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Abstract: Early iterations of the existing Global Positioning System (GPS)-based or radio lateration 
technique-based vehicle localization algorithms suffer from flip ambiguities, forged relative 
location information and location information exchange overhead, which affect the subsequent 
iterations. This, in turn, results in an erroneous neighbor-vehicle map. This paper proposes an 
extended information overlap measure (EIOM) algorithm to reduce the flip error rates by 
exchanging the neighbor-vehicle presence features in binary information. This algorithm shifts and 
associates three pieces of information in the Moore neighborhood format: 1) feature information of 
the neighboring vehicles from a vision-based environment sensor system; 2) cardinal locations of 
the neighboring vehicles in its Moore neighborhood; and 3) identification information (MAC/IP 
addresses). Simulations were conducted for multi-lane highway scenarios to compare the proposed 
algorithm with the existing algorithm. The results showed that the flip error rates were reduced by 
up to 50%.      
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1. Introduction 

Vehicle localization schemes provide accurate 
information about the state of the neighborhood to any 
vehicle of interest. Intelligent vehicles use a range of 
localization schemes to deliver geographically critical 
messages to a specific vehicle in the neighborhood, which 
is one of the essential requirements of mission critical 
applications [1]. On the other hand, flip error across the 
lanes is one of the major issues that hinder accurate 
localization of the neighboring vehicles. Flip ambiguity is 
one of the most critical issues in network localization 
schemes. This issue results from the two or more equally 
likely positions that satisfy the same inter-node distance 
constraints. Erroneous distance measurements and 
collinear node formations in roadways are the two 
common factors that cause flip errors in vehicular 
networks. In addition to flip errors, fake GPS signals [2] 
and malicious attacks (Sybil and Wormhole) [3] produce 
forged relative locations. Moreover, vehicular networks 
exchange large amounts of information for their position 

updates because of the dynamic changes in vehicle 
positions. Therefore, vehicle localization schemes require 
algorithms that efficiently tackle these issues.  

In this study, intelligent vehicles were considered 
mobile information centers that carry two types of 
information: ‘Internal’ and ‘external’, as shown in Fig. 1. 
A vehicle can observe its neighboring vehicle’s ‘external’ 
information, such as vehicle type, color, shape, speed, 
angle using its environment sensor system and obtain 
‘internal’ information, such as communication address, 
driver’s current health status, entertainment/locale service 
knowledge of neighbors, and information of neighbors, 
cooperatively using the communication system. Although 
‘external’ information improves the safety and comfort of 
just host vehicles, ‘internal’ information also enhances the 
safety and comfort to the neighboring vehicles. Vision-
based localization schemes [4] normally deal only with the 
‘external’ information of neighboring vehicles, whereas 
radio range-based localization schemes [5, 6] deal with 
‘internal’ information of the vehicles. Both types of 
information are needed in futuristic intelligent vehicle 
infrastructures. Therefore it is important to manage both 
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types of information for mission critical applications. 
To the best of the authors’ knowledge, there are no 

reports of vehicular research that differentiates and deals 
both types of information with regard to vehicle 
localization schemes. This paper proposes a cooperative, 
scalable, decentralized, infrastructure-free, and efficient 
information overlap measure algorithm as an extension to 
previous work [7] for vehicle localization schemes that 
combine ’internal’ and ’external’ information of the 
neighboring vehicles to build a reliable relative local 
neighbor map. 

The rest of this paper is organized as follows. The next 
section describes related works. Section 3 presents the 
existing neighbor vehicle mapping framework with its 
background and motivation from biological systems. 
Section 4 reports the limitations of the existing information 
overlap-measure algorithm are discussed and a new 
algorithm was developed by applying the information shift 
mechanism. Section 5 evaluates the performance of the 
system using minimum information exchange and 
simulations results compared to the basic information 
overlap-measure algorithm. Section 6 reports the 
conclusions. 

2. Related Work 

Radio range-based localization schemes [6] exchange 
inter-vehicle distances using radio-range measurements to 
build neighbor vehicle maps. In these schemes, noise in the 
distance measurements produce flip errors from possible 
equally likely vehicle positions. Kannan et al. [8] 
identified the likelihood of flip ambiguities by introducing 
a robustness criterion. On the other hand, their study was is 
not suitable for vehicular networks, in which the nodes are 
highly mobile and collinear. The latest vehicle localization 
schemes [5, 6] employ data fusion techniques, where they 
use range measurements, kinematics from sensors, GPS 
position information for the localization of vehicle nodes. 

The dynamic nature of vehicle networks affects the 
predictability of the node topology and requires multiple 
executions of the initialization phase during topology 
changes. Yao et al. [9] proposed protocol improvements in 
the existing strict clustering approaches and introduced an 
extended cluster by extending the range matrix. This, in 
effect, results in higher utilization of range information, 
reduction of range broadcasts by piggybacking by 
compressing range information, tuning the broadcast 
frequency and combining multiple packets using network 
coding. This technique also uses GPS information for a 
location estimation. To mitigate the effects of forged 
relative location information, Tang et al. [10] proposed a 
scheme called Secure Relative Location Determination 
(SRLD) without GPS information. SRLD uses the 
cryptographic keys to authenticate the location messages 
and uses a vehicle’s public key for identification and 
privacy protection. On the other hand, this scheme requires 
large amounts of information exchange to update the 
position information in vehicle networks for authentication 
and public key exchange.  

In all these existing localization schemes, the errors in 
the inter-vehicle distance measurements/GPS position 
information result in an ambiguous network topology. 
Therefore, previous work [7] proposed a King’s graph-
based neighbor vehicle mapping framework that constructs 
a reliable and predictable node topology map using 
information overlap measure algorithm with the 
approximate inter-node distances. After building the basic 
node topology map, inter-vehicle distance measurements 
and other sensor information can be used to improve the 
accuracy of the relative neighboring vehicle distances. 
This paper proposes a new information overlap-measure 
algorithm that reduces significantly the flip error rates 
generated from the existing algorithm. 

3. Neighbor-vehicle Mapping Framework 

3.1 Motivation 
In biological neighborhood systems, the evolution of 

cooperation depends mainly on three properties, namely 
reciprocity, memorization and spatial simplicity [11, 12]. 
Reciprocity is the ability to observe the behavior of others 
and cooperate with them with respect to the reputation of 
others. Memorization deals with prior knowledge and the 
state of the neighborhood entities. Spatial simplicity deals 
with the size of the clusters of the neighbors that interact. 
The smaller the cluster size the better the cooperation. 
[Traulsen] reported that the MN system exhibits the 
aforementioned properties. In a cluster of vehicles in a 
multi-lane highway environment, a vehicle’s (called a host 
vehicle) movement, safety, and security depends on the 
neighboring vehicles that occupy a vehicle’s own lane 
(front and rear), adjacent right lane (front, middle and rear) 
and adjacent left lane (front, middle and rear), as shown in 
Fig. 2. These eight nearest neighbor vehicles (called the 
target vehicles) are found in the eight cardinal directions of 
the host vehicle. The efficiency of the mission critical 
applications depends on knowing the state of these 

 

Fig. 1. Internal and external information of a typical 
intelligent vehicle. 
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cardinal vehicles and evolving better cooperation among 
them. Therefore a vehicle’s neighborhood naturally fits 
into a MN system. 

By physically segregating and organizing a host 
vehicle’s neighborhood into the MN system, it becomes 
simpler and easier for the host vehicle to memorize the 
past locations of neighboring vehicles, to reciprocate 
efficiently in dire situations with a specific neighbor and to 
extend its knowledge of more distant neighbors. Based on 
these facts, a host vehicle’s environment was divided into 
eight cardinal regions, i.e. P1, P2, P3 on the right lane 
( l +1), P3, P4, P5 on the left lane ( l -1), P2 on the front 
and P6 on the rear of the self-lane ( l ) as shown in Fig. 2. 
P8 is the region where the host vehicle identifies itself. 
Henceforth, these regions are called subsections. Any host 
vehicle can observe its neighbors in these subsections and 
each of these neighbors belongs to these subsections. The 
subsection measurements are also defined as r_P1, r_P1, 
r_P2, r_P3, r_P4, r_P5, r_P6, r_P7, and r_P8, as shown in 
Table 1. The measurements were considered with respect 
to the speed profile and its corresponding minimum 
distance headway [13] of the adjacent left and right lanes.  

tive path shows a shorter RTT at a current 
measurement step, then MT will experience performance 
degradation because this switching requires significant 
overhead, since the switched MT is required to re-start its 
congestion control at the slow start phase. 

To realize the subsections in terms of data, the 
subsection measurements were calibrated on an omni-
vision system of the host vehicle, which could be 
constructed either by independent vision sensors [14] or 
single omni-vision camera [15] with the basic vehicle 
tracking algorithms that can observe the appearance/ 
disappearance/shifting of the target vehicles, obtain 
bearing-only information [16], along with optional basic 
feature information, such as color, in the calibrated 
subsections. Two assumptions were considered in this 
study: 1) each vehicle is at least equipped with such a 
calibrated omni-vision system; and 2) a wireless 
communication module that meets the standard 
requirements for V2V communication. 

With the support of the aforementioned calibrated 

omni-vision system, a host vehicle stores and updates the 
presence/ absence of observed neighboring vehicles along 
with the bearing information on the respective subsections 
into a simple MN data structure in time. This data format 
is called a Perspective Location Grid (PLG). 

3.2 Perspective Location Grid 
The perspective location grid of a vehicle is the spatio-

temporal representation of ‘internal’ and ’external’ 
information of the nearest neighbor vehicles that are 
cardinally mapped in the MN cells. At the beginning, a 
host vehicle builds its basic PLG only with the neighboring 
vehicle presence feature in binary format along with 
bearing information on its subsections (refer Fig. 2).  

The information strength of the PLG depends on the 
amount of ‘external’ information of neighboring vehicles it 
holds. PLG only with ’external’ information is called as an 
unmapped PLG. The proposed framework consists of two 
phases. In the first phase, each vehicle builds its basic PLG 
and exchanges with the neighboring vehicles. In the 
second phase, each vehicle filters the basic PLGs from the 
nearest neighbors from all received basic PLGs using the 
Received Signal Strength (RSS) and associates the 
subsections of host PLG (self) with the received neighbor 
PLGs by exploiting the perspective overlapping 
characteristics of the MN. The resulting host PLG is called 
the mapped PLG. This mapped PLG links the ’external’ 
information of neighboring vehicles with their 
communication addresses (’internal’ information), such as 

 

Fig. 2. Perspective Location Grid (PLG) and its 
corresponding meta data depicting the neighbor 
vehicle presence in binary information. 

 

Table 1. PLG Subsection Measurements. 

Parameters Measurements 

mdhh  
1 Vd= +  (minimum distance headway) 

where l is the sum of the vehicle length 
and the minimum gap between two 
successive vehicles and V is the speed. 
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MAC/IP on the neighboring vehicle’s cardinal subsections. 
Filtering based on the RSS value is not required with 
advanced PLG exchange because it has more feature 
information for the association. 

The accuracy of the mapped PLG can be improved 
through the incremental exchange of additional PLGs in 
meta data format. All ’external’ information needs to be 
updated in a simple meta data formats. Because the rapid 
movements of the neighboring vehicles are tracked in the 
subsections using the vision system, there is no need to 
exchange the position update to the neighboring vehicles 
because the neighboring vehicles themselves can track 
with their own maps. If required, events, such as the 
appearance, disappearance or lane shifts of neighboring 
vehicles can be confirmed with the neighbors.  

By exchanging the fully-mapped PLGs with the 
neighboring vehicles, the extended neighbor maps can be 
constructed so that the future course of the location 
information of neighbors can be predicted easily. 
Therefore, the issue of the location information exchange 
overhead can be tackled. As the PLGs consist of ’external’ 
information from their own vision sensor and while 
applying the information-overlap algorithm for data 
association, the reliability of the received PLGs can be 
confirmed by comparing ’what I saw’ (host PLG) 
information with ’what you saw’ (received PLG) 
information. This helps tackle the problem of forged 
relative location information. This is also the main reason 
that mitigates the flip ambiguities. 

3.3 Basic Information Overlap Measure 
Algorithm for the Vehicle Presence 
Feature 

Generalized Topology Overlap Measure (GTOM) 
defined by [17] for biological network neighborhood 
analysis. This is a measure of how close the pairs of 
vertices are in a graph, or in other words, it measures the 
interconnectedness between the two vertices in a graph. 
For an unweighed 1-step Moore neighborhood graph, the 
topological overlap between any two cells is equal to 1. 

Based on the topology overlap measure, the following 
information overlap measure function is defined for 
vehicle presence/absence binary information. For each 
subsection of interest, there is a set of overlapping 
neighbors, as shown in Fig. 3. For the odd subsection of 
interest P1(pink) in the host PLG, there are two types of 
overlapping subsections: 1) main subsection sets {P1,P8} 
in the host PLG and {P8,P5} in the target PLG; and 2) 
subordinate subsection sets {P0,P2} in the host PLG and 
{P6,P4} in the target PLG. This idea was extended for 
other odd subsections, P3, P5 and P7, of interest. Similarly, 
for the even subsection of interest P0(pink) in the host 
PLG, there are two types of overlapping subsections: 1) 
main subsection sets {P0,P8} in the host PLG and {P8,P4} 
in the target PLG; and 2) subordinate subsection sets 
{P1,P2,P6,P7} in the host PLG and {P2,P3,P5,P6} in the 
target PLG. This idea can be extended for other even 
subsections, P0,P2,P4, and P6 of interest. 

To map an observed target in an even subsection of 
interest, P0, of the host PLG, the information overlap 

measure for the main overlapping subsections can be 
expressed as  

 

  
    (1) 

 
The information-overlap measure for the subordinate 

overlapping subsections is given by, 
 

 
      (2) 

 
The total information overlap measure can be given by, 
 

       
  (3)

 
 

 

Fig. 3. Overlapping subsections between the two actual 
neighbors (Host PLG and Target PLG). 
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Because the vehicle presence feature is represented 
using binary information, the logical AND and 
EXCLUSIVE NOR operations are used to calculate the 
information overlap measure for the main and subordinate 
subsections, respectively. The general form of the weight 
can be represented as n

xw , where n is the subsection of 
interest and x is the corresponding overlapping subsection. 
The weight selection and calculation are specific to the 
feature information because the measurements of various 
features that characterize each vehicle vary with the type 
and quality of the sensors as well as the context and 
environment at the time of the measurement. For a vehicle 
presence feature, the weight is calculated using the 
geometrical shape similarity that is formed by the 
normalized bearing positions of the target vehicles in the 
PLG subsections. Details of the weight selection and 
calculation are explained in reference [7]. The above Eqs. 
(1)-(3) were modified accordingly for even subsections of 
interest P2, P4, and P6 using their corresponding 
overlapping subsections. 

To map an observed target in the odd subsection of 
interest P1 of the host PLG, the information overlap 
measure for the main overlapping subsections can be 
expressed as 

 

  
(4)

 
 

and the information overlap measure for the subordinate 
overlapping subsections is given by, 

 

   
   (5) 

 

The total information overlap measure is then given by, 
 

  
(6)

 
 

The above Eqs. (4)-(6) are modified accordingly for the 
odd subsections of interest P3, P5, and P7 using their 
corresponding overlapping subsections. 

4. Extended Information Overlap Measure 
Algorithm with Information Shift 

4.1 Limitations of existing scheme 
The performance of the information overlap algorithm 

in the proposed framework depends mainly on the 

following two major factors [7]: 1) amount of non-
overlapping regions that occur from the position of the 
target vehicle in a given subsection of interest due the 
constant PLG measurements, as shown in Table 1; and 2) 
the presence of more than one vehicle in the specified 
range of corner subsections, P1, P3, P5, and P7. These 
factors play a significant role in generating flip errors 
while using the vehicle presence feature only. 

In the first factor, flip errors occur when the target 
vehicles present in the non-overlapping regions of 
subordinate subsections, for the given subsection of 
interest. This issue is handled by building the appropriate 
information exchange protocols that share additional 
feature information, which is not covered in the current 
scope of this research. 

Fig. 4 presents the issue of multiple vehicle presence. 
Suppose vehicle C observes vehicles A and B in its 
subsection 1CP . With the existing approach of the IOM 
algorithm, vehicle A constructs its PLG only with the 
nearest observed vehicle A in 1CP  and broadcasts to other 
vehicles. This, in turn, results in mismatch while 
calculating the information-overlap measure at vehicles A 
and B, as shown in Fig. 4. 

4.1 Information-overlap measure by 
information shifting 

In the proposed approach, vehicle C constructs two 
different PLGs with respect to the observed vehicles A and 
B, as shown in Fig. 5, by shifting the observed information. 
These PLGs are shared by other vehicles along with a 
multiple vehicle flag and the corresponding algorithm is 
shown in Fig. 6. When vehicles A and B receive the PLGs 
from the same source vehicle C, they take the appropriate 
decisions based on the self PLG and received PLGs (by 
checking the multiple vehicle flag) so that the information 
overlap measure is maximized for the PLG of the actual 
target. Fig. 7 presents the various steps involved in the 
mapping algorithm. 

 

Fig. 4. Information overlap discrepancies with the 
existing IOM algorithm. 
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5. Performance Evaluation 

To evaluate the extended IOM algorithm with the basic 
IOM algorithm using the minimum information exchange, 
the simulation software was implemented with four 
components, i.e. highway, vehicle, omni vision system for 
each vehicle, and broadcast medium. The omni vision 
system component implements PLG and scans for the 
appearance/disappearance/shift events of the target 
vehicles in the PLG subsections and informs the vehicle 
component. The software was implemented on Windows 7 
with MS Visual studio-2010 development environment 
using the C + + programming language. 

5.1 Simulation results and analysis 
Fig. 8 plots the average flip error rates for every second 

in the existing IOM algorithm (type-I, type-II clusters) and 
extended IOM algorithm with a 7−7−7 vehicle cluster for 

50 simulation cycles. The general shape of the flip error 
plots appears similar for all clusters of all sizes and types 
but with different error rates. At the middle of the cycle, 
the flip error rate is higher because the independent 
clusters from the three lanes join together to increase the 
cluster density. For both types of clusters, the errors are 
generated from the sources that are explained in section 4. 

For cluster type-II, the error rate is higher than that for 
cluster type-I for all cluster sizes. This is because for type-
II clusters, the inter-vehicle distances are beyond MDH 
range. When a target vehicle is observed at extreme ends 
of subsection P0 (P4) of the host, their common neighbor 
observed in P2 or P6 of the target will be out of the range 
of P1(P3) or P7(P5) of the host and their corresponding 
PLGs and IOM values do not match. 

With the extended IOM algorithm, the flip error rate 
was reduced to 50% in all stages of the simulation. Note 

 

Fig. 5. Extended IOM algorithm with the information 
shift technique. 

 

 

Fig. 6. PLG construction algorithm for more than one 
target observed in P1 of the host PLG. 

 
 

Fig. 7. Extended IOM algorithm to handle the received 
PLGs with more than one target in P1. 
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Fig. 8. Average flip error rate comparison between basic IOM algorithm and extended IOM algorithm.  
 

that the mapping is done for each second with a fresh set 
of received PLGs. This suggests that more accurate 
neighbor maps can be constructed when the neighbor 
density is low. Once the accurate neighbor map is 
constructed and confirmed with the neighbors, only 
updates need to be done as new vehicles join the clusters.  

5. Conclusion 

This paper introduced a new information overlapping 
algorithm called the extended information overlapping 
algorithm that replaces the existing information overlap 
algorithm in the proposed neighbor vehicle mapping 
framework in [7]. The proposed algorithm mitigates the 
flip error rates that are generated from the multiple vehicle 
presence by building independent PLGs using information 
shifts. The proposed algorithm was compared with the 
existing algorithm, and the simulation results showed a 
50% reduction in flip error rates. Future research plans 
include designing a self-configuring PLG by dynamically 
selecting the optimal PLG range measurements that 
achieves the maximum overlap for the chosen set of 
measurements. In addition, future studies will examine the 
mapping errors due to communication delay and to 
develop appropriate protocols and algorithms to handle 
them. 
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