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Abstract—Vehicular ad-hoc networks (VANETS) are considered
to have an enormous potential in enhancing road tiffic safety

and traffic efficiency. Socio-economic challenges,network

scalability and stability are identified among themain challenges
in VANETSs. In response to these challenges, this par proposes
a novel user-oriented Fuzzy Logic-based k-hop distiuted

clustering scheme for VANETS that takes into consigration the

vehicle passenger preferences. The novelty elemeéntroduced is

the employment of Fuzzy Logic as a prominent playein the

clustering scheme. To the best knowledge of the duars, there
are no Fuzzy Logic-based clustering algorithms degned for
VANETs. Simulation-based testing demonstrate how #
proposed solution increases the stability of vehid¢ar networks,

lifetime and stability of cluster heads compared toboth the

classic LowestID algorithm and an utility function-based
clustering scheme previously proposed by the samethors.
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l. INTRODUCTION- TOWARDS THE NEXT GENERATION OF
IN-CAR INFOTAINMENT SYSTEMS

Vehicular ad-hoc networks (VANETS) are considered
have an enormous potential in enhancing road ¢rafdifety
and traffic efficiency. Therefore various governitsemave

launched programs dedicated to the development arlp

consolidation of vehicular communications and nekivay [1]
and both industrial and academic researchers ateesging
many related challenges, including socio-economieso
which are among the most important [2].

Socio-economic challenges
infrastructure needed for the deployment of VANBIusons
and the market penetration of vehicle-to-vehicleVy and
vehicle-to-infrastructure(V2I) communication teclogies.
Two solutions were proposed for the latter probtaat either
enforce a regulative order, or deploy attractivpligations in
order to advertise the added value of the techiydlbgWhile
it appears credible that in the future the govemsewill
impose the adoption of the V2V and V2l communiaatio
technologies for new vehicles through regulatibere will be
long periods of time during which the penetratiaterof these
technologies will be very low (e.g. in USA alonenitll take
more than 10 years to acquire 100% penetrationifrateew
technology will start to be deployed on vehiclesvhfi].

—

include the cost of th

In this context, the deployment of attractive apgtions
based on V2V and V2| communication technologieshsas
VANET-based in-car infotainment applications, appea be
the best solution to fasten the market penetratibrthese
technologies. Several steps towards this new ggaeraf in-
car infotainment solutions have already been midamples
include a VANET-based decentralized mechanism fee f
parking place discovery [3], green vehicular rogtsolutions
[4], [5] and video streaming solutions over VANE[E, [7].
Based on the consideration that smart applicatioasprovide
personalized content to vehicle passengers acaptdirtheir
interests are most attractive in-car applicatioves,proposed a
user-oriented solution for multimedia content deliv over
VANETS in [8]. This solution supports various valadded
services in the vehicles, e.g. touristic video guighews,
entertainment. For instance, a group of friendsimg around
a touristic area can have their car on-board wtitag a live
touristic guide, playing video previews of the attions in
that area. Specific to our solution proposed inig8an utility
function-based k-hop clustering scheme that growgiscles
around cluster heads (CH) selected to have thesitipo,
velocity and interest in the most popular contelosest to
most vehicles in the k-hop same direction neighbodh
Making use of an utility function is not the beppeoach to
ndle linguistic knowledge like “closest positionr” “closest
velocity” to those of other vehicles. This obseimatlead to
the proposal of thenovel user-oriented k-hop clustering
scheme for VANETs based on Fuzzy Logijcpresented in
this paper. Fuzzy Logic is unique in that it iseabd handle

doth numerical data and linguistic knowledge [#] alddition,

Fuzzy Logic approaches in real-time systems haven be
demonstrated to be very efficient [9] (e.g. Fuzpgic cruise-
controllers deployed in Nissan and Subaru vehidé}). To
the best knowledge of the authors the employmerfuaizy
Logic as a major player in the clustering schemie/faNETs
is highly novel. Complex simulation-based testitmpw the
proposed solution increases network stability imparison
with Lowest ID [11], a state-of-the-art clusterigglution, and
the utility function-based clustering solution pogpd in [8].
This paper is structured as follows. Section llcdsses
related works and section Ill presents in detdiks proposed
Fuzzy Logic-based clustering scheme. Section [Vsgmts
testing results and conclusions are drawn in tsieslaction.
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Figure 1. FLC structure

In the literature, there
clustering solutions designed for VANETs. Lowest iDa
state-of-the-art clustering algorithm in ad-hocwwks and
was borrowed in VANETs from the area of Mobile Adeh
Networks (MANETSs) [11]. Although its principle isewy
simple, it is a very efficient algorithm, more efént than
other clustering schemes (e.g. Highest-Degree [thH) take
into consideration more parameters [12]. Lately,wne
clustering schemes that consider more VANETSs-sjecif
characteristics were proposed. Many of them ardtyuti
function-based [8], [12], [15] or weight-based [L[]3], [14],
while others are employing concepts like Euclidéeéstance
[16], affinity propagation [17] or similarity in th mobility
patterns [18]. To datethere are no Fuzzy Logic-based
clustering schemes designed for VANETsw~vhich make use
of VANET-specific characteristics. Fuzzy Logic was
employed in the design of a learning mechanisnpfedicting
future vehicle speed and position in a VANET spedaifuster-
based MAC protocol [13]. However, Fuzzy Logic doest
play the main role in clustering, the solution sutisng to the
weight-based clustering solutions. Also, there fawe Fuzzy
Logic-based clustering schemes proposed in MANEY, [
[20], [21]. Although VANETSs represent an instantat of
MANETSs, they have unique features such as unlimite
transmission power, higher computational capabilégd
higher mobility, but predictable due to the roaftdstructure.
These features make the MANET solutions mentiori€, [
[20] unsuitable for VANETs as they are focused dwe t
transmission power conservation, a very delicagudsin
MANETSs, but not an issue of importance in VANETS. |
addition these works do not take into consideratioportant
characteristics of VANETSs that subscribe to thedjmtability
of the mobility, such as direction of travel.

RELATED WORKS

is a considerable numbér o

addition, the high mobility of the vehicles imposgsbility
issues in VANETSs. Clustering addresses these isase#t
provides good system performance, a good manageameht
stability of the networks in the presence of mopiéind large
number of nodes [11].

Ill.  USERORIENTEDFUZZY LOGIC-BASED K-HOP
DISTRIBUTED CLUSTERING SCHEME

A. Overview

The proposed user-oriented Fuzzy Logic-based biged
clustering scheme organizes the vehicles into k-tlogters
according to vehicle location, direction of trawsld velocity
and passenger interests in certain informationéunt
Vehicles organize themselves into clusters aroura CH
vehicle in the k-hop same-direction neighborhooche T
eligibility of a vehicle for the CH roleCHE (CH eligibility)
score, is computed by each vehicle and then adeedrtin
“hello” messages exchanged by vehicles in the k-bame
direction neighborhood. The vehicle with the latgesiE is
the CH in the cluster. Th€HE score for each vehicle is
computed by the proposed novel Fuzzy Logic Corgroll
(FLC) deployed in each vehicle. Additionally, eaebhicle
has a location-aware component (e.g. GPS-based) aand
context-aware user model. The location-aware compion
provides information about vehicle’'s location, gpeand
direction. The context-aware user model managetheests
of vehicle passengers in certain content and stonesctor of
interests. The vector of interests of vehicleas the following
format: [oy, po.....@s --.p], where p; represents the
percentage of interest in togicLocation, speed, direction and
vector of interests are further used in computihg FLC
inputs. These inputs are average compatibility (A&erage
distance (AD) and average velocity (AV). The ruéesployed
dn the computation of the crisp values for AC, ABdaAV are
similar to those used in [8] and are presentedjiratons (3),
(4) and (5).

Each vehicle periodically broadcasts a messageairiing
its unique id, vector of interests, location andexh Based on
these messages, each vehi¢leestablishes its neighbors
traveling in the same direction, and computes darkes in a
list (N;) neighbor-related informatiofThe listN;is described in
equation(1).

The proposed user-oriented Fuzzy Logic-based k-hop Ni=1{0:Vvi.0%). [P, P2 By - RLICH)JEVE (1)

distributed clustering scheme takes into considerat
passengers’ interest in a certain information/cantecation,

velocity and direction of travel. It represents esponse to
both problems mentioned in the socio-economic ehgks in

VANETs. Clustering and especially multi-hop clustgr

increases the transmission distance between-gioled units

(RSUs) and the vehicles. This leads to a cost-&fkec
infrastructure as less RSUs need to be deployed.

In addition, other main challenges in VANETs such a
network stability and scalability [2] are addresséthlike
most ad-hoc networks that usually assume a linmiketsvork
size, VANETs can be extended on the entire roaevorét
which involves a potentially great number of veliobdes. In

Where V,; is the set of id-s of same-direction k-hop
neighbors of vehiclg vjis the velocity of vehiclg (x;, y) are
the coordinates of the positions of vehigland IG is the
interest compatibility between vehicieand vehiclej. IC; is
measured by applying cosine similarity between the
vector of interests associated with vehicland vehiclg as
presented in equation (2).

Yh=1PikDjk

n 2
k=1Pik 2

ICi; = @(i,j) = (2)

?n:lpjz'm
AD; is defined as the average absolute distance between
vehiclei and its neighbors from; and is described in equation (3).
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where &, ¥), (%, ¥) are the coordinates of the positions of

vehicles andj, respectively.
AV;is defined as the average of the differences betwree
velocity of the vehiclé and those of its neighbors frawa

4

In equation (4),v;, v; represent the velocity of vehicle
and vehiclg, respectively.

AC;is defined as the average of the interest comjiiébi
computed for vehicleand each of its neighbors frdw

AG= 2 (5)

INi|
In equations (2), (3), (4) and (3)takes thevalues of all ids
from N, and N is the cardinality oR;.

Xjlvi—vjl

AV, =
INi|

B. Fuzzy Logic ControllerDescription

This section presents a detailed description of Rh€
specific to our proposed solution. The structurethef FLC,
presented in Figure 1. , includes Faizzifier an Inference

x—a

,a<x<m
m-a

b_
x,m<x<b
-m

O’

H(CHE) = {(a, b, ¢)| a, b, c are the coefficients Feq; '~
?G%é‘%v ?G%‘mv ?GWW, ?@mvm }={(-=, 0, 0.25), (0, 0.25, 0.5),
(0.25, 0.5, 0.75), (0.5, 0.75,1), ( 0.75,48)} (11)

Inference Engine maps the input fuzzified values to the
output Fuzzy set described by the output membefshigtion.

The mapping is done based on the “IF-THEN" rulestaimed
in theKnowledge Rule Base and described in equation (12).

#7 IF AC is 7., AND AD is7.,' AND AV is 74
THEN CHE is %oy’ (12)

(10)

Mtriangular =

otherwise

where % is the index of the rule in thénowledge Rule
Baseand ?Aé, ?Mﬂ, Sfmﬂ, ?@mﬂ andgﬁare the corresponding
Fuzzy sets oAC, AV, AD andCHE, respectively (Figure 2.).

Defuzzfier takes the Fuzzy set given as output by the
inference process and transforms it in the cridpevaf CHE.
The defuzzification is performed based on the céhtmethod
which is used in the Mamdani Fuzzy Logic contralf23].

Engine aDefuzzifierand aknowledge Rule Basend is typical

. ) Linguistic Variables Fuzzy Sets
for a Fuzzy Logic controller. The design of thegmeted FLC Average {Low (F ac™), Medium @ 1), High
is a trade-off between accuracy and reduced cortiputa Compatibility ‘ “ ©
complexity and follows design principles from [9hca[22]. (AC) (Faac N
Next paragraphs summarize the design of each ofFti@ i '”p_“tt_ Average {Low (F 2™, Medium (F 4™, High
components. e | Velocity (AV) (F ™)

Fuzifier takes the crisp values AC, AD andAV as inputs (Low (Fa0™), Medium & 4™
and gives as output their corresponding Fuzzy degt _Average A
membership based on the defined membership fursctibine Distance D) High (F a0 )}
membership functions 0AC, AD andAV are trapezoidal and| (Very Low (Fee ' ), Low(F cae’),
they are described in equations (6), (7), (8) @&)dwhile the "ngu?stic CH Eligibility Medium@ aie™), High(F ens™), Very
membership function o€HE is triangular and is described i yariaple (CHE) T e
equations (10) and (11). Trapezoidal and triangular HighF cwe )}
membership functions were used for the input/output Figure 2. Input/Output Linguistic Variables

parameters due to their suitability to real-timetegns as they
have reduced computation complexity (in specidhancase of
triangular membership functions) [9].

(ﬂ, a<x <bh

b—-a
1, b<x <c
Htrapezoidal = Jd_ (6)
d_—:' c<x <d

0, otherwise

H(AC) = {(a, b, c, d)| a, b, c, d are the coeffidi for
Fuls, Fad, Fud™ = {(-», 0, 0.2, 0.4), (0.2, 0.4, 0.6, 0.8),
(0.6, 0.8,1p0)} (7)

H(AV) = {(a, b, c, d)] a, b, ¢, d are the coeffit for
?A’er ‘?;‘GgﬁMa ?A“’VW} = {(-OO, 0! 02\41&1)0 O4Vna>aa (01 02\416)0
0.8Vnax Vinaws (0.6 Vhax 0.8 VhasVinaw )} (8

K(AD) = {(a, b, c, d)| a, b, ¢, d are the coeffitie for
Far’y Fav”'s Faw” } = {(-0, 0, 0.26has 0.40ha), (0, 0.26hax
0.80nax% Gmays (0.60hax 0.8 Ghaw Chnaw )} 9

IV. TESTINGRESULTS

The proposed Fuzzy Logic-based clustering schemg wa
tested through simulation. For this purpose, a semulation
platform was designed by coupling iTETRIS [24], @pen-
source simulation platform used in vehicular neksprand
Octave [25], an open source tool that has supporfFtizzy
Logic.

A. Performance Metrics

To evaluate the performance of the proposed claster
scheme, three performance metrics were used.

The first performance metric used is the Mean CH
Lifetime (MCHL) which is a very popular metric enopkd in
the evaluation of the CH-based clustering algorghm
performance [17]. The importance of CHs lifetimeliscial as
usually CH is the main controller and content famea in the
CH-based clustered networks.

The second performance metric used is the Mean CH
Stability (MCHS) that is defined by the equatioB).1
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MCHS = (13)

be seen how MCHL is 37.3% longer in the Fuzzy Lduased
solution than that of the Utility Function-basecheme and

_In (13), n is the number of clusters formed during the7 7504 |onger than that of the Lowest ID solution2 lanes.
simulation periodTs and ¢; represents the number of changesgy, 4 lanes, the benefits are 19.2% and 40.4%gotisgly.

of CH in clusteri. MCHS is an indicator of both CH and
network stability.

The results in terms of the MCHS metric for 2 larbews

that the CHs selected by the Fuzzy Logic-basedritigo is

The third performance metric is the Mean Number ofith 29 396 more stable than the CHs selected byUtility
Clusters, a common metric that is a measure of OW&W £ nciion-based algorithm and with 29% more stahém tthe

stability [17]. When there are fewer clusters, &etietwork
stability is obtained.

B. Comparison-based Performance Assessment

The performance of the proposed Fuzzy Logic-based 5

clustering scheme is compared to the performancettodr
two CH-based clustering schemes. One is the sfatieeoart
clustering algorithm, Lowest ID [11], which is pidly the
best known in the area of ad-hoc networks. Itsgiple is very
simple. The nodes have assigned a unique fixedhidhwis
broadcasted periodically in the network. The clisstare
formed around the node with the lowest id amongntiéich

is chosen as CH. The other clustering scheme used f

comparison is the Utility Function-based clustersmution
that the authors proposed in [8].

C. Simulation Setup and Results

The values of the main parameters used in the atioal
are summarized in TABLE I.

TABLE I. THE VALUES OF SIMULATION PARAMETERS
Parameters Values
Network topology Grid
Number of hops 2
Transmission rang@a, 250m
Vehicle's maximum speedifay) [30km/h — 70km/h]
Drivers imperfection(sigma) 0.5
Number of bi-directional lanes {2, 4}
MAC protocol IEEE 802.11p
Vehicle information message 800 bits
Simulation time 300s
100 7 -
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Figure 3. Mean CH Lifetime vs number of lanes

The first set of simulation results are focused tbe
analysis of the performance metrics versus the runub
lanes. The maximum speed of the vehicles considee=d50
km/h and the number of lanes is varied betweend24arThe
results of the simulation tests (Figure 3. , FigireFigure 5.)
demonstrate that the performance of the proposezzyFu
Logic-based clustering scheme overcomes the pesfioce of
the two algorithms it is compared against. For gxXanmit can

CHs selected by the Lowest ID. For 4 lanes, theefisnare
56% and 70%, respectively.

N LowestID

37 ® Utility Function

Mean CH Stability

Fuzzy Algorithm

q
Number of lanes

Figure 4. Mean CH Stability vs number of lanes

The results considering the Mean Number of Clusters

illustrate that the number of clusters decreasedisigg the
proposed Fuzzy Logic-based algorithm.

= LowestID

= Utility Function

Fuzzy Algorithm

2 4
Number of lanes

Figure 5. Mean Number of Clusters vs nhumber of lanes
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Figure 6. Mean CH Lifetime vs vehicle speed
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Figure 7. Mean CH Stability vs vehicle speed



The second set of simulations is focused on thé/sinaof
the performance metrics versus the vehicles’ spéedhis
case, the number of lanes has a fixed value (X)aamed the
speed varies in the [30-70km/h] interval. The ressaf this set
of simulations (Figure 6. , Figure 7. , Figure &lemonstrate
better performance of the Fuzzy Logic-based clusger
scheme in comparison to both Lowest ID and UthHityhction-
based clustering schemes. For example, it can be kew
MCHL is 10.7% longer in the Fuzzy Logic-based solut
than that of the Utility Function-based scheme &7d7%
longer than that of the Lowest ID solution when $peed is
equal to 70km/h. For 30 km/h, the benefits are Z6&nd
39.5%, respectively, while for 50km/h the benefite 14.4%
and 33%, respectively.

1.2

1

08

0.6
LowestID

04 -
_..--—-""' i —f— Utility Function
B—Y

0.2 — —&#— Fuzzy Algorithm

a T T 1
30 50 70

Mean Numberof Clusters

Vehicle Speed

Figure 8. Mean Number of Clusters vs vehicle speed
D. Overhead Analysis

Compared to the Lowest ID algorithm, the proposedzly
Logic clustering scheme introduces additional mgssavhich
are translated into overhead. However, it is assuthat the
clustering-specific messages are exchanged viactimrol

channel (IEEE 802.11p) and this does not affect th([aM]

dissemination of data. The additional complexity amergy
consumption is not an important issue in VANETse Thility

Function-based algorithm and the proposed Fuzzyickog [15]

based algorithm have the same number of clustenegsages.

V. CONCLUSIONS AND FUTURE WORK

This paper has proposed a novel user-oriented Fuzzy

Logic-based k-hop distributed clustering schemefaNETs.
This clustering scheme considers the preferencesebicle
passengers that are going to be delivered witheobrdf their
interest. The resulted clustered network dealsebetith the
scalability and stability issues of VANETSimulation tests
demonstrate that the proposed Fuzzy Logic-basestaring
scheme achieves better network stability and irsgda
cluster head lifetime than the state-of-the-agoathm,
Lowest ID, and the user-oriented Utility Functioasked
clustering scheme proposed by the authors in [8].

Future works include a deeper analysis of the eazttand
new performance tests that also involve data dglive
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