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Abstract —3D object detection is a computer vision task that is used for various applications. However, it has several drawbacks
due to occlusion, noise, inefficient field of view, etc. In addition, the recent LiDAR point clouds-based 3D object detection methods lack
sparsity and homogeneity which affects the detection accuracy. In this paper, we detect 3D objects based on static and dynamic states
by performing preprocessing, segmentation, extraction of features, classification, and regression considering RGB-D images, and
LiDAR point clouds. Firstly, the quality of the image is enhanced by performing preprocessing which consists of two levels. In the first
level, noise removal is performed for both RGB-D images and LiDAR cloud points by implementing Thresholding based Adaptive
Median Filtering (TAMF) algorithm. In the second level, we perform point to voxel conversion for the LiDAR point clouds and fuse
both RGB-D images and 3D LiDAR point clouds for better segmentation. Secondly, object segmentation is performed using Improved
Mask R-CNN algorithm which creates masked instant bounding boxes by performing semantic segmentation considering both point
and local-based information. Estimating pose for the segmented objects using bearing angle-based affine transformation method to
extract features efficiently. Thirdly, Feature extraction is performed from the segmented 3D objects by considering high and low-level
features using Attention-based YOLO V4 Tiny network and fusing both features for reducing the feature redundancy. Finally, based on
the extracted feature the objects are classified as static and dynamic, and 3D bounding boxes are generated to improve the 3D object
detection accuracy. The proposed work is evaluated by KITTI dataset. MATLAB R2020a simulation tool is used to perform simulation
for the proposed work. The performance of the 3D object detection is evaluated in terms of several performance metrics such as
accuracy, precision, recall, F-measure, computation time, and ROC-AUC curve compared to existing methods.

Index Terms —3D object detection,noise removal,semantic segmentation, pose estimation Improved Mask R-CNN, A-

YOLO V4 tiny, 3D bounding box.
I. INTRODUCTION

3D object detection from point cloud is a recent research
topic in image processing. The point clouds are acquired from
the digital cameras which are equipped with effective sensors
[1]. However, recognition and detection of 3D objects from
point clouds. However, the point clouds generated from
photogrammetry are limited with poor precision which affects
the object detection accuracy [2]. To overcome the issue of
point clouds, LiDAR (Light Detection and Ranging) sensor is
introduced which directly acquires the point clouds from the
object and shows promising results in terms of accuracy, and
provides faster results [3]. However, LiDARIis susceptible to
environmental noise, sparsity, and lack of depth information.
The objects such as bicycle, vehicles, and pedestrians are
represented by sparse point that makes complexity when using
only point clouds and LiDAR point clouds [4], [S]. To solve
this issue, researchers used fusion technology of RGB-D
images and LiDAR point cloud for multiclass object detection
[6]. The environment consists of multiple sensors for
identifying moving objects, static objects, and obstacles.
However, the RGB-D images and LiDAR images have many
noises due to environmental factors which lead to image
degradation hence it needs to be removed for obtaining high-

quality images and cloud points for object detection [7], [8].
To reduce the noise due to environmental factors, many of the
existing works adopt filtering methods and threshold methods.
The noises in the images occluded the detected object which
makes it infeasible to detect. The existing methods are lacks
computational complexity during feature extraction and poor
performance during objection tasks [9].

Object pose detection is one of the major challenging
tasks in object detection existing works makes annotations
manually. The manual annotations make them with increased
computational complexity as there are multiple poses of an
object [10]. Multiple features are extracted from the input
images such as low-level features (Colour, Shape, and
Texture) and high-level features (Semantic, Spatial, and
Temporal) for feature learning and bounding box generation
[11], [12]. Region proposal Network (RPN) is used to generate
bounding box for object classification and regression.
However, the RPNs are limited with high latency [13]. The
bounding box is generated based on the center point, height,
width, and angle. However static bounding boxes lead to loss
of the viewport (Perspective view) of the images and increase
false-positive rate [14]; hence the dynamic bounding boxes are
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preferred for obtaining better perspective view of the images
[15].

Many types of object detection algorithms are proposed
for object detection such as point-based algorithms, voxel-
based algorithms, and point-based and voxel-based
algorithms. The point-based algorithm obtains the point-based
information for object detection since the pose information of
the object is lost. Voxel-based algorithms divide the point
cloud into voxel that overcomes the sparsity problem of point
cloud. A point-based and voxel-based algorithm provides the
advantages of both point-based and voxel-based algorithms;
therefore it provides fast and efficient results in object
detection [16]-[18]. Many deep learning algorithms are
proposed for 3D object detection such as Convolutional
Neural Network (CNN), Region-based Convolutional Neural
Network (RCNN), Faster RCNN, Single Shot Detector (SSD),
and You Only Look Once (YOLO) which achieve better
performance in object detection. However, the existing
algorithms are limitedbyoverfitting, high time consumption,
and less accuracy [19], [20]. Therefore, the precise solution
for 3D object detection is yet to be proposed. The proposed
work addresses the existing challenges and provides an
efficient solution.

A. Motivation& Objectives

The main aim of this research is to detect and classify the
objects in an accurate manner using RGB-D and LiDAR cloud
point images. This research addresses the problems of cloud
point sparsity, high information loss, high false-positive rate,
and so on. The detection and classification of 3D objects are
carried out from the RGB-D images and LiDAR cloud points
however the existing approaches provide higher false
detection rate that degrades the accuracy of 3D object
detection system. In addition, 3D object detection faced many
problems with state-of-the-art methods. We are motivated by
these problems which are sorted as follows,

e  Multi-Feature Extraction: The detection of 3D objects
is based on both low level (Color, Shape, and Texture)
and high-level features (Spatial, Temporal, and
Semantic) but some researchers take only low-level
features or high-level features that lead to inaccurate
results during object detection that increases false alarm
rate.

e Static Bounding Boxes: In existing works, generate a
bounding box for 3D object detection however the
bounding boxes are generated statically does not change
dynamically which reduces the viewport of the
bounding box hence it does not focus the perspective
views of the images which reduces object detection
accuracy.

e High False Positive: Pose estimation is one of the
important challenges in 3D object detection because of
various poses of the objects. However, the existing
works do not concentrate on object pose estimation
which loses the viewpoint of the images leading to high

false-positive rate and less accuracy during object
detection.

e High Information Loss: In 3D object detection most
researchers are used region-based proposals for object
detection and classification. However, it leads to high
information loss because the regions get a chance to
miss the small objects in the images which also reduces
the detection accuracy.

The major objective of this research is to detect the 3D
objects using RGB-D and LiDAR cloud points with high
accuracy and low false-positive rate. The other objectives of
this research are listed as follows,

e To increase the quality of RGB-D image and LiDAR
cloud points by performing preprocessing which
eliminates the noise from the images enhance the
quality of the images and provide accurate result in
object detection.

e To predict the viewport of the image by performing
semantic segmentation and pose estimation which
accurately detects the poses of the images and reduces
the information loss of small objects and their pose.

e To increase detection and classification accuracy of 3D
static and moving objects by performing multi-feature
extraction which extracts both low level and high-level
features from the images to increase accuracy and
reduce false-positive rate.

e To increase the perspective view of the image by
generating dynamic bounding boxes which provide
better perspective view of the image and also increase
accuracy of 3D object detection.

B. Research Contribution

This research mainly focuses on detecting the 3D objects
and classifying the objects as static and dynamic. The major
contributions of this work are sorted as follows,

e The noise in both RGB-D and LiDAR point clouds is
removed by performing threshold-based adaptive
median filtering algorithm and converting the points
to voxels to enhance the quality of the image for
improving the segmentation and 3D object detection
accuracy.

e The segmentation of 3D objects from the pre-
processed image is performed to reduce the classifier
burden by employing improved Mask R-CNN which
utilizes enhanced ROI (Region of Interest) alignment
for extracting semantic information and estimating
the pose of the objects using bearing angle to increase
the detection accuracy.

e Implementing A-YOLO V4 tiny network for
performing feature extraction from the segmented 3D
objects by channel and spatial attention layers and



fusing both high and low-level features to improve
the 3D object classification accuracy.

e The classification is done based on the feature
extracted. The objects are classified as static and
dynamic classes. The accuracy of the 3D object
detection is enhanced by generating refined 3D
bounding boxes for the 3D objects.

C. Paper Organization

The remaining sections of this paper are organized below.
The state-of-the-art works on 3D object detection and its
research gaps are summarized in section II. Section III
describes the major problems which are experienced by the
existing research methods. The proposed research
methodology with procedure, algorithm, mathematical
representations, and pseudocode are described in section IV.
Section V represents the simulation and evaluation results of
the proposed work and is compared with existing methods.
Section VI concludes the proposed work and provides
research directions for this work in future.

II. LITERATURE SURVEY

This section deals with literature on the existing
approaches in which various research gaps are analyzed and
mentioned. This section is further sub-divided into three sub-
sections as follows,

A. 3D Point Cloud-based Approaches

Point Cloud-based 3D object detection was performed
using relational graphs [21]. The proposed work contains two
modules namely 3D object proposal generation module and
3D relation module. In first module, the point clouds were
taken as input, By using Multilayer Perceptron (MLP)
semantic features are extracted from the input point clouds.
From the semantic features, geometric centers, and pointed
direction vectors are extracted and associated. The extracted
features are sent to 3D object generation proposal for
bounding box regression and classification. In second module,
each proposal from bounding boxes is sent to point attention
pooling, where it converts the extracted feature vectors into
uniform vectors. The uniform vectors are sent to 3d object
relation graph where it generates a graph. The graph shows the
3d object-object relationship between them. The Non-
Maximum Suppression (NMS) algorithm is used to avoid the
overlapping of 3d bound boxes. Here, MLP is used for feature
extraction. It is time-consuming and the computations are
difficult, this leads to high latency in our proposed work.
Authors in [22], introduced a moving object classification
based on 3D point clouds for urban traffic environments. The
proposed work includes three processes such as point cloud
pre-processing, feature extraction, and classification. In first
process, ground points are removed from the point cloud and
non-ground points are clustered for obtaining better results. In
second process, three types of features are extracted from the
pre-processed point cloud such as point based features, shape
based features, and statistical features. Gini index criterion is
used for selecting the optimal features from the extracted

features. Based on the extracted features Support Vector
Machine (SVM) is used for object classification. The
simulation result demonstrates that the proposed work
achieves better performance in terms of accuracy compared to
existing works. This work considered only high-level features
for object detection which is not enough for accurately
classifying the object which reduces the accuracy of this
research.

Authors in [23], introduced 3D object detection from
point clouds using Point track Net. The Back Bone network
was used for feature extraction. The two adjacent raw point
clouds are taken as input. The proposed work contains four
consecutive stages for object detection. In first stage point,
wise feature extraction was done in which backbone network
extracted the point wise features which are sent to Set
Abstraction Module for down sampling and up sampling
respectively. In second stage, probability filter was used to
reserve the high probability foreground points. In third stage,
merged features are sent to refinement module for calculating
the final tracking results. In final stage, Trajectory generation
module is used for giving the trajectory of the object. Here
Backbone network is used for point based feature extraction
hence it takes more computation time during object detection
which increases high latency. Authors in [24], introduced
GRNet to detect a 3D object using geometric relation network
from point clouds. The proposed work used backbone network
for feature extraction. The features are separated as intra
object features and inter object features for extracting the
relationship and difference between them for accuracy. Here,
centralization module was used to point to the extracted
features for indicating the center of the extracting features.
After it reaches the centralization module feature pooling was
done for better extraction. The object relation learning
modules relate the extracted features and predict the bounding
box parameters. Finally, object was detected within the 3D
bounding box with detailed relationship between them. Here,
raw point points are directly sent for feature extraction which
leads to high computational complexity as the raw point
clouds contain noise.

Authors in [25], introduced a semantic learning network
to detect a 3D object by extracting multi view semantic
features. The proposed work used Regional Proposal Network
(RPN) for classification and prediction of the object. Using
multiple view generator, four views BEV (Bird’s Eye View),
Rotated-Right view(R-RV), Rotated —Left View(R-LV), and
Rotated Front view (R-FV) are captured and determine the
features of low-level information. The determined features are
sent to Spatial Recalibration Feature (SRF) for recalibration
and enable the interaction between the features of different
projections. The 3D Regional Proposal Network (RPN)
formed regions from the calibrated features then the
classification and 3D box prediction were done. The
performance of proposed work was analyzed by KITTI
dataset. Here, Regional Proposal Network was used for
generating 3D boxes however it takes much time for training
which is time a consuming hence it leads to high latency.



Authors in [26], introduced a joint edge and stixel based object
detection using 3D point cloud. The main goal of this research
is to segment and detect the objects in a given image by
estimating the location and bounding box of the object. The
object proposals are generated by edge box and stixel
estimation for accurate object detection. The features are
extracted from the bounding box, and then perform 3D point
cloud matching and segmentation by matching the 3D sparse
point cloud with scene point cloud. The matching process of
2D images and 3D cloud points is performed for object
segmentation and detection however it provides inaccurate
results due to lack of depth information of the image which
reduces the accuracy of object detection.

The 3D object detection from point cloud using SC Net
was introduced in [27]. In this proposed work One Shot
Regional Proposal Network (RPN) was used for classification
and regression of bounding boxes. The proposed work use
point cloud as input. The inputs are sent to point
rearrangement module where points are rearranged and sub
divided into sub grids. The subgrids are the sent to Stixel
feature extractor; a set of rectangular sticks which compress
the information about the obstacles generates the sparse
feature map. From the sparse feature map, bounding box
classification and regression were using one shot RPN. The
performance of proposed work was analyzed by KITTI
dataset. The one shot RPN was used which generates region
proposals based on the region hence it leads to high
information loss of smaller objects which reduces the accuracy
of object detection.

B. LiDAR Point Cloud based Approaches

Authors in [28], introduced an object detection method
for detecting a 3D object from LIDAR point clouds. The
proposed work used Multilayer Neural Network (MNN) for
feature extraction and classification. Raw point clouds from
LIDAR sensors are taken as input. By using height threshold
unnecessary ground is removed which can occupy space and
leads to wastage of computation. From raw point clouds,
multiple geometric features are extracted from voxels
continuously. Before classifying the multiple geometric
features, the feature vectors extracted from the voxel are
filtered by using scale filter. The filtered vectors are given a
standard size that was normalized by object feature matrix for
convenient classifying of features. The normalized matrices
containing multiple geometric features are sent to Multilayer
Neural Network (MNN) for classification of objects. This
work considered only geometric features which was not
enough for 3D object detection and classification hence it
leads to high false-positive rate and less accuracy.

Authors in [29], uses LiDAR point based method for 3D
object detection. The LiDAR points were acquired from the
KITTI benchmark dataset this work utilizes sparse
convolutions instead of general convolution layer which
reduce the overfiitng problem. Initially, the LiDAR point
cloud was acquired from the environment. From the acquired
point clouds, feature map of sparse nature is coded. The

coded feature map was the provided to backbone network
which consist of multiple sparse convolution layers for feature
extraction. Based on the extracted features, the output layer
segments and detects the objects. The objects represented as
multiple bins 2D bounding boxes which enhance the overall
accuracy. The validation of proposed work was evaluated in
several metrics and shows optimal results. Here, the feature
was extracted directly from the raw point clouds which
degrade the model precision rate.

The rapid motion segmentation was done using LiDAR
point clouds based on combination of Probabilistic and
Evidential Approaches [30]. The classification was done using
Fast Motion Point Segmentation Algorithm whether it is static,
dynamic, or unknown. The inputs are sent to Point motion
segmentation module where they are subjected to two
approaches namely probabilistic motion approach and
evidential approach. From these approaches, objects are
classified whether the objects are static dynamic, or unknown
(occluded objects).

Authors in [31], introduced a method of cooperative
perception for 3D object detection using infrastructure sensors
for driving scenarios. Initially, the LiDAR sensor data are pre-
processed for obtaining better results in object detection. Then
the data are fused by fusion scheme algorithm in central fusion
system. Based on the fused data the proposed work detects 3D
objects. The proposed 3D object detection model includes
three blocks for object detection as feature learning network,
multiple convolutional middle layers, and region proposal
network.

This paper introduced a novel method namely SARPNET
for object detection using LiDAR cloud points [32]. The
proposed work includes three components such as voxel
generator, feature extraction, and shape attention region
proposal network. The voxel generator is used for point to
voxel conversion. Voxel feature encoding is used for
extracting the voxel based features from the cloud points.
Finally shape attention RPN block is used for generating
region proposal for object detection. Based on the attention
value the RPN classifies the object from point cloud. The
LiDAR point cloud is considered as input hence it has non-
homogenous and sparsity problems that lead to less accuracy
in object detection.

C. Image Fusion based Approaches

Authors in [33], introduced a novel method to detect 3D
object pose by RGB-D images for bin picking using semantic
part segmentation method. The proposed work used Mask
Regional Convolutional Neural Network (Mask-RCNN)
algorithm for segmentation of semantic information. By
Convolutional Neural Network (CNN) semantic features are
extracted simultaneously and sent to Regional Proposal
Network (RPN). Regional Proposal Network (RPN) scores
object poses orientation and predicts box parameters. For each
proposal, feature maps are extracted and they are sent to three
different branches. From the data, the point features are
extracted using Semantic Point Pair Feature Method. After



extraction of semantic features, voting procedure was done
using Iterative Closest point for estimating the pose of the
object. The performance of proposed work was analyzed by
KITTI dataset. The Mask RCNN is used for object
segmentation which leads to misalignment problems during
masking process that reduces the performance of object
segmentation and detection.

Authors in [34], introduced a method to detect a 3D
object with the features of joint camera and 3D LiDAR
features by using 3D cross-view spatial feature fusion (3D-
CVF). The proposed work used Convolutional Neural
Network (CNN) algorithm for feature extraction and
classification of objects. The image is sent through
Convolutional Neural Network (CNN) for feature extraction
where the multi-view camera features are extracted by auto-
calibrated projection unnecessary noise is filtered out. The
filtered 2D image was mapped using cross-view feature
mapping. Parallelly, LIDAR point clouds are voxelized and
then sent to 3D sparse convolution network which contains six
grids for better extraction of features. Then, the 2D feature and
3D LiDAR features are aggregated by adaptive gated fusion
layer as joint camera-LiDAR features. The joint camera-
LiDAR features are sent to Regional Proposal Network (RPN)

for detecting regions containing objects. Then, camera feature,
LiDAR feature, and joint camera-LiDAR are pooled in ROI
based proposal network for 3D box refinement.CNN is used
for object detection hence it does not extract the pose and
orientation information from the object which leads to less
accuracy in 3D object detection.

Authors in [35], used Dense Residual Fusion Network
(DRF-Net) for 3D object detection. The proposed work uses
DRF-Net for local feature extraction. Three inputs are taken
into account they are 3D point clouds, RGB-D image, and
Bearing Angle (BA) image. Objection segmentation was done
by extracting features from point clouds and noises are
removed. From RGB-D image Region of convergence (ROC)
was selected. Both are combined and transformed into 2D BA
images. By using BA image, Depth image and RGB image
local features were extracted by using DRF-Net. The DRF-Net
contains Dense Residual blocks, where the feature extraction
was done. All the three extracted local features were combined
and sent to Convolutional Neural Network (CNN) for high-
level feature extraction and classification. Table I denotes the
survey of existing research works and corresponding research

gaps.

TABLE I
SUMMARY OF LITERATURE SURVEY
Approaches References Objective Algorithm/model used Limitations
[21] 3D object was detected using MLP and NMS algorithms e High time consumption
Relation Graph Network e Poor accuracy
[22] 3D point clouds for moving SVM algorithm e High latency
object detection e Considers only limited features
[23] Point cloud-based 3D object Point track Net e High computation time
3D  Point  Cloud-based detection and tracking e Poor accuracy
Approaches [24] GRNet based 3D object detection Geometric relational network e Poor performance during feature
using point clouds extraction and classification
[25] To detect a 3D object with multi RPN algorithm e More training time needed
views using point clouds e Raw points extracted lead to
environmental distortion
[26] Location-based 3D object | Segment and detect the object | o Not considering the depth of
detection based on edge and by its location information of the image leads to
stixel. inaccurate results.
[27] SCNet-based 3D object detection One shot RPN and stixel e Susceptible to  environmental
using point clouds. feature extractor noises.
[28] Multi-feature extraction based MNN algorithm e High false-positive rate
3D object detection using LIDAR e Considers only limited features
point clouds
[29] 3D object detection from | Sparse convolutional network | e Susceptible to high noise
foreground segmentation using e Limited features leading to in
LiDAR Point Cloud-based LiDAR. [.Joi.nt clouds. ‘ . . ac.cura.te classificatiqn results.
Approaches [30] Prol?ab111stlc a_nd evidential ba§ed Fast m<_)t10n po1pt e High time consumption
vehicle motion segmentation segmentation algorithm, e High complexity
using LiDAR Probabilistic and Evidential
methods
[31] Cooperative 3D object detection Fusion scheme algorithm e Feature redundancy
using LiDAR data e Less accuracy
[32] RPN based 3D object detection RPN, and SARPNET e Sparsity problem
using LiDAR e Reduced efficiency
[33] RGB-D images for segmentation Mask-RCNN, and CNN e Highly vulnerable to misalignment
and estimation of pose
Image Fusion based [34] Fusion of LiDAR and camera for CNN, and RPN e Over fitting
Approaches 3D object detection e High time consumption
[35] RGB-D, point clouds and bearing DRF-Net e High false positives
angle based 3D objection e Limited feature extraction
detection




III. PROBLEM STATEMENT

The major problem statement of this research work is high
false alarm rate, insufficient features, and low accuracy in 3D
object detection. This section represents the addressing
specific problemsfrom the existing researches which are
described as follows,

Authors in [36], proposed multilayer spatial structure for
performing 3D object detection using CNN.Voxalization of
point clouds, feature extraction, feature map generation, ROI
pooling, classification, and prediction were performed in this
work using KITTI dataset. The major problems of this method
are sorted as follows,

e Here, CNN algorithm is used for object classification
however the traditional drawback of CNN is cannot
detect the pose and orientation of the images hence it
reduces the accuracy of object detection.

e This work only considers spatial information of the
images but it does not enough for providing accurate
results in 3D object detection which reduces the
detection and classification accuracy.

e The proposed work considers only LiDAR point cloud
as an input which leads to non-homogeneous and
sparsity problems hence it provides inaccurate results.
In addition, the raw point clouds are used for object
detection which reduces the quality of the images
because it has much noise due to sunlight and other
factors that need to be removed otherwise it reduces the
quality of the points thus reducing the accuracy.

e Here, RPN is used for generating the bounding boxes
based on the regions which lead to increased high
information loss of the smaller objects in the images
also increase false-positive rate, in addition, the
bounding boxes are generated in a static manner that
reduces perspective view of the images thus reduces the
performance of this work.

The 3D object detection using MLP algorithm was
performed in [37].Drosophila-based elementary motion
detection point net approach was used in this work to voxalize
the LiDAR point clouds and remove the background noise.
Finally, objects and their motion were detected using ML
approach. The main problems of this research are as follows,

e Here, raw cloud points are converted into voxel then
the background noises are eliminated which increases
complexity because the LiDAR cloud points have
many noises that are needs to remove from the cloud
points before voxelization otherwise it does not
provide accurate cloud points thus leading to poor
accuracy in 3D moving object detection.

e The proposed work considers only geometrics
features for segmentation and 3D object detection
which are not enough for accurate moving object

detection to reduce the accuracy of detection and
increase the false alarm rate.

e MLP is used for 3D box generation however
perceptron trained adaptively for detecting optimal
solutions thus increasing latency during object
detection. In addition, it only classifies the linearly
separable vectors however objects are always not
present in a linear manner hence it does not detect 3D
objects accurately thus reducing the detection
performance of this work.

Authors in [38],used RGB-D images with novel deep
learning network to detect 3D objects. Map generation,
reverse mapping, and voxalizing 2D images were performed
in this method. KITTI dataset was used to validate the
proposed work. The problems addressed in this work are
sorted as follows,

e Here, 3D raw cloud points are considered for object
detection which provides inaccurate results due to the
presence of noise that reduces the performance of the
proposed work.

e This work achieves less accuracy for 3D object
detection due to lack of features because this work
considers only low-level features for both 2D and 3D
images which is not enough for accurate 3D object
detection.

e Hough voting is used for object classification which
mostly depends upon the inputs, hence the input has
noise then the result of Hough voting is also inaccurate
which reduces the accuracy. It calculates the voting for
many features during object classification thus
increasing high complexity that leads to high latency.

The random sample consensus algorithm (RANSAC) was
proposed in [39] for performing segmentation for both 3D
LiDAR and 2D images. Noise removal and feature fusion
were performed in this work in which YOLO was used to
perform classification. KITTI dataset is used to evaluate the
proposed method. Several problems addressed in this research
are listed as follows,

e Here, RANSAC algorithm is proposed for ground
segmentation. However, if the number of iterations is
limited then the RANSAC does not provide an optimal
result in segmentation thus reducing the classification
accuracy.

e YOLO algorithm is proposed for object classification
which does not detect smaller objects in the image
which leads to less accuracy and increased false alarm

rate thus reducing the performance of object
classification.
e YOLO generates 2D bounding boxes for object

classification it does not consider the orientation of the
bounding box thus increasing misclassification rate and
the bounding boxes are not changed dynamically with



respect to the object position which reduces the
perspective view of the object thus leading to inaccurate
result.

e Here, 2D images are considered for object detection
however it provides inaccurate results due to the
presence of noise and absence of depth information thus
reducing the quality and perspective views of the image.

Authors in [40], proposed regional-based convolutional
network (RCNN) to detect 3D objects. Voxalization, feature
extraction, and 3D box generation were performed to detect
the 3D objects. KITTI dataset was used to evaluate the
performance of this work. The major problems in this work
are described as follows,

e Here, RCNN is used for 3D object detection however it
takes much time for training because of generating
multiple region proposals per image which leads to high
latency during object detection and classification, in
addition, it generates the bounding boxes based on the
regions it causes high information loss of the smaller
objects.

e Here, raw cloud points are considered for object
detection which leads to inaccurate results due to the
presence of the noise. In addition, this research only
considers point clouds for object detection which leads
to non-homogenous and misorder points problem that
reduces the quality of point clouds.

e The detection of objects is greatly influenced by the
pose of the objects in the training dataset. The lack of
estimation of object pose results in increased false-
positive rate.

Research Solutions: In order to overcome the problems
experienced by the state-of-the-art methods, we perform 3D
object detection using RGB-D and LiDAR cloud points which
overcome the sparsity and misorder problems by considering
the depth information of the images. Two-level preprocessing
is performed to remove the noise from LiDAR point clouds
and RGB-D images using TAMF algorithm and perform point
to voxel conversion which enhances the image quality that
increases the accuracy and decreases the false positive rate.
Semantic segmentation and pose estimation are performed to
increase the accuracy of 3D object detection in which Mask
RCNN algorithm is used to perform semantic segmentation
and affine transformation method is used to perform pose
estimation. Implementation of A-YOLO V4 tiny algorithmfor
performing object classification and regression by extracting
both high level and low-level features with low latency.
Generating 3D bounding boxes dynamically, based on the
pose of the objects and orientation enhances the viewport of
the images.

IV. PROPOSED WORK

In this research work, we have focused on accurate
detection of 3D objects from LiDAR cloud points and RGB-D
images. The accuracy of the detection is also determined

based on the segmentation and feature extraction from cloud
points. The main goal of this research is to enhance detection
accuracy in segmentation and classification. For 3D object
detection, we have used KITTI datasetThe proposed work
includes four consecutive phases such as,

e Two-level preprocessing

e Improved Mask R-CNN For Semantic Segmentation
and Pose Estimation

e  Multi-Feature Extraction and Feature Fusion
e 3D Object Classification and Regression
A. Two Level Pre-Processing

In this research, we have taken two inputs such as RGB-D
images and LiDAR cloud points. Initially, we perform two-
level of preprocessing, in first level noises are removed from
both 3D LiDAR cloud points and RGB-D images since the
raw LiDAR cloud points have much noise such as sunlight
shot noise and photoresponse non-uniformity noise that are
needed to eliminate for increasing the quality of the cloud
points. In other words, the height of the cloud points affects
the quality; hence we need to solve this problem for obtaining
high accuracy in 3D object detection. For that purpose, we
have divided the LiDAR cloud points into groups such as
noise points (ground points) and non-noise points. Then the
noise points are eliminated based on the threshold. The noise
in the RGB-D image is also removed to enhance the image
quality. For that purpose, we proposed Thresholding based
Adaptive median filter (TAMF) which eliminates the noise
that obtains high-quality LIDAR point clouds.

Let K(l) be the noisy RGB-D image and K(¥) be the
noisy LiDAR cloud points. The formulation of these inputs is
represented as,

K(L) = S(m) + N(8) 60
K@) =S(M) + N(8) 2)

Where S(M) represents the original information and the
N(8) denotes the noise. The RGB-D images are converted
into greyscale before performing noise removal. Applying a
sliding window to the median filtering with dimension
(0 = vx v). The pixel K(f) of the RGB-D image which is
arranged from small to large based on its grey value. The pixel
median value is represented as K,,,,4 .

Assuming, K,,;, as the window’s minimum grey value,
K,.ax are maximum grey value and the center pixel’s grey
value is represented as IV(Z. If IV(Z is not equal to Ky, or Kjgx
then it is the original information of the image (, otherwise, it
is considered noise. Replacing IV(Z, with K,,.q to perform
denoising.

The size of the window is adjusted adaptively to increase
the filtering template’s size. The value of a pixel in this filter
window is represented as K(£). The adaptive median filtering
has 2 steps which are defined as follows,



Step 1: If K,y <Kpneq <Koy shift to step 2 otherwise, adjust
the window as v = v + 2. When 0 > 8,,,, , then the output is

Kneq otherwise, repeat step 1.
Where, 0,,,, denotes the window’s upper limit.

Step 2: If K,;;, <Kjpeq <Kinar then the output is K(¥)otherwise
Iv<me d-

Step 2 may reduce the window’s upper limit and it does
not preserve edges and other important details for
smoothening the image. The improved wavelet threshold
function is implemented to eliminate the remaining noise with
preserving the edge and other important information. This
method is used for both RGB-D and LiDAR cloud points. This
threshold function has two types of frequency coefficients
such as low and high-frequency coefficients in which the
image information is in the low-frequency coefficients
whereas the noise and edge information are in the high-
frequency coefficients. In order to preserve useful information
and eliminate noise, the wavelet threshold function is applied
to high-frequency coefficients. Two characters of threshold
function are considered such as soft and hard threshold
function. The hard threshold function is represented as,

hyy = {h |h| =t 3)

0 |hl <t

Where h, denotes the wavelet threshold. The soft
threshold function is represented as,

b= {sign(h)(lhl —t) |h=t
7o lh| <t

The wavelet threshold function is improved which is
continuous at |h| =t and acquire the overall definition
domain with various kinds of slopes during |h| < tand |h| =
t. The formulation of the improved wavelet threshold function
is expressed as,

_ (sign(h)(lh| = t)
hey = {(1 — N |h|

“)

|h| >t

Ih| <t )

Where A denotes the adjustable factor. This improved
threshold function is having the adjustment factor A(0 < 1 <
1) determines the threshold function is not equal to zero
during |h| < t. This shows that the wavelet coefficients are
less compressed than soft threshold function which eliminates
the remaining noise in RGB-D images and noise points of the
3D LiDAR point clouds. Fig 1 illustrates the proposed 3D-
YOLOvV4 model.

1. Two Level Preprocessing
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Fig. 1 Proposed 3D-YOLOv4 Model



In second level, we perform points to voxel conversion by
achieving 3D LiDAR cloud points for better perception view
which helps improve the accuracy of 3D object detection.
Each cloud points in the LiDAR with three coordinates
(X,Y,Z) having three coordinate value pairs such as
([xmin » Xmax ]' [ymin, Ymax ]' [Zmin » Zmax ]) All the pOint cloud
data in the LiDAR are initially bounding based on Euclidean
space s3> which is divided into voxel subsets based on
Cartesian coordinate system and each voxel subset is
represented in terms of index U(d, f, c).

Where d €[0;L, —1],f €[0;L, —1], and c €
[0;L, — 1] According to the individual voxels’
dimensions (A,,A,,A,), the count of voxels (Ly,Ly,L,) at
every direction are expressed as,

Lx — (xmaxA_ Xmin ) +1 (6)
Ly — Ymax A_mein) +1 (7)
Lz — (Zmax A_ Zimin ) +1 (8)

Where, Ay, A, A, are denoted as size of the voxel and
Ly, Ly, L, represents the voxels count in each direction. A brief
explanation of noise removal is provided by describing the
pseudo code below.

Pseudo code
# Noise Removal
Initialize{l, ¥, &}
Tnitialize Ky , Kyed » Kinax
Forl,¥ < mdo
If the step 1 condition is not met
Ifo > 0,,,, then
Repeat step 1
Else
Shift to step 2
End if
Computeh,, h;susing (3), and (4)
Compute h;;and adjust threshold using (5)
Return denoisedl, ¥
End for

B. Improved Mask RCNN for Segmentation and Pose
Estimation

After completing preprocessing, pose estimation and
segmentation process are initialized. For that, the preprocessed
RGB-D image and 3D LiDAR point clouds are fused for
obtaining better results in 3D object detection. The fused
images are considered for semantic segmentation. Here, we
consider both point-based and local-based semantic
information for semantic segmentation by generating region
boxes using Improved Mask R-CNN (IMR-CNN) which helps
to achieve high accuracy of pose estimation by solving the
misalign problem of traditional Mask RCNN.

The classification head performs classification of ROI and
regression of bounding box in traditional Mask R-CNN. The
Improved Mask-RCNN is a model of instance segmentation
which is expanded based on faster RCNN. The mask-RCNN is
improved by modifying the head block of the mask to identify

the boundaries in a precise manner. Initially, learnable
upsampling is performed for feature maps by adding decoder
layer which provides spatial resolution efficiently. Second,
ROI alignment is performed by the ROI align block with skip
connections to generate features with high resolution which is
further used by altered mask head.

a) Improved Mask R-CNN Network Structure

The improved mask-RCNN algorithm is used to segment
the fused image to enhance the accuracy of 3D object
detection. It consists of input block, backbone network,region
proposal network (RPN), feature pyramid network (FPN), two
types of heads (i.e., class and mask heads),and ROIAlign for
alignment. The RPN is used to identify the locations and
objects, the class head is used to perform bounding box
classification, and the mask head is implemented for masks
extraction based on pixel-wise from the respective cropped
features which is acquired from the bounding box.

b) RPN Network

The obtained features from the image are passed as input
for the RPN block to identify every class of the objects and for
bounding box calculation around the specific objects.
Extraction of large objects is performed from the feature maps
with low-resolution whereas, feature maps with high
resolution are used to extract smaller objects.

c¢) Backbone Network

In the backbone network, a hybrid deep encoder model is
deployed as ResNetlO01 with FPN. This hybrid backbone
network is implemented in Mast R-CNN for feature map
extraction for the input images in various resolutions and
scales. Multi-scale semantic features (i.e., point and local) are
extracted based on adding FPN with ResNet through lateral
connections, top-down pathways, and bottom-up pathways.
Assume, the residual building block to perform residual
mapping which is represented as,

o =F(Y,{¥}H+Y )

Wheree denotes the input vector, Y represents the output
vector andF(Y, {¥;})shows the residual mapping which will
be learned.The dimensions of F and Y must be same in the
above equation otherwise, linear projection ¥ is performed
for dimensions matching by shortcut connections which are
represented as,

o = F(Y,{¥;}) +¥Y (10)

Then the feature pyramid is viewed based on image
pyramid. In general, ROI assigning with i x w to Y, of the
FPN which is represented as,

Y

Where Y denotes the feature pyramid, q, represents the
target level of ROI with hxw which are mapped and
360 x 640 represents the height and width of the image size.

d) ROI Alignment

Vwh
q = [q0 + log; (360‘:640)]



In Fast R-CNN, the ROI pooling layer block is used in the
ROI bounding box to acquire the feature map from the
backbone network which is small in size. The ROI features are
resized by the Fast R-CNN into small stable spatial extent of
f x w feature map using max-pooling layer. Where, A X w
represents the hyperparameters (i.e., height and width) of the
layers. The segmentation misalignment occurs during feature
extraction based on spatial quantization method. The ROI
Align block with ( 14 X 14) pixelscancels the rounding
operation to overcome these issues when ROI resizing. High-
resolution feature generation is performed by the other ROI
Align layer of (56 X 56) pixels for modified mask head. The
bilinear interpolation(®) in the RPN is carried and generation
of anchor points with 2K numbers.Let us assume anchor points
with four numbers which are generated to find the pixel of
objects and it is expressed as,

0 = {A1,Az, Az AL} (12)

Where, the base points are represented as () which are
expressed as follows,

ROI(IE, 1) ~
ROI(A7)
e~ (€2~ “’)(n’i _)“’) t e ten) -y
ROI(A3
(€2 = m)(t — ) + =S P+ (1, — m) (mz — m) +
ROI(Ay)

ooy * (€2 =m)(mz —m) - (13)

ROI(A3)

Where,I€ and 11, denote the directions (i.e., axis).
e) Loss Function

In Mask-RCNN loss is occurred due to multiple task
learning for ROI sampling. This results in various types of
losses such as mask loss accumulation, classification loss, and
bounding box loss which is expressed as,

£=E,+E+E (14)

Where, £, denotes the loss of mask prediction during
segmentation,£; denotes the loss of class-label prediction, and
£g shows the loss of bounding-box refinement. From the
above equation, the segmentation of objects is performed with
efficient generalization performance.

After segmenting the objects, pose estimation is
performed. Object pose estimation is challenging process in
3D object detection due to occlusion, and the pose of the
images are varied from one another since we need to perform
pose estimation in 3D object detection. The affine
transformation is used for estimating the pose based on
bearing angle by rotating and translating the boxes with
respect to the orientation and position of the box. The
detection of 3D objects having close relationship between the
past and the present consecutive frames.The computation of
bearing angle by finding the objects’ centroid to estimate the
position.The object movement is calculated which is
represented as,

N =Qw Y v I(m,n) (15)

Wherem,n € {0.1}and I( ,V) represent the intensity of
the pixel at its location (¥, V). The centroid of the 3D object is
calculated as follows,

’

i ' — k10 k01}

I B 16

(W)= o (16)
The bearing angle [] is computed based on the above

centroid equation which is represented as,

1

' =tan~ a7

o) €.

Where [J denotes the focal length. The approximate
position of the object is determined in the present frame based
on bounding box generated by the improved Mask R-CNN
during segmentation. The positions of the objects are sampled
by performing sampling using affine transformation. This
samples the bounding box of the object with high accuracy by
sampling the effective region of the object. The pose
estimation using affine transformation has several steps which
as described below.

Step 1:The bounding box of the objects’ initial value of frame
@is set by initializing E = 1in which the initial value is same
as the object bounding box of previous frame @ — 1, which
isdbo-1 = [N1,N2,N3, N4 N5, N6]. Where, Ny to Ng represents
the 6-dimensional vectors ranges between —1,1) with m
samples. The dimensional vectors P € —-1<n; <1,i=
1,2,3,4,5,6).

Step 2:Standardize the vectors which are represented as,
! n
=—-— 18
n T (18)

Step 3:The velocityll computation of the object with velocity
vectorllq_q from the previous frame@ — 1 which is expressed
as,

Uy =sle, +n’ (19)

Step 4:Let £ = E + 1. Repeat steps 1 to 3, until E = . Then
the velocity is expressed as,

e = [ud, U3, ..uX (20)

Step 5: According to velocity, the m samples with parameters
of affine transformation are generated as {$g, $3, ... &} based
on Riemannian manifold design and its corresponding tangent
space which is expressed as,

$o = bo-1expitlie) 21

After obtaining all affine samples, draw the object region
based on the current frame of the 3D image. Then normalize
the size of the object and estimate the pose of the 3D objects
based on bearing angles.Fig 2 represents the segmentation and
pose estimation of 3D objects with improved Mask R-CNN
network.
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C. Multi Feature Extraction and Feature Fusion

After completing segmentation, we perform multi-feature
extraction and feature fusion process. From the segmented
part, we extract the features for object classification. In this
research, we have extracted both low level (Color, shape,
texture) and high level (temporal, spatial, semantic, and
geometric features) features which increase detection accuracy
of 3D objects. For that, we proposed Attention-based YOLO
V4 Tiny (A-YOLO V4 tiny) which performs well compared to
YOLO V3 tiny and YOLO V4. The A-YOLO V4 tiny
extracts multiple features from the segmented part at the
backbone network (cross stage partial dense network) for
accurate 3D object classification. Feature mapping is
performed at YOLO V4 neck (path aggregation network). The
feature pooling and 3D box generation are performed at
YOLO V4 head. Then feature fusion is performed for
reducing the redundant features and extracting the important
feature for 3D object classification.

The CSP block module in the YOLO V4 tiny method used
activation function which is LeakyReLU function and it is
represented as,

o (kE=0
®= ,f_le <0 @2)

Where, @ and [ denote the output and input of the
module, and If; € (1,4+00) denotes the constant parameters.
The CSP block module is then replaced with ResBlock-D
module for increasing the speed with slight accuracy impact.
This block uses dual paths in the network for the input feature
map.Path one contains dual layers of Ixl1 and 3x3
convolutions with 1x1 convolutions and 2 strides. Path two
contains average poolings of 2x2 with 1x1 convolutions and 2
strides for two layers. These paths in the ResBlock-D module
decrease the computation. The redundancy of the bounding
box is reduced by evaluating its confidence score which is
represented as,

b =g, * 10U} (23)

Where [12 denotes the confidence score of the bounding
box bin grid a, [, denotes the object’s function, p denotes
the prediction, and t denotes the truth.The floating-point
operation is performed for the ResBlock-D module to compute
the complexity during computation which is expressed as,

g=Yo_ 2. €2.°0,_1."0, (24)

o9=1 "9
Wheresdenotes sum of convolution layers, Zi denotes

. . _th .
output size of the feature map in ® layer of convolution, €§
denotes the kernel size numbers, (), _, and “() denotes the input

and output channel numbers respectively.

Design and add two blocks of auxiliary network to the
ResBlock-D to increase the 3D object detection accuracy.
Extracting both high-level and low-level features from the
object and fusing those features to detect the 3D objects with
high accuracy. Implementing two types of attention modules
such as channel attention and spatial attention in the attention
layer.The channel attention module deals with the important
features of the 3D object whereas the spatial attention module
deals with the position of the 3D object. The convolutional
block attention module (CBAM) is used to simultaneously
deals with both channel and spatial attention modules in which
the CBAM is represented as,

'

o = Ch(ﬂ)®71

0 =g (e (25)
Where [] denotes the feature map of the input, ® denotes
multiplication based on element-wise, [ represents the final

feature map output, [, () and [y () are attention map of
channel and spatial module.

The loss function of A-YOLO V4 tiny consists of three
major parts which can be represented as follows,

L=l + 1L, + 1L (26)

Where IL; denotes the confidence loss function, IL,
represents the loss function of classification, and IL; represents
the loss function of bound box regression. The confidence loss



function is due to negative transfer problem and it is solved by
entropy which is applied in the network and can be expressed
as,

Iy = — 3520 i R [ )6 log(118) + (1 —
! ~ 2 0 ! e
D) logifl — [12)] — i X620 B (1 — R%)[ 11 ologii 12) +
'h
(1— 0'D)loghel — 04)]
(27)

Where G2 denotes the grid number in the input image, &
denotes the bounding box numbers in a grid, R, denotes the
object function, If the current object detection is performed
bythe bounding box b of grid a, Ry, = 1, otherwise RZ, =
0.The (12 denotes the predicted box confidence score, L’Z
denotes the truth box confidence score, and fj denotes the
weight parameter. The loss function of classification is
expressed as,

L = — X520 2 RS XU_i [P () log(P2 (c)) —
1-P'abdogl—Pabc] (28)

Where P?(c) denotes the probability of prediction, p?
denotes the probability of truth of the object which belongs to
the classification ¢ in bounding box b of the grid a. The loss
function of bounding box regression is represented as,

4

09 0
P2mnd) 16 arctan Q—g—arctan i

Iy = 110U +~"5=+

—(29)

d—g—arctan E)

mt 1—10U+n—42(arctan

Where IOU denotes the intersection over union in
between the predicted and truth bounding boxes, 09 denotes
the truth width of bounding box, d9 represents the truth
bounding box height, O denotes the predicted width of the
bounding box, d denotes the predicted height of the bounding
box, i?(n,n9) represents the Euclidean distance between the
predicted and truth bounding box center points,y denotes the
least diagonal distance between predicted and truth bounding
box.

D. 3D Object Classification and Regression

After completing feature extraction, we have performed
classification and regression. We have classified the objects
into two classes as static and moving objects using fused
features by A-YOLO V4 tiny which has two types of attention
layers for static and moving object features, where each type
of attention layer includes multiple layers that are adaptively
changed based on the features. Based on the attention layer the
object is detected whether it is static or moving. The 1., ([7)
and [, (11" are represented as,

Oep(0) = J(H(Avg(ﬂ)) + H(Max(r))) (30)
e () = a7 [Max(1)); Avg(L)]) (3D

Where Avg() and Max() denote the average and max
pooling operation, [J represents the multi-layer perceptron
(MLP) network, o () shows the sigmoid function, &’*7 denotes

the convolution operation with 7 X 7 Kernal size, (;) denotes
the concatenate operation.

After detecting the objects, 3D bounding boxes are
generated by considering center, angle, width, and height.
Then eight corners of the boundary boxes are multiplied and
added for generating refined 3D boxes that obtain high
perceptional view of the object thus increasing high detection
accuracy in 3D object detection.For each bounding box corner
aggregation centroids ¢™ | the ey neighbors with 7, radius

are aggregated to form a point set /&(W) which is represented as,
¥ - _
8 =/ - ehe' ™ (32)

Where [|¢! = ¢Y|| <74y and (€/71,6/ 1) ec® .
Ineach A%(W), applying MLP%V for feature FiW transform from
previouschw_1 to currentch¥ channels which are represented
as,

FY = MAX (MLP3Y’ (;g?’))) eRIX (33

The transformed features aggregation is performed by the
max-pooling with point axis to the point(]:(W) is represented as,

PY = {(¢V,F):i=1,...,N"} (34)

Aggregating the features in PY of eight corners
perspective is represented as,

FP = [fY7, . 1] e ROX e (35)

The aggregated corners from the features are then
multiplied based on element-wise multiplication which is
represented as,

F? =A@ F® (36)

Where F? denotes the reweighted feature, A denotes the
important information based on channel and perspective-wise
dimensions. Finally, summation of multiplied eight sub-
features (i.e., corners) to create 3D bounding box which is
represented as,

F' =3 F? (37)

Fig 3 illustrates the feature extraction and classification
and it is clearly explained by the pseudocode which is
described as follows,

Pseudocode

# Feature Extraction and Classification
Initialize Features {F = fi, f5, f3, ... fn }
Initialize A-YOLO V4 tiny
A-YOLO v=V4 tiny < Input training data for extracting features and
classification
Forj < 0 to Ndo
Extract F from the segmented 3D object
Extract features by,
Extract features by,
Combining the extracted features
Perform 3D object classification using (30), and (31)
Class « {static, dynamic}
End for
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V. EXPERIMENTAL RESULTS

This section deals with experimental results of the
proposed 3D-YOLOV4 tiny approach. Further, this section is
validated with sub sections such as dataset description,
simulation step up, comparative analysis, and research
summary which are described below.

A. Dataset Description

The images are acquired from the Karlsruhe Institute of
Technology and Toyota Technological Institute (KITTI)
dataset. The KITTI is one of the prominent datasets for
computer vision and 3D object detection tasks. In our work,
we have mainly focused on 3D object detection (moving and
static). The image from the dataset was acquired by placing
the many monochrome RGB cameras, laser scanners, inertial
measurement, and localization units on the roof of the car
which captures the LIDAR and RGB-D data. There are eight
labels employed in the dataset such as pedestrians, cyclists,
persons, trucks, vans, trams, and, Segway. The considered
dataset consists of one hundred and seventy training sequences
and forty-six testing sequences. The proposed work utilizes
this dataset for performing operations such as semantic
segmentation, detection of depth, and 3D object detection.
We have trained the proposed classifier by the KITTI dataset

based on the different objects' size,
information.

shape, and pose

B.  Simulation Setup

The simulation of the proposed 3D-YOLOv4 tiny
approach was executed using MATLAB R2020a. The
MATLAB in image processing domain enables as a best
supportive a tool that can enhance the performance of
simulation results. The algorithms in the proposed work can
be easily implemented in the MATLAB simulation tool in
which the algorithm can independently work to their nature.
Table II provides the system configuration where the proposed
work is simulated. The simulation results of the proposed
processes such as noise removal, 3D voxel conversion,
semantic segmentation, feature extraction results, and object
detection are shown in fig 4,

TABLE II
SYSTEM CONFIGURATION
Soft Ware Operating System Windows 10
Specifications MATLAB R2020a
Processor Intel(R) Core(TM) i5-
45908
Hard Ware Random Access 6 GB
Specifications Memory
Central Processing 3.00 GHz
Unit
Hard disk Storage 1TB
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Fig. 4 (a) Noise removal results, (b) 3D voxel conversion results, (c) Semantic segmentation results, (d) Pose estimation results,
(e) Multi feature extraction results, (f) Classification results

C. Comparative analysis

This section provides the comparative analysis of the
proposed 3D-YOLOv4 in which the proposed work is
compared with existing methods such as P2V-CNN [40],
Hough-3D [38], and RANSAC [39]. The performance of the
proposed work is compared with several metrics such as
accuracy (%), precision (%), recall (%), f-measure (%),
computational time (ms), and ROC-AUC curve.

a. Impact of Accuracy

Accuracy is calculated based on the final classification
accuracy results of the proposed work. The accuracy is
defined as the ratio of sum of true positive and negative
samples to the sum of overall samples respectively which can
be formulated as,

_ tp+ty
ty+to+Fp+fo

(38)

Where, t,,t, are truly positive and negative rates while
#,, #, are false positive and negative rates respectively. From
the fig 5, it is shown that when the distance increases accuracy
also increases. Among that, our proposed 3D-YOLOv4
achieves higher accuracy than the existing works.

Fig. 5 Distance vs. Accuracy

Normally, accuracy is affected by inefficient feature
extraction and classification that leads to high false positive
rates which are overcome by extracting both low level and
high level features using attention based YOLOvV4 classifier.
The proposed classifier has two attention layers for classifying
the features of static and moving objects separately for
detecting the static and moving objects whereas the existing
work RANSAC used YOLO classifier for feature extraction
and classification respectively which extracts only limited
features and is also susceptible to localization error thereby
leading to less accuracy. The proposed work achieves higher
accuracy when the distance increases to 80m are 97% while
the existing works P2V-CNN, Hough-3D, and RANSAC
achieve accuracy of 61%, 69%, and 78% respectively. The
numerical results show that the proposed work attains better
accuracy than existing works. The table III represents the
average accuracy of the proposed and existing methods.
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TABLE III
ANALYSIS OF ACCURACY
Methods Accuracy
3D-YOLOv4 58.254+0.5
RANSAC 48.71 £0.3
Hough-3D 43.42 £0.2
P2V-CNN 38.7140.1

b. Impact of Precision

Precision is calculated based on the segmentation and
pose estimation results of the proposed work. The precision is
defined as, ratio of true positive rate to the sum of true positive
and false positive rates respectively. Mathematically, the
precision can be formulated as,

— tv
vy (39)

Fig 6 represents the comparison of precision rate to
distance of the object with proposed and existing works
respectively. From the figure, when the distance increases
precision rate also increases. Among that our proposed work
achieves high precision rate even though the distance
increases. Generally, the precision rate is affected by
ineffective segmentation a result which is due to lack of



metrics considered for segmentation. The proposed work 3D-
YOLOv4 fuses the RGB-D image and LiDAR point clouds
and performs semantic segmentation using IMRCNN
algorithm which segments the desired part based on the point
and local based sematic information. Based on the semantic
information, the pre-defined bound box is provided to the
segmented object. While, the existing work P2V-CNN,
considers only point based information which limits them
tofewer precision results. The proposed work achieves high
precision rate of 95% when the distance increases to 80m
whereas the existing works P2V-CNN, Hough-3D, and
RANSAC achieve precision of 61%, 68%, and 80%
respectively. From the numerical results, the proposed works
outperform the existing works. Table IV represents the
average precision rate of the proposed and existing methods.
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Fig. 6 Distance vs. Precision

TABLE IV
ANALYSIS OF ACCURACY
Methods Precision
3D-YOLOv4 52.57£0.5
RANSAC 42.7140.3
Hough-3D 36.1440.2
P2V-CNN 30+£0.1

c. Impact of Recall

Recall is calculated based on sensitivity. Recall is defined
as the ratio of true positive to the sum of true positive and
false negative respectively. The mathematical representation
of recall rate can be formulated as,

- (40)
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Fig 7 represents the recall rate comparison of proposed
work and the existing work. When the distance increases,
recall rate (sensitivity) also increases from which the proposed
work achieves high recall rate. The reason for achieving high
recall rate is due to two-level preprocessing technique for both
the input images (RGB-D image and LiDAR point cloud)
using TAMF method. The proposed method reduces the noise
from the environmental factor and enhance the quality of
image thereby improving the recall rate (i.e. highly sensitive)

whereas, the existing work RANSAC employs matching
process to remove the unnecessary points and data from the
camera image and LiDAR image respectively which was not
efficient as the environmental factors were not considered.
This would lead to less precision rate (i.e. less sensitivity to
noise). The proposed work attains precision rate of 90% when
the object reaches the maximum distance of 80m which is
higher than the existing approaches such as P2V-CNN,
Hough-3D, and RANSAC of 57%, 69%, and 77%
respectively. Table V represents the average recall rate of the
proposed and existing methods.
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Fig. 7 Distance vs. Recall

TABLE V
ANALYSIS OF ACCURACY
Methods Recall
3D-YOLOv4 55.71£0.5
RANSAC 42.2840.3
Hough-3D 36.2840.2
P2V-CNN 3140.1

d. Impact of F-Measure

The F-measure is defined as the harmonic mean of the
precision and recall which shows how precise and sensitive
the result is. The F-measure can be formulated as,

Fm = 2.—L 1)

Where P and ¥ denotes the precision and recall rate
respectively. Fig 8 illustrates the comparison of F-measure in
terms of distance. From the figure, when the distance of the
object increases the f-measure also gradually increases. From
that, the proposed 3D-YOLOv4 achieves high f-measure rate
even though the distance of the object gets increased. The
reason for achieving high f-measure is due to two levels of
pre-processing, and improved mask RCNN based
segmentation. The two-level pre-processing increase the recall
rate (noise sensitive rate) by performing noise removal for
both inputs (RGB-D and LiDAR data) using TAMF method.
The improved mask-RCNN based semantic segmentation
precisely segments the objects masks and improves the
precision results by considering both point and local based
semantic information. While the existing works P2V-CNN



and RANSAC limits with less f-measure because the
RANSAC lacks poor noise sensitivity and P2V-CNN lacks
poor segmentation results. The proposed work achieves 94%
of f-measure when the distance of objects increases to 80m
which is higher than the existing works such as P2V-CNN,
Hough-3D, and RANSAC of 60%, 69%, and 82%
respectively. The table VI represents the average F-measure
rate of the proposed and existing methods
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TABLE VI
ANALYSIS OF ACCURACY
Methods F-Measure
3D-YOLOv4 54.7140.5
RANSAC 43403
Hough-3D 36.2840.2
P2V-CNN 29.2840.1

e. Impact of Computation Time

Computation time is defined as the amount of time taken
to complete the given task. A good framework must have low
computation time.
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Fig. 9 Distance vs. Computation time

Fig 9 represents the computation time comparison of
proposed and existing works. From the figure, it is shown that

the proposed work achieves lesser computation time than the
existing works even though the distance of the objects gets
increased. The reason for achieving lesser computational time
is due to better classification and regression methods. The
proposed work achieves faster classification using attention
based YOLOv4 tiny model which extracts multi features and
performs classification over a short period of time than the
existing works and based on the faster computational results
the proposed uses attentive corner aggregation method which
also reduces the computational time. The computation time of
existing work P2V-CNN utilizes Mask-RCNN  which
consumes more time for feature extraction and classification
which leads to increased computational time. The proposed
work achieves a computation time of 110ms when the distance
increases to 80m whereas the existing works P2V-CNN,
Hough-3D, and RANSAC of 148ms, 135ms, and 123ms
respectively. The above numerical results show that the
proposed work outperforms the existing works. Table VII
represents the average computation time of the proposed and
existing methods.

TABLE VII
ANALYSIS OF ACCURACY
Methods Computation Time
3D-YOLOv4 7540.1
RANSAC 83.1440.2
Hough-3D 92.5740.3
P2V-CNN 103+0.5

f ROC-AUC Curve

The Receiver Operating Curve (ROC) is used to represent
the system's effectiveness in terms of true positive and false
positive rates. The true positive rate is defined as the overall
measure of correct prediction predicted by the system while
the false positive rate is defined as the overall measure of
wrong predictions. The accuracy (classification and
segmentation) of the proposed work is determined by the ROC
curve. The Area Under Curve (AUC) is used to define the area
under the ROC which is a scale invariant. When ROC of the
system increases, AUC also increases which provided better
results.

=—=3D-YOLOV4 RANSAC
| - Hough-3D ==P2V-CNN
0.9 -
o 0.8 A
£ 0.7 -
2 06
Z 05 -
@]
S 04 - 3D-YOLOv4: AUC-0.93
£ 03 - RANSAC AUC-0.72
E 02 - Hough-3D: AUC-0.6
0.1 - P2V-CNN: AUC-0.5
0

0 01 02 03 04 05 06 07 08 09 1
False positive rate

Fig. 10 ROC-AUC Curve



From the fig 10, the proposed work achieves less false
positive rate with high true positive rate due to consideration
of effective multiple features. The features employed in the
proposed work are low level (Color, shape, texture) and high
level (temporal, spatial, semantic, and geometric features)
which enhances the detection accuracy thereby increasing the
true positive rate and reducing the false positive rate
respectively while the existing works consider only limited
features (i.e. low level or high level features) for feature
extraction which lacks with low true positive rate and high
false positive rates. The proposed achieves better AUC under
ROC of 0.86 whereas the existing works P2V-CNN, Hough-
3D, and RANSAC attain lesser AUC of 0.6, 0.5, and 0.4
respectively.

D. Research Summary

This sub-section illustrates the overall performance of the
proposed 3D-YOLOv4 framework. Based on the results
acquired from the previous sub-section, it is clearly shown that
the proposed 3D-YOLOV4 framework performs better than the
existing works in terms of accuracy (58.25%), precision
(52.57%), recall (55.71%), F-measure (54.71%), computation
time (75ms), and ROC under AUC (0.86). The attained results
are obtained through proposed methods such as two-level pre-
processing (i.e. pre-processing both RGB-D and LiDAR data),
improved mask-RCNN based semantic segmentation, multi
feature extraction and fusion, and attention based YOLOv4
classification and effective bounding box regression. All these
processes co-operatively produce better results. Some of the
specific highlights of the proposed work are provided below,

e For improving the quality of the inputs (RGB-D, 3D
LiDAR cloud points) we perform two-level
preprocessing which removes the noise from the
input using thresholding based adaptive median
filtering algorithm (TAMF) and perform point to
voxel conversion for obtaining better results during
object detection.

e For estimating the viewport and accurately detecting
the objects we perform semantic segmentation and
pose estimation using Improved Mask RCNN which
accurately predicts the pose of the objects with the
help of affine transformation that increases detection
accuracy.

e For increasing 3D object detection accuracy we
perform multi feature extraction and classification
which detects accurately and reduces the false
positive rate

e The perspective views of the objects are accurately
estimated by generating dynamic bounding boxes
that increase the efficiency of 3D object detection
and classification.

VI. CONCLUSION AND FUTURE WORK

The proposed 3D-YOLOv4 method is designed for
detecting the 3D objects accurately using RGB-D and LiDAR
cloud points. Initially, both the RGB-D images and LiDAR
cloud points are preprocessed by removing the noise to

enhance the image quality using TAMF algorithm. Conversion
of LiDAR cloud points to voxel is performed for achieving 3D
LiDAR cloud points and fused with RGB-D images. After
preprocessing of images, 3D object segmentation is performed
using Improved Mask R-CNN which increases the precision
and accuracy of feature extraction. Affine transformation is
used to estimate the pose of the segmented 3D objects based
on bearing angle.After segmenting the 3D objects, feature
extraction is performed using A-YOLO V4 tiny algorithm
which extracts low and high-level features with two attention
modules. Classification of 3D objects is performed based on
the extracted features into two classes such as static and
dynamic. Finally, 3D bounding box is generated to increase
the 3D object detection accuracy. The MATLAB R2020a
simulation tool us used to evaluate the performance of the
proposed 3D-YOLOv4 method in terms of accuracy,
precision, recall, F-measure, computation time, and ROC
curve. The comparative results prove that the proposed 3D-
YOLOV4 method achieved high performance when compared
with other existing works. In future,we will plan to improve
our work to track the 3D objects with high accuracy.
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