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Collision avoidance systems serve as a major aspect of autonomous vehicles, while sensors form a crucial
section of collision avoidance systems. The challenge of assembling sensors that can perceive the
environment in a manner similar to human senses is being continuously explored by researchers to
enhance the abilities of collision avoidance systems; more affordable and simpler methods are also being
considered to reduce their complexity. This paper considers sensor fusion of radio detection and ranging
(RADAR), Range finder light detection and ranging, and Ultrasonic sensors for a collision avoidance
system. The concept of this paper is to exclude vision sensors from the fusion method. While vision
sensors have been considered a fundamental sensor for collision avoidance systems by many researchers,
the flaws of vision sensors when detecting transparent objects or under poor visibility conditions cannot
be ignored. At distances below 1 m, the RADAR sensor will be rendered inactive, while at distances above
15 m, the ultrasonic sensors will be rendered inactive. All sensors are active at distances between 1 m and
15 m. The fusion method in this paper establishes an algorithm for sensor-fusion of the three sensors
based on their linear accuracies.

Categories: Automotive Safety and Crashworthiness
Keywords: sensors, sensor-fusion, ultrasonic-sensor, lidar, radar, collision avoidance, autonomous vehicles, weighted
fusion, complementary fusion, object detection

Introduction

The incorporation of advanced technologies in vehicles has improved the protection afforded to vehicle
occupants and pedestrians significantly. These have reduced road accidents despite increase in the
number of vehicles and mobility [1]. These new capabilities have profound global impacts that can
significantly change how the society operates. With an estimated 10 trillion automobile miles driven every
year, there are still complex conditions that can present significant problems for self-driving cars [2].
There have been events to showcase major achievements in autonomous vehicles over the last three
decades. In 1995, Carnegie Mellon University’s Navigation Laboratory demonstrated progress with a 5000
km drive across US on 98% autonomous driving [3]. Others include the Intelligent Vehicle Future
Challenges from 2009 to 2013 [4], Hyundai Autonomous challenge in 2010 [5], the Vislab Intercontinental
Autonomous Challenge in 2010 [6], the Public Road urban Driverless Car Test in 2013 [7], and the
autonomous drive of the Bertha-Benz historic route [8]. Most notable of these include Google Self-Driving
car (Waymo), Tesla’s Autopilot system, and Uber’s self-driving technology which are already in
commercial use with known issues [9,10]. With such possibilities and danger involved, the most important
aspects of the self-driving cars/autonomous vehicles can be considered to be the ability to avoid accidents.
The human senses of vision, hearing, and smelling are crucial senses in avoidance of accidents or major
road issues and the biggest tasks of self-driving cars is the availability to get sensors that can perceive the
environment like the human senses. In this paper, we consider a sensor suit that excludes vision sensor
and we test their accuracies in detecting opaque and transparent objects with the aim of generating a
fusion-logic for the three sensors. It is important to note that vision sensors or cameras make up a large
section of autonomous sensing capabilities. Vision sensors are extremely important in navigation.
However, its weaknesses can be devastating when collision avoidance is considered. Vision sensor will
usually fail when they have to detect transparent objects or objects that are perceived to be transparent,
part of the environment, or closer than they appear on the image [11]. Such example can be a large truck
with a sky blue colored cargo section, which may be interpreted as the sky instead of an object within
range. Such flaws from vision sensors have made us consider how well other sensors will perform when
the vision sensors fails. For this paper, we considered three sensing technologies to be fused together,
which are radio detection and ranging (RADAR), light detection and ranging (LiDAR), and Ultrasonic
sensors. This paper seeks to achieve high object detection accuracy from the fusion of three sensors and to
also provide a theoretical model for the sensor fusion algorithm.
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Sensors and actuator-based embedded technologies have been used for years to develop responsive
environments [12]. Data from multiple sensors can be collected to develop better and efficient systems.
Types of sensors used for autonomous driving are object detection sensors and the most common ones are
ultrasonic sensors, RADAR, LiDAR and Vision sensors [13]. Ultrasonic sensors are devices that generate or
sense ultrasound energy. Ultrasound is generally regarded as sound signals of frequency as high as 40 kHz.
Ultrasonic sensors function in three broad categories: transmitters, receivers, and transceivers.
Transmitters convert electrical signals into ultrasound, receivers convert ultrasound into electrical
signals, and transceivers can both transmit and receive ultrasound [14]. Because ultrasonic sensors use
sound wave, they work in applications where light emitting sensors may fail. Ultrasonic sensors function
properly under various weather conditions and can be considered to be highly reliable. Ultrasonic sensors
provide solution for transparent object detection and for liquid level measurement.

RADAR sensors use radio waves for object detection. RADAR sensors transmit high-frequency
electromagnetic waves and receive the reflection of the waves to estimate the position and velocity of the
objects within range [15,16]. As with other range sensors, the distance of the object within range is
determined using the temporal delay between the transmitted and received signals. However, with
RADAR sensors the velocity of the object can be calculated using Doppler Effect, which considers the
frequency shift of the reflected waves in respect to the transmitted waves. A RADAR sensor can use
continuous waves (CW) which are electromagnetic waves with constant amplitude and frequency. Using
CW, only the speed of the object can be measured using Doppler Effect [15,17,18].

LiDAR technology enables the accurate determination of an object’s attributes. LIDAR makes use of light
waves, which are at shorter wavelength regime compared to radio waves, and hence has potential to
achieve higher precision in 3D sensing. LiDAR is widely used in metrology [19] and increasing popularity
in automobile collision avoidance system. LiDAR’s high resolution is valuable for identifying objects and
can provide static maps for the immediate environment as well as identify moving objects [13].

Vision sensors are cameras or image generating devices with image identification abilities. This type of
sensor often relies on image-related processes for extracting useful information about environment and
obstacles. There are several advantages of visual sensors; such as smaller equipment size and light weight.
Vision sensors have a size advantage compared to other sensors as they can be built much smaller;
however, they require larger processor capability to interpret their data [20]. Depending on visibility, an
object can appear as a small, low-contrast dot and does not change remarkably until it gets very close to
the vehicle which can lead to an unavoidable accident.

The environment perception of different sensing technology is based on their principles of operation.
There is not a single type of sensor that can perfectly simulate the human mind while driving, and hence
the need for sensor fusion. Sensor fusion involves combining the capabilities of multiple sensing
technologies for a better output performance. Ultrasound sensors can work in different weather
conditions but typically have very limited range for compact models; RADAR sensors have long range but
poor resolution, while LiDAR sensors have good resolution with mid-level range, but offer poor resolution
in bad weather. In order to have the best sensing results, more than one type of sensing technology is
required.

The main environment perception conditions considered in sensor fusion are range, range resolution,
angular resolution, performance under different weather conditions and dark mode/night vision,
color/contrast effect. All these conditions are crucial for autonomous driving technology, however, for the
Collision Avoidance; with primary focus on object detection, color or contrast of the object are not
primary concerns. Table / shows a comparison of these conditions for the common range sensing
technologies [15], where + is good, - is poor and o is not applicable. Range simply refers to the maximum
distance the sensor can cover in terms of linear distance. Range resolution refers to how sensitive the
sensor is in determining little changes in the position of objects within range. Angular resolution refers to
the ability of the sensor to distinguish or characterize small details on the objects within range.
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Sensor

a. Range

o

. Range resolution

o

. Angular resolution
d. Bad weather

e. Night mode

f. Bright daylight

g. Color/contrast

>0

. Radial velocity

RADAR

++

++

++

++

++

LiDAR

++

++

++

Vision

++

++

TABLE 1: Comparison of environment perception for three different sensors [15]

(-): Poor performance; (+): good performance; (0): not applicable. RADAR, radio detection and ranging; LiDAR, light detection and ranging

Sensor

a. Range

b. Range resolution
c¢. Angular resolution
d. Bad weather

e. Night mode

f. Bright daylight

g. Color/contrast

h. Radial velocity

Table 2 shows the comparison of sensors with the addition of ultrasonic sensors. From Table 2, we can see
that the advantages of ultrasonic sensors can add to the efficiency of sensor suites during poor visibility.

RADAR

++

++

++

++

++

LiDAR

++

++

++

Vision

++

++

Ultrasonic

++

++

++

TABLE 2: Comparison of environment perception of different sensors (four sensors)

(-): Poor performance; (+): good performance; (0): not applicable. RADAR, radio detection and ranging; LIDAR, light detection and ranging
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There are multiple sensor-fusion methods to consider based on the desired application of the sensors.
Three common types of sensor fusion methods will be discussed briefly which are late fusion,

complementary fusion, and weighted fusion.

Late sensor fusion, also known as decision-level fusion, involves processing data from individual sensors
independently to generate separate decisions or outputs. These decisions are then combined at a higher
level using methods such as voting, averaging, or more sophisticated techniques like fuzzy logic or
machine learning. Each sensor processes data independently, often optimized for its specific modality.
Applications include: medical diagnostics, such as combining decisions from MRI, CT scans, and lab tests;
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multimodal biometric systems, such as combining fingerprint, face, and voice recognition; and
autonomous systems, such as integrating LiDAR, camera, and RADAR outputs [21].

Complementary sensor fusion combines data from sensors that measure different aspects of a system,
with little or no direct overlap in the information provided. The goal is to create a more complete
understanding of the system by integrating complementary datasets. A typical example of complementary
fusion can include data from an accelerometer, which provides short-term dynamic information, and data
from a gyroscope, which provides angular velocity, and together they provide accurate motion tracking.
Complementary fusion is utilized in areas such as attitude and orientation estimation in drones, which
requires combining accelerometer and gyroscope data. It is also utilized in autonomous vehicles, which
can combine LiDAR for precise object detection and cameras for scene understanding [22].
Complementary sensor fusion requires using each sensor in its specific area of strength for particular
obstacles/scenarios.

Weighted sensor fusion assigns different weights to the outputs of multiple sensors based on their
reliability, accuracy, or importance. The fused result is a weighted combination of the sensor inputs,
ensuring that more reliable sensors have a greater influence on the final outcome. Weights can be static
(predefined) or dynamic (adapted based on real-time conditions). It prioritizes high-quality or more
reliable sensor data. Weights can be determined using statistical measures or error models. It enhances
robustness and reduces noise or inaccuracies from less reliable sensors. Applications include: navigation
systems with GPS and inertial sensors using weight-based priority dependent on signal quality;
multimodal systems such as image sensors and LiDAR fusion with weights adjusted for lighting conditions
[23]. These weights can be dynamically adjusted based on the environmental conditions or

sensor performance. Equation (1) is commonly used for weighted fusion [24],

N
Ty = Z w;x; (1)
i=1

Where xsis fused estimate, x; is measurement from the ith sensor, Wj is the weight for the ith sensor and

satisfying, and N is the number of sensors. The weight for each sensor can be obtained through inverse
variance, Equation (2) [25].

1
w; = Uiz 2
S @
j=1 a?
Where is the variance (or uncertainty) of the ith sensor.

Materials And Methods

Materials

The sensors used for this research are Ultrasonic, LIDAR and RADAR sensors. Figure I(a) shows the
Ultrasonic sensor; Level Metre KEJUNCS501 (Kejun, China). It has a range of 0 to 20 m and comes with an
LCD display, which shows the distance relative to the maximum distance and comes with 4-20 mA
communication protocol and also offers RS485 communication protocol. The baud rate of the sensor can
be configured within the ranges of 300-38,400 and offers an instrument calibration system. The LiDAR
sensor used is a mid-range sensor that can measure distance up to 100 m; the TF03-100 Range Finder
LiDAR sensor (Benewake, China); see Figure 1(b). It is a budget LiDAR sensor and only works as a distance
measuring device, which does not provide a 3D perspective view of the environment. This LiDAR sensor
senses only the range of the objects in its path. It comes with both UART and Controller Area Network
(CAN) communication protocols and provides a maximum baud rate of 115,000 on UART and 1 Mbaud on
the CAN protocol. It requires a 5 V power supply which can be connected via USB to a computer.

FIGURE 1: (a) Level Meter KEJUNCS501 Ultrasonic sensor, (b) TF03-100
Range Finder LiDAR sensor, and (c) ARS408-21 RADAR sensor

RADAR, radio detection and ranging; LiDAR, light detection and ranging

The RADAR sensor is ARS408-21-12 V DC (Continental Corporation, Germany); see Figure I(c). It is a
Frequency Modulated Continuous Wave (FMCW) RADAR that comes with CAN communication protocol
and has a speed of 1 Mbaud. It is equipped with a microprocessor capable of detecting and processing data
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Actual distance (m) RADAR
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1.8

2.4
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3.6

4.2

4.8
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15

20

30

40

50

1

1.2

1.6

24

2.6

3.6

4.2

5

9.8

15

19.4

29.2

40.8

49.6

of multiple objects in real time with the capability of detecting objects 250 m away and the velocity of the
object in view [26].

Method

Data from the sensors were obtained through field testing. The field testing was used in a similar method
to how optical testing is used for vision sensors [27]. Three different objects were used, covering opaque
objects and transparent objects as discussed in [26]. Objects were targeted within the range of 0.6-50 m.
This was done to identify the accuracy and strength of the sensors at different distances.

The linear nature of the experiments suggests that weighted fusion will be most appropriate for these
sensors. After collating the results from the accuracy testing, we assigned weights or priority for each
sensor based on the range in question. The average margin of error when the sensors are used by the
fusion method was evaluated using Equation (3),

1”
A== |3
RZ;MM)

Where q; is the ith error margin for n number error margins considered for the fusion algorithm.

Results

Tables 3-5 show results and the error margin taken from the three different sensors for object distances of
0.6-50 m. Results from five different ranges are presented here for analysis. Figure 2 shows the data
observed at 0.6 m, Figure 3 shows data observed at 4.8 m, Figure 4 shows data observed at 15 m, Figure 5
shows data observed at 20 m while Figure 6 shows data observed at 50 m.

Key findings from our results show that the RADAR sensor struggled only at distances below 1 m, while
the Ultrasonic sensor, which had a maximum range of 20 m, could not effectively measure target objects
above 15 m. For the LiDAR sensor, it struggled with transparent object at distance below 1 m and distance
above 20 m.

RADAR error margin (%) LiDAR LiDAR error margin (%) Ultrasonic Ultrasonic error margin %

-66.67 0.64 -6.67 0.591 1.5

0.00 1.24 -3.33 1.174 2.166667
1.1 1.84 -2.22 1.769 1.722222
0.00 2.42 -0.83 2.359 1.708333
13.33 3.03 -1.00 2.932 2.266667
0.00 3.635 -0.97 3.529 1.972222
0.00 4.23 -0.71 4.115 2.02381
-4.17 4.84 -0.83 4.703 2.020833
2.00 9.55 4.50 9.751 2.49
0.00 16.69 -11.27 14.652 2.32
3.00 19.97 0.15 11.36 43.2
2.67 29.88 0.40

-2.00 40.04 -0.10

0.80 50.09 -0.18

TABLE 3: Results from measurements taken from all sensors for light brown object

Ultrasonic sensor has a maximum range of 20 m. RADAR, radio detection and ranging; LiDAR, light detection and ranging
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Actual distance (m)
0.6
1.2
1.8
2.4
3
3.6
4.2
4.8
10
15
20
30
40

50

RADAR RADAR error margin %

1

1.2

1.8

22

4.8

9.8

14.6

19.8

29.6

40

49.6

-66.67

0.00

0.00

8.33

0.00

-11.11

4.76

0.00

2.00

2.67

0.00

0.80

LiDAR

0.655

1.275

1.82

242

3.015

3.635

4.245

4.85

9.55

14.67

19.93

30.07

40.03

49.5

LiDAR error margin %
-9.17
-6.25
-1.11
-0.83
-0.50
-0.97
-1.07
-1.04
4.50
2.20
0.35
-0.23

-0.08

Ultrasonic

0.6

1.19

1.763

2.35

2.93

3.54

4.112

4.702

9.756

14.649

11.39

Ultrasonic error margin %
0
0.833333
2.055556
2.083333
25333333
1.666667
2.095238
2.041667
2.44
2.34

43.05

TABLE 4: Results from measurements taken from all sensors for black colored object

RADAR, radio detection and ranging; LiDAR, light detection and ranging

Actual distance (m)
0.6
1.2
1.8
2.4
3
3.6
4.2
4.8
10
15
20
30
40

50

RADAR RADAR error margin %

1

1.2

1.8

24

2.8

3.6

4

4.6

9.6

14.8

19.8

29.2

40.2

49.8

-66.67

0.00

0.00

0.00

6.67

0.00

4.76

4.17

4.00

2.67

-0.50

0.40

LiDAR

DND

1.56

1.97

2.76

9.54

14.69

20.12

DND

DND

DND

LiDAR error margin %

-30.00
-9.44
-15.00
-4.33
-5.83
-4.05
-5.00
460
2.07

-0.60

Ultrasonic Ultrasonic error margin %

0.586

1.181

1.754

2.349

2.929

3.517

4.102

4.69

9.756

14.635

11.76

2.33

1.58

2.56

212

2.37

2.31

2.33

2.29

2.44

2.43

41.20

TABLE 5: Results from measurements taken from all sensors for transparent object

DND, Did not detect; RADAR, radio detection and ranging; LIDAR, light detection and ranging
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FIGURE 2: Accuracy chart for object distance of 0.6 m

FIGURE 3: Accuracy chart for object distance of 4.8 m

FIGURE 4: Accuracy chart for target object distance of 15 m

FIGURE 5: Accuracy chart for target object distance of 20 m

FIGURE 6: Accuracy chart for target object distance of 50 m

Discussion
Sensor fusion architecture

The linear nature of the experiments makes a compelling argument for weighted fusion to be the most
appropriate for this sensor-fusion. However, given the specific display of strength and weaknesses at
different ranges; a hybrid combination of complementary and weighted fusion is deduced. This allows all
sensors to be fully weighted in their range of priority and become inactive at the ranges where they have
poor accuracy. The sensor fusion architecture obtained for the data acquired is shown in Figure 7.

RADAR sensor is inactive for any data output below 1 m, but it will serve as the priority sensor for all
distances above 1 m. The LiDAR sensor, due to its inaccuracy with transparent objects, will be considered
as the second option for distance of 0-1 m, third option for distances between 1 m and 15 m, and second
option at distances above 15 m. The ultrasonic sensor is the priority sensor for distances below 1 m and
the second option for distance of 1-15 m; its data will be classified as inactive for distances greater than
15 m. In order to have an efficient sensor fusion architecture for collision avoidance, it is important to
note that a split second can be vital in avoiding a collision, and therefore it is desired that all sensors
should be able to feed data to the collision avoidance logic center in parallel. With the sensor fusion
architecture proposed in Figure 7, we can make a mathematical logic expression in Boolean algebra:

We consider sensor X, Y, and Z as RADAR, LiDAR, and Ultrasonic, respectively, and the range categories as:
a, b, ¢, where a represents range of d < 1 m, b represents a range of 1 < d < 15 m, and c represents d > 15 m.
According to our desired logic we will have a logic table as shown as below:

r y z  frused
a 0 1 1 1
)
1 11 1
c 1 10 1

This is due to the fact that some sensors are rendered inactive at certain ranges, which gives them a
weight of 0 at those ranges, but the ones that are active are not utilized on a weight scale, but rather based
on priority and availability of data.

FIGURE 7: Sensor fusion architecture

RADAR, radio detection and ranging; LiDAR, light detection and ranging
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Mathematical expressions for ranges a, b, and c for the three sensors are as follows:

If distance recorded by LiDAR and Ultrasonic sensors are below 1 m (Category a), then the logic will be as
follows:

dfused = dRadar (WEZght * 0)+dLiDar (Wezght * 1)+dUltrasonic (Wezght * 1) =1
®)

If distance recorded by RADAR and LiDAR are in the range of 1 < d < 15 m (category b) then all data from
any sensor will be utilized with the expression below:

dfused = dRadar (W@Zght * 1)+dLiDar (W@Zght * 1)+dUltrasonic (W@Zghf * ]-) =1
(6)

If the data recorded by the RADAR and LiDAR sensors are above 15 m (Category c) then the data from the
ultrasonic sensors are invalid to the logic center with expression below:

dfused = Aradar (Weight x 1)+dripar (Weight * 1)+duirasonic (Weight «0) =1
)

While weights can be assigned to each sensor based on variance in accuracy, however, due to the nature of
CAS systems and complimentary fusion desired, it is important that all sensors have equal weight for data
published to the control unit.

Conclusions

It can be concluded that introducing a mid-long range Ultrasonic sensor can greatly improve the
efficiency of a collision avoidance system within the established working range of the sensors. With a
collective accuracy above 97% within their range of strength, the sensor suite of Ultrasonic, LiDAR, and
RADAR sensors can efficiently detect all objects in their path when fused together.

With the results from the sensor fusion, it shows that non vision based sensors can operate at high-level
accuracies and can serve as a perfect backup system to vision based sensors or be deployed independently.
They are also less susceptible to being deceived by illusions and will also perform excellently under poor
visibility and weather conditions. If incorporated in vehicles, this can nearly eliminate road accidents
caused by drivers’ inability to respond on time. The simplistic nature of the fusion algorithm also reduces
the chances of computer software/hardware failure, therefore providing a very durable platform for
collision avoidance.

In terms of sensor fusion, more research should be conducted under environments that can simulate
different weather conditions, which have the potential to limit the efficiencies of the sensors, thereby
providing a better platform for more fusion methods.
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