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Abstract In MANET-DTN, the main idea is to detect the
social relations between nodes in mobility models because
the wireless mobile devices are carried by humans and
the network uses the social relations to transport messages
between isolated islands of the mobile terminals in order to
increase the network performance. Today there are a lot of
social and non-socialmobilitymodels. The problem is how to
use these models in MANET-DTN. Therefore, proper evalu-
ation method is needed, that is able to reveal the social aspect
of investigated mobility model. Since there are a lot of meth-
ods that do not directly exhibit the social aspect of mobility
models, in this paper the new evaluation method was pro-
posed based on Louvain method for community detection
and the other network graph parameter (average weighted
degree). Simulations of evaluation method were made as a
comparison between two random mobility models and one
social based mobility model in order to point out differences
between social and non-social mobility models. All models
were evaluated by proposed method and other existing pro-
tocol dependent and independent methods. The main idea
of the simulations was to analyse how the mobility mod-
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els with social and non-social mobility models can affect
the network performance and provide new and reliable tool,
which enables analysis of the mobility models from social
behaviour point of view.
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1 Introduction

Nowadays we live in the wireless world. Rapid develop-
ments of the wireless technologies give us the possibility
to use many types of the mobile wireless network. Part
of this world is also Mobile Ad-hoc Networks (MANET),
and Delay Tolerant Networks (DTN) and MANET-DTN
networks. MANET-DTN networks consist of autonomous
wireless devices that moves and communicate wirelessly
with each other using dedicated routing protocols. While
MANET network routing protocols functionwell in the envi-
ronment, where the end-to-end multihop path is necessary,
DTN networks allow devices to deliver messages without
end-to-end path connection by using the store-carry-forward
technique with some delay. DTN by the selects devices that
is are considered as the best carrier of the message to the des-
tination device. Therefore, the connection of MANET-DTN
networks also known as hybridMANET-DTNnetworks inte-
grates the benefits of the MANET routing protocols in the
end-to-end environment where all devices are connected and
benefits of DTN forwarding techniques when no end-to-end
path exists [1]. Researchers and scientists are still trying to
create new routing protocols for these networks [2,3]. They
trying to create effective and well-functioning protocols in
terms of message delays, delivery success and so on. To
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obtain this kind of information, they need a proper simu-
lation tool. For this purposes, mobility models were made.
Many of them use a randommovement of nodes that simulate
mobility of devices or this movement used by models does
not capture the real life movement of people. For simulation
purposes ofMANET-DTN networks where nodes are always
moving is better, if the mobility of the nodes captures a real
mobility of humans as mobile devices carriers. People are
social individuals so they live and move in social groups. For
this reason is critical to capture this behaviour in order to cre-
ate a social based mobility model. Therefore, social mobility
models become popular simulation tools in MANET-DTN
networks and many researchers and scientists rely on social
behaviour [4–7] and also social mobility models are useful
in simulations where positioning systems are tested [8].

1.1 Motivation and innovation

In MANET-DTN networks environment is common that
mobility of nodes causes disconnection of the network into
disconnected islands of the nodes. In order to simulate the
real movement of nodes and network disconnections, it is
appropriate to use mobility model that uses human mobil-
ity patterns. Routing protocols and forwarding techniques of
MANET-DTN needs to handle those situations. The main
problem is the selection of reliable and secure nodes that are
responsible for transportation of messages between isolated
islands with limited connectivity [1]. By using real human
mobility models, movement and disconnections are not only
more realistic but also the selection of the reliable and secure
nodes is more effective. Therefore, it is critical to choose
proper mobility model. Today there are a lot of social [9]
and non-social mobility models that are used to simulate the
behaviour of nodes in MANET-DTN networks. In order to
choose proper one with social or non-social movement, a
good and reliable evaluation tool that evaluates the social
aspect of mobility models is needed. Therefore, we propose
Tools for Evaluation of Social Relations in Mobility Models
(TESRMM) as a new evaluation method that is able to reveal
the social aspect of considered mobility model.

Another problem is, that some researchers use many dif-
ferent mobility models with different parameters without
analysis of movement. In authors’ simulations with social
movement is important to know, how strong relation ties
among nodes are, how the nodes behaviour influence func-
tionality of mobile network and how evaluations of mobility
model and results of routing protocols interrelate between
each other. Successful message transfer through the mobile
network and other routing parameters could be misrepre-
sented and misinterpreted without that information. With
proposed evaluation method is possible to analyse mobility
models based on grouping of nodes into communities and
social relationships among communities and nodes in each

community. This new evaluation method was created based
on existing Louvain method and network parameters. We
adapted those algorithms and parameters in an effort to eval-
uated social behaviour and relation ties among nodes from
the movement of mobile nodes. Evaluation method uses the
multiplicity of contacts among nodes directly from mobility
models.

The innovation of the concept comes from reason, that
some authors and researchers using protocol dependent
and independent methods such as transmission probability,
inter-contacts time, contact duration and more as evaluation
methods. Those analytical and probabilistic methods do not
directly exhibit the social aspect of mobility models. Our
research was focused more on social aspect in order to reveal
whether the mobility model is showing signs of sociality. By
using adopted methods such as Louvain method for commu-
nity detection, is possible to analyse grouping of nodes, how
strong are relationships among nodes and also if the mobility
of nodes is random or based on social or grouping patterns.
Parameters of proposed method along with graphical inter-
pretation can provide a better understanding of movement in
mobility models and help with the selection of proper mobil-
ity model for considered simulations.

The article is organised as follows. Section 2 briefly
described the existing evaluation methods. In Sect. 3 we
propose TESRMM and Sect. 4 describes the simulation of
proposed evaluation method along with other methods. Main
results that are analysed and compared with random mobil-
ity models such as Random Walk mobility model and Matis
model. At the end, we conclude this paper in Sect. 5.

2 Social based mobility models evaluation methods

This section briefly describes most commonly used evalua-
tionmethods formobilitymodels and socialmobilitymodels.
Authors of mobility models use many evaluation methods.
In [10] authors proposed two different types of metrics for a
mobility models:

1. protocol-dependent metrics,
2. protocol-independent metrics.

Protocol-dependent metrics

Protocol-dependent metrics are usually the object of perfor-
mance evaluation. Some examples of these metrics are as
follows:

– Packet Delivery Fraction (PaDF) is themetric that eval-
uate the ratio of data packets delivered to the destination
to those generated by the sources and is calculated as
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follows:

PaDF = Number of Packet Recieved

Number of Packet Sent
∗ 100[%]

(1)

– Average Throughput (TP) [11] is the number of bytes
received successfully (NBR) and is calculated by:

T P = N BR ∗ 8

Simulation T ime ∗ 1000
[kbps] (2)

– Routing overhead (ROH) is the total number of control
packets or routing packets generated by routing protocol
during simulation and is obtained by:

Routing Overhead = Number of RT R Peckets

(3)

– Average End-to-End (E2E delay) [12] delay is the aver-
age time of the data packet to be successfully transmitted
across aMANET from source to destination. The average
E2E delay is computed in milliseconds by:

D =

n∑

i= j

(
Ri − Si

)

n
[ms] (4)

where D is the average end-to-end delay, n is the num-
ber of data packets successfully transmitted over the
MANET, i is the unique packet identifier, Ri is the time
at which a packet with unique identifier i is received and
Si is the time at which a packet with unique identifier i
is sent.

– Packet Loss is the difference between the number of
data packets sent (NDPS) and the number of data packets
received (NDPR). It is calculated as follows:

Packet Loss = NDPS − NDPR (5)

Protocol-independent metrics

Protocol-independent metrics, as the name suggests, are
independent of the protocols that are running on the network.
This types of information can be extracted directly from the
resulting mobility traces of nodes after simulation. In [10]
authors presented several metrics:

– Degree of Spatial Dependence describing the similarity
of the velocities of nearby nodes. In the case of a car or
military column models, this value will be very high.

– Degree of Temporal Dependence describing the veloc-
ity of a node at two nearby time instances.

– Relative Speed of two nodes.
– Geographic Restrictions describing constraints on the
degrees of freedom of the nodes (when models with
obstacles are used).

– Number of Link Changes for a pair of nodes, is the
number of time slots a link makes and breaks between
these two nodes.

– Link Duration for a pair of nodes is the average time the
link remains active once it becomes available.

– Path Availability is the time a path is available between
a pair of nodes.

– Number of Neighbours is metric that can used as indi-
cator of hotspots or group existence in mobility models.

Authors of some social mobility models also use other
approaches that better describes a social context of mobility
models. Some of them use cumulative distribution function
(CDF). CDF can be used onmany different types of data. For
example, in [13] authors use CDF of inter-contact time and
contact duration. Contact duration is defined as the time inter-
val in which two devices are in radio range. Inter-contacts
time is defined as the time interval between two contacts.
Another type of evaluation method is probability distribu-
tion function (PDF). Authors in [14] used a PDF of the node
degree, i.e. the number of neighbours.

Evaluation methods, such as CDF of inter-contact time
and contact duration or PDF of node degree, can be used to
exhibit some social aspect, but results of this methods must
be interpreted well. For thus reasons we presented in Sect. 3
our evaluation method, that focus more on the social aspect
of mobility models.

3 Proposal of simple tools for evaluation of social
relations in mobility models

In this section the evaluation method for mobility models is
described. This method reveals if the mobility of model that
we investigated, shows signs of social behaviour. Authors
in [15] observe that clustering level in models with social
behaviour is usually far greater than in models with non-
social behaviour. The authors suggest that this is related to
the fact that humans usually organise themselves into com-
munities. Therefore, we are trying to find out how many
communitieswas created by themovement of nodes in partic-
ular mobility model. In the following sections, output format
that is needed to be properly formatted in order to be used
for evaluation are described. Then the description of the Lou-
vain method algorithm and calculation of its parameters and
alsoAverageWeightedDegree as network parameter are pro-
vided.
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550 630

740 752

455 360

Fig. 1 Example of 3 dimensional output matrix

3.1 Output format of the model

To use evaluation method, output format from mobility
model needs to be described. During the simulation of the
model, x and y positions are stored for every node. To doing
so, simulation time needs to divide into same time slots.
Every time slot store positions of every node in simula-
tion area. The output of the model is then the 3-dimensional
matrix of positions in every time slot for every node shown
in Fig. 1.

It is possible to see, that the first matrix (in front) is the
matrix of positions in all time slots of node 1. The same
matrix for node 2 is behind the matrix of node 1. Behind this
matrices are all other matrices of all other nodes.

From this 3-dimensionalmatrix is calculated theMeetings
matrix by the following mechanism:

1. For every time slot are calculated distances between
nodes by using positions of nodes by the following for-
mula:

d =
√

(x1 − x2)2 + (y1 − y2)2 (6)

2. To represent a radio range between nodes (for example
10 m for Wi-Fi), the threshold needs to be set.

3. For every time slot is created a Boolean matrix where
every distance between nodes in particular time slot less
than defined threshold will be considered as 1 in Boolean
matrix for the particular time slot, 0 otherwise.

4. Calculate a sumof all Booleanmatrices fromall timeslots
together.

After step 4, Meetings matrix is created, where values in this
matrix represent how many times each node met each other
or how long they have been together. For example, node 1
met node 3 500 times in 1000 time slot simulation.

3.2 Communities detection based on Louvain method

The process of discovering communities is provided by Lou-
vain method [16]. Because Louvain method is the main
algorithm of the evaluation method, the description of the
method and its parameters are provided. The adaptation of
the method is based on the fact that proper input is needed
to be used. Usage of the method in order to reveal communi-
ties and relationships among nodes from mobility models is
possible if Meetings matrix from the previous section is used
as input. Meetings matrix is, in fact, a weighted graph. This
weighted graph will be used as a social network where nodes
are vertices of this graph and edges represents contact among
nodes. The edge between nodes will exist if and only if nodes
that are taken into consideration met each other at least once.
Authors of this method use a modularity quality for commu-
nities discovering. Modularity quality measures how well a
given partition of a network compartmentalises its commu-
nities. The modularity of a partition is a scalar value between
− 1 and 1 that measures the density of links inside com-
munities as compared to links between communities. The
modularity can be either positive or negative. Positive values
indicating that there is some community structure. To look
for the best divisions of a network, it is good to have positive,
and preferably large, values of the modularity. In the case of
weighted graphs it is defined as [16]:

Q = 1

2m

∑

i, j

[
Ai, j

k j ki
2m

]
δ(ci , c j ) (7)

where Ai j represents the weight of the edge between i and j ,
ki = ∑

j Ai j is the sum of the weights of the edges attached
to vertex i , ci is the community to which vertex i is assigned,
the δ-function δ(ci , c j ) is 1 if ci = c j and 0 otherwise and
m = 1

2

∑
i, j Ai, j . The gain in modularity Q is obtained by

moving an isolated node i into a community C is computed
as:

�Q =
[∑

in + ki , in

2m
−

(∑
tot + ki
2m

)2
]

−

−
[∑

in

2m
−

(∑
tot

2m

)2

+
(

ki
2m

)2
] (8)

where
∑

in is the sum of the weights of the links inside C ,∑
tot is the sum of the weights of the links incident to nodes

inC , ki is the sum of the weights of the links incident to node
i , ki,in is the sum of the weights of the links from i to nodes
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in C and m is the sum of the weights of all the links in the
network.

The method algorithm is divided into two phases that are
repeated iteratively. The input of the method is the social
network as a weighted graph of N nodes. First, every node
is assigned to the different community of the network. So, in
the initial partition, there are as many communities as nodes.
Then, for each node i is considered the neighbours j of i and
the gain ofmodularity is evaluated in case of removing i from
its community and by placing it in the community of j . The
node i is then placed in the community for which this gain
is maximum, but only in the case that this gain is positive.
If no positive gain than i stays in its original community.
This process is applied repeatedly and sequentially for all
nodes until no further improvement can be achieved. Then
the first phase is complete. The second phase of the algorithm
is based on building a new network, which nodes are now the
communities found during the first phase. The weights of the
links between the new nodes are given by the sum of the
weight of the links between nodes in the corresponding two
communities.When the second phase is completed, resulting
weighted network is reapply to the first phase for another
iteration. These phases are iterated until there are no more
changes and amaximumofmodularity is attained. The output
of the method is a number of communities, the number of
nodes in each community and also modularity value. More
about this method is in [16].

Mentioned Louvain method for community detection
doesn’t directly reflect the social behaviour of nodes inmobil-
ity models. For example, the method was previously used on
theTwitter social network to explore the problemof partition-
ing Online Social Networks onto different machines. This
method worked with static networks. So we adapt Louvain
method for detection of social communities from resulting
movement of mobility models in mobile networks, not just
static network.

3.3 Average weighted degree

Another parameter that could be used as metric to describe
social aspect is the average weighted degree. The weighted
degree of a node is like a degree. It’s based on the number
of edge for a node but pondered by the weight of each edge.
It’s doing the sum of the weight of the edges. In our situa-
tion, wherewe need to observe thewholemovement of nodes
fromMeetingsmatrix, which is basicallyweighted graph, the
average weighted degree is the better parameter than classic
node degree.WhenMeetingsmatrix is used, node degree just
expresses how many nodes particular node met during simu-
lation, while average node degree express not only howmany
nodes particular node met, but also how often. The average
weighted degree wdi for node i is computed by formula 9.

wdi =
∑

j∈∏
(i)

wi, j (9)

where wi, j (in case of symmetric positive matrix without
loops wi, j = w j,i ) is weight between node i and j .

∏
(i) is

neighbourhood of node i .

4 Simulations and results

Not only the proposal evaluation method but also some other
existing evaluation methods were simulated and verified in
software Matlab. There were used one social based mobility
model SSBMM[17] and two randommobilitymodels:Matis
model [18], and Random Walk [19].

4.1 Simulation scenarios

Simulations are oriented on the comparison of our pro-
posed evaluation method with some protocol independent
and dependent methods. The main idea of the simulations
was to analyze how the mobility models with social and non-
social mobility models can affect the network performance
and point out differences between them. Simulations were
also designed as a comparison of proposed evaluation and
other protocol dependent and independent methods.

The first set of simulations is oriented on our proposed
evaluation method. Results are focused on number of com-
munities, modularity quality and average weighted degree
(see Sect. 4.5). Contacts in Meeting matrix was calculated
based on nodes’movement inMatlab software and processed
by external Gephi software [20]. Gephi software provides
many analyses of social networks and it also implements
Louvain method with modularity quality. Obtained commu-
nities from Louvain method is also possible to render and
divide by colours.

The second set of simulations is oriented on some of the
protocol independentmethods formobilitymodel evaluation.
CDF andPDFwere chosen for statistical evaluation of nodes’
contact multiplicity.

The third set of simulations is oriented on some of the
protocol dependent methods. Average E2E delay, Message
delivery ratio, average time of delivery and average num-
ber of used nodes were used as evaluation methods. Those
methods were performed for four routing protocols Dynamic
Source Routing (DSR), Unlimited-Dynamic Source Routing
(U-DSR), Social Based Opportunistic Routing (SBOR) and
Social Based Opportunistic Routing-social aspect (SBOR-
sa).

4.2 Simulation setup

First set of simulationswas runningbasedonvariables,which
are defined in the Table 1. Simulated areawas 1500×1500m
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Table 1 Set values of variables for first set of simulations

Variable Value

Area (m) 1500×1500

Number of nodes 50, 100, 200

Radio range (m) 20, 50, 100, 300

Time slots per day 48

Simulation duration (days) 28

Table 2 Set values of variables for second set of simulations

Variable Value

Area (m) 1500×1500

Number of nodes 200

Radio range (m) 20, 50, 100

Time slots per day 48

Simulation duration (timeslots) 10,000

Table 3 Set values of variables for third set of simulations

Variable Value

Area (m) 1500×1500

Number of nodes 200

Radio range (m) 20, 50, 75, 100, 150, 200, 250, 300

Time slots per day 48

Simulation duration (days) 28

wide. Simulationswere performedwith a different number of
nodes and radio ranges. The time of simulations was divided
into time slots. In order to reveal human mobility patterns,
we choose 4 weeks of 28 days. Every day was divided into
48 (half hour) time slots.

A collection of results for second set of simulations was
based on variables defined on Table 2. In this setup, we
excluded scenario with 300 nodes due to the similarity of
results. We also change the number of time slots in order to
obtain the higher multiplicity of contact for PDF and CDF.

The third set was running based on variables, which are
defined in the Table 3 and it is similar to the first set. The
only difference is the higher number of radio ranges because
the performance of routing protocols and disconnections in
MANET-DTN networks is depended on radio ranges.

4.3 Simulated routing protocols

Used routing protocolswere chosenbasedon their properties.
Since simulations were designed to compare social and non-
social randommobilitymodels,DSRandUDSRwere chosen
because of their independence from social relationships. On
the other hand, SBOR with SBOR-sa were chosen because

they use social aspect. Used routing protocols are briefly
described in the following sections.

DSR with limited number of path finding for message

A first routing protocol is standard DSR routing protocol
based on RFC 4728 [23], which is simple and efficient, on-
demand routing protocol designed for usage in multi-hop
wireless ad-hoc networks. DSR allows the network to be
completely self-organise and self-configurable. The protocol
is composed of two main mechanisms of “Route Discov-
ery” and “RouteMaintenance”,which allowdiscovering path
from S (source) to D (destination). During Route Discovery
mechanismwas apathfindbyRREQ(RouteRequest) packet.
After receiving RREP (Route Replay) packet was a path
established [23]. Path finding was limited on two attempts
for one message, first time at the start of communication and
the second time during the maintenance process.

DSR with unlimited number of pathfinding for message

Second routing protocol U-DSR is like previous routing pro-
tocol DSR [23] with same mechanisms and process but with
one change. U-DSR was different in a number of path find-
ing, where the attempts to find a path between S andDwasn’t
limited.

SBOR with history based probability

Another type of routing in MANET environment is based on
opportunistic transferswith orwithout social relations among
nodes. For our comparison was used SBOR (Social based
Opportunistic Routing). This method can assume a flooding-
based routing [24] for sending “extended RREQ packet
(E-RREQ)”? and direct transfer of single-copy forwarding
based scheme for sending of data with social determining.
The selection of the next hop neighbour from potential nodes
is provided by the probability of delivery. This probability
was calculated from contact history among nodes. SBOR is
the good solution, in situations, where is impossible to estab-
lish E2E path [18].

SBOR-sa with history based probability influenced by social
aspect

SBOR-sa is the same routing solution like SBOR, but with
one change. The main differences between them are in the
probability of delivery. Standard probability of delivery cal-
culated from contact history is recalculated by social aspect
given from knowledge about nodes origin and division to the
study groups. This kind of information can be extracted from
Nodeinfo matrix [18].
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4.4 Simulation result assumptions

We decided to use random models as a comparison with
SSBMM. Our SSBMM mobility model as the social model
should provide better results than random models in terms
of modularity quality and number of communities. In social
models, it is expected that the number of communities should
grow with the growing number of nodes while in random
models should a number of communities remains same or a
similar with the growing number of nodes. A growing num-
ber of communities is caused by the behaviour of nodes in
social models. With the growing number of nodes in social
model, new friendships are created so the new groups and
communities are also created. In random models, nodes are
moving randomly. In an ideal or pure random models, nodes
should statistically cover all simulation grid the same by their
mobility. In this case, it is expected that the number of com-
munities should be 1 because statistically, every node met
each other’s the same time. In real random models, nodes
usually move across the same field of simulation grid and
sometimes moves from one field of the simulation grid to
another. A number of these fields are low so it is expected
that the number of discovered communities should be also
low and should remain the same with growing numbers of
nodes. Only things that change is growing number of nodes
in these discovered communities.

Another aspect of assumption is modularity quality. In
social based mobility models it is expected that modular-
ity quality should by higher than in random models. This is
caused by stronger relationships inside communities than in
outside of those communities. In graph theory, the weights
of edges inside of communities are higher than in outside
of those communities. In random models or ideal random
models, it is expected that these weights of edges should be
statistically the same inside or outside of communities.

Generally, from the assumption mentioned above, we can
expect frommobility models that produced a low and almost
constant number of communities with low values of modu-
larity quality that mobility of those models are random. On
the other side, models that produce bigger numbers of com-
munities that grow with the growing number of nodes and
also produce bigger numbers of modularity quality should
be mobility models with a social aspect.

Fromaverageweighted degree parameter can be expected,
that bigger values should represent more frequent contacts
among nodes. In random mobility models, contacts among
nodes are distributed almost equally, which mean that the
averagevalueof aweightednodedegree remains almost same
because of small standard deviation value. In social mobil-
ity models, some contacts between nodes are more often,
which means that it is expected that the average number of
weighted degree should be bigger due higher standard devi-
ation value. It means that more often contacts among nodes

Fig. 2 Number of communities in 20m radio range

in social models push average weighted degree into higher
value.

4.5 Number of communities, modularity quality and
average weighted degree results

The first set of simulation, we to know how many communi-
ties is possible to get from the mobility of each used models
along with modularity quality and average weighted degree
results.

Number of communities

In radio range of 20m (Fig. 2) is possible to see, that SSBMM
has way more communities with 200 and 100 nodes simula-
tion. In the simulation with 50 nodes, the SSBMM has one
more community than Matis model and two more than Ran-
domWalk mobility model. While SSBMM has significantly
growing number of communities with growing numbers of
nodes, in randommodels number of communities grows just
slightly. Also, 20 m radio range create the sparse network in
simulation area. Therefore, not many nodes are in their radio
range, so in the case of SSBMM, much smaller, but stronger
communities are created. The number of communities cre-
ated by random models results from moving across the same
field phenomena mentioned in Sect. 4.4.

On Fig. 3 we can see the graphic division of nodes into
communities on 20m radio range by Gephi software.

The SSBMM has thicker edges inside than among com-
munities. This means, that there are stronger relationships
among nodes. In the random models, edge thickness inside
and among communities is comparable, thus weaker rela-
tionships among nodes are created.

The same behaviour was observed for radio range of 50m
(Fig. 4). SSBMMhas bigger numbers of communities, while
random models have almost same numbers of communities
that grow just slightly.

The graphic division of 200 nodes into communities on
50m radio range by Gephi software is shown on Fig. 5. It
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Fig. 3 Division of nodes into communities in radio range of 20m by
Gephi. aRandomWalk 50 nodes.bRandomWalk 100 nodes. cRandom
Walk 100 nodes. d Matis 50 nodes. e Matis 100 nodes. f Matis 200
nodes. g SSBMM 50 nodes. h SSBMM 100 nodes. i SSBMM 200
nodes

Fig. 4 Number of communities in 50m radio range

is possible to see the same behaviour of nodes than in 20m
radio range.

In radio range of 100m on Fig. 6 is possible to see, that
SSBMM still has bigger numbers of communities, but these
numbers are smaller than in radio ranges of 20 and 50m. This
is because of the dense network in radio range of 100m.Thus,
Louvain algorithm must consider more edges among nodes,
so fewer but stronger communities are created. On Fig. 7 is
depicted the graphic division of 200 nodes into communities
on 100m radio range by Gephi software.

Different behaviour was observed in simulations of 300m
radio range on (Fig. 8). In simulations of 50 and 100 nodes,
SSBMM has 2 communities. Those two communities were
actually nodes divided by their origin (Dormitory, City set-
tlement from SSBMM model [17]) that is possible to see
on Fig. 9h, j, the odd nodes are from Dormitory and even

Fig. 5 Division of nodes into communities in radio range of 50m by
Gephi. aRandomWalk 50 nodes.bRandomWalk 100 nodes. cRandom
Walk 100 nodes. d Matis 50 nodes. e Matis 100 nodes. f Matis 200
nodes. g SSBMM 50 nodes. h SSBMM 100 nodes. i SSBMM 200
nodes

Fig. 6 Number of communities in 100m radio range

nodes are from City settlement. On radio range of 300m,
the network is very dense, so it is possible to say, that only
meetings in origin areas were strong enough to form com-
munities. Therefore, many more edges among nodes than in
radio range of 100m is considered by Louvain algorithm, so
the even smaller number of communities were discovered.

Modularity quality

On Fig. 10 are depicted amodularity quality results. It is pos-
sible to see that modularity quality of SSBMM was always
better than in random models. Authors in [21] declared, that
nonzero values represent deviations from randomness, and
in practice, it is found that a value above about 0.3 is a good
indicator of significant community structure in a network.
Even in radio range of 300m,where numbers of communities
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Fig. 7 Division of nodes into communities in radio range of 100m
by Gephi. a Random Walk 50 nodes. b Random Walk 100 nodes. c
RandomWalk 100 nodes. d Matis 50 nodes. e Matis 100 nodes. f Matis
200 nodes. g SSBMM 50 nodes. h SSBMM 100 nodes. i SSBMM 200
nodes

Fig. 8 Number of communities in 300m radio range

were lower in the case of SSBMM in very dense network sce-
nario,modularity qualitywas still better and above 0.3,which
proves SSBMMdeviation from randomness.We noticed that
modularity with increasing radio range decreases. This is
caused by increasing the density of the network, where more
edges among nodes are considered by Louvain algorithm, so
the decision about division nodes into communities is more
difficult. In SSBMMsimulation scenario of 50 nodes in radio
range of 20m is possible to see the lower value of modularity
quality than expected, compared to other simulation scenar-
ios. This is due to the other side of extreme, where 50 nodes
in this small radio range are in large simulation area. Such a
network is very sparse, so meetings among nodes that form
the community are not so often, that means relation ties are
weak. It is also possible to see that modularity quality of ran-
dommodels is very low. From our investigation, we observed

Fig. 9 Division of nodes into communities in radio range of 300m
by Gephi. a Random Walk 50 nodes. b Random Walk 100 nodes. c
RandomWalk 100 nodes. d Matis 50 nodes. e Matis 100 nodes. f Matis
200 nodes. g SSBMM 50 nodes. h SSBMM 100 nodes. i SSBMM 200
nodes

that movement of one node in Matis model almost cover
all simulation area and all grids same times. Some nodes
cover just certain parts of simulation area. This problem we
mentioned as moving across the same field phenomena (see
Sect. 4.4) In this case, a small number of communities were
produced by the mobility of Matis model, but because of
random movement, small values of modularity quality were
produced. Also, authors in [22] observed, that nodes move in
the Random Walk mobility model are short, then the move-
ment pattern is a random roaming pattern restricted to a small
portion of the simulation area and then node does not roam
far from its initial position. From this reason, nodes tend
to move in their parts of simulation area, so their mobility
almost looks likemovement in communities. Therefore, Ran-
domWalk mobility model tends to produce the higher value
of communities than the pure randommodel, but also smaller
values of modularity quality.

Average weighted degree

Results of average weighted degree for 50 nodes are depicted
on Fig. 11. The SSBMM outperform random models in all
radio ranges. The frequency of contacts among some nodes
in SSBMM was higher than in random models, which also
push average weighted degree values higher. Therefore, it
is possible to say, that social ties among nodes cause more
often contacts among nodes and this behaviour affects aver-
age weighted degree values. The same behaviour is possible
to see in Figs. 12 and 13 for 100 and 200 nodes.
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4.6 Statistical evaluation results

Some statistical evaluation of mentioned mobility models
was also performed. Probability density function (PDF) and
cumulative probability function (CDF) of contacts were used
for the second set of simulations among nodes. Contact val-
ues from Meetings matrix were used for this evaluation.
Longer simulation duration (10,000 time slots) and200nodes
were used for more accurate result. Multiple simulation runs
of each mobility model were performed to obtain multiplic-
ity of meetings of every node in radio ranges from Table 1
except 300m.

Figure 14describes probability density of contacts between
nodes in the simulation of SSBMM, Matis model and Ran-
domWalkmobility model. In this figure is also the table with
mean and standard deviation (Std) values. In all radio ranges,
the mean value of SSBMM is almost four times higher than
mean values of random models. This means, that SSBMM
model has way more contacts and longer contacts duration
between nodes in simulation duration than random mod-
els. The SSBMM also has a much higher value of Std than
random models. This means, that SSBMM has the greater
dispersion of contacts between nodes. Generally, we can
expect, that SSBMMmodelwill havemore contacts resulting
from longer duration of contacts between nodeswith stronger
relation ties. From our investigation, we find out, that PDF of
contacts of Matis model and Random Walk mobility model
closely follow the normal distribution of these contactswhich
is typical for randomly generated values,while SSBMMdoes
not follow any known distribution.

CDF of contacts for all mentioned models was also evalu-
ated and is shown on Fig. 15. It is possible to see a significant
difference between randommodels and SSBMM. In all radio
ranges, SSBMM cover much more contacts than random
models. This means that SSBMM produces much more con-
tacts that result from longer contacts time between nodes.
It also means that nodes with strong relation ties tend to be
together for the longer time than nodes with weak or no rela-
tion ties. Therefore, longer times that nodes spend together
produce more contacts between them.
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4.7 Routing evaluation results

Not only statistical evaluation results but also routing evalu-
ation results are performed because of social mobility model
verification as the third set of simulations. Described mobil-
ity models (Random Walk, Matis model and SSBMM) was
used for running four routingmethods (DSR, U-DSR, SBOR
andSBOR-sa),which are possible to use inMANETenviron-
ment. Two of them (DSR andU-DSR) was based on standard
MANET routing solutions and the next two of them (SBOR
and SBOR-sa) was based on social opportunistic routing
solutions.

In this paper are described twomain simulation results for
three mobility models, where was running four mentioned
routing protocols.

The first results from the set of results are displayed in
Table 4, which represents message delivery ratio among
three types of delivery results, Full, Partial and Null. Every
messagewas consist of packets. Results of Full receivedmes-
sage means, that all of the sent packets of the message was
received. The result, when only some packets of sentmessage

were received, is represented by the result of Partial received
message. The third result, which represents types of received
message is the Null transfer of message. It means, that zero
number of packets was received by the destination node.

DSR couldn’t find some path, when the networks is sparse
because the nodes at the start o simulationwere divided to two
different subnetworks. In the case of the denser network,DSR
found some paths, but they maintenance wasn’t possible.

Therefore DSR reached only Null and Partial message
transfer.

U-DSR reachedbetter results thanDSR for sparse network
and for the denser network was U-DSR totally successful.

Opportunistic routing SBOR and SBOR-sa got the best
results from all routing protocol, especially for social mobil-
ity model SSBMM.

The second main result from routing evaluation results
show combined graph for an average time of delivery and an
average number of used nodes with Std for an average num-
ber of used nodes (Fig. 16). Displayed results are only for
successful attempts, three mobility models and four routing
protocols. DSR routing protocol newer reached full message
transfer in every simulation because the nodes were divided
into two separate areas without radio connection and stan-
dardDSR routing protocol couldn’t find andmaintenance the
path between S and D for successful transfer of the message.
From this reason, the average time was infinity and number
of used nods with Std was zero. This result isn’t graphically
represented.

On the other hand, U-DSR routing protocol was more
successful than DSR. For the lowest radio range got U-DSR
infinity time of delivery, because zero attempts from all sim-
ulations were totally successful. With the increasing radio
range got the decreasing average time of delivery for success-

Table 4 Message delivery ratio (full/partial/null)

Message delivery ratio—full/partial/null (%)

Protocol Mobility model Radio range (m)

20 50 75 100 150 200 250 300

DSR Random Walk 0/0/100 0/0/100 0/0/100 0/10/90 0/50/50 0/100/0 0/100/0 0/100/0

Matis 0/0/100 0/0/100 0/0/100 0/0/100 0/40/60 0/100/0 0/100/0 0/100/0

SSBMM 0/0/100 0/0/100 0/0/100 0/0/100 0/0/100 0/100/0 0/100/0 0/100/0

U-DSR Random Walk 0/60/40 40/60/0 100/0/0 100/0/0 100/0/0 100/0/0 100/0/0 100/0/0

Matis 0/60/40 90/10/0 100/0/0 100/0/0 100/0/0 100/0/0 100/0/0 100/0/0

SSBMM 20/70/10 100/0/0 100/0/0 100/0/0 100/0/0 100/0/0 100/0/0 100/0/0

SBOR Random Walk 70/0/30 100/0/0 100/0/0 100/0/0 100/0/0 100/0/0 100/0/0 100/0/0

Matis 80/0/20 100/0/0 100/0/0 100/0/0 100/0/0 100/0/0 100/0/0 100/0/0

SSBMM 100/0/0 100/0/0 100/0/0 100/0/0 100/0/0 100/0/0 100/0/0 100/0/0

SBOR-sa Random Walk 70/0/30 90/0/10 100/0/0 100/0/0 100/0/0 100/0/0 100/0/0 100/0/0

Matis 40/0/60 100/0/0 100/0/0 100/0/0 100/0/0 100/0/0 100/0/0 100/0/0

SSBMM 90/10/0 100/0/0 100/0/0 100/0/0 100/0/0 100/0/0 100/0/0 100/0/0
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(Random Walk, Matis model and SSBMM) and for four routing protocols

ful attempts. By changing of mobility model from Random
Walk mobility model through Matis model to SSBMM is
possible to see, that the time has to decrease characteristic.
An average number of used nodes is almost the same for all
mobility models.

SBOR routing protocol reached lower average times of
delivery by comparison with U-DSR for every mobility
model. This time had the decreasing tendency from Ran-
domWalk mobility model through Matis model to SSBMM.
Based on statistical and average weighted degree results are
possible to say, that Random Walk mobility model got the
lower multiplicity of contacts than Matis model. Thus Std
of an average number of used nodes are bigger in the case
of Matis model, because of Matis model got more contact
during simulation and it had opportunities to meet more and
always different nodes due to random mobility pattern and
use them to transfer messages. Std of SSBMM ismuch lower
because of this social model has the similar mobility pattern
through all simulations. From this reason, almost the same
nodes were used to transfer messages in all simulations.

SBOR-sa routing protocol got the worse average time of
delivery for random mobility models (Random Walk and
Matis model) because there was applied social aspect which
changes some relations among nodes. This change causes
degradation of an average number of used nodes and Std
results for random models, but improve results of SSBMM
a little bit.

The third result is focusing on the average time of success-
ful delivery especially on time’s Standard deviation (Fig. 17).

On the graphs are displayed results for all four routing meth-
ods, which are compared by three mobility models.

DSR wasn’t successful for all mobility models and there-
fore the average time is infinity with zero Std. Therefore the
graphical result isn’t displayed on the graph.

U-DSR wasn’t successful by sparse network and ran-
dommobility model, where reached infinity time of delivery.
With the same radio range, U-DSR was successful by using
SSBMM. Random Walk mobility model covered with the
almost the same probability like Matis model, but with the
lower number of contacts. Which means, that inMatis model
are more contact among nodes during transfer of the mes-
sage, stable paths between source and destination, what has
the direct impact on average time of delivery and Std in posi-
tive meaning. In the environment, where SSBMMwas used,
the average time was the lowest from all model and the Std
got low value because every movement in simulations was
similar.

SBOR routing protocol got higher values of average time
of delivery and Std for Matis model then Random Walk
mobility model because in cases of the sparse network Matis
model hadmore opportunities tomeet other nodes, which can
bringmessage closer to the destination. From this reasonwas
average time higher. Because of random movement, which
was different in all simulations, Matis model got higher val-
ues of Std. SSBMM had the similar pattern of movement,
therefore Std values were lower and due to social behaviour
of nodes, an average time of delivery is lower in cases of
using the social routing protocol.
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In general, an average time of delivery and Std for
SBOR-sa was degraded for random mobility models, while
SSBMMperform better results for the sparse network, where
differences among simulations were lower than without
social aspect.

5 Conclusion and discussion

In this paper, we propose tools for evaluation of social rela-
tions in mobility models as new evaluation method. This
method is based on Louvain method and average weighted
degree parameter. With the proper mobility model output
format, this method is able to reveal social aspect in mobil-
ity models based on the evaluation of modularity quality,
the number of communities and average weighted degree
parameter from resulting movement of mobility of models.
Mentioned method was simulated against other commonly
used evaluationmethods such as protocol dependentmethods
and protocol independent methods. Simulation of particular
methods was evaluated using two random based mobility
models (Matis [18], Random walk [19]) and social based
mobility model (SSBMM [17]). From performed simula-
tions, we made following conclusions.

Simulations using a number of communities parameter
shows, that this parameter is useful in sparse networks or
small radio ranges. In dense networks with big radio ranges,
there are a lot of nodes in contact through all simulation time.
Therefore, even nodes that are not in the social relationship
with other nodes may be considered by the method as the

social group. In small radio ranges, not that many nodes are
in contact. Thus, only nodes that are in contact with other
nodes for sufficient simulation time, can be considered as
the social group. Results shows, that social model has a lot
more social groups in small radio ranges than random based
mobility models. In big radio ranges, a number of social
groups are almost same for all mobility models.

When using modularity quality parameter alongside with
a number of communities parameters, results can be inter-
preted better. Because of modularity quality parameters
express, how well nodes are divided into their communi-
ties, bigger values of modularity quality are expected when
using social based mobility models. Nonzero values repre-
sent deviations from randomness, and in practice, it is found
that a value above about 0,3 is a good indicator of significant
community structure. Our results also show, that if random
mobility models were used, small values of modularity qual-
ity were obtained. These values are nonzero which means
deviation from randomness but are also very close to zero,
which means that this deviation is not that significant. Using
pure random mobility is possible to obtain zero values of
modularity quality,with only one community detected.When
social based mobility model was used, obtained values of
modularity were above 0,3 significant community structure
boundary in all used radio ranges. In very sparse networks
with small numbers of nodes, the value of modularity quality
could decrease, butwhenusing social basedmobilitymodel it
should stay above significant community structure boundary.
On the other hand, in simulations with very sparse network
and a lot of nodes, values of modularity quality were still
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above the boundary, while values of modularity quality of
random based mobility models were almost zero.

Results of the average weighted degree show another
significant deviation of social based mobility model from
randombasedmobilitymodels. The averageweighted degree
can be interpreted as howmany times nodes inmobilitymod-
els were in contact and also how often in a single parameter.
Results show that social mobility model has at least twice as
bigger values of average weighted degree as random mobil-
ity models in all used radio ranges. That means, that nodes
in social based mobility models communicate more often.
Also, some contacts between nodes are even more often with
longer duration due to the social attraction, which means that
an average number of weighted degree should be bigger.

In this paper were also performed simulations using pro-
tocol independent methods and protocol dependent methods.
PDF and CDF statistical metrics were used as protocol inde-
pendent method. PDF results shows differences between
social and random mobility based models. In random mobil-
ity based models PDF of contacts multiplicity shows that
with almost same probability in both models were obtained
smaller values of contact multiplicity than in social based
mobilitymodel. Thismeans, that social basedmobilitymodel
has way more contacts and longer contacts duration among
nodes in whole simulation duration. In the case of CDF
results, in all radio ranges, social basedmobility model cover
much more contacts multiplicity than random models. This
means that social based mobility model produce much more
contacts that result from longer contacts time between nodes
that has stronger social ties.

Four routing protocols (DSR, U-DSR, SBOR and SBOR-
sa) were simulated as protocol depended methods for eval-
uation of mobility models (Random Walk, Matis model
and SSBMM). The results show advantages of using social
mobility model for transfer data between source and desti-
nation node. In general, when social SBOR routing methods
were used for social movement, the results were much dif-
ferent compared to non-social movement. Because of social
routing methods rely on the social behaviour of nodes, the
results of successful delivery and other qualitative parame-
ters of routing will be better. Better results could be achieved
if the mobility of nodes in social models was even closer
to the real movement of humans. The usage of non-social
DSR routingmethods shows no significant influence of social
movement on routing results. Some results were better in the
case of using the social movement of nodes in mobility mod-
els. But they were not significant enough to claim, that social
movement has some impact on quality of results when using
non-social routing methods.

Modeling of human movement is a challenging task and
is very difficult to simulate all kinds of human behaviour and
movement. Since there are a lot of social mobility models,
proper tool for evaluation of social behaviour in these mod-

els is needed. InMANET-DTNnetworks, social behaviour of
nodes is important because wireless mobile devices are car-
ried by humans. Incorporate social behaviour of nodes into
mobility models could achieve better routing result with the
usage of social routing methods. Also, other researches that
rely on the social behaviour of nodes and calculate the prob-
ability of its parameters based on nodes movement could
achieve better results. In case of MANET-DTN, the social
movement could help select a reliable and secure node as
message carrier in the case of network disconnection. All
this could help to achieve a better result not only in simula-
tor’s environments but also in real life since MANET-DTN
networks are used in disaster situations whenwhole telecom-
munication systems are destroyed. But before all this, proper
simulation tool is needed to inspect network performance.
TESRMM could help to select proper mobility model.
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