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Abstract. In this paper we introduce Spatio-TEmporal Parametric Step-
ping (STEPS) - a simple parametric mobility model which can cover a
large spectrum of human mobility patterns. STEPS makes abstraction of
spatio-temporal preferences in human mobility by using a power law to
rule the nodes movement. Nodes in STEPS have preferential attachment
to favorite locations where they spend most of their time. Via simula-
tions, we show that STEPS is able, not only to express the peer to peer
properties such as inter-contact/contact time and to reflect accurately re-
alistic routing performance, but also to express the structural properties
of the underlying interaction graph such as small-world phenomenon.
Moreover, STEPS is easy to implement, flexible to configure and also
theoretically tractable.

1 Introduction

Human mobility is known to have a significant impact on performance of net-
works created by wireless portable devices e.g. MANET, DTN. Unfortunately,
there is no model that is able to capture all the characteristics of human mobility
due to its high complexity. In this paper we introduce Spatio-TEmporal Para-
metric Stepping (STEPS) - a new powerful formal model for human mobility or
mobility inside social/interaction networks. The introduction of this new model
is justified by the lack of modeling and expressive power, in the currently used
models, for the spatio-temporal correlation usually observed in human mobility.

We show that preferential location attachment and location attractors are
invariants properties, at the origin of the spatio-temporal correlation of mobility.
Indeed, as observed in several real mobility traces, while few people have a highly
nomadic mobility behavior the majority has a more sedentary one.

In this paper, we assess the expressive and modeling power of STEPS by
showing that this model successes in expressing easily several fundamental hu-
man mobility properties observed in real traces of dynamic network:

1. The distribution of human traveled distance follows a truncated power law.
2. The distribution of pause time between travels follows a truncated power

law.



3. The distribution of inter-contact/contact time follow a truncated power law.
4. The underlying dynamic graph can emerge a small-world structure.

The rest of this paper is structured as follows. After an overview of the state
of the art in Section 2, we present the major idea behind the model in Section 3.
Section 4 formally introduces STEPS as well as some implementation issues.
Section 5 shows capacity of STEPS to capture salient features observed in real
dynamic networks, going from inter-contact/contact time to epidemic routing
performance and small-world phenomenon. Finally we conclude the paper in
Section 6.

2 Related works

Human mobility has attracted a lot of attention of not only computer scientists
but also epidemiologists, physicists, etc because its deep understanding may lead
to many other important discoveries in different fields. The lack of large scale real
mobility traces made that research is initially based on simple abstract models
e.g. Random Waypoint, Random Walk (see [3] for a survey). These models whose
parameters are usually drawn from an uniform distribution, although are good
for simulation, can not reflect the reality and even are considered harmful for
research in some cases [14]. In these model, there is no notion of spatio-temporal
preferences.

Recently, available real data allows researchers to understand deeper the na-
ture of human mobility. The power law distribution of the traveled distance was
initially reported in [6] and [1] in which the authors study the spatial distribution
of human movement based on mobile phone and bank note traces. The power
law distribution of the inter-contact time was initially studied by Chaintreau et
al. in [4]. In [8], Karagiannis et al. confirm this and also suggest that the inter-
contact time follows a power law up to a characteristic time (about 12 hours)
and then cut-off by an exponential decay.

Based on these findings, some more sophisticated models have been proposed.
In [5], the authors have proposed an universal model being able to capture many
characteristics of human daily mobility by combining different sub-models. With
a lot of parameters to configure, the complexity of this type of model make them
hard to use.

In [9], the authors propose SLAW - a Random Direction liked model, ex-
cept that the traveled distance and the pause time distributions are ruled by a
power law. An algorithm for trajectory planning was added to mimic the human
behavior of always choosing the optimal path. Although being able to capture
statistical characteristics like inter-contact, contact time distribution, the no-
tion of spatio-temporal preferential attachment is not expressed. Moreover, the
routing protocol performance results have not been compared with real traces.

Another modeling stream is to integrating social behaviors in the model.
In [10], a community based model was proposed in which the movement depends
on the relationship between nodes. The network area is divided in zones and the



social attractivity of a zone is based on the number of friends in the same zone.
The comparisons of this model with real traces show a difference for the contact
time distribution. Moreover, the routing performance has not been shown.

Time Varying Community [7] is another interesting model in which the au-
thors try to model the spatio-temporal preferences of human mobility by creating
community zones. Nodes have different probabilities to jump in different com-
munities to capture the spatial preferences. Time structure was build on the
basis of night/day and days in a week to capture temporal preferences.

A recent research shows that some mobility model (including [7]), despite
of the capacity of capturing the spatio-temporal characteristics, deviate signifi-
cantly the routing performances compared to ones obtained with real traces [12].
This aspect that has not always been considered in existing models is indeed re-
ally important because it shows how a model can confront the real dynamic
networks.

3 Characterizing Human Mobility

STEPS is inspired by observable characteristics of the human mobility behaviour,
specifically the spatio-temporal correlation. Indeed, people share their daily
time between some specific locations at some specific time (e.g. home/office,
night/day). This spatio-temporal pattern repeats at different scales and has been
recently observed on real traces [7].

On a short time basis (i.e. a day, a week), we can assume that one have a
finite space of locations. We define two mobility principles :

• Preferential attachment : the probability for a node to move in a location is
inverse proportional to the distance from his preferential location.
• Attractor : when a node is outside of his preferential location, he has a higher

probability to move closer to this location than moving farther.

From this point of view, the human mobility can be modeled as a finite state
space Markov chain in which the transition probability distribution express a
movement pattern. In the next section, we answer the question what exactly
this probability distribution. Figure 1(a) illustrates a Markov chain of 4 states
which corresponds to 4 locations: (A) House, (B) Office, (C) Shop and (D) Other
places.

4 Model description

In STEPS, a location is modeled as a zone in which a node can move freely
according to a random mobility model such as Random Waypoint. The displace-
ment between zones and the staying duration in a zone are both drawn from a
power law distribution whose the exponent value expresses the more or less lo-
calized mobility. By simply tuning the power law exponent, we can cover a large
spectrum of mobility patterns from purely random ones to highly localized ones.
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Fig. 1. (a) Human mobility modeling under a markovian view: States represent differ-
ent localities e.g. House, Office, Shop and Other places, and transitions represent the
mobility pattern. (b) 5 × 5 torus representing the distances from a location A to the
other locations.

Moreover, complex heterogeneity can be described by combining nodes with dif-
ferent mobility patterns as defined by their preferential zones and the related
attraction power. Group mobility is also supported on our implementation.

4.1 The model

Assume that the network area is a square torus divided in N ×N square zones.
The distance between theses zones is defined according to a metric (here we use
Chebyshev distance). Figure 1(b) illustrates an example of a 5×5 torus with the
distances from the zone A. One can imagine a zone as a geographic location (e.g.
building, school, supermarket) or a logical location (i.e. a topic of interest such
as football, music, philosophy, etc). Therefore, we can use the model to study
human geographic mobility or human social behaviours. In this paper, we deal
only with the first case.

In the so structured space, each node is associated to a preferential zone Z0.
For the sake of simplicity we assume is this paper that each node is attached to
one zone, however this model can be extended by associating several preferential
zones to each node. The movement between zones is driven by a power law
satisfying two mobility principles described above. The pdf of this power law is
given by

P [D = d] =
β

(1 + d)α
, (1)

where d is the distance from Z0, α is the power law exponent that represents
the attractor power and β is a normalizing constant.

From (1) we can see that : the farther a zone is from the preferential zone, the
less probability the node to move in (i.e. principle of preferential attachment).
On the other hand, when a node is outside of its preferred zone he has a higher
probability to move closer to this one than moving farther (i.e. principle of
attraction).



Algorithm 1: STEPS algorithm

Input: Initial zone ← Z0

repeat
- Select randomly a distance d from the probability distribution (1);
- Select randomly a zone Zi among all zones that are d distance units away
from Z0;
- Select randomly a point in Zi;
- Go linearly to this point with a speed randomly chosen from
[vmin, vmax] , 0 < vmin ≤ vmax < +∞;
- Select randomly a staying time t from the probability distribution (2);
while t has not elapsed do

Perform Random Waypoint movement in Zi ;
end

until End of simulation;

The staying time in a zone is also driven by a power law

P [T = t] =
ω

tτ
, (2)

where τ is the temporal preference degree of node and ω is a normalizing con-
stant.

From this small set of modeling parameters the model can cover a full spec-
trum of mobility behaviours. Indeed, according to the value of the α exponent
a node has a more or less nomadic behavior. For instance,

• when α < 0, nodes have a higher probability to choose a long distance than
a short one and so the preferential zone plays the repulsion role instead of a
attraction one,
• when α > 0, nodes are more localized,
• when α = 0, nodes move randomly towards any zone with a uniform proba-

bility.

We summarize the description of STEPS in Algorithm 1.

4.2 Markov chain modeling

In this section, we introduce the Markovian model behind STEPS. This analyt-
ical analysis makes it possible to derive routing performance bounds when using
the model. From a formal point of view STEPS can be modeled by a discrete-
time Markov chain of N states where each state corresponds to one zone. Note
that the torus structure gives nodes the same spatial distribution wherever their
preferential zones (i.e. they have the same number of zones with an equal dis-
tances to their preferential zones). More specifically, for a distance d, we have
8×d zones with equal distances from Z0. Consequently, the probability to choose
one among these zones is

P [Zi|dZiZ0
= l] =

1

8l
P [D = l] =

β

8l(1 + l)α
. (3)



Because the probabilities for a node to jump to any zone do not depend on
the residing zone but only on the distance from Z0, the transition probabilities of
the Markov chain is defined by a stochastic matrix with similar lines. Therefore
the resulting stochastic matrix is a idempotent matrix (i.e. the product of the
matrix by itself gives the same matrix)

P =


p(Z0) p(Z1) . . . p(Zn−1)
p(Z0) p(Z1) . . . p(Zn−1)

...
...

. . .
...

p(Z0) p(Z1) . . . p(Zn−1)

 .
Hence it is straight-forward to deduce the stationary state of the Markov

chain
Π =

(
p(Z0) p(Z1) . . . p(Zn−1)

)
. (4)

From this result, it is interesting to characterize the inter-contact time (i.e.
the delay between two consecutive contacts of the same node pair) of STEPS
because this characteristic is well known to have a great impact on routing in
dynamic networks. To simplify the problem, we assume that a contact occurs
if and only if two nodes are in the same zone. Let two nodes A and B move
according to the underlying STEPS Markov chain and initially start from the
same zone. Let assume that the movement of A and B are independent. For each
instant, the probability that the two nodes are in the same zone is

pcontact = PA(Z0)PB(Z0) + . . .+ PA(Zn−1)PB(Zn−1)

=

n−1∑
i=0

P (Zi)
2 =

dMax∑
i=0

1

8i

[
β

(i+ 1)α

]2 ,

where dMax = b
√
N
2 c is the maximum distance a node can attain in the torus.

Let ICT be the discrete random variable which represents the number of
instants elapsed before A and B are in contact again. One can consider that ICT
follows a geometric distribution with the parameter pcontact, i.e. the number of
trials before the first success of an event with probability of success pcontact.
Hence, the pdf of ICT is given by

P [ICT = t] = (1− pcontact)t−1pcontact. (5)

It is well known that the continuous analog of a geometric distribution is an
exponential distribution. Therefore, the inter-contact time distribution for i.i.d.
nodes can be approximated by an exponential distribution. This is true when
the attractor power α is equals to 0 (i.e. nodes move uniformly) because there is
no spatio-temporal correlation between nodes. But when α 6= 0, there is a higher
correlation in their movement and in consequence the exponential distribution
is not a good approximation. Indeed, [2] reports this feature for the Correlated
Random Walk model where the correlation of nodes induces the emergence of
a power law in the inter-contact time distribution. A generalized closed formula
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Fig. 2. Theoretical Inter-Contact Time Distribution of STEPS

for STEPS inter-contact time is an on-going work. We provide here simulation
results related to this feature.

Figure 2 gives the linear-log plot of the complementary cumulative distribu-
tion function (CCDF) of the inter-contact time that results from a simulation
of the Markov chain described above when α = 0 and α > 0. In the first case,
the inter-contact time distribution fits an exponential distribution (i.e. is repre-
sented by a linear function the linear-log plot) while in the second case it fits
a power law distribution (i.e. is represented by a linear function in the log-log
plot) with an exponential decay tail. This result confirms the relationship be-
tween the spatio-temporal correlation of nodes and the emergence of a power
law in inter-contact time distribution.

5 Model properties

It is worth mentioning that a mobility model should express the fundamental
properties observed in real dynamic networks. In this section, we show that
STEPS can really capture the seminal characteristics of human mobility and that
when used for testing routing performance STEPS deliver the same performances
as the ones observed on top of real traces (this features is too often neglected
when introducing a new mobility model).

5.1 Inter-Contact Time vs Contact Time Distributions

Inter-Contact Time Distribution The inter-contact time is defined as the
delay between two encounters of a pair of nodes. Real trace analysis suggest
that the distribution of inter-contact time can be approximated by a power law
up to a characteristic time (i.e. about 12 hours) followed by an exponential
decay [8]. In the following we will use the set of traces presented by Chaintreau
et al. in [4] as base of comparison with STEPS mobility simulations. Figure 3(a)
shows the aggregate CCDF of the inter-contact time (i.e. the CCDF of inter-
contact time samples over all distinct pairs of nodes) for different traces. In order
to demonstrate the capacity of STEPS to reproduce this feature, we configured



10
0

10
1

10
2

10
3

10
4

10
5

10
6

10
−6

10
−5

10
−4

10
−3

10
−2

10
−1

10
0

t

P
(x

>
t)

 

 

0 0.5 1 1.5 2 2.5 3 3.5

x 10
5

10
−6

10
−4

10
−2

10
0

Intel

Cambridge

Infocom06

Infocom05

(a) Real traces

10
2

10
3

10
4

10
5

10
6

10
−6

10
−5

10
−4

10
−3

10
−2

10
−1

10
0

t

P
(x

>
t)

 

 

0 0.5 1 1.5 2 2.5 3 3.5

x 10
5

10
−6

10
−4

10
−2

10
0

STEPS

Infocom06

(b) STEPS vs Infocom06 trace

Fig. 3. CCDF of Inter-Contact Time

Table 1. Infocom 2006 trace

Number of nodes 98

Duration 4 days

Technology Bluetooth

Average inter-contact time 1.9 hours

Average contact duration 6 minutes

STEPS to exhibit the results observed in the Infocom 2006 conference trace.
Table 1 summarizes the characteristics of this trace.

To simulate the conference environment, we create a 10 × 10 torus of size
120 × 120m2 that mimics rooms in the conference. The radio range is set to
10m which corresponds to Bluetooth technology. Figure 3(b) shows the CCDF
of inter-contact time in log-log and lin-log plots. We observe that the resulting
inter- contact time distribution as given by the STEPS simulations fits with the
one given by the real trace.

Contact Time Distribution Because of the potential diversity of nodes be-
havior it is more complicated to reproduce the contact duration given by real
traces. Indeed, the average time spent for each contact depends on the person
(e.g. some people spend a lot of time to talk while the others just check hands).
To the best of our knowledge, the abstract modeling of social behavior has not
been studied precisely yet. We measured the average contact duration and the
celebrity (i.e. the global number of neighbor nodes) of the Infocom06 nodes and
ranked them according to their average contact duration. The result is plotted
in Figure 4(a). According to this classification, it appears that the more/less
popular the person is, the less/more time he spends for each contact. Because
the contact duration of STEPS depends principally on the pause time of the
movement inside zone (i.e. the pause time of RWP model), to mimic this behav-
ior we divided nodes in four groups. Each group corresponds to a category of
mobility behavior: highly mobile nodes, mobile nodes, slightly mobile and rarely
mobile. The pause time for each groups is summarized in Table 2
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Fig. 4. Contact Time Behavior of STEPS vs Real Trace

Table 2. Group categories

Dynamicity categories RWP pause time range (s) Number of nodes

Very high [0, 60] 65
High [60, 900] 15
Low [900, 3600] 10

Very low [3600, 43200] 8

With this configuration, we aim to mimic the behavior observed in Infocom06
trace where a large percentage of nodes have short contacts and a few nodes
have long to very long contacts. The CCDFs of contact time of STEPS and
Infocom06 trace as shown in Figure 4(b) show that STEPS can also capture
with high accuracy this mobility behavior.

5.2 Epidemic routing performance

A mobility model has not only to capture the salient features observed in real
traces but must also reproduce the performances given by routing protocols
on top of real traces. In order to assess the capacity of STEPS to offer this
important property we ran Epidemic routing on STEPS and Infocom06 trace
and compared the respective routing delays. For each trace, the average delay
to spread a message to all the nodes is measured in function of the number of
nodes who received the message. Figure 5 shows that STEPS is able to reflect at
the simulation level the performance of Epidemic routing when applied on real
traces.

5.3 Human mobility structure studied with STEPS

A mobility model should allow not only to express faithfully peer-to-peer inter-
actions properties such as inter-contact time and contact duration, but should
be able also to reproduce the fundamental structure of the underlying interac-
tion graph as modeled by a temporal graph, i.e. graphs with time varying edges.



0 10 20 30 40 50 60 70 80 90 100
10

0

10
1

10
2

10
3

10
4

10
5

Number of nodes that received the message (unit)

D
e

la
y
 (

s
)

 

 

Infocom06

STEPS

Fig. 5. Epidemic Routing Delay of
STEPS vs Infocom06 Trace

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

Ratio of High Mobile Nodes to High Localized Nodes

 

 

normalized clutering coefficient

normalized shortest path length

Fig. 6. Small-World Structure in
STEPS

The structural properties of static interaction graphs have been studied lead-
ing to the observation of numerous instances of real interaction graph with a
high clustering and a low shortest path length [13]. Such a structure of graph is
called small-world. With respect to routing, the small world structure induces
fast message spreading in the underlying network.

We extended the notions of clustering coefficient and shortest path length
introduced in [13] for dynamic graph. In this paper, we present only the most
important definitions due to the lack of space.

Let G(t) = (V(t), E(t)) be a temporal graph with a time varying set V(t) of
vertexes and with a time varying set E(t) of edges.

1. Temporal Clustering Coefficient : Let N (w, i) be the set of neighbors of
node i in a time window w. The temporal clustering coefficient is defined as
the ratio of the actual number of connections between neighbors of i to the
theoretical number of connections between them during a time window w.
Intuitively, it represents the cliquishness of a time varying friendship circle.
Formally, that is

Ci =
2
∑
j |N (w, j) ∩N (w, i)|

|N (w, i)| (|N (w, i)| − 1)
, (6)

where j is a neighbor of i and |X| denotes the cardinal of X.
2. Temporal Shortest Path Length : Let Rij(t) ∈ {0, 1} denotes a direct or

indirect (i.e. via multiple connections at different times) connection between
node i and node j at time t. The shortest path length between i and j is
defined as the earliest instant when there is a connection between them.
That is

Lij = inf{t|Rij(t) = 1}. (7)

To visualize the phenomenon in STEPS, we create scenarios where there
are two categories of nodes with different attractor power. In the first category,
nodes have a high mobile behaviour (i.e. α is small) while in the second one, they
are more localized (i.e. α is large). The idea is to “rewiring” a high clustered
dynamic graph (i.e. with the population is in the second category) by introduc-
ing high mobile nodes into the population. By tuning the ratio of number of



nodes between these two categories, we measure the metrics defined in (6) and
(7). Figure 6 shows that between two extrema, with certain value of the ratio,
the network have a structure where the clustering coefficient is high while the
shortest path length is low. This result suggests the existence of the small-world
phenomenon in dynamic graph.

6 Conclusion

In this paper, we introduce STEPS, a generic and simple mobility model which
abstracts the spatio-temporal correlation of human mobility. Based on the prin-
ciples of preferential attachment and location attractor, this model can cover a
large spectrum of human mobility patterns by tuning a small set of parameters.
Via simulations, the model is shown to be able to capture different characteristics
observed on top of real mobility traces. On the other hand, the model can also
reflect accurately realistic routing performances, one of important aspect often
neglected in proposed mobility models. Moreover, STEPS can reflect the struc-
tural features of the underlying dynamic graph as well as the peer-to-peer ones.
Finally, the underlying Markovian basis make it possible to derive analytical
results from this model.
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