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Abstract: The precise identification of vehicle positions, known as the vehicle localization problem, 
is an important requirement for building intelligent vehicle ad-hoc networks (VANETs). To solve 
this problem, two categories of solutions are proposed: stand-alone and data fusion approaches. 
Compared to stand-alone approaches, which use single information including the global positioning 
system (GPS) and sensor-based navigation systems with differential corrections, data fusion 
approaches analyze the position information of several vehicles from GPS and sensor-based 
navigation systems, etc. Therefore, data fusion approaches show high accuracy. With the position 
information on a set of vehicles in the preprocessing stage, data fusion approaches is used to 
estimate the precise vehicular location in the local map building stage. This paper proposes an 
efficient local map building scheme, which increases the accuracy of the estimated vehicle 
positions via V2V communications. Even under the low ratio of vehicles with communication 
modules on the road, the proposed local map building scheme showed high accuracy when 
estimating the vehicle positions. From the experimental results based on the parameters of the 
practical vehicular environments, the accuracy of the proposed localization system approached the 
single lane-level.     
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1. Introduction 

Among the requirements involved in building 
intelligent vehicle ad-hoc networks (VANETs), the precise 
identification of the vehicle positions is an important 
requirement for many automotive applications, such as 
adaptive density control, cooperative vehicle collision 
warning and ad-hoc routing protocols. As the vehicle 
surroundings become complex, the vehicle localization 
problem becomes the main concern of VANETs. 

In general, to identify the precise vehicle positions 
efficiently, the vehicle localization system consists of three 
distinct components: (1) information preprocessing, (2) 
position estimation, and (3) position refinement. Using the 
global positioning system (GPS), radio antennas or in-

vehicle and wireless network sensors, (1) the information 
preprocessing component collects GPS position 
information, the radio range measurements exchanged 
between two vehicles or the image information of the 
neighboring vehicles. The component correlates the 
position information. Based on the information available 
from the information preprocessing component, (2) the 
position estimation component calculates the estimated 
position of every vehicle using multiple position 
information. On the other hand, the accuracies of the 
position estimation techniques are not good enough for 
estimating the precise vehicle positions due to the 
erroneous GPS position information and sense data. 
Therefore, (3) the position refinement component is added 
to perform an acceptable estimation of every vehicle 
position. 

Many solutions have been proposed to improve the 
accuracy of identifying the vehicle positions [1]. One 
possible category of solutions for the precise identification 
of the vehicle positions focuses on improving the quality   
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of stand-alone information, such as GPS position 
information, and radio range measurements. Nevertheless, 
it is impossible to identify the precise vehicle positions 
using GPS or sensor only because the GPS signals and 
radio signals might be corrupted by tall buildings and 
tunnels in dense urban areas. Therefore, the good 
positioning quality from stand-alone information cannot be 
assumed in general. Another category of solutions focuses 
on combining the stand-alone information with other 
independent information. For example, to improve the 
quality of erroneous GPS position information measures, 
stand-alone GPS position information can be combined 
with additional measurements, such as the distance of the 
vehicle from the image and ultrasonic sensors. In addition, 
to improve the quality of erroneous sense data, the sense 
data and GPS position information from the ego vehicle 
can be combined with those from the neighboring vehicles 
via wireless access in vehicular environment (WAVE) 
communication networks.  

In this paper, given the erroneous GPS position 
information and sense data from the ego vehicle and 
neighbor vehicles, this study aimed to approach the 
accuracy of the estimated positions of the ego vehicle and 
the neighbor vehicles to the lane-level, where the lane 
width is 2m [2]. Therefore, every vehicle can draw a 
precise local map, where the positions of the ego vehicle 
and the neighbor vehicles within the communication range 
are identified. In addition, to avoid the costs associated 
with installing a stationary road side unit (RSU), which 
provides communications among vehicles at every 
intersection, the vehicle to vehicle (V2V) communications 
[3-5] were considered for exchanging measurements, such 
as GPS position information and sense data among 
vehicles. 

To design an efficient vehicle localization system on a 
practical V2V communication environment, the following 
were assumed: 

 
• GPS position information and sense data from the ego 

vehicle are shared with the neighboring vehicles via V2V 
communication networks [3-5]. To overcome the 
limitations of the stand-alone localization systems, the 
proposed localization system fuses the position 
information from GPS and sensor-based navigation 
system. Compared to the CAN messages forwarded by 
the 802.11p wireless communication modules, the GPS 
position information and sense data is exchanged among 
vehicles using WiFi communication modules. 
• On the load, there are vehicles equipped with communi- 

cation modules and vehicles without communication 
modules together. In many studies [4, 5], it was assumed 
that all vehicles on the load were equipped with 
communication modules. On the other hand, in real 
vehicular environments, there are vehicles with and 
without communication modules together. The 
coexistence of two types of vehicles, i.e. vehicles with 
and without communication modules, can decrease the 
performance of the previous localization systems. 
Therefore, it is important to design a vehicle localization 
system that shows the high accuracy of the estimated 
vehicle position, even under a low ratio of vehicles with 

communication modules to vehicles without communi- 
cation modules. 

Fig. 1. Comparison of the vehicle localization 
algorithms (a) Real position of vehicles A and B, (b) 
Position estimation using a well-known algorithm 
based on the Euclidean distance, (c-1) Position shift by 
the proposed position refinement algorithm, (c-2) The
estimated position from the position-shifted data 
following (c-1), where the white and pale gray circles 
represent the preprocessed vehicle positions from 
vehicles A and B, respectively, and the dark gray circle 
represents the estimated vehicle position. 

 

• The source of GPS position error, i.e., satellite, does not 
change in a local region for a short time period. 
Therefore, the difference between the errors of the GPS 
position information from a vehicle can be ignored. The 
experimental results in section VC validate this 
assumption. 

 
The main contr ibutions of  this s tudy can be 

summarized as follows. (1) To process the sense data from 
the ego vehicle and the neighbor vehicles in a unified  
manner, this paper presents a method for transforming the 
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Table 1. Terms and Notation. 

Terms Notation 

SV Set of vehicles joining at vehicle position 
estimation 

iv  Vehicle i, v  i

vehicle positions in local coordinates into those in global 
coordinates, where the local coordinate position measures 
the relative position between the sensing vehicle and 
neighboring vehicle targeted by sensors. In addition, a 
method for synchronizing time of sense data based on the 
local time of ego vehicle is presented. Therefore, the sense 
data originating from every vehicle can be processed on a 
single vehicle. (2) The vehicle position estimation problem 
was modeled into a convex optimization problem and the 
optimal solution that minimizes the influence of sensing 
errors on the accuracy of the estimated vehicle position 
was determined. (3) To minimize the influence of the 
erroneous GPS position information on the accuracy of the 
estimated vehicle positions, the optimal refinement values 
of the GPS position information from the ego vehicle and 
neighbor vehicles were determined. (4) The experimental 
results on the real vehicular environments were used to 
validate the assumption that the difference between the 
errors of the GPS position information from a vehicle can 
be ignored in a local region over a short time period.  

SV∈

( )ijLC t  
Local Cartesian coordinates of sense data
collected from vehicle i for identifying
vehicle j at time t 

( ( )ijGC LC t )  Cartesian coordinates of ( )ijLC t  converted
from local coordinate to global coordinate

( )iL t  Real position of vehicle i at time t 

( ,GPS GPSx y )  Cartesian coordinates of GPS position 

( )i tΘ  Biased GPS position error of v  at time ti

(rx, ry) 
Relative position of vehicle detected by
Sensors 

ED((x1, y1), (x2, y2))
Euclidian distance between positions (x1,
y1) and (x2, y2) 

wj
Weight of sense data collected at the 
target jv  

SWi Set of weights for the target  iv

SCi

Set of the collected sense data jc for , iv

j ic SC∈  

SSi Set of information sensed by  iv

jσ  Standard deviation of erroneous sense data
j 

PEi
Position of v  estimated by the vehicle 
position pre-estimation function 

i

PE 

To understand how the proposed position estimation 
algorithm can improve the accuracy of the estimated 
vehicle positions, consider the example in Fig. 1. In Fig. 
1(a), vehicles A and B are located on a straight road. After 
the vehicle position information from vehicle A (white 
circle) and vehicle B (pale gray circle) are preprocessed, 
the well-known position estimation algorithms estimate the 
vehicle positions (dark gray circle) based on the average 
Euclidean distance of the vehicle position information, as 
shown in Fig. 1(b). In the proposed position estimation 
algorithm, the vehicle position information is shifted by as 
much as the difference from the initial estimated vehicle 
position (dark gray circle), as denoted in Fig. 1(c-1). 
Therefore, more precise positions (dark gray circle) of the 
vehicles A and B can be estimated from the find-grained 
vehicle position information, as shown in Fig. 1(c-2). 

iPE PE∈  

PRi
Position of v  estimated by the vehicle 
position refinement function 

i

PR 
This paper is organized as follows. Section II gives an 

overview of the characteristics of the previous vehicle 
localization system. Section III describes the architecture 
of the proposed vehicle localization system. After 
describing operation of the functional blocks, which 
comprise the proposed vehicle localization system in 
Section IV, Section V shows the performance evaluation 
results. Finally, section VI concludes this paper. 

iPR PR

2. Related Work 

Previous studies on implementing the vehicle 
localization system were reviewed focusing on the vehicle 
localization technologies for improving the accuracy of the 
vehicle localization system. The vehicle localization 
systems can be categorized into stand-alone vehicle 
localization systems and data fusion vehicle localization 
systems according to whether or not to fuse data in 
estimating the vehicle positions. 

The technologies for stand-alone vehicle localization 
systems include GPS [7, 8], cellular localization [9-11], 
localization services [12-15]. Because GPS receivers are 
installed in many vehicles, the simplest solution for vehicle 
localization is to use vehicular GPS position information. 

On the other hand, as the vehicular surroundings are 
complex, the GPS satellite signals and sensing signals can 
be corrupted by urban environments, such as tall structures 
and tunnels. In addition, GPS causes inaccurate position 
estimation in complex urban environments because GPS 
receivers are not always available and have a localization 
error of deviation around 10m to 30m [1]. Therefore, 
stand-alone GPS [7, 8] is used only in automotive 
applications that do not require an accurate estimation of 
the vehicle’s position. 

∈  

 
 

Based on the communications between mobile phones 
on vehicles and the mobile cellular infrastructure, the 
cellular localization [9-11] can also be used to estimate the 
positions of the vehicles in most urban environments. 
Using the strength of the received signals, so-called 
received signal strength indicator (RSSI), derives the 
distance to the base stations based on the time of arrival 
(ToA) or time difference of arrival (TDoA), which is the 
difference between the times from the leaving of a single 
signal from a mobile phone to the arrival at a single or 
multiple base stations. Given the distances from the mobile  
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Fig. 3. Functional blocks of the proposed vehicle 
localization system and the overall operation, where 
two gray squares indicate the target research area in 
this paper. 

 

Fig. 2. System architecture of an embedded board with
V2V communication modules. 

 

phone to at least three base stations, the position of the 
mobile phone can be calculated. On the other hand, the 
average localization error of cellular localization, between 
90m and 250m [11], is normally larger than that of GPS 
because the accuracy of cellular localization is affected by 
a number of factors in current urban environments, such as 
the number of base stations. 

Localization services can be used in the vehicular 
environments where GPS is unavailable. A localization 
service is implemented using any known road side unit 
(RSU)-based localization systems, such as the Cricket 
Location-Support System (CLSS) [12], RADAR [13] and 
WiFi Localization [14, 15]. On the other hand, the 
accuracy of localization technologies based on vehicle-to-
infrastructure (V2I) communications is less accurate than 
the accuracy of localizations technologies via V2V 
communications due to the limited access inside a tunnel. 

To overcome the limitations of stand-alone vehicle 
localization systems, data fusion vehicle localization 
systems including map matching [16, 17], dead reckoning 
[18, 19], image/video processing [20-23] are proposed. 
The map matching technology [16, 17] is not a localization 
technology in itself but can be used to improve the 
performance of stand-alone localization systems, such as 
GPS. As a method of limiting the estimated vehicle 
positions to specific roads, the map matching technology 
can reduce the error of the position estimation by GPS. 

The position is estimated using the position 
information from GPS and vehicular movement 
information including the direction, speed and distance 
from sensors, such as digital compasses and dead 
reckoning [18, 19]. On the other hand, in practical 
vehicular environments, dead reckoning can be used for 
short periods of GPS unavailability due to errors 
accumulated for long periods. 

Image and video processing technologies are also used 
to estimate the vehicular position. Using data function 
algorithms [21], image and video processing technologies 
estimate precisely the vehicular position parameters, such 
as the lane width and vehicular direction angle, in a local 

reference system. 
This paper focuses on fusing the erroneous GPS 

position information and sense data collected from the ego 
vehicle and the neighbor vehicles. In contrast to the 
previous data fusion vehicle localization systems, this 
study modeled the problem of finding the precise vehicle 
position into a convex optimization problem and find the 
optimal solution, which minimizes the influence of sensing 
errors on the accuracy of the estimated vehicle position. In 
addition, this paper proposes an algorithm for minimizing 
the influence of the erroneous GPS position information on 
the accuracy of the estimated vehicle positions under the 
practical conditions of vehicular environments. 

3. Architecture of Vehicle Localization 
System 

This section describes the architecture of the vehicle 
localization system that supports the current assumptions. 
The vehicle localization system consists of an embedded 
board and a Linux-based operation system (OS). As shown 
in Fig. 2, the embedded board consists of five V2V 
communication modules, each of which is connected by 
embedded board interfaces, such as mini-pci, Ethernet and 
serial or socket: (1) 802.11p wireless communication 
module; (2) WiFi communication module; (3) Control 
Area Network (CAN) converter; (4) GPS module and; and 
(5) fundamental components of the embedded system. 

To realize the V2V communications according to 
802.11p PHY and MAC protocols, (1) 802.11p wireless 
communication module forwards CAN messages among 
vehicles. (2) A WiFi communication module is used to 
exchange GPS error-calibrated position information by 
NTRIP (Networked Transport of RTCM via Internet 
Protocol) [24] through the internet. (3) Using the CAN 
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converter, the vehicles exchange the communication 
messages among the internal electronic control units 
(ECUs). (4) A GPS module is used to receive GPS position 
information, which is an estimated vehicle position with 
some errors by GPS. (5) The fundamental components of 
the embedded system consist of a processor, memory, 
compact flash (CF) card for storage, Ethernet Interface 
(I/F) for internal ECU communication, and host 
communication, which are required for the basic 
operations of the embedded system. 

 

Fig. 4. Coordinates transformation of the sense data 
for the neighboring vehicle around a curved road, 
where DA indicates the deriving direction of vehicle A.

 

As a Linux-based OS, Openwrt [25] was used, which 
included an 802.11p driver applied with ad-hoc network 
settings. In addition, because Openwrt supports multiple 
thread operations, efficient communication between V2V 
communication modules can be realized. For example, one 
thread can be used to forward the communication 
messages only between CAN and wireless networks, and 
the other thread can be used to send the GPS position 
information to ECUs. 

4. Vehicle Localization System 

As shown in Fig. 3, the proposed vehicle localization 
system consists of two distinct functional stages: (1) 
preprocessing stage including information preprocessing 
component; and (2) local map building stage including 
position estimation and position refinement components. 
After the overall operation of every functional stage was 
summarized, this section describes the details of operation. 
Table 1 summarizes the terms and notations used in this 
paper. 

To synchronize the position information collected from 
vehicles in the space and time domains for the efficient 
estimation of vehicle position, a preprocessing stage 
consists of three sub functions including the GPS circular 
error probability (CEP) calibration, coordinates 
transformation and time synchronization. The CEP is the 
square root of the mean square error (MSE) that indicates 
an intuitive measure of GPS position precision. 

 
(1) GPS CEP Calibration: Using the well-known GPS 

error correction technique, the discrepancy between the 
GPS position information and the real position of a vehicle 
is calibrated. 

(2) Coordinates Transformation: To process the 
sense data of the vehicles in a unified manner, the 
positions in local coordinates are transformed into those in 
global coordinates using the CEP-calibrated GPS position 
information. 

(3) Time Synchronization: The time information of 
the vehicle positions is synchronized to process the data 
collected from GPSs and sensors on the vehicles at the 
same time. 

 
Given the space-synchronized and time-synchronized 

positions of the vehicles, the local map building stage 
estimates the real positions of the vehicles in global 
coordinates by following three sub functions, i.e. data 
clustering, vehicle position pre-estimation and vehicle 
position refinement. 

(1) Data Clustering: Before estimating the positions of 
the vehicles, the space-synchronized and time-
synchronized position information for each vehicle are 
clustered based on the Euclidean distance of data. 

(2) Vehicle Position Pre-Estimation: By calculating 
the weighted sum of the global-coordinated positions of 
the target vehicle in a cluster, the influence of sensing 
errors on the accuracy of the estimated vehicle positions 
are minimized and the real positions of the vehicles are 
pre-estimated. 

(3) Vehicle Position Refinement: To minimize the 
influence of the non-calibrated GPS errors on the accuracy 
of the estimated vehicle positions, the optimal shift values 
of the data for increasing the accuracy of the estimated 
vehicle positions are determined. 

4.1 Preprocessing Stage 
This section describes three functions of the 

preprocessing stage, including GPS CEP calibration, 
coordinates transformation and time synchronization, in 
details. 

 
(1) GPS CEP Calibration: Because the average length 

of a vehicle is 5m and the lane width is approximately 3m, 
the position error calculated by GPS should be bounded 
within 3 m for identifying the positions of the neighbor 
vehicles. On the other hand, the position estimation error 
of low-cost GPS can range from 10m to 30m [1]. To 
calibrate such a large GPS error and identify the precise 
positions of vehicles, a GPS error calibration technique, 
such as NTRIP, DGPS, RTK and SBAS [26], is commonly 
implemented on the vehicle. In these simulations and 
experiments, the NTRIP is implemented to calibrate the 
GSP error.  

(2) Coordinates Transformation: To build a more 
accurate local map, the sense data is used together with the 
GPS position information of the vehicles. On the other 
hand, compared to the GPS position information, which 
indicates the global coordinates of the vehicles, the sense 
data indicates the local coordinates positions. Here, the 
local coordinates of the neighbor vehicle are expressed as 
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Fig. 5. Example of vehicle position refinement. 
 

absolute Cartesian coordinates, which originated from the 
position of a sensing vehicle. Therefore, the coordinate 
transformation of the sense data from local coordinates to 
global coordinates is essential for the local map building 
stage, where the sense data and GPS position information 
are used to estimate the vehicular position. 

To transform sense data into global coordinates, it is 
important to know the driving direction and the GPS 
position information of the sensing vehicle. When a 
vehicle moves on a straight road, the driving direction of 
the sensing vehicle can be obtained by tracking the 
variations of the vehicle GPS position information or using 
Yaw Rate sensors [27]. On the other hand, when a vehicle 
moves around a curved road, the vehicular sensing 
direction is not the same as the vehicular driving direction. 

Therefore, extra devices such as a magnetic sensor [28] 
are needed to determine the driving direction of the 
sensing vehicle around a curved load. Once the driving 
direction and GPS position information of the sensing 
vehicle are obtained, the sense data for the neighboring 
vehicles can be transformed in the following manner. 

As shown in Fig. 4, the local coordinates of the sense 
data for a vehicle j (j=B) originate from vehicle i (i=A). 
From the sense data and the GPS position information of 
vehicle i, the global position of a vehicle j is expressed as 

 
             (1) ( ( )) ( , ),ij gps s gps sGC LC t x x y y= + +

 
where, 

 
2

( ) ( , ) ( , ).
1 1

x
i x

x y i
ij

i i

rD rr r D
LC t xs ys

D D

× +
+

= =
+ +

        (2) 

 
Although the GPS position errors was calibrated using 

a GPS error calibration technique, there are still some GPS 
errors, which are the common noisy errors that reduce the 
accuracy of the local map building stage in the urban areas. 
Therefore, the proposed local map building algorithm was 
designed to improve the performance degradation due to 
the influence of the remaining GPS errors after applying a 
GPS error correction technology. Hence, by considering 
the remaining GPS errors, Eq. (1) can be expressed as 

 
 ( ( )) ( ) ( ) ( ).ij ij i iGC LC t LC t L t t= + +Θ               (3) 

 
(3) Time Synchronization: When a vehicle collects the 

coordinate transformed sense data from the neighboring 
vehicles, the collected sense data might have different time 
offsets because the vehicles can have different sensing 
periods. Therefore, to analyze the sense data collected 
from the neighboring vehicles in a unified manner, it is 
necessary to synchronize the time of the sense data based 
on the local time of the ego vehicle. The network time 
protocol (NTP) can be used to realize such time 
synchronization. On the other hand, because GPS with the 
time information is implemented on a vehicle, it is not 
efficient to use the NTP for time synchronization. A linear 
approximation is commonly used as an alternative to 
realize such a time synchronization [3]. That is, if a vehicle 

 senses the position of the neighboring vehicle  at 
time  and receives the sense data collected from the 
neighboring vehicle  at time , the time-stamped 
position of a vehicle  transmitted from a vehicle , i.e., 
(

iv jv

1t

jv 2t

iv jv

2( ), ( )j j 2x t y t ), is converted to ( 2 2( ) ', ( ) 'j jx t y t ) as 
follows: 

 
 2 2 2 1( ) ' ( ) | ( ) | ( ),j j j 2x t x t t t x t= Δ × − +  
 2 2 2 1( ) ' ( ) | ( ) | ( ),j j jy t y t t t y t2= Δ × − +                 (4) 

 

  
where 2( ( ))jx tΔ  and 2( ( ))jy tΔ are differential x- and y-
values calculated in a vehicle v , respectively. j
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4.2 Local Map Building Stage 
A vehicle can build its own local map using the error-

calibrated GPS position information, and the space-
synchronized and time-synchronized sense data collected 
from the vehicles. This paper describes three functions of 
the local map building stage, including data clustering, 
vehicle position pre-estimation and vehicle position 
refinement. Because it was assumed that one of the well-
known clustering algorithms based on Euclidean distance 
was used, this paper describes the vehicle position pre-
estimation and vehicle position refinement in detail. 

 
(1) Data Clustering: To estimate the positions of the 

vehicles and draw local maps, it was assumed that the 
error-calibrated GPS position information and time-
synchronized and space-synchronized sense data are 
clustered according to the target vehicles using one of the 
well-known clustering schemes based on the Euclidean 
distance. 

(2) Vehicle Position Pre-Estimation: The optimal 
weighted sum of global-coordinated positions of the 
vehicle was determined to minimize the influence of 
sensing errors on the accuracy of the estimated vehicle 
positions, as shown in algorithm 1. The weighted sum of 
sense data was used to minimize the variance of the sense 
data error. In addition, to consider a common use case 
under independent vehicles’ dynamics, it was assumed that 
the difference between the sense data collected from the 
vehicles and their real positions follow a Gaussian 
distribution [3] respectively. From the Gaussian 
distribution, Eq. (3) can be expressed as 

 
         (5) 2 2( ( )) ~ ( ( ) , )

ijij ij GPSv j GPSGC LC t N L t ε σ σ+ + .
 
As GPSσ is ~0.2m on average, GPSσ can be expressed as 

2( ( ) , )
iji GPSvN L t jε σ+  by ignoring GPSσ . The weighted sum 

of the global coordinated data is expressed as 
 

 
 

 ( ( )
i

i jj SC
)ijPE w GC LC

∈
= ∑ t

j j

~ 

 2 2( ( ) , ),
iji i

i GPSvj SC j SC
N L t wε σ

∈ ∈
+∑ ∑              (6) 

 
where SC(k) is a cluster of data for the target vehicle . 

Because 

kv

ijGPSvε can be compensated by the vehicle position 
refinement function, the vehicle position pre-estimation 
function focuses on finding the values of the weights that 
minimize 2 2

i
j jj SC

w σ
∈∑ . The problem of finding the 

minimum weight is expressed as the following convex 
optimization problem: 
 
minimize 2 2

i
j jj SC

w σ
∈∑               (7) 

subject to 
1

0 for all .
i

jj SC

j

w

w j
∈

=

>

∑
 

 
To solve the convex optimization problem, the 

following Lagrangian function was considered: 
 

 
2 2( , , ) (1 )

                   .
i i

i

j j jj SC j SC

j jj SC

w w

w

λ ν σ ν

λ
∈ ∈

∈

Λ = + −

−

w∑ ∑
∑

      (8) 

 
In addition, by differentiating Eq. (8) with respect to 
,  in Eq. (7) can be calculated from the following 

equations: 
jw jw

 

 22 j j j
j

w
w

σ ν λ∂Λ 0.= − − =
∂

                 (9) 

 2 .
2

j
j

j

w
ν λ
σ
+

=                          (10) 

 
Because the Lagrange dual function ( , )g λ ν  is given 

into inf( ( , , ))w λ νΛ , ( , )g λ ν  can be derived by putting Eq. 
(10) into Eq. (8): 

 

 

2 2

2 2

2

2

( )
( , ) (1 )

4 2

               ,
2

i i

i

j j

j SC j SCj j

j j

j SC j

g
ν λ ν

λ ν ν
σ σ

λ ν λ
σ

∈ ∈

∈

+ +
= + −

+
−

∑ ∑

∑

λν

   (11) 

 
where the Lagrangian dual problem is expressed as 

 
maximize ( , )g λ ν    (12) 

subject to  

1

0 for all ,

0 for all ,

0 for all .

i
jj SC

j

j

j j

w

w j

j

w j

λ

λ

∈
=

− <

≥

=

∑

 

 
From 0j jwλ =  and 0jw− < , jλ  is 0 for all j. In 

addition, by differentiating ( , )g λ ν  with respect to ν , 
 

 
2 2

2

( ) 2( , ) (1 )
2 2

                 0.
2

i i

i

j j

j SC j SCj j

j

j SC j

g ν λ νλ ν
ν σ

λ
σ

∈ ∈

∈

+ +∂
= + −

∂

− =

∑ ∑

∑

λ
σ

      (13) 
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Thus, ν  can be calculated using the following 
equation: 

 

 
2

1 .
1

2
ij SC j

ν

σ∈

=
∑

   (14) 

 
By substituting Eq. (14) to Eq. (10) and setting jλ  to 0, 

the optimal value of  can be derived as jw
 

 
2

2

1

.
1

i

j
j

j SC j

w
σ

σ∈

=
∑

   (15) 

 
To calculate the value of , it is important to know 

the variance of each sense data 
jw

jσ . On the other hand, 
because different vehicles can be equipped with different 
sensors, it is impossible to know the variances of the sense 
data collected from the neighboring vehicles. Therefore, 
this paper proposes a method for estimating the variances 
of the sense data collected from the neighboring vehicles. 
First of all,  can be expressed as ( ( )ijGC LC tΔ )

,−
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Second, based on the assumption that the source of the 

GPS position errors does not change in a local region for a 
short time period, ( ) ( 1) .i iGPS t GPS tε ε −  Finally,  
can be expressed as  

( ( )ijGC LC tΔ )

 
 2( ( )) ~ ( ( ), 2 ),ij i jGC LC t N L t σΔ Δ    (18) 

 
where 2

jσ  follows a Gaussian distribution. Because the 
average value of  can be calculated as ( ( )ijGC LC tΔ )
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the difference between and the mean value 
of for sense data j can be expressed as 

( ( )ijGC LC tΔ

( ( )ijGC LC tΔ
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From the characteristics of the Gaussian distribution 

and Eq. (20), 2
,j tK can be calculated. Therefore, jσ can be 

derived as 
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By inserting jσ into Eq. (15), the optimal value of 
can be derived based on the optimal weight values, and 

the vehicle position can be estimated in the form of a 
weighted sum of the global-coordinated positions in a 
cluster. 

jw

(3) Vehicle Position Refinement: The data collected 
from the same vehicle have the same value of GPS error in 
a local region for a short time period. The optimal shift 
value of the GPS position information for the target 
vehicle in a cluster can be found to minimize the influence 
of the uncalibrated GPS errors on the accuracy of the 
estimated vehicle position from the vehicle position pre-
estimation function. Detailed operations of the vehicle 
position refinement function are shown in algorithm 2. To 
refine the pre-estimated positions, the sense data collected 
from the vehicles can be moved by as much as the average 
difference between the sense data and the pre-estimated 
position of a vehicle , which is called . From 
the values of  and for a vehicle , the 
position of a vehicle can be re-estimated. That is, the 
final estimated position of a vehicle can be expressed as 

iv ( )SHIFT i

iw ( )SHIFT i iv
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Fig. 5 gives an example of how the shift data is used to 

refine the pre-estimated positions of four vehicles. The 
numbered dots indicate the sense data detected by each 
vehicle. For example, a dot with the number 1 indicates the 
data detected by . The squared box labeled by the 
number i indicates the detection range of . In addition, 
the cross symbols represent the pre- estimated positions of 
four vehicles, respectively. Consider data collected from 

. In Fig. 5(a), which is the data as a result of the vehicle 
position pre-estimation sub-function, the difference 
between the sense data collected from and its pre-
estimated position was calculated; the difference is marked 
into a dotted arrow. The sense data collected from was 
moved, each of which is expressed as a black dot, by as 
much as the average value of the calculated differences, 
which is marked as a bold arrow. Therefore, a set of 
refined sense data was obtained, each of which is marked 
as 4’, in Fig. 5(b). The sets of the refined sense data for  

1v

iv

4v

4v

4v

 



IEEK Transactions on Smart Processing and Computing, vol. 2, no. 2, April 2013 53

every vehicle were obtained by applying the same 
procedure into the sense data of the other three vehicles, as 
shown in Fig. 5(c), where the positions of the refined sense 
data are marked as 1’, 2’, 3’ and 4’. 

Fig. 6. Average error vs. rate of vehicles equipped with
the sensor and communication module. 

 

Fig. 7. Detection rate of vehicles in 300m vs. rate of 
equipped vehicles. 

 

5. Evaluation Results 

This section showed the performance evaluation results 
of the proposed vehicle localization algorithm. To evaluate 
the performance of the proposed local map building stage, 
the accuracy of the estimated vehicle positions was 
compared with that by the well-known optimization 
method for estimating the optimal values of parameters in 
a statistical model, called the maximum likely-hood 
estimation (MLE). In addition, the experimental results, 
showing the validity of the assumption that the difference 
between the GPS position information errors collected in a 
vehicle for a short time period, can be ignored. 

5.1 Simulation Environment 
Using Python [29], which is a powerful programming 

language, the simulation environment following a practical 
vehicular environment, i.e. 802.11p, was developed [30]. 
When developing the simulation environment, 15 vehicles 
were located randomly on three lanes with an average 
vehicle distance of 60m. To show the effect of the 
heterogeneous distribution of vehicle communication 
modules on the performance of the proposed algorithms, 
the ratio of the vehicles equipped with the communication 
modules and those without the communication modules, 
whose communication ranges are set into 200m, were 
changed. The average sensing range was set to 100m and 
the average sensing degree was set to 45°. Random errors 
of the GPS and sense data collected from vehicles were 
set; the mean errors of the GPS and sense data were 4 m 
and 2m, respectively. 

5.2 Performance Evaluation of the 
Proposed Local Map Building Stage 

To evaluate the accuracy of the proposed localization 
system, the accuracy of the proposed local map building 
stage was compared with that of the well-known MLE 
method. To compare the accuracy of the two local map 
building methods, the Euclidean distance between the 
ground truth and the estimated positions were measured 
under the different ratios of vehicles equipped with the 
communication modules and those without communication 
modules. Fig. 6 shows that the average Euclidean distance 
decreases with increasing ratio of the vehicles equipped 
with communication modules to those without 
communication modules.  

This is because as the number of the equipped vehicles 
increases, more data can be collected from the neighboring 
vehicles. Therefore, the cluster consists of a dense set of 
data. Compared to the accuracy of the MLE method, the 
proposed local map building stage showed greater 
accuracy because as the number of sense data increases, 
the positions estimated by the vehicle position pre-

estimation function are well-refined close to the ground-
true position. 

Fig. 7 shows that the detection ratio of the neighboring 
vehicles within the communication range of a vehicle 
increases with increasing ratio of the vehicles equipped 
with communication modules to those without 
communication modules. In addition, as the ratio of the 
vehicles equipped with communication modules to those 
without communication modules increases by more than 
60%, the detection rate of the vehicles approaches 100%. 

5.3 Characteristics of GPS Position 
Information 

To test the validity of the assumption that difference 
between the errors of GPS position information collected 
from the same GPS in the local region in a short period can 
be ignored, the experimental environment, which included 
1 ECU and 1 vehicle for measuring the GPS data, was 
implemented based on the system architecture in Fig. 2. 
Communication modules connected to the ECU were  
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installed on every vehicle. The data measured from the 
DGPS was used as a reference for the comparison with the 
measured GPS position information. The methodology 
reported by Kvaser [31] and Canoe [32] was used to log 
the collected GPS position information. Fig. 8 shows the 
experimental setup. 

The variance of the GPS errors, whose CEPs are 
corrected by NTRIP, were measured based on the distance 
difference in the GPS position information collected at 1 
Hz. From Fig. 9, the average difference between the GPS 
position information errors was 24.56cm, which is 
extremely small compared to the vehicle size and lane 
width. The large difference between GPS position 
information errors in Fig. 9 is because although most of the 
differences between the GPS position information errors 
were below 10cm, differences between GPS position 
information errors of more than 1m were rarely found. 
Such abnormal differences can be observed due to a 
change of satellite. From this experimental result, the error 
differences between GPS position information collected 
from the same GPS in the local region in a short period are 
small and can be ignored when estimating the vehicle 
positions. 

6. Conclusions 

To solve the vehicle localization problem, this paper 
proposed an accurate local map building scheme, which 

fuses the shared erroneous GPS position information and 
sense data via V2V communications. To increase the 
accuracy of the vehicle localization system, the vehicle 
position estimation problem was modeled as a convex 
optimization problem and the optimal solution that 
minimizes the influence of the sensing errors on the 
accuracy of the estimated vehicle position was determined. 
The optimal refinement value of the GPS position 
information from ego vehicle and the neighboring vehicles 
was determined to minimize the influence of the erroneous 
GPS position information on the accuracy of the estimated 
vehicle positions. The experimental results showed that the 
proposed localization system estimates the accuracy of the 
vehicle localization system almost to a one lane-level. In 
addition, measurements of the variance of the GPS errors 
on the real vehicular environments showed that the 
difference between the errors of the GPS position 
information collected from the same GPS in a local region 
in a short period can be ignored. 

Fig. 8. Experimental environment for measuring the
GPS errors following 802.11p. 

 

Fig. 9. Histogram of the differences between the errors 
of the GPS position information. 
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