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Vehicular ad-hoc networks provide essential Internet services to users. In consequence,
mobile gateways are deployed to guarantee access to the Internet for the entire network.
However, the selection of the best gateway taking into account some constraints and try-
ing to reach some high-level objectives is a significant issue in mobile gateways discovery.
The number of connected client vehicles must be maximized while a fair load distribution
must be performed. For this purpose, we propose a multi-objective optimization system
for mobile gateways selection based on two models using different solving strategies al-
lowing the decision maker to choose the adequate solution. The solving approaches are
evaluated and compared, and the simulations prove its efficiency compared to that found
in the literature. The results show the effectiveness of the system in supporting a decision

maker in solving a gateway selection problem and finding a fair solution in case there are
no user preferences.

© 2018 Elsevier Ltd. All rights reserved.

1. Introduction

In Vehicular Ad-hoc Networks (VANET), communication is established within a group of vehicles within the range of
each other, this kind of connection is called Inter-Vehicle Communication (IVC). Furthermore, vehicles communicate with
stationary types of equipment within the scope usually called road equipment, and we say that it is a Roadside-to-Vehicle
Communication (RVC). The primary purpose of these vehicular networks is to help drivers and interested authorities by pro-
viding relevant information about the road. VANET is a useful technique in the so-called Intelligent Transportation Systems
(ITS) and plays a role in improving road security and guaranteeing passenger comfort. Among the current challenges in ITS,
we cite implementing real-time optimization and efficient systems. As a result, advances in cloud computing are used in this
domain to enhance the services provided by ITS. The combination of these two fields becomes a massive research effort in
the recent past [1]. Thanks to this union, new concepts are emerging such as vehicular cloud which provides all the services
required by the autonomous vehicles [2].

Nowadays, it is possible to optimize the traffic control in the road thanks to many proposed applications deployed by
information technology developers. However, cloud computing with its scalable access to computing resources represents a
suitable solution for combining the Internet advantages and the technology improvements used on roads. Indeed, massive
investment in hardware is not needed to implement the applications if cloud computing is merged to VANET as in [3,4].

* Reviews processed and recommended for publication to the Editor-in-Chief by Guest Editor Dr. Syed Hassan Ahmed.
* Corresponding author.
E-mail addresses: sara.retal@umb5s.net.ma (S. Retal), abdellah.idrissi@um5.ac.ma (A. Idrissi).

https://doi.org/10.1016/j.compeleceng.2018.12.004
0045-7906/© 2018 Elsevier Ltd. All rights reserved.


https://doi.org/10.1016/j.compeleceng.2018.12.004
http://www.ScienceDirect.com
http://www.elsevier.com/locate/compeleceng
http://crossmark.crossref.org/dialog/?doi=10.1016/j.compeleceng.2018.12.004&domain=pdf
mailto:sara.retal@um5s.net.ma
mailto:abdellah.idrissi@um5.ac.ma
https://doi.org/10.1016/j.compeleceng.2018.12.004

290 S. Retal and A. Idrissi/ Computers and Electrical Engineering 73 (2019) 289-303

In consequence, permanent access to the Internet for vehicles is mandatory to benefit from the advantages of applications
which are designed to provide comfort and safety for drivers. A gateway discovery is necessary for selecting a gateway
appropriately to provide information and data services to VANET users. Due to the high speed of vehicles, VANET users
move quickly in and out of the communication range of a gateway. Thus, it is difficult to access services stably through
a fixed gateway which is a road infrastructure component. This problem can be solved by using Mobile Gateways (MGs)
which are vehicles with access to the Internet and provide access to the vehicles in need named Client Vehicles (CVs). In
this paper, the research focuses on the gateway selection, since several parameters are involved, the determination of the
appropriate MG becomes a critical problem to solve. In literature, most MGs selection solutions are based on reactive and
proactive approaches where messages are sent between MGs and CVs. The main drawback of these solutions is the overload
situation when the number of vehicles increases, therefore, cloud computing is used to remedy this problem. Based on an
existing discovery system, we improve the quality of selecting an MG by adding more constraints and objectives. Indeed,
unlike literature solutions, we consider some high-level objectives such as maximizing the number of connected vehicles and
minimizing the traffic amount handled by MGs to avoid overload situations. Since our problem is suited to be modeled using
multiple conflicting objectives; we use multi-objective optimization which proves to be an excellent way to find solutions
that constitute a trade-off between the objectives. As a result, the decision maker will be in a better position to make a
choice when such trade-off solutions are exposed. In this paper, we propose three approaches to solve the multi-objective
problem. The weighted-sum approach is used in the case of a priori articulation of preferences. Game theory and constraint
programming approaches are used in the case of no articulation of preferences.

The remainder of this paper is organized as follows. Section 2 presents some related works on VANET and multi-objective
optimization. Section 3 addresses the problem and gives the adopted solving strategies by detailing the multi-objective
optimization system we developed for gateways selection. Section 4 follows with simulations, discussion of results, and
describes the performance evaluation of the proposed approaches compared to the literature solution. The paper concludes
in Section 5 with a summary and some perspectives.

2. Background
2.1. Vehicular ad-hoc network

VANET environment attracts the attention of a high number of researchers and becomes a field of interest over the last
several years. All the proposed applications providing useful or even crucial information to CVs (e.g., safety-related appli-
cations) need access to the Internet, and due to the mobility of vehicles and the dynamic nature of the network, this is
considered as a big challenge. On another hand, the development of these networks engenders the deployment of new
communication technologies for the transmission of data between vehicles from which we can take advantage of and con-
nect a vehicle without access to the Internet. The vehicles interested in accessing Internet services from within the vehicular
network can access the fixed gateways. These latter are part of road infrastructure such as Stationary gateways that are Ac-
cess Points (AP) to WiFi, or WiMAX, or cellular networks Base Stations (BSS). However, this kind of connection can engender
some access problems because of the velocity of vehicles, hence the need for using MGs. The idea of exploiting MGs located
in the network addresses several issues in the fields of research which include the interoperability of communication pro-
tocol, the mobility support, the communication efficiency, the discovery of Internet gateways, the handover of connections
from one gateway to the next, etc. Several studies were conducted to demonstrate that the idea of MGs has an excellent
chance to succeed in providing global connectivity to vehicles on the road and such design is feasible using existing ITS
radio technologies [5].

In this paper, the study involves one of the most important issues which is MGs discovery. There are mainly three
approaches to the discovery process: (i) A proactive approach where the gateway periodically sends a message to other
vehicles to signal its existence; (ii) A reactive approach where the vehicle may actively seek to connect to the Internet before
receiving the gateway message; (iii) A proactive or reactive hybrid approach to minimize the disadvantages of proactive
and reactive methods [6]. The authors in [7] propose a discovery mechanism which gives the best performance using the
hybrid approach by decreasing the overhead. However, the selection of the appropriate gateway relies on several criteria
involving the application requirements, the Quality of Service (QoS), and the stability of the path (i.e., multi-hop) to the
candidate gateway, network availability and so on. In [8], the authors propose a service discovery protocol for vehicular ad-
hoc networks which choose the most suitable Internet gateway among others with the help of fuzzy methods. This selection
takes into account the geographical position, the number of clients using the current gateway and the available bandwidth
to meet the needs of the application’ s requirements. Moreover, this proposed protocol is based on a proactive approach. In
[9], both the proactive and the reactive approaches are recommended for the system discovery, and the selection relies on
the predicted link lifetime between the MG and the CV. This measurement is calculated based on the speed, the direction,
the geographical location, and radio propagation range of the two nodes [10]. In all these works, a gateway selection consists
of sending messages between vehicles, and the main drawback of these approaches is the overload situation when there are
a high number of nodes in the network.

To fix the problem mentioned above, the study in [11] introduces a system discovery assisted by cloud computing. The
authors suggest a scheme that uses two cloud servers namely Discovery as a Service Registrar which maintains information
related to gateways and Discovery as a Service Dispatcher which is responsible for MGs discovery to meet the needs of
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vehicles requesting access to the Internet. Again, the MG offering most extended link lifetime with the CV is selected as
the next-hop gateway. Similarly, the authors in [12] present a gateway controller that searches the position of the CV and
determines a set of MGs close by the destination to forward the packets. The transfer is made by choosing the longest link
lifetime path. In [13], VANET-Long Term Evolution (LTE) integrated network architecture is proposed where MGs are selected
according to the transmission rate and the direction of vehicles. A new technique for gateway selection in VANET network
merged to the LTE Advanced infrastructure is presented in [14,15]. The main novelty of this work is the consideration of
the QoS of the transmitted traffic in selecting MGs. However, the selection of the appropriate gateway needs more criteria
to based on, and more high-level objectives, such as the number of CVs connected to the gateway and the availability of
bandwidth. That is why the authors in [16] propose a solution using the multi-criteria decision aid method Promethee
to select the best gateway using the cloud-assisted gateway discovery system. The traffic amount handled by gateways is
represented through the overload of the gateway and used as criteria for selection and not as objective. Hence, the weakness
in this work is that there is no optimization in the selection procedure. In this paper, we still based on the system presented
in [11], and we introduce a system relying on multi-objective optimization models.

2.2. Multi-objective optimization

Multi-Objective Optimization (MOO) consists of optimizing simultaneously many objectives related to a real-world prob-
lem. The major difficulty encountered in this kind of optimization is finding a trade-off solution among Pareto optimal
solutions. A solution is called Pareto optimal when none of the objective functions can be improved in its value without
affecting some of the other objective values. Indeed, the decision maker must be aware of some high-level information
helping to order the objectives in term of importance to choose a solution. Therefore, an articulation of preferences can be
used in the solving approaches. Based on the preferences related to the objectives, the methods for solving an MOO prob-
lem are mainly divided into three categories: (i) A priori articulation of preferences where the decision maker can order the
objectives per pertinence using high-level information related to the problem. A relative importance vector is given to the
optimizer, and one solution is generated (see Fig. 1); (ii) A posteriori articulation of preferences where the multi-objective
problem is solved using the ideal optimizer. After the generation of a set of trade-off solutions, the decision maker can use
high-level information to choose one solution (see Fig. 1); (iii) No articulation of preferences.

The most common method for solving MOO problems with a priori articulation of preferences is the Weighted Sum (WS)
method where all objectives are combined in a single objective function using weights for each objective [17]. Posteriori
articulation of preferences methods generate a set of solutions when it is difficult to determine an importance vector and
to set weights for objectives; the decision maker can choose from some multiple solutions. Genetic algorithms represent a
crucial tool in this case by determining the Pareto optimal set [18]. Nonetheless, if there is no articulation of preferences,
which is often the case, methods that do not require any articulation of preferences are used. Among these methods, we
cite the Nash bargaining approach which is a branch of Game Theory (GT) [19]. This strategy is a non-cooperative game and
consists of two elements that are players and their utility functions such that each player is associated with one objective.
Based on the Nash theory, each player seeks to improve the value of his objective and to avoid the worst value.

Evaluating the performance of algorithms is a significant issue in MOO. Indeed, solving methods provide Pareto optimal
solutions which are difficult to compare due to the number of objectives. Evaluating an algorithm performance implies
comparing the quality of output and also comparing the computational time. When it comes to single objective optimization,
we compare two solutions by maintaining the smaller value (in case of minimizing the objective function) or the greater
value (in case of maximizing the objective function). In MOO, some methods can be employed such as Pareto dominance as
in [20], when solution s; strictly dominates solution s, (i.e., S;>>S) then s; is better than s, in all objectives. Solution $;
dominates solution s, (i.e., s;>-S3) when the solution s; is not worse in all objectives and better in at least one objective. We
say that s; weakly dominates s, (i.e., s1>s;) if s; is not worse than s, in all objectives. More often, we find some solutions
that don’t dominate other, and neither are dominated, in this case, we say that they are incomparable (i.e., s1][s3).

2.3. Contribution

To the best of our knowledge, the most popular MGs selection methods are based only on the geographical position,
the direction, and the velocity. However, other conflicting high-level objectives must be taken into consideration such as
the whole network gain (i.e., the number of connected vehicles) and the traffic amount handled by MGs. Indeed, we aim at
finding the best approach to select an MG for a CV taking into account some high-level information concerning the state
of the network by maximizing the number of the connected CVs while minimizing the traffic amount handled by MGs.
To do so, we propose an MOO system for gateways selection that helps a decision maker to choose a solution among a
set of choices depending on his preferences; this system also gives a fair solution in case the decision maker does not set
his preferences. Thus, the MOO methods proposed in this paper are considered as a new contribution to the area of MGs
discovery in the vehicular ad-hoc network.
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Fig. 1. Multi-objective optimization categories.

3. Problem formulation and solving strategy
3.1. System overview and methodology

The purpose of this study is selecting MGs in a gateway discovery system while maximizing the number of connected
vehicles and minimizing the amount of traffic handled by each MG. A CV is a vehicle which wants to connect to the Internet,
and an MG is a vehicle which can directly connect to the Internet. The discovery system is composed of two servers that
provide services in the cloud. The first one maintains all information concerning MGs and the second one is responsible for
affecting a CV to an MG. We propose a system that can be integrated into the second server which selects the appropriate
gateway. Integer Optimization Problem (IOP) and Constraint Optimization Problem (COP) are the adopted models in the
proposed system. By doing this, separating the formulation and the search strategy is guaranteed. The decision maker can
add or remove constraints to the problem depending on the state of the network and can set his preferences regarding the
objectives. To solve the IOP, we use the WS approach in the case of a priori articulation of preferences. The GT approach is
proposed in case there is no articulation of preferences to solve the IOP. The COP is solved using the Backtracking algorithm.
The decision maker can choose the solution depending on high-level information with the help of methods comparison and
diagrams.

3.2. Integer optimization problem

3.2.1. Problem statement
VANET consists of a set of MGs which is represented by MG and a set of CVs in need to access the Internet which is
represented by the CV. The Euclidean distance between a CV i € CV and a MG j € MG is represented by d;; such that:

dij = /(i —x)2 + (i —y)2 + (2 — 2))? (1)
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Let w; denotes the traffic amount requested by the CV i. D; and D; are, respectively, the directions of a CV i and a MG j
such that 0<D;, D; <27 and V; and V; are respectively the velocities of the CV and the MG. Let r denotes the MG radio
propagation range and Vj, denotes the maximum permitted velocity difference between a CV connected to an MG. Our
contribution is to propose a solution to select MGs for the given CVs.

The relationship of CVs to MGs is represented through the binary matrix X (CV, MG). If and only if the CV i is connected
to the MG j, then X (i, j) = 1, otherwise X (i, j) = 0. We define the binary symmetric matrix Y(CV,CV), if and only if i; €
CV and i, € CV are connected to the same MG, then Y(ij,i;) = 1, otherwise Y (i1, i) = 0. The problem of MG selection is
represented through the following integer program:

2.1)
(2.2)
s. t.
2.3)
(2.4)
(2.5)
(2.6)
2.7)
2.8)
(2.9)

max ZieCV Zje/vtg X(L J)
min 3 oy, > oy @, V(i B2)

Viy € CV,Viy € CV.Vj e MG, X (i1, j) + X (iz. j) < 1+ Y(i1.12)
Viy € CV,Viy € CV.Vj e MG, X (i1, j) — X(iz. j) < 1 Y(i1.12)
VieCV,Vje MG d(, jx(, j) <r

YieCV,Vje MG, |Vi—Vi|X(i, j) < Vyax

VieCV,Vje MG, |D;—Dj|X(i, j)=0

Vie oV, Y g X0 ) =1

VieCV,Vje MG, X(i, j) € {0, 1}

(2)

(210) Vl] eCV, Vlz eCV, y(h, 12) S {O, 1}
(2.11) Vi; eCV,Yiy e CV, Y(iy,13) = Y(ia, i1)

The first objective aims to maximize as much as possible the number of connected CVs in need to access the Internet.
Meanwhile, the second one points at reducing the number of CVs connected to the same MG by minimizing the traffic
amount handled by MGs of all the connected CVs. The constraints in the problem model are described as follows:

Constraint (2.3) ensures that if Y(iy, i) =0, i; and i, must not connect to the same MG.

Constraint (2.4) ensures that if Y (iy,i,) = 1, i; and i, must connect to the same MG.

Constraint (2.5) ensures that if a CV i is connected to a MG j then i must be within the range of j.

Constraint (2.6) ensures that if a CV i is connected to a MG j, then the difference between the two velocities must not
exceed Vyax-

Constraint (2.7) ensures that if a CV i is connected to a MG j, then they must have the same direction.

Constraint (2.8) ensures that each CV must be connected only to one MG.

Constraints (2.9) and (2.10) ensure that the matrices X and ) are binary.

Constraint (2.11) ensures that the matrix ) is symmetric.

As a rule, it is more convenient to study and solve an optimization problem that aims to minimize or to maximize all
the objectives. That is why, the integer program in Eq. (2) is reformulated and simplified in Eq. (3) as follows:

(3.1)
(3.2)
s. t.
(3.3)
(3.4)
(3.5)
(3.6)
(3.7)
(3.8)
(3.9

min >0, > (1 - X3 J))
min 3 oy, >y @ V(i B2)

Vii € CV,Viy € CV,Vj e MG, X (i1, J) + X (iz, j) < 1+ V(i1,12)
Vii € CV,Vip € CV,Vj e MG, X (i1, J) — X (iz, j) < 1= V(i1,12)
VieCV,Vje MG, d(, j X, j) <r

VieCV,Vje MG, |V = Vj|X (i, j) < Viax

VieCV,Vje MG, |D;—Dj|lX(, j)=0

VielV, Y jemg X J) =1

VieCV,Vje Mg, X(i, j) € {0, 1}

(3)

(310) Vl] S CV, Vlz S CV, y(i1, 12) S {0, 1}
(3.11) Vi e CV,Viy e CV, Y(i1, iy) = V(iz, i1)
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Table 1
Weighted-sum methods.
o B
WSA1 1 0
WSA2 0 1
WSA3 0.7 03
WSA4 03 0.7

In the next section, a solution based on a priori articulation of preferences is proposed to solve our problem.

3.2.2. Weighted-sum approach
The integer program is solved using the Weighted-Sum Approach (WSA) as presented in Eq. (4):

(41 min o3 e, 3 jepg (1= X0 1) + B X v Xiyeoy @i, V(i 12)
s. t.

(4.2) VijeCV,Viy eCV,Vje MG, X(iy, j) + X(i2, j) <1+ V(1. 12)
(43) Vij eCV.Vi, eCV.Vje MG, X(iy, j) — X(iz, j) <1 —Y(i1,1i3)
(44) VieCV.Vje MG, d(, j)x@, j) <r

(4.5) Viecv,Vje MG, |Vi-V;|X(, J) < Viax (4)
(4.6) ViecCv,Vje MG, |D;—DjlX(i, j)=0

(47) VielV.YjgX . j)=1

(4.8) ViecCcv,Vje MG, x(,j)e{0,1}

(49) Viy eCV,Viy eCV,Y(i1,ip) € {0,1}

(4.10) Vi; € CV,Viy € CV, Y(i1, 1n) = Y(ia, i1)

The two objective functions must be arranged in order of importance to solve the integer program in Eq. (4). We define
four weighted-sum methods with different preferences as detailed in Table 1. « and S take different values according to the
importance of each objective function such that o + 8 = 1. WSA1 solution minimizes only the first objective. Meanwhile,
WSA2 solution aims at reducing only the second objective. The worst values of the first objective and the second objective
functions are obtained using this two solutions, and are, respectively, Obj1yorsr and Obj2yorst.- The WSA3 solution takes the
first objective as a priority. Meanwhile, the WSA4 solution takes objective 2 as first choice. These two solutions aim to find
a compromise between the different objectives. However, in the next section, we propose another trade-off solution without
articulation of preferences.

3.2.3. Game theory approach

Game theory approach (GTA) is a trade-off solution which is applied to find a compromise between the first objective
and the second one. To do so, we use the Nash bargaining approach and, the two objectives are considered as two players.
The game is non-cooperative since each player aims at minimizing its objective without knowing the state of the other
player. The first player seeks an objective value not better than f*(X,Y). On another hand, the second player should not
wait for an objective better than g*(X,)) (See Eq. (5) and Eq. (6)). However, it must be guaranteed that the two objective
values should not be worse than Obj1yogrst and Obj2yorst, Tespectively for the player 1 and player 2.

> 3 A-xG ) < (XY (5)
ieCV je MG
DY @ V(i) <g(X,Y) (6)
i1eCVieCy

In Nash bargaining theory, we aim to find an optimal point taking into account reference values which are the worst
obtained values of the objectives such that:

f¥(x,Y) < Objlyogst (7)

g°(X,Y) < Obj2worst (8)
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The trade-off between the two objectives is obtained through Egs. (5)-(8), and the following integer program:
(9.1) max (Objlworst — f*(X,¥)) x (Obj2worst — (X, )))

S. t.

(9.2) VijeCv,Vi eCV,Vje MG, X(i1, )+ X(i2,j) <1+ Y(iy,13)

(9.3) VijeCV,Vip eCV,Vje MG, X(i1,]) — X2, j) <1 -Y(1,12)

(9.4) VieCV,Vje MG, d(i, X3, j)<r

(9.5) VieCV,Vje MG, |Vi—V;|X(, j) < Vvax (9)
(9.6) VieCV,Vje MG, |Di—Djlx(i,j)=0

(9.7) VielV, Yo j)=1

(9.8) ViecCv,Vje Mg, x(,j) e{0,1}

(9.9) Vi ecCv, Vi, eCv,Y(i1,ir) € {0,1}

(9.10) Viy eCV,Viy e CV, Y(i1,ip) = Y(ia, i1)

After we formulated our problem as an IOP where the objective functions and the constraints are linear, we propose a
COP model in the next section.

3.3. Constraint optimization problem

3.3.1. Problem statement

In this section, we develop the gateway selection problem model using Constraint Programming. The primary process
consists of, first, defining the variables and their corresponding domains and then, determining the constraints of the prob-
lem. If some criterion is to be optimized, the objective functions need to be specified. We model our problem as a COP as
follows:

« A finite set of variables: X = {X, V}.

Where:

X (CV, MG) is a binary matrix. When the CV i is connected to the MG j, then X (i, j) = 1, otherwise X (i, j) = 0. Y(CV,CV)
is a binary and symmetric matrix. When i; € CV and i, € CV are connected to the same MG, then Y(ij,i;) = 1, otherwise
(i1, i) = 0.

+ A nonempty domain of possible values for each variable: DOM(X) = Dy = Dy = {0, 1}
- A finite set of constraints:

C1). Viy, iz € CV2, Vj e MG: V(i iz) = 0= (X(iy, j) = 0) v ((X(ia, j) = 0);
C2). Vi iy e V2 Vje MG : Y(i1.ip) = 1= X(iy. j) = X(iz. j);
C3).VieCV, Vje Mg, d(i, HxG, j)<r;

C4). VieCv, Vje MG, |V; - V;|X(, j) < Vmax;

(C5). VieCV, ¥Yj e MG, |D;—Dj|X (i, j) = 0;

(CG) YiecCy: Zje/\/lg X0, j)=1;

(C7). Viy e €V, Yiy € CV, Y(iy.ip) = V(ia, i);

(
(
(
(

 The objectives are:

(Obj1). min > icey 3 g (1 = X (. 1))
(Obj2). min Zﬁ ecy ZizECV Wy, Y(iy, iz)

The constraints and the objectives in the COP model are described as follows:

 (C1) ensures that if Y (i1, i) = 0, i; and i, must not connect to the same MG.
 (C2) ensures that if Y(iy, i) = 1, i; and i, must connect to the same MG.

« (C3),(C4),(C5),(C6) and (C7) are the same as in the integer program in Eq. (3).
» (Obj1) and (Obj2) are the same as in the integer program in Eq. (3)

To deal with this model, we propose hereafter a Constraint Optimization Problem solution.

3.3.2. Backtracking: A constraint optimization problem solution

There are mainly three solution strategies for solving a COP which are backtracking, dynamic programming, and local
search. These algorithms are classified into two categories: complete and incomplete. Local search represents an incomplete
algorithm which tries to find a solution if it exists and an approximation to the optimal solution. On another hand, back-
tracking and dynamic programming are complete algorithms which can be used to prove that the problem has no solution
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or to find an optimal solution. Dynamic programming requires an exponential execution time to find all solutions while
backtracking works on only one solution at a time and require a polynomial time of execution. In what follows, we use
Backtracking to solve the COP ensuring a minimal execution time. Backtracking algorithm consists of assigning values to
variables, one by one, traversing through the domains such that the constraints are satisfied. The solution is represented
by a vector containing all the assigned values of the variables. At each step where the constraints related to the concerned
variables are not met, a return backward is carried out hence the name of backtracking. The problem is solved in a depth-
first manner of the space to find a solution. Assuming that Vector is a solution to our COP by applying Backtracking, the
steps of the generalized algorithm may be resumed in Algorithm 1. A starting point (i.e., a variable) is chosen to implement

Algorithm 1 Generalized Backtracking Algorithm.

1: v < CHOOSE VARIABLE(X = {X, V})

2: Vector < ¢

3: function BAackTRACK(Vector, v)

4: while length(Vector) # length(X) do

5 if Accept(Vector Us) then
6: Vector < Vector Us
7: vV < NEXT(V)
8 BACKTRACK(Vector, v)
9 else
10: v < RooT(v)
11: Backtrack(Vector, v)

12: return Vector

backtracking to our problem, Choose Variable function helps to start with one possible variable of many available variables
in X. Backtrack function traverses all the variables recursively, from the root down, in depth-first order as mentioned before.
At each variable v, the function checks whether the value se DOM(X) can satisfy all the constraints and construct a valid
solution, if yes the algorithm proceeds otherwise a reversal is performed, until Vector contains all instantiated values of all
variables. Accept function returns true if s is a solution and false otherwise. Root function returns the root of a variable v
while Next function returns the next candidate.

However, Choose Variable and Next functions play a crucial role in the progress of the algorithm. Indeed, the start of the
procedure has an impact on the solution, and several methods have been proposed for ordering variables as an improvement
to Backtracking strategy. In [21], a fruitful dynamic and adaptive variable ordering heuristic is proposed which is a combi-
nation of look-back and look-ahead schemes. This heuristic derives benefit from information about previous states of the
search process. To do so, a weight is associated with each constraint, and it increases whenever the associated constraint
is violated during the search. On another hand, the notion of the impact of a variable is introduced in [22]. The impact
represents the importance of a variable for the reduction of the search space and using this concept the performance is
improved. Indeed, measuring the impact with the observation of domain reduction during search proves to be a useful cri-
terion for choosing variables. Based on the concept of the weight, each constraint C(V) linked to a set of variables V has a
weight {/(C), and the variable v is chosen using the domain size as extracted from [23] as follows:

min [D()|
vy V(COV))

Based on the second strategy, we assume that Z(v = i) is the impact of the decision V =i as mentioned in [23]. The variable
v is chosen as extracted from [23] as follows:

min Yiepwy 1 —Z(v=1)
Zvev EZ’(C(V))

To find an optimal solution, the approach is to solve a sequence of satisfaction problems using the described backtracking
algorithm. For the sake of effectiveness, the AC3 algorithm is used to reduce the domains of the variables [24]. In the next
section, the proposed MOO system for gateways selection is detailed.

(10)

(11)

3.4. Multi-objective optimization system for mobile gateways selection

An interactive MOO system for gateways selection is proposed to support decision making. This system helps a decision
maker to select the best solution among a set of alternatives and is based on the models mentioned above. To select MGs, a
decision maker can express his preferences regarding maximizing the number of connected CVs and minimizing the amount
of traffic handled by MGs. These two objectives are conflicting, and the preferences can be set according to some high-level
information that includes all information concerning the vehicular ad-hoc network. The proposed system is depicted in
Fig. 2, it helps guiding the decision maker to explore the solutions with best match with his preferences through these
three phases: (i) Construction phase; (ii) Resolution phase; (iii) Visualization phase. In the first phase, the decision maker
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Fig. 2. Multi-objective optimization system for gateways selection.

Table 2

Simulation parameters.
Parameter Setting
Direction 0<6<2m
Velocity 0-20m/s
X-coordinate 0-2000m
Y-coordinate 0-2000m
Z-coordinate Om

Transmission range 500 m

can interact with the system by constructing the problem, he adds or removes the constraints and sets his preferences. It
can be a priori articulation of preferences, in this case, WS approach is used in the second phase or a posteriori articula-
tion of preferences where all approaches are used. On another hand, if there is no articulation of preferences, GT and COP
approaches are executed. In the resolution phase, the approaches are implemented and executed using a multi-objective
optimizer. The high-level information represents the state of the environment containing CVs and MGs. In the last phase,
the decision maker can study the problem using the projection of the possible solution according to his previous choice. He
can choose one solution using high-level information with the help of 2D and 3D diagrams. This step may be considered
as a posteriori articulation of preferences where the Pareto solutions are visualized according to the first objective, the sec-
ond objective and the execution time. According to this three criteria, all approaches are compared using the comparison
methods mentioned in Section 2.2.

4. Simulation results

In this section, the proposed approaches are evaluated through simulation. The MOO system for gateways selection is im-
plemented using Python programming language. Gurobi Optimizer [25] is executed to solve GT and WS approaches whereas
Mistral library [23] is used for solving the COP. Both of these tools prove to be highly efficient. In the simulation, the net-
work containing CVs and MGs is randomly deployed, and the simulation parameters are shown in Table 2. We generate a
random infrastructure in both x-axis and y-axis, for reasons of simplicity, we consider that z=0. We evaluate the perfor-
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Fig. 3. The system solutions projection using all approaches for objective 1 and objective 2.

mance of the proposed models (i.e.,, WSA1, WSA2, WSA3, WSA4, GTA, and COP) compared to the literature solution (i.e., The
predicted link lifetime [10]) which we name PLET. The evaluation is performed according to the following metrics:

+ Objective 1 which must be maximized and concerns the number of connected CVs;
« Objective 2 which must be minimized and involves the average of traffic amount handled by MGs;
 The execution time.

At first, we set the number of CVs to 50, and the number of MGs to 30 while Vy, and r remain fixed. Then, in the
second simulation, the approaches are evaluated and compared with PLET solution by varying the number of MGs while the
number of CVs is fixed to 50 and by changing the number of CVs while the number of MGs is set to 50.

4.1. A case study

In this simulation, all approaches are executed for the same case study. The number of CVs is 50, and the number of
MGs is 30. Fig. 3 and Fig. 4 represent the projection phase of our case study using all approaches. Fig. 3(a) shows a 2D
diagram where the x-axis represents objective 1, and the y-axis represents objective 2. The methods comparison of this
diagram is depicted in Fig. 3(b), WSA1, and WSA2 are incomparable, the first approach shows the best value concerning
the first objective while the second approach shows the best value concerning objective 2, WSA1 is also incomparable to
WSA3, WSA4, and GTA. WSA2 is incomparable to WSA3, WSA4, and GTA. WSA3 is incomparable to WSA4 and GTA. WSA4
is incomparable to GTA, and finally, all approaches strictly dominate COP. In Fig. 4(a), the 3D diagram is depicted, the x-
axis represents the objective 1, the y-axis represents the objective 2, and the z-axis represents the time execution. Fig. 4(b)
shows the output of this diagram methods comparison, as in Fig. 3(b), WSA1, and WSA2 are incomparable regarding the
three metrics. In this case, all methods are incomparable to each other, and WSA1 strictly dominates COP. Otherwise, COP
exhibits an excellent performance regarding the execution time.

4.2. The proposed approaches evaluation

In this simulation, we evaluate the proposed approaches implemented in the MOO system for gateways selection, and
we evaluate the literature solution PLET. To do this, as mentioned earlier, we vary the number of MGs and fix the number
of CVs; likewise, we change the number of CVs and fix the number of MGs. In this simulation results, each plotted point
represents the average of 20 times of executions. The plots are presented with 95 confidence interval. In each execution,
Vmax and r remain unchanged, so we vary all the other parameters. Fig. 5 shows the approaches evaluation using Mistral
and Gurobi while changing the number of MGs from 30 to 55. The number of CVs is fixed to 50. Fig. 5(a) represents the
objective 1 which increases while the number of MGs becomes high, this is due to the number of choices that increases. We
notice that WSA1 shows the best performance concerning the number of connected vehicles after the solution PLET which
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Fig. 5. Approaches performance using Mistral and Gurobi while varying the number of MGs.
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Fig. 6. Approaches performance using Mistral and Gurobi while varying the number of CVs.

connects all CVs except those out of range. Fig. 5(b) represents the average of the traffic amount of MGs, by varying the
number of MGs the objective 2 decreases. WSA2 exhibits the best performance concerning this parameter, and PLET shows
the worst performance. Fig. 5(b) shows the execution time of the proposed approaches and PLET solution. We notice that in
general, it increases while the number of MGs grows. As depicted in this figure, PLET exhibits the best performance since
there is no optimization. WSA1 shows the best value of execution time compared to the other approaches. Fig. 6 represents
the evaluation of the proposed approaches and PLET solution while varying the number of CVs from 30 to 55 and fixing
the number of MGs to 50. The graph of objective 1 is shown in Fig. 6(a), as in Fig. 5(a), WSA1 shows the best performance
after the solution PLET. Moreover, objective 1 increases while the number of CVs becomes high. In Fig. 6(b), objective 2 is
represented, and it increases by varying the number of CVs. Again, WSA2 exhibits the best performance and PLET has the
worst values. Fig. 6(c) represents the execution time, and again, PLET exhibits the best performance concerning time. This
simulation demonstrates the efficiency of each proposed model in achieving its key design goals compared to PLET solution;
it is noticeable that WSA1 shows the best results regarding maximizing the number of connected CVs while WSA2 shows
the best values regarding minimizing the amount of traffic handled by each gateway. WSA3, WSA4, and GTA reach them
goals by finding a compromise between the two objectives, unlike COP that shows only better execution time in this case
study.

Table 3 displays the improvement percentage of objective 2 while maximizing the number of connected vehicles for the
first simulation where we vary the number of MGs. The best reduction percentage regarding objective 1 is provided by
WSA1 where the number of connected vehicles is reduced only to 5,63%, and the worst one is provided by COP by reducing
the number to 32,04%. For objective 2, the best reduction percentage is performed by WSA2 which is 49,07% while COP has
the worst one which is 6,42%. Table 4 represents the improvement percentage of objective 2 while maximizing the number

Table 3
The average amount of traffic handled by MGs improvement while maximizing the number
of connected CVs and varying the number of MGs.

copr WSA1 WSA2 WSA3 WSA4 GTA

Objective 1  32,04% |  563% |  2852% | 2323% | 2640% | 1660% |
Objective 2 518% |  12,18% | 4508% | 4478% | 4503% | 4178% |
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Table 4
The average amount of traffic handled by MGs improvement while maximizing the number
of connected CVs and varying the total number of CVs.

cop WSA1 WSA2 WSA3 WSA4 GTA

Objective 1 22,17% |  322% |  1854% | 13,70% | 1612% |  887% |
Objective 2 642% |  17,89% | 4907% | 4894% |  49,06% |  4512% |
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Fig. 7. The impact of the transmission range.

of connected vehicles for the second simulation where we vary the number of CVs. The percentage is 3,22% for objective
1 and is provided by WSA1 while COP has the worst percentage which is 22,17%. The best reduction value concerning
objective 2 is performed by WSA2 and is equal to 49,07% while COP exhibits the worst percentage value which is 6,42%. In
both simulations, all approaches improve the objective 2 by up to 49,07% while maximizing the first one by up to 3,04% of
the difference to PLET solution.

Finally, it is worth stressing out that the proposed approaches demonstrate its efficiency in helping a decision maker
to realize the adequate mapping of CVs and MGs. Indeed with an articulation of preferences or without, the results prove
that the solutions find the fair trade-off between maximizing the number of connected vehicles and minimizing the average
amount of traffic handled by MGs.

4.3. The impact of the transmission range and the permitted velocity difference

In this simulation, we consider two scenarios. In the first one, the number of CVs is 50, and the number of MGs is 30.
In the second scenario, the number of CVs is fixed to 30, and the number of MGs is 50. We vary the transmission range
r and the permitted velocity difference Vj, to study its impact on the number of connected CVs and the average amount
of traffic handled by MGs. Each plotted point represents the average of 20 times of executions. The plots are presented
with 95 confidence interval. Fig. 7 displays the impact of the transmission range. We notice that the number of connected
CVs becomes higher when we increase the transmission range in both scenarios. Likewise, the average amount of traffic
increases when the transmission range rises. However, when the number of MGs is large, the average amount of traffic is
not as high as in the first scenario (See Fig. 7(b) and 7(d)). Fig. 8 presents the impact of the permitted velocity difference.
Since PLET solution does not depend on this measurement, the result stills the same. Regarding the other solutions, the
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Fig. 8. The impact of the permitted velocity difference.

number of connected vehicles and the average amount of traffic handled by MGs increase while we vary the permitted
velocity difference between CVs and MGs. Furthermore, the two metrics are more increasing in the first scenario. We notice
that the transmission range and the permitted velocity difference have a significant impact on the number of connected
vehicles and the average amount of traffic handled by MGs for all the proposed approaches.

5. Conclusion

Research proves the efficiency of mobile gateways in comparison to the fixed ones which are road infrastructure. There-
fore, a suitable selection of gateways for vehicles in need of Internet access must be carried on. A multi-objective optimiza-
tion system for mobile gateways selection is introduced to improve the gateways discovery system. This discovery system is
assisted by cloud computing and affords to vehicles in need to access to Internet an appropriate gateway. Our proposed sys-
tem consists of different models namely Integer Optimization and Constraint Optimization providing to the decision maker
a palette of choices according to his preferences. This system also helps the decision maker by projecting results in 2D and
3D diagrams and using some comparative methods. The simulations show the performance of the system in comparing the
different solving strategies, the effectiveness of the weighted sum method in the case of a priori articulation of preferences,
the efficiency of the game theory approach in finding a trade-off between the conflicting objectives and the effectiveness of
backtracking algorithm in term of execution time. These approaches are compared with the literature solution and prove to
be effective in minimizing the traffic amount handled by each gateway while maximizing as much as possible the number
of connected client vehicles. In future works, we intend on developing the system by integrating more constraints and ob-
jectives. We also aim at improving the system by making it autonomous. Indeed, without the intervention of the decision
maker, the system may be more adaptive to the vehicular ad hoc network environment by proposing the best strategy for
gateways selection and an automatic priori-articulation of preferences.

Supplementary material

Supplementary material associated with this article can be found, in the online version, at doi:10.1016/j.compeleceng.
2018.12.004.


https://doi.org/10.1016/j.compeleceng.2018.12.004

S. Retal and A. Idrissi/Computers and Electrical Engineering 73 (2019) 289-303 303

References

[1] Luckow A, Kennedy K. Data infrastructure for intelligent transportation systems. In: Data analytics for intelligent transportation systems. Elsevier;
2017. p. 113-29.
[2] Chagfeh M, Mohamed N, Jawhar I, Wu J. Vehicular cloud data collection for intelligent transportation systems. In: Smart cloud networks & systems
(scns). IEEE; 2016. p. 1-6.
[3] Hussain R, Son J, Eun H, Kim S, Oh H. Rethinking vehicular communications: merging vanet with cloud computing. In: Cloud computing technology
and science (CloudCom), 2012 IEEE 4th international conference on. IEEE; 2012. p. 606-9.
[4] Bitam S, Mellouk A, Zeadally S. Vanet-cloud: a generic cloud computing model for vehicular ad hoc networks. IEEE Wireless Commun
2015;22(1):96-102.
[5] Setiwan G, Iskander S, Kanhere SS, Chen QJ, Lan K-C. Feasibility study of using mobile gateways for providing internet connectivity in public trans-
portation vehicles. In: Proceedings of the 2006 international conference on wireless communications and mobile computing. ACM; 2006. p. 1097-102.
[6] Badole MH, Raju T. Protocol design for an efficient gateway discovery & dispatching for vehicular ad hoc network. Int ] Appl Innovati Eng Manag
(JAIEM) 2014;3(2):117-20.
[7] Badole MMH, Nikam MP. Performance evaluation of an efficient cloud-assisted gateway discovery for vehicular ad hoc network. Perform Evaluat
2014;1 (7)(2014).
[8] Bechler M, Wolf L, Storz O, Franz WJ. Efficient discovery of internet gateways in future vehicular communication systems. In: Vehicular technology
conference, 2003. VTC 2003-Spring. The 57th IEEE semiannual, 2. [EEE; 2003. p. 965-9.
[9] Lin Y-W, Shen J-M, Weng H-C. Gateway discovery in vanet cloud. In: High Performance Computing and Communications (HPCC), 2011 IEEE 13th
international conference on. IEEE; 2011. p. 951-4.
[10] Namboodiri V, Gao L. Prediction-based routing for vehicular ad hoc networks. IEEE Trans Veh Technol 2007;56(4):2332-45.
[11] Lin Y-W, Shen J-M, Weng H-]. Cloud-assisted gateway discovery for vehicular ad hoc networks. In: Information Science and Service Science (NISS),
2011 5th international conference on New Trends in, 2. IEEE; 2011. p. 237-40.
[12] Pan H-Y, Jan R-H, Jeng AA-K, Chen C, Tseng H-R. Mobile-gateway routing for vehicular networks. In: Proceedings of the 8th IEEE Asia Pacific wireless
communication symposium (APWCS 2011); 2011.
[13] Sivaraj R, Gopalakrishna AK, Chandra MG, Balamuralidhar P. Qos-enabled group communication in integrated vanet-Ite heterogeneous wireless net-
works. In: Wireless and mobile computing, networking and communications (WiMob), 2011 IEEE 7th International conference on. IEEE; 2011. p. 17-24.
[14] Labiod H, Tabbane N, Tabbane S. An efficient qos based gateway selection algorithm for vanet to Ite advanced hybrid cellular network. In: Proceedings
of the 15th ACM international conference on modeling, analysis and simulation of wireless and mobile systems. ACM; 2012. p. 353-6.
[15] el Mouna Zhioua G, Labiod H, Tabbane N, Tabbane S. Fqgws: A gateway selection algorithm in a hybrid clustered vanet Ite-advanced network: Com-
plexity and performances. In: Computing, Networking and Communications (ICNC), 2014 international conference on. IEEE; 2014. p. 413-17.
[16] Idrissi A, Retal S, Rehioui H, Laghrissi A. Gateway selection in vehicular ad-hoc network. In: Information & communication technology and accessibility
(ICTA), 2015 5th international conference on. IEEE; 2015. p. 1-5.
[17] Marler RT, Arora JS. The weighted sum method for multi-objective optimization: new insights. Struct Multidiscip Optim 2010;41(6):853-62.
[18] Fonseca CM, Fleming PJ. Genetic algorithms for multiobjective optimization: formulation discussion and generalization. In: Icga, 93; 1993. p. 416-23.
[19] Rao S. Game theory approach for multiobjective structural optimization. Comput Struct 1987;25(1):119-27.
[20] Zitzler E, Thiele L, Laumanns M, Fonseca CM, Da Fonseca VG. Performance assessment of multiobjective optimizers: an analysis and review. IEEE Trans
Evol Comput 2003;7(2):117-32.
[21] Boussemart F, Hemery F, Lecoutre C, Sais L. Boosting systematic search by weighting constraints. In: Proceedings of the 16th european conference on
artificial intelligence. I0S Press; 2004. p. 146-50.
[22] Refalo P. Impact-based search strategies for constraint programming. CP 2004;3258:557-71.
[23] Hebrard E. Mistral, a constraint satisfaction library. Proc Third Int CSP Solver Compet. 2008;3:3.
[24] Mackworth AK. Consistency in networks of relations. Artif Intell 1977;8(1):99-118.
[25] Optimization G. Inc., gurobi optimizer reference manual, 2014. URL: http://www gurobi com 2014.

Sara Retal received her Master’s degree in Computer Science and started her Ph.D. work since 2014 in the faculty of sciences in Rabat. She participated
in the ICT Maghreb Technology Platform project co-funded by the European Community and in other research projects in Aalto University. Her research
interests include cloud computing and constraint programming.

Abdellah Idrissi received his Ph.D. in Computer Science and is a habilitated Professor in the faculty of sciences in Rabat. He leads a research group on
artificial intelligence. His research domains include modeling, resolution, and optimization of intelligent and complex systems. He is the author of three
books and several papers published in international journals and conferences.


http://refhub.elsevier.com/S0045-7906(17)33672-8/sbref0001
http://refhub.elsevier.com/S0045-7906(17)33672-8/sbref0001
http://refhub.elsevier.com/S0045-7906(17)33672-8/sbref0001
http://refhub.elsevier.com/S0045-7906(17)33672-8/sbref0002
http://refhub.elsevier.com/S0045-7906(17)33672-8/sbref0002
http://refhub.elsevier.com/S0045-7906(17)33672-8/sbref0002
http://refhub.elsevier.com/S0045-7906(17)33672-8/sbref0002
http://refhub.elsevier.com/S0045-7906(17)33672-8/sbref0002
http://refhub.elsevier.com/S0045-7906(17)33672-8/sbref0003
http://refhub.elsevier.com/S0045-7906(17)33672-8/sbref0003
http://refhub.elsevier.com/S0045-7906(17)33672-8/sbref0003
http://refhub.elsevier.com/S0045-7906(17)33672-8/sbref0003
http://refhub.elsevier.com/S0045-7906(17)33672-8/sbref0003
http://refhub.elsevier.com/S0045-7906(17)33672-8/sbref0003
http://refhub.elsevier.com/S0045-7906(17)33672-8/sbref0004
http://refhub.elsevier.com/S0045-7906(17)33672-8/sbref0004
http://refhub.elsevier.com/S0045-7906(17)33672-8/sbref0004
http://refhub.elsevier.com/S0045-7906(17)33672-8/sbref0004
http://refhub.elsevier.com/S0045-7906(17)33672-8/sbref0005
http://refhub.elsevier.com/S0045-7906(17)33672-8/sbref0005
http://refhub.elsevier.com/S0045-7906(17)33672-8/sbref0005
http://refhub.elsevier.com/S0045-7906(17)33672-8/sbref0005
http://refhub.elsevier.com/S0045-7906(17)33672-8/sbref0005
http://refhub.elsevier.com/S0045-7906(17)33672-8/sbref0005
http://refhub.elsevier.com/S0045-7906(17)33672-8/sbref0006
http://refhub.elsevier.com/S0045-7906(17)33672-8/sbref0006
http://refhub.elsevier.com/S0045-7906(17)33672-8/sbref0006
http://refhub.elsevier.com/S0045-7906(17)33672-8/sbref0007
http://refhub.elsevier.com/S0045-7906(17)33672-8/sbref0007
http://refhub.elsevier.com/S0045-7906(17)33672-8/sbref0007
http://refhub.elsevier.com/S0045-7906(17)33672-8/sbref0008
http://refhub.elsevier.com/S0045-7906(17)33672-8/sbref0008
http://refhub.elsevier.com/S0045-7906(17)33672-8/sbref0008
http://refhub.elsevier.com/S0045-7906(17)33672-8/sbref0008
http://refhub.elsevier.com/S0045-7906(17)33672-8/sbref0008
http://refhub.elsevier.com/S0045-7906(17)33672-8/sbref0009
http://refhub.elsevier.com/S0045-7906(17)33672-8/sbref0009
http://refhub.elsevier.com/S0045-7906(17)33672-8/sbref0009
http://refhub.elsevier.com/S0045-7906(17)33672-8/sbref0009
http://refhub.elsevier.com/S0045-7906(17)33672-8/sbref0010
http://refhub.elsevier.com/S0045-7906(17)33672-8/sbref0010
http://refhub.elsevier.com/S0045-7906(17)33672-8/sbref0010
http://refhub.elsevier.com/S0045-7906(17)33672-8/sbref0011
http://refhub.elsevier.com/S0045-7906(17)33672-8/sbref0011
http://refhub.elsevier.com/S0045-7906(17)33672-8/sbref0011
http://refhub.elsevier.com/S0045-7906(17)33672-8/sbref0011
http://refhub.elsevier.com/S0045-7906(17)33672-8/sbref0012
http://refhub.elsevier.com/S0045-7906(17)33672-8/sbref0012
http://refhub.elsevier.com/S0045-7906(17)33672-8/sbref0012
http://refhub.elsevier.com/S0045-7906(17)33672-8/sbref0012
http://refhub.elsevier.com/S0045-7906(17)33672-8/sbref0012
http://refhub.elsevier.com/S0045-7906(17)33672-8/sbref0012
http://refhub.elsevier.com/S0045-7906(17)33672-8/sbref0013
http://refhub.elsevier.com/S0045-7906(17)33672-8/sbref0013
http://refhub.elsevier.com/S0045-7906(17)33672-8/sbref0013
http://refhub.elsevier.com/S0045-7906(17)33672-8/sbref0013
http://refhub.elsevier.com/S0045-7906(17)33672-8/sbref0013
http://refhub.elsevier.com/S0045-7906(17)33672-8/sbref0014
http://refhub.elsevier.com/S0045-7906(17)33672-8/sbref0014
http://refhub.elsevier.com/S0045-7906(17)33672-8/sbref0014
http://refhub.elsevier.com/S0045-7906(17)33672-8/sbref0014
http://refhub.elsevier.com/S0045-7906(17)33672-8/sbref0015
http://refhub.elsevier.com/S0045-7906(17)33672-8/sbref0015
http://refhub.elsevier.com/S0045-7906(17)33672-8/sbref0015
http://refhub.elsevier.com/S0045-7906(17)33672-8/sbref0015
http://refhub.elsevier.com/S0045-7906(17)33672-8/sbref0015
http://refhub.elsevier.com/S0045-7906(17)33672-8/sbref0016
http://refhub.elsevier.com/S0045-7906(17)33672-8/sbref0016
http://refhub.elsevier.com/S0045-7906(17)33672-8/sbref0016
http://refhub.elsevier.com/S0045-7906(17)33672-8/sbref0016
http://refhub.elsevier.com/S0045-7906(17)33672-8/sbref0016
http://refhub.elsevier.com/S0045-7906(17)33672-8/sbref0017
http://refhub.elsevier.com/S0045-7906(17)33672-8/sbref0017
http://refhub.elsevier.com/S0045-7906(17)33672-8/sbref0017
http://refhub.elsevier.com/S0045-7906(17)33672-8/sbref0018
http://refhub.elsevier.com/S0045-7906(17)33672-8/sbref0018
http://refhub.elsevier.com/S0045-7906(17)33672-8/sbref0018
http://refhub.elsevier.com/S0045-7906(17)33672-8/sbref0019
http://refhub.elsevier.com/S0045-7906(17)33672-8/sbref0019
http://refhub.elsevier.com/S0045-7906(17)33672-8/sbref0020
http://refhub.elsevier.com/S0045-7906(17)33672-8/sbref0020
http://refhub.elsevier.com/S0045-7906(17)33672-8/sbref0020
http://refhub.elsevier.com/S0045-7906(17)33672-8/sbref0020
http://refhub.elsevier.com/S0045-7906(17)33672-8/sbref0020
http://refhub.elsevier.com/S0045-7906(17)33672-8/sbref0020
http://refhub.elsevier.com/S0045-7906(17)33672-8/sbref0021
http://refhub.elsevier.com/S0045-7906(17)33672-8/sbref0021
http://refhub.elsevier.com/S0045-7906(17)33672-8/sbref0021
http://refhub.elsevier.com/S0045-7906(17)33672-8/sbref0021
http://refhub.elsevier.com/S0045-7906(17)33672-8/sbref0021
http://refhub.elsevier.com/S0045-7906(17)33672-8/sbref0022
http://refhub.elsevier.com/S0045-7906(17)33672-8/sbref0022
http://refhub.elsevier.com/S0045-7906(17)33672-8/sbref0023
http://refhub.elsevier.com/S0045-7906(17)33672-8/sbref0023
http://refhub.elsevier.com/S0045-7906(17)33672-8/sbref0024
http://refhub.elsevier.com/S0045-7906(17)33672-8/sbref0024
http://refhub.elsevier.com/S0045-7906(17)33672-8/sbref0025
http://refhub.elsevier.com/S0045-7906(17)33672-8/sbref0025

	A multi-objective optimization system for mobile gateways selection in vehicular Ad-Hoc networks
	1 Introduction
	2 Background
	2.1 Vehicular ad-hoc network
	2.2 Multi-objective optimization
	2.3 Contribution

	3 Problem formulation and solving strategy
	3.1 System overview and methodology
	3.2 Integer optimization problem
	3.2.1 Problem statement
	3.2.2 Weighted-sum approach
	3.2.3 Game theory approach

	3.3 Constraint optimization problem
	3.3.1 Problem statement
	3.3.2 Backtracking: A constraint optimization problem solution

	3.4 Multi-objective optimization system for mobile gateways selection

	4 Simulation results
	4.1 A case study
	4.2 The proposed approaches evaluation
	4.3 The impact of the transmission range and the permitted velocity difference

	5 Conclusion
	Supplementary material
	References


