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Abstract—Vehicular Ad Hoc Networks (VANETs) have at-
tracted the interest of many researchers all over the world. With
advances in technologies in wireless networks, vehicles will be
able to communicate with each other and roadside units (RSU),
to exchange road and traffic information. VANET and many
other applications demand a real-time, accurate position of a
vehicle; highlighting the importance of accurate localization. A
number of methods and protocols have been proposed to fulfill
this requirement, However, they have not attained high location
accuracy required for VANET safety applications.

We propose two new localization methods that assist vehicles
in estimating their positions: 1) weighted localization (WL)
using signal to interference-noise ratio (SINR) obtained from the
exchange messages, and 2) weighted localization using SINR and
distance between the neighboring vehicles (WLD). Our methods
expand the concept of centroid localization (CL) by assigning a
weight to each of the neighboring vehicles’ coordinates, based on
SINR values and the distance. We develop a simulation program
to evaluate our methods against CL and relative span weighted
localization (RWL). Our simulation results show that WLD
demonstrates a better performance with less average location
errors than CL and RWL in varying of densities

Index Terms—Localization; Centroid Localization; Weighted
Localization; V2V-Based Localization; VANET.

I. INTRODUCTION

In VANET, vehicles communicate with each other via
vehicle-to-vehicle (V2V) or with road infrastructure via
vehicle-to-infrastructure (V2I). Currently, VANET is a major
component of the intelligent transport system (ITS) whose
goal is to provide safety and a pleasant driving experience for
both drivers and passengers. Safety applications are crucial
to VANET due to their impact in reducing accidents and
saving lives. However, these applications require a real-time,
accurate position of vehicles, creating a need for an accurate
localization method that determines the exact physical location
of the vehicle. For this reason, a number of methods and
protocols have been proposed to fulfill this requirement. For
instance, the most popular method for localization is GPS;
other techniques include Geographical Information System
(GIS), Dead Reckoning (DR), Cellular Phone Technology,
V2V-based localization, and V2I-based localization. However,
all of these techniques have their advantages and disadvan-
tages, affecting localization accuracy. In practice, GPS signals
can easily be blocked or interrupted with obstacles such as

high buildings, tunnels, forests, and even electronic interfer-
ence by a different satellite. Therefore, vehicles traveling in
areas where obstacles persist are likely to encounter GPS
outages. Moreover, observations have shown that GPS errors
are propagated between receivers in the same location [1].
One of the proposed solutions to overcome GPS outages
and errors, is to combine GPS with V2V communication.
This solution takes advantage of using V2V communication
to construct a local map of the vehicle and its neighboring
vehicles. Location accuracy is improved by allowing each
vehicle to exchange messages (beacons) that include position
and other information, which assists the vehicle in determining
its position. This technique was originally used in Wireless
Sensor Networks (WSNs), and more recently in VANET [2]
[3] [4] [5] [6] [7] [8] [9] [10]. Many of the proposed solutions
depend on the assumption that the absolute distance between
the two vehicles can be determined using received signal
strength (RSS). However, the accuracy of such estimation
depends highly on the surrounding environment.

In this paper, we study the use of centroid localization (CL)
in VANET, where a vehicle’s position can be estimated based
on the location of its neighboring vehicles. We also propose the
use of weighted centroid localization (WCL), which estimates
the location of the vehicle based on the weighted coordinates
of neighboring vehicles. Using signal to interference-noise
ratio (SINR), which is obtained from the exchanged messages
(beacons), each neighboring vehicle is assigned with a weight.
Vehicles that are close will have a higher SINR value, and
thus will have a greater weight. Vehicles with a lower SINR
value will get a lesser weight. We further propose the use of
distance, along with the SINR value, in assigning weights for
each neighboring vehicle. We evaluate the proposed methods
with a variety of densities and compare the obtained results
with CL the relative span weighted localization (RWL) [2].
We find that using distance along with SINR achieves better
results.

The remainder of the paper is organized as follows. In
section II, we present related work in V2V-based localization.
In section III, we outline centroid localization. In section
IV, we introduce our proposed methods. We evaluate the
performance of our methods in section V and section VI
concludes the paper.
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Fig. 1. V2V-Based Localization

II. RELATED WORK

Using V2V-based localization, each vehicle can estimate its
location in relation to other neighboring vehicles. Figure 1
demonstrates how a vehicle can determine its location using
location information from its neighboring vehicles (vehicles
within its transmission range).

The existing schemes in V2V-based localization are based
on the following techniques: trilateration method, fusion tech-
nology using Kalman Filter (KF), geometric pattern matching
technique, and weighted average mechanism.

In [3], [4] and [5] trilateration method is used to estimate the
location of each vehicle using the exchanged location informa-
tion from neighboring vehicles. However, the accuracy of the
estimated location relies heavily on the number of neighboring
vehicles. Moreover, the noise in radio signals is not taken
into account. In fact, [3] requires at least three neighboring
vehicles with known location information to determine the
location of a vehicle, a constraint that cannot be guaranteed
in a VANET environment where mobility and topology are
rapidly changing.

[6] and [7] adapt the use of fusion technology using
Kalman Filter (KF). In [6], an algorithm called Inter-Vehicle-
Communication-Assisted Localization (IVCAL) is proposed,
which integrates the inter-vehicle distances with motion infor-
mation and GPS measurements, to improve vehicle location
estimates in multipath environments. In this technique, a
Kalman Filter (KF) is integrated with an inter-vehicle commu-
nication system to produce more accurate estimates, by taking
into account the noise in the radio signal. However, the author
has mentioned some unresolved issues such as lack of ade-
quate neighbors with the best location estimates, and the long
period of GPS outage, that will definitely affect localization
accuracy. [7] improves location accuracy by using Extended
Kalman Filter (EKF) and Particle Filter (PF). However, the
authors have indicated that in order to increase the accuracy
of the location, the cost of computational resources will also
increase. While resources are not an issue in VANET, high
mobility and varying vehicles speeds require a localization
method that is fast to compute.

[8] uses the geometric pattern matching technique in
the proposed method, Grid-based On-road localizaTion sys-
tem (GOT). In their system, a signal accepting a threshold
value and two fuzzy geometric relationships are introduced
to address the issues when the network is sparse. However,
the accuracy of the proposed system depends highly on the

number of vehicles with a GPS signal and the threshold value.
The weighted average mechanism is originally formulated

from CL, which computes the location of a vehicle by averag-
ing the coordinates of neighboring vehicles. Weighted centroid
localization (WCL) [11] extends CL by introducing a weighted
coefficient to the coordinates of the neighbors. More details
about CL are given the next section. WCL is employed in
[9], [10] and [2]. In VLOCI and VLOCI2 [9] [10] algorithms,
each vehicle collects location and distance information from
its neighboring vehicles and calculates a new estimate position
using a weighted average function. Weight is assigned based
on distance information of the neighboring vehicles. The
accuracy of location estimation is based heavily on vehicle
density and the distance measuring error. In addition, the
authors did not consider the mobility of the vehicles, which is
an important factor in a VANET environment. [2] introduces
the concept of relative span weighted localization (RWL)
where location is estimated with minimum information from
the neighboring vehicles. The weighting function uses the
received signal strength (RSS) value within the span of all
RSS values obtained from received messages (beacons). In
this method the minimum RSS vmin and the maximum RSS
vmax are defined based on the measured RSS values from
received messages. Then RSS span is calculated as follows:

v∆ = vmax − vmin (1)

and the weight wi is computed as shown below:

wi =
vi − vmin

v∆
(2)

Our proposed methods are similar to [2], however, we do
not consider just the received signal strength. We also take
into account the noise and interference that may affect the
strength of the radio signal in the estimation of the location,
in a VANET environment.

III. OVERVIEW OF CENTROID LOCALIZATION

Centroid localization is a popular range-free localization
scheme that is used in Wireless Sensor Networks (WSN).
CL has attracted WSN researchers due to its simplicity, low
complexity, and robustness to changes in WSN environment
[12] [13]. CL’s characteristics makes it a suitable candidate for
VANET that requires a reliable, fast technique of localization
(due to high mobility and dynamic topology).

In CL, the location of a node can be estimated from the
location of its neighboring nodes. The node with an unknown
location will receive beacons from neighboring nodes, which
contain position information. The node will then calculate its
position as a centroid of all the received neighbors positions.
The intersections of the transmission range of neighboring
nodes are used to construct areas in which the node with an
unknown location can be localized [13]. Figure 2 shows how
node A can use centroid localization from its four neighboring
nodes.

In this paper, we use lest= (xest ,yest) to denote the
estimated location and li= (xi ,yi) to denote the location of



Fig. 2. Centroid Localization

the neighboring nodes. Therefore, given a set of neighbors n
with locations li, the node’s estimated location lest can be
calculated from the centroid using equation 3:

lest = (

∑n
i=1 xi
n

,

∑n
i=1 yi
n

) (3)

The main advantage of using CL is its simplicity and ease
of implementation. However, the main issue with this method
of localization is that it assumes all neighboring nodes to be
of equal distance from the node with the unknown location.
Therefore, [11] proposes an improvement to the centroid
localization method by introducing the use of weights. WCL
aims to improve the accuracy of the location by assigning
higher weights to neighboring nodes that are closer to the
node with the unknown location. The formula used in WCL
is as follows:

lest = (

∑n
i=1 wixi∑n
i=1 wi

,

∑n
i=1 wiyi∑n
i=1 wi

) (4)

Since weight and distance are inversely proportional, where
shorter distance has a higher weight than a longer distance,
wi can be expressed as:

wi =
1

(di)g
(5)

where di is the distance and exponent g is the degree that
influences the impact of the neighboring node, in the location
estimation of the node. However, the value of g depends highly
on experimentation.

IV. PROPOSED LOCALIZATION METHOD

Our proposed methods are based on CL. However, to get an
accurate location estimate, all neighboring vehicles must be of
equal distance from the vehicle. In VANET, such assumptions
cannot be guaranteed. Therefore, we adapted the use of WCL
to improve the accuracy of the estimated location.

In VANET, there are several factors that affect signal
strength, for example, natural power dissipation, presence of
obstacles, and existence of multiple paths [14]. Therefore, a

Fig. 3. Proposed Method

localization method should take into consideration all these
different factors. We propose the use of signal to interference-
noise ratio (SINR), instead of using RSS to calculate the
weight in WCL, so that noise and interference that may affect
the strength of the radio signal is considered in the estimation
of the location. We also propose to use distance with SINR
for WCL weight calculations. Below is the basic description
of our proposed localization methods.

1) Each node in the network periodically broadcast beacon
messages

2) Each node assigns a weight to all of its neighboring nodes
using equations 7 and 13

3) Each node estimates its location using WCL equation 4
Figure 3 provides a summary of the description.
Next, we discuss the calculation of the weighted localization

(WL) and weighted localization using distance (WLD).

A. Weighted Localization (WL)

When a node receives a message from its neighboring
nodes, it calculates the SINR value to estimate the quality
of the link, using the following equation:

SINR =
S

I +N
(6)

where S is the received signal power, I is the cumulative
power of interfering signals and N is noise power [14]. Just
as in equation 2, span SINR is calculated and a new weight
is defined as follows:

wi =
SINRi − SINRmin

SINR∆
(7)

where SINR∆ is obtained from the calculated values of
the neighboring nodes’ SINRs:

SINR∆ = SINRmax − SINRmin (8)



B. Weighted Localization using Distance (WLD)
Knowing the distance between nodes will definitely increase

the accuracy of the localization method. Measuring RSS is
used to obtain or estimate the distance between nodes [11].
According to Friis free space transmission, RSS decreases as
a quadratic power law of distance [14]. The power of the
received signal Pr can be determined using the following
formula:

Pr =
PtGtGrλ

2

(4π)2d2L
(9)

In equation 9, Pt is the transmission power of the sender,
λ is the wavelength, d is the distance between the sender and
receiver, Gt and Gr are antenna gains, and L is the system
loss factor which is not used in transmission. We set Gt=1 ,
Gr=1 and L=1 as defaults. The wavelength λ is calculated as
follows:

λ =
C

f
(10)

where C is the speed of light in vacuum (299,792,458
meters per second) and f is the frequency. Equation 9 gives
us the power in watts. To obtain the power in decibels (dB),
we use the following equation:

Pr(dB) = Pt(dB) + 10log10(
λ2

(4π)2d2
) (11)

Using equation 11, we can derive and calculate the distance
as follows:

d =

√
λ2

16π210
Pr−Pt

10

(12)

Knowing the SINR value from 6 and using the calculated
distance from equation 12, the new weight is defined as:

wi =
SINRi

di
(13)

V. PERFROMANCE EVALUATION
To evaluate the performance of our proposed localization

method, we used network location error [9].
Definition 1: Location error (LEv) is the error between the

actual location and the estimated location for each vehicle vi
in the network of N vehicles. LEv is defined as follows:

LEvi =
√
(xiest − xiact)2 + (yiest − yiact)2 (14)

Definition 2: Average location error (ALE) is the average
of every vehicle’s average location error. Using the location
error (LEv), the ALE can be formulated as follows:

ALE =

∑N
i=1

√
(xiest − xiact)2 + (yiest − yiact)2

N
(15)

or

ALE =

∑N
i=1 LEvi

N
(16)

Fig. 4. 3x3 Manhattan Grid Road Network

TABLE I
BEACON MESSAGE CONTENTS

Information Data Type Size (bytes)
Position (x , y) (Double , Double) (8 , 8)

SINR Double 8
Distance Double 8

RSS Double 8

A. Simulation

We simulate scenarios of different vehicle traffic densities
using ns-3.19 [15] and SUMO [16]. The road network uses
a 3 x 3 Manhattan Grid as shown in Figure 4 with an edge
length of 1000m, where distance between any two neighboring
intersections is 500m. Currently, ns-3 does not have the ability
to import map information from OpenStreetMap.org [17] or
TigerMaps [18]. Therefore, we use the Manhattan mobility
model to simulate the movement of the vehicles in urban areas.

Vehicle movement uses Intelligent Driver Model and vehicle
speeds are computed using the car-following model. A vehicle
speed adapts to the speed of the leading vehicle. These
vehicles are randomly distributed and routes are randomly
generated. Mobility traces of these scenarios created with
SUMO, are then used by ns-3 to generate node mobility.
The network simulation is set up to have an active period
of 1800 seconds (30 minutes). During this active period, each
node will broadcast a beacon every second. The content of
these beacons is summarized in Table I. The data size of each
packet is 40 bytes. Signal propagation is modeled with two-ray
ground propagation. We used the WAVE model [19] which is
the overall system architecture for vehicular communications
in ns-3, and transmission range is set to 250m. We use
IPv6 layer 3 addressing. We compare the performance of our
proposed methods with centroid localization and relative span
weighted localization. The results of our performance analysis
and comparisons are discussed in the following section.

B. Results

Figure 5 plots the average location error, which is calculated
using equation 15, for each of the methods. We find that higher
densities consistently yield greater location accuracy. However,
with weighted localization, the higher the density (150, 200),
the higher the location errors are which results in a larger



Fig. 5. Average Location Error by Number of Vehicles

amount of noise calculated. In ns-3 [20] the calculation of the
SINR involves the calculation of interference noise, obtained
by summing the energy of all the other signals received on
the same channel. Therefore, a larger number of densities will
result in higher signal noise, affecting the calculation of the
SINR and the weights used in the first proposed localization
method. However, WLD results in a more accurate location
that consider noise and interference which may affect the
strength of the radio signal. Although the performance of the
WLD and RWL are quite close in different node densities,
WLD performs better especially in very sparse and highly
dense networks. As expected, CL got the highest location
errors in different densities compared to the other methods.

VI. CONCLUSION

Centroid localization (CL) is very popular in WSN due to
its simplicity and fast calculation. In VANET, vehicle speed
and topology change rapidly due to this high mobility. There-
fore, we extend the concept of weighted centroid localization
(WCL) by introducing two different weighting mechanisms.
First, we use signal to interference-noise ratio (SINR) for
weighted localization (WL), and second, we add distance
along with SINR in the weight calculation to get weighted
localization using distance (WLD). We test our proposed
methods and compare them to CL and relative span weighted
localization (RWL). Results of our proposed methods have
shown improvement in location accuracy as density increases.

Future direction for this work involves adding more in-
formation about the surrounding environment (e.g. maps), as
well as more information about the neighboring vehicles (e.g.
speed, direction) to further improve location accuracy of our
proposed method.
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