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Abstract—The paper describes the design, implementation, 
and test of an autonomous vehicle navigation system using 
vehicle model and particle filter tracking algorithm. Typically, a 
vehicle navigation system comprises of real-time environment 
perception, vehicle localization, collision avoidance, path 
planning, and path following. In order to achieve the features 
for intelligent autonomous vehicle, a sensor suite of integrated 
inertial measurement unit (IMTJ), GNSS receiver, and 
incremental encoder is developed for vehicle position 
estimation. A map-aided path planning strategy is employed to 
generate a reference route. To this end, a TJMI (User Machine 
Interface) is developed to facilitate the observation of a 
goal-oriented path tracking situation. 

The system utilizes particle filter algorithm to guide the 
vehicle following the planned path in terms of vehicle estimation 
control. The recursive particle filter is able to weight the cells 
and response the angle as well as estimated position information. 
All the sensors are integrated into an embedded computer 
platform and able to assess the autonomous driving capability. 
The test is conducted on campus by installing the sensor suite 
and embedded computer platform into an electric vehicle. 

I. INTRODUCTION 

Autonomous vehicle technology for intelligent 
transportation system applications has promised improvement 
in traffic. In the recent years, many countries and 
manufacturers are vigorously developing car navigation 
technologies. The development of autonomous driving started 
in the 1980s, when Carnegie Mellon University (CMU) 
presented its Navlab project that built complete autonomous 
systems capable of outdoor navigation [12]. Besides, the series 
of competitions sponsored by the U S Department of Defense, 
D A R P A Urban Challenge (DUC) emphasized system 
robustness and stability. To keep developing self-driving 
technology, Google gathered some of the very best engineers 
from the D A R P A Challenges to implement driverless car 
project which is led by Stanford University professor 
Sebastian Thrun[3]. In August 2012, a reliability milestone 
was reached when the fleet of self-driving Google cars passed 
300,000 miles with no accidents. 
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All of the development in vehicle navigation technology 
would require the combination and integration of in-vehicle 
sensors. Nowadays, Global Navigation Satellite System 
(GNSS) is widely used and it provides vehicle position 
information. Additional sensors such as inertial measurement 
unit, wheel encoder, camera, and laser scanner would be 
installed in the autonomous vehicle to get more accurate 
position solution. Therefore, the design, implementation, and 
evaluation of a vehicle tracking algorithm would be an 
important and sustainable issue. 

The related research about vehicle localization and 
positioning estimation method has been proposed and applied. 
A vehicle positioning algorithm based on an interacting 
multiple model ( IMM) filter integrates low-cost G P S and 
in-vehicle sensors to adapt the vehicle model to various 
driving conditions [6]. Although, the E K F offers elegant and 
efficient for localization, the linearization process would cause 
of divergence in a highly nonlinear system. To solve the above 
problems, advanced nonlinear filtering methods such as the 
particle filter (PF) has been proposed [1,2,8,9,11,13]. The 
performance of the vehicle steering motion is also analyzed 
and studied [4,15]. By using the real-time estimation of the 
vehicle’s lateral displacement with respect to the road, the 
steering control systems are provided. This paper attempts to 
integrate the P F tracking algorithm, model probability, and 
in-vehicle sensor to implement the vehicle positioning system. 
The predicted position, the heading angle of the vehicle and 
the estimated Cross-Track-Error (CTE) would be calculated to 
improve the estimation solutions. 

The contributions of this paper are analyzing and 
implementing the particle filter-based tracking algorithm for 
intelligent vehicles and achieving the features of path planning, 
path following, and orientation control. The remainder of this 
paper is organized as follows. Section II describes the vehicle 
models used for the design and simulation analysis. Section III 
introduces the positioning estimation method using particle 
filter tracking algorithm. Mechatronic system and the full 
experiment results are presented in Section IV. Finally, the 
conclusions are offered in the Section V. 

II. VEHICLE SYSTEM AND MODELING 

The autonomous vehicle positioning is concerned with 
vehicle kinematic model for the lateral motion firstly. Such 
a model provided a purely mathematical description of vehicle 
motion and geometric relationship relating to the system 
[7,15,17]. 

The motion model in the L E V (Intelligent Light-Weight 
Electrical Vehicle) we use is the Ackermann motion model as 
shown in Fig.1. We simplify the Ackermann model to the 
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bicycle model [10]. The velocity at the center of gravity (CG) 
is V and angle ß is called the slip angle of the vehicle. The 
steering angle for the front and rear wheels are represented 
respectively by 8f and 8r. The wheelbase of the vehicle 
which is the distance between A and B is defined as 

(Cx,C) 
o 

5f 

Figure 1. Ackermann Motion Model 

The notations and its relationships and the motion model are 
described in the following. The system model is given by (1): 

x' = Cx+Rsin(0') 
y' = Cy-Rcos(0') 

θ' = θ + β 
(1) 

where ( x ' , y ) is the position of the vehicle after the 
movement, ff is the heading of the vehicle after the 
movement, and β is the turning angle of the vehicle which is 
given by (2): 

ß = xtan(Sf) (2) 

where Sf is the steering angle of the front wheels. The 
turning radius R is provided by (3): 

R d 

ß 
(3) 

where d is the distance of the movement. In addition, 
( Cx , Cy ) is the coordination of the turning center which can 
be obtained by (4): 

Cx=x-Rsin(0) 
Cy = y + Rcos(0) (4) 

where ( x , y ) is the position of the vehicle before the 
movement and Θ is the heading of the vehicle before the 
movement. 

If the turning angle ß is small enough which also means 
moving distance d is relatively small, then (1) can be 
rewritten as (5): 

x' = x + dcos(0) 
y' = y + dsin(0) (5) 
θ' = ψ + β)κθ 

III. PARTICLE FILTER TRACKING ALGORITHM 

A. Classical Particle Filter 

The particle filter is alternative nonparametric 
implementation of the Bayes filter, and it approximates the 
posterior probability by a finite number of samples [14]. The 
particle filter uses the sampling-based approximation which 
differs from the way to generate state space. The key idea of 
the particle filter is to represent the posterior probability 
density bel(xt) by a set of random samples. The advantage 

of the sample-based representation is its ability to model 
nonlinear transformations of random variable. 

In particle filters, the samples of state sequences are 
called particles and denoted by 

χ{ : xl
0 :t' = xl

0 ' , x 1 , . . . , x t
 J (6) 

Considering all state sequences, the belief distribution of the 
posterior probability can be presented as: 

bel(x0:t) = p[x0:tu1:t,z1:t) (7) 

To derive a recursive update equation, the belief distribution 
can be expressed as following by Bayes rule and Markov 
assumption: 

p(x0:t,z1:t,u1:t) 
Bayes p(zt x0:t , z 1 ^ ,u1:t )p (x 0: t z 1: t 1 ,u 1: t) 

Bayes 

pfzt u 1: t-1,ut) 

= np(ztx0: t,z1: t_1,u1: t)p(x0: tz1: t_1,u1: t) 

Ma=kov\p(ztxt)p(x0:tz1: t_1,u1:t) 

= Vp{ztxt)p{xtx 0:t_1,z1:^,u 1: t)p{x0:t_1z1:t_1, 

(8) 

(9) 

(10) 

t) (11) 

= np{z t x t)p{x t 

= np{ztxt)p{xt )bel(x 0: t-1) (13) 

The weight of the m-th particle in xt_1 at time t is generated 
by the proportion between target distribution and proposal 
distribution 

[m] target distribution 
w — 

t proposal distribution 

L = £ +t 
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ηp[zt \xt)p(xt \xt_1,ut)p(x0:t_1 \z1:t_1,u1:t_1) 

p\xt \xt-1,ut)p\x0:t-1 \z0:t-1,u0:t-1 ) 

= Vp{zt\xt) 

(14) 

(15) 

Therefore, the belief distribution of the posterior probability 
is shown as bel(x0: t) 

bel{x0:t) = rrwt p(xt\xt-1,ut)p(x0:t-1 z 0: t-1,u0: t-1) (16) 

B. Programming Flow of Particle Filter Tracking Algorithm 

The whole procedure of applying the particle filter to the 
tracking algorithm is described in details including map 
generation, initialization, resampling, and estimation. 

Environment 
Setting 

Vehicle »ate 
InHMzIng 

1 
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• Refines node 
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* Fartele coupling sat 
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Figure 2. Flowchart of Programming Procedure 

• Map Generation 

In the first step of the procedure, the map generation 
creates the tracking route as a reference. Before carrying out 
the experiment, we use the GPS receiver to record the 
traveling with some position information. 

• Initialization 
In the second step of the procedure, vehicle state initialization 
is an essential assignment of initial configuration. Start point 
setting, initial distribution of particle swarm and starting 
reference point searching are three tasks to be completed the 
vehicle initialization. 

Collecting the sensor information such as GPSR and 
IMU (Inertial measurement unit) module, the start point can 
be defined firstly as (initX, initY, initOri) which denote the 
vehicle position and orientation. Next, the particle swarm is 
established by random distribution surrounding the starting 
point. Finally, starting reference point searching decides the 
first tracking node on the desired path. 

• Resampling 

Resampling process in the autonomous vehicle tracking 
algorithm is designed in the way just like the general particle 
filter. The main goal of the resample step is to reselect the 
important particles based on their importance/weights. That is, 
a particle with a larger weight will survive at a higher 
proportion than a particle with a small weight. The 
resampling technique used in the algorithm is called the 
resample wheel. 

beta / 

1 / 

X w n l \ Wn W i 
/ w i / \ 

W3 \ 

index 

index 

Figure 3. Method of Resample Wheel 

Resampling wheel shown in Fig.3 randomly draws new 
particles from the old ones with replacement in proportion to 
importance weight. The particles with a higher importance 
weight will live on, while the smaller ones will die out. 

• Steering Angle Estimation 

In order to control the vehicle, the cross-track error 
function CTE between the vehicle and the corresponding 
segmented path is the judgment for orientation. To 
accomplish this goal, the vector system is utilized to represent 
the problem. 

P 1^x 1 , y 1) u 
P2(x2,y2) 

C(x,y) 
Figure 4. Side Deviation (Cross Track Error) 
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In Fig.4, the current vehicle position is located at C = (x, y) 
and its corresponding segmented path starts from 
P1 - ( x 1,y1) and ends at P2 = (x2,y2) . Both points are (x, y) 
coordinates. Specifically, the projected vector u of R onto 
the segmented path can be calculated by using a dot product 
and obtained in (17). Then, u measures the vehicle’s progress 
along this segment and the denominator normalizes the vector 
length to 1. 

RxAx+RyAy (17) 

where the vector R¥ -x1, R y = y - y 1 , Ax 

and Ay = y2- ■y1. 

If u is larger than 1, it means the vehicle left the segment and 
has to move to the next tracking node. Finally, the cross-track 
error is given by cross product of: 

R A X - R A 
CTE = . y. x y (18) AxAx+AyAy 

CTE is defined as the distance between the reference 
trajectory and the car. The input of the controller is the digital 
map, which is the latitude and longitude of some landmarks 
on campus. The steering angle is shown in (19): 

Sf(t) = -KPxCTE(t) 

-KDx[CTE(t)-CTE(t-1)~]-KI x Σ CTE(t) 
(19) 

where C T E is the cross track error obtained from the error 
calculated by the segmented path tracking, , , are the gains 
of P control, D control and I control respectively. 

IV. SYSTEM IMPLEMENTATION AND EXPERIMENTS 

• Vehicle Mechatronic System 

The mechatronic system can be particularly divided into 
four parts: embedded real-time controller, I /O modules, 
sensor modules, and driving modules shown in Fig.5. 

5 
Digital output 
N19474 3 

< 
-.1 

Magnetometers 

Vehicle Communicat ion 

Laser rangefinder 

LabVIEW graphical programming tools. The GNSS 
measurements are collected by using NovAtel OEM6 and 
Trimble BD970 receiver to provide GPS position, velocity 
and attitude. The incremental encoder ELK is used to apply 
on motion systems where the velocity is measured at a fixed 
sampling frequency. 

The MEMSense MAG3 is a 6-DOF analog inertial 
measurement unit providing triaxial analog outputs of 
acceleration, rate of turn, and magnetic field data. The 
ADXL320 is a low cost, low power, complete dual-axis 
accelerometer and it is equipped on the steering wheel to 
measure steering angle. 
• Experiment Result 

The recursive particle filter tracking algorithm has been 
designed to implement the unmanned autonomous vehicle 
navigation. The vehicle in this experiment is an intelligent 
light-weight electrical vehicle (LEV). This system integrates 
the information from inertial measurement unit (IMU), 
encoder, and GPS to make the vehicle move as planned. 

The system utilizes the IMU to detect the inclination of 
the vehicle and measure the azimuth angle. As to the velocity 
estimation, it uses GPS information to compensate the 
velocity sensor because the variations in the latitude and 
longitude can be used to estimate the velocity as well. The 
experiment was performed at the Tzu-Chiang campus of 
National Cheng Kung University, as shown in Fig.6. 

Figure 6. Experiment Environment 

In the process of particle filter tracking algorithm, the 
initial distribution of particle swarm is shown in Fig 7. It is 
clear that initial particle swarm is in the form of random 
distribution in a circle with a 50 square meters area. 

Figure 5. Hardware System 

The vehicle used to conduct the experiment is a LEV 
equipped with multi-sensors. The particle-based positioning 
is implemented in a NI CompactRIO(cRIO-9014) which is 
an embedded real-time controller and programmed with NI 
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120 
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Figure 7. Initial Particle Swarm 
After completing initialization, the procedure would get into 
the resampling stage. Reselecting the important particles 
based on their importance, the particles would be 
redistributed with the same numbers as before. In Fig. 8, the 
result of particle redistribution after completing a circle-run 
experiment. Most of the particles moved to congregation and 
related to the distance between estimated position and 
trajectory. 

Figure 8 Reselecting Particle Swarm 

In Fig.9, the experiment took place at a square-shaped 
trajectory with the measurement information of GPSR, IMU 
and encoder. The positioning results of the experiment 
contain four data: real road, estimated trajectory (PF), and 
measured trajectory (GPS), respectively. 

Figure 9. Trajectory Results 

The blue line denotes the true trajectory in real world. 
The red line and black line are the trajectory of PF estimation 
and GPS positioning solutions. In the dynamic state 
estimation using particle filter tracking algorithm, the 
measurement data is based on the GPS and IMU solution. 

In Fig.10, it is clear that the vehicle position state 
estimation (Red line) exactly distributes on the reference path 
(Blue line) after the predictions are calibrated by the 
measurement information (Black line). Furthermore, the 
extent of estimation error is expected and acceptable during 
the whole experiment process. 

Figure 10. Trajectory Results (Enlarged) 

Fig11. describes the tracking error of the distance 
between the PF estimation and real trajectory in longitudinal 
direction, lateral direction, and integrated direction. Under 
this limited condition, the total distance error range from 0.1 
meter to 1.9313 meter which is less than half-road width. 
Hence, we can say with confidence that this tracking 
algorithm is applicable in autonomous driving with path 
following. 

Figure 11. Position Error of Estimation 

In Fig.12, three curves are illustrated: Black line is the 
measurement collected from the inertial sensor (G-sensor) 
equipped on the steering wheel; Red line is the turning angle 
response computed by the particle filter tracking algorithm, 
and Blue line is the turning angle response without particle 
filter correction. 

It is evident that the response with PF tracking algorithm 
is superior to the one without PF tracking algorithm, and the 
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maximum error of the turning angle has achieved as much as 
10 degrees. The reason is that PF tracking prediction of 
particle moving has taken the turning error into consideration 
after implementing and revising the measurement. Therefore, 
the steering response obviously has a better fitting to actual 
measurements. 

Figure 12. Steering Angles Comparison 

V . CONCLUSION 

In this paper, the vehicle model with particle-based 
tracking algorithm into vehicle positioning estimation has 
been analyzed and integrated. The vehicle navigation system 
has accomplished the features of real-time environment 
perception, vehicle localization, and path planning, and 
orientation control. The knowledge-based information such 
as digital map and real-time sensor-based information such as 
G P S , I M U , and encoder has been adopted into the tracking 
procedure for the estimation of vehicle positioning prediction 
and calibration. 

The particle filter is adopted which using sampling 
probability approximation approach to achieve the estimation 
of vehicle localization and error revision. Building on the N I 
Labview software platform, the Graphic H M I provides a 
visualization of a user-friendly and monitoring system. All of 
the sensor suite and hardware module are equipped on an 
L E V with multi-modules for receiving from or sending 
signals to various sensors. 
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