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Abstract—With global mobile phone penetration nearing
100%, cellular Call Data Records (CDRs) provide a large-scale
and ubiquitous, but also sparse and skewed snapshot of human
mobility. It may be difficult or inappropriate to reach strong
conclusions about user movement based on such data without
proper understanding of user movement between call records.
Based on an analysis of a real-world trace, we propose a novel,
probabilistic Inter-Call Mobility (ICM) model of users’ position
in between calls. The ICM model combines Gaussian mixtures
to build a general, comprehensive spatio-temporal refinement of
CDRs. We demonstrate that ICM model’s application yields strik-
ingly different conclusions to the existing models when applied
to basic CDR analyses, such as user proximity probability.

I. INTRODUCTION

According to the International Telecommunication Union
there were 5.3 billion cell-phone subscriptions worldwide by
the end of 2010 and mobile phone pervasiveness is reach-
ing 100% of population in some countries [1]. This huge
worldwide mobile-phone penetration is increasingly turning
the mobile network into a gigantic ubiquitous sensing plat-
form, enabling large-scale analysis and applications. The prime
subject matter for such studies are records of user activity
on the cellular network, the so-called Call Data Records
(CDRs), which contain timestamped approximate geographical
coordinates of a user for every call made or text message
sent. CDRs represent a vast amount of easy-to-collect data
about every mobile network user, for they are automatically
generated by telecommunication systems and archived for
billing purposes and network troubleshooting.

CDR-based research is widespread and reaching important
conclusions about various aspects of computing and human
mobility, such as for example the studies on smartphone virus
spreading [2], individual mobility and calling patterns [3], [4].
Posterior interpretation of large-scale CDR datasets is perhaps
even more important for purposes such as urban and transport
planning [5], [6], or network design [7] with implications for
opportunistic spectrum access [8] or user mobility [9].

However, Call Data Records on their own do not provide
sufficiently fine granularity for strong conclusions about users
movement — they exhibit vast uncertainty about the time
when the user is not active, i.e., not communicating. In particu-
lar, it is not clear where the user is geographically located when
in between calls. This represents a problem for applications
or analyses assuming ubiquitous and continuous user-tracking
capability, such as [10]. Exact position of users at all times is,

surprisingly, not maintained by the cellular network (mainly
for performance and bandwidth saving reasons), and is thus
available only when users communicate, i.e. stored in CDRs.

CDRs constitute an event-based motion description of a
mobile user in space and time — we denote it call trajectory.
It is a sequence of places, related to a single user, where a
call (or text message) has been made (sent) or received, thus
describing the user’s “hop” movements as he/she makes call
after call. To refine such trajectory, it is vital to have the corre-
sponding ground-truth movement trajectory, i.e, a continuous
trace with geographical coordinates of user’s position. GPS
traces of users’ movement provide great accuracy but limited
availability: one study found only 4.5% user-time coverage in
tests with the device carried in users’ pockets during a day
[11]. Continuous active tracking of network users by the
network provider, reaching every single user in the network
receiving the signal, is possible [12], but also costly [13]
and faces the network technological limits [14]. Modeling
techniques are thus used to describe the expected user position
in between calls. Linear interpolation, a straight line between
two points in space and time, is popular in movement objects
databases [15]. However, this method is accurate only for
sufficiently dense sampling of events, which calls definitely
are not — for example, every other mobile user calls less than
once per day [7]. Another model, the space-time prism [16],
represents locations reachable by users, given only their origin
and destination positions and maximum speed. Unfortunately,
the maximum speed cannot be set for all users in general,
which limits the model applicability.

This work proposes a probabilistic model that describes
users’ position between their consecutive communication
events (call or SMS) in the case when only CDRs are available.
Our key idea is to describe the difference between two
representations of user’s movement: the coarse-grained, CDR-
based call trajectory, and the movement trajectory derived
from network-cell transitions. The latter one represents the
ground-truth of user’s position in between calls, with the
same spatial accuracy as CDRs, but higher granularity in the
temporal dimension, and thus delivers additional information
(see Figure 1). On the foundation of a detailed analysis of the
spatially extended Reality Mining Dataset [17], [18], which
contains both CDRs and cell transitions, we have derived the
Inter-Call Mobility (ICM) model — a novel, spatio-temporal
refinement of CDRs. It significantly improves the accuracy

2012 Proceedings IEEE INFOCOM

978-1-4673-0775-8/12/$31.00 ©2012 IEEE 469



Fig. 1. The difference between call and movement trajectories demonstrated
on a trip between San Jose and San Francisco downtown made by a user
from the Reality Mining Dataset [17]. Call trajectory connects places of two
consecutive communication activities; movement trajectory represents user’s
transitions between mobile network cells.

of CDR-based deduction of user’s presence at some place in
time: from the timestamped cell coordinates of mobile phone
communication records, to a probabilistic distribution of user’s
position in between consecutive communication records, over
time. Our contributions are as follows:
• Through the analysis of real-world trace, the Reality Mining
Dataset, we show in Section III that users do not move linearly
over time, rather they tend to stay at places of calls and
move rapidly relative to the inter-call time. This observation
is in strong contrast with assumptions of existing modeling
methods.
• We formulate a new probabilistic Inter-Call Mobility (ICM)
model, spatio-temporally fitting the aggregated mobility be-
havior of the Reality Mining Dataset users (Section IV). The
ICM model is expressed analytically and thus reusable and
general enough for practical application to any CDR traces
(Section IV-D). It allows for a description of user’s position
at a particular time in between calls and, vice versa, given
geographical coordinates, probability of user’s presence at a
particular position over time can be derived (Section IV-E).
• On the example of user proximity probability we demon-
strate large disproportions in expected user’s position in space
and time among different mobility models (Section V).

Existing approaches of motion description between two
points in space and time do not condition the origin and
destination places with communication activity and as such
cannot be used for precise posterior CDR analysis. To the
best of our knowledge, there is no similar model that captures
users’ position between their communication events.

II. DATA ACQUISITION AND PROCESSING

Obtaining a finer-grained representation of user mobility
than Call Data Records, such as GPS traces or cell transitions,
is challenging for several reasons. First, user tracking requires

appropriate technical equipment — smartphones for terminal-
based tracking, or an active-tracking platform for network-
based tracking [14] — which are costly to maintain. Next,
an appropriate user-pool, whose size and user selection is
statistically valid, is particularly hard to find and convince to
cooperate, as privacy issues represent a significant obstacle
in mass user-related data collection. Finally, mobile network
providers do not record such information for they lack the
required trace-collecting technology and, in fact, do not need
such fine-grained information.

There are many publicly available datasets (e.g. [19]), but
they either do not contain CDRs or geographical coordinates at
all, or the network-cell identifiers are intentionally anonymized
to prevent users’ geolocation. To the best of our knowledge,
there is only one publicly available dataset providing data
suitable for inter-call mobility analysis — the Reality Mining
Dataset (RMD) [17]. The RMD is a real-world trace recorded
at MIT that contains history of communication activity and
network associations of mobile phones used by many vol-
unteer individuals over several months. This frequently cited
dataset is unique by the completeness of its data. It contains
call records, network-cell transitions, data session records,
Bluetooth traces, etc., but it originally lacks the geographical
coordinates of user mobility — either GPS traces or positions
of mobile network cells the users were attached to. However,
in our previous work [18] we spatially extended the RMD by
pairing cell identifiers in users’ traces with their corresponding
geographical coordinates (obtained from the Location API by
Google [20]), and thus enabled the comparison of users’ call
trajectories and their corresponding ground-truth movement,
the cell transitions.

In order to deliver a general description of user’s position in
between communication records, we describe user’s mobility
and detours relative to the inter-call distance. Therefore, in
the rest of this paper, we study only pairs of consecutive
communication records at distinct places. Such selection is
also based on our observation from the RMD that if consec-
utive communication is made at the same place, a user does
not, on average, depart from a call place further than 0.2 km
(0.99-quantile ≈ 0.8 km), so we can assume users to be static
between communication at same places. For our purposes, we
consider distinct places to be places more than three kilometers
apart. Conclusions drawn from lower inter-call distance can
be affected by the accuracy of Cell-ID positioning method
that delivers user’s position only as an approximation of the
geographical coordinates within a cell, while the exact position
is not known1. We do not address movement between distinct
call places less then 3 km apart for the limited Cell-ID-based
positioning accuracy.

In this paper we work with an aggregated view of user
movement between calls, derived as follows: first, we divided
each call trajectory into pairs of consecutive events, which
are geographical positions at the time a call (or text message)

1Several studies, such as [21], [22], demonstrated the expected localization
error of Cell-ID-based positioning to be 400–500 meters in urban areas,
700 meters in suburban and 1 km in rural areas.
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Fig. 2. Example of user’s inter-call trajectories aggregation. (a) Four call
places divide the crop of the call trajectory in three inter-call segments. (b)
Inter-call trajectories are rotated about t-axis and translated to coordinates
origin. (c) Inter-call trajectories are scaled into a normalized space-time cube.

has been made (sent) or received (see Figure 2a). The call
trajectory reduces to a straight line between two points, but the
corresponding movement trajectory represents a fine-grained
inter-call trajectory. There are 901 such inter-call trajectories
made by 56 users (out of the 94 user sample in the RMD).
Further on, we transformed each inter-call trajectory to have a
common reference frame (Figure 2b). Finally, we normalized
the trajectories to have uniform origin A and destination B in
space and time, (xA, yA, tA) = (0, 0, 0) and (xB , yB , tB) =
(1, 0, 1), as indicated in Figure 2c. Such normalization brings
an aggregated distance-time view of a position in between
calls, but, at the same time, does not limit further inference
from the data and allows for easy application to arbitrary
CDRs, as demonstrated later in Section IV-D.

III. INTER-CALL MOBILITY OBSERVATIONS

In this section we examine the spatial and temporal proper-
ties of user’s movement between consecutive calls at distinct
places, based on the aggregated inter-call trajectories from the
Reality Mining Dataset.

Figure 3 shows the kernel density estimation of spatio-
temporal probability distribution of user’s inter-call movement:
as time passes, users move from origin A towards destination
B and take detours from the straight A − B direction. The
distribution shows that some users closely follow the direct
A−B linear interpolation line. Symmetry is observable in the
xy- and yt-coordinate planes with respect to detours from the
straight A−B course — it implies no obvious bias in users’
behavior. Nevertheless, from the shape of the projection on the
xt-coordinate plane at points xA = 0 and xB = 1 it follows
that some users tend to stay at the origin call-place A before
they move to destination B, or they leave the origin soon
after the act of communication and stay in the vicinity of the

A

B

Fig. 3. Kernel density estimation of the spatio-temporal probability distribu-
tion of users’ position between calls (places A and B in normalized common
reference frame), computed from the Reality Mining Dataset. Isosurfaces
enclose 0.5- and 0.9-quantiles (dark and pale blue, respectively).

destination place B. This may be more obvious from Figure 4
that depicts time-slices of the volumetric representation and
thus represents the conditional Probability Density Function
(PDF) of finding a user at a position (x, y) at time t. For
example, at time t = 0.5 (half-way in between calls), about
12% of all users are still present at the origin call-place and
17% have already arrived at the destination call-place.

A. Temporal Dimension Analysis

It is not surprising that users remain at the place of previous
communication activity, as observed above. Consider, for
example, a mother calling from work to let her children know
that she is coming home, but really leaving the workplace a
little later. A similar situation occurs when arrival at the place
of next call precedes the actual call time. A possible scenario
is a businessperson calling home not immediately after his/her
airplane has landed, but only later, e.g. from the airport hotel.

To describe such behavior, we consider a user to be leaving
the origin call-place A = (tA, xA) at time tdep (see Figure 5
(Left)) when he/she leaves the δ-neighborhood of xA and
does not return back into it before the consecutive act of
communication at the destination call-place B = (tB , xB).
This “not returning back” feature naturally excludes the so-
called cell oscillation, a situation in which the mobile phone
of a static user attaches itself to a different cell that can be
even hundreds meters apart. Similarly, the arrival time tarr
at the destination call-place B = (tB , xB) is counted as the

A B

Fig. 4. Kernel density estimation of the PDF of finding a user at the a position (x, y) at a time t between two consecutive communication records at distinct
places A and B. Hot places represent higher concentration of users. The 2D-histogram bin size is 0.01×0.01 of normalized inter-call distance.
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Fig. 5. (Left) Schematic representation of inter-call trajectory between two
call places A and B, for the sake of clarity with the spatial dimension limited to
x coordinate. Time tdep denotes departure after call, tarr is time of arrival
before call. (Right) Empirical CDF of the proportion of inter-call time T :
τdep = (tdep − tA)/T , τarr = (tB − tarr)/T . (Inset) Scatter plot of
departure and corresponding arrival times does not indicate any correlation.
Blue dots stand for τdep ≤ τarr , red crosses show τdep > τarr .

first entering of the δ-neighborhood of xB after the preceding
communication at the origin call-place A. We use δ = 0.5 km
as we consider it a reasonable value for the limited Cell-ID-
based positioning accuracy, caused by variable cell size within
urban and rural areas, albeit we understand that such threshold
may be inconvenient for specific use-cases.

Figure 5 (Right) shows the CDF of τdep and τarr, the
proportions of inter-call time T in which users leave the origin
(after the call) for the last time and arrive at the destination
for the first time (before making the call), respectively. With
this simple classification, basic, but very useful observations
about inter-call mobility can be made: on average, after 29%
of inter-call time a user does not return to the original call
place anymore, and he/she reaches the consecutive call place
by 67% of inter-call time. More precisely, for another example,
if a user communicates at work at 6 p.m. and the consecutive
call record is at 8 p.m. from home, there is a 50% chance
that he/she left work after 6:18 p.m.: T = 120 minutes,
P (τdep > τ ≈ 0.15) = 0.5 (see Figure 5 (Right)), thus
τdep · T > τ · T = 0.15 · 120 = 18 minutes and so tdep >
6:18 p.m.. Similarly, with the same chance, he/she arrived
home before 7:36 p.m.: P (τarr ≤ τ ≈ 0.8) = 0.5 thus
τarr · T ≤ τ · T = 0.8 · 120 = 96 minutes and so tarr ≤
7:36 p.m..

The τdep and τarr belonging to the same call are not
correlated (see inset in Figure 5 (Right)), so their CDFs can
be used only with respect to the inequality τdep < τarr that
holds for 94.88% of all inter-call trajectories. Indeed, in 5.12%
of all cases users appear after call at destination B, then
return back to origin A and finally they later communicate
from B. Such behavior, together with other user’s detours

τdep τarr

α 0.39± 0.04 1.11± 0.10
β 0.96± 0.11 0.58± 0.06

TABLE I
BETA DISTRIBUTION PARAMETERS FOR FIT OF PROPORTIONAL

DEPARTURE AND ARRIVAL TIMES WITH 95% CONFIDENCE INTERVALS.

from δ neighborhood and cell oscillations, however, represents
only 0.05% of intervals [0, τdep] or [τarr, 1] (median value,
25% on average). We thus conclude that once users appear
at a communication place, they stay in its δ-neighborhood
(δ = 0.5 km) for the absolute majority of time before and
after the act of communication.

We observed that τdep and τarr can be handily approximated
with beta distribution:

P (τ∗) =
τα−1
∗ (1− τ∗)β−1

B(α, β)
=

τα−1
∗ (1− τ∗)β−1∫ 1

0
uα−1(1− u)β−1du

, (1)

with parameters α, β in Table I. This approximation rapidly
improves time accuracy of CDR-based deduction of user’s
presence at call places over time: from a single timestamp
of communication activity to an analytical expression of
probability distributions of τdep (departure from call place)
and τarr (arrival at consecutive call place).

B. Spatial Dimension Analysis

As users do not move linearly over time between places
of communication, the naı̈ve approach of expressing user’s
position with the call trajectory only suffers from a significant
positioning error. Figure 6 (Left) explains how much the
“expected” position of a user, computed from the linear
interpolation between A and B, and the actual position of
a user, differ — it shows the geographical distance between
the call and movement trajectories at identical moments during
inter-call time. It follows that in about 20% of inter-call time
the real user’s position is more than 10 km away from the
corresponding point at the straight A − B line. The relative
comparison to the total distance between calls (see inset in
Figure 6 (Left)) shows that for 20% of inter-call time the user
is more than half the inter-call distance away from the position
“expected” by the linear interpolation.

IV. INTER-CALL MOBILITY MODEL

In this section we present the main contribution of this paper
— the Inter-Call Mobility (ICM) model. It represents a spatio-
temporal probability distribution of user’s position in space
and time between two consecutive communication records at

Fig. 6. (Left) Geographical distance between call and movement trajectories
for the same moments in time. (Inset) Proportion of call-movement trajectory
distance to the total distance between calls. (Right) The Akaike Information
Criterion (AIC) and Bayesian Information Criterion (BIC) values for the fits
with K Gaussian mixture components.
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distinct places. The ICM model is based on a finite Gaussian
mixture model, widely used in many fields of science [23]. We
use the Gaussian mixture model for it is a well-established
method of statistical modeling, and it yields far the most
accurate results among other approaches that we applied to
approximate the aggregated inter-call trajectories of the RMD
user-pool.

A. Gaussian Mixture Model Primer

A Gaussian mixture model (GMM) is a weighted sum of
Gaussian PDFs, which are called mixture components. Let
Z denote a set of d-dimensional random variables z, i.e.,
Z = {z1, z2, . . . ,zN} where zi ∈ Rd. The PDF of Gaussian
mixture model of K components is given by

p(zi;θ) =

K∑
k=1

πkN (zi;µk,Σk), (2)

where πk is a mixing proportion or weight of the kth compo-
nent N (zi;µk,Σk), which is a Gaussian distribution defined
by mean vector µk and covariance matrix Σk:

N (zi;µk,Σk) =
1√

(2π)d det(Σk)
e

1
2 (zi−µk)T Σ−1

k (zi−µk).

(3)
The mixing proportion πk can be interpreted as a priori
probability that a value of a random variable comes from
the kth component, thus 0 ≤ πk ≤ 1, (k = 1, . . . ,K), and∑K
k=1 πk = 1. A GMM of K components is completely de-

fined by the vector θ with all unknown parameters, represented
as

θ = (π1,µ1,Σ1, π2,µ2,Σ2, . . . , πK ,µK ,ΣK). (4)

The mixture model parameters θ are usually estimated
by the Expectation-Maximization (EM) algorithm [24], that
performs maximum-likelihood estimation of unknown param-
eters.

The number of components K in a Gaussian mixture is
a principal question in model selection. More components
yield better fit, but more parameters are needed to fully define
the mixture: the GMM of K components with non-restricted
covariance matrices is given by n = K(d+ 1

2d(d+1))+(K−1)
parameters, where d is the dimension of observation points.
Having a set of candidate models with different number of
components, various criteria are available to select the “best”
model (e.g. in [25]). The most commonly used are the Akaike
Information Criterion (AIC) and the Bayesian Information
Criterion (BIC) — both combine the parameters estimation
with a penalty that discourages overfitting the model.

B. Fitting GMM to the Reality Mining Dataset

We now describe how we fit the GMM to the aggregated
inter-call trajectories from the RMD. We represent inter-call
trajectories as a dataset Z = {zi}Ni=1 of N spatio-temporal
records zi ∈ R3, where each datapoint zi = {zs,i, zt,i}
consists of spatial coordinates zs,i ∈ R2 and a temporal
value zt,i ∈ R. The initial estimate of mixture parameters θ,

needed by the EM algorithm, is given by K-means clustering.
This technique divides the data in K partitions, according to
the point-to-cluster-centroid distances, from which the initial
estimation of πi, µi, and Σi are computed. Finally, we run
the EM algorithm and retrieve the mixture parameter estimates
and the values of model-fit criterions.

We fitted a set of GMMs of K = 5, . . . , 20 components
to the RMD inter-call trajectories and compared the resulting
fit criteria in Figure 6 (Right). As a lower criterion value
indicates a better fit, it is common to select a model with
the lowest criterion value. In our case, it is the model with
19 components, which are fully described by nK=19 = 189
parameters. Nevertheless, we prefer the model with 10 com-
ponents, for it needs significantly lower number of parameters
(nK=10 = 99) at cost of only slightly worse fit. The exact
model parameters are given in Table II. Their standard error,
estimated with parametric bootstrap ( [23], p.68–70) with 1200
replications, is approximately three orders of magnitude lower
than a parameter value.

C. Inter-Call Mobility Model Definition

We now define the ICM model as follows. Given the origin
position (xA, yA, tA) = (0, 0, 0) and the destination position at
(xB , yB , tB) = (1, 0, 1) , the probability Φ(x, y, t) of finding
a user at coordinates (x, y) ∈ R2 at a time t ∈ R, 0 ≤ t ≤ 1,
is defined as a Gaussian mixture

p(z = (x, y, t)T ;θ) =

K∑
k=1

πkN (z;µk,Σk) (5)

of K = 10 components with parameters θ in Table II.
Figure 7 provides a visual representation of the ICM model.

As the model approximates the inter-call trajectories of the
RMD user-pool, its shape is similar to the estimation in
Figure 3. Detailed model evaluation is presented in Section V.

k πk µk · 102 Σk · 103

1 0.0418
[

0.00
0.00
21.64

] [
0.00 0.00 0.00
0.00 0.00 0.00
0.00 0.00 43.11

]
2 0.0314

[
0.01
−0.03
22.75

] [
0.00 0.00 0.00
0.00 0.01 −0.01
0.00 −0.01 46.12

]
3 0.0844

[
0.70
0.10
34.47

] [
0.67 0.02 0.07
0.02 0.48 0.20
0.07 0.20 53.54

]
4 0.0890

[
11.04
0.07
15.97

] [ 13.61 −0.08 3.23
−0.08 3.09 0.11
3.23 0.11 6.61

]
5 0.3590

[
47.84
−0.25
48.95

] [ 141.13 −0.98 15.05
−0.98 23.05 0.79
15.05 0.79 46.94

]
6 0.0514

[
49.66
0.00
42.86

] [
96.17 0.00 52.10
0.00 0.00 0.00
52.10 0.00 71.09

]
7 0.0419

[
58.97
−7.55
48.67

] [
694.24 36.82 39.27
36.82 367.05 −16.10
39.27 −16.10 64.53

]
8 0.0944

[
91.77
0.13
80.40

] [ 11.40 −0.23 2.61
−0.23 2.21 0.24
2.61 0.24 12.59

]
9 0.0532

[
99.83
0.10
68.52

] [
0.08 −0.01 −0.11
−0.01 0.05 −0.08
−0.11 −0.08 54.56

]
10 0.1535

[
100.00
0.00
78.20

] [
0.00 0.00 0.00
0.00 0.00 0.00
0.00 0.00 43.85

]
TABLE II

VALUES OF INTER-CALL MOBILITY MODEL PARAMETERS IN VECTOR θ.
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Fig. 7. Inter-Call Mobility model. Isosurfaces enclose 0.5- and 0.9-quantiles
(dark and pale green). Red dashed lines restrict areas of worse fit.

D. Applying the ICM Model to CDRs

In this part we show how to use the ICM model with
an arbitrary CDR dataset. Because the ICM model uses
normalized coordinates for a general description of inter-call
mobility, a transformation of the model’s origin and destination
places to the particular CDR-based call places is needed. Such
transformation exists and does not affect the ICM model:
the key observation here is that the multivariate Gaussian
distribution is invariant under affine transformation with an
invertible matrix and thus the ICM model, as a mixture of
Gaussian distributions, allows for such transformation as well.
Affine transformation of Gaussian distribution works in the
following way: if Y = c+DX is an affine transformation of
X ∼ N (µ,Σ) with translation vector c ∈ Rm×1 and transfor-
mation matrix D ∈ Rm×n, then Y ∼ N (c+Dµ,DΣD−1).

Let us now have the CDRs, i.e., a sequence of time and place
of user’s communication activity, and let us select any two
consecutive records A = (xA, yA, tA) and B = (xB , yB , tB)
at distinct places, i.e. (xA, yA) 6= (xB , yB). Then the joint
transformation for all Gaussian mixture components in the
ICM model is given by the translation vector c and the
transformation matrix D = SR that combines scale (S) and
rotation (R) matrices:

c =
[−xA
−yA
−tA

]
S =

[
d|xy(A,B) 0 0

0 d|xy(A,B) 0
0 0 tB−tA

]
R =

[
cos(ϕ) − sin(ϕ) 0
sin(ϕ) cos(ϕ) 0

0 0 1

]
=

[ xB−xA
d|xy(A,B)

− yB−yA
d|xy(A,B)

0

yB−yA
d|xy(A,B)

xB−xA
d|xy(A,B)

0

0 0 1

]
, (6)

where d|xy(A,B) =
√

(xB − xA)2 + (yB − yA)2 is Eu-
clidean distance in spatial dimension and ϕ denotes the angle
of rotation counter clockwise about the origin.

The probability ΦAB(x, y, t) of finding a user at coordinates
(x, y) ∈ R2 at a time t ∈ R, tA ≤ t ≤ tB is then a Gaussian
mixture from Equation 5 with parameters

θAB = (π1, c+Dµ1,DΣ1D
−1, π2, c+Dµ2,DΣ2D

−1,

. . . , πK , c+DµK ,DΣKD
−1), (7)

where the values of πk, µk, and Σk come from the original
ICM model parameter vector θ (Table II).

E. Conditioning in the Spatial and Temporal Dimensions

To estimate user’s position at a particular time t, i.e.,
where the user is at a particular time in between consecutive
calls, the ICM model allows for expressing conditional spatial
distribution p(zs|zt = t). The following derivation is adapted
from [26]: for each mixture componentN (z;µk,Σk), the cor-
responding spatial and temporal components can be expressed
separately as

µk =

[
µs,k
µt,k

]
, Σk =

[
Σss,k Σst,k

Σts,k Σtt,k

]
. (8)

Given a temporal value t, the expected spatial distribution
Φt(x, y) is then

p(zs = (x, y)T |zt = t) =

K∑
k=1

βkpk(zs|zt), (9)

where βk = p(k|zt) is the probability that the kth component
contains values for a particular temporal value zt,

βk =
p(k)p(zt|k)∑K
i=1 p(i)p(zt|i)

=
πkN (zt;µt,k,Σtt,k)∑K
i=1 πiN (zt;µt,i,Σtt,i)

, (10)

and pk(zs|zt) is the expected spatial distribution of the kth
component given a temporal value zt,

pk(zs|zt) = N (zs; µ̂s,k, Σ̂ss,k), (11)

µ̂s,k = µs,k + Σst,k(Σtt,k)−1(zt − µt,k), (12)

Σ̂ss,k = Σss,k −Σst,k(Σtt,k)−1Σts,k. (13)

For the case when the time estimation for a particular
position is needed, i.e., one wants to know when a user will be
most likely at a particular position, we derived the expected
temporal distribution Φxy(t) for spatial coordinates (x, y):

p(zt|zs = (x, y)T ) =

K∑
k=1

γkpk(zt|zs), (14)

where γk = p(k|zs) is the probability that the kth component
contains values for particular spatial coordinates zs,

γk =
p(k)p(zs|k)∑K
i=1 p(i)p(zs|i)

=
πkN (zs;µs,k,Σss,k)∑K
i=1 πiN (zs;µs,i,Σss,i)

, (15)

and pk(zt|zs) is the expected temporal distribution of the kth
component given spatial coordinates zs,

pk(zt|zs) = N (zt; µ̂t,k, Σ̂tt,k), (16)

µ̂t,k = µt,k + Σts,k(Σss,k)−1(zs − µs,k), (17)

Σ̂tt,k = Σtt,k −Σts,k(Σss,k)−1Σst,k. (18)

V. INTER-CALL MOBILITY MODEL EVALUATION

This section presents the features of the ICM model by com-
paring it with an existing state-of-the-art model. We examine
the impact of models difference by evaluating user proximity
probability in different travel scenarios and discuss the ICM
model’s fit to the empirical RMD data.
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A. Comparison with Other Models

To the best of our knowledge, there are no existing models
describing inter-call mobility. Instead, only models that explain
user’s movement between two places in general are available,
but they lack conditioning on communication activity at origin
and destination places. Such models are as follows:

Linear weighted interpolation [15], simply a straight line
between two places, do not describe the real user’s position
precisely enough as we show in Section III-B.

Space-time prism [16] represents positions reachable by a
user in space and time as a volume in a space-time cube (time
is integrated orthogonally to a two-dimensional space plane)
that a user is able to visit given his/her origin and destination
positions, time budget, and maximum speed. Spatial prisms
allow only for evaluation of binary statements, such as the
potential for encounter between two moving users, and thus
are not comparable with the probabilistic ICM model.

Probabilistic extension of space-time prisms is the current
state-of-the-art model by Winter [27]. It describes a non-
uniform probability distribution within the space-time prism
(see Figure 8 (Left)). The model is based on a biased random
walk that creates a bivariate normal distribution of user’s
position at time t. Winter’s model holds under the assumption
that movement from origin to destination is linear over time.
It implies that users are locally not more likely to be faster
than slower (or vice versa) when compared to their average
speed. Nevertheless, the observation of the ”staying at call
places” behavior of users within RMD (in Section III-A) is
in high contrast with the assumptions of the Winter’s model.
Note how the shapes of volumetric representations in Figures 3
and 8 (Left) differ strikingly.

Figure 8 (Right) shows that the ICM model fits the empirical
RMD data better than both the naı̈ve Linear interpolation
approach and the state-of-the-art theoretical model by Winter.

B. Use-case Driven Evaluation — Proximity Probability

In this section we demonstrate, on the example of user
proximity probability, that the ICM model yields better2 per-
formance than the state-of-the-art theoretical model by Winter.

Proximity probability is crucial for example in studies on
Bluetooth viruses spreading [2] or opportunistic data dissem-
ination [10]. Unlike the authors in [2], who computed the
proximity probability from the expected number of users in
a mobile network cell and the area covered by the cell, we
use inter-call mobility characteristics. Note that the distances
considered in our proximity modeling are greater than those of
Bluetooth proximity, but we are more concerned with general
observations on modeling user proximity rather than this par-
ticular application. Given CDRs, the ICM model can be used
to asses probability of user’s position between consecutive
calls at particular time t, as we demonstrated in Sections IV-D
and IV-E.

2Our intention is not to show that the theoretical model is a bad one, rather
than stress how much the inter-call mobility differs when the time variability
in late departures and early arrivals is present.

A

B

Fig. 8. (Left) Theoretical model of spatio-temporal probability distribution of
user’s position between two distinct places (A and B) by Winter [27]. Isosur-
faces enclose 0.5-, 0.9- and 0.99-quantiles (dark to pale blue, respectively).
User’s maximum normalized speed vmax = 1.3. (Right) Root-mean-square
error (RMSE) measure of difference between the observed spatial probability
distribution from the RMD, computed for 50 linearly-spaced time moments
between calls, and the distributions given by different models. The lower the
RMSE value, the better accuracy of the model.

Figure 9 shows the proximity probability of two users
between their calls in two hypothetical scenarios. By the
term proximity we understand that two users are closer then
x percent of the inter-call distance. Specifically, the example in
Figure 9 shows 5% proximity probability computed from the
ICM model, Winter’s model, and from the estimation of inter-
call distribution from the RMD in Figure 3. The probability
was computed using a Monte Carlo simulation with 107

sampled positions at 50 linearly-spaced time moments between
calls. The overall probability, computed as integration over the
temporal domain, would result in only a single number, but
we aimed to show where, over the inter-call time, the highest
difference between mobility models and empirical data is.
Scenario (a), in which users travel towards each other, shows
that the RMD data demonstrate several times higher proximity
probability than the Winter’s model, over majority of time . It
is a consequence of user’s staying behavior at communication
places: both users can simply meet even at the very ends of
the time budget, at the origin and destination places. Shapes
of the ICM model and of the RMD data differ slightly,
mainly because the Gaussian components fail in capturing
rapid changes in space-time domain.
Scenario (b) with non-identical user origin and destination
places shows a significantly lower meeting probability for the
ICM model and the RMD in comparison to Scenario (a). It
follows from the fact that a meeting chance at either origin or
destination places, here impossible, contributes highly to the

Au Bv

Bu Av

u v

(a) Opposite travel direction

Au Av

Bv Bu

u v

(b) Cross travel direction

Fig. 9. Proximity probability of two users u and v between their calls at
places Au, Bu and Av , Bv in hypothetical scenarios (a) and (b). We assume
that both users depart and arrive at the same time.
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overall proximity probability. The assumption of linearity over
time in Winter’s model causes much higher meeting likelihood
in the path-cross area — but in reality users tend to stay at
their origin and destination places.

Note that the proximity probability is so low because we
do not use any geographical background (roads, streets) to
support the RMD data or the ICM model with - it is a general3

description of movement in space.

C. Goodness-of-fit Test

A goodness-of-fit (GOF) test of a model to observed data
is the principal indicator of any model quality. We performed
a GOF test to examine the hypothesis that data sampled
from the ICM model and the original RMD data share the
same parent distribution, i.e., that the model provides true
description of user’s inter-call positions. We performed a mul-
tivariate distribution-free GOF test, based on the mixed-sample
method [28], which has an excellent rejection power [29].
The principle of the mixed-sample method is that the mixing
of model-data sample and empirical-data sample is optimal
only if they share the same parent distribution — in that case
the GOF statistics has a normal distribution. If the parent
distribution is different, the GOF statistics is higher.

The hypothesis that the RMD-empirical and the ICM-model
distributions are identical was rejected at 95% confidence
level, i.e., from a statistical point of view the two distributions
differ. Such a result is not so surprising because even a visual
comparison of Figures 3 and 7 shows that the model is an
approximation of the empirical data. The model fits worse
at the very beginning and end of the time budget (about the
first and last 5% of total inter-call time), as it over-generalizes
the position in the spatial dimension around the origin and
destination places of the normalized inter-call trajectories.

More than 10 components (Gaussian mixtures) in the model
would bring a better fit, but would add another 10 parameters
per component and a risk of overfitting. We observed better fit
when multivariate Student t-mixtures [23] were used instead
of Gaussian ones in the ICM model. However, additional
parameters are needed for the description of t-mixtures and
working with a t-mixture model (sampling, conditioning) is
more complicated. Therefore, we sacrifice the accuracy of the
fit for the ICM model’s fruitful features of sampling from
Gaussian mixtures, conditioning in both spatial and temporal
dimensions and simple application to any CDR traces.

D. Comparison of RMD with Independent Dataset

Is the RMD the right source of data for deductions on
user mobility? We briefly validate the RMD data credibility
by comparing with an independent dataset to detect if user
behavior, observed in Section III, is not characteristic to the
RMD user-pool only.

As there is no other publicly available dataset containing
both CDRs and ground-truth movement description, we used

3To clarify, there is no real-world counterpart of “meetings” computed from
the RMD, we simply align the PDF estimation of inter-call trajectories to
hypothetical call places in both scenarios.

A

B

Fig. 10. (Left) Kernel density estimation of probability distribution of
position between two communication records at distinct places (A and B),
derived from the Personal Dataset. (Right) Goodness-of-fit test supporting the
hypothesis that the PDFs of inter-call trajectories in the RMD (Figure 3) and in
the Personal Dataset (Figure 10 (Left)) share an identical parent distribution.

the author’s own mobile phone to collect such data. We ran
the publicly available LogExport [30] application that records
time of communication events on a Nokia E52 phone. For cell-
transition recording, we used the free CellTrack91 [31] appli-
cation. We translated Cell-IDs to geographical coordinates by
querying the Google Location API, as described in [18]. The
recorded data, called the Personal Dataset (publicly available
in non-anonymized form at [32]), cover more than 99.99% of
142 days of author’s mobile phone usage in mobile networks
of 8 different providers in 5 countries. The dataset contains 448
inter-call trajectories at distinct places at least three kilometers
apart, which we compare with the RMD.

Figure 10 (Left) shows the probability distribution of inter-
call movement from the Personal Dataset of shape markedly
similar to that of RMD in Figure 3. The result of a mixed-
sample GOF test in Figure 10 (Right) supports at 95%
confidence level the hypothesis that the RMD and Personal
Dataset share the same parent distribution. We admit that a
reference dataset from one user is not highly representative,
however, the fact that both datasets are so close to each other
in inter-call mobility description encouraged us to work with
the RMD and build the ICM mobility model on it.

VI. RELATED WORK

There are numerous models of human mobility, such as
SLAW [33] or Levy Walks [34], based on random way-
point placement. However, we study users’ movement only
between their consecutive communication records, i.e., the
CDRs are given as input and we refine the call trajectory
with a probabilistic distribution. Recent measurement studies
of mobility patterns have been conducted at Dartmouth [35]
and UCSD [36]. Their traces are based on logs of access to
the wireless LAN by user’s handheld devices and as such are
limited by the WiFi access points deployment scheme at the
University campuses. We rely on the association of a mobile
phone with the ubiquitous mobile network and, in addition to
that, users in the RMD were spread all around the world, as
shown in [18]. Gonzalez at al. [3] analyze human mobility
patterns from CDRs, but deliver a general point of view on
the phenomenon, whilst we focus on finer level of detail.

Ideas and theory that support our work are not new. Pfoser
and Jensen [37] proved that increasing the sampling rate of
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GPS lowers the localization error. We adopt their conclusion
as we compare coarse-grained call records with finer-grained
ground-truth data from cell transitions to deliver more accu-
rate movement description. Using GMM for spatio-temporal
trajectory description was demonstrated by Calinon et al. [26]
on training humanoid robots. Similarly, we use the inter-call
trajectories from the RMD user-pool to train the GMM that
captures users’ position in between calls.

VII. CONCLUSION

Motivated by the limited accuracy of CDR-based mobil-
ity description, we proposed a spatio-temporal refinement
of modeling user’s movement between consecutive mobile
communication records: the Inter-Call Mobility (ICM) model.
It significantly improves the CDR-based deduction of user’s
presence at some place in time: from a single timestamped
call coordinate to a probabilistic distribution of user’s position
between calls. Using a finite Gaussian mixture model, the
ICM model approximates the ground-truth of users’ inter-call
movement, mined from the Reality Mining Dataset. It reflects
the observation that users tend to stay in the vicinity of their
call places, and its main advantage is the analytical expression
that allows for conditioning in both the spatial and temporal
dimensions. It is open to future extensions, for example by
using background knowledge of geographical constraints, such
as transportation networks.

The ICM model fills the gap between coarse-grained, CDR-
based mobility description, limited by the frequency of com-
munication activity of a mobile user, and the highly accurate
positioning by GPS, sensor networks or sensing wearables.
Broad inter-disciplinary research may benefit from our find-
ings, as CDRs become more readily available to computer
scientists, urban planners, geographers, and others.
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