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Abstract:

Nowadays, video-on-demand (VoD) applications are becoming one of the tendencies
driving vehicular network users. In this paper, considering the of ve-hicular network
opens up to different types of communications in order to meet the needs of the wide
variety of new applications envisaged within the framework of the Intelligent Transport
System (ITS). In this work, we seek to establish a list of possibilistic concepts in order
to efficiently identify the strict parameters of ur-ban VANET networks. To this end, we
use linear optimization under constraints. We apply in parallel to this first proposition
a minimization of a validated quadrat-ic criterion with the appearance of fuzzy least
squares. To arrive at a quadratic resolution under constraints, different distances were
managed and various con-straints were introduced in the optimization problem. We
have shown that the da-ta independent criterion in urban VANETS can overcome the
failure problem in terms of robustness. To assess the comparative effectiveness of our
solutions, many experiments are carried out. The obtained results showed that the
proposed identification scheme will allow an increase in the performance of Urban
VANET networks with different load conditions.

Keywords: Vehicular network, SVM, UPSO, regression, optimization, parameters
identification.
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1. Introduction

For several years, research work on regressive models with fuzzy parameters (fuzzy
regression) has multiplied, and it is now very difficult to establish an exhaustive list of
all the strategies developed. The basic idea was to exploit possibilistic concepts to
identify the fuzzy events of VANET networks by minimizing the dispersion of the
coefficients. A linear optimization program under constraints then translates the
strategy implemented to achieve this identification. The constraints are dictated by the
realization of inclusion of the outputs observed in those predicted by the model (known
as the possibility model).

In parallel with these works, the idea of identification of continuous behavior of
the vehicle nodes in a VANET environment based on the minimization of a quadratic
criterion materializes with the appearance of the fuzzy least squares [1]. Because of its
great ability to adapt and integrate with the most precise identification methods, it
seems quite natural to us to exploit the idea of the least-squares in our uncertain VANET
network context. Indeed, the underlying guiding idea is to minimize the quadratic error
of the output, expressed in terms of the distances between the fuzzy intervals (observed
outputs and expected outputs). In this context, different distances were used as criteria
to be optimized (diamond distance, Ming distance, ...) [2].

However, if this method often gives relevant results, thanks to its principle, it is
often subject to the violation of the inclusion constraint. In this context, to remedy these
problems, constraints have been introduced into the optimization problem to lead to a
quadratic programming methodology under constraints [3]. Our job is to perform an
experimental analysis of the differences that exist between conventional approaches in
terms of the robustness of VANET systems. To do this, we have chosen to approach
the problem practically by relying on simulations making it possible to highlight the
sensitivity of each method at any modification of the observed data, or a change in the
data learning area.

The rest of this paper is organized as follows; section 2 outlines a literature review
on the fuzzy logic approach applied in the VANET environment. Section 3 describes
our adaptation Fuzzy Support Vector Regression for VANET networks (FSVRNET).
In section 4 we propose a new fuzzy identification approach based on Support Vector
Fuzzy Regression (FSVRNET) and the Unified Particle Swarm Optimization (UPSO).
Finally, an analysis of the experience study is presented in section 5. Section 6
concludes the paper.

2. Review of related work

Support Vector Machines (SVM) offer the possibility of performing a linear regression
to no longer predict a class, but any function [4]. Assuming that the functions with
values in IR, then N solutions have been provided, see in [5] a simple regression is
performed on each of the dimensions. With functions of belief or membership
functions, the normalization constraints require taking into consideration the different
dimensions of the function to be predicted independently and jointly [6]. In [7], the
authors have proposed a regression on triangular fuzzy numbers, it is thus placed in the
hypothesis of multiple regression, but the essential difference with the proposed
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approach is manifested in the conditions on the belief functions and the membership
functions.

To meet various network resource requirements, VANET networks then require
efficient approaches for scalable resource allocation. In a VANET environment and to
meet the resource requirements, the authors of [8] presented the H-FLGA approach
(Hybrid Fuzzy Logic Approach which expresses five ways of optimizing network
resources.

For efficient transmission of various data in a VANET environment, a self-
adaptive geographic routing has been proposed in [9], with a hybrid reactive mechanism
(SOGR-HR). The authors of [9] also proposed a self-adapting geographic routing, but
with a geographic reactive mechanism (SOGR-GR).

The authors of [10] introduced "MARS", a system based on machine learning
for the selection of traffic in urban VANET networks. A widely applied K-means
machine learning algorithm is adopted by MARS to predict the better transmission
capacity of selected paths. Another mechanism named FLGR based on fuzzy logic has
been proposed in [11] for transmission control with a minimum delay of security
messages. FLGR uses fuzzy logic and several parameters to select the best vehicle node
that will act as the relay node.

One of the promising technologies in complex and dynamic contexts is fuzzy
logic [12]. To improve the quality of data transmission (DTQ), the authors of [13]
proposed a new data transmission strategy based on fuzzy logic and machine learning
algorithms to optimize the selection of nodes relay. To solve the problems of the
dynamics of the VANET, each RSU will estimate the movements of the vehicle nodes
and their directions using the KNN algorithm and a machine learning system (MLS).

3. Fuzzy Support Vector Regression for VANET networks (FSVRNET)

In the systems modeling where the available information is uncertain as in the case of
the VANET environment, we are dealing with a fuzzy approach to the system
considered. A fuzzy function whose parameters represent fuzzy intervals expresses the
system [14]. In the rest of this section, we integrate the main concepts of fuzzy logic in
the regression model with SVMs in the VANET environment. In the support vector
regression model, the parameters were set so that the desired results, the components
of the weight vector, and the bias term are fuzzy numbers. To simplify the calculation,
we will assume that the fuzzy parameters are symmetric triangular fuzzy numbers
(NFTS) [15].

3.1 Quadratic function (QF) applied to VANET networks

First, the bias term and the weight vector components used in the regression function
model are NFTS. Given the fuzzy weight vector FW; = (m;, r;), where m the midpoint,
and r the radius, likewise the fuzzy bias term Fb = (e, k), where, e midpoint, and k
the radius. The model is given by:

W = FW,y, + FW,y, + -« + FW,y,, = (FW.y) + Fb

The following membership function defines the model:
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|[x — (FW.y) +e)
(r.lyl + k)
Such as gy, (x) = 0, when (r. |y| + k) < |x — ((FW.y) + Fb)|

oy(x) =1-— , forally+0 (D

Then, we process the desired fuzzy output in the regression task of our VANET system.
The observed data noted I, = (x;, b;), are also fuzzy values, where b; the radius and
x; 1s the midpoint.

We then distinguish the membership function W, as follows:

(2)

To formulate our fuzzy linear regression model in our VANET environment, the
following points were retained:

1) The data can be represented by a fuzzy linear model w; = (Fw".y,) + Fb", given y,,
w; can be obtained as follows:

|x — ((FW.y:) + e)
(rlyil + k)

2) The adjustment degree of the estimated fuzzy linear model. w; = (Fw".y,) + Fb" for
the observed data W, = (x;, b;), is measured by the index g;, which maximizes g,
subject to W, c W&, with:

W = {xlow (o) = g}, W = {x|ow; ) = g) ®

Which are sets by g — cut. The optimum adjustment degree for all data is defined by,
minj| g_]|.

(3)

ow(x) =1-

3) The imprecision of the linear fuzzy model is defined by: % IIr]|? + k.
4) The control term of the fuzzy linear model capacity is defined by: ||x]|?.

Solving the regression problem gives the fuzzy weight vector FW = (y,r) and the
fuzzy bias term Fb = (e, k), such as the adjustment degree between the estimated
output Wi*g and the output desired ng, is a given constant h for all i, where h selected

by the user, as the adjustment degree of the fuzzy linear model. The g, value can be
obtained from:

= (FW.x) + o)
=21 (r.lxil +k>—bl

Which is the same as that obtained by Skrabanek [16]. Our regression problem is,
therefore:

(5)

. 1 2 1 2 N
min ¥ ==|Ixll +K(—||x|| +k>+3€§ ni (6)
xr.ekn; 2 2

i=1

Subject to: g, = h withi=1,.., N
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Such that,, ||x||? characterizes the model complexity, and % llx]|? + k characterizes the
imprecision model.

More imprecision in the result of the regression generally implies more imprecision in
the linear fuzzy regressive model. K represents the difference parameter chosen by the
decision-maker. The value of h determines the lower bound of the establishment of the
linear fuzzy model, and g, is the adjustment degree of the estimated linear fuzzy
model W;* = (FW*.y;) + Fb* for the fuzzy data of the desired output W, =
(x1,by).{ni}i=12,..v are sets of variables that measure the excess quantity of the
variation in stresses for each point, where R is a fixed penalty parameter chosen by the
user, a greater value of R corresponds to assigning a higher penalty to errors [16].

More precisely, according to (5), our problem consists in finding the fuzzy weight
vector FW* = (y,r) and the fuzzy bias term Fb* = (e, k), which is the solution of the
problem of following quadratic function:

N
1 1
min @ =gl + K (07117 + k) + R Y Orac +720) ™
x.r.ekn; 2 2 i

i=

The difference between the support vector fuzzy regression technique and the simple
regression model with SVM is that the first technique looks for a linear fuzzy function
with fuzzy parameters that have at least the degree of fit h of the desired fuzzy targets
of all data. On the other hand, the second model searches for a linear function which
has at most e of variation compared to the targets obtained x; for all the data.

3.2 Adaptation of a fuzzy nonlinear regression model to VANET environment

There are only a few papers on fuzzy nonlinear regression [17][18]. This model type
generally assumes the underlying model and deal with the estimation procedures of
some particular models such as linear, polynomial, and exponential. However, we
believe that these methods are dependent on an impractical model. We will use the idea
of SVM for simple nonlinear regression [19] in our VANET network system. The basic
idea is to change the data space. The nonlinear transformation of the data in a urban
VANET environment can allow a linear representation of the observed data y; by Q: =
R™ — F. An essential property of the proposed algorithm is that it would depend only
on the data by the interior products in F, on the functions of the form (Q(y;). Q(y;))

and (Q(ly:D- Q(ly; D).

The form of the function  does not need to be known because it is implicitly
defined by the choice of the kernel function, K (a, b) = (Q(a).Q(b)). Therefore, it
suffices  to  know  thatK(y;,y;) = Q). Q)Y and  K(lyil, lyl) =
(Qy:D-Q(ly;1))instead of explicitly defining Q(.).

Thus, by  substitution (yi-y;)and (yil-ly; ) with % (y;, ;) and
JC(|yi|, |yj|) respectively, we obtain the dual quadratic optimization problem given by

the following function. Here, it should be noted that the constraints are not modified
[20].
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ZN: — =0 i + < i € [0, R] 8
'_1(.31i B2i) =0, '_1(511' B2i) < -7 B1i B2i € 10, )

We can arrive at various types of learning machines, based on kernel functions and
arbitrary nonlinear regression functions in the input space of our VANET system. The
fuzzy nonlinear regression function is defined by the following membership function:

| = BBy = Bo) Ky 3y) + e
J_Ch) 1 (Byj + B2 K (¥ Iysl) + €’

With a projection of the data in a space of important dimensions, the kernel functions
offer alternative solutions to increase the computational capacity of the model. In its
dual form, the fuzzy linear regression model can perform these measurements perfectly
and the adjustable variables do not depend on the number of attributes used [21].
Learning algorithms can generally be detached from the constraints of the application
domain. It must be programmed for the design of a suitable kernel function.

3.3 Application of FSVRNET to VANET environment

ow+(x) =1— a %)

To evaluate the performance of our FSVRNET model to the VANET environment, we
assume the data drawn from Tanaka and Lee [22] to apply it to VANET. Note here that
the representation of intervals by their midpoint, radius has been adopted. The data set
presented therefore comprises M = 8 samples. We assume the fuzzy linear regression
model as follows: W(x) = FW x + Fb

We have set the parameters h = 0.5, R = 15, and K = 25. We obtain the following
regressive model:

We apply the method of nonlinear fuzzy regression by SVM to analyze the data
which seems appropriate for this model. For the estimation of the fuzzy nonlinear
model, we use in this case a polynomial kernel of degree three.

For nonlinear fuzzy SVM regression (FSVR), we do not get good results in the
case of an RBF (Radial Basis Function) kernel. So we use in this case almost the same
technique, but with unsymmetrical triangular fuzzy numbers.

4. Fuzzy identification approach based on FSVRNET and Unified Particle
Swarm Optimization (UPSO)

In this section, we propose a new fuzzy identification approach based on Support
Vector Fuzzy Regression (FSVRNET) and the Unified Particle Swarm Optimization
(UPSO) [23] algorithm.

First, the FSVRNET model is chosen to facilitate the identification model in a VANET
environment. Then, to optimize the hyper-parameters essential for the FSVRNET
model, a global UPSO optimizer is implemented. Applying the proposed model to
different data provided optimal results. First, we will present the techniques used in our
new approach to explain the different stages of the latter.

In this section, we briefly discuss Support Vector Fuzzy Regression (FSVR) by
Hong et al [24], which uses unsymmetrical triangular fuzzy numbers. To do this we
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need some preliminaries. Let A = (m, r;, rg) an asymmetric triangular fuzzy number.
Knowing that, r;, r; the left and right radius, respectively, and m is the modal value of
A. We use the distance from Diamond d for unsymmetrical triangular fuzzy numbers.

4.1 Linear fuzzy regression model

Given a set of data pairs (x;,Y;), i =1,..., N, where the outputs Y; are symmetric
triangular fuzzy numbers and x; are net numbers.

Let the fuzzy weight vector W (wy, wy, ..., wy), Where, w; = (mwj,erj,erj), j=

1, ..., M, belongs to the set of unsymmetrical triangular fuzzy numbers, the fuzzy bias
term B = (mB,rLB,rRB) € asymmetric NFT.

We consider the following fuzzy regression model:f(x) = (W,x) + B = wyx; + -+ +
wyxy + B

We define[|W |2 = llmy, 12 = [my — 7 ||” + [mw + 72|
with
Moy = (Mo My ) 1y = (10 7i) (10)

We use the Lagrange method to resolve this optimization problem, we derive the

Lagrange equation concerning my,, 1, ,, Tr,,» Mg, Ty Trg 10§} WE Obtain:
N N
my = z(%i - a*u) Xi L, = Z[(Cﬁl- - a*u‘) - (a’zi - “*Zi)] Xi

Ty = ) [(@5, = ') = (e, — @10)] % (11)

Such that: a;,a*;,l =1,...,3,and i =1, ..., N represents the not negative Lagrange
multipliers. The two radius 7, ,and rz must be always defined as positives, r, >
0, and g, = 0.

We obtain the corresponding dual optimization problem as follows:
N

—a*;)=0,1=1,..,3
Maximize z(“h 20 (15)

ali,a*li =0 =1

ay,a’; €0.C,1=123,i=1,..,N
We can write our fuzzy model as follows:
flx) = ((mW,x), (11, %), (T”Rw'x)) + B (16)
We need to find now, mg, 1, and rg,.

With the use of Karush-Kuhn-Tucker (KKT) conditions, we can calculate mg as
follows:
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mg = my, —(W,my) — ¢, While ay; € (0,0) 18
mp =my, —(W,my)+¢&, While a*y; € (0,0) (18)

To find the value of 1, and rg,, we need to solve the optimization problem given

below Min of:
TLB,TRBEO

( N
Z |myi Ty T (my — rLW’xi) —Mp + 7.
=1
N

(19)
+ Z |myl. + TRy, — (my + 18, X)) —mp + 1| ¢
i=1
Such that the loss function € — insensitive given below:
_ (0 Whilel|f(x)—yl<e
Ley) = {If(x) —y|—¢e otherwise (20)

The combination of exploration and exploitation properties of two variants of PSO,
local and global, [25], gave rise to the Unified Particle Swarm Optimization technique
(UPSO). The UPSO technique is mainly based on the inertial version of PSO, although
it can be defined directly for the constriction factor version. Let L;(t + 1) and G;(t +
1) denote the speed adaptation of the it* vehicle, for the local and global variant [26].

Gyt +1) = Vi(®) + eyry (Pi() = X,(0) + ey (B () = Xi(®))  (21)

Li(t +1) = Vi(®) + o' (Pi(0) = Xi(0) + o'z (B, () = Xu(0)  (22)

where t denotes the current iteration, g; represents the index of the most suitable
vehicles which are in the vicinity of X;, while g represents the index of the most suitable
vehicle of the swarm. By combining equations 21 and 22 into a single equation, we
then obtain the main mechanism of UPSO.

Vit+1D) =1 —-w).6(t+1)+uLi(t+1) (23)
X(t+1D)=X;,t)+V,(t+1) (24)

where the parameter u is the unification factor. This factor balances the influence of the
global and local search directions in the final algorithm, the case of the global PSO
standard is obtained by putting u = 1 in equation 23, u = 0 corresponds to the case of
the local PSO standard. All the values of u € (0,1), corresponding to composing the
variants of PSO which combine the exploration and exploitation characteristics of its
local and global variant.

4.2 Hyper-parameters selection in VANET environment by the PSO and UPSO
standards

The hyper-parameters of the FSVRNET model (C and ) can be optimized by using
the UPSO and PSO algorithms. Consequently, each vehicle represents a potential
solution with the resolution of the problem of selecting hyper-parameters. The hyper-
parameters are evaluated using a fitness function, which is determined concerning the
considered optimization problem. The goal of FSVRNET's learning and testing process
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is to further develop the generalization performance of the fuzzy regression model [27]
[28]. We can then define the fitness function as follows:

Iv 1% 2
Fitness = ;Z EZ (mf(xi,-) - myij) (25)

i=1 j=1

Where, v is the number of folds for the cross-validation of v — folds, and m the
number of each validation subset, My, is the center of the fuzzy output value observed,

My (x,; 1S the estimated fuzzy model midpoint of all learning data.

The objective is to select the optimal hyperparameters. Also to optimize the physical
form of the vehicle, therefore, that it should be reserved during the optimization
process.

5. Analysis of experience

To validate the feasibility and effectiveness of FSVRNET on the identification quality
in a VANET environment, an experimental study is conducted through a multi-entry
system. In this application, the dataset, composed of 100 samples. The size of the model
is assumed to be known.

o] 1I0 2IO 13'0 4IO . 5IO GIO 7I0 SIO QIO
Figure 1: Multivariable model obtained by UPSO-FSVRNET (Model 1)

Generally, and as assumed in most identification methods, the model obtained is
validated on a test set. If the identification data very small amount, it is possible to use
statistical validation tools. First, a linear system of the form:

N
?=f)=B® Z W, (x; — shift,) (26)

From the used data, it is clear that all the inputs are between 0 and 1. Therefore, first of
all, the selected offsets are defined by shift; = 0,i = {1, 2,3, 5}, and shift, = 1.

We now apply our proposed PSO/UPSO-FSVRNET approach to this dataset. First, we
consider a fuzzy model of the form 40 (Model 1) and we use the RBF (Radial Basis
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Function) kernel to map the input data into the characteristic space. The model obtained
(Model 1) is illustrated in Figures .2.

16

g TS
K ‘NM VWA W

20

T T T T T T T
o 10 20 30 40 j 50 60 70

Figure 2: Model obtained by the linear approach (Model 1)

We pass to the task of validating this model obtained using the test data (cf. Annex-1).

To do this, we must calculate the measure MAPE, and MAPE; (these equations are for

triangular fuzzy models) as follows:

N
X 100 (27)

1
MAPE =—z
N -

=1

With m,, is the midpoint of the true fuzzy output, m,,, is the midpoint of the
estimated fuzzy regression model.

Mp(x)) — My,
m

Vi

Mf(x) — My,

MAPE; = x 100 (28)

myj
We have gathered the MAPE; measurement for each test data, and also the MAPE error

of all the test data, and for all identification data. For trapezoidal models, the MAPE
measure can be calculated from the follows equation:

1 N
MAPEz—Z
N 4

i=1

Mg,y — My,
%y x 100 (29)

Vi

With Ms £ is the modal value of the support of the estimated fuzzy output

(prediction), and m,,, is the midpoint of the observed output. The MAPE; is calculated
as follows:

Msrxpy ~ My

MAPE; = ‘ x 100 (30)

myj
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Table 1: Test on validation data for model-1 by the linear technic.

—

j y Mgy MAPE; (%) Y
1 | 1.3915 | 1.5300 | 9.9503 [0.2675, 1.8734]
5 | 1.1886 | -0.0340 | 102.8584 | [-1.9941, 0.4201]
26 | 1.7484 | 2.2275 | 27.4029 [1.6781, 2.9302]
32 | 2.3165 | 2.0436 | 11.7818 [0.5660, 2.9745]
34 | 5.1463 | 5.6391 | 9.5763 [3.8384, 5.7367]
41 | 2.2748 | 2.7977 | 22.9880 [1.4329, 3.4925]
67 | 1.4327 | 0.4190 | 70.7555 [-1.3283, 1.3375]
93 | 2.7117 | 2.4326 | 10.2926 [1.5477, 3.5363]

MAPE (test data) 35.0011

MAPE (identification 14.3083

data)
18
16 - |
14 ‘ i"
12 ‘ ‘ !
10—: M“ ‘ 1 ’ ,‘ ‘ | ‘

>—8 - s‘. \ "\ "‘ k ‘ l | | A ‘
Sl AR \ Wik vAL7a ’
a1 I . ’ i
2 [t
o ] T T T T T T T T

0 10 20 30 40 j 50 60 70 80 90

Figure 3: Multi-entry model obtained by UPSO-FSVRNET (Model 2).

Practically, the choice of structure is made by empirical considerations, which consist
in trying several structures and accepting only the one that gives the best performance.
Thus, it is possible to incorporate a technique for identifying the structure of the model
before using our method.

The model to be identified is therefore of the form:
Y =f(x) =B+ W.(x1.x2) ® Wyx3 D Wy (x3.x4) D W, (x5)? (31)
The obtained models using the proposed method is shown in Figures 6.
6. Conclusion
In this paper, we have presented two types of methods applied in the identification of a

fuzzy regressive model in a VANET environment. One is to minimize a linear criterion
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or quadratic depending on the observed data and/or the measured outputs, this is the
conventional approach, while the other amounts to minimizing a criterion completely
independent of the latter, it is the fuzzy support vector regression (FSVRNET). It should
also be noted that if one wishes to obtain a possibility model, which respects the
complete inclusion of the data in the predicted output, the minimization must be done
under constraints in all cases, and as the complexity of a problem in linear optimization
IS less important, it makes more sense to use the proposed linear approach. Also, in this
work, we proposed a new contribution of the identification of fuzzy regressive models
based on the method of FSVRNET with unsymmetrical triangular fuzzy numbers and
unified particle swarm optimization (UPSO), this new method was tested in two
illustrative monovariable examples, then applied it to a noisy multi-input dataset.

Our evaluation was limited to a study of optimal identification performance and hyper-
parameters for the two multi-input models studied. However, we did not evaluate the
real-time performance of the entire system. Several perspectives are possible, such as
the proposed approach being developed with the assumption that the proposed
identification model uses all the necessary information from the different entities of the
VANET network. The definition of the view of the network to be shared and how it
will be shared, as well as the operating mode for exchanging data between the different
actors of this system, can constitute a first architectural perspective. On the other hand,
the definition of the East-West interface (defining the messages exchanged between the
entities of the VANET network) taking into account the mobility constraints of the
nodes represent a second architectural perspective to be explored. Taking a dynamic
approach to smart identification holds great promise.
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