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Abstract: Interest in advanced driver assistance systems (ADAS) is booming in recent years. One
of the most effervescent ADAS features is blind spot detection (BSD), which uses radar sensors or
cameras to detect vehicles in the blind spot area and alerts the driver to avoid a collision when
changing lanes. However, this kind of BSD system fails to notify nearby vehicle drivers in this blind
spot of the possible collision. The goal of this research is to design a proactive bus blind spot warning
(PBSW) system that will immediately notify motorcyclists when they enter the blind spot or the area
of the inner wheel difference of a target vehicle, i.e., a bus. This will increase the real-time functionality
of BSD and can have a significant impact on enhancing motorcyclist safety. The proposed hardware
is placed on the motorcycle and consists of a Raspberry Pi 3B+ and a dual-lens stereo camera. We
use dual-lens cameras to capture and create stereoscopic images then transmit the images from the
Raspberry Pi 3B+ to an Android phone via Wi-Fi and to a cloud server using a cellular network.
At the cloud server, we use the YOLOv4 image recognition model to identify the position of the
rear-view mirror of the bus and use the lens imaging principle to estimate the distance between the
bus and the motorcyclist. Finally, the cloud server returns the estimated distance to the PBSW app
on the Android phone. According to the received distance value, the app will display the visible
area/blind spot, the area of the inner wheel difference of the bus, the position of the motorcyclist, and
the estimated distance between the motorcycle and the bus. Hence, as soon as the motorcyclist enters
the blind spot of the bus or the area of the inner wheel difference, the app will alert the motorcyclist
immediately to enhance their real-time safety. We have evaluated this PBSW system implemented
in real life. The results show that the average position accuracy of the rear-view mirror is 92.82%,
the error rate of the estimated distance between the rear-view mirror and the dual-lens camera is
lower than 0.2%, and the average round trip delay between the Android phone and the cloud server
is about 0.5 s. To the best of our knowledge, this proposed system is one of few PBSW systems which
can be applied in the real world to protect motorcyclists from the danger of entering the blind spot
and the area of the inner wheel difference of the target vehicle in real time.

Keywords: proactive warning system; blind spot; area of the inner wheel difference; motorcycle;
real-time; Raspberry Pi; dual-lens camera; Android app; YOLO; distance estimation

1. Introduction

With the rapid development of vehicle electronic technology and increasing attention
to driving safety, advanced driver assistance systems (ADASs) [1-3] have become more
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and more important. Advanced ADAS functionalities are designed to reduce road acci-
dents by continuously monitoring inside and outside activities through multiple sensor
arrangements. ADAS functionalities can minimize risks by reducing driver error, predict-
ing trajectories, continuously alerting drivers, and taking control of a vehicle when the
driver is incapacitated [3]. Due to the frequent occurrence of traffic accidents, safe driving
assistance systems have become the most popular and critical technology on the market.
In the future, safe driving assistance systems will play an important role in protecting the
safety of drivers and passengers and preventing traffic accidents.

Due to the high driver’s seat or the long body of the vehicle, it is difficult for the
driver of a huge vehicle to notice a motorcycle driving close to it, which leads to many
traffic accidents, and this area is referred to as the “blind spot” of the vehicle. Many blind
spot detection (BSD) studies, which uses radar sensors or cameras to detect vehicles in
the blind spot area, are currently devoted to reducing the size of blind spots or informing
vehicle drivers of approaching vehicles in their blind spot [4] to avoid traffic accidents.
However, this kind of BSD system fails to notify nearby vehicle drivers in this blind spot
of the possible collision. In these studies, motorcyclists who enter the blind spots of other
vehicles still cannot actively avoid their potential danger.

In addition, due to the relatively large body of a large vehicle and the difference of
radius of inner wheels [5], it is easy to cause accidents when turning right. The driver
cannot see pedestrians or relatively small road users such as motorcycles. In fact, many
accidents are caused by pedestrians or motorcycles clinging to large vehicles, being caught
in the car after turning, and dying when their vehicle rolls over [6]. Therefore, it would be
of great significance to solve the problem of the blind spot caused by the difference in the
inner wheel of a large vehicle turning right.

In order to enable motorcyclists to actively avoid hazards, in this paper, we propose
and implement an Al-based active blind spot warning system (PBSW) for motorcycles.
The system uses dual-lens cameras to capture two images to create a stereoscopic image
and transmit it to a cloud server. Then, the cloud server uses the YOLOv4 [7] image
recognition model to identify the rear-view mirror of the bus and calculate the relative
distance between the motorcycle and the bus. The motorcycle riders who use this proactive
blind spot warning system will receive the alarm when they enter the blind spot of the bus,
which is shown in Figure 1, or the area of difference of radius between inner wheels, which
is shown in Figure 2. The contributions of this study are as follows:

e  Through the combination of dual-lens and artificial intelligence technology, the dis-
tance and relative position of the motorcycle to a bus on the move are judged and
calculated in real time.

e  Motorcycles equipped with this proactive PBSW system can receive an immediate
warning when they enter the blind spot or the area of the inner wheel difference of the
bus, which achieves a significant impact on enhancing motorcyclist safety.

e  This proactive PBSW system has been implemented and tested in real life. Video clips
and snapshots recorded in the real-world evaluation of this implemented system are
presented in Section 4.3. Further, results of six performance metrics provide concrete
evidence of the PBSW system’s efficiency and reliability.
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Figure 1. The blind spot, i.e., red zone, and the visible spot, i.e., green zone, of the bus.
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Figure 2. The area of difference of radius between inner wheels of the bus.

2. Related Work

Perceiving the surroundings accurately and quickly is one of the most important
and challenging tasks of a proactive blind spot detection system. The processing and
analysis of image data is particularly important. Faced with a great amount of image data,
effective processing and analysis can greatly improve image quality and reduce the high
computing demand of real-time recognition. Traditional image processing technology is
difficult to load. Cloud computing, which can provide many computing resources, helps
to solve this part of the problem [8]. In recent years, edge computing, which can provide
high-speed computing processing and intelligent analysis of image data within the regional
communication range, has attracted much attention [9]. Edge computing is carried out
with a small model and low computation but can maintain high accuracy. Such models
usually use lightweight structure, model compression, model pruning, model quantization,
and other techniques to achieve their lightweight goals [10].

In [11], the author employed two fisheye cameras to perceive obstacles all around the
vehicles and used the aberrations of the camera images to calculate depth information to
generate stereo vision. In addition, the points in the constructed three-dimensional space
were classified based on height, width, and traversable slope relative to the neighboring
points to distinguish different obstacles. The disadvantage of this method is that it cannot
accurately distinguish the types of obstacles. A proactive blind spot detection system must
be able to accurately distinguish an obstacle’s position in the bus rear-view mirror and then
calculate its distance from the vehicle.

In terms of target recognition, there has been growing interest in the use of a vision
system, such as the FHWA scheme proposed by [12], as a detection method in the vehicle
recognition system. This system began using localization by generating class-independent
region proposals for each video frame, then it used deep convolutional neural networks to
classify vehicles more finely. In addition, some researches, such as [13], applied the multi-



Electronics 2023, 12, 3310

4 0f 20

feature subspace distribution deep learning model with online transfer learning to solve the
challenges of environmental complexity and dynamic scenarios in the real environment.

Further feature extraction is performed on each candidate area, and a classifier is
used to determine whether the region contains a target object and to precisely locate the
target. Representative models of this method include (1) R-CNN, (2) Fast R-CNN, (3) Faster
R-CNN, and (4) Mask R-CNN [14]. On the other hand, the “One-stage” model combines
the feature extraction network and the target detection network to extract image features.
Then, the model can predict the location and category of the target and directly perform
object recognition on the entire image to eliminate the process of generating candidate
regions [15].

Two-stage models often use selective search techniques to reduce the amount of
calculation and improve detection accuracy. Therefore, one-stage models have faster speed
and lower computational cost, but the detection accuracy is usually lower. In contrast,
two-stage models can achieve higher detection accuracy, but they are slower and more
computationally expensive [16]. In order to overcome these difficulties, the researchers
proposed various methods and techniques, such as introducing attention mechanisms,
multiscale feature fusion, and contextual information, to enhance the feature representation
ability of small targets and improve the accuracy of detection [17].

In [18], the GoogLeNet Inception structure and Rainbow series are cited on the basis of
the SSD detection network, the SSD Inception v3 Rainbow (INAR-SSD) model architecture
is proposed, the performance of INAR-SSD, Faster RCNN, and SSD is compared, and the
experimental results show that the accuracy of the INAR-SSD model on the ALDD dataset
is 78.80%. Since the rear-view mirror of the bus is a small object in the image relative to the
vehicle, like the license plate, we refer to the method of YOLO object detector, which uses
the license plate recognition (ALPR) system [19], as our identification method to help us
accurately distinguish the position of the rear-view mirror of the bus.

YOLOV1 [20] used a deep convolutional neural network as a feature extractor. The
input image was resized to 448 x 448 to ensure that all objects could be effectively de-
tected. The adjusted input image was split into 7 X 7 meshes. The YOLOv1 [20] and
YOLOV2 [21] detection schematics used the deep convolutional neural network, which
consists of 19 convolutional layers and five maximum pooling layers, as a feature extractor,
with a small model size and computation while maintaining good feature extraction ca-
pabilities. YOLOv3 [22] used the deep convolutional neural network of Darknet-53 as a
feature extractor. Darknet-53 has 15 convolutional layers and can better capture features
in images.

In [23], the authors proposed a vehicle detection algorithm based on the YOLOvV3
model trained with a great volume of traffic data. The model was pruned to ensure its
efficiency on edge equipment. Then, a real-time vehicle tracking counter for vehicles that
combines the vehicle detection and vehicle tracking algorithms was proposed to realize the
detection of traffic flow.

Module YOLOV4 [7] used CSPDarkNet53 as a feature extractor. CSPDarkNet53
combines the cross-stage partial (CSP) module with the Darknet-53 module to improve
feature representation and learning ability by branching and fusing the network. YOLOv4 is
trained on object detection using the complete IoU (CloU) loss function. CloU considers the
complete cross-parallel relationship between the prediction box and the real box, which can
more accurately measure the accuracy of the predicted box and further improve detection
accuracy. YOLOVS [24] has five detection models in the public library.

The addition of a small target detection layer to the overall model greatly improves
the model’s accuracy [25]. In addition, model compression and acceleration are added for
use on small image computing units with limited resources, and the network is further
streamlined by channel pruning. Finally, a lightweight detection model is obtained. In [26],
the GSC YOLOVS5 object detection algorithm was proposed. In YOLOVS5, the light weight
of the algorithm structure is used to reduce the number of parameters and FLOPs of
the model. The CBAM attention module is added to replace the SE attention module,
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increasing the ability to extract spatial information [27]. In [28], in the backbone of YOLOVS,
the ghost module was cited to replace the original convolution, and the method of adding
a transformer at the end improved the ability of feature expression. In [29], the R-YOLOv5
object detection algorithm was proposed, and the Swin Transformer module, feature
enhancement and attention mechanism (FEAM), and adaptively spatial feature fusion
(ASFF) are cited. Using the basis of YOLOV5, the addition of the Swin Transformer module
to the end of the backbone enhances the characteristics of small objects and reduces the
interference of complex backgrounds on small objects.

In [30], the authors proposed a simple yet effective method which is adaptive to
different computational resources by generating dynamic proposals for object detection.
Moreover, a dynamic model was extended to choose the number of proposals according
to the input image, greatly reducing computational costs. In [31], the authors addressed
several innovations such as a weighted cross-entropy loss to address class imbalance
to handle the regression component and adaptation layers. A comprehensive empirical
evaluation with different distillation configurations was conducted over multiple datasets.

In the current blind spot detection system research, most of the detection systems are
like that of [32], using images or signals received by sensors to detect dangerous factors
(such as pedestrians, motorcycles, or small vehicles, etc.) in the blind spot area of the
vehicle. When dangerous factors are detected around the vehicle, the system will remind
the driver and even inform the surrounding dangerous entities to reduce accidents. But
these kinds of systems require that all users on the road, whether vehicles or pedestrians,
must be equipped with these perception systems and warning systems. Based on this
problem, we propose a proactive blind spot detection system. By sensing whether the user
of the system has entered the blind spot area of other vehicles, even if other vehicles are not
equipped with this system, it can also reduce accidents that occur due to a vehicle entering
the blind spot area by mistake.

In this research, we refer to the following methods to implement this proactive blind
spot warning system:

2.1. Camera Calibration and Correction

Before the camera captures the image, the camera must first be calibrated and corrected
so that the image captured by the camera has less distortion. This is conducive to the
construction of a stereoscopic image [33].

2.2. Image Recognition

In order to accurately calculate the relative distance and position between the bus
and the motorcyclist, the system uses YOLOv4 to obtain the position of the bus rear-view
mirror in the figure as the target point for distance calculation.

2.3. Image Matching

In the distance calculation step, when YOLOv4 recognizes the position of the bus
in the picture, the cloud server will find the mapping points between the two images
captured by the left and right cameras, respectively. The parallax is calculated by image-
matching technology, and the relative distance is further calculated. For faster and more
accurate determination of the mapping points, the speeded-up robust features (SURFs) [34]
algorithm is used in this system.

2.4. Regulations of Devices for Indirect Vision [35]

According to the vehicle regulations for installing devices for indirect vision in Taiwan,
the main rear-view vision devices, i.e., mirrors, of the bus belong to class II. The field of
driver vision, shown in Figure 3, must contain a horizontal area of at least 5 m wide beside
the bus. This area extends from 30 m behind the driver’s ocular points to the horizon. In
addition, another visible area is bounded by two vertical planes beside the bus; one is 1 m
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wide and the other is 5 m wide. They start from 4 m and 30 m behind the driver’s ocular
points, respectively.

30m

[-1 m Ground level 5m

im Ground level

Driver’s ocular
points

Figure 3. Class II fields of vehicle vision.

2.5. Inner Wheel Difference Calculation [5,36]

The wheelbase of the bus is large, and the turning radius at low speed is smaller,
resulting in a large difference in radius between the inner wheels. Because pedestrians and
drivers are not aware of the difference in inner wheel radius, more traffic accidents have
occurred. Figure 4 is a schematic diagram of the kinematics of a vehicle similar to a bus
when the front wheels turn left by 6 degrees, where a is the wheelbase of the vehicle and R
and r are the turning radii of the front wheels and the rear ones, respectively. The method
of calculating the inner wheel radius difference CD can be expressed as:

1 — cos@

CD = BC x cos = a( p—

)cosf @

Figure 4. Schematic diagram of the kinematics of the vehicle.

3. Design of the PBSW System

The system architecture proposed in this paper is shown in Figure 5. The hardware on
the motorcycle side consists of a Raspberry Pi board and an Android phone. The Raspberry
Pi development board connects dual cameras to obtain stereoscopic images and sends
the stereoscopic images to an Android phone via Wi-Fi. After receiving the picture, the
PBSW app on the Android phone sends the dual-lens image to the cloud server through
the mobile network to identify the position of the rear-view mirror in the image. The
cloud server further uses the principle of lens imaging to generate stereo vision [32] and
estimate the distance between the bus and the motorcycle. Afterwards, the cloud server
sends the distance back to the PBSW app, and the app displays the relative position of
the motorcyclist and the bus based on the received value. When the motorcycle enters the
blind spot of the bus, the PBSW app will issue a warning to the motorcycle driver as soon
as possible.
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The accessories of motorcycle | The cloud server

Mobile network communication
. Build the YOLOv4 model
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Deliver dual-lens 1 g &
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Android phone
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ning

Enter the blind spot area
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Figure 5. The architecture of the PBSW system.

3.1. The Preprocessing Flow of PBSW

Figure 6 shows the preprocessing flow of the PBSW system, including the three sub-
flows of the cloud server, Raspberry Pi, and Android phone. The cloud server imports
the images taken by the dual-lens camera as the training set to train the YOLOv4 model.
The Raspberry Pi needs to eliminate the distortion caused by the parallax of the double
lens through calibration and convert the image coordinate system to the world coordinate
system through perspective transformation. The Android phone needs to open the mobile
network interface and Wi-Fi hotspot and establish a connection with the cloud server and
Raspberry Pi. Finally, the PBSW app is used on the phone.

Start

1.Cloud server 2 Raspberry Pi 3. Android phone
A
Build and train the YOLOv4 model ‘ ‘ Lens correction ‘ il
v ; T :
Import the training set into the ‘ Left and right lens calibration ‘ Turn on rnpblle network
X B 2 ] and Wi-Fi hotspot, and
model and update the welghts Convert image coordinate execute the PBSW APP
system

v
Complete the training of the model ‘

‘ Complete the lens correction ‘
I

v
( End of pre-processing operation>

Figure 6. The PBSW preprocessing flow.

3.2. Camera Calibration Process

The Raspberry Pi camera on the motorcycle must be calibrated and corrected because
the real world is three-dimensional while the image is two-dimensional. The goal of camera
calibration is to find the camera parameters through a mathematical model so that we can
obtain the function of the three-dimensional to two-dimensional relationship, shown in
Figure 7. Through the function of this three-dimensional to two-dimensional process, the
inverse function can be found, and then the three-dimensional scene can be reconstructed;
that is, the perception of depth. Figure 8 shows the calibration process. The steps of this
process are explained below.



Electronics 2023, 12, 3310 8 of 20

Input Output

v

Three-dimensional scene | Mathematical model Two-dimensional image

4

Output Input

Figure 7. Three-dimensional and two-dimensional relationship.
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'

5. Stero calibration

v
End

Figure 8. Camera calibration process.

3.3. The Blind Spot Warning Process of PBSW

Figure 9 shows the complete blind spot warning process of the PBSW system. The
steps of this process are explained below.

1. Turn on the Raspberry Pi device of the motorcycle and open the PBSW app on the
Android phone to connect to the cloud server.

2. The Raspberry Pi device captures a pair of images from the left and right lenses at the
same time, sends them first to the Android phone via Wi-Fi, and, finally, to the cloud
server through the mobile network.

3. The cloud server executes the YOLOv4 model to identify whether there are rear-view
mirrors in this pair of images.

This research uses the YOLOv4 model to identify images. The types of models are
bus and rear-view mirror, which will be identified for the entire image. Steps to find and
classify the target are as shown in Figure 10.
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1. Turn on Raspberry Pi and the APP on the motorcycle

2. The left and right lenses of the device capture
a pair of images. Raspberry Pi sends both images
to the phone via Wi-Fi. Then the phone transmits
them to the cloud server through the mobile
network

lt—

3. The cloud server executes the YOLOv4
model to identify the target, i.e., rear-view
mirror, in this pair of images

“Does the targett
recognized in the
image?

5. Adopt the SURF algorithm to match each
feature point in both targets

6. The cloud server calculates the distance
between the motorcycle and the target

7. The cloud server transmits the distance
information to the phone

l

8. The PBSW APP uses distance information to

determine whether the motorcycle has entered

the blind spot. If yes, it will play back an audio
clip to warn the rider.

1. The cloud server
recognizes the left and right
camera images.

Figure 9. Complete blind spot warning process.

. Both left and right lenses have
found rear-view mirror.

Record the coordinates of
the rear-view mirror on both

Record the coordinates of
the rear-view mirror, and the
other record the coordinates

of the entire picture.

3. Discard this pair of pictures

Figure 10. Cloud server detection and classification target.

) 4

End
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The cloud server receives a pair of images from the mobile phone to identify and record.
A decision strategy is chosen based on the identification results.

Case 1: If both the left and right images have identified two types of targets, the
coordinate information and type of the target class are directly passed to the match-
ing program.

Case 2: Under the condition that buses in the images are recognized, if the rear-view
mirror has been recognized in the image of one lens only, the coordinate information
of the rear-view mirror and the entire image are sent to the matching program.

Otherwise: If the two conditions noted above have not been met, this pair of images
will be discarded.

If the rear-view mirror has been recognized in the image, go to step 5. Otherwise, go
back to step 2.

Adopt the SURF algorithm to match each feature point within the coordinate positions
of the rear-view mirrors in this pair of images.

e  If the area of the rear-view mirror in the image is less than 25 pixels x 50 pixels,
this area will be enlarged by 2.5 times to perform the feature point detection with
the threshold value 1000, as shown in Figure 11.

e  Use the feature point sets of the left and right images to match them, as shown in
Figure 12.

The iti f the . . . L .

© position range o1 the rear Feature points detection — Feature points description The set of feature points

mirror on the left image

Feature points
matching

Th siti f th . . . . .

© position range of the rear Feature points detection | Feature points description The set of feature points

mirror on the right image

SURF

Figure 11. Matching process of SURF feature point.

' points :
—aT—

Figure 12. Match the feature points of the left and right images.

6.

According to the principle of lens imaging [37], which is shown in Figure 13, the
distance between the lens and the rear-view mirror can be calculated using the world
coordinates of this pair of images. In addition, edge detection is performed on the area
within the recognized bus range. The detected edge lines can be used to determine the
normal vector of the bus body surface to further calculate the relative angle between
the bus and the motorcycle.
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Lens center

g

“» Lens center

Figure 13. Diagram of dual-lens imaging [18].

The steps of target distance calculation are as follows:

Use the rear-view mirror of the bus as the target of the YOLOv4 model.

In order to accurately determine the target, first use the focal lengths for both lenses to
capture the clearest target images using the autofocus technology. Then, f; and f, are
averaged to obtain f for the next step.

Through the optical centers of the left and right lenses, target A is imaged at location
P; and Py, respectively. To calculate the distance Dz between the lenses and the target
A, the three-dimensional space is first projected to the x-z plane. Based on the similar
triangle principle, Dz in the unit of m can be calculated by Equation (2), where d; is
the x-axis distance from P; to the optical center of the left lens, d; is the x-axis distance
from P, to the optical center of the right lens, and S is the distance between the optical
centers of the left and right lenses:

fxS

D =
27 4 +d,

+f ()

Based on the imaging relationship for a single lens, the horizontal distance between

the imaging position of the object and the image center is d, where d = @. Hence,
the horizontal distance Dx between the optical center of a lens and the target can be
obtained by Equation (3):

DX:§X(DZ*f) 3)

The steps to calculate of the relative angle between the bus and the motorcycle are

as follows:

Perform edge detection on the identified bus coordinate range and extract the direction
vectors close to the four sides of the bus body.

Use the outer product of vectors to extract the normal vector of the surface enclosed
by the four sides, as shown in Figure 14.

Use the inner product of the normal vector of the calculated surface and that of the
camera image to further derive the angle between the bus and the motorcycle, as
shown in Figure 15.

A

Normal vector

Image

Figure 14. Normal vector of bus body surface.
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Figure 15. Relative angle between bus and camera image.

N

The cloud server transmits relative angle and distances Dx and D to the android phone.
8. As soon as the android phone receives relative angle, Dx, and Dz, the PBSW app
running on the android updates the relative position of the motorcycle and the bus on
the screen. It further determines whether the bus is turning, or whether the motorcycle
has entered the blind spot of the bus or not, using angular and distance information,
respectively. If yes, an audio clip to warn the motorcycle driver of the incoming
danger is played back immediately. Figure 16 illustrates how to confine two zones of
the bus blind spot.
e  Zone A: this zone is an invisible rectangle besides the bus and behind the driver’s
ocular points. Hence, two formulas, i.e., 0 < Dx < 5and 0 < Dz < 4, confine
Zone A.
e  Zone B: this zone is an invisible triangle starting from 4 m behind the driver’s
ocular points. It is composed of three vertices, i.e., M;(1, —4), M(5, —4), and
M;3(5, —30), under the condition Dy > 4.
9. In summary, Equation (4) formulates rules in terms of Dx and Dz confining the
complete blind spot of the bus:

< < <Dy <
{O_DX_S, 0<Dz<4 @)

ZxDz+ 35 <Dx<5 Dz >4

X Motorcycle

? (30 — 4)m

/
= Visible zone
Im [ —

Figure 16. The blind spot of the bus contains two invisible zones.

4. System Implementation and Performance Evaluations
4.1. Hardware and Software

This system uses a Raspberry Pi 3B+ board as the main body to connect two USB
cameras for obtaining road images with a resolution of 640 x 480 pixels per frame and seven
frames per second (FPS). It also connects a Wi-Fi module to transmit images to Android
phones using the connectionless UDP socket. The hardware equipment of the motorcycle is
fixed on the steering handle of the motorcycle, as shown in Figure 17. The part on the left is
a dual-lens device, and the part on the right is an Android phone. As mentioned above, the
Android phone also creates a connectionless UDP socket to transmit the captured images
to the cloud server through the mobile network for training the YOLOv4 model. The cloud
server used in this system is equipped with an Intel i7-8700 CPU and a NVIDIA GeForce
RTX 2080 Ti GPU used to identify the rear-view mirror in the captured image and calculate
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the distance between the rear-view mirror and the motorcycle. When the system detects
that the motorcycle has entered the blind spot or the inner wheel difference area of the
bus, it will immediately send a warning to the PBSW app of the motorcyclist. This PBSW
system uses C++ to implement the YOLOv4 model and SURF image-matching algorithm,
JAVA to implement Android app, and Python and OpenCV-Python to implement dual-lens
image acquisition.

Figure 17. Layout of two components of the motorcycle. The left one is the dual-lens device and the
right one is the Android phone.

4.2. The Android PBSW App

PBSW app includes map mode and warning mode. When the cloud server recognizes
that there is no bus rear-view mirror in the image, the PBSW app shown in Figure 18 will
display the map mode; that is, the current location of the motorcycle and nearby places
with their Chinese names are displayed on the Google map, and this method is used to call
the Google Map API Otherwise, when the motorcycle enters the blind spot of the bus, the
PBSW app will switch to the warning mode. In this mode, the app will present a bird’s-eye
view of the relative positions of the bus and the motorcycle. The blind spot and the visible
area of the bus are illustrated by the color red in Figure 19 and green in Figure 20. In this
condition, the app also determines whether the bus is turning or not. If yes, the app will
show the inner wheel difference area of the bus on the screen in Figure 21. In addition, the
app will display the distance calculated by the cloud server at the bottom of the screen.
A small Google Map in the lower left corner shows the driver’s current location, and the
lower right shows the current speed. Finally, this PBSW app in warning mode will provide
an audio alert to the driver as soon as the motorcycle enters the blind spot or the inner
wheel difference area of the bus.

IS

2825 Q

Gargle Waiting for ccnnection.

Figure 18. Map mode.
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Figure 21. Warning mode (inner wheel difference).



Electronics 2023, 12, 3310

15 of 20

4.3. Performance Evaluations of this System
4.3.1. Real-World Evaluation of the Implemented System

To emphasize the unique advantages, i.e., its real-time functionality and significant
impact on enhancing motorcyclist safety, of this proposed PBSW system, it has been tested
in real life. Please refer to the video clip shot on the road [38]. Figure 22 presents the map
mode snapshot of the PBSW system from this video clip when the motorcycle finds no
bus in front. The images taken by the left and right lens, the actual hardware layout of
the motorcycle, and the Android PBSW app are shown in the upper left, lower left, and
right parts of Figure 22. Whenever the cloud server has recognized the rear mirrors of
the bus and has identified that the motorcycle has entered the visible area, i.e., the green
zone, or the blind spot, i.e., the red zone, the Android PBSW app illustrates the location
of the motorcycle as it receives the relative angle and distances from the cloud server.
Figure 23a,b present the PBSW warning mode snapshots as soon as the motorcycle enters
the visible area of the bus (when it is behind the bus), and when it reaches the rear end
of the bus, respectively. Figure 23c,d present the PBSW warning mode snapshots as soon
as the motorcycle enters the blind spot of the bus (when it is beside the bus), and when it
reaches the front end of the bus, respectively.

© ’ )

Figure 23. (a) The PBSW warning mode snapshot when the motorcycle is behind the bus. (b) The
PBSW warning mode snapshot when the motorcycle reaches the rear end of the bus. (c¢) The PBSW
warning mode snapshot when the motorcycle is beside the bus. (d) The PBSW warning mode
snapshot when the motorcycle reaches the front end of the bus.
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In the following step of the study, six key metrics, i.e., the average image classification
and processing time in the cloud server, image transmission rate of the Android phone,
round-trip delay between the Android phone and the cloud server, YOLOV4 classification
accuracy, and error rate of the estimated distance, are used to provide concrete evidence of
the PBSW system’s efficiency and reliability as measured in a real-world evaluation.

4.3.2. Average Image Classification Time in the Cloud Server and Raspberry Pi

At the early stage of the system’s implementation, the YOLOv4 model was executed
in the Raspberry Pi board. However, the average time for the Raspberry Pi to recognize the
rear-view mirror in the captured image is 394.4 s, as listed in Table 1, which is far greater
than the time for this PBSW system to be applicable in real life. Hence, the final PBSW
implementation executes the YOLOv4 model in the cloud server as mentioned at step 3
in Section 3.3. This approach achieves an average image classification time of 0.01 s in the
real-world evaluation, which is suitable for this application.

Table 1. The average image classification time for the cloud server and Raspberry Pi in the real-world
evaluation to recognize the rear-view mirror in an image.

Raspberry Pi Cloud Server

Average Image Classification Time 394.4s 0.01s

4.3.3. Average Image Transmission Rate, Image Processing Time, and Round-Trip Delay

To calculate the average image transmission rate of the Android phone and the average
round-trip delay (RTT) between the Android phone and the cloud server in the real-world
evaluation, the following steps were executed. When the Android phone was ready to
send pairs of images to the cloud server, it recorded the timestamps to send the first and
nth pair of images at time #] and t;, respectively. Hence, the average image transmission
rate is defined as ﬁ fps. To calculate the RTT for the ith pair of images, the Android
phone records the timestamp, #;, to send this pair of images and the timestamp, t;, when it
receives recognition results of this pair from the cloud server. Hence, the average RTT for n
pairs of images is defined as W In the real-world evaluation, when 7 is 20,000 and
the 4G mobile network is stable, the average image transmission rate and the average RTT

of this PBSW system are 4 fps and 0.5 s in Table 2, respectively.

Table 2. The average image processing time in the cloud server, the image transmission rate of the
Android phone, and the round-trip delay between the Android phone and the cloud server in the
real-world evaluation.

Average Ima}ge Processing Average Image Transmission Average Round-Trip Delay
Time Rate
0.04 ms 4 fps 0.5s

The RTT includes the one-way transmission delay for the Android phone to send
images to the cloud server, the YOLOv4 image classification and processing time in the
cloud server, and the one-way transmission delay for the cloud server to send the results
back to the Android phone. The average image classification time of 0.01 sec in the real-
world evaluation, as mentioned above. The image processing steps in the cloud server
include step 5 in Section 3.3, to match each feature point of the rear-view mirrors with
the SURF algorithm, and step 6, to estimate the precise distance between the lens and the
rear-view mirror, which required 0.04 ms. Finally, the average one-way transmission delay
between the Android phone and the cloud server was 0.245 s. Please note that these RTTs
were measured by the Android phone communicating with a cloud server through a stable
4G mobile network. If the 4G signal suffers from significant interferences or is blocked by
obstacles, these RTTs may fluctuate significantly.
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4.3.4. YOLOv4 Classification Results of the PBSW System

The YOLOV4 training set is 3000 images and the testing set is 450 images in the cloud
server. These images are captured by our dual-lens device. True positive (TP), false positive
(FP), and false negative (FN) in the confusion matrix is used to judge this trained YOLOv4
model. The YOLOvV4 classification results when TP = 392, FP = 24, and FN = 58 are shown
in Table 3, where Precision, Recall, and Average Precision (AP) is defined as TPTifPP' TPE%
and ) ARecall x Precision, respectively. Overall, the AP is 92.82% and the F1 score is 0.91
in this real-world evaluation. In terms of these results, this PBSW system can accurately
identify the rear-view mirror when the motorcycle moves into the proximity of the bus.

Consequently, this PBSW system works well in real life.

Table 3. Classification results of the YOLOV4 model in the real-world evaluation when TP = 392,
FP =24, and FN = 58.

Number of Targets Precision Recall AP F1 Score
Rear-view mirror 450 0.94 0.87 92.82% 0.90

4.3.5. The Error Rate of the Estimated Distance

The error rate of the distance estimated by the cloud server in this real-world eval-
uation is defined as ‘D;Dl , where D is the estimated straight-line distance between the
motorcycle and the rear-view mirror of the bus, and D' is the actual distance measured
by the BOSCH GLM 40 laser rangefinder. Figure 24 shows the error rate at each location
beside the bus in the 5 x 20 m? area, which is 1 m behind the ocular points of the bus
driver. These experimental data show that the proposed distance estimation approach in
the PBSW system achieves different error rates for different locations of the motorcycle.
The maximum error rate of the dual-lens ranging method used in this PBSW system is
0.20%, which showcases the effectiveness of this lens imaging principle and its ability to
deliver accurate distance calculations.

Im
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Figure 24. The error rate of the calculated distance at each location beside the bus in the real-
world evaluation.

4.3.6. Discussions

In the following section, four issues are addressed to improve this PBSW system in
the future.

e  Section 4.3.1 presents the real-world evaluation of the implemented system and results
of six performance metrics in our test scenario, demonstrating its profound ability
to reduce accidents and significantly enhance motorcycle safety. However, there are
many different scenarios on the road; thus, significant time is required to test this
system. We will continue working on it to collect data for testing the usability of this
PBSW system across different scenarios.
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e  Section 4.3.3 discusses the average round-trip delay (RTT) measured between the
Android phone and the cloud server in the real-world evaluation. The RTT includes
the one-way transmission delay for the Android phone to send images to the cloud
server, the YOLOvV4 image classification and processing time in the cloud server,
and the one-way transmission delay for the cloud server to send the results back to
the Android phone. As a result, the average one-way transmission delay between
the Android phone and the cloud server is 0.245 s. Please note that these RTTs are
measured by the Android phone when it communicates with the cloud server through
a stable 4G mobile network. If the 4G signal suffers from significant interferences or
blocks by obstacles, these RTTs may fluctuate seriously.

e  This system uses a Raspberry Pi 3B+ board as the main body to connect two USB
cameras for obtaining road images with a resolution of 640 x 480 pixels per frame
and seven frames per second (fps). The Android phone also creates a connectionless
UDP socket to transmit the captured images to the cloud server through the mobile
network for training the YOLOv4 model. Due to the load of the Android phone
and the fluctuated transmission rate of the 4G mobile network, the average image
transmission rate of this PBSW system is further limited to 4 fps, which becomes a
performance bottleneck of this system. Hence, the predicted motorcycle location is not
continuous, as shown in the video clip recorded in the real-world evaluation. In the
future, we will replace the Raspberry Pi 3B+ board with a more efficient one, like the
Jetson Nano board [39], to raise the image capture rate, image transmission rate, and
image inference speed accordingly.

e  Section 4.3.4 presents the YOLOv4 classification results of the PBSW system. The
YOLOV4 classification results, i.e., precision, recall, and average precision (AP) when
TP = 392, FP = 24, and FN = 58 are shown in Table 3. Overall, the AP is 92.82%
and the F1 score is 0.91 in this real-world evaluation. In terms of these results, this
PBSW system, which uses the YOLOv4 model in the cloud server, can accurately
identify the rear-view mirror when the motorcycle moves into the proximity of the
bus. As mentioned above, if a more efficient image board, instead of Raspberry Pi
3B+, is used on the motorcycle side, it may execute the YOLOV4 or another advanced
image recognition model locally to accurately detect the bus’s rear-view mirror while
preventing the fluctuated RTTs to transmit images to the cloud server through an
unstable 4G mobile network.

5. Conclusions

In order to enable motorcyclists to be notified when entering a bus blind spot, this
study proposes a proactive bus blind spot warning system. On the motorcycle side, we
set up a Raspberry Pi board with dual cameras to capture pairs of images. These pictures
will be transmitted to the Android phone first, and then transmitted to the cloud server
through the mobile network. On the cloud server side, we use the YOLOv4 model to
identify the position of the bus mirror in the image, match the paired images with the SURF
algorithm, synthesize according to the principle of stereo imaging, and, finally, calculate the
distance between the motorcycle and the rear-view mirror of the bus. In addition, the server
computes the relative angle between the bus and the motorcycle to identify where the inner
wheel difference area is. After the Android phone receives the distance and relative angular
information returned by the cloud server, the PBSW app displays the relative position of
the motorcycle and the bus. When the motorcycle enters the blind spot or the inner wheel
gap, the system sends an alarm to the rider and displays the dangerous area of the bus.
Based on the real-world performance evaluation of this implemented system, it achieves
fast image classification, short round-trip delay, and accurate distance prediction, which
allows motorcyclists to stay away from possible dangers instantly.
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