in each. With the data provided by the

proposed models, it’s possible to check that the assignment obtained from MIGP result

always in lower consumption of energy, when compared to the commercially available

solution of OP (7)+MIDACO.

7.6. Main takeaways

This Chapter presented first-of-its-kind exploration of mobile traffic at the transport-

layer session level. This study builds on substantial measurement data and reveals
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new facets of traffic, which are modeled accurately as a contribution to more reliable

performance evaluations of mobile system. This work presents a few limitations: the

granularity of the data does not allow for fine grained or intra-session simulations (i.e.

packet level generation); since the models are at service level, they will require updates

over the years to consider changes in popularity and new services that emerge; due to the

aggregation of sessions at BS level to comply with user privacy regulations, the ability

to study sequences of TCP/UDP flows a user may generate through the use of a mobile

service is lost, which limits an expansion of this study to application-layer dynamics.



8 Discussions and perspectives

8.1. Discussion of the results from this thesis

The exponential growth of large-scale models, the rise in popularity of data-driven

solutions within computer networks, and the rise in popularity of new data sources for

multi-domain research (i.e., anthropology, epidemiology) are major drivers for the need for

research in the domain of large-scale mobile network measurements. This means there’s

a significant rise in the demand for techniques for data collection and processing, in order

to guarantee the veracity of collected data sets. Also, there’s a need for research pushing

the possibility boundaries of the data, in order to understand which types of insides can

be gathered with confidence from the usage patterns of smartphones, so researchers from

fields outside of mobile networks can have a better grasp of how to incorporate this data

into their research interests.

The main motivation of this thesis was to present a significant overview of the field

of Network Data Science and mobile network measurements, contributing to pushing

the envelope of possibilities that the data can achieve. As it was originally mentioned

in Chapter 2, works based on mobile network measurements tend to contribute within

the fields of network, Social, and nobility analysis. The contributions seen throughout

this thesis heavily favored the area of network analysis, with a set of insights also being

new and significant for researchers in the field of social analysis, especially in the areas

of environment and epidemics. These contributions are within the measurement and

collection domain, the data processing domain, and presenting techniques and insights

useful for the future of the field. Throughout the chapters, here are the highlights of each

of their contributions and how their impact on the research community.

The initial contributions of this thesis involved detailing the data engineering and

processing tasks involved in large-scale mobile network measurements. One of the most

critical involved how it was possible to identify 5G NSA flows from measurements, as

the network core (and therefore the probes) are shared with 4G, making it impossible for

standard techniques used to distinguish between both. This process enables many of the

199
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network analysis contributions throughout this thesis. Important and often overlooked

concepts about the processing part needed before the analysis started were also detailed,

especially in relation to the spatial unit of mobile network measurements.

A deep dive into how newer mobile network technologies affected the consumption

of mobile traffic also showcased many important insights. A first-of-its-kind analysis

of 5G adoption and its impact on service consumption was presented, using large-scale

measurements collected in an operational nationwide mobile network. By taking a service-

oriented perspective on the adoption and early utilization of 5G networks and focusing

on the impacts over the network, it set itself apart from other works. Through it, it was

possible to observe that the adoption of 5G in France is on a slow rise, with early adoption

seemingly correlated with Apple devices, and that contrary to expectations, regions, where

early adoption was stronger, had lower income and educational levels, which could be

related to perhaps 5G substituting Wi-Fi in such residences. These user insights can prove

significant importance for the business units responsible for the economics and marketing

aspects of the deployment, as they offer a passive and privacy-preserving approach to

measure adoption within the population. Also, the characterization study of indoor

mobile networks presented insights on how the preference of mobile applications is tied to

the indoor ambient where users were, independently of the outdoor environment, which

can be an important tool for network optimization techniques, especially those focusing

on network slices and optimization in the per-application level, e.g., optimizing music

streaming applications in metro stations, as this category of apps had overutilization there.

These insights can be critical in the development and evolution of future specifications of

mobile networks.

Another set of explored techniques showcased the exploration of space and

environments through the lenses of mobile networks. As multi-domain researchers become

interested in utilizing mobile network measurements, there is a need for techniques and

insights on how to fit smartphone measurements into environmental and spatial analysis,

to which the works here presented intended to contribute. The use of EFA for the

identification of land usage through mobile traffic utilization showcased a vast array

in both temporal and spatial patterns, which can be deeply useful for urbanism and

transportation researchers as alternatives to identify profiles of utilization within major

cities. Also, new techniques for the study of urban green spaces in relation to smartphone

utilization revealed the heterogeneity of green spaces in Paris, which could be related to

the location and features of such spaces and how this affects the relationship between

users and their smartphones.

Large-scale mobile network measurements can also be used to understand the effects

of significant events. The impact of restriction measurements imposed by the government

of France due to the COVID-19 pandemic was quantified by their impact on mobile

network utilization, with a focus on the temporal, spatial, and per-application dynamic
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changes. These highlighted population movements by studying the changes in hotspots of

traffic consumption, specifically for certain key apps, and how their popularity changed

as the movement was restricted to contain the spread of the disease. Also, a zoom into

cities resulted in similar patterns within urban environments, especially how the socio-

economical aspects of neighborhoods may have affected the reaction to the restrictions on

smartphone usage. These insights show the potential of mobile network measurements

as an alternative source of information for authorities to assess their measurements, as

well for MNOs to understand how big events may affect their traffic demands. A different

type of event was also explored: public protests. By characterizing the 2023 French

pension reform strikes, it was observed that traffic demand patterns can be used as a

proxy to track the spatiotemporal progress of manifestations across the city and that a

few key applications are greatly affected by these events, which hints at their possibility

of utilization for more complex protest detection algorithms.

Finally, a technical perspective on mobile network measurements was shown, providing

a first-of-its-kind analysis of transport layer session-level traffic consumption of mobile

services. By understanding the characteristics of services, it was possible to note that

even services within similar categories (e.g., video streaming) had different statistical

properties, and within the same service, whenever it was possible to identify the type of

content being consumed (e.g., video or text), it was noted that the characteristics also

shifted. More importantly, per-application models for the PDFs of traffic consumption

were presented, as well as their relation with duration, throughput, and arrival rate.

These models go a significant layer deeper than what was presented in the literature, and

as showcased with 3 use cases, result in significant variations and improvement in the

performance of many mobile network optimization use cases.

Overall, the field of network data science aims to achieve more than anything a

deeper understanding of the data patterns, and to better enable data-driven solutions

by providing critical insights to all interested parties, as well as techniques and data sets

capable of shaping businesses. This thesis presented a significant number of contributions

in this direction, which hopefully will help guide the next wave of works interested in

large-scale mobile network measurements.

8.2. Perspectives for the area of networks data science

As expected, there are still many open questions in the topics touched on within this

thesis, many of which can be tackled in the current context of mobile networks. Next, a

few of these interesting future directions will be discussed.

Exploration of spatial representations of traffic: A significant number of studies

that utilize mobile network measurements perform some sort of spatial analysis of the

traffic. The vast majority of those will usually rely on two types of representation for the
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traffic over space: Voronoi polygons or square/hexagon grids. As the expected spatial

detail has been increasing, i.e., researchers want to be able to look more and more at

specific features and locations within cities (such as parks, as discussed over Section 5.2),

a potentially interesting direction for future research is to explore and generate a better

understanding about the correct representations of traffic consumption over the expected

coverage of antennas. Both Voronoi and grid representations greatly simplify and

approximate the expected propagation of the antennas, which is a significantly more

complex spatial entity. Two directions of research could be taken:

Based on the coverage maps that MNOs generate for any new antenna

deployment, a study on how to convert those into more simplistic representations

would be of great interest to the research community, as those could substitute other

spatial representations as more precise spatial localizations of traffic demands.

An investigation of the limits for the Voronoi representation, how much

uncertainty is added to the location users’ traffic demand when Voronois are used,

which could highlight how detailed over-space traffic demands can be estimated in

the current state.

Study of smartphone model adoption and its relation to traffic demands:

A currently unused field that’s possible to obtain from the measurement data is the

International Mobile Equipment Identity (IMEI), which is a numeric identifier which,

while unique for each device, could be utilized to determine the maker and model of each

smartphone. This means that it could be possible to study how different makers, models,

and price ranges of smartphones could be related to mobile traffic consumption, such as:

Understand if there’s a correlation between smartphone maker, model, and

price range in relation to the preferences of mobile app usage. A few studies have

already explored how the relationship between socioeconomic indicators and traffic

usage [79] or preferences over smartphone apps [76], so it could be interesting

to understand if the value of smartphones could also play a relation with app

preferences, or even to understand if the presence of certain smartphones were also

related to socioeconomic indicators of certain areas.

Adoption of devices with newer technologies. This for example could have a

direct relation with the adoption of 5G, where not only the MNO could understand

where the demands for 5G traffic are, but also the rate its consumer population

is adopting 5G devices. This could also be expanded for any other new tech that

can be assessed from the smartphone model, and even be cross-checked with app

and phone makers in relation to certain smartphones and how their preferences for

certain apps are.
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Impact of non-smartphone devices in mobile networks: As the infrastructure

of MNOs reaches deeper, and more and more devices are being connected to the internet,

mobile networks play an essential role in connecting any kind of device deployed on the

field to servers. The main impact here would be IoT and M2M device communication.

Therefore, the study of the impact of those devices is an interesting future topic in

Networks Data Science. For example, the work in [287] explored how connected cars

are utilizing resources of newly deployed 5G networks. Other directions that could be

utilized are to understand the RAT these devices are utilizing (i.e., to understand their

usage of legacy infrastructure), as well as merging with a IMEI analysis to create a profile

of which types of devices are currently leveraging the infrastructure of MNOs.

Standardization of datasets: The final, and perhaps one of the most crucial,

future directions would be the standardization of mobile network datasets. For all studies

contributed to this thesis and over previous works, a common problem becomes how

the data collected from different MNOs may not follow the same standards, being it

on how it is collected, pre-processed and its aggregation and privacy-related changes

required. This means that it could be difficult to directly compare results from data sets

obtained from different MNOs, as their full collection pipelines are different. While this

perhaps would not be that impactful for mobile traffic volume demand analysis, this is

significantly impactful for mobility analysis. Indeed, researchers interested in studying

population movements and transportation using mobile network measurements as a proxy

could be more likely to try to obtain bases from different sources, so guaranteeing that

certain standards when calculating those sets would be followed would be of great gain

for the research community. Certain companies who aggregate this type of data for later

selling as a product may have this care when they process their sets, but this is usually a

proprietary tool from their side. It would be critical for the expansion of mobile network

measurements for multi-domain research that open standards about data processing are

agreed, in order to allow better uniformity and validation across works.
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