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Abstract:
Call Detail Records (CDRs) are an important source of information in the study
of different aspects of human mobility. However, their utility is often limited by spatio-temporal
sparsity. In this paper, we first evaluate the effectiveness of CDRs in measuring relevant mobility
features. We then investigate whether the information of user’s instantaneous whereabouts provided by CDRs enables us to estimate positions over longer time spans. Our results confirm that
CDRs ensure a good estimation of radii of gyration and important locations, yet they lose some
location information. Most importantly, we show that temporal completion of CDRs is straightforward and efficient: thanks to the fact that they remain fairly static before and after mobile
communication activities, the majority of users’ locations over time can be accurately inferred
from CDRs. Finally, we observe the importance of user’s context, i.e., of the size of the current
network cell, on the quality of the CDR temporal completion.
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boundaries
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Pertinence du contexte pour l’achèvement temporel des
statistiques d’appel
Résumé : Les statistiques d’appel (ou en anglais Call Detail Records - CDR) sont une importante source d’information dans l’étude des différents aspects de la mobilité humaine. Cependant,
leur utilité est souvent limitée par son spartiété spatio-temporelle. Dans cet article, nous évaluons d’abord l’efficacité de l’utilisation ded CDR pour la mesure des caractéristiques de mobilité
pertinentes. Nous nous demandons ensuite si les informations de localisation instantanée de
l’utilisateur fournies par les CDR nous permettent d’estimer leurs positions sur des périodes
longues. Nos résultats confirment que les CDR assurent une bonne estimation des rayons de
giration et des emplacements importants, mais ils perdent certaines informations de localisation.
Plus important encore, nous montrons que l’achèvement temporel des CDR est simple et efficace:
grâce au fait qu’ils restent relativement statiques avant et après les activités de communication
mobile, la majorité des emplacements des utilisateurs dans le temps peut être correctement déduite des CDR. Enfin, on observe l’importance du contexte de l’utilisateur, c’est-à-dire de la
taille de la cellule de réseau actuelle, sur la qualité de l’achèvement temporel des CDR.
Mots-clés : Statistiques d’appel; Mobilité des utilisateurs; Trajectoires humaines; Endroits
importants; bordures de localisation
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Introduction

The urbanization worldwide is bringing a variety of challenges to city development and sustainability, and telecommunications networks are no exception. To manage the complexity of the
smart urban environment of tomorrow, the understanding of human mobility patterns become essential. A variety of network-related operations, such as paging in cellular networks [1], locationbased recommender systems [2], mobile service traffic dynamics [3], cache performance [4], already leverage interesting insights from human mobility patterns. These studies strongly rely
on spatio-temporal datasets describing human mobility. Call Detail Records (CDRs) are the
primary source of data for large-scale studies on urban populations of millions of users [5].
CDRs contain information about when, where and how a mobile phone subscriber generates voice calls and text messages, and are collected by mobile network operators for billing
purposes [5]. Owing to the bursty and irregular nature of the communication activities they
capture, CDRs are usually are sparse in time [6]. Hence, when considering CDR datasets as a
source of information on human mobility, significant challenges arise about (i) whether and to
what extent does the sparsity of CDRs affect mobility studies, and (ii) if it is possible to solve
the sparsity problem by completing CDR data over time.
We address these problems in two ways: Firstly, we evaluate how CDRs are biased in measuring mobility features such as evaluating the radius of gyration, counting user’s entire locations,
and identifying user’s important locations. Secondly, we study whether leveraging the information of user’s instantaneous whereabouts provided by CDRs is capable of locating the user
continuously in time.
Our work relates to the topic of measuring possible biases when using CDR datasets. A
seminal work in this sense was performed by Ranjan et al. [7], who showed that CDRs are
capable of identifying important locations, and exposed the bias of working only on very active
CDR users as they may not represent the entire population. Besides, [8] showed that using CDR
positioning information may lead to a distance error within 1 km compared with ground-truth
collected by five voluntaries. These observations were later confirmed in [9], using a GPSreferenced dataset containing 84 users. Our results confirm the observations in [7] while using
datasets of tens of thousands of users, hence much larger than that employed in [9]. Relevant to
our study are also works on CDR data completion. The legacy approach is assuming that the
user remains static from some time before and after each communication activity. The span of
the static period, named location boundary hereinafter, is a system parameter that is fixed and
hardly validated [10, 9]. Our results extend previous analyses, showing that user’s context shall
be taken into account to set the value of the location boundary parameter dynamically.
Our contributions are summarized as follows:
• Our investigation is based on the mobility dataset described in Sec. 2. The geo-referenced
data captures the location of tens of thousands of users at every 5 minutes on average and
allows scaling the CDR bias and completion analysis at unprecedented levels.
• We evaluate the possible limitations brought by the sparsity of CDRs, to measure human
mobility features. We confirm –at such larger scale– findings on the quality and limitations
of CDRs in measuring human mobility, in Sec. 3.
• We evaluate the impact of location boundaries on the spatial error of completed CDR data
and show how the cell coverage affects the results. Details are provided In Sec. 4.
• Overall, our results highlight the importance of adaptive location boundaries, and provide
insights on the design of such an approach, as summarized in Sec. 5.
RT n° 482
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2

Dataset

We use in our study two datasets collected by a major cellular network operator in Mexico. The
data cover the [10am, 6pm] time interval, prevailing working hours, during two non-consecutive
days, as shown in Table. 1. Both datasets allow the study of human mobility but at different
granularity: the first describes fine-grained mobility while the second provides coarse-grained
information.
• Fine-grained dataset is composed of Internet data records, called hereafter flows. These
are obtained every time a mobile device establishes a TCP/UDP session for some services
(e.g., Facebook, Google, WhatsApp, P2P). Each flow entry contains the hashed device
identifier, the type of service, the volume of exchanged upload and download data (in KB),
the timestamps denoting the start and end times of the session, and more importantly, the
cell tower location where the session has ended.
• Coarse-grained dataset is obtained through Call Detail Records. Each CDR entry provides the detailed information of an event (i.e., initiating or receiving a phone call, sending
or receiving an SMS or MMS). It consists of the event duration, the hashed identifiers
of the involved devices in the considered event (i.e., caller/callee in a phone call, and
sender/receiver in an SMS or MMS), and the cell tower location of the beginning of the
event.

2.1

Dataset filtering

To tackle the undesirable effects of the widely encountered phenomenon of cell-tower oscillation 1 [11], we apply the recursive look-ahead filter proposed in [12] on both datasets. Nevertheless, as the CDR dataset is already very sparse in time, upon detection of the oscillation
phenomenon, instead of removing the corresponding log, we modify its location to that of the
closest log (in time) in the fine-grained dataset (this closet log is within 5 minutes on average).
By doing this, we preserve the original granularity of the CDR dataset, while ensuring positioning
data correctness.
Furthermore, to guarantee that the fine-grained dataset (flow dataset) has a considerable
temporal granularity, we filter out the subscribers having an inter-event time (i.e., the time
between two consecutive flows) higher than 20 minutes. This filtered data serves for the rest of
the paper as the ground-truth dataset. The statistical distribution of the per-user inter-event
time is shown in Fig. 1(a). We note that in 98% of cases, the inter-event time is less than 5
minutes, and in less than 1% of cases, the inter-event time is higher than 10 minutes.
We also plot in Fig. 1(b) the CDF of the number of flows per user (as solid lines) for comparison, which clearly tells that the fine-grained dataset brings richer information about users’
movement because the number of flows is far more than of CDRs in the coarse-grained dataset.
High temporal granularity supports the use of trajectories in the fine-grained dataset as the
ground truth in our analysis.

2.2

Day distinction

Throughout our study, we evaluate separately the results for the two days of data. As Sundays
and Mondays are known to yield substantial differences regarding users’ communication activity
and mobility, our approach let us observe how such differences affect our specific problem. The
1 Cell-tower oscillations occur when the association of a static user to the mobile network swings among multiple
cell towers, e.g., due to load balancing or fluctuations in the RF environment.
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Table 1: Dataset
Sunday
Monday

Date(s)

Users

Rare CDR users

July 19, 2015
July 20, 2015

10, 856
14, 353

6, 154
7, 215

1.0

Frequent
CDR users
4, 702
7, 138
CDF

0.8

F (x)

0.6

0.4
Flows:
Flows:
CDRs:
CDRs:

0.2

0.0
100

(a)

Sunday
Monday
Sunday
Monday

101
102
103
104
105
Number of records (flows or CDRs) per user

(b)

Figure 1: (a) CDF of the inter-event time in the ground-truth dataset; (b) CDF of the number
of records (flows or CDRs) per user in a weekend and a weekday.
number of users appearing in each day and dataset is reported in Tab. 1. We plot in Fig. 1(b)
the cumulative distribution function (CDF) of the number of calls and flows per user on Sunday
and Monday. Focusing on calls, 35% of users on Sundays and 20% on Monday have only one
call during the observed period, and 3% of users have more than 10 phone calls on Sunday while
this percentage increases to 7% on Monday. These results are aligned with previous findings, as
users tend to be more active during working days.

2.3

Users categories

We separate the users in the CDR dataset into two different categories:
• Rare CDR users are users who are not very active in making or receiving voice calls, and
sending or receiving SMS/MMS. As in [13], we use the threshold of 0.5 CDR/hour below
which the user is considered to belong to this category.
• Frequent CDR users are those who are comparatively active.
0.5 CDR/hour.

They have more than

The number of users in each category is shown in Table 1. We notice that 49% of the users on
Monday and 43% on Sunday belong to the frequent CDR user category.
In the rest of the paper, we focus on the use of the filtered coarse-grained dataset for the study
of human mobility. We compare the results with those obtained from the filtered fine-grained
dataset, which represents our ground truth. During our whole analysis, we account for day and
users category diversity.
RT n° 482
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3

CDRs for human mobility studies

To validate the accuracy and correctness of CDR-based human mobility studies, we make a
comparative study between the coarse-grained and the ground-truth datasets as a function of
different criteria that are widely used to assess human mobility analysis. In particular, we
consider two criteria, i.e., the span of movement and the per-user important locations.

3.1

Span of human movement

The first study consists of examining whether CDRs can be adapted for measuring the geographical span of movement of subscribers. For that, we consider the radius of gyration parameter,
computed for each user u ∈ U, where U is the observed population. It is defined as the deviation
of user’s positions to its centroid position, as follows:
v
u n
u1 X
u
(1)
Rg = t
(ru − rucentroid ),
n i=1 i
u
where
is the center of mass of user’s u locations in the observation period, i.e., rucentroid =
Pn rcentroid
1
u
i=1 ri . This parameter has been widely used for studying different aspects of human mobiln
ity [3, 13, 14, 15].
In our study, we compute, for each user u, his radius of gyration Rgu using the coarse-grained
and the ground-truth datasets, for different categories of users (i.e., all users, rare CDR users, and
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(b) CDF of Rg : Sunday

CDF

1.0

2
4
6
8
Radius of gyration per user (km)

0.6

0.4
All Users
Rare CDR Users
Frequent CDR Users

0.2

0.0
0

0.8

F(x)

0.6

CDF
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F(x)

0.8
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CDF
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(g) CDF of ∆D: Monday

0
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Distance (in KM) between real
and estimated important location.

100

(h) CDF of ∆D: Sunday

Figure 2: (a)(b) CDF of the radius of gyration over the observed population on (a) Monday and
(b) Sunday; (c)(d) CDF of the distance between each user’s Rg estimated by the fine-grained
trajectory and Rg by the coarse-grained trajectory on (c) Monday and (d) Sunday; (e)(f) CDF of
the radio rN L of the number of location in each user’s coarse-grained trajectory to the one in her
fine-grained trajectory on (e) Monday and (f) Sunday; (g)(h) CDF of the distance between each
user’s real and estimated important locations located by her fine- and coarse-gained trajectories
on (g) Monday and (f) Sunday.
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frequent CDR users). The obtained values represent the estimated (due to the spatial sparsity
of the dataset) and the real radius of gyration, respectively.
The results are depicted in Fig. 2, where Fig. 2(a)(c)(e) represent those obtained from the
weekday (Monday, July 20,2015 in our case) and Fig. 2(b)(d)(f) during the weekend (Sunday,
July 29, 2015). We can clearly note that:
• There is no much difference between weekends and weekdays in terms of radius of gyration.
• For the three different categories of users (i.e., all users, rare CDR users, and frequent CDR
users), the radius of gyration shows almost the same distribution, as shown in Fig. 2(a)(b).
It indicates that one can get a reliable distribution of Rg from a certain number of users
even if their interaction frequency with the cellular network is not very high.
• For approximately 90% of all the considered users, the error (distance in Km) between the
real and the estimated radii of gyration is less than 5 km, as in Fig. 2(c) and 2(d).
• Intuitively, a more accurate Rg can be obtained by taking into consideration more locations
visited by the user. This statement is validated indeed in Fig. 2(c): we notice that 92% of
frequent CDR users have an error lower than 5 km, while the percentage decreases to 86%
for rare CDR users. The same observation holds for the weekends as shown in Fig. 2(d).
Note that this error is estimated based on cell tower locations. When leveraging more
precise GPS data, only 26% of users have an error larger than ±1 km [9].
• Due to the spatio-temporal sparsity of CDRs, the mobility information in CDR-based
studies is usually incomplete. For this, we study in Fig. 2(e) and Fig. 2(f) the ratio rNL
between the total number of unique locations detected from CDRs (NLCDR ) and from the
ground-truth (NLFlow ):
rNL = NLCDR /NLFlow .
(2)
We notice that, on Monday, 42% of the observed population (i.e., all users) have their rNL
higher than 80%, i.e., only 20% of the unique locations visited by the users do not appear
in the CDR dataset. However, the percentage of users having this criterion is slightly
higher for the frequent CDR users (around 50%), but it is lower for the rare CDR users
(37%). These results confirm the benefits of using frequent CDR dataset to ensure a better
completeness of user’s locations. We note that the same results hold for weekends.

3.2

Important locations

An important step in characterizing human mobility consists of identifying user’s important
locations. As users have usually repetitive daily routines, a common and simple solution to
identify these locations consists in (i) separating the whole day period into two major subperiods (e.g., daytime and nighttime), and (ii) determining the most frequent location in each
sub-period. As our datasets cover only the period between [10am, 6pm], we infer a user’s work
location by the cell where the user spends most of her daytime.
To check the accuracy of CDRs-based studies in determining important locations, we compute for each user her important locations using both the coarse-grained and the ground-truth
datasets. In detail, the estimated and the real important locations are respectively located as
the one where the most CDRs are observed and the one where the user spends the most time.
Then, we compute the distance between these two important locations as ∆D. We infer users’
work location using the weekday data, while the data from the weekends permit to infer the most
visited locations during weekends.
RT n° 482
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Fig. 2(g) and Fig. 2(h) show the cumulative distribution function of the distance between the
real and the estimated important locations in Km and on the weekday and weekend, respectively.
We observe the following:
• The error between the real and the estimated important locations is null for approximately
85% of all the users, indicating that the usage of the coarse-grained dataset is fairly sufficient
for inferring these important locations.
• For the rest of users (15% of the total users), the error between real and estimated important
locations is non-null: we have around 10% of the users with a relatively small error (∆D <
5 km) while 5% of the users have an error higher than 5 km.
• There is no difference in the distribution of ∆D between rare CDR and frequent CDR
users, except a slight difference on Monday as shown in Fig. 2(g). The reason behind that
can be interpreted by the fact that people are usually more active in the cellular network
on weekdays (as shown in Fig. 1(b)) and hence, generate more phone calls/messages from
the corresponding important locations.

4

CDR completion via location boundaries

The results in Sec. 3 evidence the quality of mobility information that can be inferred from CDR
data, regarding span of user’s movement and important locations. They also indicate that some
bias is present: specifically, by relying on CDRs, one cannot hope to capture the entire set
of user’s locations, as transient and less important places visited by users are lost. The good
news is that, even in those cases, the error introduced by CDRs is relatively small. Overall,
the observations above motivate the use of CDR datasets, which are much easier to obtain than
fine-grained flow data [5], for the analysis of human mobility.
However, a major limitation of CDRs remains their temporal sparsity. Indeed, CDR only
provides instantaneous information about the location of users at a few time instants over a
whole day. CDR temporal completion aims at solving this problem, by extending the time span
of the position associated with each communication activity to some location boundary. In other
words, one assumes that users remain static, or at least do not move beyond coverage of the
same cell, for a time corresponding to a location boundary before and after a communication
activity takes place.
In this section, we provide two contributions to the problem of CDR completion. First, we
assess how the parametrization of location boundaries affects the quality of the completed data.
Second, we investigate the existence of correlations between such completed CDR quality and a
user’s context, defined as the coverage of his associated cell.

4.1

Complementing the ground-truth dataset

Two preliminary steps are needed for our analysis, and are discussed next.
4.1.1

Filling temporal gaps in the fine-grained dataset

As previously mentioned, the fine-grained dataset presented in Sec. 2 serves as our ground truth.
However, also this dataset is discrete over time, and so are the locations of users it records. To
reconstruct a continuous dataset, we have to fill the temporal gaps between users’ locations. To
this end, we apply the simple approach depicted in Fig. 3. For each consecutive pairs of user’s
locations (ti , ci ) and (ti+1 , ci+1 ), where ti and ci corresponds respectively to the time instant and
cell location of ith log of the user, we proceed as follows.
Inria
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-td
CDR Location Boundary

+td

Estimated
Actual

A

Flows

tCDR

B

C

D

Time:

t1

t2

t3

t4

t5

Cell:

A

A

B

C

D

t = 0.5(t2+t3)
Figure 3: A demo of (1) complementing the fine-grained trajectory and (2) the CDR location
boundary: (1) Suppose five consecutive flows at time t1, . . . , t5 at cell A, B, C, D. Flows t1, t2
are merged together as they are observed continuously at the same cell A. The handover time
from the cell A to B is set at the mid time of t2 and t3. (2) A fixed-period location boundary
(tCDR − td , tCDR + td ) is given attached with a CDR at time tCDR at the cell C. In this location
boundary, the user is assumed to be at the cell C while actually she moves from the cell B to D,
which causes a spatial error.
1. The user remains attached to the same cell ci in the interval of time [ti , ti+1 ] if ci = ci+1 .
(i,i+1)

(i,i+1)

2. The user is attached to cell ci during [ti , tHO ] and to cell ci+1 during [tHO , ti+1 ], if
(i,i+1)
ci 6= ci+1 . The parameter tHO
is defined as the handover time instant from cell ci to cell
ci+1 . For simplicity, we consider that the handover time instant between two cells is the
middle of the interval [ti , ti+1 ].

4.1.2

Estimating cell coverage

In addition to visited location information from both coarse and fine-grained datasets, we information about cell tower deployment, consisting of 14, 953 cell tower locations2 that cover the
whole Mexico.
We estimate cell coverage by computing a Voronoi tessellation [16]: this is an unavoidable
choice since we do not have information about the transmit power of each cell tower or RF
propagation environment, and we have to assume an homogeneous propagation environment and
an isotropic radiation of power in all directions at each cell tower. To account for the fact that
real-world deployments result in overlapping coverage, we then define the cell coverage as the
smallest circle centered at the cell tower location and whose radius is the largest distance between
such location and the Voronoi polygon contour. The resulting circle covers entirely the Voronoi
polygon, and yields overlapping coverage at cell boundaries. We find that 70% of cells have a
radius < 3 km, with a median radius of 1 km.
2 Cell tower locations were provided by the operator (52%) or third-party services (48%, obtained via Google,
Mozilla, or OpenCellID services).
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Figure 4: CDF of the spatial error of the location boundary over the observed population grouped
by time period on (a) Monday and (b) Sunday.

4.2

Errors of fixed-period location boundaries

Here, we evaluate the fixed-period location boundaries in terms of spatial error. Suppose that a
CDR entry is recorded at time tCDR at cell cCDR . Completing the CDR entry with a location
boundary of timespan td means that the user is assumed to be within the cell cCDR during the
time interval [tCDR − td , tCDR + td ]. An example is shown in Fig. 3.
Intuitively, an error may occur if the user moves to other cells during this time interval. We
define the spatial error as the average cumulative distance error, as follows:
R tCDR +td
kcCDR − creal kdist dt
err = tCDR −td
.
(3)
2td
This measure represents the average distance between a user’s real cell location creal and the
estimated cell location cCDR during [tCDR − td , tCDR + td ]. For each user, we measure the spatial
error using the corresponding CDR logs in the observation period. The interpretation of this
spatial error is straightforward:
• When a location boundary has an err = 0, it means that during its time period the user
stays at the cell cCDR at all time, and the estimation of td may be conservative: a large td
could be more adapted in this case.
• When having an err > 0, it means that the location boundary is over-sized: the user
actually moves to other cells in its time period and thus, a smaller td should be more
adapted.
We plot in Fig. 4 the CDF of the spatial error over all location boundaries identified from
CDRs. As we expected, we observe that 95% of CDRs on Monday (cf. 92% on Sunday) have
err = 0 location boundaries of (−150 , 150 ) and 60% on Monday (cf. 53% on Sunday) even have
ones of (−1200 , 1200 ), which strongly supports the fact that the users remain in the cell coverage
temporally around their CDR activities. However, note that on Monday approximately 35%
(cf. 40% on Sunday) of the observed users are stable, i.e., each of them has only one location
observed in her fine-grained trajectory and consequently, Rg = 0. The high percent of location
Inria
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boundaries with err = 0 shown in Fig. 4 may credit to these users because any td in their location
boundaries will be conservative: no spatial error occurs at all. To further analyze the spatial
error, we exclude these users from the next evaluation, where only mobile (Rg > 0) users are
involved.
Let us first evaluate the probability of having a null location boundary error, i.e., Pr(err = 0).
Fig. 5(a) and Fig. 5(b) present the probability of having a null spatial error, i.e., P (err = 0), when
applying a location boundary with td = 5/15/30/60/90/120 minutes respectively on Monday and
Sunday, grouped by the cell radius. We note the following.
• The probability P (err = 0) decreases with the increasing period marked by td , indicating
that using a large time period on the location boundary decreases the probability of null
spatial error. For instance, for td = 150 , the probability of having a non-null spatial error
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Figure 5: Spatial error of the fixed-period location boundary for the users with their Rg >
0: (a)(b) the probability to have an err = 0 location boundary (−td , td ) where td is
5/15/30/60/90/120 minutes under the certain groups of the cell radius on (a) Monday and
(b) Sunday; (c)(d) Boxplot of the spatial error grouped by the cell radius and the time period of
location boundary on (c) Monday and (d) Sunday. Each box denotes the median and 25th − 75th
percentiles and the whiskers denote 5th − 95th percentiles.
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varies between 22% to 35% depending on the date and on the cell radius. However, when
a larger td is used, the probability significantly increases (e.g., for td = 300 , the probability
of non-null spatial error grows from 35% to 50%).
• The probability P (err = 0) increases positively with the cell radius r. This trend is clearly
seen on both Monday and Sunday (except for 2 < r < 3 km cell radius), indicating that
the cell size has an impact on the time interval during which the user stays within the cell
coverage. Intuitively, when the user is moving, a handover may happen quite often if the
user’s current cell is small; however, if the user is attached to a cell tower having a big area
coverage, the probability of handover decreases.
Overall, we can say that there is a strong correlation between the location boundary and
the cell coverage. However, since the CDR logs of a user are usually sparse in time, using a
small fix-period location boundary could only cover an insignificant amount of time, while using
a big location boundary increases the risk of having a non-null spatial error. To investigate this
trade-off, we plot the variation of the statistical distribution of the spatial errors after excluding
the null errors (i.e., keeping only err > 0) in Fig. 5(c) and Fig. 5(d).
• The spatial error varies widely, it goes from less than 1 km to very huge values (up to 8 km).
For such high errors, the fixed-period location boundary is thus unsuitable especially with
high users’ movement patterns.
• Under the same values of td and r, larger differences emerge between Monday and Sunday,
which confirms previous findings that users move more on weekdays.
• The spatial error grows with the cell radius: when the cell size increases, the variation of
the error becomes wider and the mean value also increases. This is reasonable because the
higher the cell radius is, the farther the cell is from its neighbors. Hence, when a spatial
error occurs, it means that the user is actually in a far cell that has a larger distance to
cCDR .
Overall, we can say that location boundary could estimate users’ locations with a high accuracy when td is small. That validates previous findings that state that users usually stay
in proximity of call locations for a while. However, the accuracy is significantly reduced when
increasing the location boundary, up to the point where using fixed-period location boundaries
causes large spatial errors. Hence, the trade-off between the time coverage and the accuracy
should be carefully considered when using location boundaries.

5

Discussion and conclusion

Thus far, we have shown the capability of using location boundaries of identifying users’ locations.
Since the accuracy is related to the context such as the cell coverage, apparently using a fixed
time period is insufficient for the location boundary: we see that sometimes it makes a large
spatial error. Hence when using CDRs, an adaptive approach to determine the time period is
necessary. Here we present some guidelines for the design of such an approach.
Firstly, consider identifying stable users. Though it is a challenging task due to the high
sparsity of CDR logs, identifying such type of users in CDRs is feasible over a short time period,
e.g., one during which CDRs are captured in high frequency. Secondly, determine the time
period regarding cell coverage. A big cell has a high tolerance to errors as we observed in Sec. 4.
Intuitively, a large time period should be assigned when the user is located at a big cell.
Inria
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In conclusion, we identify the key challenges of CDRs-based human mobility analysis regarding accuracy and correctness in this paper. Our results validate previous findings of the limits of
CDRs. Moreover, we evaluate the accuracy of CDR-based location boundaries regarding spatial
error. We find that with a particular time period, the fixed-period location boundary could have
an accurate estimation of user’s cell tower location around the activities captured by CDRs while
it may cause a huge error. In future, we will work on the design of an adaptive approach along
the guidelines above.
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