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Abstract
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. To increase the probability
of successfull message delivery, we propose SPRINT,
an opportunistic routing algorithm that introduces an
additional routing criterion: online social information
about nodes. Furthermore, previous results show that,
for particular environments, contacts between devices
in opportunistic networks are highly predictable. When
users follow rare events-based mobility patterns, we
show that human mobility can be approximated as a
Poisson distribution. Based on this result, we add an
additional prediction component into our routing algorithm. Our solution delivers better results compared
to traditional social-based routing approaches, for
different real-world and synthetic mobility scenarios.

1.

Introduction

The emergence and wide spread of new-generation
mobile devices create the premises for new means
of communication and interaction using alternative,
ad-hoc networks such as opportunistic networks (ONs).
An ON [1] is a type of delay-tolerant network (DTN)
established in environments where human-carried mobile devices act as network nodes and are able to
exchange data while in proximity. Whenever a destination is not directly accessible, a source opportunistically forwards data to its neighbours (nodes in wireless
range). The latter act as carriers and relay the data
until the destination is reached or the messages expire.
Routing algorithms for ONs are either mobility-aware
or social-aware. The former (which includes protocols
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such as PRoPHET [2]) takes routing decisions based
on the number and duration of node encounters; the
latter (which includes BUBBLE Rap [3]) relies on the
knowledge that the nodes of an ON are people carrying
mobile devices. Since it is generally believed that
individuals of a certain type are more likely to interact
with members of the same type, one can exploit the
social relationships between participants in the ON in
order to develop effective routing methods, which are
able to bring messages close to a destination with high
probability.
Traditionally, social-aware ONs rely on the history
of contacts to statically determine social relationships
between nodes. Here we extend this and propose an
ON algorithm that introduces an additional social routing criterion: online social information about nodes.
We note that nowadays it is feasible to assume that
such information is available when forwarding, due to
the integration of social networks such as Facebook,
Twitter of LinkedIn in various mobile applications.
Moreover, previous results show that, in certain types
of environments, contacts between opportunistic devices are highly predictable. When users follow rare
events-based mobility patterns, we show that human
mobility can be approximated as a Poisson distribution.
Based on this result, we add an additional prediction component into the proposed routing algorithm.
We show that our approach produces better results
when compared to traditional social-based routing approaches, for both real-world traces, as well as for
synthetic mobility scenarios.
The contribution of this paper is twofold. Firstly,
we introduce a novel ON routing algorithm entitled
SPRINT (Social PRedIction-based routing in opportunistic NeTworks) that takes advantage all these aspects, while enhancing their functionality. It not only
uses social information about the ON participants
learned from the history of contacts, but also from
social networks. In addition, it includes the possible

Poisson-based prediction of a node’s future behaviour
in the routing decision. Secondly, we demonstrate
through extensive experiments, using both real-world
mobility traces and synthetic models, that SPRINT optimizes previously proposed social-aware opportunistic
routing solutions. It is capable, in fact, to improve hit
rate, latency, delivery cost and hop count.

2.

Related Work

A detailed review of opportunistic networking is
performed in [4]. Relevant forwarding algorithms, such
as BUBBLE Rap [3] or PROPICMAN [5], are analyzed. Other popular ONs routing algorithms include
dLife [6], PRoPHET [2], or CiPRO [7]. We compare
our solutions to BUBBLE Rap, one of the most
well-known and effective socially-aware opportunistic
routing techniques. We don’t focus on comparisons
with history-based algorithms such as PRoPHET in
this paper because we are also dealing with less
predictable environments, but we will attempt to do so
in future work. BUBBLE Rap uses social knowledge
about the nodes in the network to deliver messages. As
such, it forwards data to nodes that are more popular
than the carrier node, bubbling it up a hierarchical
ranking tree using a global popularity level. A node’s
popularity is the value of its betweenness centrality,
i.e. the number of times the node is on the shortest
path between any other two nodes in the network.
Communities in BUBBLE Rap are dynamically discovered using k-CLIQUE [8]. Another socially-aware
middleware that learns information about the nodes in
the network and then uses it to predict their future
movement is proposed in [9].
The prediction of the future behaviour of nodes
in DTNs is treated in several papers. In [10], the
behaviour of a time series is modelled as a Poisson
distribution, which in turn is modulated using a hidden
Markov process. The authors show that using a Poisson model is significantly more accurate at detecting
future behaviour and known events than a traditional
threshold-based technique. Since contact information
in an ON is also a time series, we believe that it
can also be approximated as a Poisson distribution
for certain situations (like an academic environment).
These results are based on the assumptions that human behaviour and mobility are predictable, an aspect
previously demonstrated in [11] and [12]. The type of
distribution that can approximate this behaviour may
vary depending on the environment and the situation,
therefore our proposed algorithm has a modular pre-

diction component (as shown in Sect. 4). This means
that it can be replaced with any prediction method,
depending on the current ON characteristics.
For testing the results of our implementation,
we use five publically-available mobility traces. UPB
2011 [13] and UPB 2012 [14] are two traces taken in
an academic environment at the University Politehnica
of Bucharest, where the participants were students
and teachers at the faculty. UPB 2011 includes Bluetooth data collected for a period of 25 days by 22
participants, while UPB 2012 contains Bluetooth and
WiFi data and had a duration of 64 days, with 66
participants. St. Andrews [15] is a real-world mobility
trace taken on the premises of the University of St.
Andrews and around the surrounding town. It lasted for
79 days and involved 27 participants that used T-mote
Invent devices with Bluetooth capabilities. The main
advantage of these three traces is that they also include
social information about participating nodes, gathered
from social network information (e.g. Facebook) about
the users in the experiments, in the form of a graph
of social connections. As shown in Sect. 4, we use
this information in the routing process. Moreover, these
three traces were all taken in an academic environment,
which is a scenario where we have a high degree of
predictability (as demonstrated in [16]). The Content
trace [17] contains Bluetooth sightings recorded in
various locations around the city of Cambridge that
were likely to be visited by many people. Finally,
Infocom 2006 [17] was collected during the IEEE
Infocom scientific conference in Barcelona, Spain. Its
participants were 78 students and researchers attending the student workshop, as well as 20 stationary
Bluetooth-capable iMotes. We also tested our algorithm using HCMM [18], a synthetic mobility model
that tries to replicate the behaviour of nodes in a DTN.
It assumes that nodes are driven not only by the social
relationships between them, but also by the attractions
of physical locations. HCMM is based on the caveman
model and assumes that each node is attracted to its
home cell according to the social attraction exerted on
that node by all nodes that are part of its community.

3.

Contact Prediction

In a previous paper [16], we analyzed the predictability of nodes’ mobility considering contact distribution of nodes over time under several real-world
data traces, which contain data collected in academic
environments, where we expected to see evidence that
users tend to follow mobility patterns (as previously

shown in [12]). We showed that, by using contact history for these three traces, we are able to predict how
many contacts would a node have in a given one-hour
interval, by using a Poisson distribution. Although
these results are mainly applicable to environments
where there are regular contacts at given times, our
algorithm still behaves well for other types of environments because it also includes other components
that adapt the routing decision using extra social and
message-state information. Additionally, the contact
prediction mechanism is implemented as a SPRINT
module, which can easily be replaced with prediction
modules suitable for different environments.

4.

The SPRINT Algorithm

Each SPRINT node has a data memory and a cache
memory. The former is used to store data objects (messages), while the cache memory contains the node’s
previous encounters with other ON participants. When
two nodes meet, they exchange information about each
message in their data memory, which includes a hash
of the message’s content (its unique ID), the source
and destination, the generation time, and the number
of hops traversed so far. Generally, we assume that the
ON nodes are aware of the IDs of the members of
their communities in advance. If this is not the case,
a distributed community detection algorithm such as
k-CLIQUE [8] is used. Based on this information, each
node computes utility values for the messages in its
own memory, as well as for the ones advertised by
the encountered node. The formula used by a SPRINT
node A to compute the utility of a message M is:
u(M, A) = w1 ∗ U1 (M, A) + w2 ∗ U2 (M, A)

Messages from both nodes are sorted according
to their utility values. If some of the messages with
high utility values belong to the encountered node,
a download request is sent for each of them. The
node then starts transferring these messages in utility
order, until it has finished downloading all the required
messages or the two encountering nodes are not in
range anymore. In the formula, w1 and w2 are weight
values which follow the conditions that w1 + w2 = 1
and w1 > w2 . U1 and U2 are utility components
computed according to the following formulas:
U1 (M, A) = f reshness(M ) + p(M, A) ∗ (1 −

U2 (M, A) = ce (M, A) ∗

enc(M, A)
)
24

sn (M ) + hop(M ) + pop(A) + t(M, A)
4

The f reshness(M ) component of U1 favours new
messages. The value is set to 0.5 if the message has
been created less than a day ago, and to 0 otherwise.
This means that in the beginning, when new messages
are created, they are spread to several nodes (the
utility value is high). As messages travel along the
network, they are forwarded only to other nodes that
maximize the changes of succesful delivery. p(M, A)
is the probability of node A being able to deliver a
message M closer to its destination. The term is based
on predicting a node’s behaviour, combined with the
idea that a node has a higher chance of interacting with
nodes it is socially connected with and/or has encountered before. It is an environment-specific function that
can be configured according to the contact distribution
of the network SPRINT is used in. For the academic
environments presented in Sect. 2, we compute it based
on the knowledge that the node contacts follow a
Poisson distribution [16]. We start by analyzing the
cache memory and counting how many times node A
encountered each of the other nodes. If a node has
been previously met in the same day of the week or
in the same two-hour interval as the current time, the
total encounters value is increased by 1. For the nodes
encountered in the past that are in the same social
community as node A, the total number of contacts
is doubled. The reason we add 1 to the total number
of encounters for nodes that have been met in the same
day of the week or in the same two-hour interval is that
there is a certain regularity in the behaviour of nodes in
an academic environment. Therefore, there should be
a higher probability of encountering nodes that have
been seen in the same intervals. There is a similar
reason for doubling the total number of contacts when
the past nodes are in the same community as node
A, since a social opportunistic node tends to interact
more with other members of its own social community.
We then compute the probabilities of encountering
nodes based on past contacts by performing a ratio
between the number of encounters per node and the
total number of encounters. The next step consists of
computing the number of encounters N that node A
will have for each of the next 24 hours by using the
Poisson distribution probabilities [16] and choosing
the value with the highest probability as N . We then
pick the first N nodes as potential future contacts
for each of the next 24 hours (sorted by probability),
and for the rest of them p(M, A) is set to 0. U1
also uses enc(M, A), which is the time (in hours)
until the destination of message M will be met by
A according to the probabilities previously computed.
If the destination will never be encountered, then
enc(M, A) is set to 24 (so the product is 0). We are

interested in forwarding the message to a node that will
encounter a message’s destination sooner rather than
later. We multiply p(M, A) by 1 − enc(M,A)
because
24
the sooner a good target for a message is met, the
sooner the node can delete the message.
The second component of the utility function is
U2 . ce (M, A) is set to 1 if node A is in the same
community as the destination of message M or if it
will encounter a node that has a social relationship
with M , and 0 otherwise. The prediction information
computed for U1 is used to analyze the potential future
encounters of a node. The sn (M ) component is set to
1 (and 0 otherwise) if the source and destination of M
do not have a social connection, because if a message
doesn’t have the source and destination in the same
community, the chance of it being delivered by the
source is low (since it will mostly meet community
nodes). Therefore, the messages should be given to a
different node that has the chance of reaching the destination community. hop(M ) represents the normalized
number of nodes that M has visited, pop(A) is the
popularity value of A according to its social network
information (i.e. number of Facebook friends in the
opportunistic network), and finally t(M, A) is the total
time spent by node A in contact with M ’s destination.

5.

Results

We compare SPRINT to a distributed BUBBLE
Rap implementation that employs k-CLIQUE for community detection and a C-window algorithm for centrality computation [3]. If a node A delivers a message
to node B, it still keeps a copy of this message in
memory until its buffer is full and the message is
replaced by a new one. Furthermore, we also compare SPRINT’s hit rate to the Epidemic routing algorithm [19]. We use four metrics for testing SPRINT’s
performance. The first one is hit rate, defined as the
ratio between successfully delivered messages and the
total number of generated messages. Next, the delivery
latency is defined as the time passed between the
generation of a message and its delivery. Another
metric we use is the delivery cost, defined as the
ratio between the total number of messages exchanged
and the number of generated messages, which shows
the congestion of the network. We only count the
actual data messages, and not the control messages
sent when two nodes meet each other. The hop count
is the number of nodes that carried a message until its
destination on the shortest path, and should be low in
order to avoid node congestion. Another metric related

to congestion that we can measure is the amount of
buffer overflow events, but due to space limitations,
we refer you to [20], where we treated this problem.
We ran BUBBLE Rap, Epidemic and SPRINT on
five traces, attempting to simulate an academic environment. Thus, every weekday, each node generates
30 messages with destinations chosen based on its
social relationships using a per-node Zipf distribution
with an exponent of 1. We chose Zipf because it has
been shown that data requests and sends follow power
law distributions [21]. Therefore, a node has a higher
chance of sending a message to another member of its
community than to other nodes. Where social information is not available (Content and Infocom 2006),
the destinations are selected randomly. For every trace,
we vary the size of the data memory from 20 to
4500, but we consider it unlimited for the Epidemic
algorithm. The cache memory size is set empirically
to 40. Each of the three algorithms was run five times
on each trace, with varying random seed values, for a
confidence level of 95%. As shown in Sect. 4, SPRINT
uses information obtained from a node’s social network
when computing the utility values. However, Content
and Infocom 2006 do not offer such information, so
in this case we use the communities obtained by
k-CLIQUE instead. These two traces also differ from
the others because they do not represent an academic
environment with a rare events-based mobility pattern,
so the contact distribution can’t be approximated as
Poisson (thus, utility computation only relies on U2 ).
Figure 1 shows that, for UPB 2011, SPRINT’s hit
rate is better than BUBBLE Rap’s for most of the
cases. The maximum improvement is of about 2.3%,
which may not seem so important at first, but we
can see that SPRINT can achieve maximum hit rate
(Epidemic’s hit rate), whereas BUBBLE Rap can’t.
SPRINT also outperforms BUBBLE Rap in terms of
delivery cost and hop count. Distributed BUBBLE
Rap has a limitation regarding hop count, since it
computes node centrality and communities on the fly.
Thus, situations can arise where messages get passed
between the same nodes again and again. Centrality
is computed using a C-window algorithm with 6-hour
windows, so a node’s centrality can differ between
two such 6-hour intervals. This can lead to a message
being delivered from a node A to a node B at one
time interval, and then delivered back from B to
A at a subsequent 6-hour period. Finally, SPRINT
manages to improve latency by up to seven hours.
Although ONs are DTNs, an improvement in response
of seven hours is not negligible and is a step forward
towards a real-life implementation of ONs, since users
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Figure 1. UPB 2011 trace.

Figure 2. St. Andrews trace.

would probably not accept high values of latency so
easily. The situation is similar for UPB 2012, as the
traces were performed in similar conditions. The only
differences were in the trace duration and the number
of participants. Again, the hit rate values are better
at SPRINT, which reaches the maximum hit rate for
the given test scenario. The delivery cost and average hop count are drastically improved by SPRINT,
except when the data memory is 4500. This happens
because SPRINT manages to deliver more messages
than BUBBLE Rap, which are destined for remote
nodes that have few contacts with the other nodes.
When messages are finally delivered to those nodes,
the overall delivery cost and hop count are increased.
The improvement in delivery latency is even better than
for UPB 2011, having a maximum value of 41 hours.
Another trace where SPRINT uses contact prediction
when performing routing decisions is St. Andrews,
shown in Fig. 2. This time, SPRINT doesn’t manage
to achieve maximum hit rate. This possibly happens
because approximating the contact distribution as Poisson may not be so optimal. Nonetheless, SPRINT’s
hit rate is better than BUBBLE Rap’s, irrespective of
the data memory size. The delivery cost and average
hop count situation is similar to the one observed at
UPB 2012: for small data memory values, they are
improved. However, because a larger data memory
helps the algorithm distribute more messages to remote
nodes, the overall delivery cost and hop count are
increased. For large data memory values, SPRINT also
improves the average latency.

mum hit rate for the Content trace, it still outperforms
BUBBLE Rap in terms of hit rate by as much as 3%,
because it doesn’t forward messages only to nodes with
higher centrality, which can easily get congested and
have to start dropping old (but undelivered) messages.
However, the important results for this trace concern
delivery cost and hop count. SPRINT manages to
decrease the delivery cost by as much as 146, so the
total number of messages exchanged in the ON is five
times lower when using SPRINT. The hop count is
also reduced dramatically by SPRINT, by as much as
51. These improvements come courtesy of SPRINT
taking into consideration the communities of the nodes
encountered, as well as the age and hop count of a
message, as opposed to BUBBLE Rap, which uses
a C-window algorithm for centrality computation. As
stated previously, a message can be exchanged between
two nodes repeatedly, if the centralities differ between
time windows. Most importantly, delivery latency is
also decreased by as much as 8 hours when using
SPRINT. The Infocom 2006 results look very much
like Content: SPRINT outperforms BUBBLE Rap in
terms of all four metrics, thanks to the U2 component
of the utility function, which uses social information
about nodes, as well as message-related knowledge
such as age or hop count.

Although Content and Infocom 2006 don’t contain
social information and U1 is 0, SPRINT still behaves
well, as it still uses social and context information to
assign utility values to messages. Fig. 3 shows that,
although SPRINT doesn’t manage to achieve maxi-

For the HCMM test, we simulated an academic
environment in order to have a predictable distribution
of contacts. Therefore, we split the physical space
into a 400x400-metre grid, with 10x10-metre cells,
in order to simulate the campus of a university. The
speed of the nodes was chosen between 1.25 and 1.5
metres per second (the average human speed), while
the transmission radius of the nodes was 10 metres (the
regular Bluetooth range). There were 33 nodes in the
network, split into seven communities. The duration
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Figure 3. Content trace.

Figure 4. HCMM model.

of the scenario was three days, and the generation of
messages was done in the same way as in the previous
tests. We used the HCMM community grouping to
create the social network used for routing decisions.
The rewiring probability was 0.7, while the remaining
probability was 0.8. We ran the same three algorithms
(BUBBLE Rap, Epidemic and SPRINT) as for the
trace scenarios, analyzing the results using the same
four metrics (hit rate, delivery latency, delivery cost
and hop count). The experimental results are shown
in Fig. 4. For small data memory sizes, the hit rates
are small, because there are a lot more messages in
the network than a node is capable of carrying, and
the duration of the trace is not so high as to allow
a recirculation of all the messages. For every data
memory size, SPRINT outperforms BUBBLE Rap in
terms of hit rate, with an increase of up to 24%. Even
for a data memory of 500 messages, SPRINT gets
close to the best attainable hit rate. Both delivery cost
and hop count are higher for SPRINT, but this happens
for the same reasons stated before: more messages are
delivered, even to remote nodes. Since contacts with
these nodes are rare, the messages are delivered late.
The same argument is also valid for latency.

latency, delivery cost, or hop count. These results
have also proven that the distribution of contacts in
certain scenarios (when users follow rare events-based
mobility patterns) is highly predictable and can be
approximated as a Poisson distribution.

6.

Conclusions

We have presented SPRINT, a routing algorithm
for opportunistic networks that uses information about
a node’s social connections, contacts history, and predictions of future encounters, when performing routing
decisions. We have shown that it outperforms existing
algorithms for various mobility traces, as well as
in a synthetic simulation environment. Our approach
manages to improve such metrics as hit rate, delivery
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