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1 INTRODUCTION

Traditionally, mobility studies use household travel surveys (HTS) to characterize mobility de-
mand in order to adapt infrastructure and services to the needs of citizens. HTSs provide a
high level of detail (origin-destination, mode choice, trip purpose) and additional information
about the individual (e.g. age, gender, socio-professional category). In addition, surveys try to
be representative of the whole population. However, as they are very expensive, they are only
carried out every 5 to 10 years, with small samples and on average only one day a week.

The last few decades have seen an explosion in the use of mobile phone networks, smart
cards, and GPS devices. They produce huge amounts of data and cover large geographical areas
with fine temporal granularity. However, these data are very often less complete than mobility
surveys. Indeed, it is much more difficult to access the metadata of the trips made by users.
Moreover, these data sources raise questions about representativeness and bias.

In the literature, several studies have been conducted to enrich mobile phone data and then
validate it against HTS ground truth. Some have already attempted to infer people’s places
of residence and work from mobile phone data (Chrétien (2016)), while others have detected
the transport mode (Huang et al. (2019)). Some authors have also processed raw cell phone
trajectories to estimate origin-destination (OD) matrices and then compared them with origin-
destination matrices from HTS (Fekih et al. (2021), Bonnetain et al. (2021)). Other recent work
has focused on identifying biases between different data sources (Sfeir et al. (2024), for example,
analyzing HTS biases using smart card data).

Following the same objective, our work focuses on highlighting the discrepancies between the
two data sources namely, HT'S and mobile phone OD matrices. Applying the definition of a trip
according to a French telecom operator to HTS data, we want to answer the main question:

e What are the features of trips detected by the mobile phone data, in terms of transport
mode, duration, distance, and purpose?

We also investigate two additional issues:

e Do the data provided by the telecom operator lead to volumes comparable to those of the
surveys using the same definition of a trip?

e Are the OD matrices for home-work purpose provided by mobile phone data close to those
estimated by the public statistics institute?
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2 CASE STUDY: DATA SOURCES AND STUDY AREA
For this study, we used two different types of data:

e A HTS realized in 2015 by CEREMA (expert study
centre on risks, environment, mobility, and urban
planning) in Lyon Metropolis in France. 28,230 in-
dividuals, living in the study area, from 16,361 differ-
ent households were surveyed on their trips over the
day before the interview. Here a trip is defined as
any movement performed by the respondent by any
mode of transport, of any duration, and of any origin
or destination. In this survey, we know for each trip
the departure and arrival times and places (spatially
divided into fine zones), the distance, the duration,
and the purpose.

Survey study zone

Figure 1 — Map of the Study area

e Mobile phone data provided by the main French telecom operator Orange. It consists of
data collected in September and October 2022 on Lyon metropolis and its proximity (figure
1), and pre-processed by the telecom operator. The study zone is divided into 802 areas of
27 km? on average.

A trip is defined by this telecom operator as follows:

Definition 1 Let U be an user. Let Sy, ... S, be the different stationarity periods of U during a
whole day detected by the telecom operator. Each S; is related to a zone Z; in which U is located
and T; is the duration of each S;. A trip is detected between S; and S by the telecom operator if
it satisfies: ‘TZ > Ty, Tj > Ty and Z; # Z; |, with Ty, a chosen threshold (set to 1 or 3 hours).

Anonymization being mandatory in France (by the CNIL, the French Data Protection Au-
thority), mobile phone data are aggregated. The minimum volume of people making the same
Origin-Destination trip must be greater than 20, otherwise, this flow is not taken into account.

3 COMPARATIVE ANALYSIS

3.1 Application of the definition of trip on survey data

The definition of a trip is not always the same in the literature. So we wanted to know what the
definition of this telecom operator implies (definition 1). We started by applying this definition
to HTS data for stationarity periods T, of 1 and 3 hours.

Trip DETECTED Trips MERGED Trip NOT DETECTED
f_% [ N L \
Stationarity . Stationarity . . Stationarity . Stationarity
Tnp 4 Zone K
>  Time
— — — —
Duration > Ty, Duration > T,, Duration > T;,, Duration > Ty,

Figure 2 — Illustration of possible trips detected, not detected, or merged with this definition.
Each trip is labeled "detected" or "not detected" if it is taken or not into account by the

definition. Others are labeled "merged" because they are part of a detected trip but multiple
trips have been merged into one (figure 2).

TRC-30 Original abstract submittal



E. Casassa, E. Come, L. Oukhellou 3

With the definition of trips used by the telecom operator, we find that only 47% of survey
trips (for T, = 1 hour) would have been detected (in which 10% would have been considered
merged). For 3 hours of stationarity, we found 36% (with 14% of merged trips).

As one would expect, short time and distance trips
are mostly undetected (90% of the trips under lkm). Trip motives

o). . for survey data and survey filtered data
In addition, long trips are over-represented (80% of

1

trips above 10km are detected). This seems consis- -= Source -
tent as short trips have been grouped under the status =" .__ = e
"merged". For the same reasons of time and distance, " ___ I s rous
we find that some modes of transport are less detected . Home-studes | I
than others. For example, 85% of walking trips are not 3 "' —
detected against 15% of public transport trips (for 1 — e —
hour of stationarity). Home-vork | |y

Finally, concerning travel purposes, we have plotted  orestone ___
the 9 most common in Figure 3. We found that in Home-Others | E—

o
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Number of trips

the survey filtered data, about 80% of the Home-Work
and Work-Home trips are retained, the same for Home-
Studies with about 50%. But for many of the other Figure 3 — Trip motives and their impact
patterns, at least 70% or more of the trips are lost. on detection.

3.2 Average number of trips per person and per day

To see if there are similarities between the mobile phone data and the survey filtered data, we
first looked at whether the average number of trips per person per day during weekdays was
close. For the telecom operator data, since the data are aggregated, we cannot retrieve the trips
of a user for a whole day. Therefore, during pre-processing we assumed that these data were
well scaled to the population level of the study area, and since the population considered in the
study area is about 4.5 million inhabitants in 2022, we calculated the average number of trips per
inhabitant by dividing the total number of observed trips by this value. Furthermore, the telecom
operator data come from all mobile phones present in the area, while the HTS respondents are
only residents. To compare responses from residents only, we worked with a version of the OD
data with an additional split based on inferred residences, workplaces and on nationality (French
or foreign). Note that this additional split implies a non-negligible loss of volume, as more cells
fall below the anonymization threshold.

HTS 2015 | Survey filtered data Telecom (Residents trips only) Telecom (All trips)
1 hour ‘ 3 hours 1 hour ‘ 3 hours 1 hour ‘ 3 hours

3.55 | 1.46 | 0.98 1.3 | 0.42 | 1.9 | 0.7

Table 1 — Average number of trips per person and per day.

With these considerations, we find the results of the table 1, where we set the lower (only
resident trips) and upper limits (all trips) for the average number of trips recorded by the telecom
operator. Compared to the data filtered by the survey, we can see that the averages are close,
so the volume seems to be coherent.

3.3 Home-Work matrices

We explained earlier that the telecom operator’s definition of a trip seemed to retain a majority
of home-work trips. We therefore wanted to construct home-work matrices (from the telecom
operator’s preprocessing) and compare them with those obtained by INSEE (National Institute
for Statistics and Economic Studies) during the population census. For the analysis, we placed
these two types of data on the same spatial division. However, the INSEE data are provided
by the municipality, while the mobile phone data have a specific spatial division chosen by the
telecom operator.
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For this reason, we decided to disaggregate the data
from the telecom operator uniformly to a spatial structure o] Scatter plot between Home-Work matrices
smaller than both, and then re-aggregate by municipal- forTwthour log
ity. The result of the scatter plot between the home-work . v ke
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matrices is shown in Figure 4. Here we notice a lack of ¥
volume in the telecom operator data. But we found a de- 7 . 1
cent coefficient of determination R? equal to 0.65. And o] jaigd TAD
even equal to 0.72 if we consider only flows above 2007
Moreover, 91.6% of INSEE flows above 100 are captured 0] :
by the telecom operator, 97.6% above 200 and all flows b Font oo ©
above 500. Thus, the structure of the two matrices seems '
to be equivalent, although we observe fewer trips in the T
mobile data.

INSEE

1 60 10‘00 10600
Mobile phone data

“As indicated by INSEE in its documentation, weak flows <200 Figure 4 — Sca'tter p‘lot betw'een
should be considered as orders of magnitude. Home-Work matrices (in logarithm,).

4 CONCLUSION

In conclusion, our work shows that the definition of #rip in mobile phone data implies different
features from those provided by HTS. Short trips in time and distance are lost, while long trips
are over-represented. Modes of transport are not captured in the same way. This definition
mostly retains home-work and home-study trips. However, when this definition is applied to the
HTS data, the volume of data appears to be consistent between the survey filtered data and
the mobile phone data. Similarly, the structure of the home-work matrix seems to be consistent
with the INSEE census data. Due to lack of space, we have not been able to develop here
our results concerning the analysis of metadata inferences (places of residence, places of work,
nationalities, means of transport, etc.), the impact of the threshold T, or the departure time of
the trips on their detection. Finally, we must remember that our work has limitations. Firstly,
the spatial study area and the period are not the same for both studies. Differences in urban and
peri-urban trips compared to rural areas should be investigated. Secondly, there is a time lag
between the HTS and the telecom operator data, COVID-19, and possible behavioral changes in
the population.
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