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Data Transmissions Using Hub Nodes
in Vehicular Social Networks
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Abstract—Vehicular Social Networks (VSNs) consist of groups of individuals (i.e., people) who may share common interests,
preferences and needs in the context of temporal spatial proximity on roads. In this environment, the impact of human social factors,
such as mobility, willingness to cooperate and personal preferences, on vehicular connectivity is taken under consideration, thus
extending the concept of Vehicular Ad-hoc Networks. In VSNs, vehicles are classified based on their social degree, a vehicle
considered to be a “social”’ one if it accesses the vehicular social network and posts messages with a frequency higher than a given
threshold. Therefore, to speed up the data dissemination process within a vehicular social network, a packet should be forwarded to
those vehicles showing high social activity. In a previous paper, we introduced a new probabilistic-based broadcasting scheme called
SCAREF (SoCial-Aware Reliable Forwarding Technique for Vehicular Communications), and we analytically demonstrated its
effectiveness in packet transmission reduction while guaranteeing network dissemination. In this paper, we assess SCARF in more
realistic scenarios with real traffic traces, and we compare it with other similar techniques. We show that SCARF outperforms other

approaches in terms of delivery ratio, while guaranteeing acceptable time delay values and average number of forwardings.

Index Terms—YVehicular social networks, social degree, forwarding probability, delivery delay, real traffic scenarios

1 INTRODUCTION

VEHICULAR Social Networks (VSNs) are emerging as a
novel communication paradigm that exploits opportu-
nistic encounters among vehicles for mobile social network-
ing and collaborative content dissemination [1]. In a VSN,
vehicles become members of a mobile social network, which
is formed on-the-fly among neighbouring vehicles with com-
mon interests (i.e., content-based VSN), or moving to the
same location (i.e., position-based VSN), or having relation-
ship bindings (i.e., relationship-based VSN). Dynamic links
formed in a VSN are due to the opportunistic nature of
vehicular networks that make them time limited, as well as
the fact that users” access is allowed only in given positions
and for a limited time interval [1].

A VSN is mainly composed of two fundamental parts,
namely: (i) a vehicular ad hoc network that represents the
physical layer, and (ii) a social network framework running
on top of said physical vehicular network. The synergy
between these two layers allows content dissemination
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protocols and routing algorithms to be designed in VSN,
which exploit not only the mobility patterns of human beings
and vehicles, but also the social properties that exist mainly
among humans and also among vehicles (i.e., Social Internet
of Vehicles).

In order to better understand the behaviour of social-
based vehicular networks, many researchers make use of
the main tools of Social Network Analysis (SNA) [2], which
takes into account social relationships in terms of nodes
(i.e., individuals) and ties (i.e., relationships among nodes),
to identify the important components of a social network [3].
For example, Xia et al. [4] describe BEEINFO, an interest-
based forwarding mechanism that uses an artificial bee col-
ony for socially-aware networking, that is, a routing mecha-
nism that classifies communities into specified categories on
the basis of personal interests. Data dissemination is based
on the information on node density, such that the higher the
density, the more nodes the community has. This informa-
tion provides a guideline for better selecting next-hop for-
warders. As another example, SocialCast [5] is based on
data similarity metrics only and considers the interests
shared among nodes. Messages are forwarded by a given
node that represents a good message carrier for a given
interest. Finally, hybrid approaches consider both social
and data similarity metrics, like SCORP (Social-aware
Content-based Opportunistic Routing Protocol) [6], which
considers the type of content and the social relationship
among nodes so that data forwarding occurs according to
the social degree of a node with respect to others interested
in a given message.

Derived from classical data dissemination protocols, such
as those based on Delay Tolerant Networks for example,
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centrality metrics are used to denote how “important” a
node is inside a network. An “important” node plays a cru-
cial role in a vehicular social network and performs relevant
tasks like data forwarding or decision making (e.g., a node in
contact with several neighboring nodes will be able to for-
ward a data message to a huge number of next-hop forward-
ers due to its high encounter probability). For instance,
Bubble Rap [7] is based on social metrics only and combines
node centrality with the notion of community to make for-
warding decisions.

The centrality metric allows hub nodes to be identified in
the communities. A “hub” is a node with a number of links
(i.e., a node degree) greater than the average in the whole net-
work. Hubs represent a unique feature of scale-free networks,
which are ruled by the power-law degree distribution.

In a previous paper, we introduced SCARF (SoCial-Aware
Reliable Forwarding Technique for Vehicular Communica-
tions) [8], a data dissemination technique based on social simi-
larity metrics. SCARF is a next-hop forwarding selection
protocol for VSNs that, in addition to being based on the typi-
cal physical parameters used in vehicular ad-hoc networks,
also considers the social features that may exist among nodes.
In particular, SCAREF selects the next-hop vehicle only if its
“sociality features” indicate it as eligible. In such context, a
forwarder hub vehicle (i.e., a node with a very large network
degree) will likely disseminate messages to a larger number
of neighbors as compared to other vehicles with a lower net-
work degree. How to define a node as a “social vehicle” is an
openissue.

Unlike traditional forwarding techniques used in tradi-
tional opportunistic networks, SCARF is most suitable for
social-aware vehicular scenarios.

In this paper, we further investigate the SCARF technique
by assessing it with both synthetic and real traffic scenarios.
A comparison has also been carried out with existing related
protocols used for vehicular networking that do not neces-
sary deal with social features. As one of the main results,
SCAREF presents its effectiveness in providing a higher deliv-
ery ratio and lower delay, especially when the number of
vehicles increases in the network, meaning that it is able to
select as nexthop forwarders those vehicles that are “socially
active” and are connected with a larger number of nodes. As
a result, SCARF maintains a lower number of forwardings,
meaning that it is able to find those vehicles that have a
higher social degree, thus allowing for a very effective data
dissemination mechanism in VSNs. Finally, we observe that
SCAREF is not only able to forward messages to social
vehicles, but is also selective in choosing the most likely hub
vehicle within a transmission range.

To summarize, unlike [8], in this paper we present the sys-
tem model for VSN, together with a novel network architec-
ture based on edge computing. We also provide a definition
of hub node and social degree concepts, in addition to an
analytical performance evaluation of SCARF. Finally,
extended simulation results of SCARF have been carried out.
The following contributions are addressed in this paper:

1)  The SCARF technique, already introduced in [8], has
been largely assessed in both synthetic and real trace
scenarios and has been compared with existing routing
protocols for vehicular networks. Its effectiveness, due
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to selection of hub nodes as next-hop forwarders, is
proven in terms of (i) high delivery ratio, (ii) low deliv-
ery delay, and (iii) reduced number of forwardings;

2) A VSN system model describes how a vehicular social
network is built and how a vehicle can be elected as a
social node. The activity degree provides information
about the “social addiction” of a vehicle (i.e., how
social a vehicle is in a VSN), mainly depending on
how many messages it uses to send when connected
to a vehicular social network and its willingness to
communicate. As expected, we observe a Pareto dis-
tribution of social vehicles, meaning that most nodes
present a low social degree, while only few vehicles
have a high social degree;

3) Data from each vehicle (i.e., the activity degree) are
collected through an edge computing-based architec-
ture, where a central node (i.e., a Road Side Unit)
gathers such information to be processed and shared
within the network.

This paper is organised as follows. Section 2 presents an
overview of the main techniques for message forwarding
based on vehicle social behaviour. In Section 3, we intro-
duce the system model that describes how a VSN is formed
and provides definitions of hub node and social degree, and
then in Subsection 3.1 we describe the edge computing-
based network architecture in order to represent a real-
world based solution for gathering the needed information
in the proposed SCARF forwarding approach. Section 4
describes the mathematical model of SCARF and derives
the average number of forwarders occurring in a transmis-
sion range. In Section 5, we report and discuss the simula-
tion results related to SCARF technique carried out both in
real traffic and synthetic trace scenarios and compare it to
other existing techniques. Finally, conclusions are drawn at
the end of this paper.

2 RELATED WORKS

The study of social features in contexts that differ from well-
known OSNss is on the rise. In the context of information net-
works, identifying hubs allows data to be effectively spread
on the network. Many methods are based on the topology of
the network and ignore other important properties, such as
the nodes’ features and the way they process information [9].
For instance, Ilyas et al. [10] consider a user who is connected
to well-connected users to have a more central status and so
is more likely to be eligible as central node.

Identifying hub nodes in mobile social networks —and
particularly, in VSNs— may be very challenging as connec-
tivity links —and social ties— exist in limited time intervals
and spatial positions [1] due to the vehicles” mobility pat-
terns. Additionally, the dynamics of vehicle mobility, as
stated in [11], have been difficult to characterise and model,
so in order to perform realistic evaluations, we should rely
on the use of realistic traces. In [12], da Cunha et al. study
social metrics in order to characterise vehicle mobility in a
realistic dataset. Mobility in VSNs can be modeled as a
social network following the laws of the degree distribution
and the short distance among nodes. It was also possible to
verify that the use of social metrics can help in improving
the performance of protocols, network infrastructure, and
to propose new services to assist the drivers.
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How to define which social metric efficiently models the
activities of members in social networks remains a challenge.
Traditional social metrics (i.e., closeness, betweenness, and
bridging) are application-oriented, usually exploited in the
design of routing protocols in VSNs while achieving higher
delivery ratio, and shorter end-to-end delays. In [13], a node
is selected as next hop not only according to traditional
greedy approaches (i.e., the closest node to a given destina-
tion), but also considering social factors like centrality. Simi-
larly, in [14] Bradai et al. select rebroadcaster vehicles based
on their strategic location in the network and their capacity
for reaching other vehicles by using a new centrality metric
called dissemination capacity. In [15], Stagkopoulou et al.
use a specific social inspired metric, namely Probabilistic
Control Centrality, in order to identify potential vehicles for
message forwarding and the coverage of a wide range of a
vehicular network. Recently, in [16], we proposed two data
dissemination techniques for VSNs based on graph metrics,
like betweenness and the local clustering coefficient, in order
to select central nodes as next-hop forwarders. Finally,
in [17] Lu et al. investigate network performance in a social-
proximity vehicular network, where each vehicle transmits
to a destination vehicle sharing the same social interest.

One characteristic common to all the previous works is
the focus on selecting the best vehicles for rebroadcasting
data messages according to social metrics, like the cluster-
ing coefficient and the node degree. More generally, it is
possible to define a social degree that allows the most appro-
priate vehicle for data forwarding to be selected in order to
maximise network performance. A tentative definition of
social degree has been proposed in [18] as a score that eval-
uates the probability that within a given time period, a vehi-
cle can establish a reliable social connection with a
neighbouring vehicle. In [19], Neto et al. consider the Waze
dataset and investigate the posting behaviour of users in
vehicular social networks. They observe the influence of
speed and delay on the posting activity of vehicles so that
most contributions to the vehicular social network are trig-
gered during rush hours, mainly on weekdays. Another
work [20] studies the relation between human geographic
movement, temporal dynamics and the ties of the social net-
work. The authors conclude that short-range travel is less
impacted by the social network structure while a person
going a long distance is more likely to travel near an existing
friend. Relevant studies have shown the existence of regular
driving patterns in time and in space in the vehicular con-
text [21]. This feature is extremely interesting when consid-
ered in combination with social networking. Indeed, a
social network can be associated to a social structure com-
posed of basic units (e.g., individuals or nodes) sharing
some common interests or ideas. The identification of regu-
lar driving patterns on the road emerges from people that
normally take the same road every day. From these prem-
ises, it seems straightforward to think about vehicular social
networks as “social networks on the roads” [22], [23].

Vehicular social networks present intrinsic challenges
and issues as identified in [24], that derive from both of the
networks, i.e., the social and the vehicular ones. In particu-
lar, the unreliable connectivity of wireless links may impact
the quality of social interactions and efficiency data trans-
mission [25], while effective information dissemination
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mechanisms are necessary [26]. This aspect is becoming
more urgent with the advent of new potential applications
and services that could highly benefit from social ties. There
is an increasing need to showcase vehicular social applica-
tions and services enabling proximity-based social interac-
tions among vehicles during daily travel [27], [28]. The
major trend to make social networks available among
vehicles is Mobile Social Software (MoSoSo) [29]. MoSoSo is
a class of mobile applications related to the concept of
mobile Internet, with the aim of supporting social interac-
tions among interconnected mobile users for data sharing.

Commercial applications of VSNs have recently started
emerging in the daily routine of vehicles. As an example,
the Twittermobile car developed by Ford [30] allows Twitter
messages to be sent containing information ranging from
the driver’s mood to real-time traffic warnings. Similarly,
traffic related voice tweets can be shared through NaviT-
weet [31], such that the driver’s preferences can be incorpo-
rated into the navigator’s route calculation. RoadSpeak [22]
is a voice chat system used by daily driving commuters or a
group of people who are on a commuter bus or train.
Finally, another interesting application is vehicle-to-vehicle
(V2V) charging/discharging systems for electric vehicles
(EVs). When vehicles with excess energy can be considered
to be alternative charging points for other EVs that need to
be recharged, an efficient social network among these
vehicles would have a huge impact in terms of charging
effectiveness [32]. In general, reducing end-to-end delay
and achieving a higher delivery ratio is a challenge in
VSN [33], [34]. Appropriate mechanisms have to be con-
ceived in order to deal with the intermittent connectivity.
In [35], the authors focus on this issue by considering buses
that periodically run along fixed routes. Specifically, they
propose a routing strategy based on an ant colony optimisa-
tion approach. This type of approach relies on the knowl-
edge of the bus schedules. For other types of vehicles, even
though regularly patterns have been envisaged, they are not
subject to regular schedules. In this sense, the identification
of specific social vehicular ties as we propose in this paper
could be more generally applicable.

To summarize, VSNs enhance commuter communication
along the roads for different applications, such as (i) safety,
(i) convenience, (iii) comfort, and (iv) entertainment-based
applications [36]. As an example, commuters spend more
time during rush hours in comparison to normal traffic con-
ditions; in such a case, entertainment-based applications of
VSNis facilitate commuters’s access to gaming, as well as to
sharing/downloading music, video, and photos. Regarding
safety-based applications, social-aware dissemination pro-
tocols allow messages to be forwarded to social nodes.
SocVe (Social-aware Vehicular DTN protocol) [37] has been
proposed for safety applications, such as emergency sup-
port services. The goal of SocVe is to transmit safety mes-
sages to one or more predefined important node in the
network. The forwarding decision is based on several social
metrics such centrality, tie strength, etc.

In this paper, we present a data forwarding technique in
VSN, namely SCARF, based on the selection of hub nodes.
It aims to identify social nodes based on the concept of the
social activity of a node. Social nodes are expected to best
disseminate messages across the VSN. SCARF can be used
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School
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Ve

Vehicular Ad hoc Network

Fig. 1. Mapping between VANET and VSN. In VANET, next-hop vehicles
are selected within a transmission range (dotted circles) according to a
greedy algorithm. In VSNs, vehicles are distinguished according to
social features (i.e., social degree). Vehicles are members of a VSN
(blue rectangles), if they share common interests. Social nodes (grey
vehicles) are preferably selected as next-hop forwarders in order to
reach more nodes.

for different VSN applications, from security to entertain-
ment-based applications. For instance, for safety-based
applications, forwarding messages to social nodes (e.g., in
such a case, police cars, fire trucks, ambulances, and so on)
can enhance the message dissemination within the overall
network. SCARF stems in part from traditional forwarding
probabilistic techniques applied to vehicular communica-
tions, and then it depends on physical parameters like the
inter-vehicle distance and the vehicular density, so that the
farther the forwarder from the source vehicle is, the higher
the forwarding probability is. Intuitively, the farthest vehi-
cle within range of the transmitter should be the most likely
next-hop forwarder of the packet as this will yield the high-
est forward progress. However, the social features of
vehicles are also taken into account, meaning that for a fixed
distance, not all the vehicles are potentially eligible as next-
hop forwarder.

Unlike related works on social networking applied to
vehicular networks, we do not rely on well-known graph
theory metrics of node centrality, but rather we introduce the
activity degree of anode in a VSN based on the average num-
ber of messages (i.e., posts) sent by a node when connected to
the VSN. Taking into account such information, we can iden-
tify the most likely social (hub) node within a transmission
range, which can be then selected as next-hop forwarder.
Selecting a hub node is expected to reach a higher number of
neighbors, thus providing a reliable data dissemination.

Notice that the content of a post message depends on the
specific application of VSNs. For instance, the Ford Tweet-
ing car is a socially-aware cloud-based application, which
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enables drivers to be connected to other neighboring drivers
and share vehicle and route information. In this specific
context, the content of a message should be the vehicle and
route information (e.g., speed, direction, position, fuel con-
sumption, traffic conditions, etc.).

3 VSN SysTEM MODEL

Vehicular social networks arise from well-known VANETS,
where social ties are formed on-the-fly according to the vehi-
cles’ pattern mobility, routines and shared interests [1]. In
VANETSs a node is selected as a next-hop forwarder based
on some greedy algorithm. Physical features like channel
quality, transmission range, inter-vehicular distances and
so on, are taken into account, as are mobility models.

Fig. 1 depicts the mapping between a VANET and the cor-
responding VSN. As the vehicular network is based on V2V
and vehicle-to-infrastructure (V2I) communication links fol-
lowing the store-carry-and-forward scheme, in the vehicular
social network, vehicles distinguish the importance of a vehi-
cle in the network according to social features. Identifying a
social vehicle improves network performance as it is most
likely to disseminate a message to many other neighbors.
Graph metrics like centrality, betweenness and clustering
coefficient may aide in the detection of social (central) nodes.
In Fig. 1 the grey vehicles are social nodes because their
degrees are high (i.e., high number of neighbors).

A VSN is formed according to specific criteria, namely:
position, content and relationship [1]. For example, vehicles
moving towards a school are most likely to share common
interests related to the school context. A VSN is therefore
most likely to be built among such vehicles (see the blue rect-
angle near the school). Similar considerations apply to other
VSN depicted in Fig. 1 (e.g., the bus and the interested neigh-
boring vehicles form a VSN related to public transportation).

In each VSN a central (social) node exists. However, how
to identify a social vehicle is an open challenge that we aim
to address in this paper. Let us consider a VSN is built based
on information content shared among drivers with shared
interests (e.g., the VSN of vehicles driving towards the sta-
dium to attend a football match). Neighboring vehicles can
share common interests (e.g., the availability of parking
slots, ticket sale, match bets, etc.) thanks to social ties built
based on the common interest (i.e., they are fans of a football
team and are physically going to the football match).

In such scenario, a new node can access the VSN and
become member based on common characteristics. As an
example, and without a loss of generality, in Fig. 2 we con-
sider a VSN made of two clusters formed according to well-
known techniques as in [38]. We focus on the cluster where
a source vehicle (i.e., Tx vehicle) needs to forward a packet
among its N, neighbours within the transmission range z
[m]. The VSN can be modeled through a planar network
topology for a generic multi-hop broadcast protocol i.e., it is
a relative static two-dimensional wireless network where
vehicles have almost-zero relative speed.! A free-space
propagation model and a fixed transmit power are assumed
so that each vehicle has a fixed transmission range z [m].

1. Notice that the assumption of static nodes is not restricting
because from the perspective of a single transmitted packet, the trans-
mission time is very short, so the network appears as static [39].
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z [m]

Fig. 2. Schematic of a VSN comprised of two clusters (dotted areas).
The hub vehicle (brown vehicle) has a higher network degree and will be
likely to disseminate an information packet to a large number of neigh-
boring vehicles. From a social networking perspective, a hub vehicle is a
social node with high activity degree.

We are aware that a two-dimensional network with free-
space propagation model and a fixed transmit power could
be considered not completely realistic. In previous works of
some of the authors e.g., [40], this aspect was thoroughly
evaluated. Leveraging on such results, we consider that,
specifically for the scope of this work, this model is a rea-
sonable approximation that will not impact on the results
obtained. We are aware, in any case, of the possible limita-
tions of the approach. As a reference, Table 1 collects all the
parameters used in the following VSN system model.

Our model assumes that inter-vehicle distances (or inter-
vehicle headways) are Poisson (exponentially) distributed.
An excellent and recent analysis of this topic is in [41],
including several references in which empirical data were
used to confirm that the exponential model is generally a
good fit for the distributions of inter-vehicle distances. Fur-
thermore, several papers have used exponential distribution
for modelling the inter-vehicle distances [42], [43], [44]. In
order to confirm this fact, we have performed an extensive
study of the inter-vehicle distance on the Rome taxi
traces [45]. We obtained the Probability Density Function
(PDF) and the Cumulative Distribution Function (CDF) as
depicted in Fig. 3, by considering the euclidean distance in
meters between two vehicles in movement using a period of
1 s, a distance resolution of 1 m, and the maximum distance
was 200 m. In Fig. 3 we also included an exponential distri-
bution with mean A = 0.01, showing a reasonably good fit,
and thus confirming the suitability of the exponential inter-
vehicle distribution for our model.

Consequently, the nodes’ positions can be generated
according to a Poisson Point Process of parameter p, where p

TABLE 1
Parameters Used in the VSN System Model

Parameter Description

z Transmission range [m]

d Distance [m]

o Vehicular density [veh/m]

a; Activity degree of the ith vehicle, in the range [0, 1]

& Shape factor of the ith vehicle

S; Social degree of the ith vehicle, in the range [0, 1]

o Exponent of the power law distribution, in the range [2, 3]
N, Number of potential forwarders

Viavg Average number of social vehicles

Minimum value of the activity degree

Gmin

IEEE TRANSACTIONS ON MOBILE COMPUTING, VOL. 19, NO. 7, JULY 2020

—— Roma —— Roma
10 Exp. fit 09 Exp. it

0 50 100 150 200 0 50 100 150 200
Distance [m] Distance [m

(a) (b)

Fig. 3. (a) PDF and (b) CDF of the inter-vehicle distances distribution of
the Rome traffic, including an exponential fit with A = 1/p = 0.01.

is the vehicle linear spatial density [veh/m]. It follows that
the inter-vehicle spacing is exponentially distributed with
mean 1/p = X. More formally, let X; be a random variable
denoting the space between the ith and the (i 4 1)th vehicle.
We assume that X; are independent and identically distrib-
uted (i.i.d.) with the CDF denoted by Fx(z). Finally, each
vehicle is able to determine the relative distance between
itself and a transmitter.

Now, let us consider the ith vehicle is at distance d [m]
from the Tx vehicle (i.e., d < z). The forwarding probability
of this vehicle should be proportional to (i) the probability
that there is no vehicle in the interval of length z — d, and
also (ii) to its social degree. The probability that the ith vehi-
cle will reforward a packet (i.e., py;) depends on the probabil-
ity that there is no other vehicle in the interval of length
(z — d), which can be expressed as

pr::l*FX(ZidL (1)

where Fy(z — d) is the CDF with z = z — d.

In Eq. (1), the dependence of the forwarding probability
on distance is expressed. Other features should be also
taken into account, such as the quality of channel over
which the packets will be transmitted. These aspects might
be enough for traditional VANETS, as each node is poten-
tially eligible as a next-hop forwarder based solely on physi-
cal features (i.e., distance and channel quality). However, as
we are dealing with vehicular social networks, we also need
to consider the social features of the ith vehicle (i.e., the reli-
ability of forwarded packets depends on the willingness of
the ith vehicle to forward them to its neighbors). For
instance, if the channel quality is bad (e.g., low SNR, low
data rate, high delays, etc.), then the forwarding probability
should be low in order to avoid unsuccessful packet trans-
missions (i.e., packet loss).

On the other hand, not all the neighboring nodes are eli-
gible as next-hop forwarders, but specific features distin-
guish them from among social and unsocial vehicles. As
expected, a social vehicle is likely to forward packets to a
higher number of neighbors as compared to unsocial (poor
social) nodes, which can reach a limited (low) number of
nodes. For example, if a central node (i.e., a node with the
highest number of neighbors) is elected as a next-hop for-
warder, packets will be disseminated more efficiently than
they would be to a not central node with a lower number of
neighbors. Choosing a “popular” vehicle as a next hop for-
warder increases the chance of delivering the message to a
broader group.
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Fig. 4. (a) Contour plot of activity degree versus the number of posts
over 3 minutes i.e., [0, 3.6], and the probability of accessing the vehicular
social network i.e., [0, 1]. (b) Top-view of the activity degree.

Notice that in this work we are not specifically investigat-
ing the necessary mechanisms for motivating a vehicle to col-
laborate in forwarding messages. We nevertheless believe
that the area of Serious Games, or more in general of
“gamification”, should be the path forward. Serious Games
are games that not only focus on pure diversion but that also
take advantage of the potential of game technology and game
mechanics for learning and training [46], [47]. The general
objective here is to reward proper user behavior through vir-
tual and/or real-world incentives. Rewards could be related
to the ITS world, like discounts on parking, minutes of access
to Congestion Charge Zones, or the like.

Based on these considerations, we assume that there are
“collaborative” nodes and we can provide the following for-
mal definitions i.e.:

Definition 1 (Hub Node). A node v is central if the number of
direct connections to its neighbors (i.e., node degree §(v)) is the
highest in the network. The node degree §(v) is defined as:

S)= > by, 2)

JEVijFv

where {,; is the link from node v to its neighbors j (with j € V,
j # v, being V the set of edges of the graph associated to the
given network). A hub node is a central node.

Definition 2 (Social Degree). The social degree of a node is
defined as the probability that it is socially active in a VSN,
assuming it is interested in the content produced and inter-
changed among members in that specific network, i.e.,

where A is a threshold that determines if the ith vehicle has an
high activity degree (i.e., if a; > A), with a;(t) as the activity
degree of the ith vehicle (in the range [0, 1]) at time t.

Notice that the exact nature (i.e., text, voice, images, or a
combination thereof), form of production (e.g., voice-to-text
device or more simply by a passenger of the vehicle), and the
semantic of the content produced and interchanged among
nodes clearly depend on the application that is making use of
this dynamically created network. It can range from simple
traffic status indications with possibly some suggestions for
alternatives routes, to discussions related to a topic of interest
e.g., a show that various people in vehicles are going to attend.

Corollary 1. A hub node is likely to have a high social degree, but
a node with a high social degree is not necessarily a hub node.
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Notice that in the case where multiple vehicles have the
same value of social degree, like in the case of vehicles travel-
ing on a freeway with the same velocity, a selection technique
can be used based on the vehicle ID, like choosing the one
with the lowest ID. In this context, it makes sense to
“clusterize” the nodes that have a relative low velocity. If there
are “too quick” vehicles, their relative speeds will be too high
and they will not be considered part of the cluster since the
dynamics of the cluster are slower than the node dynamics.

From Definition 2, the activity degree of the ith vehiclei.e.,
a;(t), depends on the sampling time ¢, the number of posts
sent by the ith vehicle in the VSN i.e., n,, (), and the probabil-
ity that the ith vehicle accesses the VSN, i.e., p,, (t), i.e.,

a; (t) = Ny, (t) * Pa; (t)|t€[t (4)

start -,tst()[l] ’

where ¢, and t,,, are the start time and end time of the
mobility pattern of the ith vehicle. Eq. (4) is within the range
[0, 1] when normalized w.r.t. the maximum number of posts
i.e, max,(n,, ). Fig. 4a depicts the activity degree versus the
probability of access and the number of posts sent by a vehicle
during its activity time. In accordance with [4], we consider a
maximum rate of one post every 50 seconds (i.e., 3.6 posts
over 3 minutes). We notice that for high probability of access
and high number of posts, the normalized activity degree is
expected to be maximum i.e., 1. On the other hand, we have
the lowest activity degree when both the probability of access-
ing the network and the number of posts is low. Fig. 4b
depicts the areas with different values of the activity degree.

In Eq. (3) the activity degree of vehicles can be assumed to
be power-law distributed. In general, in a social network, few
nodes present a high activity degree, while most have a lower
activity degree. It follows that the threshold A in Eq. (3) can be
computed according to the 80/20 rule of power-law distribu-
tion [48]. Specifically, the fraction of vehicles N, with an activ-
ity degree higher than A can be written as

1-a
v-(2) )
Qmin
and the percentage N, of the activity degree of N, vehicles is
A 2—a
v=(2) ©®
Qmin

Since the exponential of power-law distribution of scale-free
networks is in the range [2, 3] [48], and assuming N,, = 20%,
we can choose « = 2.15, which provides an activity degree
of ~ 0.8. This means that the 20 percent of vehicles have an
activity degree equal to ~ 0.8, for « = 2.15. For increasing «,
the activity degree decreases, as depicted in Fig. 5.

Leveraging on the previous considerations, in Eq. (1) we
include the shape factor ¢; and the social degree S; of the ith
vehicle, which take into account the channel quality and
social features, respectively. Eq. (1) becomes

p?‘fARF =[1— Fy(z— d)]l/(cz"si)’ )
which is the SCARF forwarding probability assignment

function with ¢; > 1 and S; = (0, 1]. The higher the value of
¢; (5;), the higher the forwarding probability p;;. Finally, as

2. A post is a message produced in a VSN.
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we assumed the inter-vehicle spacing is exponentially dis-
tributed, Eq. (7) becomes [8]

SCARF z—d
C = — . 8
Pri exp{ pCi : Sz] ®)

3.1 Edge-Computing Architecture for VSNs

One of the main goals of Vehicle Social Networks, as all Smart
Cities or more generally IoT, is to provide solutions capable
of handling possible scalability issues. Edge computing is
essentially the process of decentralising computer services
and moving them closer to the source of data. This approach
has a significant impact on scalability as it can drastically
reduce the volume of data moved and the distance it travels.
For this reason, in this paper we introduce an edge comput-
ing architecture to support the data exchange and gathering
of relevant information, such as the activity degree of
vehicles. Specifically, we treat each vehicle as a “content
island” i.e., a node that can interconnect groups of integrated
“things” to exchange and process data among other content
islands. We are extending the concept of “node” represented
here by a vehicle, using the idea of edge computing.

Following the results in [49], we consider a content island
to be a publish/subscribe-based system where a set of
“things”, capable of performing processing and sensing,
interchange messages inside the island and with other
neighboring islands, talking MQTT. The island core allows
the flow of messages to be handled directly inside the island
and among other islands. Fig. 6 depicts the concept of a
vehicle as a content island.

We rely on an edge-based architecture in order to lever-
age a content-centric network paradigm where the content
is cached close to the mobile user so as to improve the access
delay and avoid wasting resources. Similar approaches
have been used in [50], [51], [52], [53]. Information about the
social degree of each vehicle is spread within a cluster
through a V2I link to a Road Side Unit (RSU). Each vehicle
shares its information about activity degree, which is
updated in a given time interval (e.g., every 3 minutes in a
30-minutes journey). The RSU can then relay the received
information on to other vehicles in the network.

IEEE TRANSACTIONS ON MOBILE COMPUTING, VOL. 19, NO. 7, JULY 2020
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Fig. 6. Edge computing-based network architecture.

In our architecture, a message can be (i) a request for
processing or data analysis, (ii) an action trigger, or (iii) a
collection of data. Messages are interchanged among nodes
that belong to either the same island or to other islands. A
request for data analysis or processing indicates the need
for data intensive processing over a data-set. In our sce-
nario, the activity degree of the ith node is computed. An
action trigger can be a request to, if certain conditions hold,
elect a node as a social node or hub. Finally, a collection of
data is a set of values obtained from a node, such as the
activity degree values from short and long-period records.

The island core is built around: () an MQTT broker, (ii) a
DTN daemon, and (iii) the MQTT near-user edge gateway
(MQTT-NEG). Messages can be i.e., (i) local and (ii) global.
Global messages are both distributed inside the island and
forwarded to other islands by the DTN daemon. Inside the
island, connectivity is provided using any common stan-
dard technology, like Wi-Fi. Inter-island connectivity is
where the VSN and the SCARF forwarding technique come
into play, opening up the possibility of distributing infor-
mation, creating “conversations” among the members of
specific groups of islands, and deploying applications that
allow users to cooperate.

4 SCARF TECHNIQUE

SCAREF is a message rebroadcasting technique that selects the
forwarding nodes based on their social degree; we refer to
them as “social vehicles” [8]. Similarly to what happens in tra-
ditional on-line social networks, SCARF classifies vehicles
into different categories based on their social degree. A social
vehicle shows an appropriate social behaviour with respect
to a given VSN. With the term “appropriate”, we refer to a
social behaviour that makes the vehicle eligible to be a “social
vehicle” in a specific VSN. For instance, a vehicle that accesses
a VSN every day and has a high social activity degree (e.g., it
posts several comments in the VSN) can be awarded as
“social vehicle”. A hub vehicle, i.e., a vehicle having the high-
est network degree, is eligible as social vehicle since it is con-
nected with the highest number of neighbours ina VSN.
Mathematically, the social behaviour of vehicle i is
expressed in terms of its social degree S;, ranging from 0,
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ent values of the shape factor c.

where the vehicle has no social behaviour and so is not eligi-
ble, to 1, where the vehicle has a high social behaviour and
is therefore a potential next-hop vehicle.

According to the SCARF technique, a vehicle that receives a
packet should forward it only to the “social vehicle i”, that is
to say, the one among those within its transmission range that
has the highest social-based forwarding probability, computed
according to the probability assignment function in Eq. (8).
Fig. 7 depicts the SCARF forwarding probability for the ith
vehicle at distance d =150 m within the source vehicle’s
transmission range (i.e., z = 200 m, which can be regarded as
a possible range of an IEEE 802.11p device) versus the social
degree S; and for different values of ¢; (i.e., ¢; = [1,2,5]). The
shape factor implicitly takes into account information about
the quality of channel, acting as the signal-to-noise ratio asso-
ciated to the communication channel of the ith vehicle. The
higher the ¢; value, the higher the quality of the channel of the
ith vehicle and therefore the higher its forwarding probability.
Notice that different values of ¢; depend on the radio technol-
ogy used to transmit data and on the effective transmission
range of the source vehicle. Formally, ¢; can be defined as:

2t Ze
2= Zeg

Ci , with z.; # 2, 9
where z.; [m] is the effective transmission range of the ith
vehicle (i.e., z.; < 2). For instance, in the case of IEEE
802.11p, the nominal transmission range is 200 m but the
effective one is expected to be lower (e.g., 100 m) if there is a
fading and noisy channel; so in this case, the shaping factor
will be ¢; = 3. The higher the ¢; value, the higher z.;, mean-
ing it is approaching the nominal transmission range z. The
shaping factor can be further modeled as a random variable
C7, defined to take any value in the interval I = [1, B] =
{ceN:1<¢< B} with equal likelihood and associated
probability density function as

ot = {1 1=c=?
cl\¢) =

. (10)
0, otherwise

with T as the interval width (i.e., B — 1).
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¢ =[1,2,5] for black, blue and green lines, respectively.

Another important property of SCARF forwarding prob-
ability assignment function is that it should be able to adapt
to the vehicular density changes. In Fig. 8, the SCARF prob-
abilities are shown as functions of the vehicle density for a
vehicle at a fixed distance from the transmitter (i.e., 150 m
in a 200 meters transmission range). It can be observed that
the SCARF forwarding probability assignment function is
adaptive to the vehicle density. As the vehicle density
increases, the forwarding probability decreases.

The dependence of SCARF forwarding probability behav-
ior on (i) distance, (ii) social degree, and (iii) shape factor, is
depicted in Fig. 9. For increasing distances, the forwarding
probability increases, reaching the maximum value when the
social degree is also at its maximum. When the shape factor
increases (i.e., good channel quality), the SCARF forwarding
probability increases. In this case, even if the ith vehicle has a

0 02 04 0.6 0.8 1

< o <
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I 1 | |

SCAREF forwarding probability
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Fig. 9. SCARF forwarding probability versus the distance d [m] (with
d < z) and the social degree. In this case, we assumed p = 0.02 [veh/m]
and different values of the shape factor, i.e., ¢; = [1,2,5].
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Fig. 10. Probability of a social vehicle versus the degree of activity under
the hypothesis H;, for different values of the degree of activity in H,.

low social degree, its probability of forwarding is expected to
be non null. In contrast, if the shape factor is low (i.e., poor
channel quality) but its social degree is high, then the for-
warding probability associated to the ith vehicle will be maxi-
mum, meaning that it will try to forward the message.

The main feature of SCARF is its applicability to vehicular
social networks, as it distinguishes and selects only social
vehicles likely to be the most suitable next-hop forwarders
for VSN applications for the purpose of disseminating data
information in a fast and reliable manner. Indeed, a social
vehicle showing a high social degree is expected to be collab-
orative and willing to forward data messages in the VSN. We
therefore assume the social degree of the ith vehicle also pro-
vides information about its willingness to collaborate and
forward messages. In this way, SCARF avoids to select self-
ish vehicles [54] that can affect network performance (e.g.,
causing a lower packet delivery ratio).

So far, we have considered one given vehicle to be con-
nected in one given VSN (i.e.,, VSN;). However, other net-
works could be present and a vehicle might be then connected
to more than one VSN (e.g., VSN»). We can assume the follow-
ing two hypotheses:

Hj : the ith vehicle is connected to VSN,

11
H, : the ith vehicle is connected to VSN, an

Where Pr(H;) and Pr(H,) are the probability that the ith vehi-
cle is under hypothesis H; and H,, respectively, we have
Pr(H,) + Pr(H,) = 1. Fig. 10 depicts the probability of having
a social vehicle to which to forward a packet. The vehicle is
then considered to be socially next-hop eligible if its probabil-
ity in Eq. (3) is higher than a given threshold (e.g., > 0.7).
This occurs for different values of the social activity parameter
in H; and H,. For instance, according to Fig. 10 assuming
ag, = 0.2 as the activity degree in H;, only the vehicle show-
ing the lowest degree of activity in H, (i.e., ag, = 0.01) is
considered a social vehicle since its social degree® is higher

3. Notice that from Eq. (3) the social degree represents a probability,
and so the terms “probability of social vehicle” and “social degree” of
the ith vehicle are used interchangeably in this paper.
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than 0.7. Literally speaking, ay, = 0.01 means that the activity
degree in VSN, is very low and the vehicle is likely not social
in VSN,. As a consequence, for ay, = 0.01 it is expected that
the social activity of the vehicle in VSN; will be higher and
therefore, the probability that it is a social vehicle in VSN; will
be higher.

4.1 Analytical Performance Evaluation

We now turn to the assessment of the performance of the
SCAREF approach. We consider the scenario where an infor-
mation packet propagates from a source vehicle to a desti-
nation one. Let us denote N, as the number of potential
forwarder vehicles in the transmission range (0, z) [m] of a
source vehicle. Each of these NNV, vehicles can be elected as a
social next-hop forwarder, according to the probability in
Eq. (8). The variable associated to the event that a vehicle is
social, and then rebroadcasts, or not, is a Bernoulli random
one, which can be expressed as:

if the i-th vehicle rebroadcasts

1
Vi= {0 otherwise (12)

Since N. is Poisson distributed with parameter pz, we can
define the average number of social vehicles in (0, z) that
rebroadcast the packet as:

N, 00
‘/avg: ;V; :ZIE

N,
> ViIN. = n:| Pr{N. =n}
i=1

S

(13)

I
gk

E[V;|N, = n]Pr{N., = n}
i—1

pz)neXp(—pZ) iE[Vz],

n!

1

I
e

Il
—

n

where we applied the law of total probability. Furthermore,
since V; is a Bernoulli random variable, we have

E[Vi] = Pr{V; = 1}, (14)

where Pr{V; =1} is the probability that the ith vehicle is
socially eligible and rebroadcasts. We assume that the ith
vehicle is within the transmission range of a source vehicle
and is therefore potentially selectable as a vehicle forwarder.
As previously stated, the forwarding probability depends
mainly on social features (i.e., the degree of social activity of
the ith vehicle). So we can define

plz— r))

c-a )’
as the probability that the ith vehicle rebroadcasts, which
depends on whether it has a social degree at least equal to a
(with a < 1).In Eq. (15), we have assumed that the ith vehicle
is at distance r [m] with r < 2.

By applying the total probability theorem, we can expand
Eq. (15) as:

Pr{V; = 1|S; > a} = exp <— (15)

1
Pr{V; — 1} — / Pr{V; = 1S, > a} fs,(a) da, (16)
0

where fg () is the PDF of the social parameter S;, which
we assume as a power-law probability distribution [12]
expressed as
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Fig. 11. Average number of forwarder vehicles inside a transmission range, for different values of p and a,,,, with ¢; as a continuous uniform random

variable in the range [1,4], and (a) « = 2, (b) « = 2.15, and (¢) « = 2.3.

—a
a
)
Gmin

where a,,;, represents the minimum value of the activity
degree a, and « is the exponent of the power law distribu-
tion, which is in the range [2,3] for small-world

networks [48].
Substituting Eqgs. (17) into (16), we get:
()
Amin
e G
= exp|—p . da.
Amin Jo Ci-a Amin
(18)

! z—1T
Pr{V; =1} = /0 exp {—p(c[_ : a)}
No closed-form solution for Eq. (18) exists, but the solutions
vary for different values of ay,,, which represents the mini-
mum value of a i.e., the minimum activity degree experi-
enced by a vehicle. In the computation of the average
number of forwarders, we set ap, = [0.01,0.2,0.3], which
represent the cases of activity degree of 1, 20, and 30 percent,
respectively. The following solutions hold i.e.,

_a—l

fs;(a) = 1)

Gmin

a—1

Qmin

. (a—1)
Pr{V; = 1} = 100e+6%% (¢ — 1 (L) .
{ } (@—1) e

(19)
' {(x - 17@] ’ Jor amin = 0.01,
Pr{V; =1} = 5¢7 6% (¢ — 1) <$) (afl)‘
e (20)
! [a b p(zc._ f)} ’ for amm = 0.2,
and i
Pr{V; = 1} = 3.33¢ 1 20%(q — 1) (L) @)
plz—1) o

- {a — 1,@} , for ap, = 0.3,
where I [a -1, @} is the upper incomplete gamma func-
tion, defined as:

p[a _ LM} _ /
Ci plz=1)/¢;

2t dt. (22)

Finally, substituting specific Egs. (19), (20), (21) into Eq. (14)
for given values of a,,i,, we can compute the average num-
ber of forwarder vehicles.

Fig. 11 depicts the average number of forwarders within
a transmission range (i.e., z = 200 m) for different values of
p [veh/ml], i = [0.01,0.2,0.3], and «. Specifically, we con-
sider « = [2,2.15, 2.3], which corresponds to different values
of 4,1ie., A=1]1,0.81,0.68], as shown in Fig. 5. We observe
that, as in accordance with the forwarder probability of a
vehicle that increases for long distances inside the transmis-
sion range, the average number of potential forwarders
increases for higher values of the distance. Furthermore, the
average number of forwarders increases for higher values
of amiy. Indeed, an, represents the minimum value of a
experienced by the vehicles inside the transmission range.
The higher the a,,i,, the higher the probability of social vehi-
cle (see Fig. 10). We also observe that the higher p, the lower
the average number of forwarders. Finally, different values
of « affect the number of forwarders. For increasing «, the
threshold A decreases, meaning that it is more likely to find
a socially-eligible vehicle, and therefore the average number
of forwarders increases (see Fig. 11c).

5 SIMULATION RESULTS

In order to assess the effectiveness of the SCARF approach, in
this section we carry out the comparison between (i) the ana-
lytical trend of the probability of social vehicle and the prob-
ability of forwarding, and (i) the simulation results obtained
in real traffic scenarios through The One simulator [55].

We first observe that the probability of a social vehiclein a
simulated scenario reflects the trend of Eq. (3), by using val-
ues for ay, equals to 0.01, 0.25, 0.5, 0.75 and 1. Fig. 12a plots
the comparison between the results of mathematical and
simulated results. As we can see, the results are very similar
with small differences mainly due to the Java round proce-
dure of The One simulator implementation.

Then, we evaluate the probability of social-based for-
warding, as expressed in Eq. (8), versus the degree of activity
under the hypothesis H; for different values of inter-vehicle
distance and degree of activity in H,;, and assuming
z =200 [ml], d; = [50,150,190] [m], ¢; = 2, and p = 0.02 [veh/
m]. The computation of S; is done by setting A = 0.8 and con-
sidering the activity degree as depicted in Fig. 4. Fig. 12b
plots the comparison between the analytical and the
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Fig. 12. (a) Analytical (black lines) and simulated (blue lines) results
of the probability of social vehicle. (b) Analytical (no marker lines) and
simulated (lines with star marker) results of the probability of forwarding
of a vehicle versus the degree of activity under the hypothesis H;, for
different distances and ay, values.

simulated results for the probability of forwarding. Again,
we can see that the results are very similar, and the differen-
ces between them are well justified by the Java round
procedures.

In order to evaluate the performance of the SCARF proto-
colin a real traffic environment, we implemented a network
scenario by using The One Simulator [55]. Comparison
results have been made with respect to other related dis-
semination protocols, such as (i) MaxProp [56], (ii) Epi-
demic [57], and (iii) Prophet [58]. We also consider SCORP
routing protocol [6], which exploits the concept of social
proximity and content interests on each node before repli-
cating the message to other nodes in order to improve the
network’s ability to send messages.

To simulate the node mobility, we use two scenarios with
(1) real traces and (ii) synthetic traces, respectively. The data
used in the first scenario -namely, Rome taxi— was acquired
by an extensive measurement campaign in the city of Rome,
in which 370 taxi cabs reported their positions at every 7
seconds for a period of six months [45]. On the other hand,
the second scenario —namely, Helsinki— comprised of syn-
thetic traces, is based on the one presented in [55], where
nodes are placed on the map of Helsinki city (see Fig. 13).
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Fig. 13. Example of traffic scenario with 40 nodes placed along the map
of Helsinki city.

We considered a variable number of vehicles (i.e., 20 and
40), in order to assess the performance for different vehicu-
lar densities. During the simulated 12 h time period, the
vehicles move on the map roads at an average speed of
50 km/h, between random locations, and with random
pause times between 5 and 15 minutes. In addition, we
divided the scenario into 3 areas, each representing a VSN
as the most visited areas during the simulations. Each vehi-
cle randomly generates a number of posts (i.e., in order to
grant the participation of all the vehicles in the network,
every vehicle generates at least one message per day). Of
course, the VSN in which a vehicle can generate a message
depends on its location at that moment.

Precision of the results and a manageable set of simula-
tion experiments is a critical compromise to be found. The
parameters taken in this paper are based on the experience
obtained in previous works (e.g., [59], [60]), where we
observed that simulations with a higher number of nodes
(e.g., > 1000) is computationally intractable. Moreover, we
must remember that our architecture by itself has integrated
an edge based solution (see Section 3.1) that allows the
impact of the growth of the network nodes to be minimised.
Table 2 shows the main parameters used in the simulated
scenarios, both for real and synthetic traces.

5.1 Network Performance Assessment

Network performances are expressed in terms of (i) delivery
ratio i.e., percentage of how many messages are delivered to
the receiver, (ii) delivery delay [h] i.e., time needed for a
message to be delivered to the receiver, and (ii)) number of
forwardings i.e., number of hops that connect the source
vehicle to the final destination. Fig. 14 presents the results

TABLE 2
Main Parameters Used in the Simulations

Message generation rate
Message size

TTL

Network Interface
Transmission range

1000 msg per simulation
[1,2] MB

[6,12,24,36,48] h

IEEE 802.11p

200 m
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Fig. 14. Synthetic trace scenario with 20 vehicles. Simulation results for (a) delivery ratio, (b) delivery delay, and (c) average cost, versus TTL.
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in the Helsinki scenario with 20 vehicles. As we can see
from Fig. 14a, the SCARF algorithm achieves high perfor-
mance for the metrics of delivery ratio, reaching 68 percent
for the highest Time To Live (TTL), outperformed only by
the Epidemic technique —as expected— which reaches 72 per-
cent of delivery ratio when TTL = 48 h. Fig. 14b depicts the
delivery delay, which is minimized with SCARF with
respect to other approaches for values of TTL less than 24 h,
and thus, providing a fast and reliable transmission. On the
other hand, for increased TTL, SCORP presents better per-
formance, followed by SCARF. Finally, in Fig. 14c we
observe lower values in the number of forwardings with
SCAREF (i.e., around 2), meaning that a low number of hops
is necessary to reach a destination. On the other hand, as
expected, the Epidemic technique exhibits higher number
of forwardings. It is worth mentioning that the SCARF aver-
age cost (i.e., the number of forwardings) is very similar to
the result achieved by the MaxProp algorithm, thus clearly
showing that SCARF technique can contribute to increasing
network performance without increasing the overhead.
Similar behaviours are obtained in Fig. 15, which presents
the results in the Helsinki scenario with 40 vehicles. Once
again, SCARF outperforms the MaxProp algorithm for the
metrics delivery ratio and delay. For this increasing number
of vehicles, SCARF shows lower delays with a small increase
of forwardings (i.e., = 4). It is also worth mentioning that
SCAREF achieves better performance in this scenario as com-
pared to the previous one with 20 vehicles. This might clearly
represent that the greater the number of nodes in the

—F— MaxProp
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»

»

~
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)
.
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Fig. 15. Synthetic trace scenario with 40 vehicles. Simulation results for (a) delivery ratio, (b) delivery delay, and (c) average cost.
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TTL [h]

(©)

30

network, the bigger the number of possible relays to forward
a message (see Fig. 15¢). It follows that SCARF can increase
the message delivery probability, and therefore, the delivery
ratio. In this scenario, we observe that the delivery delay for
SCAREF is very similar to that obtained in the scenario with
20 vehicles, while the number of forwardings is duplicated.
As a conclusion, when the number of nodes increases,
SCAREF presents better performance while still guaranteeing
the lowest delivery delay.

Fig. 16 depicts the network performances in the case of a
real trace scenario (i.e., namely Rome Taxi), as described
in [45]. In Fig. 16a, we observe a high delivery ratio for
increased TTLs for SCARF, approaching the Epidemic tech-
nique. On the other hand, for the delivery delay, in Fig. 16b,
we notice the best performance come from Prophet and Max-
Prop, followed by SCARF with slightly a higher delay. How-
ever, as compared to the results from the scenario with 40
vehicles in Fig. 15, where the delivery delay reaches ~ 25 h,
here the delivery delay gives back lower values (i.e., ~ 16 h
as maximum value). Finally, in Fig. 16¢, we observe the num-
ber of forwardings is the lowest with SCARF, confirming its
lower overhead.

This latter behaviour lies in contrast with the results from
the synthetic traces, where we noticed low delays with an
increasing number of forwardings with SCARF. On the other
end, in the real traffic scenario, SCAREF still shows low delays
but with a limited number of forwardings. This can be justi-
fied by the nature of vehicles, as taxis cross the whole city
and perform random trajectories, without fixed time and trip
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Fig. 16. Real trace scenario with 370 taxis from Roma city [45]. Simulation results for (a) delivery ratio, (b) delivery delay, and (c) average cost.
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Fig. 17. Simulation results of the average number of forwarders within a source node transmission range, for (a) 20-vehicle synthetic trace (Helsinki
scenario), (b) 40-vehicle synthetic trace (Helsinki scenario), and (c) 370-taxi real trace scenario (Rome taxi scenario).
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Fig. 18. Simulation results of the average number of forwarders for a fixed distance from a source node, in case of (a) a,,;, = 0.01, (b) ay, = 0.2, and

(c) amin = 0.3 and different vehicular scenarios.

duration, while common people (i.e., vehicles in the syn-
thetic traces) use their vehicles to perform predetermined
trajectories according to their routines.

Finally, in Fig. 17, we present the average number of for-
warders within a source node transmission range (ie.,
z =200 m) and for different values of p and a,,;,. Common
aspects to all the three figures are that (i) better performances
are experienced when the vehicular density is low (black lines),
and (ii) the average number of forwarders is ~ 1. This aspect
highlights SCARF's ability to select as a next-hop forwarder
that vehicle showing a given social activity. Specifically, in
Fig. 17a, we notice that the average number of selected for-
warders is higher when a,i, = 0.3. Moreover, in the case of

p = 0.1 (green lines), there is no particular difference among
different values of amm. Additionally, we can distinguish a
slight increasing slope for increasing inter-vehicular distance.
Similar considerations can be made when observing Fig. 17b,
in the case of a scenario with 40 vehicles. Different behaviour
is experienced in Fig. 17c for the 370-taxi real trace scenario.
We observe better performance for lowest values of a, (i.e.,
amin = 0.01), and the trend appears to be decreasing in the
case of higher vehicular density (green and blue lines). Once
again, this particular behaviour can be explained by the spe-
cific nature of the vehicles in this scenario.

From the last results, in Fig. 18 we show the average num-
ber of forwarders within a transmission range, computed for
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a fixed distance from the source node (i.e., d &~ 60 m) and dif-
ferent values of ay,, versus the vehicular density p, in case
of different vehicular scenarios. As reflected also in Fig. 17,
the average number of forwarders decreases for increasing
vehicular density values. It allows to state that in case of high
density scenarios, the number of transmissions will not be
overloaded, thus saving the traffic load within the network.

Finally, a few considerations regarding the computa-
tional cost of SCARF. From Eq. (13), we observe that the
average number of social vehicles V,,, depends on the
number of potential forwarders N, within a transmission
range. It follows that SCARF's computational cost is
expressed as O(V,).

6 CONCLUSIONS

In this paper we evaluated the performance of a protocol we
designed called SCARF in realistic scenarios with traffic
traces and compared it to other similar techniques. SCARF
is a reliable, socially-aware forwarding technique for vehic-
ular communications that relies on the concept of a social
hub node, that is, a node with social addiction to sharing
messages within a vehicular social network. Selecting a hub
node as a next-hop forwarder allows more nodes to be
reached, thus allowing for a more reliable data dissemina-
tion technique.

The next-hop selection occurs through the computation
of a node social degree. An edge-based network architecture
has been proposed to cache the information needed for the
graph metric close to the mobile users by decreasing the
delay of access and avoiding resource waste. Indeed, this
stored content is effectively exploited to “categorise” the
nodes from a social point of view.

Unlike forwarding techniques used in traditional oppor-
tunistic networks, SCARF is well suited to socially-aware
vehicular scenarios. As a result, we showed that SCARF
outperforms other approaches in terms of delivery ratio,
while guaranteeing acceptable time delay values. We more-
over analytically demonstrated its effectiveness in packet
transmission reduction, that is, reducing the overhead,
while guaranteeing network dissemination.
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