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Location information is very critical to VANETs such as navigation, routing, network management, and road congestion. In this
paper, the vehicle location problem under urban road conditions is investigated by employing the GPS,WiFi, and Cellular Network
(CN) positioning systems and by developing neighbor vehicle utilization in VANETs. Since GPS is possibly affected by satellite
signal in real urban environment, whileWiFi is only suitable for urban and CN is affected by the number of Base Stations (BSs) and
signal strength, then a fuzzy-based hybrid location algorithm is developed.The algorithm has some advantages that it can enhance
these positioning features by establishing a new fuzzy-weighting location mechanism (FLM) and also can adjust dynamically the
measurement noise covariance by making use of a novel fuzzy Kalman filtering method. Finally, experiment results are given to
show effectiveness and merit of the proposed approach.

1. Introduction

1.1. Motivation. VANETs are considered to be a special appli-
cation of Mobile Ad Hoc Networks. It provides communi-
cations among moving vehicles and roadside infrastructures
that are in close proximity to each other. Using vehicle-
to-vehicle (V2V) communication, urgent messages can be
transmitted among vehicles to support intelligent transport
systems. Besides, vehicles can access Internet through the
access points (APs) by using vehicle-to-infrastructure com-
munication. Therefore, VANET has become an active area of
research because it can be utilized for a broad range of safety
and nonsafety applications [1–3]. All of these applications
require or can take advantage of some sort of location
information [4–8]. The different accurate localization infor-
mation adapts for different applications [9]. It is significant to
conduct investigations on localization problem in VANETs.

There have been works on vehicle location. GPS or
differential GPS (DGPS) [10] is themost common technology
providing LBS. However, the multipath error, low update
rate, and shadowing effects limit its application in vehicle
positioning systems. To improve the positioning performance
with GPS/DGPS, a common choice is to integrate it with
the INS [11]. Literature review shows that the GPS/INS

integration filter is typically some form of a KF [12]. During
the last decades, the filtering problem has attracted many
researchers to study through various methodologies; see, for
example, [12–14] and the references therein, in which these
methods mostly consist of two main approaches, namely,
the KF approach [12] and the H∞ filtering approach [13].
However, it is well known that the measurement noise
covariance may decrease its filtering accuracy when keeping
constant value in KF. In [15], a fuzzy estimator is used to
compensate for the changing biases in measurement source,
but these satellites do not tell the whole story about the bias
in GPS noise.

In recent years positioning techniques in network-based
methods such as CN and WiFi are available. The CN posi-
tioning method [16] determined a position by using Time
Difference of Arrival (TDOA) measurements between a set
of BSs and a targeted mobile station. To solve the navigation
problem in the case that the number of visible GPS satellites
is not sufficient, an integration method of GPS and TDOA
from pilot signal of BSs [17] was introduced. This research
is suitable for larger areas of positioning, but it ignores the
CN method when the number of visible GPS satellites is
more than three. The WiFi positioning method [18] used
signal indication strength to determine user position by
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establishing a radio map ofWiFi signal strength, but only the
error distance or the variance calculation of error distance
considered.

Communication-based positioning technologies, fusing
data from different sources, can be used to improve the per-
formance of vehicle positioning in VANETs [19–21]. In [22], a
distributed localization algorithm has been proposed to assist
GPS-unequipped vehicles in estimating their positions based
on nearby GPS-equipped vehicles. The proposed algorithm
can successfully estimate the position of vehicles that not
equipped with GPS, but it is hard to identify situations in
which vehicles have network cards to communicate with
other vehicles but have no GPS equipment.

Based on the above discussion, many positioning tech-
nologies and methods have been proposed for vehicle loca-
tion, but each technology has its own drawbacks [20]. To
the best of our knowledge, the hybrid vehicle positioning
problem in VANETs has not been investigated by combining
bothmultiple location technologies and KFmethod based on
fuzzy control approaches, and it motivates the present work.

1.2. Our Contributions. With the rapid growing of wire-
less communications technology, combination of multiple
localization technologies system which can compensate and
overcome the weaknesses in single location technology has
become a popular proposal [21]. Fuzzy logic control is an
adequate methodology for designing controllers to certain
nonlinear systems [23] and has found numerous applications
in a wide range of real engineering problems [24, 25]. To
overcome their individual limitations, by combining with
GPS, WiFi, and CN positioning technology, a novel FLM
is firstly proposed to enhance their individual positioning
features. In detail, the FLM considers the outlier rating and
absolute error as factors that affect the importance degree of
each positioning method (GPS, WiFi, and CN). And, since
the outlier rating and absolute error have a stronger nonlinear
relationship with the importance degree [24], we integrate
these two factors to obtain the corresponding importance
degree by employing fuzzy theory.

Furthermore, it is well known that the KF is an optimal
estimator and shows an optimal estimation of the system
state by using the state space concept and system error model
[26], while the measurement noise covariance in KF keeping
constant decreases its filtering accuracy [25]. To solve this
point, a fuzzy Kalman filter (FKF) is proposed to further
enhance estimation precision for the concerned positioning
model with perturbation, which is realized by dynamically
adjusting its measurement noise covariance.

Based on the above discussion, we deal with the problems
of the hybrid vehicle positioning technologies and the mea-
surement noise covariance facts for vehicle location system
in urban transportation area. The major contributions of this
paper are summarized as follows:

(i) A FLM is proposed to distribute the weights of
positioning technologies rationally with the assis-
tance of nearby vehicles’ location information, which
is to overcome the limitations in each positioning
technology.

(ii) A FKF is designed to dynamically adjust its mea-
surement noise covariance by utilizing another fuzzy
inference mechanism, which is to improve the filter-
ing accuracy.

(iii) Experiment results are presented which could clearly
show the effectiveness of the present results. There-
fore, the main purpose of this paper is to make the
first attempt to deal with the listed contributions.

The remainder of this paper is organized as follows: Section 2
presents the system architecture and situations. Section 3
details the FLM and the FKF is described in Section 4.
Section 5 presents the hybrid location algorithm. In Section 6,
experiment results show the performance of the proposed
scheme. Section 7 concludes this paper.

2. System Architecture and Situations

2.1. System Architecture. Under specified circumstances and
requirements from applications in VANETs, independent
technologies were proposed and optimized. Among the most
used technologies there are GPS, WiFi, CN, and other
methods based onRFID, camera, accelerometer, and so forth.
It is worth noting that the proposed system does not depend
on any specific localization technologies but is built to be
an open platform so that multiple heterogeneous localization
technologies can be integrated into. In this paper, we just
utilize several commonpositioningmethods (GPS,WiFi, and
CN) to illustrate the proposed system.

Though more technologies applied means more infor-
mation to improve precision as well as availableness, each
positioning technology has its own drawbacks. For example,
GPS is not good with shelter or when the number of visible
satellites is reduced, WiFi is only suitable for urban areas and
the positioning performance of CN method is also affected
by the number of BSs and signal strength. If we can combine
them and determinewhichmethod is to be trustmore in real-
time, then the localization results can be more credible and
reliable. In addition, the location information of neighboring
vehicles can be useful for locating a vehicle [27].

Based on the above analysis, we make the following
assumptions:

(i) All vehicles in VANETs can communicate with each
other by using V2V communication and access Inter-
net through the APs.

(ii) All vehicles in VANETs are equipped with GPS,
WiFi, and CN positioning systems and can obtain the
corresponding data.

(iii) The exact distance between one vehicle and its neigh-
bor can be measured by using ultrasonic ranging
technology [28].

Due to those requirements, the proposed positioning
system in this research can be split into two parts: FLM and
FKF. In FLM part, the target vehicle collects the location
coordinates from GPS, WiFi, CN positioning systems, and
the corresponding data of neighboring vehicles. These data
are used for calculating the outlier rating and absolute error,
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which are integrated by the method of fuzzy theory and
obtain the importance degree of each positioning method.
Then, the composite position can be calculated by using the
weighted average method. In FKF part, the composite posi-
tion is used as the measurement value, and the importance
degree of the three positioning method is applied to adjust
the measurement noise covariance dynamically. The system
architecture of the proposed scheme is shown in Figure 1.

2.2. Situations. Since that the urban road conditions and
vehicle location are essentially complicated case for vehi-
cle driving environment, the two following situations are
selected to better understand the proposed scheme.

(i) Situation 1. Suppose that there is an optimal situation
when GPS, WiFi, and CN have the same localization
coordinates. Then, (1) in Section 3.1 will become
illegal. In this case, the importance degree of each
positioning method must be set to 1.

(ii) Situation 2. Suppose that there is one positioning
method extremely unreliable. Then, the positions out
by this method should be excluded. For instance, if
the importance degree of GPS is less than the set
threshold (denoted by th, in this paper, th is set to 0.3),
then the importance degree of GPS must be set to 0.

3. The FLM Method

3.1. Calculation of the Outlier Rating and Absolute Error. The
outlier rating is one of the two factors that have effect on
the importance degree of each positioning method, which
indicates the deviation between the localization coordinates
of one positioning method and the others’. Let GPS(X, Y),
WiFi(X,Y), andCN(X,Y) denote the localization coordinates
given by GPS, WiFi, and CN devices on the target vehicle.
Then, the outlier rating (denoted by s) of each positioning
method can be defined as

𝑠𝐺𝑃𝑆 = (𝑑𝐺𝑊 + 𝑑𝐺𝐶)(𝑑𝐺𝑊 + 𝑑𝐺𝐶 + 𝑑𝑊𝐶)
𝑠𝑊𝑖𝐹𝑖 = (𝑑𝐺𝑊 + 𝑑𝑊𝐶)(𝑑𝐺𝑊 + 𝑑𝐺𝐶 + 𝑑𝑊𝐶)
𝑠𝐶𝑁 = (𝑑𝑊𝐶 + 𝑑𝐺𝐶)(𝑑𝐺𝑊 + 𝑑𝐺𝐶 + 𝑑𝑊𝐶)

(1)

where 𝑑𝐺𝑊 is the Euclidean distance between GPS(X, Y)
and WiFi(X, Y); 𝑑𝐺𝐶 and 𝑑𝑊𝐶 have the similar format.
Obviously, the bigger the outlier rating’s value, the smaller the
positioningmethod’s credibility. Accordingly, the importance
degree of the positioning method should be a smaller value.

However, in some cases the outlier rating wouldmake the
wrong judgment. For example, GPS positioning errors will
become large when satellite signals are weak. In this situation,
if WiFi position happens to be close to GPS position and
far away from CN position, which is more accurate than the
other two. According to (1), sCN is larger than sGPS and sWiFi,

so the importance degree of CN position is smaller.The result
is opposed to the hypothesis that the CN position is accurate.

To compensate the wrong judgment of the outlier rating,
we adopt the absolute error as another factor that has
an impact on the positioning method’s importance degree.
The absolute error can indirectly reflect the positioning
method’s localization error. Let GPSnei(X, Y), WiFinei(X, Y),
and CNnei(X, Y) denote the corresponding localization coor-
dinates of the target vehicle’ neighbor. And the exact distance
between the target vehicle and its neighbor is denoted by 𝐷.
Then the absolute error (denoted by e) of each positioning
method can be defined as

𝑒𝐺𝑃𝑆 = 𝐷𝐺 − 𝐷
𝑒𝑊𝑖𝐹𝑖 = 𝐷𝑊 − 𝐷
𝑒𝐶𝑁 = 𝐷𝐶 − 𝐷

(2)

where 𝐷𝐺 is the Euclidean distance between GPS(X, Y) and
GPSnei(X, Y); 𝐷𝑊 and 𝐷𝐶 have the similar format. It is clear
that the absolute error has an inverse relationship with the
positioning method’s credibility. If the absolute error is a
bigger value, then the importance degree of the positioning
method should be a smaller value.

3.2. FLM. To integrate the outlier rating and absolute error,
we design a novel FLM inference model. The fusion process
[29] of the FLM consisted of the following components:

(i) Fuzzification.The outlier rating (s) and absolute error
(e) are transformed into fuzzy sets of corresponding
domain as input variables and the importance degree
(w) is transformed into fuzzy sets of corresponding
domain as output variable.

(ii) Interface Engine. Mimicking features of human
thought, according to expert knowledge or fuzzy
inference rules based on control experiences, output
results of FLM were obtained by fuzzy inference.

(iii) Defuzzification. Fuzzy inference results obtained by
fuzzy logic reasoning were fuzzy voted into precise
volumes.

The inputs and outputs of the FLM are fuzzified and
described by their membership function. In order to com-
promise control accuracy and computational effort, this
section sets five fuzzy subsets for input variables. In detail,
as shown in Figure 2, the five fuzzy subsets, marked as
VS (very small), S (small), M (medium), L (large), and VL
(very large), have been chosen to smooth the control action.
Meanwhile, triangular, Gaussian, and trapezoidal shapes have
been adopted for the membership functions [30].

The FLM is constructed by employing these fuzzy infer-
ence rules, and these fuzzy rules can be described in the
following rules:

if s = 𝐴 𝑖 and e = 𝐵𝑗 then
w = 𝐶𝑖𝑗 (𝑖 = 1, 2, . . . , 𝑛; 𝑗 = 1, 2, . . . , 𝑚)

where 𝐴 𝑖 is fuzzy value of the outlier rating, 𝐵𝑗 is fuzzy
value of the absolute error, and 𝐶𝑖𝑗 is fuzzy value of the
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Figure 1: The FLM+FKF positioning system architecture.
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Table 1: Fuzzy inference rules.

Importance degree (w) Outlier rating (s)
VS S M L VL

Absolute error (e)

VS VL VL L L M
S VL VL L M M
M L L M S S
L M S S VS VS
VL S S S VS VS

importance degree. Fuzzy rules are obtained from the analysis
of the system behavior. For instance, if the outlier rating is
very large (s=VL) and the absolute error is also very large
(e=VL), then it means that the considered method is highly
unreliable, and degree of this method, i.e., the output of
controller system, and thus the importance should be a pretty
small value (w=VS). These rules are shown in Table 1.

Moreover, the well-known Mamdani’s MAX-MIN man-
ner is considered as the inference method, in which there
are several methods for interface engine [30], while the
center of gravity is used for the defuzzification process [31].
According to the inferencemachine, the inferred output value
(w) correspondence to the input values (s and e) is given as

𝑤 = ∑𝑛×𝑚𝑙=1 𝛼𝑙𝑐𝑙∑𝑛×𝑚𝑙=1 𝑐𝑙 (3)

where 𝑐𝑙 is singleton value of fuzzy output variable using the
l-th rule and 𝛼𝑙 is the degree of fulfillment of the l-th rule that
using the min operator can be expressed as

𝛼𝑙 = min {𝜇𝐴𝑙 (𝑠) , 𝜇𝐵𝑙 (𝑒)} (4)

where Al and Bl are the input fuzzy variables corresponding
to the l-th rule.

3.3. Composite Position of the Target Vehicle. Let us put the
outlier rating and absolute error of each positioning method
into the FLMmodel, and then we can obtain the importance
degree accordingly. To get the composite position, we assume
that the importance degree of each positioning method can
be denoted by wGPS, wWiFi, and wCN, and then the composite
position of the target vehicle by weighted average approach
can be obtained as

𝑇𝑎𝑟𝑔𝑒𝑡 (𝑋, 𝑌) = 𝐺𝑃𝑆 (𝑋, 𝑌) ∗ 𝛼 +𝑊𝑖𝐹𝑖 (𝑋, 𝑌) ∗ 𝛽
+ 𝐶𝑁 (𝑋, 𝑌) ∗ 𝛾 (5)

where 𝛼, 𝛽, 𝛾 are
𝛼 = 𝑤𝐺𝑃𝑆(𝑤𝐺𝑃𝑆 + 𝑤𝑊𝑖𝐹𝑖 + 𝑤𝐶𝑁)
𝛽 = 𝑤𝑊𝑖𝐹𝑖(𝑤𝐺𝑃𝑆 + 𝑤𝑊𝑖𝐹𝑖 + 𝑤𝐶𝑁)
𝛾 = 𝑤𝐶𝑁(𝑤𝐺𝑃𝑆 + 𝑤𝑊𝑖𝐹𝑖 + 𝑤𝐶𝑁)

(6)

4. The FKF Design

4.1. Description of the Filter Equations. In order to explain
the FKF’s recursive relations, let us start with state and
measurement equations which are the same as KF. State
equation is as follows [26, 32]:

𝑋 (𝑘 + 1) = 𝐴𝑋 (𝑘) +𝑊 (𝑘) (7)

whereX(k) is process state vector at the time 𝑡𝑘,X(k+1) is
process state vector at the time 𝑡𝑘+1,A defines state transition
matrix fromX(k) toX(k+1), andW(k) defines process error
vector (a white sequence with a defined covariance function
is presumed). Measurement equation is as follows:

𝑍 (𝑘) = 𝐻𝑋 (𝑘) +𝑉 (𝑘) (8)

whereZ(k) defines measurement vector at time 𝑡𝑘,H is
a matrix which defines ideal relation (noiseless) between
measurement vector and state vector at 𝑡𝑘, andV(k) defines
measurement error vector (it is presumed as a white sequence
with a defined covariance and zero correlation withW(k)
sequence). Covariance matrix forW(k) andV(k) vectors is
defined with the following equations [33]:

𝐸 [𝑊 (𝑘)𝑊 (𝑖)𝑇] = {{{
𝑄 𝑖 = 𝑘
0 𝑖 ̸= 𝑘 (9)

𝐸 [𝑉 (𝑘)𝑉 (𝑖)𝑇] = {{{
𝑅 𝑖 = 𝑘
0 𝑖 ̸= 𝑘 (10)

𝐸 [𝑊 (𝑘)𝑉 (𝑖)𝑇] = 0 𝑓𝑜𝑟 𝑎𝑙𝑙 𝑖 𝑎𝑛𝑑 𝑘 (11)

where 𝑄 is the process noise covariance matrix and 𝑅 is the
measurement noise covariance matrix.
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As soon as the measurement vectorZ(k) is known, then
the FKF’s recursive equations are as follows:

�̂� (𝑘, 𝑘 − 1) = 𝐴�̂� (𝑘 − 1) (12)

𝑃 (𝑘, 𝑘 − 1) = 𝐴𝑃 (𝑘 − 1)𝐴𝑇 +𝑄 (13)

𝐾 (𝑘) = 𝑃 (𝑘, 𝑘 − 1)𝐻𝑇
∗ (𝐻𝑃 (𝑘, 𝑘 − 1)𝐻𝑇 + 𝑅 (k))−1 (14)

�̂� (𝑘) = �̂� (𝑘, 𝑘 − 1)
+𝐾 (𝑘) (𝑍 (𝑘) −𝐻�̂� (𝑘, 𝑘 − 1)) (15)

𝑃 (𝑘) = (𝐼 −𝐾 (𝑘)𝐻)𝑃 (𝑘, 𝑘 − 1) (16)

where �̂�(𝑘 − 1) is the a priori estimate ofX(k),P(k-1) is the
a priori error covariance matrix, K(k) is the Kalman gain,
�̂�(𝑘) is the one-step-ahead estimate,R(k) is the modified
measurement noise covariance matrix, and the adjustment
process ofR(k) will be described in the next subsection.

4.2. Fuzzy Control of the Measurement Noise Covariance.
According to (14) and (15), we can easily infer that the smaller
value ofR(k), the bigger value ofK(k), which means that the
estimation ofX(k) ismore reliance on themeasurement value
and vice versa. In light of this, the value ofR(k) plays an
important role in the filtering process and has an impact on
filtering accuracy. Therefore, the value ofR(k) should change
along with the credibility of measurement value (denoted
by 𝐶𝑚(k)) rather than keeping a constant: the bigger value
of 𝐶𝑚(𝑘), the smaller value ofR(k), and vice versa. In this
study, we can use the sum of the three positioning methods’
importance degree as the credibility of measurement value.

𝐶𝑚 (𝑘) = 𝑤𝐺𝑃𝑆 (𝑘) + 𝑤𝑊𝑖𝐹𝑖 (𝑘) + 𝑤𝐶𝑁 (𝑘) (17)

where wGPS(k), wWiFi(k), and 𝑤𝐶𝑁(k) are the importance
degree of GPS, WiFi, and CN method of positioning at time𝑡𝑘, respectively.

In order to obtain a robust control ofR(k), we adopt
another fuzzy inference model whose input variable is 𝐶𝑚(k)
and output variable (denoted by �r(k)) is used directly in the
equation ofR(k) adjustment.

𝑅 (𝑘) = (1 + Δ𝑟 (𝑘))𝑅 (18)

Considering the above analysis, we can make the fuzzy
rules as follows:

(i) Rule 1: if 𝐶𝑚(k) is very small (VS) then �r(k) is
positive big (PB).

(ii) Rule 2: if𝐶𝑚(k) is small (S) then�r(k) is positive small
(PS).

(iii) Rule 3: if𝐶𝑚(k) is medium (M) then �r(k) is zero (Z).
(iv) Rule 4: if𝐶𝑚(k) is large (L) then�r(k) is negative small

(NS).
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(v) Rule 5: if 𝐶𝑚(k) is very large (VL) then �r(k) is
negative large (NL).

The membership functions for 𝐶𝑚(k) and �r(k) are
shown in Figures 3 and 4, respectively.

According to all these fuzzy rules, we can make out the
fuzzy relation matrix as follows:

𝑅𝑅 = (𝑉𝑆 × 𝑃𝐵) + (𝑆 × 𝑃𝑆) + (𝑀 × 𝑍) + (𝐿 × 𝑁𝑆)
+ (𝑉𝐿 × 𝑁𝐵) (19)

The defuzzification process is also implemented by the
Center of gravity method, which is mentioned in Section 3.2.

4.3. Determination of the Filter Parameters. In this study, the
state vector (denoted byX) of a vehicle consists of its location,
speed, and acceleration. Therefore, the state vector can be
defined as

𝑋 = [𝑠, 𝑣, 𝑎]𝑇 (20)

where s, 𝑣, and 𝑎 represent the vehicle’s location, speed,
and acceleration respectively, then we can obtain the state
transition matrix 𝐴 as follows:

𝐴 =
[[[[[[
[

1 𝑇 (−1 + 𝛼𝑇 + 𝑒−𝛼𝑇)
𝛼2

0 1 (1 − 𝑒−𝛼𝑇)
𝛼0 0 𝑒−𝛼𝑇

]]]]]]
]

(21)
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Table 2: Experiment parameters.

Parameters Value
Maximum vehicle speed 60km/h
Distance between target vehicle and its neighbor (D) 10m
Simulation time 1000s
Sampling time (T) 1s
Maneuvering frequency (𝛼) 1
Initial position of target vehicle (0,0)
Maneuvering acceleration variance (𝜎𝑎2) 0
Measurement noise variance (𝛿𝐺2, 𝛿𝑊2 and 𝛿𝐶2) 1
Initial state (X(0)) [0 0 0]T
Initial error covariance matrix (P(0)) Diag([1000 1000 1000], 0)

where 𝛼 is maneuvering frequency which is determined by
the driving environment.T is the sampling period of the FKF.

In the measurement update stage, we adjust estimation
of the unknown stateX(k) based onmeasurement valueZ(k).
In this paper, we use the composite position as measurement
value. Therefore, the measurement matrix𝐻 can be defined
as

𝐻 = [1 0 0] (22)

The noise covariance matrix 𝑄 describes uncertainty in
FKFmodel, inwhich its goal is to define unknownparameters
in time. The value for𝑄matrix is determined as follows:

𝑄 = 2𝛼𝜎𝑎2 [[
[

𝑞1 𝑞2 𝑞3
𝑞2 𝑞4 𝑞5
𝑞3 𝑞5 𝑞6

]]
]

(23)

where𝜎𝑎2 ismaneuvering acceleration variance.The value for𝜎𝑎2 and 𝑞𝑥 (x = 1,2,. . .,6) is determined as follows [34]:

𝜎𝑎2 = 𝐴max
2

3 (1 + 4𝑃max − 𝑃0) (24)

𝑞1 = 12𝛼5 [1 − 𝑒−2𝛼𝑇 + 2𝛼𝑇 + 2𝛼3𝑇33 − 2𝛼2𝑇2

− 4𝛼𝑇𝑒−𝛼𝑇]
(25)

𝑞2 = 12𝛼4 [𝑒−2𝛼𝑇 + 1 − 2𝑒−𝛼𝑇 − 2𝛼𝑇 + 2𝛼𝑇𝑒−𝛼𝑇
+ 𝛼2𝑇2]

(26)

𝑞3 = 12𝛼3 [1 − 𝑒−2𝛼𝑇 − 2𝛼𝑇𝑒−𝛼𝑇] (27)

𝑞4 = 12𝛼3 [4𝑒−𝛼𝑇 − 3 − 𝑒−2𝛼𝑇 + 2𝛼𝑇] (28)

𝑞5 = 1
2𝛼2 [𝑒−2𝛼𝑇 + 1 − 2𝑒−𝛼𝑇] (29)

𝑞6 = 1
2𝛼 [1 − 𝑒−2𝛼𝑇] (30)

where Amax is the max maneuvering acceleration, Pmax is
Amax’s probability to occur, and 𝑃0 is the probability of
nonmaneuver situation to occur.

Themeasurement noise covariancematrix𝑅 is a diagonal
matrix with zero nondiagonal elements [33]. The quantity of
elements on the principal diagonal depends onmeasurement
noise variance of the positioning devices. In this study,R is
one-dimensional matrix and is determined as follows:

𝑅 = [ 𝛿𝐺2𝛿𝑊2𝛿𝐶2𝛿𝑊2𝛿𝐶2 + 𝛿𝐺2𝛿𝐶2 + 𝛿𝐺2𝛿𝑊2] (31)

where 𝛿𝐺2, 𝛿𝑊2, and 𝛿𝐶2 represent the measurement noise
variance of GPS, WiFi, and CN systems, respectively.

5. Hybrid Location Algorithm

Based on the above system architecture and situations anal-
ysis, FLM method, and FKF approach in Sections 2, 3,
and 4, the main hybrid location algorithm is addressed in
Algorithm 1.

6. Results and Analysis

6.1. Simulation Platform and Parameters. In this section, we
carry out an extensive simulation study on MATLAB plat-
form to evaluate the performance of the proposed scheme,
in which the communicationmodel is the data direct connec-
tion inMATLAB/Simulink.We use a random number gener-
ator to produce the location error of each positioningmethod
(GPS,WiFi, andCN).Themajor experiment parameters used
in this paper are listed in Table 2.

6.2. Other Location Schemes. To show the effectiveness of the
proposed hybrid location scheme, the other three location
schemes are presented for comparison.

(i) Scheme 1 uses an adaptive-weighting locating mech-
anism in Yeh et al. [18] by using the Current Divider
Rule with the variance of the error distance.

(ii) Scheme 2 uses the FLM, which adaptively adjusts
the weight of each positioning method in [18] under
different circumstances.
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Input:
Positioning data of the target vehicle:

GPS(X, Y),WiFi(X, Y), CN(X, Y);
Positioning data of its neighbor:

GPSnei(X, Y),WiFinei(X, Y), CNnei(X, Y);
Distance between the target vehicle and its neighbor: D

Output:
Position estimation of the target vehicle: �̂�(𝑘);

Begin(1) if the positioning data and distance are available then(2) procedure FLM(3) if GPS(X, Y) =WiFi(X, Y) = CN(X, Y) then(4) set 𝑤GPS = 𝑤WiFi = 𝑤CN = 1;(5) else(6) compute s as (1); // the outlier rating(7) compute e as (2); // the absolute error(8) if s and e are not null then(9) compute w as (3); // the importance degree(10) if wx is less than th then(11) set wx = 0, //x is GPS, WiFi, and CN;(12) end if(13) end if(14) if 𝑤GPS, 𝑤WiFi, and 𝑤CN are not null then(15) compute Target(X, Y) as (5); // composite position:(16) end if(17) end procedure(18) end if(19) if w and Target(X, Y) are available then(20) procedure FKF
//iterate at each sampling time (T)(21) compute Cm(k) as (17);(22) compute R(k) as (18) with (31);(23) compute Q as (23);(24) compute Z(k) as (8);(25) compute �̂�(𝑘) as (15);(26) end procedure(27) end if.(28) Return �̂�(𝑘)

End

Algorithm 1: Hybrid location algorithm.

(iii) Scheme 3 integrates the FLM with a conventional
Kalman filter in [14], which keeps the measurement
noise covariance matrix as a constant value.

(iv) Scheme 4 integrates the FLMwith a FKF in this paper.

We will analyze the positioning performance of each
location scheme on the aspects of accumulation error and
cumulative distribution function (CDF) in different cases. As
shown in Table 3, these cases are described as follows.

Case 1. It means the three positioning methods (GPS, WiFi,
and CN) work in normal condition.

Case 2. It means GPS works in bad condition whileWiFi and
CN work normally.

Case 3. It meansWiFi works in bad condition while GPS and
CN work normally.

Case 4. It means CN works in bad condition while GPS and
WiFi work normally.

6.3. Computation Complexity Analysis. The complexity com-
putation of the proposedmethod is mainly relied in the fuzzy
inference part and the base KF part. In general, the number
of fuzzy sets defined in the input and output universes of
discourse and the number of fuzzy rules in the fuzzy rule
basemainly influence the complexity of a fuzzy system,where
complexity includes time complexity and space complexity.
These parameters can be viewed as structure parameters
of a fuzzy control system. It is worth mentioning that the
larger these parameters are, the more complex the fuzzy
system is while the higher the expected performance of
the fuzzy system is. Therefore, there is always a trade-off
between complexity and accuracy in the choice of these
parameters, because the accuracy is relatively proportional to
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Table 3: Location error and accumulation error of GPS, WiFi, and CN for the first 200 meters.

Cases Location error (m) Accumulation error (m)
GPS WiFi CN GPS WiFi CN

Case 1 10 10 10 102.33 104.16 101.49
Case 2 20 10 10 203.39 119.22 117.68
Case 3 10 20 10 104.88 221.47 109.21
Case 4 10 10 20 105.14 113.64 192.41

Table 4: Accumulation error of the proposed scheme and other location schemes for the first 200 meters.

Cases Accumulation error (m)
Scheme 1 Scheme 2 Scheme 3 Scheme 4

Case 1 75.31 67.94 56.24 48.21
Case 2 94.75 88.91 60.68 50.37
Case 3 93.53 81.23 61.84 50.26
Case 4 91.43 79.25 57.82 49.71

calculation complexity. For the proposed algorithm, the KF
part, the computation complexity is constant level while the
computation complexity of the fuzzy system is O(mn) where
m=5 and n=5.

In the light of Schemes 1–4, the experimental result is
all averaged after 200 simulations, which is expressed in
the above Section 6.1. And the theoretical time-consuming
comparison can be expressed that Scheme 3 > Scheme 2 >
Scheme 1, while Scheme 4 is similar to Scheme 3. However, it
is worth mentioning that the proposed scheme is more time-
consuming than the existing ones, but the time-consuming
level of these schemes is constant.

6.4. Accumulation Error. As it is well-known, accumulation
error is an important index to measure the localization
performance of the positioning methods. From Tables 3 and
4, comparing to the three location schemes, the proposed
scheme improves the location precision by combining with
GPS, WiFi, and CN methods. It is clearly that the proposed
scheme keeps the minimal accumulation error in different
cases, which means the proposed scheme has a better perfor-
mance than other schemes, which can be seen at the last row
of Table 4. Moreover, the accumulation error of the proposed
scheme reaches 48.21-50.37 under the different case; that is,
there has no significant difference in these values, and thus
it means that the proposed scheme is robust, though there is
one positioning method extremely unreliable.

6.5. Cumulative Distribution Function. The CDF is defined
as describing the probability that a random variable 𝑋 with
a given probability distribution will be found at a value
less than or equal to x. We adopt the CDF to analyze the
error distance of each positioning method. From Figure 5,
it is easy found that, when the error distance is within
3m, the CDF values of GPS, WiFi, and CN are less than
20%, and the CDF values of Scheme 1, Scheme 2, Scheme
3, and the proposed scheme reach 32%, 49%, 97%, and
99%, respectively, which means that the location error of the
proposed scheme can be controlled within 3m, even though
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Figure 5: The CDF of each positioning method in Case 1.

the location error of GPS, WiFi, and CN methods are 10m
(Case 1). Moreover, it is worth mentioning that the proposed
scheme has more than half of the probability (66%) to meet
the localization requirement for critical safety applications
in VANETs; that is, the positioning need of CDF less than
1m is shown at about 0.66 in Figure 5. In Cases 2–4, from
Figures 6–8, the location error of the proposed scheme also
can be controlledwithin 4m. Based on the above analysis, it is
easy seeing that the proposed scheme has a high positioning
precision, while it shows also that Scheme 4 is the better
choice to utilize the proposed approach when enhancing
GPS+Wifi+CN positioning precision.

7. Conclusion

This paper has investigated a hybrid urban vehicle location
problem in VANETs. Since GPS is themost common locating
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Figure 7: The CDF of each positioning method in Case 3.

method for vehicle position and the network-based posi-
tioning technology (WiFi and CN) should be supplement
to GPS, a fuzzy-based hybrid vehicle locating scheme is
developed by combiningwithGPS,WiFi, andCNpositioning
method, by distributing rationally the weights according
to the creditability of each technology. Furthermore, the
present approach can obtain the better accuracy by adjusting
dynamically the measurement noise covariance via a novel
FKF approach. At last, the experiment results show that the
proposed approach yields the merit over the existing ones.

Data Availability

No data were used to support this study.
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