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Recently, self-driving cars became a big challenge in the automobile industry. After the DARPA challenge, which introduced the
design of a self-driving system that can be classified as SAR Level 3 or higher levels, driven to focus on self-driving cars more.
Later on, using these introduced design models, a lot of companies started to design self-driving cars. Various sensors, such as
radar, high-resolution cameras, and LiDAR are important in self-driving cars to sense the surroundings. LiDAR acts as an eye of
a self-driving vehicle, by offering 64 scanning channels, 26.9° vertical field view, and a high-precision 360° horizontal field view
in real-time. The LiDAR sensor can provide 360° environmental depth information with a detection range of up to 120 meters.
In addition, the left and right cameras can further assist in obtaining front image information. In this way, the surrounding
environment model of the self-driving car can be accurately obtained, which is convenient for the self-driving algorithm to
perform route planning. It is very important for self-driving to avoid the collision. LiDAR provides both horizontal and vertical
field views and helps in avoiding collision. In an online website, the dataset provides different kinds of data like point cloud data
and color images which helps this data to use for object recognition. In this paper, we used two types of publicly available
datasets, namely, KITTI and PASCAL VOC. Firstly, the KITTI dataset provides in-depth data knowledge for the LiDAR
segmentation (LS) of objects obtained through LiDAR point clouds. The performance of object segmentation through LiDAR
cloud points is used to find the region of interest (ROI) on images. And later on, we trained the network with the PASCAL
VOC dataset used for object detection by the YOLOv4 neural network. To evaluate, we used the region of interest image as
input to YOLOv4. By using all these technologies, we can segment and detect objects. Our algorithm ultimately constructs a
LiDAR point cloud at the same time; it also detects the image in real-time.

1. Introduction

As the future move towards the commercialization of self-
driving car technologies in this area is quickly advancing,
researchers are concentrated in the study of self-driving car
sensors. Among that sensors, optical radar LiDAR and cam-
eras are the most researched projects. Optical radar LiDAR
can produce 360° real-time depth information and its sensing
up to a distance of 100 meters, it is one of the crucial sensors
for self-driving vehicles, and high-resolution cameras have a
real-time color image. Therefore, the purpose of this paper is

to use LiDAR point cloud map information with deep learn-
ing to detect objects.

Nowadays, Artificial Intelligence (AI) is progressing
rapidly. By using AI technology, self-driving has received
tremendous attention as of late. In self-driving technology,
AI plays a vital role; AI acts as a brain for cars in self-driving
technology by performing things like automatic detection of
people, other vehicles, and objects and helps the care to staying
in the lane and switching the lanes and following the GPS to
navigate the car to reach the final destination. During past
development first, autonomous cars appeared in 1980, with
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NAVLAB and ALV projects at Carnegie Mellon University in
1984 [1]. After the first autonomous vehicle was developed,
many research institutions and companies began to invest a
lot of resources in related research. These companies and
research institutions include Mercedes-Benz, General Motors,
Continental Automotive Systems, Market America, Nissan
Motors (NISSAN), Toyota, Audi, Nissan, Volvo, University
of Oxford, Google, Uber, and Tesla.

Inventors begin the experiments on self-driving cars in
1920. In the early days, radio-controlled electric cars were
shown to be generated by electromagnetic fields. From 1950,
trails started to develop find a feasible method for self-
driving cars. Finally, self-driving technology cars appeared in
the 1980s. The one is theMercedes-Benz Robotic van designed
by Ernst Dickmanns which can reach a speed of 39 miles per
hour (63km/H) on streets without traffic; this car was an
iconic achievement in self-driving technology [2]. In 1986,
the first prototype built by using NAVLAB1 [1] is the Chevro-
let panel van; it had 5 computer hardware racks, including 3
Sun workstations, video hardware, GPS receiver, and a Warp
supercomputer. That vehicle has a top speed of 32km/h. In
November 2007, DARPA sponsored Grand Challenge III
competitions; in that competition, 2007 Chevy Tahoe autono-
mous car achieved the first price in the area of urban environ-
ment. Later on, Google’s self-driving technology production
began in 2009 at the companies underground X lab run by
cofounder Sergey Brin. This prototype car used various kinds
of lasers, radar, high-powered cameras, and sonar; on public
road experiments, Google’s autonomous vehicle service is
using since 2010. LiDAR is one of the major sensors used in
self-driving cars. LiDAR stands for Light Detection and Rang-
ing, which uses light beams to create a 3D space map of the
vehicle and uses this information as the basis to develop a
route planning algorithm. In the rapid development of auton-
omous vehicles, Nevada’s Motor Vehicle Department (DMV)
approved in May 2012 a Google Toyota Prius, equipped with
Google’s advanced driverless technology that is the first passed
license issued in the US. This successfully travelled and
covered up to 22km (14miles) on the road test.

From above, self-driving vehicles are well developed, so
LiDAR can accurately simulate the surrounding environ-
ment and escape collisions with obstacles. To identify the
vehicles, LiDAR is a very suitable resource, but it also has
some difficulties. Nowadays, AI is becoming more trends;
this technology helps to overcome those difficulties by using
deep learning algorithms.

Light Detection and Ranging (LiDAR) is a remote sensing
method; LiDAR is applied in autonomous vehicles that are
mostly based on Time of Flight (TOF). The emitted light
pulses strike the object and reflect the LiDAR system; it is
calculated as the distance between sensor and object. Themea-
sured result is transformed into 3D point clouds. By using
point cloud data, it can map the scanned parts; it offers high
resolution and accurate depth information and 3D data pro-
vided in the absence of light and bad weather conditions.
There are many different types of LiDAR known as airborne,
terrestrial, and mobile LiDAR.

In airborne laser scanning systems, which can be mounted
on aerial vehicles such as aircraft and helicopters with special-

ized GPS receivers, the infrared laser light is transmitted to the
ground and returned to themoving LiDAR sensor of airborne.

Bathymetric LiDAR uses near-infrared light and green
light to scan deep terrain. It is mainly used for underwater
terrain measurement. The generally used LiDAR wavelength
is the near-infrared light band of 905nm, and this band is
suitable for measurements where the medium is air. If the
medium is water, it will not be able to penetrate normally,
so green light with a wavelength of 532nm is used for under-
water measurements.

Terrestrial LiDAR is mostly used to scan the ground for
architectural and cultural heritage-related scans. Sometimes,
it is also used to scan forest canopy structures. Terrestrial
LiDAR is mostly fixed at a certain point and used with the
camera. The point cloud image generated by it is matched
with the digital image, and a three-dimensional model is
generated. Compared with other methods, this method can
generate the required model in a shorter time, so it is widely
used in the industry.

Vehicle LiDAR implies the mobile LiDAR, and the vehi-
cle carries the LiDAR on top of the vehicle, one of the most
useful applications for a self-driving car. It can quickly scan
the 360 degrees in the horizontal field of scanning, and the
vertical field of scanning reaches 40 degrees. LiDAR can
archive real-time analysis to speed up the performance of
self-driving car to avoid accidents. Most of the self-driving
car companies such as Google, Uber, and Baidu are using
Velodyne LiDAR. In this paper, we used point cloud infor-
mation for the object segmentation algorithm as one part of
the method.

Lidar point cloud image cutting algorithm is roughly
divided into two methods. One is to use the marked point
cloud image data for training. Mostly used to find the point’s
roads or vehicles in cloud images, this type of algorithm uses
point cloud image features to find a particular every single
object. Another way, it uses algorithms other than neural
networks for segmentation. This algorithm can be divided
into two major categories. The first category is the ground
extraction-oriented cutting algorithm. The second type is
the use of a two-dimensional-grid algorithm for object
segmentation. As mentioned in the literature [1–5], the first
time is ground extraction on oriented point cloud image
cutting algorithm. Segmentation based on ground extraction,
at first, this method is used to divide the ground point from
nonground points and then classifies nonground points.
After the ground is filtered, it makes the object segmentation
easier. The more common is the Random Sampling Consen-
sus Algorithm (RASNSA), and the method in literature [3] is
improved by RASNSAC, Incremental Sample Consensus
(INSAC), and Gaussian Incremental Sample Consensus
(GP-INSAC). These three algorithms are divided into inliers
and outliers. Here, ground points are necessary data and
nonground points are unwanted data. This discussion helps
to classify the point cloud data. The point cloud map is
divided into several angles. Later local ground plane is filtered
out and combines with 2D module contention used for
segmentation. Its algorithm has oversegmentation and low
speed and high accuracy but is also not suitable for real-
time applications.
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Object detection is an important and difficult field in the
world of computer vision. The target of object detection is to
detect all objects and classes. In recent years, object detection
methods based on deep learning mainly include Region-
based Convolutional Neural Network (RCNN), Faster
Region-based Convolutional Neural Network (Faster-RCNN),
and YOLO (You Only Look Once). The traditional convolu-
tion network can only detect a single object in a single image.
To overcome the problem, the Region-based Convolutional
Neural Network (RCNN)method researchers proposed RCNN
[6]; it can detect multiple objects in a single image based on and
used in the traditional detection process. It used a selective
search algorithm to get about 2000 candidate regions of interest
of image from an input image and extract features, and it is sent
to convolution layer extract feature for each region and
classifies the region by using SVM (super vector machine),
literature [7, 8]. Although it has better results, it takes a huge
amount of time for calculation due to 2000 proposal regions.
Later on, researchers proposed a Faster-RCNN algorithm to
improve the speed of network. Eliminate the extraction
process, greatly speeding up the calculation, and replace the
candidate area with the RPN network. The process is changed
to extract features first, extract regions, and go to the final
classification. Based on the RCNN, the Faster-RCNN has better
accuracy but it is quite a more complex and time-consuming
process.

As in earlier studies, the researcher proposed unified
pipeline framework-based methods that are four versions of
YOLO neural network [9, 10], often nowadays trend of object
detection. Currently, YOLO is very popular; it gives a real-
time high accuracy and is also able to run in real-time object
detection. YOLO means You Only Look Once at an image in
the sense that it requires only one forward propagation pass
through neural network prediction; it will not include the
generation of regional proposals. YOLO has a different task
in classification and bounding box at the same time. Each
grid must predict the bounding box B and the confident score
C to classify the image into s × s size grid structure.

In this paper, we used the unified pipeline framework-
based methods; researchers proposed different kinds of
versions in YOLO, which are YOLOv2; YOLOv2 introduced
anchor boxes [11, 12] and uses batch normalization; that
classification performs in a single framework and does not
have fully connected layers. This model solved the detecting
of smaller objects, and its high resolution from 224 × 224 to
448 × 448 improved resolutions. Now, the drawback is to
improve the speed recognition and correct detection. The
previous model that has been improved incrementally is
YOLOv3. YOLOv3 bounding boxes are produced in each
grid. It uses logistic regression to predict, and in the previous
version, class predictions used softmax that changed to a
logistic classifier, so it gives multiple labeled predictions. This
network uses the feature pyramid network (FPN) [13]; it
improves the object recognition rate. In YOLOv4 [14], addi-
tional improvements in backbone network architecture are
CSPDarknet-53 [15] that improved with mish activation
function instead of Relu function in backbone achieves the
well training performance. In YOLOv4, instead of using a
feature pyramid network (FPN), it was changed to a spatial

pyramid pooling layer (SPP) [16] and modified path aggrega-
tion network (PAN) [17]. They introduced more parameters
to this structure such as a bag of freebies used in backbone
and a bag of specials used for detector part. The results will
be fastest training and high accurate output as compared to
all other previous models; this paper mainly uses YOLOv4
neural network; the detection section will be discussed in
methodology. Besides, Zhao [18] and Kumar [19] present
combining of 3D LiDAR and camera data. Kocamaz et al. pro-
posed a map supervised scheme for road detection [20, 21].

2. Methodology

The proposed architecture scheme is as shown in Figure 1. In
this, we are using the KITTI dataset; in this process at first, it
will preprocess the LiDAR point cloud image. This system
will generate a 45° front view of the point cloud image. The
next step is LiDAR segmentation; the point cloud image is
segmented by using hierarchical segmentation, hierarchical
merge, and ground extraction. It gives the segmented objects
in these points a cloud map. Using the area of this segmented
object to match the 3D to 2D formula to find the specific
target area on the color image, we find the particular area
of the region of interest image, the input of the YOLOv4 net-
work. It classifies and detects the objects through the neural
network. Finally, we will get detection with frames of objects.

In this paper, the LiDAR segmentation algorithm is
improved; as illustrated in Figure 2, the segmentation steps
are divided mainly into three sections, which are hierarchical
segmentation, hierarchical merge, and ground extraction.
Ground extraction is to remove the background to clearly
recognize car and pedestrian objects. The main aim is to
reduce unnecessary data background in point clouds. It helps
to achieve a good recognition rate and faster detection in the
neural network.

The LiDAR cutting algorithm is divided into three steps.
The first step is hierarchical segmentation; it segments each
layer of point cloud images, to allow the following algorithm
to merge the objects of point cloud images. This section is
focused on the horizontal features of the point cloud images
because Velodyne has Horizontal 64E using light informa-
tion for cutting; the 64-layer points are separately divided
into preliminary parts. Different color represents different
levels of calculation in point cloud images in Figure 3.

Pm+1 − Pmj j < T1, Pm+1 ∈ Sn,

Pm+1 − Pmj j ≥ T1, Pm+1 ∈ Sn+1,

(
ð1Þ

T21 ≥ number Snð Þ ≥ T22, Sn ∈Object,

number Snð Þ < T22, Sn ∉Object,

number Snð Þ > T21, Sn ∉Object:

8>><
>>: ð2Þ

It is shown in the above algorithm, Equations (1) and (2),
the impact of two thresholds. Discussing the role of both
thresholds, as illustrated in Equation (1), if there is less than
T1 distance between Pm+1 and the old point Pm, then Pm+1
belongs in the set Sn. The distance between Pm+1 and Pm
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exceeds the T1 threshold the Pm−1 corresponding to Sn+1 and
Equation (2) to decision of set.

Formula (2) used T21 and T22 threshold to determine if
the set is correct. When the Sn is set to greater than T21 and
less than T22, if the number does not meet the T21 and T22
threshold, removal is not considered.

After hierarchical segmentation, the point cloud image
generates many segmented clusters. The cluster will bemerged

according to the vertical characteristic of the initial and final
point of each cluster during the hierarchical merge step. Dif-
ferent color represents different hierarchical categories. The
first layer represents with yellow color, the second layer repre-
sents blue-gray color, the third layer represents blue color, and
the last layer represents green color. Merge is affected by two
thresholds. The first threshold is limited distance point to
point in between two layers separately. The distance between

Input image

Point cloud map Image data

LiDAR
segmentation ROI extraction

YOLOv4

Resize image ROI

Detection with
bounding boxes

Image result of car
and pedestrian

R-YOLOv4 network

Final result

LiDAR
segmentation

KITTI dataset

Figure 1: Proposed system architecture.
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Unfinished calculation point

Layer combination Ground extraction

Nonground point
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L2
L3

L4
L5

Layer
segmentation

Layer
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Ground
extraction Result

Figure 2: Steps of LiDAR segmentation.
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starting point and end point is as shown in Figure 3, first layer
(yellow) and second layer (blue-gray). Another level distance
to a single point and another point represents blue and green
color levels.

The formula as shown above Equation (3) indicates that
when the distance between the starting point STL and SL of
the cluster, if SL+1 is less than the threshold TS. And the
distance between the end point EL and EL+1 of two levels is
also less than the threshold TE, then the two clusters corre-
sponding to the same object. If any of them does not suit,
then the two levels clusters belong to different objects.

STL − STL + 1j j < TS and EL − EL+1j j < TE , SL = SL ∪ SL+1,

else, SL = SL,

(

ð3Þ

STL − STL + 1j j < TSE and STL − EL+1j j < TSE, SL = SL ∪ SL+1,

EL − STL + 1j j < TSE and EL − EL+1j j < TSE, SL = SL ∪ SL+1,

else, SL = SL:

8>><
>>:

ð4Þ
Equation (4) describes the function of the TSE threshold.

Where the starting point of cluster SL, STL, and the starting
point of the cluster SL1 when the distance between 1 and
the end point EL+1 is less than the threshold TSE or distance
between the end point EL is than threshold TSE, or the

distance between the end point EL of the cluster SL and the
start point STL+1 and the end point EL+1 of the cluster SL+1
is less than the threshold TSE, the two-level cluster belongs
to the same object.

The final step of LiDAR segmentation is ground extrac-
tion. This step utilizes a threshold to filter the ground cluster-
ing, allowing the object to be measured by a point cloud
image. Tmax upper limit threshold and lower threshold Tmin
are two types of thresholds and formulas (5) and (6) as
shown in the following.

If the lowest point Zmin of the object cluster is greater
than the highest upper limit threshold Tmax, the cluster point
is considered to be an object. If the object clusters when the
highest point Zmax value is less than the lowest upper thresh-
old Tmin, the cluster is considered as the ground. Otherwise,
enter the formula to take decision. The ground threshold
clustering used formula (6) of Zmin plus the threshold Tg.
The points below the ground threshold are considered as
ground points, other points greater than or equal to be con-
sidered as object points. With the decision for each point,
the object can completely separate from ground.

After completion of point cloud image clustering, by
using that result, we can find the target area on a color image.
Since the point cloud image has 3D information and the
color image has 2D information, the area of segmented
objects was used to match the 3D to 2D formula to find the
specific target area on a color image. The algorithm formula
as shown in Equation (7) is used to match the point cloud

Layer segmentation
Complete calculation point

Unfinished calculation point

(a)

L1

Threshold 2-2

Threshold 2-1

L2
L3

L4

L5

(b)

Nonground point

Threshold 3-1

Threshold 3-2

Ground point

(c)

Figure 3: LiDAR segmentation algorithm: (a) layer segmentation; (b) layer combination; (c) ground extraction.
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image and color image, where u and v are output two-
dimensional coordinates, x, y, and z are input three-
dimensional coordinates, and the middle is the camera
parameters provided by the KITTI dataset. f u and f v are
the camera focal lengths, u0 and v0 are the initial coordinates
of the camera, and R and t are the rotation matrices. And by
substituting the object cluster into formula (7), we can use
3 × 4M array to find the corresponding color image area
and the result will be sent to YOLO neural network for next
stage of object detection. As shown in Figure 4, the original
image is divided into two-dimensional ROI extraction which
is two rectangle boxes of interested regions in the image.

Zmin > Tmax, All points ∈Object,

Zmax < Tmin, All points ∈Ground,

else, Equation 6ð Þ,

8>><
>>: ð5Þ

Zp < Zmin + Tg, P ∈Ground,

Zp ≥ Zmin + Tg, P ∈Object,

( u

v

1

2
664

3
775 =

f u 0 u0

0 f v v0

0 0 1

2
664

3
775 R t

0 1

" # x

y

z

1

2
66664

3
77775 =M

x

y

z

1

2
66664

3
77775

=

m11

m21

m31

m12

m22

m32

m13

m23

m33

m14

m24

m34

2
664
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775

x

y

z

1

2
66664

3
77775,u =

m11x +m12y +m13z +m14
m31x +m32y +m33z +m34

,

ð6Þ
v =

m21x +m22y +m23z +m24
m31x +m32y +m33z +m34

: ð7Þ

Compared with other schemes, YOLOv4 is advanced in
the fastest and accurate detectors [14]. When comparing all
other traditional architecture, YOLOv4 is with high recogni-
tion rate with top parameters. This architecture is used in this
paper for object recognition by using several components. At
first, the input of an image is a 2D-ROI image; it sends to
YOLOv4 as shown in Figure 5.

We used CSPDarknet-53 as a feature extractor; this
extractor helps in enhancing the network of learning rate
by using mish activation in backbone. By using this feature
extractor, it can enhance the learning rate of a network with
a mish activation function. YOLOv4 also has SPP (spatial
pyramid pooling layer) and PAN (path aggregation network)
models as a neck, which it takes the input and extracts the
feature maps using a deep network. The neck is composed
in between the backbone and the head, object detectors
consisting of a backbone for extraction of the functionality
and a head for detection of an object. To identify the objects
at multiple levels, a hierarchical structure is generated at
different spatial resolutions using the head probing feature
maps. The nearest feature mapping is introduced in the basic
sense that data is fed into the head from the bottom upstream
and the top downstream. Therefore, the input of the head
should include rich spatial information from the bottom
upstream and from the top downstream; this process compo-
nent is called a neck. It has used the SPP layer and has a
slightly different approach for identifying objects into differ-
ent scales. It adjusts the last layer of pooling after the last

layer of convolution with a pooling spatial pyramid layer.
PAN introduced a shortcut path which only decides to take
just around 10 layers to the top of the N layer. Such shortcut
concepts provide top layers with fine-grain local information.
This model is based on YOLOv3 as known as head.

In this paper, the proposed YOLOv4 network, the input
image with high resolution is 608 × 608 size, and it allows
the detection of various objects even through smaller-size
objects. The network has 110 convolutional layers, 21 route
layers, 3 layers of max pooling, 23 layers of shortcut, and 3
layers of YOLO. There are a total of 162 layer networks with
an improved input network capability for a high-quality out-
put which will be able to do correct detection by large layers.
It has more parameters, to generate better training and accu-
racy that used the mish activation function; this function
works in between unbounded above; it can take the positive
values very high. It helps to avoid the saturation and slightly
takes for negative values to allow for better gradient and
reduces the overfitting.

This paper used the LiDAR cutting algorithm for prepro-
cessing and next step to convert the 3D to 2D formula to find
the ROI of the color image and send to the input of R-
YOLOv4 network structure for object detection; by this algo-
rithm, it has great improvement in speed rate and high accu-
racy. YOLO detection has less detection rate to be compared
with the proposed LS-R-YOLOv4 as shown in Figure 6.

3. Experiment and Analysis of Results

In this paper, we used two datasets, KITTI (Karlsruhe Institute
of Technology) and PASCAL VOC (Pattern Analysis, Statisti-
cal Modeling and Computational Learning Visual Object
Classes) used for image classification and object detection.
KITTI dataset has been used for testing part in object recogni-
tion, to identify the categories of objects by using neural net-
work. Dataset provides two kinds: 45° LiDAR point cloud
and color images are taken in real scenes and PASCAL VOC
dataset contains 20 classes, 9963 (2007) and 23080 (2012)
images, respectively [22]. The number of objects is 24640
and 54900. Therefore, the total amounts of images are 33043
and 78540 objects which are used to train the neural network.

3.1. Experimental Platform. The experiment in this paper was
performed on the Ubuntu and windows system; the LS-R-
YOLOv4 algorithm was run under the DarkNet framework.
The processor was an Intel® Core™ i7-9700 Processor, and
the environment of GPU is GPU@2.0Ghz graphic card that
was used to accelerate training.

3.2. Analysis of Experiment Results. As shown in Figure 7, the
original 45° point cloud data and color image are taken as
input for the proposed algorithm. At the beginning of the
algorithm, the segmented point cloud data is shown in
Figure 7(c), which segments different colors with different
objects. After object segmentation, to obtain the correspond-
ing 2D color image in two bounding boxes and the region of
interest color image obtained is shown in Figure 7(d), ROI is
sent to an input of R-YOLOv4 to identify the objects with
bounding boxes.
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The advantage of this proposed method will be discussed
in this section; at first, the LiDAR cutting algorithm helps to
extract the background information and segments the objects
in a different color and this helps to match 3D to 2D informa-
tion in order to find the region of interest in 2D two bound-
ing boxes as input sent to the R-YOLOv4 object detection.
ROI aims to mitigate unnecessary detection of data process-
ing, which concentrates on the region of interest image to

detect, and with this, LS-R-YOLOv4 have very good perfor-
mance in detecting objects even through small size objects.

3.3. Experimental Evaluation Data. To evaluate the reliability
of the recognition rate, analyze the experimental data and
compare the experimental results. Problems with missed
identification and false identification can arise in traffic flow
control systems. Precision, recall, and F1-score are used as

Figure 4: ROI image.

Input image

Input Backbone Neck Head

CSP darknet-53 SPP, PAN YOLOv3

Figure 5: YOLOv4 architecture.

(a)

(b)

(c)

Figure 6: Our proposed method and comparative with YOLO detection: (a) YOLO without region of interest; (b) ROI image input to
YOLOv4; (c) proposed LS-R-YOLOv4 final detection.
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evaluation parameters in this experiment. Completeness takes
into consideration the proportion of correctly observed vehi-
cles with respect to the ground truth. Correctness analyzes
the proportion of correctly detected vehicles with respect to
all detected instances. Performance and F1-measures reflect
the overall results shown in Table 1.

In these formulas [23], True Positive (TP) indicates the
number of correctly detected vehicles, True Negative (TN)
indicates the number of correctly detected backgrounds, False

210
–1

50 40 30 20 10 0 –10 –20 –30
10

20
30

40
50

60
70

(a)

(b)

210
–1

40 30 20 10 0 –10 –20 –30

20

40

60

(c)

(d)

(e)

Figure 7: Results of LiDAR segmentation and object detection: (a) 45° original point cloud data, (b) original color image as input to detection,
(c) object segmentation result, (d) ROI image, and (e) final object detection LS-R-YOLOv4 result.

Table 1: Comparison between YOLO models and proposed
method.

Method Precision Recall F1-measure

YOLOv2 85.5% 55.2% 63.3%

YOLOv3 89.7% 50.2% 64.3%

YOLOv4 92.5% 78.2% 84.7%

LS-R-YOLOv4 97.7% 92.3% 95.2%
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Positive (FP) indicates the number of incorrect detections, and
False Negative (FN) indicates the number of missed detec-
tions, respectively.

Precision =
TP

TP + FP
,

Recall =
TP

TP + FN
,

F1‐Scoremeasure = 2 ×
Precision × Recall
Precision + Recall

:

ð8Þ

4. Discussion

The main advantage of LS-R-YOLOv4 proposed in this paper
is its computational efficiency, because the algorithm com-

bines the color images and point cloud data for segmentation
and uses color images for identification to speed up object
detection. Comparison of YOLO and R-YOLO object detec-
tion results below, it can be seen that some background pixels
are removed during the R-YOLO preprocessing, and it
divided into smaller blocks that are used for detection, so
pixels input the neural network will not be disturbed by back-
ground pixels, so making is easier to identify smaller objects
and improve the quality identification.

We compared different versions of YOLO such as
YOLOv2, YOLOv3, and YOLOv4 that have different object
detection capacities with the proposed method LS-R-
YOLOv4 to evaluate the performance of object detection in
small size objects. An example of a detected image with dif-
ferent YOLO versions and proposed model LS-R-YOLOv4
is shown in the following figure.

(a)

(b)

(c)

(d)

Figure 8: Comparison of car detection based on YOLO algorithms: (a) YOLOv2, (b) YOLOv3, (c) YOLOv4, and (d) proposed method LS-R-
YOLOv4.
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The performance of algorithms, bounding boxes detected
by using YOLOv2, has incorrect or less region of interest
bounding box for two objects, and less detection rate to
detect the smaller size and objects that are far away with less
vision ability. YOLOv3 can detect only smaller objects, and
many objects are missing to detect. The performance of
YOLOv4 is good, but still, some certain objects are missing
to detect. We can observe that, although far objects, smaller
objects, and shapeless objects can be detected without being
missing, our proposed method shows the great detection
results in Figure 8.

5. Conclusions

LiDAR acts as an eye of a self-driving vehicle, by offering a
high-precision 360° horizontal field view in real-time. This
paper represents the results of LS-R-YOLOv4 and their
benefits of the algorithm based on the LiDAR sensor. Besides,
the left and right cameras assist in obtaining front image infor-
mation at the same time. The distribution of the model
available features can greatly improve the algorithm efficiency,
reduces oversegmentation, and achieves the objective of real-
time object detection. In relation to the LS-R-YOLOv4 recog-
nition rate, we used to detect the pedestrian and cars, and
results that are significantly better than the YOLO algorithm.
In terms of the recognition rate of calculations for object rec-
ognition, our algorithm provides a significant benefit with
97.7% precision, recall rate 92.3%, and F-1-measure 95.2%.
Overall, LS-R-YOLOv4 has excellent performance in comput-
ing speed and recognition rate and is very suitable for
unmanned driving and other related applications. Our pro-
posal reduces oversegmentation. Therefore, the surrounding
environment model of the self-driving car can be accurately
obtained. It is convenient for the self-driving algorithm to
perform route planning.

Data Availability

In this paper, we used two datasets, KITTI (Karlsruhe Insti-
tute of Technology) and PASCAL VOC (Pattern Analysis,
Statistical Modeling and Computational Learning Visual
Object Classes) used for image classification and object
detection. KITTI dataset has been used for testing part in
object recognition, to identify the categories of objects by
using neural network. Dataset provides two kinds: 45° LiDAR
point cloud and color images are taken in real scenes and
PASCAL VOC dataset contains 20 classes, 9963 (2007) and
23080 (2012) images, respectively. The number of objects is
24640 and 54900. Therefore, the total amounts of images
are 33043 and 78540 objects which are used to train the neu-
ral network.
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