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Car autonomous driving technology is a key development direction in the future, but road environment
data is relatively complex, and single sensor-driven autonomous driving algorithms have the problem
of insufficient trajectory prediction accuracy. In response to this, this study uses fuzzy information to
construct a fuzzy neural programming network for data processing and uses a fuzzy sample dataset for
training. The multi-sensor autonomous driving tracking algorithm is used to fuse and calculate the
data collected by the sensors. The data are transformed into a Cartesian coordinate system to
calculate the predicted lateral and longitudinal distance, velocity, and acceleration of the tracking
algorithm. The experiments were conducted using an 80 Hz radar sensor, a 72-line lidar, and a 1080p
vision sensor. Two sets of each of the three roadway test environments were used. The initial distance
between the experimental vehicle and the target vehicle was 30m. The results demonstrated that the
distance and speed predicted by the driving tracking algorithm were consistent with the true values,
and the longitudinal distance was 0.34 m and 0.28 m higher than the square root Kalman filtering
algorithm and the extended Kalman filtering algorithm, respectively. The longitudinal velocity
denoising accuracy of the algorithm has been improved by 18.65% and 31.27% compared to other
algorithms. Therefore, the autonomous driving tracking algorithm was better able to maintain a safe
distance than other algorithms, and its acceleration changes were smoother, improving the ride
comfort and safety of the vehicle. The tracking algorithm has a stronger ability to remove noise from
sensors and can adapt to more diverse environments. The designed fuzzy information and multi-sensor
fusion tracking algorithm for car autonomous driving provides a reference for subsequent research on
automotive autonomous driving technology.

Povzetek: Raziskava uvaja tehnologijo sledenja za avtonomno voznjo na osnovi nejasnih informacij in

zdruzevanja vec senzorjev, kar povecuje kvaliteto sledenja in izboljSuje varnost ter udobje voznje.

1 Introduction

In recent years, with the gradual increase in per capita car
ownership, the number of traffic accidents caused by
factors such as distracted driving or violating traffic rules
is constantly increasing [1]. The increase in vehicles has
led to traffic congestion and the efficiency of road traffic
is constantly decreasing. As of January 2024, the amount
of motor vehicles in China has reached 435 million, and
accidents caused by driver issues account for 94% of the
total accidents [2]. The deep improvement of information
technology has made assisted driving and even intelligent
Car Autonomous Driving (CAD) technology a hot
research direction in intelligent transportation [3].
Intelligent driving technology can not only improve road
traffic efficiency, but also reduce accident rates, liberate
productivity, improve people’s work efficiency and travel
comfort, and ensure people's travel safety [4]. Both

domestic and foreign technology companies have
invested plenty of research and development funds in
intelligent driving, promoting the continuous progress of
intelligent vehicles. However, the existing intelligent
CAD technology still has some problems in data
acquisition and analysis of multiple targets, such as single
data acquisition mode, inability to effectively remove
environmental noise interference, and low data accuracy
after data fusion of different sensors. Meanwhile,
prolonged occlusion of sensors or the presence of
multiple vehicles with similar characteristics in the
surrounding area can significantly impair the accuracy of
target tracking and trajectory prediction, thereby
compromising the safety of autonomous driving.
Regarding the issue of sensor data fusion, Nathan et al.
found that excessive task volume in autonomous driving
can lead to imbalanced learning outcomes, and therefore
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proposed a deep multitasking learning model. The model
received input data from different sensors in multiple
locations of the vehicle and used intermediate sensors for
data fusion and semantic segmentation. It could also have
good performance with fewer parameters, occupy less
memory during data processing, and have faster
computing speed [5]. Senel et al. discovered the
importance of sensor data in intelligent transportation and
proposed a modular sensor data fusion framework. This
framework adopted classic data fusion algorithms, using
coordinate change modules and object association
modules. This algorithm had low requirements for the
number and type of sensors, and the data fusion time was
much less than 10ms. It could quickly detect changes in
the external environment and identify sensor faults [6].
Zhang et al. developed a new visual localization method
to solve the problem of insufficient localization accuracy
of autonomous vehicles. This method used the results of
vehicle inertial motion and visual sensor image sequences
to construct a semantic map, and then compared the map
with the database, using neural networks to simplify the
map-matching problem. The vertical and horizontal
positioning errors of this method were 0.017 m and 0.039
m, respectively, and the positioning accuracy met the
predetermined requirements [7]. Wang et al. proposed a
fusion method that optimizes complementary sensors to
address the offset problem in autonomous driving
technology. This method established a global pose map
through a multi-level optimization strategy, obtained the
pose map using radar sensors and visual sensors, used
GPS geographic information, and corrected cumulative
offsets in the optimization layer. The average offset error
of this method was 0.804%, and the average rotation error
was 0.0043 m [8].

Given the problem of multi-sensor data acquisition,
Zaghari et al. found that ordinary methods could not
accurately detect the speed change of autonomous
vehicles, so they proposed a hybrid method of fuzzy
algorithm and NMS algorithm. This method was trained
by establishing a set of safe driving information under
different conditions, and continued obstacle detection
using non-maximum threshold fuzziness. This method
effectively improved detection accuracy and increased
detection speed by 64.41% [9]. Awad et al. found that
noise interference greatly affected the path planning of
autonomous driving, and therefore proposed a
comprehensive  path-tracking control strategy for
autonomous driving. This strategy used a fuzzy logic
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switching system to design and modify the linear model
control parameters to obtain the optimal vehicle turning
angle and angular velocity. This strategy could
effectively eliminate noise interference in the data
acquisition process, significantly improve path planning
accuracy and calculation speed, and perform significantly
better than other tracking control methods [10]. Sun et al.
developed a new dual hidden layer network for path
tracking in autonomous driving. This network outlined
the lateral dynamics and steering angular velocity of
autonomous vehicles during path tracking through their
kinematic models. This network had higher robustness
and faster convergence speed compared to traditional
methods [11].

In summary, existing methods have studied the
issues of multi-sensor data acquisition and fusion, as well
as sensor noise interference removal in intelligent
vehicles from multiple aspects, and have achieved certain
results. However, the accuracy of autonomous driving
path planning can no longer meet the growing demand.
Therefore, this study improves the autonomous driving
algorithm and innovatively introduces fuzzy information
to construct a Fuzzy Neural Network (FNN), converting
the wvertical coordinate system of the wvehicle into
Cartesian coordinates. The Automatic Driving Tracking
Algorithm (ADTA) fuses and analyzes the data from
different sensors to calculate the position correlation
between the intelligent car and the target car. ADTA aims
to improve the accuracy of multi-sensor data fusion, and
enhance the driving safety and riding comfort of
intelligent vehicles. This study has three parts in total.
Part 1 optimizes data collection and data fusion methods.
Part 2 evaluates the performance of optimization
algorithms. Part 3 summarizes the paper and provides the
prospects for future directions.

The current research is limited by certain
shortcomings. When some of the sensors are occluded for
an extended period or when there are multiple vehicles in
the surrounding area that are similar to the target vehicle,
the accuracy of target tracking and trajectory prediction is
significantly diminished. This negatively impacts the
safety of autonomous driving. This research aims to fill
the gap in multi-sensor data fusion and noise interference
removal. Based on the above relevant studies, Table 1 is
summarized, which summarizes the topics of related
studies, the main index methods, and the shortcomings of
related studies.

Table 1: Summary of relevant studies

Author Research theme Main index Mthod Insufficient
Multi-sensor data
Natan O et al. Balance of Memory usage and collectionand The requirements on
[5] learning effect computing speed intermediate sensor data parameters are high

Senel N etal. [6] Sensor data fusion

Data fusion time

fusion
Performance may be
limited when the target
size is large

Coordinate changes,
object associations
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Zhang Z et al. Positioning e
lateral positioning
[7] accuracy
errors
Wang K et al. . Rotation error and
8] Autopilot offset offset error
Zaghari N et al. The spgeq of the Detection accuracy
self-driving car -
[9] and Detection speed
changes
Awad N et al. . Path planning
[10] Noise removal accuracy and

Autopilot path

Longitudinal and

calculation speed

Robustness and

Construct semantic map
and simplify map
matching
Global pose map and
cumulative offset
correction

Non-maximum threshold
ambiguity

Fuzzy logic switching
system and linear model
control parameters
The double hidden layer
neural network plans

High requirements on
the database

The multi-level
computing time is too
long
The requirements for
safe driving information
collection are higher
Face challenges High
precision of control
parameters is required

The prediction accuracy

Sun Z et al. [11] . speed of - is low when the scene is
tracking lateral dynamics and
convergence : . complex
steering angular velocity
Multi-sensor Speed prediction
. fusion and accuracy and Construct FNN and
This study o e . - /
automated driving denoising multi-sensor data fusion
tracking performance

2 Methods and materials

2.1 Intelligent vehicle driving tracking

technology based on fuzzy information

The tracking technology of intelligent CAD mainly
focuses on speed planning research. Based on the
vehicle's surrounding environment and its state, the next
step of the vehicle’s motion trajectory is to calculate
immediately. Fuzzy information is used to construct an
FNN for car speed planning. In the offline learning stage,
FNN extracts rich experience from manual driving and
transforms it into a dataset of fuzzy rules. FNN constructs
a triple FNN model by continuously learning fuzzy rules.
The speed planning of the model is described as the
mapping relationship between the collected state
variables and the output data. The car captures the
velocity and distance information of obstacles while

driving, and the distance X and speed V are fuzzified
into a language variable set as shown in equation (1) [12].

X = (X0 X0 Xpgs X))
{V = (Vi VeV Vs ) M)

In equation (1), Mand N are the quantity of
language variables for distance and speed. The language
variable set for outputting data is equation (2).

€ =(C,,CpnCos'C) @

In equation (2), C represents the language variable
dataset, and t represents the number of language
variables in the output data. Based on the membership
relationship between the collected state variables and the
output data [13], the constructed fuzzy rule table is listed
in Table 2.

Table 2: Fuzzy rules of variables

Xl X 2 X k X m-1 X m
V1 C11 C21 Ckl e C(m—l)l le
V2 ClZ sz Ckz C(m-1)2 m2
Vh Clh Czh Ckh C(m-l)h th
Vn—l Cl(n—l) Cz(n 1) Ck(n—l) C( m-1)(n-1) Cm(n-:l)
Vn Cln CZn Ckn C(m»l)n Cmn
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In Table 2, C, represents the acceleration
language variable obtained by jointly outputting the k-th
distance language variable and the h-th velocity language
variable. The mapping relationship between the collected
state variables and the output data is equation (3).

®3)

In equation (3), C; , X, and V, represent the
maximum membership degrees of language variables
C.,» X,,and V,.A three-layer neural network model is
established based on the rules obtained from the fuzzy
rule table. The number of neurons is defined as the
number of collected states, the neurons in the output layer
are the number of output data, and the neuron in the
hidden layer is i. The hyperbolic tangent function is used
to transfer data between levels, and the Back Propagation
(BP) algorithm is utilized to train the weights and bias
vectors [14]. The model calculates the real-time
acceleration based on the real-time collected velocity and
distance state variables, as shown in equation (4).

a, :tansig(q2 -tan sig (ql-(xt,vt)T +b1)+b2)(4)

In equation (4), T is the time variable. b, and b,
represent the bias vectors of the hidden and output layers
after training. g, and @, are the weight vectors of the

Co = T (X V)
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output and hidden layers after training. a, represents the
normalized real-time acceleration. After detecting
surrounding vehicles, the intelligent car calculates its
real-time acceleration based on the model, allowing the
car following the preceding car while maintaining a
secure distance and speed. The collected state variables
include the relative distance Ax between the intelligent
car and the front car, as well as the relative velocity Av
with the front vehicle.

L AX .. .
The time interval r:A— is increased as the input
v

state variable reduces the dimensionality of the model.
Based on the dataset of manual driving experience, the
membership degree set of relative speed language
variables has been determined as shown in equation (5)
[15].

Av={-5-3-1,0,135} (5)

Table 3 shows the model constructed based on fuzzy
rules that automatically follows the sample set.

Table 3: Sample set of smart car tracking driving

- AV

-5 -3 -1 0 1 3 5
0.25 -1 -1 -2 -2 -3 -3 -5
0.50 -0.5 -1 -1.5 -2 -4 -4 -5
0.75 0 -0.5 -1 -2 -3 -4 -4
1.00 0.5 0 -1 -2 -3 -3 -4
1.25 1 0.5 0 -0.5 -1 -2 -3
1.50 2 1 0.5 0 -0.5 -1 -2
1.75 3 2 1 0.5 0 -0.5 -1
2.00 4 3 2 1 0.5 0 -0.5
3.00 5 4 3 2 1 0.5 0
4.00 4 3 2 1 0.5 0 -0.5
5.00 3 2 1 0.5 0 -0.5 -1
10.0 2 1 0.5 0 -0.5 -1 -2
15.0 1 0.5 0 -0.5 -1 -2 -3

FNN is trained using the dataset in Table 3, and the
intelligent vehicle FNN model is offline modified through
training and self-learning. The modified model is used to
calculate the real-time Acceleration of the Vehicle (AoV).
When driven by driving needs and allowed by the
surrounding environment, lane changing operations can
be carried out in a timely manner [16]. However, the

driving environment of vehicles is complex and fuzzy,
making it difficult to perform lane changing operations
through accurate and standardized information, and the
correlation between road environment and lane changing
intentions is non-linear. The process of learning the
human brain through FNN and simulating the ability to
change lanes for driving is shown in Figure 1.
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Figure 1: Flow chart of FNN lane change

In Figure 1, the language variables of relative speed
and distance are inputted into the model, and the data are
fuzzified to determine whether the surrounding
environment meets the lane changing requirements. If it
is not met, the language variables of the relevant data will
be collected again after the waiting time At. If the lane
change requirement is met, the fuzzy set is calculated to
obtain a specific output fuzzy set. Based on the fuzzy rule
library, the fuzzy set is deblurred to convert the data into
accurate conclusions. When calculating the probability of
lane change, the range of distance distribution between
vehicles and surrounding vehicles is defined as [0, 1], and
the membership range is equation (6) below.

{Axl =[0,0.25,0.5,1]

mg -[02505,0751 O

In equation (6), AX, and AX, are the membership
range of the distance between the intelligent car and the
front-car/vehicleon the left and right lanes. The decision
to perform a lane change operation is determined based
on the intensity of the lane change requirement and the
feasibility of the lane change process.

2.2 Intelligent driving tracking algorithm for
intelligent vehicles based on multi-sensor

data collection

The visual sensor target detection method of smart cars
has poor detection performance in harsh environments
such as dark night, sandstorms, and haze, while the
detection method using radar sensors is less affected by
the environment. However, the sensor target detection
method has weak ability to analyze target categories and
cannot take corresponding measures in a timely manner.

Therefore, visual sensors and radar sensors are combined
for target detection. The Multi-sensor Driving Tracking
Algorithm (MS-DTA) converts the target's motion state
to a Cartesian coordinate system through radar sensors, as
shown in equation (7).

x=r-sin(6)
()

y=r-cos(6)
In equation (7), X, Y,and r represent the lateral
distance, Longitudinal Distance (LGD), and straight-line
distance between two vehicles. Due to the need for radar
sensors to measure the LGD difference and Longitudinal
Velocity (LGV) difference between the experimental
vehicle and surrounding vehicles, the observation amount
at time t of the target is calculated as shown in equation

@).
Q =s=x"(t)+y* (1) +r(t)
Q, =v=X*(t)+y(t) +1,(t)

Q Q,=a = (X(t)_-:(t_l)) +r, (t) (8)
Q,-a, - LD

In equation (8), V is the relative LGV. T
represents the time interval for data collection. I -T,
represents the observation interference at each moment.
a, and a, represent the lateral and longitudinal AoV.
A two-degree of freedom model is used to construct the
vehicle's state sensor. The model ignores the influence of
steering system and air resistance on the vehicle, and
adopts the vehicle dynamics equations of torque balance
and lateral force balance as shown in equation (9) [17].
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I,-9=F-x-F,-x
{,\;I _1 Xl 2 2 (9)

‘a, =F+F,

In equation (9), 1, represents the lateral torque of
the car. @is the vehicle's yaw angle. F and F, are
the lateral forces acting on the front and rear wheels. X
and X, are the lengths from the mass center of the
vehicle to the front and rear axles. a, represents the
lateral AoV. M is the mass of the entire vehicle. The
intelligent car driving tracking algorithm  first
preprocesses the data collected by sensors to determine
the rationality of the data [18]. The algorithm analyzes
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sensor strategy data, distinguishes effective targets and
interfering targets, and compares the consistency of
reasonable target measurements within two cycles. If
both the predicted and measured values of the sensor at a
certain sampling time are less than or equal to the set
threshold, then the measured value is valid and can
update the motion state of the target car. If the predicted
and measured values are greater than the threshold, the
process of judging the consistency of the target car's
motion state is shown in Figure 2.

Target vehicle data

The inconsistency is greater
than the threshold?

|

L>{ Effective target

Elimination
target

State consistency ?

Whether the
target exists?

The consistency
exceeds the threshold?

Jamming target New target

Vehicle trajectory
prediction

Figure 2: Process of judging vehicle motion consistency

In Figure 2, if the motion condition of the target
vehicle in a certain sampling is inconsistent, it is
determined whether the target exists. If it exists, to
determine whether the number of times the measured
value at a certain sampling time is inconsistent with the
target state at multiple sampling times is greater than the
set inconsistency threshold. If it is greater than the
threshold, the target is eliminated; If it is less than the
threshold, the target is considered a valid target. If the
target does not exist, it is determined whether the number
of times the measured value at a certain sampling time is

consistent with the target state at multiple sampling times
is greater than the set consistency threshold. If it is less
than the threshold, the target is considered an interference
target, and if it is greater than the threshold, a new target
is generated. After determining as an effective target,
continuing with target information prediction. The
location of the target car in ADTA is divided into three
categories: in front of the original lane, right lane, or left
lane. The lane relationship between the intelligent vehicle
and the target vehicle is shown in Figure 3.
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Intelligent
car

Figure 3: Lane distance recognition of target vehicle by ADTA

In Figure 3, the sensor is located in front of the
vehicle. Based on the data returned by the sensor and the
Cartesian coordinate system, the vertical distance
between the target vehicle and the intelligent car's
longitudinal axis is calculated to distinguish which lane
the target vehicle is in. In a straight lane, the lateral
distance between two vehicles is calculated as shown in
equation (10) [19].

S =x-sin(gp) (10)

In equation (10), X represents the straight-line
distance between two cars, and @ represents the angle
between the vertical axis of the intelligent car and the
connecting line between the two cars. When the target
vehicle is on the right side of the smart car, ¢ >0, and
when it is on the left side, ¢ <<0. When the vehicle is
driving in a bend, the calculation of the distance S
between the central axes of the two vehicles is equation
(12).

S=R -R,

1 w

—_—=— 11
RV, (11)

R? =R} +X* = 2R, -x-c0s(90" - )

In equation (11), R, and R, are the driving radii
of the target and intelligent vehicles. @ and Vv, are the
lateral velocity and LGV of smart cars. The resolution
method for the target vehicle in the right lane is equation
(12).

1 1 1 1
|XL|+§X1+EX2+X3>S>|XL|+§X1+EX2 (12)

In equation (12), X, represents the distance
between the smart car and the left lane. X, X,, and X,
represent the width of smart cars, lane markings, and
single lanes. The resolution method for the target vehicle
in the left lane is equation (13).

1 1 1 1
|XR|+EX1+EX2+X3>S>|XR|+EX1+EX2 (13)

In equation (13), Xy represents the distance
between the smart car and the right lane line. Accurate
operation of ADTA requires the use of a distributed
information fusion structure, which integrates the
predicted trajectory values of target vehicles calculated
by visual sensors and radar sensors [20]. The structure
uses a fast and simple convex fusion algorithm for target
trajectory fusion, and the calculation of the convex fusion
algorithm is equation (14).

s=[(R) +(R)] (R s +[(R) +(R)] (R) 5. (14)

In equation (14), s, and S, are trajectory data
obtained from visual sensors and radar sensors. K, and
P, are covariance matrices, as shown in equation (15).

Pr=(R)"+(R)" (15)

The MS-DTA runtime framework is shown in

Figure 4.
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Figure 4 Multi-sensor driving tracking algorithm

In Figure 4, the numerical values returned by the
radar sensor are first preprocessed to determine whether
the target data is within the preset accuracy range. If it is
not, the set of data is remeasured and validity is checked
within the range. Then, based on the motion status of the
intelligent vehicle, the effective data is used to perform
certain motion compensation on the target car, and the
lane where the target one is located after motion
compensation is recognized. Finally, the tracking speed
of the smart car is calculated built on the target lane and
real-time motion status. Apollo Scape dataset released by
Baidu is used for trainingin  this research
(https://apolloscape.auto/). The dataset includes scene
analysis, 3D object instance, lane segmentation,
self-positioning, trajectory estimation, detection and
tracking, stereo vision, and other scene related data. The
Track Estimation section contains more than 140K
high-resolution GPS tracks and camera images. These
images have a resolution of 33842710 and cover a
variety of road conditions.

3 Results

3.1 Simulation Experiment of CAD tracking

technology based on fuzzy information

The simulation experiment scenario is set as the target
vehicle traveling at a speed of 18m/s, with an initial
distance of 30 m between the experimental and target
vehicles. The experimental vehicle follows the target
vehicle at the same speed. The front vehicle gradually
slows down with an acceleration of -1 m/s, and after 13
seconds, the target vehicle's speed drops to 5m/s and
continues to drive at that speed. The initial data of the
vehicle in another scenario are the same as the previous
scenario, and the speed of the experimental vehicle
continuously changes with the target one. The data for the
interference experiment are set to add a random velocity
measurement error of about 1m/s, and the distance
measurement error of the sensor fluctuates randomly
within 2m. The results obtained from the simulation
experiment are shown in Figure 5.
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Figure 5: Test of following speed change under different environments

In Figure 5 (a), within 0-10 seconds, the distance
between the experimental car and the target car gradually
approaches as the preceding vehicle decelerates, but the
experimental vehicle quickly adjusts and returns to a safe
distance within 10-20 seconds. When the current vehicle
speed continuously changes, the experimental vehicle can
quickly complete adjustments in a short period of time
and maintain a safe distance at all times. In 5 (b), the

experimental vehicle can accurately recognize the
velocity changes of the preceding car and adjust its own
speed accordingly. In 5 (c), the acceleration of the
experimental vehicle remainswithin a safe range. The
acceleration and distance variation curves of FNN model,
Fuzzy Programming Model (FPM), and Traditional
Programming (TPM) are displayed in Figure 6.
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Figure 6: Acceleration and distance curves of different models

In Figure 6 (a), as the velocity of the preceding car
changes, the acceleration change time of FNN is 0.42s
and 1.03s faster than FPM and TPM, respectively,
indicating that FNN has a faster reaction speed. Moreover,
the acceleration continuous variation curve of the FNN
model is smoother than other models, and the highest
acceleration is also lower than the highest acceleration of

other models, indicating its superior performance and
safety. In 6 (b), FNN has a shorter deceleration distance
and maintains a relatively safe distance of 1.8m and 3.9m
longer compared to FPM and TPM, respectively. The
comparison of FNN's anti-interference ability with other
models is shown in Figure 7.
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Figure 7: Acceleration and distance changes of different models under interference

In Figure 7 (a), the acceleration change of FNN is
significantly better than that of FPM and TPM, and the
average speed of acceleration change with the preceding
vehicle is 0.58 s and 1.67 s faster than the other two
algorithms, respectively. The acceleration variation of
FNN only fluctuates slightly and can maintain a stable
following speed. In 7 (b), the average following distance
of FNN is 2.5 m and 4.1m longer than other algorithms
when the preceding vehicle accelerates, and 2.1 m and
3.8 m shorter when the preceding vehicle decelerates.
The following distance of the model is always within a
safe range and will not leave the preceding vehicle too
far.

3.2 Simulation experiment analysis based on
MS-DTA

The simulation experiment uses an 80 Hz radar sensor
and a 72 line LiDAR, with a visual sensor resolution of
1080p. The vehicle's status is measured in real-time using
a navigator. The experiments are compared with the test

data of SH-EKF, SR-CKF, and RM algorithms under
noise interference. The Root Mean Square Error (RMSE)
of the algorithm can be tested in three environments:
groups 1 and 2 on highways, groups 3 and 4 on urban
loops, and groups 5 and 6 on old neighborhoods. The
MS-DTA algorithm preprocesses and fuses the data
returned by the radar sensor to determine whether the
target data is within the preset accuracy range. If not, the
dataset is remeasured. The valid data are used to perform
certain motion compensation on the target vehicle
according to the motion state of the intelligent vehicle,
and the lane in which the target vehicle is located after
motion compensation is recognized. The real-time
tracking of the intelligent vehicle's traveling speed is
calculated based on the lane in which the target is located
and the real-time motion state. The comparison between
the estimated vehicle yaw velocity and lateral velocity
from MS-DTA and the measured values from the
navigation instrument is shown in Figure 8.
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Figure 8: Yaw velocity and lateral velocity estimation of MS-DTA

In 8 (a), the estimated lateral velocity by MS-DTA is
basically consistent with the actual lateral velocity,
except that at the turning position, the fluctuation of the
estimated value is slightly larger than the actual value. In
8 (b), the estimated yaw velocity of the algorithm has

good consistency with the actual yaw velocity. The
measured values of yaw rate are well centered around the
true value, and the dense part of the measured values is
concentrated at the turning position of the vehicle. The
LGD and LGV of MS-DTA vehicles are compared with
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other algorithms, as shown in the following Figure (9).

° RM
A SR-CKF
Path reality
0.6 - -——  MS-DTA

e o o o
Now x U

Longitudinal distance (m)

o
-

o

15 25
Time (s)
(a) Longitudinal distance

Informatica 48 (2024) 37-50 47

. RM
A SR-CKF
Path reality
1.0
< 05
E
20
38
2 05
2
T 1.0
=
§ 15
2.0 1 1 1 1 1 1 1 ]
0 5 10 15 20 25 30 35 40
Time (s)

(b) Longitudinal velocity

Figure 9: LGD and LGV curves of various algorithms with time

In Figure 9 (a), the data estimated by MS-DTA are
closer to the true value, and the average LGD estimated
by the RM algorithm is 0.37m higher than the true value
on average under noise interference. The average LGD
estimated by SR-CKF and SH-EKF is 0.34 m and 0.28 m
lower than the true value, respectively, and the
fluctuation at the turning is more severe, with a greater
difference from the true value. In 9 (b), the LGV
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variation estimated by MS-DTA is smoother and closer to
the true value. When the preceding vehicle decelerates,
the MS-DTA estimated value is higher, the algorithm
responds faster, and the deceleration is smoother. This
indicates that using MS-DTA for autonomous vehicles is
more comfortable and safer to ride.
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Figure 10: RMSE of LGD and LGV of different algorithms

In Figure 10 (a), during the 5 and 6 experiments, the
system noise is diverse and constantly changing. The
LGD RMSE of MS-DTA is 0.04m and 0.08m lower than
that of SH-EKF and SR-CKF, respectively. However, in
the highway environment, noise interference is stronger,
so its LGD RMSE is 0.03m and 0.06m lower than other
algorithms, respectively. The vertical distance denoising
accuracy of the algorithm is 34.29% and 47.34% higher
than that of SH-EKF and SP-CKF, respectively. In 10 (b),
the average LGV RMSE of MS-DTA is 0.01m/s and
0.02m/s lower than other algorithms, and the LGV
denoising accuracy is 18.65% and 31.27% higher than
SH-EKF and SP-CKF, respectively. This indicates that
MS-DTA can effectively remove external interference,

continuously monitor the trajectory of the preceding
vehicle, and reduce algorithm tracking errors.

To verify the trajectory prediction ability of the
MS-DTA algorithm in real driving environments,
real-vehicle tests are conducted through a variety of
traffic scenarios, including intersections, multi-lane
straight driving, and curved driving. The experiments
show that the MS-DTA algorithm is able to accurately
predict the trajectory of vehicles located in the turning
lane at intersections, and the SH-EKF algorithm has the
case of incorrectly predicting the turning vehicle as
traveling straight. At the same time, the MS-DTA
algorithm is able to effectively predict the future
trajectory of the car based on the historical trajectory of
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the previous car, and the trajectory prediction error of the
vehicle is significantly smaller than other algorithms. To
further verify the performance of the proposed algorithm,
it is compared with baseline algorithms for automatic
driving tracking, including Rapidly-Exploring Random
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Tree (RRT) and the Probabilistic Roadmap Method (PPM)
based on the heuristic node enhancement strategy. The
comparison results are shown in Table 4.

Table 4: Performance comparison between the MS-DTA algorithm and the baseline algorithm

RMSE of the

RMSE of the

. L I Yaw velocit Lateral velocit
Algorithm Ion_gltudlnal Iongltuc_jlnal RMSE y RMSE y
distance velocity
MS-DTA 0.04 0.02 0.04 0.05
RRT 0.07 0.04 0.06 0.09
PPM 0.09 0.08 0.12 0.11

In Table 4, the RMSE of each value of the MS-DTA
algorithm is the minimum. The RMSE of the longitudinal
distance is 0.03 and 0.05 lower than that of the RRT and
PPM algorithms, respectively. The RMSE of the
longitudinal velocityis 0.02 and 0.06 lower than that of
the RRT and PPM algorithms. The RMSE of yaw
velocity and lateral velocity of MS-DTA algorithm is
much different from that of the two benchmark
algorithms, indicating that the proposed MS-DTA
algorithm is more accurate in predicting vehicle trajectory
during turning.

4 Discussion

In recent years, with the continuous development of
information technology, assisted driving or even
intelligent vehicle automatic driving technology has
become a popular research direction in intelligent
transportation. However, traditional intelligent driving
tracking algorithms suffer from low trajectory prediction
accuracy. This study proposes an MS-DTA algorithm
based on fuzzy information and multi-sensor data fusion,
and verifies its good performance in automatic driving
trajectory prediction and noise interference removal
through experimental analysis. The lateral velocity
predicted by the MS-DTA algorithm is basically
consistent with the true lateral velocity of the vehicle,
except that the fluctuation of the predicted value is
slightly greater than the true value at the turning position.
Since the algorithm lags behind when turning and enters
the curve later, it is necessary to increase the lateral speed
of the vehicle to ensure safe driving in the curve. The
intensive part of the transverse angular velocity
measurements are concentrated at the vehicle turning
position to adjust the steering angle and speed of the
vehicle in time. Compared with the deep multi-task
learning model proposed by Natan O et al. [5], the
MS-DTA algorithm's transverse swing angular velocity
and lateral velocity are smaller and closer to the real
values. Itindicates that the MS-DTA algorithm using
multi-sensor fusion is more responsive and safer. After
adding noise interference, compared with the hybrid
method of fuzzy algorithm and NMS algorithm proposed
by Zaghari N et al. [9], the longitudinal distance RMSE

of MS-DTA algorithm gradually decreases with the
diversity and complexity of noise, and the decrease speed
is faster. This indicates that the MS-DTA algorithm for
multi-sensor data fusion has stronger anti-interference
ability, and the accuracy of longitudinal distance
denoising has improved by 34.29% compared to Zaghari
N et al.'s method. Compared with the existing automobile
autopilot trajectory prediction techniques, MS-DTA
algorithm can effectively remove the external
interference, continuously focus on the trajectory of the
front vehicle, and reduce the algorithm tracking error.

5 Conclusion

In response to the problems of complex path planning and
insufficient trajectory prediction accuracy in traditional
ADTA, this study proposed MS-DTA using fuzzy
information and multi-sensor fusion. The research results
indicated that the FNN constructed with fuzzy
information identified the target vehicle's speed change
time, which was 0.42 s and 1.03 s faster than other
models. The relative distance between the predicted path
of the model and the target vehicle was 1.8 m and 3.9 m
longer than other models. The safe distance between the
two vehicles was longer, and they could also closely
follow the target vehicle within the safe distance when
accelerating. The acceleration curve of the model
changed more smoothly, with the highest acceleration
being 0.13 m/s2 and 0.45 m/s2 lower. Under noise
interference, the velocity changes of the model were 0.58
s and 1.67 s faster than other models, and the following
distance was 2.5 meters and 4.1 meters longer than other
models. The vehicle lateral velocity and yaw velocity
estimated using MS-DTA were highly consistent with the
actual measured values. The LGD estimated by MS-DTA
was basically consistent with the true value, and the
average LGD of SR-CKF and SH-EKF were 0.34 m and
0.28 m lower than the true value. The MS-DTA estimated
longitudinal acceleration change of the wvehicle was
smoother, which could enhance the comfort of
autonomous  vehicles. In the noise interference
experiment, the LGD RMSE of MS-DTA was 0.04m and
0.08m lower than other models, and the LGV RMSE was
0.01m/s and 0.02m/s lower than them. There are still
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some shortcomings in this study, such as the fact that
traffic lights are also an important factor affecting vehicle
driving. In the future, research on algorithm detection of
traffic lights will be added to improve the full scenario
application ability of autonomous driving.
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