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ABSTRACT
In this paper, we introduce a user mobility modeling framework that accounts for both the users’ social structure as
well as the geographic diversity of the region of interest.
SAGA, or Socially– and Geography-Aware mobility model,
captures social features through the use of communities which
cluster users with similar features such as average time in
a cell, average speed, and pause time. SAGA accounts for
geographic diversity by considering that different communities exhibit different interests for different locales; therefore, different communities are attracted to certain physical locations with different intensities. Besides introducing SAGA, the contributions of this work include: a model
calibration approach based on formal statistical procedures
to extract social structures and geographical diversity from
real traces and set SAGA’s parameters; and validation of
SAGA by applying it to real mobility traces. Our experimental results show that, when compared to existing mobility regimes such as Random-Waypoint and PreferentialAttachment based mobility, SAGA is able to preserve the
desired non-uniform node spatial density present in real user
mobility, creating and maintaining clusters and accounting
for differential node popularity and transitivity.

Categories and Subject Descriptors
I.6 [SIMULATION AND MODELING]: Model Validation and Analysis

Keywords
Socially Inspired Mobility Models, Realistic Mobility, Node
Density Distribution

1.

INTRODUCTION

Mobility models are an indispensable tool in the design
and evaluation of wireless networks and their protocols. Therefore, defining realistic mobility models is critical when simulating applications and protocols for mobile networked environments. This is the case of infrastructure-based networks (e.g., wireless LANs or WLANs), but even more so in

Permission to make digital or hard copies of all or part of this work for
personal or classroom use is granted without fee provided that copies are
not made or distributed for profit or commercial advantage and that copies
bear this notice and the full citation on the first page. To copy otherwise, to
republish, to post on servers or to redistribute to lists, requires prior specific
permission and/or a fee.
MSWiM’12, October 21–25, 2012, Paphos, Cyprus.
Copyright 2012 ACM 978-1-4503-1628-6/12/10 ...$10.00.

367

abel@soe.ucsc.edu

the case of infrastructure-less networks, a.k.a., wireless, selforganizing networks (WSONs), which include wireless mobile ad-hoc networks (MANETs), wireless sensor networks
(WSNs), and disruption-tolerant networks (DTNs). In these
networks, unlike their infrastructure-based counterparts where
only the end user node is mobile, every node may have unlimited mobility. Indeed, most network simulators include
mobility generators, which, following a pre-specified mobility regime, determine the position of network nodes over
time during simulation runs. These synthetic mobility generators have been extensively used in the study of wireless
networks [1].
An example of a widely used synthetic mobility model is
the Random Waypoint (RWP) mobility regime. However,
RWP mobility has been known to exhibit some undesirable
properties. For example, Bettstetter et al. [2] show that random mobility leads to “homogeneous” steady-state spatial
node distribution. This means that if there were any spatial density heterogeneity, or node clustering, in the initial
spatial distribution of the nodes, random mobility does not
preserve it.
To address the problem of unrealistic mobility regimes,
a number of models that are based on real traces and mobility patterns have been proposed; notable examples include [3, 4, 5, 6, 7]. Additionally, several efforts have focused on the “scale-free” properties observed in many real
networks such as the Internet, the Web, and some social
networks, to name a few. In particular, the seminal work
of Barabási and Albert [8] proposes a model that generates
scale-free networks, i.e., networks whose node degrees follow
a power law distribution. One key concept underpinning the
Barabási-Albert model is the preferential attachment principle which states that “the more connected a node is, the
more likely it is to receive new links”. Several recently proposed mobility models (e.g., [9, 10, 11, 12, 13, 14]) try
to mimic real human mobility by following the preferential
attachment principle. This is done by defining attraction
points, whose probabilities of attracting other nodes increase
as more nodes congregate around them.
In our previous work, we have shown that using the preferential attachment principle to model human mobility leads
to undesirable long-term behavior [15]. More specifically,
preferential attachment based mobility regimes do not preserve the original spatial node density distribution and lead
to steady-state behavior similar to random mobility as exemplified by the Random Waypoint model. Instead, real

human mobility exhibits persistent density heterogeneity as
shown in [15].
More recently, alternate approaches to developing realistic
mobility regimes rely on social interactions between nodes
to drive the selection of movement direction and destination [16, 17, 18, 19, 20, 21, 13]. These models usually construct a social network either using outside information unrelated to the mobility trace, or on the basis of geographical
collocation. As will become clear in the remainder of this
paper, we take a completely different approach to modeling
human mobility; more specifically, our proposed framework
accounts for the social structure in the data by identifying
user communities. We thus refer to our models as “sociallyinspired”. We then use of the preferential attachment principles, “attached” to the built community structure to model
the interaction of nodes within– and between communities.
By doing so, SAGA addresses the undesirable behavior exhibited by mobility models that rely solely on pure preferential attachment.
The mobility modeling framework proposed here is also
“geography-aware” as it accounts for the heterogeneity of
the different locales in the region of interest. These two features allow our model to account for features observed in
real life networks such as differential popularity, transitivity
(i.e., two individuals that have a tie to a third one are more
likely to be tied together [22]) and clustering (i.e., the tendency of individuals to form communities beyond what can
be explained by transitivity [23]). Moreover, to calibrate
our model, we apply formal statistical learning techniques
to extract, from real mobility traces, both the nodes’ social
structure, i.e., the communities to which they belong, as well
as the region’s geographical diversity.
Overall, the contributions of our work are four-fold: (1) we
introduce a novel mobility modeling framework that is both
socially-inspired and geography-aware, (2) we propose an efficient method to extract social structures and geographical
diversity from real traces to calibrate and set the model’s
parameters based on formal statistical procedures, (3) we
validate our work by applying it to real mobility scenarios
and comparing our results against real measurements, and
(4) we show that our model is able to preserve the desired
heterogeneous node spatial density, creating and maintaining clusters and accounting for differential node popularity
and transitivity. Thus, a by-product of our work is to solve
the problem exhibited by mobility models that rely solely
on pure preferential attachment.
The remainder of this paper is organized as follows. We
present our mobility modeling framework in detail in Section 2. In Section 3 the real GPS mobility traces used to
calibrate and validate our approach are presented. Section 4
describes how we calibrate our model parameters while in
Section 5 presents the validation of our work towards modeling real human mobility. Section 6 places our work in
perspective by presenting related work in mobility modeling and characterization. Finally, Section 7 concludes the
paper.

2.

sitivity in the relationship among subjects and could easily be adapted to capture homophily by attributes, i.e., the
tendency of individuals with similar or completely opposite
features to have a higher probability of being linked [24].
As described in detail below, SAGA captures these features
through the use of communities or clusters. SAGA also accounts for geographical diversity: it considers that different
node communities do not have the same interests and thus
are “attracted” to certain locales more than others. For example, in a University campus, students are attracted to the
library, classrooms, or cafeteria in a different way than faculty or staff are. Similarly, it is often the case that students
and faculty spend time together in the same physical location (e.g., classrooms). However, it is not as common for
staff members and students to be collocated the same way
as faculty and students tend to be.
We now proceed to provide a more detailed description of
SAGA. We use a waypoint-based mobility regime in which:
(1) a node chooses its next destination following some given
probability distribution, then (2) moves to that destination
at a randomly chosen speed uniformly distributed between
[Vmin ,Vmax ], (3) pauses for some time, and (4) repeats from
step (1).
In our model, the area of interest is divided in equally sized
squares, or cells. Every mobile node independently chooses
as their next destination a cell i ∈ {1, . . . , I}, where I is
the total number of cells in the simulation area according to
pi,k,t , the probability that destination i is chosen by a node
belonging to community k ∈ {1, . . . , K} at time t, where
K is the total number of communities in the system. Here
pi,k,t is constructed on the basis of the intensity µi,k,t ∈
R, where µi,k,t > 0, which represents the attractiveness of
destination i to community k at time t. In other words,
µi,k,t captures geographic diversity in terms of the different
levels of interests each community has in particular regions
at different points in time, along with the preferences of
individuals to being in the same locations with members of
the same or other communities.
We employ a set of community indicators ξ1 , ..., ξn , ..., ξN
for each user n ∈ {1, . . . , N } at all points in time, where N
is the total number of users in the system. Community indicator ξn indicates which community user n belongs to. Also,
Pr(ξn = k) = wk is the probability that user n belongs to
PK
community k, where
w = 1 and K is the total numk=1 k
ber of communities that exist in the user population. In
other words, wk defines the portion of the population that
belongs to community k. We can now write pi,k,t , the probability that a node n, belonging to community k, chooses
cell i as its next destination at time t as:
µi,k,t
pi,k,t = PI
µ
j=1 j,k,t

for all i, j ∈ {1, . . . , I}.

(1)

where the intensity µi,k,t of destination i towards nodes belonging to community k at time t is defined as:

(
µi,k,t = exp

SOCIALLY- AND GEOGRAPHY-AWARE
(SAGA) MOBILITY MODEL

ci,k +

K
X

)
θk,l log(1 + ai,l,t−1 )

(2)

l=1

In Equation 2, ci,k ∈ R is a constant that reflects the
intrinsic attraction that cell i exerts on members of community k, independent of the number of other nodes present
in the cell. θk,l ∈ R expresses the affinity between nodes in
community k and l. Positive values θk,l imply that nodes

Our model, SAGA for Socially- And Geography-Aware
mobility model, captures both social interactions among individuals, as well as the geographical diversity of the region
of interest. At the social level, our model captures tran-
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belonging to community k are attracted to nodes belonging
to community l (and vice-versa, since we make θk,l = θl,k ).
On the other hand, negative values imply that nodes belonging to community k are repelled by those in community l.
Both parameters ci,k and θk,l can be extracted from real live
traces using the statistical methods we present in Section 4.
The quantity ai,l,t−1 is the total number of nodes in cell i
that belong to community l at time t − 1 and can be written
as:
ai,l,t−1 =

N
X

1{m∈Ni,t−1 } ,

traces, respectively. These were the total durations of the
traces.
The information in table 2 reflects the speed and pause
time measured from the traces and averaged over all nodes,
at every sample, during the duration of the trace. The last
line in the table show the sizes of the communities identified
in the traces, after applying our community identification
method. This method is described in the following section.
Parameter
Avg. Speed (±σ)(m/s)
Avg. Pause (±σ)(sec)
Area (meters x meters)
Duration (sec)
Sampling frequency (sec)
# nodes
# communities (size in nodes)

(3)

m=1

where Ni,t−1 is the set of nodes currently present or going
towards a location inside cell i at time t − 1 and 1{m∈Ni,t }
is an indicator function equal to 1 if node m belongs to the
set Ni,t (m ∈ Ni,t ) or 0 otherwise.
Note that we express µi,k,t as an exponential in (2) rather
than the more traditional linear structure for the intensity.
We do it for two reasons. Firstly, the exponential transformation automatically ensures that intensities are positives
without any need to impose constrains in the space of parameters, and allows for both assortative and dissortative
patterns of behavior. Secondly, the representation agrees
with the structure of a multivariate logistic regression model
(see Section 4.2), which simplifies the estimation of parameters from the data. Table 1 summarizes SAGA’s parameters.
Param.
N,I, K
ai,l,t−1
θk,l
ci,k
Ni,t−1
pi,k,t
µi,k,t

Statefair
0.58(±0.12)
7.20(±6.18)
1260x1260
8000
30
19
2 (10,9)

Table 2: Summary of the GPS traces we use to calibrate and validate SAGA.

4.

MODEL CALIBRATION

One of the contributions of the SAGA mobility modeling
framework is its calibration from real mobility traces using
formal, yet simple, statistical learning techniques. In this
section we describe our model calibration approach in detail.

4.1

Community Identification

Communities of nodes, which are represented by the indicators ξ1 , ξ2 , . . . , ξN , are identified using the complete-linkage
agglomerative hierarchical clustering technique (see for example [27]). Each node is characterized through a vector of
features that includes average time spent in each cell, average node speed, and pause time. We are then able to build
an observation matrix MN ×(I+2) with the mobility features
extracted from the trace. This matrix has N rows (one row
per node) and I + 2 columns (one column per cell, plus the
last two columns for the average speed and pause time measured).
Since we measure dissimilarities among nodes using Euclidean distances, we work with the logit transformation of
the average time spent on each cell. In addition, to deal
with issues associated with zero counts for some cells, we
add a single pseudo count to each cell before applying any
transformation. The number of clusters is selected using the
Bayesian Information Criteria (BIC), as discussed in [28].
The BIC associated with a vector of clustering indicators
ξ = (ξ1 , ξ2 , . . . , ξN ) is computed as

Description
Numb. of nodes, cells and communities respectively.
Numb. of nodes in cell i belonging to community l at
time t − 1.
Affinity between nodes from communities k and l.
Intrinsic attraction of node n towards cell i.
Set of nodes present or going to cell i at time t − 1.
Prob. that node n, from community k, chooses cell i at
time t.
Intensity of nodes from community k towards cell i at
time t.

Table 1: Summary of SAGA parameters: The
methodology used to extract these parameters from
real traces is described in Sections 4.1 and 4.2
Collecting the affinity parameters into a symmetric affinity matrix Θ = [θk,l ], as illustrated by our case study in
Table 4, facilitates identifying different association patterns,
such as: (1) total assortative behavior, when nodes only interact with other nodes from the same community, (2) total
dissortative behavior, where nodes only interact with other
nodes from different communities, or (3) an arbitrary association pattern.

3.

Quinta
1.27(±0.16)
4.61(±1.60)
840x840
900
1
98
5 (29,12,17,27,13)

BIC(ξ) = loglik(ξ) −

REAL TRACES

1
K log(N )
2

where loglik(ξ) is the logarithm of the likelihood associated
with a Gaussian finite mixture model where observations
are clustered according to ξ. K represents the number of
distinct communities (or clusters) in ξ, and N is the total number of nodes. BIC is computed for different models
and number K of clusters. Finally, the number K of communities associated with the largest BIC is selected. All
computations were carried out using the package mclust in
the statistical software R [29]; sample code for our model
calibration approach is available at [30].

Table 2 presents a summary of the GPS traces we use in
our analysis. Quinta, refers to the “Quinta da Boa Vista
Park” trace, first presented in [25]. It is a GPS trace collected at a park in the city of Rio de Janeiro, Brazil. The
park has many trees, lakes, caves, and trails. It houses the
National Museum of Natural History and the city Zoo. The
Statefair trace [26] corresponds to daily GPS track logs collected at the NC State Fair held in North Carolina, USA.
Given that the traces of some of the nodes presented some
discontinuity, we selected sections of the raw traces where
no discontinuity occurred. We selected only nodes where we
could find a continuous sequence of GPS fixes that were as
long as 900 and 8000 seconds for the Quinta and Statefair

4.2

Extracting Model Parameters from Traces

Once communities are identified using the approach described in the previous section, a multivariate logit model [31]
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is used to estimate the geographical preference parameters
ci,k and the affinity matrix Θ = [θk,l ]. More specifically, let
yn,t = i if node n is in cell i at time t. A multivariate logit
model assumes that


log

Pr(yn,t = i)
Pr(yn,t = 1)


= ci,ξn +

K
X

Under RWP mobility, mobile nodes are initially placed in
the area being simulated according to a given distribution
(typically, a uniform distribution). Each node remains in
its position for a given period of time, called pause time
P uniformly chosen in the interval [0, Pmax ], where Pmax
is a pre-specified parameter. After this period, the mobile
node chooses a new destination uniformly distributed in the
simulation area, and a velocity, also uniformly distributed
in the interval [vmin , vmax ], where both vmin and vmax are
pre-specified parameters. Once the destination is reached,
the node pauses again and chooses another destination and
velocity, as described above.

θξn ,l log(1 + ai,l,t−1 )

l=1

or, equivalently,

(
Pr(yn,t = i) ∝ exp

ci,ξn +

K
X

)
θξn ,l log(1 + ai,l,t−1 )

,

l=1

5.1.2

where, for identifiability, and without any loss of generality,
we set c1,k = 0. Hence, the logit model agrees with the
structure of the intensity in (2).
Computations were carried out using the package mlogit
in the statistical software R. This package uses a Fisher scoring algorithm, which is a variant of the Newton method, to
find the maximum likelihood estimates for the parameters of
the model along with their standard errors. As before, sample code is available at [30]. To reduce the computational
burden associated with fitting these models, we exploit the
conditional independence assumption underlying this model
and subsample some of the traces. This subsampling has
minimal effect on the results as discussed in more detail in
Section 5.
We constructed our model using the logarithm of the number of nodes on each cell to measure preferential attachment.
This is at odds with the choices made by previous authors,
who have preferred the use of linear terms. Our choice was
motivated by a formal model comparison among the class
of models based on the Bayesian information criteria (BIC).
More generally, it should be possible to estimate the functional form of the preferential attachment using nonparametric techniques. This avenue will be explored elsewhere.
Selection of cell sizes is another important issue for our
model. In our examples we have selected the sizes in a
mostly ad hoc manner. However, since our model implicitly
assumes that the mobility model follows a non-homogeneous
Poisson process, the problem of selecting the cell sizes is similar to the problem of selecting bandwidths in kernel density
estimate problem, which can be used through the use of
generalized cross-validation procedures.

5.

j

P

B(ai , zk ))
zj ∈Z,zj 6=zk
Aai ,zk = p
(Xai − Xzk )2 + (Yai − Yzk )2
(1 +

(4)

where B(ai , zk ) is an indicator variable, with B = 1 if the
individual zk is going toward or staying at attractor ai and 0
otherwise, and X and Y are the coordinates of a node and an
attractor. In our implementation, we divided the simulation
area in equally sized squares, or cells, and consider each cell
to be an attraction point. The coordinates (Xai , Yai ) mark
the center of the i-th attraction point. Once the new destination is known, the node travels towards it with a velocity
uniformly distributed in the interval [vmin , vmax ]. A pause
time is randomly selected once arriving at the destination
before choosing another destination and beginning the process again.

5.2

In this section we validate SAGA in two case studies
corresponding to the traces described in the previous section, namely the Quinta and Statefair traces. We show how
SAGA manages to capture the community structure and geography diversity of the traces. As baseline for our comparison, we also use two other mobility regimes, namely Random
Waypoint (RWP) [1] and Natural [11]. We start by briefly
describing the RWP and Natural mobility; then we present
the setup we used to generate mobility traces under these
regimes using the Scengen [32] simulation tool.

5.1.1

Aaj ,zk

then defined as:

VALIDATION AND EXPERIMENTAL
RESULTS

5.1

The Natural Mobility Regime

We also compare our results against mobility regimes that
follow the preferential attachment principle. As representative of this family of mobility regimes, we use the Natural
mobility model, or simply Natural [11].
As discussed in Section 6, Natural is based on attraction
points, where the attractiveness of each point is proportional
to the attractor’s popularity given by the number of nodes
at or going towards it and inversely proportional to the distance to it. Thus, the probability Π(ai ) that a node zk
chooses an attractor ai among all possible attractors is proportional to the portion of the total attractiveness it carries:
Aa ,z
Π(ai ) = P i k . The attractiveness of an attractor is

Baseline Mobility Regimes
RWP Mobility

Random Waypoint (RWP) mobility has been widely used
in the study of multi-hop ad-hoc wireless networks (MANETs).
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Case Study: Quinta

We capture the social structure of the subjects present in
the Quinta trace by applying the community identification
method described in Section 4.1. As a result, we identify 5
distinct communities of sizes 13, 27, 17, 12, and 29 nodes.
Figure 5.2 shows the average intensity over time associated
with each of these communities as well as the average intensity associated with the whole population. In addition,
Table 3 shows the average speed and average pause time for
each community, along with 95% confidence intervals. Note
that, for the most part, communities are well separated by
the predilection of their members for different geographical regions. The exception are communities 3 and 4, whose
members seem to prefer very similar locations. However, it
is very clear that members of these two communities have
different speeds and pause times.
Due to the high computational burden associated with
fitting multivariate logit models when both the number of
cells and the number of observations is large, we computed

are interested in characterizing how node mobility affects
the behavior of the network as a whole. In the case of spatial node density, it directly affects fundamental network
properties, such as connectivity and capacity, and thus has
considerable impact on core network functions, e.g., medium
access and routing. Spatial node density can be defined as
the number of nodes located in a given unit area. In order to study node’s spatial density behavior, we define the
node density distribution as the percentage of cells containing more than n nodes.

(a) Community 1 (29 nodes) (b) Community 2 (12 nodes)

Θ
1
2
3
(c) Community 3 (17 nodes) (d) Community 4 (27 nodes)
4
5

1
-0.138

2
0.299

3
-0.135

4
0.369

5
-0.072

(-0.258,-0.012)

(0.239,0.363)

(-0.21,-0.071)

(0.307,0.495)

(-0.123,-0.008)

-0.411

-0.004

0.425

0.151

(-0.479,-0.341)

(-0.061,0.039)

(0.357,0.497)

(0.110,0.205)

0.183

0.494

0.339

(0.113,0.269)

(0.417,0.561)

(0.284,0.374)

0.512

0.452

(0.405,0.657)

(0.393,0.518)

-0.077
(-0.133,-0.022)

(e) Community 5 (13 nodes)

Table 4: Affinity parameters associated with the five
communities identified by our clustering algorithm.
Since the matrix is symmetric, only its upper triangular part is presented.

(f) All Nodes (98 nodes)

Figure 1: Average intensity over time for the user
communities in the Quinta trace (from 1(a) to 1(e))
and overall intensity for all nodes from all communities (1(f)).
Community
1
2
3
4
5

Speed (m/s)
1.124 (1.117, 1.132)
1.453 (1.444, 1.462)
1.028 (1.017, 1.038)
1.139 (1.132, 1.146)
1.103 (1.092, 1.114)

Figure 2 shows the spatial node density distribution for
the Quinta trace along with density distributions associated
with SAGA, RWP, and Natural mobility regimes. The curve
labeled “Initial” shows the trace’s density distribution at the
beginning of the trace collection interval, while the curve
labeled “Quinta” shows the distribution at the end of the
trace collection interval. The same initial distribution collected from the trace and shown in this figure was used in all
the simulations to feed the initial node’s placement, leveling
the initial conditions in the simulations for all the studied
mobility regimes. Data points for the RWP, Natural, and
SAGA mobility regimes were averaged over 10 runs.

Pause Time (sec)
3.316 (2.303, 4.330)
2.365 (1.356, 3.375)
5.951 (1.974, 9.928)
2.036 (1.432, 2.640)
4.320 (3.092, 5.548)

Table 3: Speed and pause times for user communities in the Quinta trace.

our estimates based on a subsample of the original 900 seconds available for inference. This is well justified in this
case because of the Markovian structure of the model. To
assess the robustness of the procedure we consider various
subsample rates (every other second, every five seconds, and
every ten seconds). The point estimators were very similar
in every case; all the results reported below are based on a
subsample of 450 data points generated by retaining every
other second of the original trace.
Table 4 presents the estimates of the affinity parameters
generated by the multivariate logit model, along with 95%
confidence intervals. Note that there is evidence of both assortative and dissortative communities. Also, the confidence
intervals suggests that a few affinity parameters are indistinguishable from 0 (e.g., θ2,3 ), but the majority are clearly
statistically significant.
As previously pointed out, we use the spatial density of
mobile nodes to characterize and describe their mobility. In
other words, rather than focusing on individual nodes, we

Figure 2: Initial and final spatial node density distribution for the Quinta trace compared with the node
density distribution of RWP, Natural, and SAGA.
Note that SAGA’s density distribution follows closely the
distribution of the real trace. In the case of RWP, the majority of cells present similar number of nodes, and no cells
contain significantly higher concentration of nodes. This
is also the behavior observed for Natural which can be explained as follows: in the beginning of the simulation the
initial distribution weighs on the computation of the attractiveness of the cells, but as the simulation proceeds more and
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more nodes may choose, with small, but greater than zero
probability, cells where there are no other nodes present.
Over time, this behavior spreads the nodes around different
cells, leveling the attractiveness of cells in general, approaching uniformity and RWP’s density distribution. SAGA, on
the other hand, is able to maintain the original spatial node
density.
Next we consider the average intensities over time, which
are presented in Figure 3. These plots denote the average percentage of time, nodes choose to be in each cell.
More specifically, Figure 3(a) shows the average intensity
for Quinta and demonstrates that nodes have a strong preference for some areas of the park, which is partially driven
by its geographic characteristics (e.g., the presence of a lake
in the top right corner of the park). Note that SAGA (Figure 3(b) is capable of preserving this observed spatial preferences, while both RWP (Figure 3(c)) and Natural (Figure 3(d)) tend to converge towards a homogeneous distribution over the whole region, which is clearly suboptimal in
this context.

(a) Quinta Trace Collocation Matrix

(b) SAGA Collocation Matrix

(a) Quinta Trace

(b) SAGA

(c) RWP Collocation Matrix

(c) RWP

(d) Natural

Figure 3: Density over time for the Quinta scenario.
Another way to validate SAGA is through a collocation
matrix, which represents the average amount of time that
any pair of nodes spend in the same cell. Figure 4 presents
the collocation matrices for the Quinta trace, as well as
RWP, Natural, and SAGA. Note that Quinta’s collocation
matrix exhibits a pattern that matches the community structure we identified in Section 4.1 quite well. More specifically,
note that members of communities 3 and 4 tend to have high
collocation. However, members of communities 1, 2, and
5 have fairly low collocation with other members of their
same community. In this case, these patterns agree with the
structure of the affinity matrix, but this is not necessarily the
case in general (for example, see our analysis of the Statefair
trace in the following subsection). Our model replicates this
structure fairly well, while RWP and Natural (which treat
all nodes identically) exhibit uniform collocation matrices.

5.3

(d) Natural Collocation Matrix
Figure 4: Collocation matrices for the Quinta scenario.

each of these communities as well as the average intensity
associated with the whole user population. In addition, Table 5 shows the average speed and average pause time for
each community, along with 95% confidence intervals. Like
in the Quinta trace, we manage to clearly differentiate one
community from the other and show how members of each
community favor different geographical regions. In this case
study, not only their preferred location are very distinct for
each community, but also their speeds and pause times.
The Statefair trace is longer but was sampled at a lower
frequency than Quinta. Hence, in this scenario, we were
able to use the totality of the measurements (267 samples)

Case study: Statefair

Similarly to the Quinta trace, we use the method described in Section 4.1 to capture the social structure of the
subjects present in the Statefair trace. In this trace, we
identify 2 distinct communities of sizes 9 and 10 nodes. Figure 5.3 shows the average intensity over time associated with
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We now consider the average intensities over time, which
are presented in Figure 7. As also observed in the Quinta
scenario, the average intensity measured for the Statefair
scenario, as shown in Figure 7(a), presents some concentration of nodes in certain areas. Figure 7(b) shows that SAGA
is capable of preserving the spatial preferences observed in
the real trace, while both RWP (Figure 7(c)) and Natural
(Figure 7(d)) tend to degrade towards a homogeneous distribution.

(a) Community 1 (9 nodes) (b) Community 2 (10 nodes)
Figure 5: Average intensity over time for the user
communities in the Statefair trace (5(a) and 5(b))
and overall intensity for all nodes from all communities can be observed in Figure 6.
Community
1
2

Speed (m/s)
0.606 (0.596, 0.616)
0.435 (0.426, 0.444)

Pause Time (sec)
4.663 (1.259, 8.066)
8.574 (0.077, 17.071)

(a) Statefair Trace

(b) SAGA

(c) RWP

(d) Natural

Table 5: Speed and pause times for user communities in the statefair trace.
in the trace. and there was no need for subsampling due to
the lower sampling frequency in this trace (30 seconds).
Table 6 presents the estimates of the affinity parameters
generated by the multivariate logit model, along with 95%
confidence intervals. Different from our first case study, in
this scenario there is only evidence of assortative behavior
between the two communities.
Figure 6 shows the spatial node density distribution metric, as defined above, for the Statefair trace. This figure
also shows the density distributions associated with SAGA,
RWP, and Natural mobility. Once again, we show that
the clustering behavior observed in real live traces is preserved by SAGA. This is in contrast with the preferential attachment based mobility regime, which, by accounting only
for the number of nodes in a given location and disregarding social interactions and geographical preferences, leads
to undesirable homogeneous node spatial density in steady
state. Such steady-state behavior approaches the behavior
observed in random mobility regimes as exemplified by the
RWP. Table 7 summarizes the results for density shown in
Figures 2 and 6, showing the mean square error for final
density curves, between the GPS traces and the mobility
regimes, for the Quinta and Statefair case studies.

Figure 7: Statefair mean density over time.
Θ
1
2

1
0.386

2
0.716

(0.223, 0.551)

(0.634, 0.799)

0.907
(0.811, 1.004)

Table 6: Affinity parameters associated with the two
communities identified by our clustering algorithm.
SAGA Natural RWP
Quinta 0.0179 0.0802 0.0913
Statefair 0.0093 0.0316 0.0378
Table 7: Mean square error for final density curves,
between the GPS traces and the mobility regimes,
for the Quinta and Statefair case studies.

(a) Statefair
(b) SAGA
Figure 8: Collocation matrices for the Statefair scenario.
Figure 8 presents the collocation matrices for the Statefair
trace, as well as SAGA. In the case of RWP and Natural,
the collocation matrices for the Statefair scenario look very
similar to those presented in our first case study, where it
is not possible to see any collocation of pairs of nodes for
more than 10% of the time. For that reason, and due to

Figure 6: Initial and final spatial node density distribution for the Statefair trace compared with the
node density distribution of RWP, Natural, and
SAGA.
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space constrains, we do not show these plots. The collocation matrices for the trace and SAGA exhibit a pattern
that matches the community structure we identified in Section 4.1 quite well. More specifically, note that members of
communities 1 and 2 tend to have high colocation, among
nodes in their own community, but we also observe nodes
from different communities with a higher degree of collocation. This is consistent with the fact that these are highly
assortative communities, as described by their affinity matrices (Table 6).

6.

Two basic behaviors, namely socialize and isolate are defined in [18]. The strength of social interactions are represented by an acquaintance matrix. This is then used as input
to define the attraction and repulsion forces acting on each
node, which define the node’s direction while moving, as well
as its acceleration and velocity. The work in [17] also computes attraction and repulsion forces between nodes which
define a social interaction matrix. Here, in addition to the
social forces between nodes, they also take into account the
forces exerted by locations (attraction points).
In [20], the notion of communities is used and incorporate assortative/dissortative behavior given by an Attractor
Matrix. This matrix describes the attributes of each node,
such as gender, age, and field of work; these attributes are
matched through an Attribute Matching Matrix. Nodes then
move through communities looking for communities where
they find other nodes that are a better match to their attributes. Another mobility model based on the formation of
communities is introduced in [16]. It builds a k-clique overlapping community structure which satisfies the common
statistical features observed from real social networks. Functions that describe the attraction of a node to a group and
a location are defined and these graph connections change
over time based on the defined overlapping graph.
In [34], authors propose a model where each node is randomly assigned to one or more home location areas on the
simulation area. A simple 2-state Markov Chain governs
the transitions in, out, and between home locations. Nodes
perform random waypoint trips in and out home locations,
with a probability 1 − p of roaming and a probability p of
staying or returning to their home location.
In [35] authors propose a model where a transition probability (weighted by a Caveman graph [36]) to a given location does not depend only on the number of nodes currently
at that location but on the total weight of nodes assigned
to the destination as their home location, independently of
their current location. Social ties in this case depend on the
set of home locations attributed to each node and no explicitly social structure can be defined, other than the one
defined by the Caveman graph.
The work proposed in [37] uses the measured Levy flight
property of human displacements, given a distribution of the
travelled distance between two waypoints follows a Pareto
law.
Most existing social mobility regimes, such as the one described here, construct a social network using outside information unrelated to the mobility itself, such as a “social trace”, i.e., an a priori description of the relationship
between nodes, their attributes, etc. SAGA, on the other
hand, accounts for the social structure inherent in the mobility data itself, through the identification of user communities. We then use of the preferential attachment principles, “attached” to the built community structure to model
the interaction of nodes within– and between communities.
By doing so, SAGA addresses the undesirable behavior exhibited by mobility models that rely solely on pure preferential attachment. SAGA also considers the heterogeneity of the different locales in the region of interest. Thus,
through the coupling of social– and geography-awareness,
SAGA accounts for features observed in real life networks
such as differential popularity, transitivity, and clustering,
while the existing mobility models account for homophily
by attributes. Moreover, our modeling framework applies

RELATED WORK

Motivated by the growing need to evaluate mobile networks and their protocols under realistic conditions, there
has been considerable work in trying to depart from random–
towards more realistic mobility models. In this section, we
do not attempt to present an exhaustive survey of the stateof-the-art in mobility modeling but, rather, highlight efforts
that are more closely related to our work on socially-inspired
mobility modeling.
As pointed out in Section 1, an important milestone on the
subject is the work by Barabási and Albert [8] which demonstrated that many real large networks are scale free.The authors discuss the mechanism responsible for the emergence
of scale-free networks and argue that understanding this
problem will require a shift from modeling network topology to modeling “network assembly and evolution”. To this
end, they define the Barabási-Albert model based on growth
and preferential attachment. Growth refers to the fact that
the number of nodes in the network increases over time,
where a new node is placed with m edges connecting it to
other m nodes. Preferential attachment means that a node
will choose to connect to another node i with probability
Π(ki ) = Pki based on the degree ki of node i and any
kj

j

node j connected to node i.
Several mobility models have been inspired by the BarabásiAlbert preferential attachment principle. For example, in
[11], a model based on preferential attachment has been
proposed, where the choice of going towards an attraction
region is weighted proportionally to the region’s popularity
(i.e., the number of other nodes that chose it) and inversely
proportional to the distance to it. The work proposed in [14]
is another example of a model that follows Barabási-Albert’s
growth and preferential attachment principles. The authors
even show a figure where they present their initial (after
growth) and steady-state spatial distribution. It is possible
to see how clusters dissipate and fade away over time. The
same concept is also used in [12] where nodes are also driven
by identified social interactions.
More recent approaches try to account for social interaction between nodes, and those are the most closely related
to our research. Some examples of mobility modeling for
social networks include the work in [33] and [13]. In these
models, node movement is influenced by the strength of social ties and the choice of an attraction point is based on
the history of visits of other nodes to that location.
The model proposed in [21] defines a set of locations called
anchors; dictated by an anchor association function, nodes
are associated with specific anchors at specific times during
the simulation. Also, nodes are associated with each other
by a “social acquaintance” function, where concepts of “attraction” and “repulsion” are also defined.
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formal statistical learning techniques to extract, from real
mobility traces, both the nodes’ social structure as well as
the region’s geographical diversity for model calibration.
We argue that being able to calibrate the model in order to improve realism and approach mobility metrics to
the ones measured from real live traces is important. Our
approach allows that, also presenting a flexible framework
where synthetic social structures and cell attractiveness can
also be defined if needed. Moreover, while most existing
mobility models are able to reflect contact duration distributions similar to real life measurements, very few effort
focused on the actual size of the clusters and which specific nodes are part of a given cluster [38]. Our results show
by the density distribution curves and collocation matrix,
that not only SAGA is able to reflect realistic cluster sizes,
it also uses the affinity matrix to account for which node
spends time in each cluster.
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