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SUMMARY
Opportunistic networks are mobile networks that rely on the store-carry-and-forward paradigm, using
contacts between nodes to opportunistically transfer data. For this reason, traditional routing mechanisms
are no longer suitable. The use of additional routing criterion, such as social information about nodes, can
increase the probability of successful message delivery. Popularity of a node, another important routing
criterion, can be inferred using the betweenness centrality, meaning the number of times the node is on
the shortest path between any other two nodes in the social graph. However, computing the betweenness
centrality is impossible in practice, especially when connectivity between individuals is transient, and each
node has only a local view of the entire network. We propose a fundamental rethinking, where nodes and
not paths are the observation focus. In our approach, we compute the probability of a node to participate
in a path formation (e.g., the probability of a node to lead to the next popular path). We present our
solution, which takes inspiration from the PageRank approach, and present an algorithm to compute and
update the popularity of nodes using the probability of each node to be used as carrier for random messages
traversing the network. We demonstrate that this approach is highly robust, numerical insensitive to errors
and converges fast, meaning it can be easily adopted in resource-constraint environments formed between
highly-mobile wireless devices. Our experimental results sustain our empirical observations for various case
studies. Copyright c 2013 John Wiley & Sons, Ltd.
Received . . .
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1. INTRODUCTION
Ever since mobile devices such as smartphones and tablets have become ubiquitous, there has been
a steady increase in research concerning mobile networks. One particular case is represented by
opportunistic networks (ONs), which are dynamically formed when mobile devices collaborate to
form communication paths while users are in close proximity. In opportunistic networks, mobile
devices are data providers, data receivers, as well as data transmitters; they act according to a
store-carry-and-forward paradigm [25]. This implies that an ON node stores a message, carries
it around until it encounters its destination or another node that has a higher chance of reaching the
destination, and then forwards it.
The main challenge of routing and dissemination in opportunistic networks is deciding whether an
encountered node is suitable for transporting a given message closer to its intended recipient. Since
ONs are decentralized, each node (which is a mobile device) only has information it gathers from
contacts with other nodes. Thus, a node is not aware of the topology of the network. Furthermore,
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we cannot speak of an actual topology, since nodes are highly mobile and the shape of the network
is rapidly changing.
Given that nodes in an opportunistic network are mobile devices carried by humans, the social
habits and relationships of the carriers play an important role in the behavior of the network.
Therefore, several of the previous solutions for opportunistic routing and dissemination, like
BUBBLE Rap [13], have focused on using the popularity of nodes (with algorithms borrowed from
social networks theory). In such social-driven solutions, popular nodes are considered to have a
more prolific role in the network than others, because they are more prone to have encounters with
other nodes, and so they are able to spread more messages to other nodes in the network. In previous
work, the decision of whether a node is popular or not is given by its betweenness centrality, which
is a term borrowed from the social networks theory. It signifies the number of times a node is on
the shortest path between two other nodes in the social graph. However, computing the betweenness
centrality according to its definition is almost impossible in practice, because it requires a global
view of the entire social network formed by the nodes in the ON. Methods such as measuring
the betweeness centrality in parts (on clusters of nodes) still exist, but as previous studies have
shown, they can lead to non-optimum local results [26]. Various approximation algorithms have
been also used, such as single-window (S-window) or cumulative-window (C-window). The Swindow algorithm computes centrality as the number of encounters the current node has had in the
last time window, while the C-window algorithm counts the number of individual nodes encountered
for each time window and then performs an exponential smoothing on the cumulated values. Other
proposed solutions [8] use the degree centrality of the node in the social graph instead, which is the
number of social links the device’s owner has with the other participants in the ON.
In this paper, we propose a novel method of computing and updating a node’s centrality based
on the PageRank algorithm [24] used by many popular search engines to compute the popularity
of Web pages. In practice, this can mean that the popularity of a node is given by its chance
to participate in a path formation (e.g., node to lead to the next popular path). The algorithm
assigns a numerical weighting to each element of a hyperlinked set of entities (e.g., the Worldwide
Web), with the purpose of “measuring” their relative importance within the set. For opportunistic
networks, we analyze the link between nodes in the network in order to establish the centrality
of a node. We assign a numerical weighting to each link in the network denoting the probability
for a node to be considered in a virtual circuit formed for data delivery. The algorithm formed
this way offers numerical stability and fast convergence in its implementation. The adaptive, stable
and fast convergent approach applied to centrality computation and considering all changes in a
network ensure fast decisions in routing and data delivery processes. The PageRank approach used
for centrality computation is new in opportunistic networks analysis. We will present in Related
Work section the existing approaches.
With this, the contribution of this paper is twofold: 1) we first present the proposed PageRank
algorithm to update the popularity of nodes between nodes using the probability of each link to be
traversed by messages circulating within the network; 2) we next demonstrate that our approach is
highly robust, numerical stable (theoretical proved) and converges fast, which means that is can be
easily adopted in resource-constraint environments formed between highly-mobile wireless devices.
The rest of the paper is structured as follows. Section 2 shows how previous methods make use of
a node’s centrality for routing and dissemination in opportunistic networks and how they compute
it. Section 3 presents our proposed method for estimating and updating a node’s centrality based
on the PageRank algorithm, together with demonstrations of its stability and good convergence
rate. Section 4 highlights the experimental results of our method. Finally, Section 5 presents our
conclusions.

2. RELATED WORK
A thorough review of opportunistic networking is presented in [9]. The analysis, developed in
the context of the EU Haggle project, highlights the properties of main networking functions,
including message forwarding, security, data dissemination and mobility models. The authors also
Copyright c 2013 John Wiley & Sons, Ltd.
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propose various solutions for communication in ONs, such as PROPICMAN [22] or HIBOp [3].
Other well-known opportunistic routing and dissemination solutions include the Socio-Aware
Overlay [32], Wireless Ad Hoc Podcasting [20] or ContentPlace [4].
A taxonomy for data dissemination algorithms splits them in four large categories [6]. The
first category deals with the infrastructure of the network, meaning the way the network is
organized into an overlay for the nodes. Then, the dissemination techniques are also split according
to the characteristics of their nodes, such as node state and node interaction (which includes
node discovery, content identification and data exchange). The third category of the taxonomy is
represented by content characteristics, meaning the way content is organized and analyzed, and
finally the last category (and the most important one) is social awareness. Social awareness is
considered to be the future of opportunistic networks, because the nodes in such a network are
mobile devices carried by humans, which interact with each other according to social relationships.
Several previous methods for routing and dissemination in ONs use the popularity of a node given
by its centrality as a means of deciding which nodes are more likely to transport messages to their
intended destinations. BUBBLE Rap [13] is such an algorithm which assumes that a mobile device
carrier’s role in the society is also true in the network. Thus, the first part of the algorithm is to
forward data to nodes that are more popular than the current node. The second assumption made
in BUBBLE Rap is that the communities people form in their social lives are also observed in the
network layer, therefore the second part of the algorithm is to identify the members of the destination
community and pass them the message. Therefore, a message is bubbled up the hierarchical ranking
tree using a global popularity level, until in reaches a node that is in the same community as
the destination. Then, the message is bubbled up using a local ranking until it reaches the actual
intended recipient of the message. The popularity of a node is given by its betweenness centrality,
which is the number of times a node is on the shortest path between two other nodes in the network.
Community detection is done using k -CLIQUE [14], an algorithm that dynamically detects the
community of a node by analyzing its encounters with other devices. There are two reasons that
modularity can’t be used for comunity detection in opportunistic networks. First of all, it is applied
on static social networks, where the social links between nodes and their strengths are known in
advance. However, in ONs, there are no social links to begin with, and nodes move around the
network and interact with each other dynamically. Therefore, a distributed method of dynamically
computing these communities is needed, and this is the reason why k -CLIQUE is used. Secondly,
the modularity method is unable to correctly detect small communities, since it suffers a resolution
limit. There are two important parameters to the k -CLIQUE algorithm: the contact threshold and the
community threshold. The contact threshold specifies the amount of time that two nodes have to be
in contact before being considered as part of the same community, while the community threshold
is used to specify the number of community nodes two encountering devices must have in common
in order for them to belong to the same community. The centralities are computed by replaying the
last collected mobility trace, applying a flooding algorithm and then computing the number of times
a node acts as a relay on a shortest path. However, this implementation of BUBBLE Rap proves to
be unfeasible in real life. Therefore, a distributed version entitled DiBuBB was also proposed by the
authors [13]. It uses distributed k -CLIQUE for community detection and a C-window or S-window
algorithm for centrality computation.
Another method that uses the popularity of a node in the routing process is presented in [8],
where four improvements to the original BUBBLE Rap algorithm are presented. They are entitled
Social, Max, Popularity and Popularity Squared, and are based on the supposition that using
information about the social relationships between the members of an opportunistic network instead
of computing communities on-the-fly with k -CLIQUE can increase the effectiveness of routing. The
Social method uses information about two nodes’ social connections (taken from places such as
Facebook or Google+) to check if two nodes are in the same community or not, in order to decide
whether to use the local or the global centrality. The Max version of BUBBLE Rap computes
a node’s popularity as the maximum between its degree and its betweenness centralities (both
normalized to the number of nodes in the network). The degree centrality is defined as the number
of social connections a node has inside the ON [21]. The Popularity version uses a weighted sum of
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the degree and the betweenness centralities as the popularity of a node, while the Popularity Squared
version uses a weighted squared sum.
However, using a globally-defined node centrality may result in a bias towards the most popular
nodes, which may not always be suitable candidates for forwarding messages intended for specific
recipients. This may happen because the popular nodes may have low importance levels relative to
some subsets of target nodes, which means that messages may reach those destinations with high
delays (or not at all). For this reason, a method entitled OFPC [33] has been proposed, that performs
opportunistic forwarding with partial centralities (defined as the relative importance of nodes in
relation to subsets of the ON).
The efficiency of routing in ONs using centrality metrics has also been studied in recent
years [23, 31]. It has been shown that routing using the classic centrality values as defined in social
networks theory is not optimal because of three main reasons. First of all, the routing decisions
thus made are greedy and agnostic to the destinations of the messages. Secondly, the performance
of the resulting algorithms is very sensitive to the graph of encounters over which the centrality is
computed, and finally, the global centrality values have to be approximated for practical reasons.
This is why we propose in this paper a PageRank-based method for computing and dynamically
update a node’s centrality, since we show that it converges, and the method proposed here also
computes the probability that, if two nodes are connected, they can deliver a message at a given
point in time.
The PageRank updating algorithm was analyzed and improved in previous works. Ipsen and
Kirkland show in [15] that the an iterative aggregation/disaggregation method is at least as good as
that of the power method. Furthermore, by exploiting the hyperlink structure of the network it can be
shown that the asymptotic convergence rate of this method applied to the Google matrix can be made
strictly faster than that of the power method. So, this is a strong pillar for our proposed updating
algorithm. A mathematical analysis of PageRank when α changes was given by Boldi, Santini and
Vigna in [2]. They show that, for real-world graphs values of α close to 1 do not give a meaningful
ranking. They also prove that the k -th iteration of the Power Method gives exactly the value obtained
by truncating the PageRank power series at degree k . This is a very important results regarding
method convergence. The fundamental properties of PageRank concerning stability, complexity of
computational scheme, and critical role of parameters involved in the computation were given by
Bianchini, Gori and Scarselli in [1]. They present an analysis of the distribution of the page score,
the role of dangling pages (pages with no outlinks), and the secrets for promotion of Web pages.
3. ADAPTIVE PAGERANK METHOD FOR ESTIMATING CENTRALITY
In this section we introduce the mathematical model used for centrality computation and, more
important, we prove that the proposed method is stable and has a good convergence rate. We use
the model next to propose an improved algorithm over the standard iterative for computing the node
centrality.
Definition 1. Let’s consider an opportunistic network, OpN et, with maximum n nodes. The
Markov model of OpN et represents the graph encoded as a square matrix P whose element pij
is the probability of interaction of node i with node j (interaction initiated by node i).
Definition 2. The centrality of a node within a graph is a measure to determine its relative
importance in that graph (i.e. how influential a person is within a social network, or how wellused a road is within an urban network [10]). Borrowed from social network analysis, there are
four measures of centrality that are widely used today in network analysis: degree centrality,
betweenness, closeness, and eigenvector centrality. For example, the measure betweenness
centrality [21] signifies the number of times a node is on the shortest path between two other nodes
in the social graph.
We consider P to be a valid probability matrix. This means that for every node must have at
least 1 outgoing transition (there is no fully isolated node that can participate in an OpN et), so, P
should have no rows consisting of all zeros. The interaction probability matrix P is build from the
Copyright c 2013 John Wiley & Sons, Ltd.
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structure of the opportunistic network, OpN et, to be stochastic and primitive. A link from a node
i ∈ OpN et to another link j ∈ OpN et can be seen as an evidence that j is an important node, and
this assumption will be used for centrality computation.
Definition 3. The rank of a node n in a OpN et is defined as the probability that at some particular
time the node n is considered as a part of a virtual circuit formed for data delivery in OpN et.
After a large period of time we can consider that this probability is unique, so it can be used with
success as a metric for nodes evaluation. In real-world, is it possible for a node to have no interaction
for a period of time. In that case, if in the P matrix some rows contain all zeros, we will replace
all zeros rows with n1 eT , where e = [1]n×1 (a column vector of all ones) and n is the order of the
matrix (the number of nodes).
Definition 4. Let’s consider d a n × 1-dimensional column vector identifying the nodes with outdegree 0 (deg(i) represents the degree of a node):
(
1, if deg(i)=0
d(i) =
(1)
0, otherwise
Therefore, we will compute a new non-negative and irreductible matrix P 0 ∈ Rn×n as follows:
1 T
ed .
(2)
n
According to the Ergodic Theorem for Markov chains [11], the chain defined by P’ has a unique
stationary probability distribution if P’ is aperiodic and ireductible [28, 29].
P0 = P +

Definition 5. Considering g ∈ Rn , a column vector that contains the centrality scores of all nodes
in a OpN et, the PageRank mathematical problem [24] is defined as:


1−α T
T
0
g
αP +
ee
= gT
(3)
n
where 0 ≤ α ≤ 1.
Definition 6. For an OpN et, we can change the uniform vector n1 eT with the more general
vector v T , called the personalization vector, where v(i) represents the probability of node i to be
considered as part of a specific path.
Definition 7. The connectivity matrix for an OpN et is defined as P = αP 0 + (1 − α)ev T , as an
irreductible and aperiodic matrix: all nodes are connected.
As an extention of Definition 7, the additional normalization equation g T e = 1 ensures that g T
is a probability vector, so it can be used to compute the centrality of nodes. The Definition 5 of
PageRank problem can be reformulated now:
gT P = gT .
T

(4)
T

T

T

The row vector g can be found by solving the eigenvector problem g P = g (i.e. P g = g ),
or by solving the homogeneous linear system g T (P − In ) = 0T .
The Power Method used to solve this problem will use an initial approximation g (0) and will
T
compute in step p: x(p+1) = P x(p) . So, the multiplication operation is used for several times.
Algorithm 1 presents the matrix-vector multiplication used in each step of the Power Method
algorithm (introduced first by [16, 17]). A method for updating PageRank with iterative aggregation
is also used to speed-up the PageRank convergence [18].
Definition 8. The upper bound for convergence, , is introduced with no dependency on nodes in a
OpN et as a convergence rule for PageRank Power Method algorithms (presented in Algorithm 2),
for any node i:
||g (p+1) − g (p) ||1
<
(5)
||g (p) ||1
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Algorithm 1 Calculate y = P x
Require: α introduced in Definition 5 (0 ≤ α ≤ 1);
1: P matrix introduced
 by Definition 1 and the personalization vector v to compute P
1
edT + (1 − α)ev T ;
2: P = α P + n
3: x ∈ Rn , x 6= 0.
T
Ensure: y = P x
T
4: y = αP x.
5: k = ||x||1 − ||y||1 .
6: y = y + kv .

The method for estimating centrality will be computed using PageRank Power Method, presented
in Algorithm 2 using the convergence criteria introduced by 5.
Algorithm 2 PageRank Power Method
1:
2:
3:
4:
5:
6:
7:

procedure PAGE R ANKPM(P, d, v, α, g (0) , )
P = α P + n1 edT + (1 − α)ev T
. 0 ≤ α ≤ 1;
repeat
T
g (p+1) = P g (p) .
. g (0) ∈ Rn , g (0) =
6 0 is an initial approximation;
||g (p+1) −g (p) ||1
δ=
.
||g (p) ||1
until δ < 
.  > 0 is the convergence rate.
end procedure

We are interested to estimate how sensitive is the centrality vector (the g - PageRank vector) to
perturbations of P 0 matrix, to changes in damping factor α, and to changes in personalization vector
v.
Let’s consider that g T P = g T is the normal PageRank problem and g̃ T P˜ = g̃ T . We will compute
the error ||g̃ − g||1 and we have the following results:
˜ = α(P 0 + δP ) + (1 − α)ev T
• Changes in the matrix P [5]. The perturbed matrix will be: P
and the error is:
α
||g̃ − g||1 ≤
||δP ||∞
(6)
1−α
˜ = (α + δα)P 0 + (1 − (α +
• Changes in Damping Factor α [19, 2]. The new matrix will be: P
δα))ev T and the error is:
2
|δα|
(7)
1−α
˜ = αP 0 + (1 − α)e(v + δv)T and the
• Changes in vector v [5]. The perturbed matrix will be: P
error is:
||g̃ − g||1 ≤ ||δv||1
(8)
||g̃ − g||1 ≤

Based on these results we can conclude that the PageRank problem is insensitive to perturbations
for changes in vector v (the factor error estimation is 1). For the other two perturbations approaches,
the sensitivity depends on dumping factor α. Table I presents results regarding sensitivity to
perturbation for different values of the dumping factor. Here, the small values of the dumping factor
are not convenient because the only contribution in the problem is given by the personalization
vector. The ideal value for the dumping factor can be considered such that to keep the error in
centrality vector under the errors presented in inputs (in all cases). So, the error factor must keep the
α
error range (thus, we can consider ≤ 9.99), and we have the following results: 1−α
≤ 9, 99 means
2
that α ≤ 0, 91 and 1−α ≤ 9, 99 means that α ≤ 0, 79. So, we will keep the value α = 0, 79. Note: we
will consider in all numerical computations the precision of the first two digit after decimal point.
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α

0.10
0.50
0.79
0.85
0.99

Changes in the matrix P
α/(1 − α)
0,11
1,00
3,76
5,67
99.00

Changes in Damping Factor α
2/(1 − α)
2,22
4,00
9,53
13,33
200,00

7

Changes in vector v
1
1
1
1
1
1

Table I. Values of error factors for perturbed PageRank problem.

For the web value, α = 0.85 the error factor is higher than 10 for the perturbation in damping
factor, so it can not be a good approach for our problem. For changes in vector v we have stability
for any value of the damping factor.
We consider that in Algorithm 2, the personalization vector can suffer changes in time: v →
v + δv . The OpN et is a dynamic network, so it is possible that one value in this vector changes
according with node interactions and feedbacks. This means that the probability of a node to
be considered for a specific path in OpN et can increase or decrease in time. In conclusion,
the centrality of all node will be affected by this changes. We study the numerical stability of
PageRankPM presented in Algorithm 2 and we study how a small change in the input (v + δv )
affects the execution of the algorithm, as well as its output. We will consider that in a numerically
stable algorithm, small errors in the input (lessen in significance) will have little effect on the final
output. If the algorithm is numerically unstable, errors in the input cause a considerably larger error
in the output.
We will consider the following result (adapted to personalization vectors):
Theorem 1. (Convex CombinationsPof Personalization Vectors): For any convex combination
q
of q personalization
vectors, v T = i=1 ai viT , with ai ≥ 0, we have the convex combination:
P
q
gvT = i=1 ai gvTi .
Proof
The proof is given in [27], Theorem 2.2.
Remark 1. We can consider that a small change in the input v + δv is a convex combination of two
personalization vectors. The second vector δv encodes the probability change for one single node
for a specific route in an OpN et.
Remark 2. For a small change in the input, v + δv , we will consider a g + δg change of the output.
We will study the stability of a new algorithm used for centrality update: the computation of δg and
the absolute error. It is important to mention that δg is not a centrality vector!
Remark 3. For a centrality vector g we have ||g||1 = 1. The new centrality vector g + δg will respect
the same condition, so ||g + δg||1 = 1. Considering these, we have g T e = 1 and (g + δg)T e = 1, so
δg T e = 0. This means that an increase in centrality value for one node will affect, by decreasing,
the centrality for other nodes.
We will proof the following theorem:
Theorem 2. Let’s consider a small changes of input for a personalization vector: v + δv . The
computation method of output changes (g + δg ) is numerical stable and convergent.
Proof
The numerical stability was proofed by results (8): ||δg||1 ≤ ||δv||1 . Now, the malformed PageRank
method can be written as:




αP 0 + (1 − α)e(v + δv)T

T

(g + δg) = g + δg,
T
αP 0 + (1 − α)ev T + (1 − α)eδv T (g + δg) = g + δg,
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T

P + (1 − α)eδv T (g + δg) = g + δg.
T

We will consider the initial PageRank problem P g = g and we have:
T

P δg + (1 − α)δveT (g + δg) = δg.

Now, considering the remark 3, (g + δg)T e = eT (g + δg) = 1, we have:
T

P δg + (1 − α)δv = δg,



T
In − P
δg = (1 − α)δv,
T

δg = P δg + (1 − α)δv,

which is similar to a classical PageRank problem. The PageRank problem is convergent [12]. So,
we can define an iterative method to compute δg as:
T

δg (k+1) = P δg (k) + (1 − α)δv.

starting with any initial approximation δg (0) .

Based on this result we will describe the steps for a centrality update algorithm (see Algorithm 3).
Algorithm 3 Centrality Re-Computation Algorithm
1:
2:
3:
4:

procedure C ENTRALITY U PDATE(P, d, v, α, g (0) , δv, )
g = PageRankPM(P, d, v, α, g (0) , ).
0
T T
 . Solve the system: [αP + (1 − α)e(v + δv) ] (g + δg) = (g + δg).
1
0
T
P = P + n ed .

5:
6:

P = αP 0 + (1 − α)ev T .
repeat
. Compute δg using method proposed in Theorem 2.
T
δg (k+1) = P δg (k) + (1 − α)δv .

7:

T

(k+1)

δ = ||δg
9:
until δ < 
10: end procedure
8:

−δg (k) ||1
.
||δg (k) ||1

Remark 4. Based on Theorem 2, δg has no dependency with g . Is is computed only using δv and
the P matrix. So, we can apply Algorithm 3 for any updates in the centrality vector, moving step 2
outside procedure CentralityU pdate.
Based on this result we will write a new procedure that will apply multiple changes to centrality
vector. The algorithm considers a set of changes in the probability for a node to be part on specific
path in a OpN et defined by {δv}.
Remark 5. We can start the AdaptiveCentralityU pdate procedure with any initial approximation
g (0) and keeping the same convergence factor () for any updates.
Remark 6. The name AdaptiveCentralityU pdate suggests that we can add the current time
moment, Ti , as a last parameter for this procedure and we can replace step 2 with g(Ti ) =
AdaptiveCentralityU pdate(P, d, v, α, g (0) , {δv}(Ti ), , Ti−1 ), where all changes denoted by {δv}
set are produce at the current time Ti .
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Algorithm 4 Adaptive Centrality Re-Computation Algorithm
1:
2:
3:
4:
5:
6:
7:
8:

procedure A DAPTIVE C ENTRALITY U PDATE(P, d, v, α, g (0) , {δv}, )
g = PageRankPM(P, d, v, α, g (0) , ).
δg = 0;
for any update δvi ∈ {δv} do
δg = δg + CentralityUpdate(P, d, v, α, g (0) , δvi , ).
end for
g = g + δg .
end procedure

4. EXPERIMENTAL RESULTS
We performed our tests using a mobility trace available on CRAWDAD† created at the National
University of Singapore [30]. The trace contains information regarding contacts between students at
the university collected based on information on class schedules and rosters in the spring semester
of 2006. The contacts are created synthetically, based on the assumption that students attending
the same class at the same time are in Bluetooth range of each other, thus having a contact for
the duration of the class. The authors validated this assumption inside the large classrooms of the
campus. Moreover, two students that attend courses in classes that are next to each other are not
considered to be in contact, and the encounters are only registered during study hours. The size of
the campus is of 146 ha, and the total number of students recorded in the trace is 22341. The trace
recorded 4885 sessions (courses that students were attending), with an average number of 40.25
students per session, each student attending an average of 8.8 sessions a week. The diameter of the
student interaction graph is 8, which means that two students are connected by at most 8 hops, with
an average hop distance of 2.45. The trace files contain entries for each contact, which are composed
of the IDs of the encountering nodes (from 0 to 22340), as well as the moment when the contact
occurs and its duration.
In order to run the trace and analyze the contacts between nodes for our purpose, we used the
MobEmu emulator [8]. This is a Java program that allows us to parse a mobility trace and replay it
step by step, while being able to apply a given algorithm at any point during the trace (in our case,
at every contact between two nodes).
Example 1. For our experiments, we initially used the first 500 participants in the trace (based on
the order of their IDs). We ran the k -CLIQUE algorithm [14] for detecting the social communities
formed between the nodes in the opportunistic network represented by the trace. The social
community of a node is represented as a list of other nodes that it has social relationships with,
and it can be seen depicted on the left side of Figure 1, where a star represents a k -CLIQUE
connection between the node on OX and the node on OY. k -CLIQUE computes the communities
by assuming that socially-connected nodes spend more time in contact with each other that with
regular nodes. Therefore, two nodes belong to the same community if they have spent a certain time
in contact (given by the contact threshold) and if they have a certain number of common “friends”
(the community threshold). The values we chose for the contact and community thresholds were
6 hours and 8 respectively, based on obtaining suitable community sizes for all nodes in regard to
the size of the opportunistic network (see the label kclique500-6-8 in Figure 1). We also ran
the emulator with different parameters, namely a community threshold of 10 hours and a contact
threshold of 15 (label kclique500-10-15 in Figure 1), in order to highlight that, when we
increase the two k -CLIQUE parameters, the social communities become sparser. This may lead to
less congestion when using a routing algorithm that takes advantage of nodes that are popular in
several communities, but also to lower hit rates, since nodes are less likely to have large centralities
in multiple communities. The right side of Figure 1 shows the values obtained after computing
† http://crawdad.org/
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each node’s centrality using the PageRank approach presented in Section 3. It can be seen that
the nodes with the highest centrality values are also the nodes that have larger social communities,
since they connect multiple communities with each other. While running k -CLIQUE on the mobility
trace, we also computed a probabilistic cost for the link between two community nodes. This value
is calculated as the total duration that the two nodes have been in contact, normalized with the
maximum contact duration of the trace. This cost acts as an importance (or strength) of the social
connection between two trace participants.
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Figure 1. Experiments for 500 participants. The contact is 6 hours and community threshold is 8.

Example 2. Secondly, we also took the first 1000 participants in the trace using the same
values for the contact and community thresholds: 6 hours and 8 respectively (see the label
kclique1000-6-8 in Figure 2). Similarly, we also tested with parameter values of 10 hours
and 15, as shown in the kclique1000-10-15 charts. The conclusions are similar to the ones
from the first example: larger k -CLIQUE parameters lead to sparser social community matrices,
while nodes with more social connections tend to have higher PageRank centralities.
In both examples we have several nodes that are not connected in the network. The ranks of these
nodes are equal and remain constant over time and are insensitive to any update. Also, Figure 1 and
Figure 2 show that there are several nodes with higher ranks, which means that the popularity of
these nodes are high. Based on these experimental results, it is possible to use the nodes’ centrality
for clustering procedure as an input in any routing protocol.
The numerical stability was proofed by results (8): ||δg||1 ≤ ||δv||1 . We chose  = 10−3 for all
experiments and we obtained ||δv||1 ≤ . The is a theoretical results, so all the experiments obey
these results. The convergence of our method was also proved theoretically in Theorem 2. The
obtained results demonstrate these properties. The reader is also referred [7] to for a more extended
analysis.
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Figure 2. Experiments for 1000 participants. The contact is 6 hours and community threshold is 8.

5. CONCLUSIONS
We proposed in this paper a new model to estimate centrality of a node in a social-based Mobile
Networks by adopting the popularity of nodes introduced as the chance to participate in a path
formation (e.g., node to lead to the next popular path). We presented our solution that considers
the PageRank approach used by many popular search engines to compute the popularity of Web
pages. We used the PageRank algorithm because it offers numerical stability and fast convergence
in implementation. Also, the model for centrality computation in opportunistic networks is similar
to the Web Rank model proposed by Larry Page. The significance with regards to the current
approaches is represented by the adaptive computation of node centrality, the proposed method
being sensitive to changes in the network. According with this, we proposed an algorithm to update
the centrality of nodes using the probability of each node to be traversed by messages circulating
within the network. We proved that our algorithm converges very well, similar to the classical
PageRank problem. We also showed that our approach is highly robust, numerical insensitive
to errors and converges fast, which means that is can be easily adopted in resource-constraint
environments formed between highly mobile wireless devices.
We performed our tests using a mobility trace available on CRAWDAD created at the National
University of Singapore. We conclude that it is possible to consider the rank value as centrality of a
node in order to decide the selection of it in a content distribution path.
As future work we will consider a change in focus from popularity of nodes to popularity of
connections established between nodes. We will reconsider our proposed algorithm to update the
popularity of links between nodes using the probability of each link, in this case, to be traversed by
messages circulating within the network. As future study, also some the decomposition approach of
this method will be studied for large networks. We will study the algorithm in relation with many
similar ON routing algorithms, using various case studies.
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