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Abstract—In this paper we tackled the localization problem 

from an opportunistic perspective, according to which a node can 
infer its own spatial position by exchanging data with passing by 
nodes, called peers. We consider an opportunistic localization 
algorithm based on the linear matrix inequality (LMI) method 
coupled with a weighted barycenter algorithm. This scheme has 
been previously analyzed in scenarios with random deployment 
of peers, proving its effectiveness. In this paper, we extend the 
analysis by considering more realistic mobility models for peer 
nodes. More specifically, we consider two mobility models, 
namely the Group Random Waypoint Mobility Model and the 
Group Random Pedestrian Mobility Model, which is an 
improvement of the first one. Hence, we analyze by simulation 
the opportunistic localization algorithm for both the models, in 
order to gain insights on the impact of nodes mobility pattern 
onto the localization performance. The simulation results show 
that the mobility model has non-negligible effect on the final 
localization error, though the performance of the opportunistic 
localization scheme remains acceptable in all the considered 
scenarios. 
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I.  INTRODUCTION  
The demand for mobile localization services is 

continuously growing as wireless network becomes more and 
more popular. GPS-like solutions cannot prove effective in all 
the cases, either because of technological or economics limits. 
Therefore, alternative solutions to provide localization 
services with different levels of accuracy to mobile users have 
been investigated. Very accurate solutions with positioning 
errors less than one meter are obtained by using complex 
triangulation algorithms coupled with sophisticated ranging 
mechanisms provided, e.g., by UWB infrastructure 
equipments or dense and regular WiFi access points 
deployment. Most of such solutions, however, are expensive, 
because they require either specific technologies/equipments 
or an over-provisioned infrastructure.  

In this paper we tackle the problem from a different 
perspective: rather than searching for yet another signal-
processing technique or system architecture explicitly 
designed to provide localization services, we propose to spill 
out this service from the opportunistic interactions that may 
occur among heterogeneous wireless nodes. In such a context, 
our previous work [1, 5] has shown that a node, named user, 

can infer its own position with sufficiently good accuracy 
simply by using position estimations received from passing by 
nodes, named peers. We believe that the cooperative and 
opportunistic exchange of positioning information by peers is 
a sustainable approach. In this paper, we use a weighted 
opportunistic localization algorithm in which a method based 
on linear matrix inequalities (LMI) [10] is coupled with a 
weighted barycenter computation that takes into account the 
number of peers from which the user has received data.   

In our previous study [1, 5], peers were considered as 
individual elements, each following a statistically independent 
path. Under this assumption, the proposed opportunistic 
algorithm attained good localization accuracies for the user 
node after a rather limited number of opportunistic meetings 
with peers.  However, in many practical scenarios, peers tend 
to move in groups. Unfortunately, social behavior modeling is 
still a controversial issue and, although a few models have 
been published [15, 16], there is no general consensus on any 
of them. In this study we investigate the impact of the peers 
mobility model on the performance of the opportunistic 
localization scheme. To this end, we propose a new mobility 
model, named Group Random Pedestrian Mobility Model, 
which improves the preexisting Group Random Waypoint 
Mobility Model by adding the pedestrian behavior. Then, we 
compare the opportunistic localization performance when 
considering different mobility models, ranging from the 
Random Waypoint model where nodes move randomly and 
independently one another, to the Group Random Pedestrian 
Model where peers trajectory are strongly correlated. We will 
show the localization performance generally decreases when 
peers move in groups, though the opportunistic approach still 
yields largely acceptable results. 

The paper is organized as follows: Section II introduces 
the opportunistic localization schemes. Section III describes 
the group mobility models proposed in this paper. Section IV 
describes the simulation setup and compares the localization 
precision obtained with weighted and no-weighted localization 
method with different mobility models. Section V surveys 
related work. Conclusion and future work are given in 
Section VI. 



II. A WEIGHTED BARYCENTER POSITIONING 
SCHEME 

A. Background  
The envisioned scenario entails an indoor environment, 

where a user node that does not have any a-priori knowledge 
of its own position can opportunistically exchange data with 
mobile peers that are within radio range. Peer nodes are 
supposed to be equipped with some self-localization hardware, 
e.g., MEMS-based Inertial Navigation System, indoors GPS or 
Cricket. Hence, the opportunistic interactions among nodes 
may be exploited so that peers provide their positioning 
estimates to the user node.  

The position estimation scheme presented in this paper is 
based on the processing of several consecutive positioning 
information the user receives from passing-by peers. During 
this process, the user is assumed to stand in the same position 
for a certain amount of time. One aim of this paper is to 
determine the time the user node needs to stop to have an 
accurate estimation. Peer nodes, instead, are supposed to move 
in the area, broadcasting from time to time their current 
position.  

B. Communication Model 
We assume that radio communication can occur only when 

the received signal strength (RSS) is above a certain threshold 
TR, which corresponds to a nominal communication range R. If 
the user receives a signal from a peer with RSS above the 
threshold TR, then the user-peer distance is assumed to be 
smaller than R and the position information of this peer is 
accepted. Otherwise, the position information of the peer is 
ignored. The use of the RSS threshold in localization scheme 
is much more robust and simpler than RSS-based triangulation 
methods which require very precise RSS-distance estimation. 
Additionally, we neglect potential interference problems or 
channel capacity issues, which will be addressed in future 
work. 

C. Mathematical Model 
    Throughout the remainder of this paper we will denote the 
position of the user as Pu = (xu, yu), the position of moving 
node i as Pi = (xi, yi). Upon receiving and accepting M 
positioning estimations from peers, the user assume that its 
own position lays within the intersection of M circles with 
radius R, centered on the Peers’ positions. This geometry 
relation can be expressed in mathematical form as the 
following set of constraints: 

 1. .    (1) 

Equation (1) can be reformulated as the following Linear 
Matrix Inequality (LMI): 

 
0

0 0 (2) 

The solution of this LMI problem will be regarded as the 
initial location estimation of the user node, which is named 
LMI-only location estimation and denoted by Pu,lmi.  

D. Weighted Localization Scheme 
After a period of time, the static user can collect a set of 

successive Pu,lmi LMI-only estimations. In paper [1], we 
combined this set of estimations using an iso-barycenter, thus 
obtaining the following LMI+IB (Iso-Barycenter) position 
estimation: 

,
∑ ,                       (3) 

The results in [1] show that this LMI+IB method can 
achieve better localization than LMI-only location estimation. 

Moreover, it is easy to realize that the precision of LMI-
only localization generally increases with the number of 
inequalities, i.e., the larger the number of Peers positions used 
in Equation (2) the better the position estimate of the user. 
Therefore, when we compute the barycenter of the set of LMI-
only location estimations, we weight each estimate 
proportionally to the number of nodes involved in the 
estimation process.  

In summary, the weighted opportunistic position 
estimation is composed by the following two steps: 

1) At every second, the User collects position information  
from each peer node that is within its radio range. Then the 
user computes its LMI-only location estimation  according to 
Equation (2). 

2)  At the same time, the user performs a weighted 
barycenter computation using the LMI-only location 
estimations computed up to that time, obtaining the LMI+WB 
(Weighted Barycenter) location estimation as: 

 ,
∑ ,

∑
 (4) 

where wk is a weighting coefficient which is proportional to 
the number of Peers that have contributed to the kth LMI 
estimate. 

III. SIMULATION SETUP 
This paper is going to show that even using group mobility 

models, our localization scheme can give accurate results. In 
contrast with individual mobility models, group mobility 
models are more realistic because to some extent they consider 
the social character of the network. 

A. Simulation Introduction 
Our simulations are executed in the Matlab 2008b 

environment. Matlab provides the LMI Lab toolbox to solve 
LMI problems. (Other efficient algorithms to solve similar 
problems, based on an efficient SDP relaxation method, have 
been proposed, e.g., in [17,18].)  

Simulations scenario consists in an area of 100x100 square 
meters. The user node is assumed to be in the center of the 
simulation area. We consider 100 peer nodes that randomly 
move in the area according to one of the mobility patterns 
described later on.  Nodes radio range is fixed to 10 meters. 



B. Mobility Models  
      In this section we present two group mobility models, 
namely Group Random Waypoint (GRWP) and Group 
Random Pedestrian (GRP). These models are based on the 
existing individual prototype mobility models Random 
Waypoint (RWP) [2,3] and Random Pedestrian (RP) [1]. 

1) Border Condition 
Normally, a mobility model is applied in limited 

simulation scenario. RWP and GRWP do not raise any border 
problem, for the new position is always chosen inside the 
simulation area. The problem of keeping the nodes within the 
area, instead, needs to be addressed for RP and GRP models. 
In this case we solve the border problem as follows: when a 
node reaches the boundary of the simulation area, it will be 
reflected into the area by changing its current direction θ to −θ 
or (π−θ), if it is going outside from the vertical or horizontal 
edge, respectively.  

2) Group Mobility Models  
a) Network Model  

Normally, there is some kind of social or biological 
relations among nodes carried by people. To describe this kind 
of mutual relation, we adopt the classical method of weighted 
graphs [6,7,8], which are used to represent social or biological 
network. The strength of mutual relation between any node 
pair is represented using a value in the range [0, 1]. As a 
consequence, the network internal relation can be described as 
a relation matrix with a dimension of NxN where N is the total 
number of nodes in the network. At present, there are several 
models that describe the key properties of real-life network, 
such as random graph, small world, etc. Some research work 
shows that the properties of these random graphs, such as path 
lengths, clustering coefficients, cannot be regarded as accurate 
models of realistic networks [6, 7, 8]. Here, considering the 
simulation case for our analysis, we choose the geometric 
random graph as network model. In this kind of model, the 
geometry relations of nodes have strong association with the 
social relation of nodes. That means that when two nodes are 
in radio range of each other, the social relation exists. On the 
contrary, we assume that nodes that cannot directly 
communicate have no social relation. Therefore, when the 
Euclidean distance between any two nodes is smaller than 10 
meters, the corresponding element of the social relation matrix 
is set to 1, otherwise it is set to 0. It should be emphasized that 
the relation values in the diagonal of the relation matrix, which 
refer to the relation of each node with itself, is conventionally 
set to zero. In [7] it is shown that in two or three-dimensional 
area using Euclidean norm can supply surprisingly accurate 
reproductions of many features of real biological networks. 

b) Group Detection 
Group or community structure is one of the common 

characters in many real networks. However, finding group 
structures within an arbitrary network is known to be a 
difficult task. A lot of work has been done on that. Currently, 
there are several methods that can achieve that goal, such as 
Minimum-cut method, Hierarchical clustering, Girvan-
Newman algorithm, etc. Here we adopt one of the most widely 
used group detection method, namely modularity 
maximization that detects the group structure of high 

modularity value by exhaustively searching over all possible 
divisions [9]. In real networks, the modularity value is usually 
in the range [0.3, 0.7]; 1 means a very strong group structure 
and 0 means random behavior. 

Then, nodes are initially divided in groups and, 
successively, they start moving in the simulation area. They 
will follow the group constraint coupled with the individual 
movement pattern as referred above.  

c) Group Random Waypoint Mobility Model (GRWP) 
This model is an improvement on the classical Random 

Waypoint model and is inspired by the Community Based 
mobility model [15]. The simulation area is divided into small 
squares with edge size equal to the radio range of the nodes 
(100 squares of 10 meters size in our case). Before moving, 
each group chooses one small square as group destination. 
Then, each node in the group individually chooses one 
position in that small square as its own destination. Hence,  
each node moves towards its goal with a certain speed. Here, 
we choose a normal probability distribution for nodes’ speed, 
as for the Random Pedestrian Model, instead of using the 
uniform speed distribution considered in the classical RWP 
model. Because the speed and the destination position are 
different for each node in a group, they will not reach their 
target position at the same time. The first node of a group that 
reaches its target within the small square will stop for a period 
of time sufficient for all the other nodes of its group to arrive. 
When all the members of the group have reached their 
destination, the process is repeated anew.  

d) Group Random Pedestrian Mobility Model (GRP) 
This model is set up based on our individual Random 

Pedestrian Model. After groups setup, each node is 
characterized by a Relation Factor (RF) as follows [16]: 

 ∑ ,  (5) 

where ai,j is the element of the relation matrix; N is the total 
number of the nodes in the network; and n is total number of 
nodes in the network characterized by ai,j > 0. In each group, 
the node which has the greatest RF will be assigned to be the 
head node of the group and the remaining nodes in the group 
will be regarded as slave nodes that will follow the head node. 

In this mobility model, the head node (hn) in group g 
adopts a Pedestrian Movement Pattern and chooses its next 
direction at time t as follows: 

 ~ 1 , /6  (6) 

The slave nodes (sn) will choose their direction consistent 
with the head node direction as if they were following a 
leader: 

 ~ , /12  (7) 



 
Every node, head or slave, chooses its next time speed from a 
normal distribution as follows: 

 ~ 1.2, 0.2  (8) 

3) Model Character Comparison 
An opportunistic network is a mobile scenario in which 

nodes can communicate with each other when they are in the 
radio coverage range. Consequently, contact time is defined as 
the time interval during which the two nodes can keep contact. 
The time interval from this contact to next one is defined as 
inter-contact time during which nodes cannot communicate. 
These two parameters are very important for opportunistic 
network especially in terms of the inter-contact time. Contact 
time can help us determining the capacity of opportunistic 
networks. Inter-contact time is a parameter that strongly 
affects the feasibility of opportunistic networking.  

The inter-contact times and contact durations are 
inherently dependent of the peer movements defined by the 
considered mobility model. To observe the distribution of 
inter-contact times and contact durations generated by the four 
mobility models considered in this study, we ran 50 
simulations, each of them with duration of 1000 seconds. 
Figure 1 and Figure 2 give the contact time distribution and 
inter-contact time distribution in different coordinate systems. 
In Fig. 1 left, we can see that the four mobility models’ inter-
contact time distribution resembles an exponential 
distribution. In Fig. 1 right, the contact time distributions show 
a more marked difference. The two individual mobility 
models’ curves are still exponential-like curves, but the group 
models look like a power law. In Fig. 2 we can see the 
difference between the curves more clearly, using semi-log 
coordinate system. The exponential nature of the inter-contact 
time shown in Fig. 1 left is confirmed by the linear shape of 
the distributions reported in Fig. 2 left.  

In terms of the probability of the inter-contact time being 
larger than a certain time x, the results of the four mobility 
models are as follows: 

  (9) 

Smaller probability means that in the corresponding mobility 
model contact events occur frequently, which corresponds to a 
larger degree of randomness in the nodes mobility patterns. In 
this sense, we see that the individual mobility model RP 
proposed in [1] and its corresponding group mobility model 
GRP proposed here are characterized by a smaller degree of 
randomness than the other two models, thus taking into 
account pedestrian or social behavior in a more realistic way. 

 

Figure 1. Inter-contact time cdf and contact time cdf in log-log coordinates. 

 

Figure 2. Inter-contact time cdf and contact time cdf in semi-log coordinates. 

IV. SIMULATION  RESULTS 
We assume the user can wait at the same position for a 

period of time long enough to obtain good location estimation, 
i.e. the final error can meet his requirement. Figure 3 gives a 
localization error example under RWP mobility model. From 
it, we can notice that the localization error curve reaches an 
accuracy threshold as waiting time increases. The horizontal 
dash line is the mean accuracy. It is computed as the mean of 
the error curve between times [30sec 120sec] where 30 
seconds is the default warm-up time. In Tables 1 to 4, by 
running 50 times the simulation with different random seeds, 
we compare the effect of the waiting time on the final 
localization precision for each different mobility models. As 
expected, from these tables, we can see that the mean 
localization error decreases as the waiting time increases. In 
fact, 2 minutes are enough to achieve satisfying localization. 
For example, in terms of RWP, within 2 minutes the mean 
accuracy is about 1 meter.  

In Fig. 4, a comparison among different mobility models is 
shown using the weighted LMI+barycenter localization 
method (waiting time=120 seconds). In terms of the mean 
localization error, the curve based on RWP is very often below 
1 meter. This indicates that under RWP model our weighted 
localization scheme works quite well.  The curve based on RP 
also gives us a good result. Most of the values are below 2 
meters. In contrast, on the two curves based on group mobility 
models, such as GRP and GRWP, values are usually less than 
3 meters, which can be considered an acceptable performance 
for most applications.  

The weighted LMI+barycenter mean error curve increases 
in the following order: RWP, RP, GRWP and GRP. The good 
performance of RWP is due to its randomness and the known 
issue that with this model mobile nodes are more likely to go 
through the center of the area, exactly where the user is 
located. Therefore during the waiting time, the user can almost 
always find position information of peer nodes available 
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although the passing through peers’ number will be different 
at different time. Compared with RWP, the RP’s randomness 
is lower. And they don’t always have the opportunity to pass 
through the center of the simulation area therefore it may 
happen that no peers are in the user coverage range. This is 
why the accuracy obtained from RP is slightly lower than 
RWP. This problem is magnified in the group models GRWP 
and GRP. When nodes move in group, the user experiences 
different situations: sometimes a lot of nodes communicate 
with it, sometimes no one is in the coverage range. The time 
interval in which the user can’t find even one peer will be 
even longer than these two individual mobility models since 
these nodes begin to move in group. This will decrease the 
accuracy further.  

 
Figure 3. A localization error curve example of RWP (waiting time=120 

sec and warmup time=30 sec). 

TABLE I. RANDOM WAYPOIT MOBILITY MODEL 

Waiting time 1 min 2 min 3 min  4 min 5min

Mean (m) 1.0648 0.7252 0.5753 0.4941 0.4432

Std (m) 0.5540 0.2961 0.2152 0.1786 0.1604

TABLE II. RANDOM PEDESTRIAN MOBILITY MODEL  

Waiting time 1 min 2 min 3 min  4 min 5min

Mean (m) 1.4554 1.2243 1.0834 0.9719 0.8983

Std (m) 0.7022 0.5566 0.4677 0.4051 0.3627

 

TABLE III. GROUP RANDOM WAYPOINT MOBILITY MODEL 

Waiting time 1 min 2 min 3 min  4 min 5min

Mean (m) 1.7143 1.4986 1.3587 1.2520 1.1700

Std (m) 0.7500 0.7232 0.6191 0.5511 0.4964

TABLE IV. GROUP RANDOM PEDESTRIAN MOBILITY MODEL  

Waiting time 1 min 2 min 3 min  4 min 5min

Mean 2.1470 1.8331 1.5657 1.4160 1.2953

Std 1.0499 0.8165 0.6233 0.5686 0.5269

 

 
Figure 4. Weighted LMI+barycenter mean error over 50 experiments (waiting 
time = 120 seconds). 

V. RELATED WORK 
In [10] Doherty et al. pioneered the semi-definite 

programming (SDP) method in localization problem. The 
localization problem is tried to be considered as a bounding 
problem containing several convex geometric constrains with 
the mathematical representation of linear matrix inequalities 
(LMI). However, in this paper no mobility is applied. Nodes 
are assumed to be static. The Centroid localization method [11] 
is developed to estimate the user’s location by computing the 
barycenter of all the positions received from those fixed 
beacon nodes. By placing four beacon nodes at four corners of 
a  square testing area, an average localization accuracy of  
with the standard deviation of  can be obtained. However, in 
practice, a uniform placement is not always feasible. To find 
the optimum deployment of those beacon nodes for a given 
application may consume a lot of labor. In the APIT method 
[12], a user chooses three beacon nodes around him as the 
triangle vertex point and uses the APIT algorithm to test if he 
is lying in the triangle. If the APIT test can be passed, i.e., at 
least one node’s signal is becoming stronger when the user 
move towards any direction, the barycenter of the triangle will 
be taken as the location estimation of the user. Continuously, 
another different three nodes will be chosen to face the APIT 
test again. If the new test can also be passed, the barycenter of 
the intersection of the triangles will be used. By analogy, the 
user will repeat this APIT test until all combinations are 
exhausted or the satisfying accuracy is achieved. It is 
noticeable that since the APIT test is used under the condition 
of static beacon nodes, accomplishing it is still not an easy 
thing. Even there are special cases in which APIT test can’t 
supply a correct examination about whether the user is 
resident in the triangle he chooses: experiments in [12] shows 
that APIT test may fail in less than 14% of the cases. Other 
research works jointly solve the time synchronization and 
localization problems. For instance, Enlightness [13] relies on 
the availability of beacon nodes (at least 5% of the nodes) 
providing absolute time and space information, like the GPS 
in outdoor environments. Enlightness combines recursive 
positioning estimation [14] with a clock offset estimation 
scheme based on the measure of beacon packet delays and 
timestamps.  
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VI. CONLUSION AND FUTURE WORK 
In this paper we have demonstrated the impact of the 

mobility model used on the evaluation of the accuracy of our 
weighted LMI+barycenter localization scheme. The obtained 
accuracy varies from below 1 meter to below 3.5 meters using 
the same setup with different mobility models. Taking into 
account groups decreases the performance. However, the 
obtained accuracy is still acceptable in many scenarios.  

It should be noted that in [4] the real traces from 
Dartmouth College and UCSD show a power law distribution 
with respect to inter-contact time. From this point of view, it 
may imply that the two group models in this paper are still not 
the most realistic ones. The reason may lie in the assumption 
that nodes are not allowed to move among different groups. 
This will be improved in our future work. However, they take 
into account many features that the individual models do not 
consider, making results more accurate. 

In the future developments, we will consolidate this work 
by relaxing a number of assumptions. We will investigate the 
relationship between the monitored RSS and a maximum 
distance for WiFi radios. We will introduce a more realistic 
communication channel taking into account noise and 
interferences, and drifting self-estimations of peer positions 
with periodic reset, and exploit new public mobility traces.  
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