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Abstract - Autonomous vehicles are vehicles that run
automatically without a driver. Therefore, the vehicle requires
sensors to detect surrounding objects to avoid collisions with other
objects or vehicles. A variety of sensors can be used to support the
system. One of the sensors used is an ultrasonic sensor that has
the reliability and robustness to various light conditions and radio
waves, especially when compared to camera sensors, radar and
lidar. The recent implementation of ultrasonic sensors in vehicles
is limited as a parking guide, so it needs to be developed for
further functions, considering that ultrasonic sonar technology
has advanced with even greater detection and long distances
range. Hence, as a continuation of previous research in ultrasonic
sensor characteristics, this paper carries out the application of
artificial neural network algorithms that get input in the form of
signals that refer to the output signal from the ultrasonic sensors,
which have already assembled into a multi-sensor, which is 8
(eight) ultrasonic sensors positioned around the vehicle, two
sensors in the front, two sensors in the rear and four sensors in the
right and left side of vehicle. The sensors and algorithms will
support the autonomous vehicle system, where if the sensors
detect the obstructive objects, the system will provide an output
in the form of a decision to make the braking order, soft braking,
turning left, turning right, or staying run straight when the front
sensors do not detect a barrier object. This is done in anticipation
of an accident and avoid a collision. Each condition and decision
will be determined by which sensor detects the barrier object.
Input and output will be simulated using the tool of artificial
neural network algorithms, so as to get the most optimal weight
and low error rate.
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I. INTRODUCTION

Autonomous Vehicle is a vehicle that moves and runs
automatically according to predetermined paths and
destinations. On its way the vehicle may meet some objects and
obstacles like other vehicles, pedestrians, or other objects such
as portals and traffic officers. For this reason, sensors and
systems are needed to be able to detect accurately, quickly,
precisely, and smartly. However, the existence of objects
around the vehicle can be dangerous for the object as well as for
the vehicle itself, and may occurs the accident [1]. It is Including
other vehicles in front and back of the vehicle, in running state
or stop. Each condition requires different settings adjusting to
the detected object. In terms of regulation, road managers have
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not yet been prepared for the implementation of this
autonomous vehicle, although the issue and development of
autonomous cars has been touted since the beginning of the last
decade. The policy regarding specific pathways and the rules for
their implementation have not declared significant progress [2].

Various sensors are offered to support the autonomous car
system. There are Lidar system, Radar, GPS, Vision/Camera,
Inertial Measurement Unit (IMU), and other with their
advantages and limitations, as well as ultrasonic sensors which
have recently been widely chosen and considered to their
distance detection range capabilities and its robustness to
weather conditions [3]. An ultrasonic sensor has detection range
(S) by multiplying sound speed (v) to its travel time () and
dividing it by two, indicates the echo of the signal.
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Recently, the existing sensor system is limited to providing
information or signals if there is an object detected and has not
provided complete detection in the vehicle environment, both
front, side and rear. As Medina only provide sensors on the front
side, Silpha adds infra-red sensors on the back side and Marco
also only provides sensors on the front side [4]-[8]. While the
proposed sensor system can adapt dynamically to the speed of
the vehicle, as well as providing braking action when there are
objects in front of the vehicle, considering into the distance of
the object behind the vehicle, which may be another vehicle that

is speeding as well.

Object detection aims to provide information on the
existence of objects that are around the vehicle by taking data
from sensors according to the distance and the detected object
[9]. The data is obtained through the existence of sensors /
detectors located on each side of the vehicle (front, side, rear)
integrated into one in a microcontroller by applying artificial
neural networks in it with the back-propagation method. The
sensor used is a series of ultrasonic sensors that have a long
range with a detection capability of 10 meters. Luciano’s design
has a difference in terms of the use of intelligent system
algorithms. He choose genetic algorithms as controllers and
learning systems [10], [11]. While the proposed system adopts
an artificial neural network algorithm.
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The advantages of this system, ultrasonic sensors can detect
the presence of barrier objects on all sides of the vehicle so the
system built using artificial neural network algorithms can make
a decision to stop the vehicle by braking and also considering
the existence of objects around the vehicle, and controlling the
steer to turn left or right to avoid obstruction objects. The front
and rear sensors are able to adapt to the speed of the vehicle,
where the input voltage to the sensor will increase as well as the
vehicle's speed, so that the sensor's detection range increases as
well. It is done to save the energy absorbed [12], [13].

II. SYSTEM DESIGN

The study was designed using ultrasonic sensors arranged in
an array to detect objects around the vehicle. Consists of a front
sensor array, a side sensor array and a rear sensor array. Front
and rear sensors use perpendicular arrays using Maxbotix
7383HXRL sensors, and side sensors use parabolic or
hyperbolic arrays using 7380HXRL sensors [14]. These sensors
have been tested for their characteristics, and the result has no
far deviation compared to its data sheet given [13].

LF D [CIRF

Fig. 1. Maxbotix Ultrasonic Sensor test and its placements

The range of the front sensors and rear sensors will adapt to
speed. The faster of the vehicle's speed, the farther of the
detection distance of the sensor, by adjusting the maximum
capability of the ultrasonic sensor. During vehicle movement, if
there is a barrier object detected, the system will do the braking
by considering the presence of objects behind the vehicle.

The control system uses an artificial neural network
algorithm that allows increasing the range of the detector when
the vehicle's speed increases. The system design block diagram
is in Fig. 2.
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Fig. 2. Design of System

Hard Braking

MB7383

Braking Driver

Controller Soft Braking
Voltage and
Controller |
Algorithm Go Straight

Steering Driver

|
it

MB7380

Turn Left

Turn Right

2020 Electrical Power, Electronics, Communications, Controls and Informatics Seminar (EECCIS)

III. SYSTEM ALGORITHM

System algorithm designed as the vehicle action due to
sensors detections. Fig. 3 shows how the system works.
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Fig. 3. Flow Diagram of system
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This study uses an artificial neural network (ANN)
algorithm as many of the previous researchers recommendation,
considering that the algorithm is suitable for the application of
barrier object avoidance systems in autonomous vehicles [5]—

(8], [15]-[18].

Ultrasonic sensor as input is designed consisting of:

Front left sensor (LF)

Right front sensor (RF)

Left rear sensor (LR)

Right rear sensor (RR)

Front left side sensor (LSF)
Rear left side sensor (LSR)
Front right side sensor (RSF)
Rear right side sensor (RSR)

e BN U S

The variations of input can be 28 = 256 conditions. This
condition obtained from the normalization of the data of each
sensor in detecting the distance of the object using the method
of labeling - one hot encoding.
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TABLE I. SAMPLE OF INPUT DATA BEFORE NORMALIZATION

LF 950 695 950 920 950 73 950 326 950 204 950 595 950 697 950 929 950 900 950 868 950 695 950 680
RF 174 909 950 950 542 481 950 550 869 784 550 950 292 781 950 950 622 577 950 950 388 £19 950 950
LR 91 145 950 950 950 950 884 515 851 630 950 950 950 950 542 280 607 277 950 950 950 950 523 505
RR 950 950 B59 845 244 526 627 731 751 110 950 950 950 950 950 950 950 950 625 53 378 390 800 765
LSF 115 B85 389 348 358 165 74 332 399 227 450 450 450 450 450 450 450 450 450 450 450 450 450 450
LSR 325 330 400 158 279 445 121 146 78 69 450 450 450 450 450 450 450 450 450 450 450 450 450 450
RSF 247 342 284 120 426 442 247 462 457 481 450 450 450 450 450 450 450 450 450 450 450 450 450 450
RSR 450 450 450 450 450 450 450 450 450 450 432 417 138 201 200 59 226 318 109 357 144 377 473 156

TABLE 1. TABLE II. SAMPLE OF INPUT DATA AFTER

NORMALIZATION
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TABLE III. INPUT VARIATIONS

Variation LF RF LR RR LSF LSR RSF RSR

0

o O OO0 o
O O oo o
o O OO0 o
» O OO0 O
O R = 0O0
o r ORr o

1
2
3
4

254 1 1 1 1 1 1 1 0
255 1 1 1 1 1 1 1 1

Output conditions are determined as follows:
1. Stop/Braking (S/B)

2. Soft braking (SB)

3. Turn left (TL)

4. Turn right (TR)

5. Going straight (GO)

By using the one hot encoding method, the OUTPUT logic
condition stops (10000), soft braking (01000), turn left (00100),
turn right (00010) and go straight (00001).

TABLE III. TABLE IV. SAMPLE OF INPUT AND TARGET

LF
RF
LR
RR
LSF
LSR
RSF
RSR
s/B
sB
T
™R
GO

INPUTS

roOODOODOOOOOROO
oOrOOOCOOCQCOOROR
corOoOOCOCROORKO
CoOoOrROOORCOORKR
~ooOOOOOCOOORODO
OHrODOOOCOCGOHOOGH
corO0OO0O0OQOORORO
COOROOCCOROKR
~rooocoooeocorRRrCO
OrROOOOOCCORKDOR
COHDOOOOCOCGOHEKO
CO0OO0OrROO0OBDORERE
roOOOODOOOKODOOGO
OHrODOOOOHOOO R
C0O0OO0OROCOROOKDO
C0O0OO0OKOCCROOKHR
~rooocoooeroRCO
OrROOOCOOCOKOROR
COOHOOOOHORKO
C0O0rROO0QORORER
mOOOOOQORROQCO
orOoOCOCOCOERROCR
CoOMROOOOKROKO
COOHOOOCOHKNOREM

TARGETS

The hidden layer is determined to 27 conditions adopted
from requirements of outputs. For learning purposes, each
network is weighted by certain activation functions, from the
input to the hidden layer and from the hidden layer to the output
by the feed-forward method. Then the weight of the results of
the learning is evaluated again from the output to the hidden
layer and the hidden layer to the input using the back-
propagation method. Every network has formula shown in (2).

y=2Xn=1 xw+b (2)
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Where y is the output of the ANN, x is an input value, w is weight
of the network, and b is bias.

The design of neural network algorithms is shown in Fig. 4.

OuUTPUT

INPUT HIDDENLAYER

Fig. 4. Neural Network Algorithm Design

IV. SYSTEM TESTING

Testing of artificial neural network models with the
backpropagation method is performed using Matlab software
simulation. The simulation is adjusted to two system designs
which one has 8 (eight) inputs, 27 hidden layers and 5 (five)
outputs as configured in Fig. 5, and the other one is with10
hidden layers added (Fig. 6)
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Fig. 5. System network design 1
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Fig. 6. System network design 2 with 10 hidden layers added
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V. RESULTS

The iteration given in this test is 10,000 epochs, with a
minimum gradient of 1.10°. After reaching the 10,000
iteration, in about 16 seconds, the graphical results shown in
Figs. 7-9. The simulation results show that the comparison of
targets and outputs almost coincide in about 0.93 with single
hidden layer, and in about 0.95 with double hidden layers,
assuming that if the iteration is continued with a higher epoch
value, it will get the results of the target-output comparison
coincide more perfectly, which indicates a smaller error.
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Fig. 7. Regression result of system testing of network 1 and 2

The grey line in both image of fig. 7 denote the ideal result of
system network, where target and output results are in the same
value. So the black lines show us that there are a little deferences
between targets and outputs. It means the little deviation of both
result lines.

Gradient = 0.0065503, at epoch 10000

Gradient = 0.011535, at epoch 10000
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Fig. 8. Gradient graph of system testing of network 1 and 2

The curve of both graphs in fig. 8 shows that the gradient of
network 1 is more linear than network 2. It describes the
linearity of the network 1 reachment.
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Fig. 9. Validation and MSE of system testing of network 1 and 2

A well-trained ANN should have a very low MSE at the end
of the training phase, which in this training, equals to 0.02762
for network 1 and 0.0019267 for network 2. The meaning of
MSE being very small (close to zero) is that the desired outputs
and the ANN's outputs for the training set have become very
close to each other.

VI. CONCLUSIONS

Ultrasonic sensors of Maxbotix MB7383 and MB7380
chosen in the autonomous vehicle system due to its reliability in
detecting objects, especially its long range detection and its
resistance to various lighting conditions, smoke, fog or rain.
These sensors can be arranged in series or parallel to get the
configuration of multipoint detectors on an autonomous vehicle.
Artificial neural network algorithm is very possible to be
recommended in the implementation of an autonomous vehicle
to coordinate the input and output provided and process the data
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according to the learning system applied, in this case the back-
propagation method. The near result value of regression to be
one indicates good system performances.
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