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The integration of cellular networks and vehicular networks is complex and heterogeneous. Synchronization among vehicles in
heterogeneous vehicular clusters plays an important role in eﬀective data sharing and the stability of the cluster. This synchronization depends on the smooth exchange of information between vehicles and remote servers over the Internet. The remote
servers predict road traﬃc patterns by adopting deep learning methods to help drivers on the roads. At the same time, local data
processing at the vehicular cluster level may increase the capabilities of remote servers. However, global positioning system (GPS)
signal interruption, especially in the urban environment, plays a big part in the detritions of synchronization among the vehicles
that lead to the instability of the cluster. Instability of connections is a major hurdle in developing cost-eﬀective solutions for
deriving assistance and route planning applications. To solve this problem, a self-localization scheme within the vehicular cluster
is proposed. The proposed self-localization scheme handles GPS signal interruption to the vehicle within the cluster. A unique
clustering criterion and a synchronization mechanism for sharing traﬃc information system (TIS) data among multiple vehicles
are developed. The developed scheme is simulated and compared with existing known approaches. The results show the better
performance of our proposed scheme over others.

1. Introduction
Smart traﬃc is vital for economic growth and can only be
achieved by reducing the life risk on the road, fuel consumption, environmental impact, and driving time to a
minimum. The increasing number of vehicles on the road
needs to be handled with emerging information communication technologies. In VANET, traditional constraints always
cause link breakage that has a negative impact on the performance of the network. Instability factors should be taken
care of, to share data at the right time and place for eﬀective

road traﬃc management. When it comes to heterogeneous
networks, stable connection to 3 G/LTE network is essential
for the proper functioning of TMSs [1]. A concept of artiﬁcial
intelligence such as representation learning has also been used
recently for vehicular networks to process vehicular trajectory
data and to predict optimal routes [2]. A variety of methods [3]
have been proposed to make the cluster stable. However, each
method has its pros and cons regarding our TIS scenario [4, 5].
Road Traﬃc Eﬃciency is the steady and smooth ﬂow of
vehicles without any traﬃc jams on the road. The application
was developed to control vehicle ﬂow behavior on the road to
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minimize travel time and reduce/avoid congestion, and such
applications are called traﬃc eﬃciency applications. These
applications are based on Internet services and require quality
of service communication for delivery of information on time
and at the required location. The quality degrades with the
increasing number of cars due to the increase in message
exchange, and the example of such applications is ﬂoating car
data (FCD) services and extended FCD services. This kind of
application requires the periodic transmission of vehicle’s
data collected by road embedded sensors, radars, and cameras
to Internet-based remote servers (also known as traﬃc information servers) [6]. The server processes traﬃc data, analyzes and predicts traﬃc congestion, and propagates to the
vehicle to make the right decision regarding route planning.
In addition to this, the vehicle may request related information concerning their route and driving context periodically and be transferred to the occurrence of an event. There
are some related examples of today’s applications, such as
Waze and Google Maps that can work with on-board units
(OBUs) to help assist drivers on the roads.
IoVs rely on smart vehicles that process traﬃc-related
information locally and reduce dependency on a remote server
over the Internet. The clustering of vehicles is a good example
where a group of vehicles works cooperatively to process data
for better road traﬃc management. The vehicular cluster
should be stable enough to act positively to extend the capabilities of IoVs. Driving assistance and route planning applications rely on the reception of GPS signals by the vehicle at
the right time and place. In case of interruption of GPS signals,
the vehicles are unable to get their location information failing
to propagate location information within the cluster. Due to
this, the cluster head (CH) is unable to keep a record of the
cluster members (CMs) and may opt to remove the vehicle
from the CM list once not receiving proper information from
CM. This phenomenon increases the instability of the cluster,
which leads to performance degradation. The situation may
become worse if several vehicles within a cluster are not able to
calculate their location coordinates accurately, making it
unmanageable for the CH to control the cluster.
To solve the above-discussed problem, a self-localization
vehicular clustering scheme is proposed that encounters
GPS interruption in cars moving on the road. First, a heterogeneous vehicular clustering mechanism is developed
upon unique criteria. Furthermore, a mathematical formulation is introduced within the clustering process to
calculate the location of the typical vehicle that is not receiving any GPS signal. The calculated location information
is propagated back to CH on time that helps in making a
collective decision regarding route planning. After the incorporation of the proposed scheme, we found that the
synchronization within cluster increased, and so does the
stability. The results of the simulation study show that our
scheme increases the synchronization of the vehicles among
each other, which makes the cluster stable. We compared
results with existing schemes such as the Vehicular Multihop
algorithm for Stable Clustering (VMaSC) [7] and Mobile
Gateway Selection Algorithm (MGSA) [8].
The OpenStreetMap is integrated within the OMNet++
network simulator [9] and Simulation of Urban Mobility
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(SUMO) [10]. The rest of the paper is organized into ﬁve
sections. Section 2 discusses the state-of-the-art literature,
and the proposed scheme is presented in Section 3. The
simulation study and the discussion on results are presented
in Section 4. The conclusion of the paper is presented in
Section 5. There is a lack of empirical research within the
academic ﬁeld of ITsecurity that tries to measure the amount
of human inﬂuence [3]. Some existing empirical studies
analyze user perception, behavior, and attitude towards
computer ethics and information security [3–5], as computer security and computer ethics are important components of the management information system [6, 11].
The rest of the paper is organized into ﬁve sections.
Related work is discussed in Section 2, and the methodology
of the self-localization scheme is discussed in Section 3.
Section 4 presents the implementation and comparison of
results. The paper is concluded in Section 5.

2. Related Work
Broadly two types of vehicular clustering solutions are there
denoted as safety and nonsafety. Infotainment applications
are the third category; each of these types has its data rate
and frequency requirements [12, 13]. Clustering solutions
developed for content downloading [14] are less time-sensitive, but TIS cannot tolerate a delay of over half a second.
Similarly, clustering solutions for road safety require considerable prompt information, but no cooperation mechanism is an essential requirement in TIS. A stable cluster,
which is developed based on some speciﬁc clustering criteria,
is required for driving assistance applications. Although
some solutions exist [7, 8, 15, 16], they ignore synchronization within cluster that is essential for cluster stability.
The literature related to road traﬃc eﬃciency (driving
assistance and route planning applications) that incorporates heterogeneous V2-LTE infrastructure is still in its
infancy. The work in [7] is mainly developed for road safety
and ignores the stability of the cluster and the mechanism of
cooperation. The work in [15] presents server-assisted cooperation management that is related to infotainment
contents and fails to address instability, which is a major
concern for network performance. The work in [8] is developed for 3G network integration with VANET and neglects cost, stability, and cooperation among CMs.
Here, one thing is worthwhile to mention, TIS works and
can perform well only if they are enabled to access the remote
server over the Internet and can get information at the right
time and place. To access remote servers while moving on the
road, vehicles must remain connected to the Internet via thirdparty networks or telecommunication networks such as 3 G or
LTE. The use of telecommunication networks for Internet
access is not free, and the required data rate and latency must
not be greater than the threshold value (as deﬁned in [17]).
In addition to the discussed literature, the schemes that
are related to the location calculation of the vehicles for
various purposes are focused in our work. Most vehicles in
VANET calculate their location or position with the help of
GPS by ﬁnding out their coordinates. Usually, each vehicle
propagates location to each other to take a cooperative
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decision regarding road safety and traﬃc eﬃciency that is a
built-in feature of dedicated short-range communication.
There are TMSs that utilize and make use of the other vehicle’s position to make a better decision regarding route
planning and driving assistance [18].
One of the popular clustering schemes is named as
Vehicular Multihop algorithm for Stable Clustering
(VMaSC) [7] that is multihop, where a member vehicle can
connect another neighboring vehicle. This scheme is good
for scalability, but there is no localized processing of data.
Mobile Gateway Selection Algorithm (MGSA) [8] is good for
gateway selection that is based on closeness to the base
station. This scheme is fully dependent on the third-party
network, so cost incurred and stability is not the priority.
A scheme of clustering that is based on cooperation
among vehicles is presented in [5] that is dependent on GPS.
Performance is a lack, in case of GPS signal interruptions.
Another LTE-dependent clustering scheme is presented in
[4] that also relies on the LTE network for location-based
information required by the vehicles while traveling on the
road, whenever the need to make driving-related decisions.
There is no localized mechanism that helps vehicles in the
absence of GPS signals. A Fermi learning model based on the
prospect theory is developed in [19], which calculates the
density of distribution and the distance between the taxis.
Hu et al. [20] proposed an optimal beacon transmission rate
allocation for cluster control. An adoptive rate is deﬁned for
eﬃcient intracluster communication that is useful in
avoiding cluster congestion.
In the absence of GPS, for the vehicles, ﬁnding out their
position is diﬃcult, which creates a hurdle in communication within the cluster. A geometry-based scheme [21] is
introduced that is a cooperative GPS-assisted localization
mechanism that works on a mathematical calculation of
location. There are other localization schemes [22] those
work with GPS and graph theory to know their position on
the road. The global navigation satellite system (GNSS) [23]
enables precise timing information that is the primary
means for vehicle positioning and velocity determination in
VANETs. There is one localization scheme [24] that makes
use of the roadside unit to increase the accuracy of the GPS
in calculating the vehicle’s position in VANET, but this is
costly to deploy several roadside units.
Route planning and driving assistance applications require heterogeneous network infrastructure that can eﬃciently and reliably communicate. This necessitates the
development of a stable clustering scheme specially designed
for TIS because general clustering techniques cannot work
well with all types of use cases and network scenarios. In a
scenario, where vehicles that depend on GPS perform poorly
in urban areas, at the same time, remote servers required
smooth transmission of data from vehicles. An eﬃcient
scheme is required to be developed for such a scenario.

is an excellent choice to process road traﬃc data and to
predict route planning alters/suggestions. These remote
servers gather road traﬃc data from the vehicles via the
Internet by using underlying telecommunication networks.
After data processing, alters/suggestions are sent back to
vehicles for better driving. For the remote servers to work
well, road traﬃc data exchange should be done smoothly.
The successful exchange of status information among
vehicles in the cluster prolongs the CM and cluster life. In
urban topography, GPS signals are weakened or disappear
because of reﬂection and refraction due to high-rise
buildings and structures (as depicted by Figure 1).
In this situation, all vehicles within the cluster do not
receive GPS signals. Thus, their locations cannot be calculated and sent back to CH and subsequently to the remote
servers. Accordingly, SLCA will be initiated by the CMs to
calculate the position by utilizing CH location updates. In
our proposed methodology, a cluster is ﬁrst formed by using
criteria (direction, location, average speed, destination, and
by keeping in view only interesting vehicles). A modiﬁed
version of stable interest-aware clustering (SIAC) [4] that
included an additional parameter of destination named as
destination and interest-aware clustering (DIAC) is proposed. After the formation of the cluster whenever the GPS
signal is lost, then CM will not be able to calculate location
coordinates and then SLCA is triggered to compute the
coordinates as shown in the block diagram of the clustering
process in Figure 2.
SLCA mechanism uses the relative change in the velocity
of vehicles (i.e., SV and CM) as described in Figure 3. No
change in velocity will initiate the arithmetic formulation
which adds the initial diﬀerence in the coordinates of the CH
and those of the CM to the current coordinates. Otherwise,
ﬁrst, check whether the change in the velocity of the CH is
greater than the change in the velocity of CM. If this change
is not greater than the diﬀerence in degrees of the initial
coordinates of CH, CM is subtracted from the current coordinates of the CM. If the change in velocity of the CH is
greater than the diﬀerence in degrees of the initial coordinates of CH, CM is added to the current coordinates of the
CM. This process provides members with their coordinates.
In this way, CMs update their location coordinates and
propagate to other vehicles while traveling on the road.
SLCA helps CMs within the cluster to maintain a stable
connection with CH. This decreases the frequency of link
failure and also decreases the frequency of activation of the
cluster leaving algorithm. The cluster leaving algorithm
works to forcibly remove a CM from the cluster which is not
sending location updates to CH within the speciﬁed time. By
doing so, SLCA enables CM to be there in the cluster for a
long time which increases cluster life. In this way, SLCA once
integrated within DIAC increases the stability of the cluster.

3. The Methodology of SelfLocalization Scheme

3.1. Incorporation of Self-Localization Scheme. The CM
calculates its location once receives the location coordinates
of the CH and maintains a record of both location coordinates. Whenever GPS signal is interrupted by any means
(e.g., due to high-rise buildings), the SLCA will be invoked

In Figure 1, a typical urban VANET scenario is depicted. At
remote servers, a deep learning-based caching method [25]
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Figure 1: Urbane VANET scenario.

by CM, as described in Algorithm 1. Symbols used in algorithm formulation are deﬁned in Table 1.
The SLCA checks the change in velocity of both CH and
CM and acts according to Algorithm 1. CM maintains the
record related to speed and initial coordinates and calculates
diﬀerences all the time. Once the cluster is broken apart, all
records are reset to zero.
We notice that there is some extra processing that is
required for our algorithm to work and the processing time
is neglectable.

4. Implementation
The additional tools we incorporated into our simulation
environment to create a heterogeneous network are Veins
[26] and SimuLTE [27]. The heterogeneous vehicular network was created to implement the proposed clustering
scheme and SLCA.
4.1. Simulation Setup. The hybrid architecture is built by
integrating VANET and LTE to get reliable simulation results. The simulation is repeated for various velocities of
vehicles ranging from 10 m/s to 35 m/s. To increase the
conﬁdence level, simulation is repeated 3 times at each
velocity of vehicles, and the average is taken for comparative
analysis in a graphical form. The simulation tools are set up
as presented in Figure 4, and the simulation parameters are
set as presented in Table 2.

5. Results and Discussion
Some obstacles, such as high-rise buildings, are introduced
in the simulation. Underpasses with GPS signal interruptions are also simulated. We test by introducing interruption

pauses during our simulation deliberately and check the
performance of SLCA. The performance of SLCA-based
DIAC (DIAC-LA) is compared with simple DIAC, VMaSC,
and MGSA in terms of metrics such as CM duration,
number of CMs per cluster, CMs that forcefully left per
cluster, PDR, and clustering overhead. The comparison
results are shown in Figures 5–9. The ﬁrst three metrics are
measured to check the stability of the proposed scheme, and
the last two metrics are to measure the network
performance.
Figure 5 shows that the CM duration of DIAC-LA is
greater than those of all other approaches at various velocities of vehicles. The reason is that SLCA running at CM
sides increases the synchronization between the CMs and
CH, which reduces the chances of CMs leaving the cluster.
The diﬀerence between red and green lines in Figure 5 shows
the increase in CM duration when SLCA is incorporated
within DIAC. The increase in CM duration shows that the
CMs will remain connected to the CH for a longer period
that results in a longer cluster lifetime. This increase in a
cluster lifetime is a clear sign of cluster stability. At the same
time, this also makes a smooth exchange of traﬃc-related
data such as the location of every vehicle on to the server.
Figure 6 shows the average number of CMs per cluster at
various pause times of simulation. The number of CMs per
cluster for VMaSC and MGSA is higher than those for DIAC
and DIAC-LA. The reason is that VMaSC allows multihop
clustering and has diﬀerent clustering criteria. However, the
number of CMs per cluster for DIAC-LA is higher than that
for simple DIAC, which shows an increase in the number of
CMs within the cluster. At various pause times, there is no
signiﬁcant change in the number of CMs as compared to the
DIAC. This also shows stability within cluster over time as
there are no many CM layoﬀs. At various pause times, a large
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Figure 2: Block diagram of clustering process.

number of CMs remain with CH in DIAC-LA. Therefore,
the incorporation of SLCA provides sustainability to CMs
within the cluster.
Figure 7 shows the percentage of vehicles forced to leave
per cluster at various velocities of vehicles. The percentage
for DIAC-LA is lower than that for DIAC. The percentage of
force leaving of CMs for DIAC-LA and DIAC is increasing
with the increase in velocity of the vehicles. However, the
percentage of DIAC-LA remains lower than DIAC at different velocities throughout the simulation. The reason is
that, when CMs can calculate their locations in the absence
of GPS signals, their synchronization with CH increases, and
the frequency of CHs applying forced leaving procedure to
CMs decreases. When CH is not hearing from a CM for a

period, it forcefully removes that CM from the cluster. In our
case, SLCA allows CMs to calculate their location and coordinate with CH for a long period even in the absence of
GPS signals. The forced leaving increases with the increase in
the speed of vehicles, but in the start, when the vehicle
velocity is 5, DIAC shows a better percentage than DIACLA. There is no logical reason to say, maybe at the very
beginning, the clustering of DIAC behaves more stable.
However, DIAC-LA is still more synchronized than DIAC.
To check the general network performance, the PDR of
both DIAC-LA and DIAC is calculated. The PDR of DIACLA is greater than that of simple DIAC, and it remains
higher at various velocities of vehicles, as shown in Figure 8.
DIAC-LA has a long connection with CH than DIAC, which
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Figure 3: Flow diagram of self-location calculation mechanism.

(1)
(2)
(3)
(4)
(5)
(6)
(7)
(8)
(9)
(10)
(11)
(12)
(13)

GPS coordinates are propagated by CH
Records (CCOm and CCOc) maintained by CM
At time t, CM loss GPS computes ΔSc & ΔSm
IF (ΔSc � ΔSm) AND OR (ΔSc � 0 AND ΔSm � 0)
FIND ΔLi � COci – COmi
FIND CCOm � CCOc + ΔLi
ELSE
IF (ΔSc > ΔSm)
Calculate CCOm, ΔSc, ΔSm, and CCOc
Calculate CCOm � CCOc – Δli
ELSE Calculate CCOm � CCOc + ΔLi
CM propagates to CH
END

ALGORITHM 1: Self-location calculation process.
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Table 1: Symbol deﬁnitions.

Symbol
t
CCOc
CCOm
COci
COmi
ΔLi
ΔSc
ΔSm

Description
Time
CH coordinates after time t
CM coordinates after time t
Initial coordinates of CH
Initial coordinates of CM
The initial change in coordinates of CH and CM
Change in the speed of CH
Change in the speed of CM

Traffic simulation
SUMO
Highway routes

TraCI server

Urban routes
Speed limits
Traﬃc density
Arrival/
departure
RSU placements

Traffic
traces

Vehicle
velocities

Open streetmaps
Network simulation

Data traffic
parameters

Veins

OMNet++ 4.6

Mobility
Simulte

Simulation traces
(scalers/vectors)

Application
MAC layer
PHY layer

0m 100m

Figure 4: Simulation and evaluation setup.

is the reason for the higher PDR of the latter than the former.
At velocities of vehicles of 5 and 10, PDR remains the same
for both mechanisms and is high for DIAC-LA under the
rest of the velocities. However, overall, the PDR is decreasing
with the increase in velocities of the vehicles, but the PDR of
DIAC-LA remains low.
To check further network performance, we calculated
and compared the clustering overhead of our proposed
DAIC-LA and other existing approaches. The DIAC-LA has

lower values than all other approaches at various velocities of
vehicles, as shown in Figure 9. At various GPS failure rates,
all approaches show diﬀerent clustering overhead. MGSA
shows the highest value, and DIAC-LA shows the lowest
values. At a failure rate of 1 to 3, there is a minor diﬀerence
between DAIC and DIAC-LA, but after that, the clustering
overhead of DIAC went higher. Overall, the clustering
overhead of DIAC shows a stable performance throughout
the simulation time. This result is due to the small
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Table 2: Simulation parameter setting.

Parameters
Simulation area
IEEE 802.11p (frequency/BW)
Data rate
Beacon interval
Maximum velocity
Base station height
Control subcarriers
No. of subcarriers per RB
LTE vehicles antenna type
Simulation time
RSU antenna type
OBU vehicle antenna type
OBU height
UE TxPower
LTE BS antenna type
Vehicle height
ENodeB TxPower
Number of vehicles
Resource blocks
Guard subcarriers

Values
2 km × 2 km
5.89 GHz/10 MHz
5 Mbps
20 ms
10–35 m/s
15 m
500
12
Omnidirectional (8 dBi/6 dBi)
300 s
Directional
Omnidirectional
1.5 m
20 dBm
3-sector directional
1.5 m
45 dBm
100
100
423
300
280
CMs duration (s)

260
240
220
200
180
160
140
10

15

DIAC-LA
DIAC

20
25
Maximum velocity (m/s)

30

35

VMaSC
MGSA

Figure 5: Comparison of DIAC with and without SLCA.

Average number of CMs per cluster

20
18
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12
10
8
6
4
2
30

60

DIAC-LA
DIAC

90
120
Pause time (s)

150

180

VMaSC
MGSA

Figure 6: Number of CMs per cluster at diﬀerent pause times of simulation.
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Figure 7: Percentage of vehicles that forcefully leave per cluster at various velocities of vehicles.
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93
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Figure 8: The diﬀerence in PDR at maximum velocities of vehicles.

12

Clustering overhead (%)
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8
6
4
2
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2
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DIAC

3
4
GPS failure rate (%)

5
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VMaSC
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Figure 9: Clustering overhead against a preset GPS failure rate.

10
ﬂuctuation of CMs in the cluster, which causes stability and
few times of reclustering. However, there is a bit decrease in
the clustering overhead of MGSA at GPS failure rate from 4
to 5, but it is still much higher than all other approaches, so
this ﬂuctuation is negligible.
In all performance comparisons, DIAC-LA shows better
results than VMaSC, MGSA, and especially DIAC. These
improved results validate the increase in the synchronization
of CMs with CH, which increases the overall cluster life and
stability. The increase in performance of the DAIC-LA not
only gives stability to the vehicles but also aids the server by
smoothening the exchange of data between the vehicles and
server.

6. Conclusion
The introduction of SLCA within DIAC extends cluster life
which shows the stability of the cluster. More stability means
greater performance as we observed in our results that the
PDR increases and clustering overhead decreases. The SLCA
incorporation in the SIAC clustering mechanism improves
the vehicular network capabilities which enable the IoV to
perform better under complex (heterogeneous network)
network scenarios. The localization of data processing at
vehicles has a positive impact on the third-party network
(entities) such as telecommunication networks and remote
servers.
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