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temporal trajectory of devices through a hypothesis of stationarity in order to define activities. Trips are then aggregated in an 
origin-destination matrix which is compared with traditional data (household travel survey). With some hypothesis we obtain 
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travel surveys provide extremely useful data in order to formalize and estimate behavioural choice models (for 
example the choice of a destination or mode of transportation), they are much less useful for constructing origin-
destination (O-D) matrices due to an inadequate number of trips in many of the matrix elements. In addition, 
surveys are increasingly confronted by issues during the sample construction phase (Stopher, Greaves, 2007), by 
falling response rates (Atrostic, Burt, 1999; Ampt, 1997; Bonnel, 2003; Zmud, 2003) and by unreported trips (Wolf 
et al., 2003; Janzen et al., 2018), which reduce even further the quality of the resulting matrices. 

Large volumes of data are produced automatically and passively such as ticketing data (Arana et al., 2014, 
Morency et al., 2007; Munizaga et al., 2010; Pelletier et al., 2011), bank cards… and mobile phone data which 
makes it possible to identify the presence of individuals in both space and time. Several researches have been 
performed to use the data, but little research has attempted to “validate” them by comparing them with data from 
other sources in order to identify possible biases and gain a clearer idea of their potential. However, the quality and 
accuracy of data is essential to ensure that investment or transport policy decisions are based on reliable analyses. 
We must therefore analyse these data in order to carefully evaluate their usability.  

The aim of this paper is therefore to test the potential of mobile phone data for producing origin-destination 
matrices compared with other sources of available data. The analysis has been conducted within the Rhône-Alpes 
Region for which we were able to study the mobile phone data from the operator Orange and compare them with the 
data obtained from the travel survey performed in Rhône-Alpes Region. 

We will begin this paper with a literature review (Section 1) before presenting the data we have used (Section 2) 
and the data processing methodology used to produce the origin-destination matrices (Section 3). This will allow us 
to compare our results with external validation data (Section 4). Finally, we will present the main lessons learned 
from this research, as well as some suggestions for future research directions (section 5). 

2. Literature survey 

Cell phone networks have existed for two decades, and mobile phones have achieved a high rate of penetration: 
there were 73 million active SIM (Subscriber Identity Module) cards in France in 2017, for a total population of 66 
million (ARCEP, 2017). Mobile devices (mobile phones, smartphones and tablets) have become indispensable tools, 
bearing witness to our activities and trips. As a result of the size of the samples, and the non-intrusive way the data 
is collected, the exploitation of mobile phone data logs has enormous potential. Recent cases include using the data 
to analyse behavioural differences between men and women (Frias-Martinez et al., 2010), studying the propagation 
of an epidemic (Tizzoni et al., 2013), mapping activities within a city (Noulas et al., 2013; Ratti et al., 2006; Sevtsuk 
et Ratti, 2010; Hoteit et al., 2014; Yue et al., 2014), or improving the paging efficiency of the cellular network 
(Zhang, Bolot, 2007), analyse co-presence in relation with mobility profile (Picornell et al., 2015)…. 

The usefulness of mobile phone data has above all been proven for the study of human mobility, in spite of the 
fact that the localisation data associated with each log is limited to the position of the base station used, which 
results in a positioning uncertainty ranging from approximately a hundred metres in a dense urban zone to several 
kilometres in rural zones (Calabrese et al., 2013). Gonzalez et al. (2008) were amongst the first scholars to carry out 
a large-scale study of the mobility of users, with a sample of over 100,000 individuals. This study demonstrated that 
human mobility may be modelled using a random technique and that trips follow a truncated power-law distribution. 
They also found that individuals have a strong tendency to visit a limited number of places many times periodically 
and many other places just once. Cho et al. (2001) also factored in the impact of social ties, obtained from an online 
social network. They concluded that short journeys (less than 100 km) are in most cases periodic in nature, while 
long journeys are much more influenced by the individual’s social network (i.e., the presence of friends). However, 
even if human mobility seems to comply with these laws in a generic manner, the environment has a strong 
influence on the parameters of the various distributions. In a series of studies, Isaacman et al. (2010, 2011) have 
shown that there are important differences between cities (New York and Los Angeles) and seasons (fewer trips in 
the winter than the summer). Temporary tourist attractions play a major role and may modify a city’s normal 
mobility patterns (Calabrese et al., 2010). Widhalm et al. (2015) have developed activity program typologies based 
on duration analysis, trips and activity location and frequencies combined with spatial typologies. They applied the 
method in Vienna and Boston showing similarities between conurbations but also some local specificity. Xu et al. 
(2015) have studied spatial distribution of individual activity area from home in Shenzen. Kung et al. (2014) have 
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tested the Zahavi (1979) hypothesis of stable daily travel time budget applying the hypothesis to home-work trips in 
Ivory Coast, Portugal, Saoudi Arabia and in Boston, US. Data from the mobile phone network can also be used to 
estimate individual trajectories. In 2009, Schlaich et al. (2010) developed an algorithm that was able to precisely 
identify a GSM network user’s trajectory between the cities of Karlsruhe and Stuttgart in Germany. Two years later 
Jiang and a group of researchers (Jiang et al., 2011) went further in this area, assigning each user to the transport 
network in the city of Lisbon and Tettamanti, Varga (2014) in Budapest. 

Mobile phone data can also be used to study mean speeds and journey times. One of the first studies to do this 
was led by Ygnace (2001) and carried out in the South of France on a rural motorway which became an urban 
motorway near Lyon. More recently, Calabrese et al. (2011, 2013), working in the Boston conurbation, used all the 
data collected by a telecom operator to study mean speed, mean trip length and the distribution according to the time 
of day. The research conducted by Bekhor et al. (2013) is without doubt the most extensive, as it concerns the 
analysis of the long-distance trips carried out over the entire area of Israel. It illustrates the considerable potential of 
mobile phone data for the analysis of long-distance trips. 

The use of mobile phone data to construct origin-destination matrices in an urban region was first proposed in 
Italy by Bolla and Davoli (2000) and tested on a small sample in (White and Wells, 2002) with the aim of studying 
traffic on specific roads. In 2002, Akin and Sisiopiku (2002) selected just 500 individuals in the city of Birmingham 
in the United States. One of the first studies to use the whole population rather than a sample was carried out in 
Israel in 2007 (Bar-Gera, 2007). The research in question set out to estimate the traffic and obtain mean speed data 
on a 14 km road in Israel with 10 interchanges. Calabrese et al. (2011) were the first to produce O-D matrices from a 
detailed dataset, for the Boston region in Massachusetts. In 2002, two simultaneous research projects attempted to 
extract origin-destination matrices from mobile phone network data. One of these (Akin, Sisiopiku, 2002), working 
in the city of Birmingham (USA), developed an algorithm which calculated origins and destinations and divided the 
day into periods. To compute the subject’s position during each time periods, they took the largest number of 
connections in a zone. 

However, matrices obtained in the course of these studies are only representative of the individuals using the 
network at a given time. Representativeness is of prime importance for these data which describe the mobility of the 
population of a region or mobility within a region if it is envisaged to use them for planning purposes or for 
regulating or optimising the use of transport networks. To our knowledge, few studies have tackled this issue. 
Moreover, the small number of published studies frequently employs different methodologies, pursue different goals 
and do not always use the same types of mobile phone data.  

In England, at the same time, White and Wells (2002) tested the feasibility, in the county of Kent, of creating an 
origin-destination matrix from billing data. They then compared the results with a survey-based origin-destination 
matrix. They concluded that the billing data were not accurate enough to provide a reliable origin-destination 
matrix. In 2007, Caceres et al. (2007) calculated an origin-destination matrix for a road between the cities of Huelva 
and Seville in Spain. They considered four possible origin-destination pairs based on the positioning of the 
motorway interchanges. The team then compared the results with those obtained from a road traffic count. The 
results were very satisfactory: the error did not exceed 4% on any of the possible origin-destination pairs.  

More recently, Mellegard (2011) conducted a study that covered a large part of Sweden. To generate the origin-
destination matrix he adapted the algorithm method described by Kang et al. (2004) to the constraints imposed by 
the database he used in order to obtain an origin-destination matrix. However this study made no sophisticated 
comparison for the entire O-D matrix, but merely compared a very small number of origin-destination pairs with the 
data obtained from other surveys. 

In 2012, a major study was conducted in two American cities, San Fransisco and Boston, by Wang et al. (2012). 
This team of researchers constructed hour-by-hour origin-destination matrices in order to observe the level of 
saturation of the network during morning peak periods. The method only took account of journeys taking less than 
one hour. The results were then analysed by segmenting the population into three groups based on the amount of 
data collected to verify that frequency of mobile phone use did not introduce a bias. The study was based on a 
train/road modal split which was subsequently compared with the road traffic count data. The results were deemed 
to be very satisfactory.  

Calabrese et al. (2013) conducted a dual analysis using data from Boston. First, they compared the number of 
trips per person to the data from the National Travel Survey. The results are fairly close, although the number of 
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trips is slightly greater in the mobile phone data. The authors consider that this disparity can be explained on the one 
hand by the fact that the scope of the data differs in Boston from the rest of the USA and the fact that underestimates 
are frequent in travel surveys (Wolf et al., 2003). They then compared the estimated distances with those given by 
the odometer readings from the annual safety inspections of all private vehicles. The results reveal considerable 
differences in levels, but fairly similar structures. 

Chen et al. (2014) made a contribution to data validation, but working from a sample of mobile phone data that 
was simulated on the basis of a household travel survey and mobile phone data. The goal was to have an “accurate” 
database about which everything is known (the household travel survey) and work on the simulated mobile phone 
database in order to identify its ability to reproduce the “accurate” data. In this way they have shown that they can 
reproduce the location of individuals’ home and work with a fairly high degree of accuracy, and, with less accuracy, 
the location of the places they visit. 

Toole et al. (2015) have developed and refined algorithms performed by previous authors (Jiang et al., 2013; 
Zheng et Xie, 2011; Alexander et al., 2015; Colak et al., 2015; Wang et al., 2012; Iqbal et al., 2014). Furthermore, 
they have combined the data with other data sources like census, travel survey, traffic counts in order to impute 
missing attributes like transport mode or purpose and to weight mobile data. Data were then compared to household 
travel survey conducted in Boston and San Francisco (US), Rio de Janeiro (Brazil) and Lisbon (Portugal). Results 
are promising even if some differences might be important. Combining mobile phone data with other data sources, 
like census, is relevant in order to weight and expand the data to whole population. But we might question validation 
method if travel survey is both used to weight the data and impute attributes and at the same time to validate the data 
by comparing mobile phone and travel survey estimations. 

Graells-Garrido and Saez-Trumper (2016) have compared origin-destination matrix obtained from Telefonica 
Chile in Santiago and from the Santiago travel survey. To identify activity stops they applied an interesting iterative 
end-point fit algorithm. They obtained high correlations between the two data sources in terms of trip distribution 
and O-D matrix. 

Bonnel et al (2017) have compared Orange signaling data collected in 2009 for the Paris conurbation with the 
household travel survey performed on the same area in 2010. They have produced origin-destination at the level of 
location area which regroup from 150 to 500 antenas. They get similar matrices structures for origin-destination 
with high traffic, but results was less similar when traffic was lower. They hypothesis that the differences might 
partially be due to frontier delimitation problem which is problematic in urban area for mobile phone data.  

Our aim in this research is therefore to make an additional contribution to the existing work on the 
representativeness of mobile phone data. Here we use the methodology similar to Bonnel et al. (2017) but we are 
working with more recent data, which means adding internet data (3G network), and in Rhône-Alpes Region which 
allows reducing frontier problem encountered in Paris Conurbation. We shall present our data in the following 
section. 

3. Data used: mobile phone data and household travel survey data  

In this section the mobile phone data and the external sources used to compare the origin-destination matrices are 
presented. 

3.1. Orange positioning data 

Mobile network data are continuously collected by telecom operators for billing and for technical measurement 
purposes. Among mobile networks technologies, we find the traditional GSM network which provide 2G services 
and the UMTS network for 3G services. The antenna in GSM is called Base Transceiver Station (BTS), however in 
UMTS it is denoted by Node B and is connected to internet network. Both networks have different infrastructures 
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but they still work with the same coverage concept. Each antenna covers a cell which belongs to a Location Area 
(LA)2. In theory, cells are often represented by Voronoi polygons. 

In this research work, we will present analyses by exploring datasets issued from Orange mobile network probes. 
These probes allow capturing user location data by monitoring every event occurring between the mobile device and 
the 2G or 3G network. In fact, there are two types of probes: 2G probes captures data from BTS while 3G probes 
captures data from Node B. Probe data represent the signaling data transiting through the cell towers. Hence every 
service demand request made by the users is included in this data source with its precise connectivity information. It 
is no surprise that the 3G probes collect more spatiotemporal logs than 2G probes as a result of extra internet 
services they are able to monitor. 

The explored dataset includes 3G probe data from 1 to 14 June 2017 of over 1.6 million mobile phone users per 
day. Spatially, this dataset covers all the Rhône-Alpes region territory and thus it is used to estimate origin-
destination matrices. Figure 1 presents cellular network coverage within Rhône-Alpes region and the aggregation in 
3G location area.   

 

 
Fig. 1. Area covered by the 3G Location Areas (1a left) and aggregation of EDR sectors into 14-zone zoning system 

(1b right) in the Rhône-Alpes region 
 
We have worked with the signaling data which include all the events which could be generated by mobile device 

or base station. Such dataset contains several types of events: communication events (calls and SMS), itinerancy 
events: handover and Location Area (LA) update, attach/detach events and obviously data/internet connections. 
Each record in the data represents a specific event within a location point with a timestamp. The Rhône-Alpes 
region has almost 17,000 antennas and 47 Location Areas.  

To characterize the quality of dataset, we have studied the overall distribution of events generated by users. We 
measured the Hourly Action Rate (HAR) and we find that 50% of users generate an average of 3 records per hour or 
more. Moreover, to explore how uniformly the records are spread over the 24 hours, we present in Figure 2 the 
cumulative distribution function (CDF) and the frequency distribution of average inter-event time (AIT). We define 
as inter-event time the interval between a pair of consecutive records. This indicator is applied to each anonymous 
user with 2 records or more. AIT values range from 0 to 1400 minutes and the average value is about 28 minutes.  

 

 
2 A "Location Area" is a set of cells (antennas) that are grouped together to optimise signalling. Typically, tens or even hundreds 
of antennas share a single LA. 
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Fig. 2. Cumulative distribution function (left) and frequency distribution (right) of average inter-event time 
among users in the 24-hour dataset 

Most of users (99%) are characterized by an AIT smaller than 200 min (Figure 2). The frequency distribution 
shows a peak on 180 minutes that corresponds to idle mobile phones which generate periodical Location Area 
Update (LAU) events every 3 hours. Mobile terminals with an AIT more than 3 hours (less than 1%) correspond to 
users who were not present in the Region during the whole day, or who were detached from network. 

3.2. Validation data: Rhône-Alpes travel survey 

Rhône-Alpes region has conducted a travel survey for the first time at this scale between 2012 and 2015 (called 
EDR 2015). 37,450 individuals aged over 11 years have been surveyed and 143,000 trips have been identified. Data 
has been collected by phone using a representative sample of the population of the Region. Sample has been 
constructed using geographical stratified random sampling. Geographical stratification corresponds to a zoning 
system of 77 zones (denoted as EDR sectors) for the whole Region. Each zone contains at least 450 surveyed 
individuals.  

Survey contains socio-demographics of the individuals and of the households he/she belongs and all the trips 
made the day before of the survey. Trips are characterized with attributes (mode, beginning and finishing time in 
minutes, activity at the origin and at the destination, location of the origin and the destination…). Data have been 
collected through three waves in 2012/13; 2013/14 and 2014/15 from late autumn to early spring collecting only 
working day trips. 

Survey methodology is similar to other travel survey conducted in urban area in France (CERTU, 2008). 

4. Construction of the origin-destination matrices 

A trip has been defined for the purposes of the EDR as follows by CERTU (2008): a “trip is the movement of one 
person conducted for a certain purpose on infrastructure open to the public, between an origin and a destination 
with a departure time and an arrival time using one or more means of transport”. It is therefore necessary to specify 
an origin and a destination which will correspond to a purpose therefore a stationary activity in order to apply the 
CERTU’s definition. The size of the EDR sector means that most trips between two sectors are made by motorised 
transport. In view of the mean speed of motorised trips in each sector as reported in the data from the EDR, we have 
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made the assumption that if an individual is present for at least one hour3 in a sector he/she performed a stationary 
activity there and therefore that the origin or the destination of a trip is located in it. In order to determine that an 
activity has taken place, we need at least two events. Hence, to determine a trip (activity at the origin and at the 
destination) we need at least 4 events. 

Due to user’s privacy protection concern, we have to use a 24-hour observation period. We have analysed the 
data of June 1st, 2017. It is a working day (a Thursday) which is similar to the average of the working days available 
in the 3G dataset. In order to be comparable to EDR, cellular data correspond more precisely to the period from 3am 
of 1st June to 3am of 2nd June 2017. The dataset contains anonymous mobile phone traces for 1.62 million Orange 
users. Among them only 55 062 users with 118 thousand events have strictly less than 4 events (table 1). Basically, 
they correspond to mobile phones which were not present in the Region during the whole day, or which were 
detached as mobile phone with no activity (voice, SMS or data) should have at least one Location Area Update 
every 3 hours = 8 events4.  

Table 1: Distribution of the number of users based on the number of events during 24 hours 

Range of events 1-3 4-15 15-50 50-150 150-300 300-1000 1000+ 

Number of 
mobile phones 
(in thousands) 

55 276 569 538 141 37 3 

 
After this data pre-processing and applying the assumption of stationary time, we can construct an origin-

destination matrix. Our first intention was to use 3G Location area zoning in order to use location area update data 
like for Bonnel et al. (2017) research in Paris conurbation. But as can be seen in Figure 1a, 3G location area zone 
might be not homogeneous. Some of the zones are split in several small zones which might be disseminated in 
nearly all departments of the Region. Considering this zone discontinuity, we have used EDR sector zoning system 
which presents the advantage for the EDR survey to produce representative data at least for population main socio-
demographic characteristics. 

We therefore constructed a conversion matrix to make the transition between the different zoning systems. The 
spatial mobility within a zone is to some extent proportional to the population of the zone and the activities 
conducted there. We can obtain the population of a zone, but it is not straightforward to obtain the volume of 
possible activities in it. We therefore used building polygons from the BDTopo database produced by IGN France 
(the French Mapping Agency). If we make the assumption that origin-destination pairs are uniformly distributed 
within the built-up zone, we can construct a conversion matrix to move between the different zoning systems. Let us 
take an example of a zone LAi in the 3G LA zoning system that generates NLAi trips. Let us assume that this zone 
straddles two EDR sectors, S1 and S2. Using the BDTopo database, for each LAi, it is possible to compute the 
proportion of the built-up surface area that corresponds to S1 and S2, which are denoted respectively by p(S1) and 
p(S2). The NLAi trips can be then distributed using the following formula: 

Number of trips generated by S1 = p(S1)* NLAi 
Number of trips generated by S2 = p(S2)* NLAi 

Generalisation is straightforward for all the zoning systems for both origin and destination, which means we can 
construct conversion matrices in order to move from one zoning system to another and thus estimate the trip 
matrices obtained from the mobile data and the EDR with EDR sector zoning system. 

 

 
3 The threshold of one hour is probably too high and we will test the impact of this threshold in section 5. At this stage we have 
kept the same threshold than the previous research in Paris conurbation (Bonnel et al., 2017). 
4 Another problem in the data is the presence of machines equipped with SIM cards that we treat as humans. Having only one day 
of observation, it is not possible to detect these objects connected to the telephone network. However, this bias seems relatively 
small in our case: according to Orange's internal sources more than 80% of Machine-to-Machine (M2M) connections are carried 
over 2G networks, and their traffic on the 3G network analysed here does not exceed 0.5%.  
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5. Comparison between the trip matrices obtained from mobile phones with those obtained from travel 
surveys  

The daily origin-destination matrix obtained from mobile phone data only contains the trips made by individuals 
who use Orange’s network. However, the EDR matrices contain data for the entire population of the Rhône-Alpes 
Region. We therefore need to expand the mobile phone data. The penetration rate of mobiles using Orange’s 3G 
network is not precisely known in Rhône-Alpes and we have no information about the sociodemographic 
characteristics of these mobile users for reasons of confidentiality and privacy. We are therefore forced to make a 
new assumption. As we know the (anonymised) identifier of each mobile phone, we are able to estimate the number 
of mobile phones which use the Orange network every day. If we assume that mobile phone users are representative 
of the population of Rhône-Alpes, we can determine a daily expansion factor Cexp:  

  

with Population of RA region equal to 5.2 million (population of Rhône-Alpes region aged over 11 years 
according to last census data of 2013) and Nb of users using 3G network is the number of observed telephones with 
at least 4 events in our database (1.56 million users). This is obviously a strong assumption and we develop here 
among the strongest limitations: 
 We have no data that allow us to check that the travel practices of Orange 3G network users are representative 

of the entire population of mobile phone users. We do however know that Orange is the principal mobile phone 
operator in France, with more than a third of the market. We can therefore assume that the population of Orange 
users in Rhône-Alpes is not too atypical; 

 Some people using the telecom network in the Rhône-Alpes Region do not live in the region. It is possible to 
identify individuals who live abroad and exclude them. Identifying where other users live is more complex with 
only one-day data and we have preferred to avoid this issue at this stage of the research; 

 Some individuals living in the Rhône-Alpes Region may be outside the region on the day when data was 
collected and so have zero mobility within the region; 

 Not all individuals are mobile phone users among the population aged over 11 years. It is especially the case of 
elderly people. 

The data from the EDR contain all the trips made by residents of the Rhône-Alpes Region irrespective of the 
purpose and the duration of the activity on an average working day. However, we have made an assumption of a 
minimum of one-hour stationary time in a sector in order to identify an origin or a destination in the case of mobile 
phone data. We have therefore applied the same assumption to the travel survey data in order to exclude very short 
activities which cannot be identified as a result of our stationary time assumption.  

If travel survey data are representative of the population at sector level, when we combine origin and destination, 
the number of observed trips for most of the origin-destination is too small. The confidence intervals are very wide 
for many O-D pairs. We therefore aggregated the 77 EDR sectors into a 14 macro zones (Figure 1b) in order to 
produce origin-destination matrices which gives a sufficient number of trips for most of the origin-destination pairs 
in the EDR. This makes it possible to make a comparison with the mobile phone data matrix which has also been 
aggregated to correspond to the 14-zone zoning system. 

Table 2: Number of trips from mobile phone data and the EDR (division into 14 zones). Source of data: Orange, 
Rhône-Alpes Region 

Threshold to determine stationary activity 60mn 50mn 40mn 30mn 

EDR (in thousands) 2,211 2,260 2,344 2,448 

Mobile phones (in thousands) 1,605 1,872 2,226 2,762 

 
We have much less trips with mobile data than with EDR (table 2) with a threshold of one-hour for identifying an 

activity. At the size of a sector (Figure 1b shows the 14 macro zones, but also the 77 EDR-sectors), the duration of a 
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trip to cross the sector with a motorised mode is probably lower than one hour for most trips. We have therefore 
tested different thresholds (table 2). Numbers of trips from the two sources are much closer for a time between 30 
and 40 minutes. Of course it is not the demonstration that the right threshold is between 30 and 40 minutes, but these 
values are not impossible to cross most of the sectors. We will therefore keep these thresholds for the following 
analyses. 

We have regressed the number of mobile phone trips by the number of EDR trips as the explanatory variables. 
All observations correspond to O-D pairs of the 14-zone zoning system. We present the results for 30 and 40 
minutes thresholds: 

30 minutes threshold 
yij = 0.79 * xij + 4,501, with R2=0.88;  Student’s t for constant = 5.34 and for slope = 37.2 

40 minutes threshold 
yij = 0.67 * xij + 3,552, with R2=0.88;  Student’s t for constant = 5.17 and for slope = 37.0 

     

Fig. 3. Regression plot between the mobile phone data (working day) and the data from the EDR. Source of data: 
Orange, Rhône-Alpes Region 

Regression R2 ratio is correct. But results are not really satisfactory as we would expect to have a slope close to 1 
and a constant close to 0. Analysis of the regression plot (Figure 3) shows that some points are fairly close to the 
regression line but other are less. We can also observe that there are two O-D with very high number of trips in 
comparison with other O-D. These two O-D correspond to the Lyon conurbation which is the biggest conurbation of 
Rhône-Alpes and the second in France with more than 1.6 million inhabitants. These two points have a strong effect 
on the slope. Clearly we are not able to reproduce EDR data with mobile phone data for the Lyon conurbation with a 
strong under-estimation for mobile phone data. We have also some O-D with quite small number of trips especially 
for the EDR data. The average sampling rate in Rhône-Alpes Region is 1/140. If we consider a minimum number of 
30 observed trips, it represents approximately 4,200 trips when the data are expended to the whole Region. We have 
therefore performed new regression with only those O-D with at least 4,200 trips for the EDR in order to guarantee 
minimum representativeness of EDR data which are chosen as explanatory variables, and without the two O-D pairs 
of the Lyon conurbation: 

30 minutes threshold, with at least 4,200 trips for EDR data and without Lyon conurbation O-D pairs 
yij = 1.01 * xij + 6,517, with R2=0.79;  Student’s t for constant = 2.31 and for slope = 14.5 

40 minutes threshold, with at least 4,200 trips for EDR data and without Lyon conurbation O-D pairs 
yij = 0.87 * xij + 4,912, with R2=0.79;  Student’s t for constant = 2.13 and for slope = 14.39 

Results are more satisfactory with slope closer to one as expected, especially for the first regression without Lyon 
conurbation O-D pairs (Figure 4). Constant should be close to 0 which is not the case even if the size of the constant 
is not so high regarding the total number of trips observed in the Region (table 2). But there are still some 
observations which are not very close to the regression line. When we analyse these O-D with high differences in 
number of trips between the two data sources, we notice that they mainly concern adjacent zones (O-D 5-6 and 6-5; 
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7-8 and 8-7; 8-9 and 9-8; 5-12 and 12-5) with similar differences for both orientations of the O-D (from O to D and 
from D to O). For these O-D we always observed more trips for the mobile phone data than the EDR data. This 
problem might be due to ping-pong effects which do not appear in short duration time and are therefore much more 
complicated to correct than the one we have treated (see section 4). On the reverse, mobile phone data under-
estimations mainly concern O-D which are not adjacent or with very short frontier (O-D 10-11 and 11-10; 11-12 and 
12-11). As can be seen on regression plot, the O-D analysis is nearly the same for the activity duration thresholds. 

 

     

Fig. 4. Regression plot between the mobile phone data (working day) and the data from the EDR, with at least 4,200 
trips for EDR data and without Lyon conurbation O-D. Source of data: Orange, Rhône-Alpes Region 

6. Discussion and conclusion 

As many studies have already shown, mobile phone data allow constructing origin-destination matrices. These 
matrices were generated from the 3G mobile phone network operated by Orange in the Rhône-Alpes Region. 
However, to our knowledge, and as has been very recently highlighted by Chen et al. (2014), the origin-destination 
matrices generated with this type of data are rarely validated at the scale of a region like Rhône-Alpes. More 
generally, world-wide, few studies have been undertaken to validate the travel or traffic data obtained from mobile 
phone data in comparison with other data sources (White, Wells, 2002; Caceres et al., 2007; Mellegard, 2011; Wang 
et al., 2012; Bekhor et al., 2013; Calabrese et al., 2013; Chen et al., 2014; Graells-Garrido, Saez-Trumper, 2016). 

This work has been performed following a similar methodology than the one performed in the Ile-de-France 
Region which include Paris (Bonnel et al. 2015, 2017). In this previous research the 2009 2G network data were 
analysed at the level of location area and then compared with the last household travel survey (called EGT) 
available for the whole Ile-de-France Region performed in 2010. The time threshold for activity duration was one 
hour given the traffic condition in Paris conurbation and the size of LA (22 LA for the whole Ile-de-France Region). 
We were able to obtain a total number of trips in Ile-de-France from the mobile phone data that was similar to that 
given by the EGT (a difference of 9%). Above all, the linear regression we performed on the number of trips in each 
element in the two matrices showed that the structure of the two matrices were very similar with an R2 value of 0.96 
and a slope that was very close to 1. But these very encouraging results was accompanied by other results are less 
satisfactory in the case of some origin-destination pairs for which the disparities attained 70 to 80%, even if in terms 
of numbers, the disparities are smaller as the largest percentage disparities are for those origin-destination pairs with 
a fairly small number of trips. 

We obtained less good results in the case of Rhône-Alpes Region even if R2 values are not too bad (between 0.79 
and 0.88 depending on O-D taken into account in the regression analysis). In case of Ile-de-France we have worked 
with signalling database at LA-zoning level which contains information each time a phone crosses a LA frontier 
whatever the phone activity. With this LA zoning we have at our disposal continuous spatiotemporal data at LA 
level, which is no more the case for Rhône-Alpes data where we have had to use travel survey zoning system 
because of the discontinuity of 3G LA zoning in Rhône-Alpes (Figure 1a). This might be one of the reasons of less 
satisfactory results in case of Rhone-Alpes as compared to Ile-de-France Region. We can also observe that for 
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adjacent zones with long border we often have trips overestimation with phone data compared to EDR data and on 
contrary the most important under-estimations are observed for non-adjacent zones. This problem was less apparent 
in case of Ile-de-France due to low number of zones for the regression analysis (7 zones only due to low number of 
trips for some O-D).  

A large number of hypotheses need to be made to construct trip matrices from mobile phone data. In order to 
identify possible approaches for further investigation, we shall restate these below: 
 The mobile phone data related to all the trips made by individuals who were present in the Rhône-Alpes 

Region. However, the data from the EDR only covered Rhône-Alpes residents. It would therefore be interesting 
to attempt to identify where the mobile phone owners in the database live. This would make it possible to 
extract solely the residents of the Rhône-Alpes Region in order to improve the validity of the comparison with 
household travel survey data. But we have to face privacy concerns and the obligation made by the CNIL 
(National committee for informatics and liberty) to change every day the mobile phone identifier and therefore 
seriously limit the possibility to identify home location without strong hypothesis; 

 We have applied a uniform assumption of minimum stationary time (between 30 to 40 mn in Rhône-Alpes and 
one hour in Ile-de-France) to identify stationary activity. It would certainly be possible to refine this and vary it 
according to the characteristics of each sector in terms of surface area and travel speeds. Moreover, the duration 
threshold is necessarily somewhat arbitrary, even if it was based on an analysis of the data from travel survey. 
The sensitivity analysis conducted on this threshold (table 2) shows that the results are highly sensitive to this 
assumption; 

 The boundaries of the cells coverage area are identified by analysing Voronoi polygons. This means there is a 
high degree of uncertainty about the boundaries. Actual base station coverage limits vary depending on mobile 
phone traffic, weather and local topography. It would be interesting both to refine the base station boundaries 
and to study the impact of boundary uncertainty on the construction of origin-destination matrices. Results also 
seem to indicate that we have overestimation of the number of trips from phone data for adjacent zone with 
long common boundaries and inversely underestimation for zones which are not adjacent. This result questions 
both cell coverage boundaries, but also the treatment of ping-pong effects which might occur not only in short 
time and also with long time intervals between phone location events; 

 The expansion of matrices obtained from mobile phone data is based on the very simple assumption that the 
mobile phone users for whom we were able to constitute at least one trip are representative of the general 
population. It is unlikely that we will be able to access demographic data on the users of the Orange network for 
obvious commercial reasons, but it is not impossible to try to collect information from other sources. Calabrese 
et al. (2011) and Bekhor et al. (2013) have analysed the spatial distribution of mobile phone users by comparing 
it to census data. Bekhor et al. (2013) have also used travel survey data which contained questions about mobile 
phone use. These data could be used to identify any bias affecting the samples of mobile phone data in order to 
adjust the data using travel data from household travel surveys; 

 We undertook no analysis of the data for mobile phone owners for whom we had fewer than four events. It 
would nevertheless be useful to identify those who switch their mobile phone on or off during the study day in 
order to distinguish between them and individuals who entered or left the study zone during the day; 

 As indicated in footnote 4, we cannot distinguish between telephone users and machines equipped with SIM 
cards. This introduces a small bias in the analyses (less than 0.5% of 3G traffic concerned), which could be 
filtered if equipment codes could be kept in the data; 

 Finally, we have considered only one day which is a typical day. From what we know there was no special 
event or meteorological event on this day. But it could be interesting to reproduce the analysis on several days 
to analyse the variability of the results. 

 
Mobile phone data therefore seem promising for the analysis of spatial mobility, but a considerable amount of 

further research is required in order to be able to fully validate their use in order to construct origin-destination 
matrices for transport modelling or transport planning purposes. 
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