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ABSTRACT 1 
This paper proposes a framework to extract origin-destination flows and dynamic travel 2 

demand patterns from 2G and 3G cellular signaling data in the Rhône-Alpes region, France. This 3 
study describes how these passively-collected records can be processed and analyzed in order to 4 

generate low-cost valuable inputs for transport models which currently rely on expensive and 5 
infrequent travel surveys. 6 

First, we present a method for data preprocessing and filtering based on cell phone activity 7 
metrics of about 2 million mobile phone users. Stationary activities have been detected to form 8 
trip sequences of users for whom the home location is identified. Then, trips have been 9 

aggregated by time of day to estimate hourly travel flows within the region. To better 10 
characterize these flows, we propose a spatial clustering process based on temporal demand 11 
profile of each zone and combine inferred travel patterns with land use data that help to reveal 12 
meaningful and significant dynamic mobility profiles. Comparative analyses have been 13 

performed with travel survey data showing that the resulting dynamic travel demand patterns are 14 
consistent with those obtained from survey data with high correlation coefficients of about 0.9. 15 

 16 
Keywords: Cellular signaling data, Dynamic travel demand, Mobility patterns, Travel survey, 17 

Profile Clustering     18 
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INTRODUCTION 1 
Spatiotemporal information about people movements are extremely valuable for human 2 

mobility analysis (1) and transportation development purposes (2). Emerging forms of data 3 
generated by communication pervasive systems such as cellular networks are offering new 4 

opportunities to track individual-level movements and enhance our understanding of travel 5 
behavior patterns (3, 4) in different social environments. Indeed, mobile phone records are 6 
characterized by a low collection cost since they are produced automatically and passively by 7 
telecom operators. More interestingly, the existing network mechanism provides continuously 8 
temporal and spatial information about individuals’ whereabouts. Therefore, massive cellular 9 

network data provide a promising source for acquiring information about travel demand, 10 
exploring the various factors that might impact community travel flows and supporting long-term 11 
policy decisions on large-scale mobility. 12 

The traditional human mobility research relies on household travel surveys that typically 13 

record one day of travel diaries per household. Yet, there are notable limitations associated with 14 
the classical travel survey process (5, 6). Collected survey data can be useful to capture cross-15 

sectional snapshots of daily journeys and to represent static mobility behavior. However; they do 16 
not allow considering fine-grained temporal analysis of the hourly, daily or weekly variability of 17 

individual trip flows.  18 
Understanding the dynamics of human mobility patterns is a core notion in transportation 19 

studies (7) related to e.g. traffic congestion management and transport infrastructure planning. 20 

Nevertheless, travel surveys typically involve high-cost process that restrict their frequency and 21 
prevent to follow the mobility dynamics. The use of communication data has the potential to 22 

completely change the current techniques to estimate behavioral transport models. The ubiquity 23 
of the data as well as the relatively cheap deployment makes it possible to conduct studies on 24 
mobility trends with various time resolution scales. Hence, dynamic origin-destination flows can 25 

be generated using methods for assigning trips into target time windows. A number of studies 26 

have been conducted to extract dynamic trip metrics using different forms of mobile phone data 27 
such as Call Detail Records (CDRs) and cellular signaling data. Most of these studies have 28 
explored CDRs and developed techniques to figure out temporal distribution of user trips. 29 

However, it has been proven that these methods perform rather poorly due to very low spatio-30 
temporal resolution of CDRs. Moreover, few research works have validated the results against 31 

external mobility data sources. Yet, the validation process allows to identify possible biases and 32 
to have a clearer idea about the potential of cellular data. 33 

In previous work (8), we have developed a full workflow to transform cell phone network 34 
logs into individual trip flows and showed the potential of the method to generate static origin-35 
destination flow matrices. The focus of this paper is to explore cellular signaling data from 2G 36 
and 3G networks to extract dynamic travel patterns of involved mobile users within large scale 37 

area. Although the potential of these data is promising due to the involved large amounts of 38 
individual spatiotemporal traces compared to CDR data, there is still a remarkable lack of studies 39 
based on them. The outline of this research is to test whether these massive signaling data could 40 

act as reliable data source to capture real-world temporal mobility behaviors. Therefore, we 41 
enrich the proposed workflow in (8) by adding the temporal component for dynamic origin-42 
destination (OD) flow estimation. We apply a clustering process to capture the different existing 43 
temporal demand patterns and combine them with the related land use attributes to highlight the 44 
impact of the latter on trip generation. We introduce techniques to cope the spatio-temporal 45 
biases in the signaling data-based demand estimation. We present a case study conducted within 46 
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the Rhône-Alpes region, France, for which we were able to analyze signaling data provided by 1 

Orange, the major French mobile operator, and to conduct comparative analysis with the data 2 
obtained from the latest travel survey performed in the same region. This paper is structured as 3 
follows. The state-of-the-art is presented in the “Related work” section. In the “Methodology” 4 

section, the data used in our analyses is presented followed by an overview of the process to 5 
extract individual trips and their associated temporal profiles. In section “Case study”, the results 6 
are summarized and evaluated with respect to survey data. Finally, the “Conclusions” section 7 
concludes the paper and identifies several suggestions for future research. 8 

 9 

RELATED WORK 10 
The potential of mobile phone data to study human mobility and understand the underlying 11 

dynamics that govern movement flows as well as travel demand patterns has been proven in 12 
several works (4, 9). This field of study has recently attracted a large and diverse body of 13 

researchers from urban planning, social science and even computer science. Thus, this emerging 14 
sensing data source has inspired a new generation of data-driven approaches to study the 15 

population dynamics. Significant attempts have been made to study trip distribution differences 16 
over weekdays and weekends (10) , to generate O-D flows by purpose and time of day (11) and 17 

to reconstruct the travel mode and flows in each link of the transportation network to perform 18 
traffic assignment (12, 13). Furthermore, there have been several limited-scale researches aimed 19 
at identifying temporal movements urban areas. In 2010, Ahas et al. (14) analyzed the diurnal 20 

rhythms of the city life and its spatial differences in Tallinn, Estonia and showed that the 21 
majority of users had a similar temporal rhythm. Kang et al. (15) proposed to study how mobility 22 

patterns inside cities are affected by the compactness and the size of the area. Obtained results 23 
indicate that the distribution of intra-urban travel follows the exponential law and that 24 
individuals living in large cities need to travel farther on a daily basis. More recently, in Trasarti 25 

et al. (16), CDR data have been used to extract interconnections between different city areas that 26 

emerge from correlated temporal variations of population local densities. In the same 27 
perspective, study on the dynamic urban activity patterns and interaction between areas has been 28 
performed in Dakar, Senegal (17). The authors highlighted high interactions between areas with 29 

similar land use characteristics. 30 
 Moreover, mobile phone data have been explored to generate origin-destination flows and 31 

estimate relevant temporal mobility metrics within different urban areas (7, 18, 19). From an 32 
activity-based modeling perspective, Widhalm et al. (19) have extracted activity behavioral 33 

patterns based on trip departure time, activity types and frequencies combined with spatial 34 
typologies and land use data. Using CDR data, they applied the method in the cities of Vienna 35 
and Boston showing similarities between conurbations. The resulting trip chains and activity 36 
patterns match well with data from surveys. Following a trip-based approach, Gundlegard et al. 37 

(7) proposed a process for dynamic travel demand estimation using two CDR datasets collected 38 
in Ivory Coast and Senegal. They computed relevant mobility metrics such as route and link 39 
travel flow and travels times. However, the derived estimations were not evaluated due to the 40 

lack of validation data. Also, the travel demand scaling for the full populations of the two studied 41 
areas is not discussed.  42 

Overall, there is a large variety of existing works about methods to extract dynamic 43 
mobility metrics and travel patterns from mobile positioning data. Most of these studies focused 44 
on CDR data which are temporally and spatially sparse due to their activity-dependent nature 45 
(records generated only with call, SMS or data connections) (20). Few works have discussed the 46 
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impact of such data on the proposed approach outcomes. Indeed, cell phone data have key 1 

attributes that are different from travel surveys and which should be carefully interpreted during 2 
the processing step. Furthermore, the fundamental question on the representativeness and biases 3 
of the analyzed data is rarely discussed. While the existing state-of-art researches employ several 4 

types of mobile phone data with different sample sizes and characteristics, they still did not 5 
provide satisfactory rules to properly deal with these passive travel data contents as well as to 6 
expand and evaluate the results against external sources to fully check the relevance of 7 
estimations for travel demand prediction and decision making purposes. 8 

This paper is in line with our previous works (8, 21) and advances the state-of-the-art on 9 

the potential of network-based signaling data to extract travel flow demand and dynamic 10 
patterns. To that aim, our method explores a mobile-network-signaling dataset, collected in 2017 11 
from both 2G and 3G networks in the large-scale territory of Rhône-Alpes region, France. We 12 
illustrate the peculiarities of the data and present techniques to infer expanded residents’ trip 13 

flows as well as their hourly temporal distribution over the day. A clustering procedure of the 14 
extracted temporal profiles is proposed to reveal meaningful patterns. For better understanding, 15 

we map the travel patterns with land use features. And for evaluation purposes, we perform 16 
comparative analyses of the different aspects with travel survey data. The following section 17 

describes in detail the used dataset and the adopted methodology.  18 

 19 

METHODOLOGY 20 
This study explores the developed workflow in (8) for data processing and trip extraction. 21 

A temporal component to estimate trip start time and a clustering step to construct dynamic 22 

travel patterns observed within the region were added. We present the overall extended 23 
framework steps in the following. 24 

 25 

Data Source and Characteristics 26 
In this paper, we present analyses of datasets issued from GSM and UMTS Orange mobile 27 

networks (France). The coverage concept of both networks is the same: each antenna covers a 28 
cell area, which belongs to a larger Location Area (LA). The explored dataset includes 2G and 29 

3G signaling records from June 2017 of over 2 million mobile phone users and covers the entire 30 
Rhône-Alpes region in France. For legal privacy restrictions, data analyses are only allowed 31 

within a study period of maximum 24 hours. Hence, we have analyzed the 24-hour period data 32 
collected from 1st June 3:00 am to 2nd June 2017 3:00 am. Figure 1 presents the distribution of 33 

2G/3G cell towers and the considered sector zoning in the region. The largest metropolitan area 34 
in the territory is the city of Lyon (zoom in Figure 1), which concentrates nearly 25% of the 35 
inhabitants of the region. The signaling data include all the events that are generated by mobile 36 
devices or by the network itself (22). Such dataset contains several types of events: i) 37 

communication events (i.e., calls and SMS); ii) itinerancy events: handover (i.e., cell changes 38 
during a communication) and Location Area Update (LAU); iii) attachment/detachment events; 39 
iv) data/internet connections. The mentioned event types are the main characteristics of network-40 

driven data comparing to event-driven data (e.g. CDR), which explains their higher temporal 41 
granularity. Each record in our data includes: the anonymized user ID, the event type, the cell 42 
tower coordinates to which the terminal is connected and the assigned timestamp. 43 
  44 
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 1 
FIGURE 1. Cell tower (2G and 3G) distribution and administrative sector zoning in the 2 
Rhône-Alpes region with zoom on Lyon city 3 

 4 
Data Preprocessing and Filtering 5 

Due to the wide adoption of embedded connected devices, telecom networks do not only 6 

capture human mobile phone communications, but also transactions from machines that use the 7 
same technology (i.e., Internet of Things). An additional network signaling–based problem 8 

consists of rapid mobile phone cell fluctuation due to load-balancing (23).  Hence, the location 9 
points generated from this phenomenon are considered as noise since they do not reflect the 10 
effective user’s movement. Thus, before using the signaling data, the information that best 11 

corresponds to the user's tracks has to be properly selected. 12 

It is proposed to leverage cell phone activity indicators to further filter the observed users 13 

in the dataset. In the following, we make the assumption that each mobile phone (terminal) 14 
corresponds to one user. 15 

 Number of observations (NO):  16 
This indicator measures the number of records for each terminal over the observed day. 17 

Around 99% of users have less than 450 events and 0.97% have only 1 record.  A small 18 
part of devices (1%) seems to be extremely active with a very high number of 19 

observations (more than 1,000), which is not imputable to human behaviors, but very 20 
likely caused by device anomalies (e.g. buggy terminals continuously sending messages). 21 

 Maximum Inter-event Time (MIT): 22 

During night-time, devices are typically less active than the rest of the day. Thus, we 23 
introduce this MIT metric rather than the usually computed average inter-event time 24 

indicator. In order to select the users for our studies, we propose to examine the 25 
maximum inter-event time during an interval of time that excludes deep night and early 26 

morning (7:00am-10:00pm). The MIT distribution analysis shows that 70% of users 27 
present a MIT lower than 180 minutes. This indicates that about 30% of the observed 28 
users in the dataset are either not present in the study area during the whole [7:00am-29 
10:00pm] time window, or were disconnected from the network (e.g. mobile phone 30 
switched off) for a certain time longer than 3 hours. 31 

 Entropy (H): 32 
This metric consists in measuring the uniformity of the number of signaling events per 33 
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user over the 24 hours. It gives more precise information about the temporal distribution. 1 

The entropy is defined as 𝐻(𝑋) =  − ∑ 𝑝(𝑥𝑖) log(𝑝(𝑥𝑖))𝑛
𝑖=1 . For our case, we consider X 2 

as the distribution of the records of a user over 24 hours and 𝑝(𝑥𝑖) as the fraction of the 3 

records in the 1-hour time-slot 𝑥𝑖. About 5% of the devices have all observed traces in 4 
only one-hour time-slot (H=0). While 99% of devices have an entropy value less than 0.9 5 

(more uniform behavior). 6 
 7 

Our filtering approach requires the definition of thresholds associated to the indicators’ 8 
values and consists of selection rules as follows: 9 

 Maximum Inter-event Time (MIT)  180 minutes: according to the network system if 10 
a mobile phone remains inactive for 3 hours, a periodic event (periodical Location 11 
Area Update (LAU)) is generated. We consider this value to ensure the presence of 12 

the user during the day period;  13 

 Entropy (H)  0.9 : all devices that have an extremely uniform distribution of 14 
observations during the 24-hour period are filtered out based on their entropy value ( 15 

close to 1) since they are not handled by individuals and they do not reflect regular 16 
human mobility patterns; 17 

 Number of observations (NO)  4: The trip construction method (section Trip 18 
extraction and scaling) requires at least 4 observations per individual to identify a 19 

displacement.  20 

Home Location Detection 21 
This work focuses on the detection of travel flows by considering only those that reside in 22 

the region of interest and expanding the obtained estimations to the whole region based on 23 
population census data. The adopted method to compute home location consists of the following 24 

steps: 25 

1. Filter user traces to select only those occurring at night time from 3:00am to 7:00am and 26 
from 10:00pm to 3:00am. Figure 2-a depicts the distribution of LAU events and shows 27 
that during the selected hours the users are stationary; 28 

2. Filter user traces to keep only device events that could be generated in a stationary state 29 
such as (video) Call, SMS, Attachment, Detachment, Data, and periodical events (e.g. 30 

LAPU); 31 
3. For each user, extract all observed cell towers to which the user’s cell phone has been 32 

connected; 33 
4. For each user, derive the most frequent observed cell tower, assign it to the corresponding 34 

sector and consider it as the home location zone of the user. 35 
 36 

By applying this method, 1.27 million resident users are identified in our initial mobile 37 
phone dataset. This corresponds to about 25% of the total region population. After the filtering 38 
process, a large sample of about 985 thousand users is still retained. This represents 39 

approximately 77.3% of the total users for whom a home location could be attributed, and 40 
around 50% of observed users in the original dataset. The resulting resident users and their 41 
associated event distributions are reported in Figures 2-b and 2-c. We notice that during all day, 42 
the maximum fraction of observed residents is about 63%. Additionally, during early morning 43 
(up to 7am) and from late afternoon, the hourly number of observed residents, and hence the 44 
number of observed events decreases substantially. 45 
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 1 

 

  

FIGURE 2 : Hourly distribution of (a) Location area update events (b) observed residents 2 

and (c) number of generated events 3 

 4 
Trip Extraction and Scaling 5 

After identifying and filtering the resident users who are potentially appropriate to study 6 

the dynamic travel patterns, trips can be extracted. A trip has been defined by CERTU (the 7 
French agency for transport network and urban planning) as follows (24): a “trip is the 8 

movement of one person conducted for a certain purpose on a transport infrastructure open to the 9 
public, between an origin and a destination with a departure time and an arrival time using one or 10 
more means of transport”. Hence, to apply this definition for trip extraction, it is necessary to 11 

identify a stationary activity in both the origin and the destination locations. Since the scope of 12 
this paper is to generate travel flows and to be able to validate their estimation at the same level 13 
for which survey data are available, the trip extraction method is presented in the following at the 14 

sector level (Figure 1). 15 

To detect trips, stationary activities need to be identified first. Thus, consecutive 16 

observations of a user in a sector zone within a minimum stationary time threshold are 17 
considered. However, the size of the zones (average area of a sector is 582 km²) and the fact that 18 
the user is traveling should be taken into account. In case of large areas, consecutive observations 19 
might be in the same zone even while the user is traveling: this grounds some lower bounds on 20 
the time threshold that can be applied. Therefore an activity assumption has been defined as 21 

follows: if an individual is present for at least a given time threshold in a sector, she/he 22 
performed a stationary activity there and the origin or the destination of a trip is located in that 23 
sector (the choice of the time threshold is discussed in section results and validation). 24 

In order to study the dynamic trip-making patterns, we need to associate for each trip a 25 

a 

b c 
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time window over the 24 hours. A very basic approach is proposed in this paper. For each user, it 1 

is assumed that a trip is made between every two consecutive stationary activities (i, i+1) 2 
happening within the 24 hour-period [3am-3am]. The trip occurs at a specific time spanned by 3 
the interval between the timestamp of last event e detected in activity i and the timestamp of the 4 

first event e detected in activity i+1 , noted as [ei , ei+1 ]. Hence the start time is considered to be 5 
in [ei, ei+1]. Since the mentioned timestamps are cell phone observation-based rather than 6 
effective arrival and departure time, the start time of the trip is estimated using a probability 7 
distribution based on fuzzy logic theory. More specifically, we make the assumption that the 8 
probability of the user to be at the location of activity i is linearly distributed in the time interval 9 

[ei, ei+1]. And accordingly, we make the same assumption about the probability to be at the 10 
location of activity i+1 in the time interval [ei, ei+1]. Since no other aspects seem to impact this 11 
assumption, it follows that the start time is uniformly distributed in the time window [ei, ei+1], 12 
and thus it is estimated to be in the middle of that interval. 13 

Based on the previous hypotheses, the following pipeline is proposed to identify users’ trips: 14 
 15 

- Extract all the observed location points and associate to each location a sector, e.g., with the 16 

help of a GIS tool.  17 
Cell tower  Sector 18 

- Sort the sequence of extracted locations by timestamp , denoted by:  Si={si(1), si(2),...,si(n)},  19 
where si(k) = (t(k), l(k)) for k = 1,…,n, and  t(k) and l(k) are the time and location of the kth 20 
observation, 21 

- User’s stationary activities are identified from the sequence of extracted locations at sector 22 
level based on a minimum stationary time thresholdmin , 23 

- Estimate the start time for each trip based on the associated stationary activities. 24 

Trips are then evaluated as paths between user‘s activity locations. Each trip (U, O, D, T) is 25 

characterized by user id U, origin location O, destination D and a start time T. 26 

After applying trip extraction process, identified trips need to be properly scaled in order to 27 
be representative of the mobility of the full population. Using the resident estimations obtained 28 
from home detection process, an expansion factor can be calculated for each filtered user as the 29 

ratio of the census population and the number of residents estimated in his home sector. Hence, 30 
this expansion factor is applied to all trips of that user. It follows that users with the same home 31 

sector have the same scaling factor. Therefore, an expansion factor is defined at sector level as in 32 

Equation (1), where 𝑠𝑖 is a sector. 33 
 34 

𝐹𝑒𝑥𝑝(𝑠𝑖) =  
𝑃𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛 𝑜𝑓 𝑠𝑖 (𝑜𝑣𝑒𝑟 11 𝑦𝑒𝑎𝑟𝑠)

𝑁𝑏 𝑜𝑓 ℎ𝑜𝑚𝑒 𝑙𝑜𝑐𝑎𝑡𝑖𝑜𝑛𝑠 𝑑𝑒𝑡𝑒𝑐𝑡𝑒𝑑 𝑖𝑛 𝑠𝑖 
     (1) 35 

 36 

 37 
Spatial Clustering 38 

By aggregating all trips generated by each zone, we can derive the temporal demand 39 
profile emitted from each area. Then, our goal is to perform unsupervised clustering in order to 40 
group areas according to their temporal profile. To solve this problem, we apply a hierarchical 41 

agglomerative clustering technique on standardized hourly temporal profiles. The correlation 42 
coefficient has been used as similarity measure between profiles. We compute two indicators, 43 
i.e., the silhouette (25) and davies_bouldin scores (26), to decide the number of clusters to select. 44 
Once the clustering achieved, each area is characterized by its own temporal profile, the cluster 45 
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number and the average temporal profile to which it belongs to. The library used in this step to 1 

perform clustering is scipy (python). 2 
 3 

CASE STUDY 4 
 5 

As stated in Section “Trip extraction and scaling”, the assumption of the minimum activity 6 
stationary time is necessary for trip detection. In our previous work (8), we have tested different 7 
stationary time thresholds to show the sensitivity of the trip estimation. Relevant results were 8 
obtained with threshold of 30minutes when validating the associated static O-D matrix. 9 

Therefore, in this study, we retain an activity time threshold of 30min to detect trips.  10 
In order to evaluate the proposed methodology, the aggregated travel demands extracted from 11 
signaling data were compared with those identified from the travel survey data. The household 12 
travel survey (called EDR 2015) was conducted in the Rhône-Alpes region between 2012 and 13 

2015. 37,450 individuals, aged over 11 years, have been surveyed, and 143,000 trips have been 14 
identified. Given the aforementioned assumption of the minimum stationary time, we do extract 15 

information from the EDR data and apply the same time threshold to avoid considering false 16 
trips when dealing with the comparison. It is worth to remind that the following analyses are 17 

based on one typical working day (Thursday) of signaling data. Due to the bias caused by the 18 
sampling process, survey data will not be considered as ground truth but rather as a comparable 19 
reference with controlled error for our analyses. The analyses are presented at sector level by 20 

removing the intra-zone trips since the focus here is on inter-zone flows. 21 
 22 

Figure 3-a shows the temporal demand profile for signaling and survey data. We can 23 
observe that the signaling-based demand profile has less sharp morning and afternoon peaks 24 
compared with the survey. Total demand from signaling data is lower than the one from the 25 

survey, as shown in Figure 3-b. This could be explained by the fact that we were able to detect 26 

the home sector for a group of people, referred as “static people” in the following, for whom it 27 
was not possible to detect any trip. The proportion of static people detected in the mobile phone 28 
dataset amounts to 46%. This proportion appears therefore to be overestimated probably due to 29 

reduced mobile phone observations for some non-static users (Figure 2-c): such overestimation 30 
of static behaviors inevitably leads to an underestimation of the travel demand especially during 31 

morning period.  32 
Despite this underestimation, the hourly global demands estimated from both data sources 33 

are highly correlated (Pearson coefficient equal to 0.94) as shown in Figure 3-c. This confirms 34 
the fact that signaling data can grab, rather correctly, the well-known typical demand profile for 35 
a working day. 36 
 37 
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(a) Mobile phone and survey temporal 

demand profile 

(b) Mobile phone and survey 

cumulative temporal demand profile 

(c) Correlation between mobile phone and 

survey temporal demand profile 

 

 
(d) Emitted demand per zone (each zone is described on the x-axis by its sector ID) 

 

 
 

(e) Correlation between mobile phone and survey emitted 

demand per zone  

(f) Heatmap of the difference between emitted demand per zone 

from mobile phone and survey data 

 2 

FIGURE 3 . Comparison of total travel demand estimated from signaling and EDR survey 3 
data (a-c) and spatial distribution of signaling data-based travel demand (d-f). 4 
 5 
After analyzing the demand estimation difference between signaling and survey data at temporal 6 

level, we have studied the difference between the demands emitted from each geographical zone.  7 
Figure 3-d shows the number of trips emitted from each sector (as the trip origin). For 45 sectors, 8 
the number of emitted trips is higher compared to survey (median relative difference of +0.20%). 9 
It is instead lower for 32 areas (median relative difference of -0.21%). These differences can be 10 
better interpreted by relying on the map shown in Figure 3-f, which is a spatial representation of 11 
the absolute difference between the demands generated by each zone from mobile phone and 12 
survey data, respectively. The emitted demand estimated with mobile phone data tends to be 13 

Lyon 

Grenoble 

Saint-Etienne 

Valence 
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higher in rural areas and lower in urban dense areas. In rural areas we can reasonably assume that 1 

signaling records provide more consistent estimations since it is expected that they capture well 2 
long distance trips from a larger individual sample than in the survey in such area. Instead, in 3 
urban areas, it seems that the proposed trip extraction method is unable to capture very short 4 

distance trips, which occurs with higher frequency in urban area than rural ones. Indeed, it is not 5 
obvious to differentiate noise from short distance trips on mobile phone data. Despite such 6 
limitation, the total number of trips emitted by each zone based on cellular and survey data 7 
remains highly correlated (Pearson coefficient equal to 0.86) as shown in Figure 3-e. 8 
 9 

Figure 4-a, representing the emitted demand per zone and per hour, confirms the spatial and 10 
temporal bias previously observed. In the figure, zones are sorted from left to right by decreasing 11 
density of urban land use (as retrieved from the 2012 CORINE land cover data (27)). On the one 12 
hand, the morning peak is higher in the survey compared to mobile phone regardless of the zone. 13 

On the other hand, in highly dense urban zones (on the left of the figure 4-a), the demand is 14 
higher in survey compared to mobile phone regardless of the hour of the day. After identifying 15 

this “systematic” bias, we propose a heuristic-based method to correct signaling data both on 16 
temporal and spatial dimensions. For the temporal correction, we have noticed that the observed 17 

underestimation of the demand appears also in the temporal profile of LAU (events passively 18 
generated by the device; i.e., not by explicit user’s communications, when changing the LA 19 
zone), presented in Figure 2-a. We can reasonably assume that this underestimation is due to 20 

people who have their mobile phone turned off more frequently during morning than during the 21 
afternoon. To address this bias, we have applied a uniform correction factor on mobile phone 22 

trips for the whole morning period (5-8am). This factor has been calculated as the ratio of the 23 
afternoon and morning peaks in the LAU profile by allowing the morning peak to be slightly 24 
higher than the afternoon peak. Finally, this temporal correction factor has been chosen equal to 25 

1.3. We shall note here that the temporal correction is a de-biasing procedure, independent from 26 

the survey, thus being easily reproducible even in their absence. Concerning the spatial 27 
correction, Figure 4-b shows that the emitted demand difference between survey and mobile 28 
phone is abnormally highly correlated to the urban land use percentage. In other words, the 29 

difference is much higher for the denser urban areas compared to rural areas. This can be 30 
interpreted as an underestimation of the urban area travel demand in case of the signaling data. In 31 

order to address this bias, we have applied a spatial correction factor estimated per zone and 32 
calculated using the regression equation shown in Figure 4-b. The expression of this factor is the 33 

following: 1 +  
94835∗𝑈𝑙𝑎(𝑥)

𝐷𝑀𝑃(𝑥)
 where 𝑈𝑙𝑎(𝑥) and 𝐷𝑀𝑃(𝑥) represent respectively, the urban land use 34 

percentage and the mobile phone emitted demand associated to each zone 𝑥. By applying this 35 
correction factor, we are able to decorrelate this difference with respect to the urban land use 36 

percentage. After applying both spatial and temporal correction to signaling trips we have 37 
recomputed the demand profile (Figure 4-c) showing more correlated behavior against the 38 

survey. 39 
 40 
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(a) Emitted demand per zone and per hour difference between survey and mobile phone. The zones are sorted (from left to right) 

in descending order of urban land use percentage per zone  

 

  
(b) Correlation between emitted demand difference 

(Survey – Mobile) and urban land use percentage per zone 

(c) Mobile phone (corrected) and survey 

temporal demand profile  

 1 

FIGURE 4 . Spatio-temporal distribution of the difference between mobile phone and 2 

survey and temporal demand distribution after correction 3 

 4 
After de-biasing signaling trips via the proposed correction factors, we have performed spatial 5 

zone clustering based on temporal demand profile of each zone, as described in “Methodology” 6 
section. To determine the number of clusters for our analysis, we consider the davies_bouldin 7 
and silhouette_index scores, graphically depicted in Figures 5-a, b. In order to perform a finer-8 

grained analysis with a slightly higher number of clusters, a number of 9 clusters has been 9 
selected (both indexes give better scores at 9).  10 
Among these clusters, there are 3 main clusters, each including at least 18 zones, and 6 minor 11 
clusters which include at most 2 zones (zones in each cluster represent trip origins). The map 12 

representing all these clusters is shown in Figure 5-i. The average temporal profile, noted as 13 
“ATP” in the following, is represented in Figures 5-c, d, e for main clusters 2, 4 and 5 14 
respectively and Figure 6-j for the minor ones. 15 
Based on these demand profiles, the following interpretation of the major clusters can be done: 16 

- Cluster 2 represents rural areas. The ATP emitted by the related areas is composed of two 17 
peaks with a morning peak much higher than the afternoon peak. Given that these rural areas 18 
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are mostly residential and rather unattractive in terms of business or leisure activities, we can 1 

safely state that a large amount of people leave this cluster to reach working places at the 2 
morning peak and come back at the late-afternoon peak 3 

- Cluster 5 represents urban areas. The ATP emitted by these areas is composed of two peaks 4 

with an afternoon peak much higher than the morning one (rather than a symmetrical profile 5 

as the one observed for cluster 4). These zones are both residential (high population density) 6 

and attractive in terms of jobs and leisure. At the morning peak, these areas generate a high 7 

number of home-work commuting trips within the cluster and to other areas, but, at the same 8 

time, attract a significant amount of demand from the surrounding areas that is supposed to 9 

leave back the cluster (thus generating trips) later on, at the afternoon/evening peak. This 10 

appears evident from the temporal emitted-demand profile reported in Figure 5-e, highly 11 

asymmetric with a higher peak during late afternoon. 12 

- Cluster 4 can be described as a mixture of cluster 2 and 5 in the sense that these areas are 13 

mostly neither rural nor highly dense urban zones. In this case, the ATP is more balanced 14 

(Figure 5-d) with an afternoon peak slightly higher than in cluster 2. 15 

- The remaining clusters (1,3,6,7,8,9) have rather peculiar profiles compared to the major 16 

clusters previously discussed. The temporal demand profile of the clusters 6 and 9  (the latter 17 

being a single-sector cluster including the whole city center of Lyon) depicts a particular 18 

shape of highly urban areas (Figure 6-j) with a very sharp afternoon peak, which is consistent 19 

with the observations reported for cluster 5, mostly composed of urban areas as well. 20 

 21 

The nature of the cluster areas (rural, urban and mix) inferred with signaling data has been 22 
validated using land use data by relying on the European CORINE land use data. Figure 5-j 23 

shows the distribution of the percentage land use coverage per cluster. The land use is divided in 24 

7 categories: urban, industrial, rural, sport/leisure, transport, water and other. We can observe 25 

that, for all the major clusters, rural areas cover the largest part of the cluster (even urban areas 26 
have a large rural land use proportion) due to the rather large spatial extension of the analyzed 27 

sectors. However, the proportion of urban and industrial areas for clusters 6 and 9 is significantly 28 
higher compared to the one of cluster 5, which is in turn significantly higher if compared to the 29 
one of cluster 4. The land use analysis appears to clearly corroborate the previously reported 30 

interpretations of the clusters and of the associated reconstructed demand. 31 
  

 

  
(a) Silhouette score (b) Davies Bouldin score 
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(c) Average temporal demand profile 

Cluster 2  

(d) Average temporal demand profile 

Cluster 4  

(e) Average temporal demand profile 

Cluster 5  
   

 

 

 
(f) Map of the cluster 2 (g) Map of the cluster 4 (h) Map of the cluster 5 

   

 
 

(i) Map of all clusters (j) Land use coverage per cluster 
 

 

FIGURE 5 .  Temporal demand and spatial distribution of main clusters based on signaling 1 

data  2 

 3 
Finally, we have compared the ATPs estimated from signaling and survey data for the three main 4 
clusters (Figures 6-a,d,g) and one minor cluster (Figure 6-j). The overall patterns agree well with 5 
Pearson coefficients between 0.89 and 0.96. For high urban areas (cluster 5 and 6), signaling-6 
based estimations are slightly lower than those estimated from survey at afternoon peak, but they 7 

preserve properly the specificity of the distribution shape. For mixed (cluster 4) and rural (cluster 8 
2) areas, signaling-based estimations match well with those from survey with slight difference at 9 
morning peak. This confirms that signaling data can act as a good sensor and resolve the 10 
sampling rate problem of surveys in large mixed and rural areas, if properly de-biased. Also, we 11 

notice that for all clusters signaling data give higher flows surrounding the midday period, rather 12 
hardly observable via surveys. Hence, the resulting observations show that signaling data can 13 
capture unknown and more reasonable flow patterns specifically for low density and large-scale 14 
areas where accurate travel data are often not available. 15 
 16 



Fekih, Bellemans, Furno, Bonnetain, Bonnel, Smoreda and Galland  

16 
 

   
(a) Mobile phone and survey temporal 

demand profile for the Cluster 2 

(b) Mobile phone and survey cumulative 

temporal demand profile 

 for the Cluster 2 

(c) Correlation between mobile phone 

and survey temporal demand profile for 

the Cluster 2 
   

   
(d) Mobile phone and survey temporal 

demand profile for the Cluster 4 

(e) Mobile phone and survey  

cumulative temporal demand profile  

for the Cluster 4 

(f) Correlation between mobile phone and 

survey temporal demand profile for the 

Cluster 4 
   

   
(g) Mobile phone and survey temporal 

demand profile for the Cluster 5 

(h) Mobile phone and survey cumulative 

temporal demand profile 

 for the Cluster 5 

(i) Correlation between mobile phone and 

survey temporal demand profile for the 

Cluster 5 
   

   
(j) Mobile phone and survey temporal 

demand profile for the Cluster 6 

(k) Mobile phone and survey  

cumulative temporal demand profile  

for the Cluster 6 

(l) Correlation between mobile phone and 

survey temporal demand profile for the 

Cluster 6 
 1 

FIGURE 6 . Comparison of travel demands of main clusters from signaling and survey 2 

data 3 

 4 
 5 
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CONCLUSIONS 1 
This paper introduces a complete framework to process cellular network signaling data, 2 

infer origin-destination flows and estimate relevant dynamic travel patterns. The framework first 3 
highlights the preprocessing and filtering steps applied to signaling data in order to keep useful 4 

information for mobility extraction, an aspect typically not very well reported in the literature. 5 
Secondly, by analyzing signaling data of 2 million mobile phone users, we prove that it is 6 
feasible to use such data in order to robustly extract residents’ trips and estimate their hourly 7 
distribution through the studied region, on condition that spatio-temporal biases of signaling data 8 
are properly detected and removed. Correction factors have been proposed to cope with these 9 

biases. By clustering the trip flows based on their temporal profiles and matching them with 10 
official land use data, we also unveil interesting and relevant heterogeneity in dynamic travel 11 
demand patterns related to trip production zones. 12 

The evaluation analyses performed on both the temporal and the spatial dimensions show 13 

that the resulting travel demand profiles strongly agree with those obtained from the travel 14 
survey data with correlation coefficients higher than 0.9. Moreover, we were able to identify 15 

significant correlations between mobile phone-based dynamic patterns and area profiles. Very 16 
dense urban zones are characterized by a high afternoon peak, while low density areas depict a 17 

high morning peak where cell network signaling data exhibit more reasonable patterns and 18 
higher trip flows than survey data. This confirms that these massive data could complement 19 
conventional travel surveys as a valuable cost-effective data source especially for territories 20 

where accurate mobility data are not available or hardly collectable. 21 
Potential improvements to the presented method consist of adding strategies to counter the 22 

underrepresentation of flows caused by cell phone observations biases. Therefore, enhancing the 23 
resident detection procedure seems to be fundamental in order to capture a more complete 24 
spectrum of trips. Specifically, adding a requirement on the minimum number of observed 25 

activities per resident can further improve the estimation of actual residents and, hence, the 26 

proposed scaling method by re-adjusting the expansion factors. Furthermore, we aim to refine 27 
the trip start time estimation process by leveraging user records that occur between successive 28 
activities. Thus, the start time estimation error could be reduced. In this study, results were 29 

obtained by exploring cellular signaling data collected during 24-hour period and cover a large 30 
territory of about 44,000km2 including different socio-demographic and economic zone profiles. 31 

Existing works usually focus on cities or spatially limited areas. Hence, this incites to go further 32 
on signaling data-based dynamic pattern extraction by analyzing the weekly, monthly or 33 

seasonally patterns which are highly required for strategic planning and travel demand modeling 34 
but very hard and expensive to investigate on them with the traditional travel surveys. 35 
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