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Abstract. As wireless and 3G networks become more crowded, users
with mobile devices have diﬃculties in accessing the network. Opportunistic networks, created between mobile phones using local peer-topeer connections, have the potential to solve such problems by dispersing
some of the traﬃc to neighboring smartphones. Recently various opportunistic routing or dissemination algorithms were proposed and evaluated
in diﬀerent scenarios emulating real-world phenomena as close as possible. In this paper we present an experiment performed at the Politehnica
University of Bucharest in which we collected social and mobiltity data to
evaluate opportunistic routing and dissemination algorithms. We present
an analysis of our ﬁndings, highlighting key social and mobility behavior
factors that can inﬂuence such opportunistic solutions. Most importantly,
we show that by adding knowledge such as social links between participants in an opportunistic network routing and dissemination algorithms
can be greatly improved.

1

Introduction

Opportunistic mobile networks consist of human-carried mobile devices that
communicate with each other in a store-carry-and-forward fashion, without any
infrastructure. Compared to classical networks, they present distinct challenges.
In opportunistic networks, disconnections and highly variable delays caused by
human mobility are the norm. The solution consists of dynamically building
routes, as each node acts according to the store-carry-and-forward paradigm.
Thus, contacts between nodes are viewed as an opportunity to move data closer
to the destination. Such networks are therefore formed between nodes spread
across the environment, without any knowledge of a network topology. The
routes between nodes are dynamically created, and nodes can be opportunistically used as a next hop for bringing each message closer to the destination.
Nodes may store a message, carry it around, and forward it when they encounter
the destination or a node that is more likely to reach the destination.
In order for researchers to be able to implement dissemination algorithms for
opportunistic networks, real-life traces can be used to oﬀer information about
the patterns that people carrying mobile devices follow. Traces are taken using
diﬀerent types of mobile devices for various kinds of communication as well as for
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diﬀerent scenarios. This paper describes a social tracing experiment that took
place between November and December 2011 at the Politehnica University of
Bucharest and the way it was implemented. Furthermore, we analyze the results
obtained and try to gather information that may be relevant in designing a good
dissemination algorithm for opportunistic networks.
In an opportunistic network, the members are people that carry mobile devices. These people are organized into communities, according to common professions, workplaces, interests, etc. Generally, members of the same community
interact with each other more often than with members of outside communities,
so the community organization should be taken into consideration when designing algorithms for opportunistic networks. In recent years, due to the advent of
social networks and applications, researchers have started showing interest in
the use of such elements in opportunistic algorithms. We show here that adding
knowledge about social links between opportunistic network nodes to routing
and dissemination algorithms greatly improves their eﬀect.

2

Related Work

There are two ways of testing the performance of a data dissemination algorithm
in an opportunistic network. First of all, traces such as the ones presented in this
paper can be taken from various situations. Such traces have been performed for
WiFi [1,2] or Bluetooth [3]. The Bluetooth trace experiment is similar to the
one presented in this paper in terms of number of participants, but the duration
diﬀers greatly, as the traces in [3] were performed for 3 and 5 days (compared
to 35 in our case, as presented in Sect. 3). Another diﬀerence between our trace
and the ones from [3] is that the iMote traces are performed by nodes that
interact with each other for long times during the day, as the carriers work in
the same enclosed place for large parts of the day. We show in Sect. 3 that
our trace covers a larger array of node types because the participants are not
grouped together. A good place for ﬁnding mobility traces for various situations
is CRAWDAD [4], a community resource for archiving wireless data. The second
way of testing a dissemination algorithm is to use mobility models. There have
been several such models proposed in recent years. The research began with
random models such as the waypoint model, and continued with mobility models
that take into consideration the social aspect of human movement [5] as well
as the attraction of physical locations [6]. Existing human mobility models for
oppotunistic networks, including models that explore location preference or use
the social graph, are reviewed in detail in [7], and a taxonomy for classifying
such models is proposed.
A thorough review of opportunistic networking is presented in [8]. 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 propose various solutions
for communication in opportunistic networks, and introduce HCMM, a mobility model that merges the spatial and social dimensions. Several well-known
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opportunistic forwarding algorithms are also presented, such as BUBBLE Rap
[9], PROPICMAN [10] and HIBOp [11].
There are several papers that propose dissemination algorithms for opportunistic networking. Authors of [12] propose Socio-Aware Overlay, an algorithm
that creates an overlay for an opportunistic network with publish/subscribe communication. The overlay is composed of nodes with high values of centrality, so
that the chosen broker node maintains a higher message delivery rate. The SocioAware Overlay algorithm is socially-aware, having its own community detection
methods. Thus, the authors of the article propose two algorithms for distributed
community detection, named Simple and k-CLIQUE. Another dissemination algorithm is proposed in [13]. Choosing the next-hop node is a scheduling hard
problem, with fault-tolerant requirements [14]. Wireless Ad Hoc Podcasting has
the purpose of wireless ad hoc delivery of content among mobile nodes. The technique enables the distribution of content using opportunistic contacts whenever
podcasting devices are in wireless communication range. Authors of [15] propose
a dissemination technique called ContentPlace, that attempts to deal with data
dissemination in resource-constrained opportunistic networks by making content
available in regions where interested users are present, without overusing available resources. In order to optimize content availability, ContentPlace exploits
learned information about users’ social relationships, to decide where to place
user data. ContentPlace’s design is based on two assumptions: that the users can
be grouped together logically, according to the type of content they are interested in, and that their movement is driven by social relationships. In order to
be able to select data from an encountered node, nodes from ContentPlace use
a utility function by means of which each node can associate a utility value to
any data object. When a node encounters a peer, it computes the utility values
of all the data objects stored in the local and in the peer’s cache. Then, it selects
the set of data objects that maximizes the local utility of its cache.
A taxonomy for data dissemination algorithms is proposed in [16]. The authors propose splitting such algorithms in four large categories. 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.
Similar to the approach proposed in this paper, the addition of social network information to opportunistic routing has been studied in [17]. The authors
consider two types of networks: a detected social network (DSN) as given by
a community detection algorithm such as k-CLIQUE and a self-reported social
network (SRSN) as given by Facebook relationships. When two nodes meet in
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their simulation, they exchange data only if they are in the same network (either DSN or SRSN). The authors show that using SRSN information instead of
DSN decreases the delivery cost and produces comparable delivery ratio. Several other papers address the issue of using social information in opportunistic
networks. In [7], an analytical model for the expected number of hops and delay
of messages delivered in a social-based opportunistic routing algorithm is proposed, where the forwarding process is modeled as a semi-Markov process. Social
information about the participants in an opportunistic network can be used not
only for data forwarding, but also for content sharing. Thus, the authors of [18]
propose a context- and social-aware middleware that learns context and social
information about the nodes in the network, which is then used to predict their
future movement. The middleware was integrated with the Haggle architecture
and was used for content sharing, yielding up to 200% improvement in terms of
hit rate and 99% reduction in resource consumption in terms of traﬃc generated
in the network.

3

Social Tracing

In order to obtain trace information regarding the mobility of the members
of a faculty, a real-world tracing experiment has been performed at the Politehnica University of Bucharest, in the autumn-winter season of 2011. This
section presents the setup and additional details about this experiment.
3.1

Social Tracer

Tracing was performed using an Android application we developed entitled Social
Tracer, which is presented in more detail in [19]. The participants have been
asked to run the application whenever they are in the faculty grounds, as we were
interested in collecting data about the mobility and social traces in an academic
environment. Social Tracer sends regular Bluetooth discovery messages at certain
intervals, looking for any type of device that has its Bluetooth on. These include
the other participants in the experiment, as well as phones, laptops or other
type of mobile devices in range. The reason Bluetooth was preferred to WiFi is
mainly the battery use [20]. For example, in 4 hours of running the application on
a Samsung I9000 Galaxy S with discovery messages sent at every 5 minutes, the
application used approximately 10% of the battery’s energy. The period between
two successive Bluetooth discovery invocations can be set from the application,
ranging from 1 to 30 minutes (the participants have been asked to keep it as low
as possible, in order to have a more ﬁne-grained view of the encounters).
When encountering another Bluetooth device, the Social Tracer application
logs data containing its address, name and timestamp. The address and name
are used to uniquely identify devices, and the timestamp is used for gathering
contact data. Data logged is stored in the device’s memory, therefore every once
in a while participants were asked to upload the data collected so far to a central
server located within the faculty premises. All gathered traces were then parsed
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and merged to obtain a log ﬁle with a format similar to the ones in [4]. Successive
encounters between the same pair of devices within a certain time interval were
considered as continuous contacts, also taking into consideration possible loss of
packets due to network congestion or low range of Bluetooth. Data gathered this
way is presented and analyzed in Sect. 4.
3.2

Experimental Setup

The experiment was performed for a period of 35 days at the Politehnica University of Bucharest between November 18 and December 22 2011. There were
a total of 22 participants, chosen to be as varied as possible in terms of year, in
order to obtain a better approximation of mobility in a real academic environment. Thus, there were twelve Bachelor students (one in the ﬁrst year, nine in
the third and two in the fourth), seven Master students (four in the ﬁrst year
and three in the second) and three research assistants. The participating members were asked to start the application whenever they arrived at the faculty
and to turn it oﬀ when they left, because we were only interested in the mobility
patterns and social interaction in the academic environment. However, this did
not always happen, but the outcome of the experiment was not aﬀected because
the only devices seen after leaving the faculty were external devices.

4

Trace Analysis

This section presents a detailed analysis of the logs obtained at the end of the
experiment described in Sect. 3.
4.1

Details

We deﬁne internal devices as the ones carried by the participants in the experiment, while external devices are represented by other nodes encountered during
the course of the experiment. There were 22 internal devices numbered from 0
to 21. The total number of contacts between two internal devices (i.e. internal
contacts) was 341, while the number of external contacts was 1127. A contact is
considered to start at the ﬁrst time a certain device was seen and to end at the
last time it was seen in a given time interval. There were 655 diﬀerent external
devices sighted during the course of the experiment. This means that in average
each diﬀerent external device has been seen about 2 times. External devices may
be mobile phones carried by other students or laptops and notebooks found in
the laboratories at the faculty. Some of these external devices have high contact
times because they may belong to the owner of the internal device that does the
discovery, therefore being in its proximity for large periods of time. However,
external contacts are in general relatively short.
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Contact and Inter-contact Times

Encounters in an opportunistic network are characterized by two important notions: contact time and inter-contact time. The contact time represents the duration of a contact between two devices from the moment they discover they are
in range until the moment the link between them is gone. This represents the
time window in which the two participating nodes can send data to each other.
Inter-contact times are intervals between two successive encounters of the same
two devices. They are relevant in deciding whether data should be sent directly
between two nodes when they are in range or whether it should be relayed to a
third node for forwarding.
Figure 1 shows the distribution of contact and inter-contact times for the
entire duration of the experiment (ranging from 2 minutes to 35 days) for all
internal devices. Axis Y presents the percentage of time values that are greater
than the time on axis X. As shown in [3], the distribution of contact times
follows an approximate power law for both internal and external devices, as well
as contact time and inter-contact time. The contact time data series are relevant
when discussing the bandwidth required to send data packets between the nodes
in an opportunistic network, because they show the time in which a device
can communicate with other devices. As stated before, the number of internal
contacts is 341, with the average contact duration being 30 minutes, which means
that internal contacts have generally been recorded between devices belonging to
students attending the same courses or lecturers and research assistants teaching
those courses. External contacts also follow an approximate power law, with an
average duration of 27 minutes. However, in this case there are certain external
contacts that have a duration of several hours. This situation is similar to the one
previously described, where these devices belong to the same person carrying the
internal device. The inter-contact time distribution shows a heavy tail property,
meaning that the tail distribution function decreases slowly. The impact of such
a function in opportunistic networking has been studied in more detail in [21]
for four diﬀerent traces. The authors conclude that the probability of a packet
being blocked in an inter-contact period grows with time and that there is no
stateless opportunistic algorithm that can guarantee a transmission delay with
a ﬁnite expectation.
Figure 2 shows contact and inter-contact times for encounters with any nodes.
Thus, contact time in this case (called any-contact time in [3]) represents the
time in which any internal or external node is in range with the current observer,
while the inter-any-contact time is the time when the current device does not see
anyone in range. These any-contact times are greater than regular contact times,
but the shape of the distribution is also a power law function. A conclusion that
can be drawn from these charts is, as observed in [3], that durations of contact
times are bigger and intervals between contacts are smaller, so if a node wants to
perform a multicast or to publish an object in a publish/subscribe environment
it has a great chance of being able to do so.

Social Aspects to Support Opportunistic Networks

75

1

P[X > x]

0.1

0.01

0.001

0.0001
120 s

Internal CT
External CT
Internal ICT
External ICT

10 min

1h

3h

12 h

1 day

3 days

35 days

Time

Fig. 1. Probability distribution of contact and inter-contact times (CT = contact time,
ICT = inter-contact time)
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Fig. 2. Probability distribution of any-contact and inter-any-contact times (ACT =
any-contact time, IACT = inter-any-contact time)

4.3

Contact Distribution

Figure 3 shows the distribution of the number of times a node (internal or
external) was sighted by a device participating in the experiment. It can be seen
that the maximum number of encounters of an internal device is 55 during the
course of the 35 days of the experiment, whereas some internal nodes have never
been seen. Most internal devices have been seen from 16 to 20 times. As for
external devices, the majority of them have been encountered less than 5 times,
with 534 of them having been sighted only once. There are few exceptions, as
three external devices have been encountered more than 16 times. The conclusion
is that there is a large number of nodes available in such an environment that
can be used to relay a message, meaning that there is a lower chance of traﬃc
congestion. Figure 4 presents the number of times speciﬁc pairs of devices saw
each other. It shows that the maximum number of contacts between two internal
nodes or an internal and an external node is 17. Generally the number of contacts
with external devices is larger than the number of contacts with internal devices.
This shows that the participants in the experiment have been chosen well so that
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they represent various groups from the social and logical grouping of nodes in a
network based on mobile device carriers in an academic environment.
4.4

Communities and Social Structures

As stated in Sect. 2, the social aspect has become very important in the world of
opportunistic networking, because mobile devices are carried by people that are
organized into communities and social circles. Users from the same community or
social circle tend to interact more with each other, so relaying a packet by taking
into consideration the community an encountered node belongs to could lead to
a lower latency and a better hit rate. Human mobility models such as CMM
[5] and HCMM [6] have been proposed and implemented, but an experimental
approach could show the interaction patterns better.
The environment represented by the faculty grounds already has a logical organization into communities, namely the groups of students and the teachers
or lecturers. At the University Politehnica of Bucharest there are four years for
Bachelor students, each split into several groups of about 30 students each. For
Master’s students, the two years are formed of seven directions with about 20
students each. We tried to choose the participants in the experiment so that
the distribution would be as good as possible, as shown in Sect. 3. However,
because there were only 22 participants in our experiment, we decided that
the logical grouping should be done by year instead of group. We applied the
k-CLIQUE algorithm for community detection [22] on the traces collected by
Social Tracer. k-CLIQUE dynamically detects the community of a node by analyzing its encounters with other devices. 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 community graph obtained after applying k-CLIQUE is
presented in Fig. 5, along with the logical organization of participants into year
groups. In the ﬁgure, Bachelor students are represented as triangles (ﬁrst year),
circles (third year) and double circles (fourth year), Master’s students are shown

Social Aspects to Support Opportunistic Networks

77

as pentagons (ﬁrst year) and diamonds (second year), while assistants and lecturers are squares. An arrow from node A to node B means that A sees B as
part of its community. The algorithm was applied only for internal nodes, using
a contact threshold of ﬁfteen minutes and a community threshold of ﬁve nodes,
values that were chosen after analyzing the traces. Because social networks and
groups of communities are represented as matrices, we deﬁne the similarity value
between two matrices as the percentage of values that are equal in both of them.
Thus, the similarity value between the k-CLIQUE graph and the logical distribution of participants into year groups is 79.95%. This shows that k-CLIQUE
functions correctly in the case of our trace.
Because a logical grouping into communities may not always be as straightforward as in this case, the social relationships between device owners can be
taken into account. The social graph of the participants in our experiment is
shown in Fig. 6, where the year group representation is the same as in Fig. 5
and the edges symbolize a social link.. Some nodes (such as 1, 4, 8 and 20) are
represented by students that participated in the experiment but did not have or
did not provide a Facebook account. It can be observed from Fig. 6 that the node
with the most social links (12) is 11, which is followed by nodes 3 and 7 with
11 links each. It can also easily be seen that most nodes that are in the same
community share a social link between them, as well as the fact that in most
cases the number of social links of a node is close to the number of communities
it belongs to according to k-CLIQUE. This means that a more popular node in
terms of social relationships will belong to more communities, which makes it
a better candidate for relaying data for other nodes in the opportunistic network. The similarity value for the social network organization and k-CLIQUE is
83.06%, showing that k-CLIQUE is even better at detecting social communities
than is it for logical grouping.
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Opportunistic Networking Using Social Organization

The social organization of members in an opportunistic network can be used to
improve the eﬀectiveness of routing algorithms. In order to prove this, we have
implemented some modiﬁed versions of the distributed BUBBLE Rap algorithm
(DiBuBB [9]) that take social links into consideration when routing. This section
describes our modiﬁed versions of DiBuBB along with the simulation setup, the
metrics used for analyzing the performance of our improvements and the results
obtained through the simulation.
5.1

Simulation Setup

BUBBLE Rap [9] is a routing algorithm for opportunistic networks that uses
knowledge about nodes’ communities and centralities to deliver messages. It
uses a node’s betweenness centrality, which represents the number of times a
node is on the shortest path between two other nodes in the network. Each node
in BUBBLE Rap has two centrality values, a local one (for its own community)
and a global one. A node sends a message to nodes that have a higher global
centrality than it until the message arrives at the destination community. Then,
the local ranking is used to send the message up the community hierarchy until
it reaches the destination. Community detection is done using k-CLIQUE, while
the centralities are computed by carrying out an emulation that replays collected
mobility traces, applies a ﬂooding algorithm, and then computes the number of
times a node acts as a relay on a shortest path. However, such a method is not
feasible in real life, so a distributed version of BUBBLE Rap entitled DiBuBB
was also proposed by the authors. It uses distributed k-CLIQUE [22] for community detection and a cumulative or single window algorithm for distributed
centrality computation.
We have also implemented a version of DiBuBB to test the trace data presented in this paper. As stated in Sect. 3, we use k-CLIQUE with a contact
threshold of ﬁfteen minutes and a community threshold of ﬁve nodes to detect
the communities. For computing the centrality values for each node in a distributed fashion we implemented the cumulative window (C-window) method,
which counts the number of individual nodes encountered for each six-hour time
window and then performs an exponential smoothing on the cumulated values.
We will refer to this version from now on as “base”.
We consider that knowledge about the social relationships between members
of an opportunistic network can increase the eﬀectiveness of routing. Therefore,
we modiﬁed the base version of DiBuBB to use the social network matrix instead
of k-CLIQUE. Thus, when two nodes meet, instead of checking if they belong in
the same community according to k-CLIQUE, they look for a social link between
them. If that social link exists, then the nodes will compare their community
centralities, and the one with the lower value will send its messages to the other
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one. If there is no link between the nodes, the global centralities will be veriﬁed.
This will be refered to as the “social” version.
We then tried to take this approach one step further, by using the social
network in the computation of centrality values as well. When there is an encounter between two nodes, they are considered to be in the same community
if either they are seen as such by k-CLIQUE, or if they have a social distance of less than 3 (i.e. they are directly connected or they share a common
friend). The centrality value is computed according to the following formula:
centrality = w1 ∗ Swindow + w2 ∗ popularity, where Swindow is the original value
of the centrality as computed by DiBuBB, popularity is the number of social
links a node has, and w1 and w2 are weight values that follow the conditions
w1 + w2 = 1 and w1 > w2 . For nodes that are not part of the social network (e.g.
participants in the tracing experiment that do no own or have not provided a
Facebook account link), the centrality will be computed the same as in the base
version of DiBuBB. Having weights for the two components of the centrality
value allows us to ﬁne-tune the algorithm according to the trace it is applied on.
We will refer to this version as the “popularity” version.
In the simulation scenario, each node sends 11 messages to other nodes in the
opportunistic network. We managed uncertainty while testing by eliminating
from the list of internal devices the ones that have few or no encounters with
other internal devices. Such nodes are participants in the experiment that either
have not turned oﬀ the Social Tracer application when arriving at the faculty, or
they have not been attending classes. There were four test cases in which nodes
sent messages to other randomly chosen nodes (the destinations were kept the
same between the three versions of DiBuBB for each test case).
5.2

Results

We applied the base, social and popularity versions of DiBuBB on the trace
collected in our experiment. The ﬁrst and most important metric that we chose
is hit rate, which is computed as the ratio between successfully delivered and total
messages. It suggests the eﬃciency of a routing algorithm and ideally it would be
100%. It shows the fraction of requests that can be served by a routing algorithm.
Another used metric is the delivery cost, represented by the ratio between the
total number of exchanged messages during the course of the experiment and
the number of generated messages. It should be as low as possible and it shows
the congestion of the network. The latency values show the time (in seconds)
passed between generating a message and delivering it to the destination. In an
opportunistic network, which is a type of delay tolerant network (DTN), delivery
latency is not as important, but nonetheless it should be improved when possible.
Finally, the hop count is the number of nodes that carried a message until it
reached the destination on the shortest path.
The results of our testing scenario are shown in Table 1. It can be seen that
the hit rate increases from base to social to popularity in each of the four test
cases. The improvement caused by the social version is very signiﬁcat, going up
to 16% in some cases. The popularity version oﬀers a smaller but very important
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Table 1. Results of applying the three versions of DiBuBB (base - B, social - S,
popularity - P) on four test cases. Latencies are in the DD:HH:MM:SS format
Test Case
Run 1
Run 2
Metric
B
S
P
B
S
P
Hit Rate
81.81%
97.72%
98.48%
82.57%
98.48%
99.24%
Delivery Cost
5.89
8.76
15.71
5.87
9.06
15.43
Avg Latency 01:08:35:48 01:21:37:42 01:21:41:48 01:03:36:10 01:18:17:12 01:21:14:01
Min Latency 00:11:04:12 00:11:04:12 00:11:04:12 00:11:04:12 00:11:04:12 00:11:04:12
Max Latency 31:10:53:00 31:10:53:00 32:10:14:29 20:10:32:01 20:10:32:01 32:10:14:29
Hop Count
1.22
3.13
6.33
1.18
3.23
6.01
Test Case
Run 3
Run 4
Metric
B
S
P
B
S
P
Hit Rate
88.63%
96.21%
99.24%
90.15%
93.93%
97.72%
Delivery Cost
4.87
7.62
14.57
4.23
7.53
14.586
Avg Latency 01:23:43:41 02:20:04:19 02:17:33:00 02:03:05:56 02:23:47:10 02:20:50:52
Min Latency 00:11:04:11 00:11:04:11 00:11:04:11 00:11:04:11 00:11:04:11 00:11:04:11
Max Latency 33:15:22:43 33:15:22:43 33:15:22:43 33:15:22:43 33:15:22:43 33:15:22:43
Hop Count
2.57
3.87
6.16
2.73
4.04
6.17

increase in hit rate, which is brought close to 100%, the ideal value for this metric.
However, having such a good hit rate comes with certain costs, which is clear
when looking at the other metrics in the table. The increase in delivery cost
and average hop count are correlated, because if a message passes through more
nodes it is transferred more times. These values are highest for the popularity
version, but given the size of a message in an environment such as the one from
our trace experiment, they are not so signiﬁcant. On the other hand, the average
latency grows by a maximum of about 14 hours, which may prove to be too big
of a diﬀerence for such an algorithm to be feasible. Nevertheless, by analyzing
the maximum latency from the table, we observe that it increases by an order
of up to approximately 12 days. The explanation is that there are some nodes
that very rarely interact with other internal nodes from the network, so the
opportunity of delivering data to them comes at very large time intervals, thus
increasing the average latency. By eliminating such nodes from the simulation,
the latency values fall into acceptable ranges. Another way of solving this issue
is to use the external nodes as message carriers when running the three DiBuBB
versions. In a real-life situation, the number of participants in an opportunistic
network represented by an academic environment is much larger, thus the chance
of getting data to even these remote nodes in a timely manner greatly increases.
It should also be noted that the scenario presented here assumes that nodes send
messages to random destinations. However, in reality there is a greater chance
that a node will send data to someone from its social circle or community.
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Conclusions and Future Work

We have presented a social tracing experiment that took place at the Politehnica
University of Bucharest in the winter of 2011, with the purpose of gathering
contact information between mobile devices participating in an opportunistic
network. We analyzed the traces and showed that the contact and inter-contact
times follow approximate power law functions. We applied a community detection algorithm on the traces and compared the results obtained with the social
network. The conclusion was that nodes with more social links belong to more
communities from the perspective of k-CLIQUE and that the social and logical
grouping of nodes are in direct correlation with their interactions.
We have also shown that, by including knowledge about the social relationships between nodes in an opportunistic routing algorithm, the hit rate can be
signiﬁcantly increased at low latency and hop count costs under certain conditions. This has been proven on the trace presented in the paper, by comparing
it to the distributed implementation of BUBBLE Rap, DiBuBB. Further tests
to cement these aﬃrmations will be performed, where nodes will send data to
nodes in their own community or social circle with a higher probability. As future work, we plan to implement an opportunistic data dissemination algorithm
of our own, specialized for scenarios like the one presented in this paper (i.e.
an academic environment). We consider that opportunistic social networks are
the future of mobile communication, especially in a world with more and more
content available and with a higher degree of connectivity between individuals.
Therefore, having real world traces of human movement and knowing that social relationships govern human interaction are paramount to creating suitable
routing and dissemination algorithms.
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