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A NOVEL HYBRID DEEP LEARNING
APPROACH FOR 3D OBJECT DETECTION
AND TRACKING IN AUTONOMOUS DRIVING

Recently Object detection and tracking using fusion of LIDAR and RGB cam-
era for the autonomous vehicle environment is a challenging task. The existing
works initiates several object detection and tracking frameworks using Artificial
Intelligence (Al) algorithms. However, they were limited with high false posi-
tives and computation time issues thus lacking the performance of autonomous
driving environment. The existing issues are resolved by proposing Hybrid
Deep Learning based Multi Object Detection and Tracking (HDL-MODT) us-
ing sensor fusion methods. The proposed work performs fusion of solid state
LiDAR, Pseudo LiDAR, and RGB camera for improving detection and tracking
quality. At first, the multi-stage preprocessing is done in which noise removal is
performed using Adaptive Fuzzy Filter (A-Fuzzy). The pre-processed fused im-
age is then provided for instance segmentation to reduce the classification and
tracking complexity. For that, the proposed work adopts Lightweight General
Adversarial Networks (LGAN). The segmented image is provided for object
detection and tracking using HDL. For reducing the complexity, the proposed
work utilized VGG-16 for feature extraction which forms the feature vectors.
The features vectors are then provided for object detection using YOLOv4.
Finally, the detected objects were tracked using Improved Unscented Kalman
Filter (IUKF) and mapping the vehicles using time based mapping by consider-
ing their RFID, velocity, location, dimension and unique ID. The simulation of
the proposed work is carried out using MATLAB R2020a simulation tool and
performance of the proposed work is compared with several metrics that show
that the proposed work outperforms than the existing works.

3D object detection, object tracking, hybrid deep learning, pre-processing,
segmentation, sensor image fusion
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1. Introduction

In recent days, autonomous vehicles have developed rapidly, in which three-
dimensional (3D) multiobject detection and tracking are performed [10]. This provides
vital information by estimating traffic scale over time, and orientation. Various types
of sensors are used to detect objects and perform tracking such as optical RADAR,
cameras, and LiDAR in autonomous vehicles especially, Light Detection and Ranging
(LiDAR) are equipped in autonomous vehicles to recognize and detect multiple 3D
objects which provide deep measurements [2, 21]. RGB images are also captured from
cameras with high resolution to detect the objects [27, 28]. Pseudo-LiDAR is used
in several approaches to extract depth from the images and transform the image into
3D cloud points [19]. However, several challenges occurred in Pseudo LiDAR due
to high sparse points and complexity [8, 23]. To overcome this challenge, RGB-D
images and LiDAR cloud points are combined to perform multi-object detection by
considering obstacles, static and dynamic objects. However, environmental and other
factors increase the noise which reduces the detection accuracy [17, 22]. Bounding box
estimation is performed by considering orientation and location of all objects present
in the frame to detect the objects. In some works, image features are considered to
estimate bounding boxes. However, the appearance and geometrical factors of the
image are ignored which reduces the accurate object detection when it is in dynamic
state (i.e., motorcycles, pedestrians, etc.) [18]. Segmentation is performed to improve
classification accuracy. Various types of features are extracted from the point cloud
images and RGB images which are under the category of spatial and temporal related
features [3]. In several works, ground extraction is performed initially then classify
the non-ground points based on several classes which reduce the complexity of object
segmentation and provide high accuracy. However, it reduces the speed which is not
applicable for real-time scenarios. Various deep learning neural networks are used to
detect and track objects such as convolutional neural networks (CNN), residual neural
network (ResNet), you only look once (YOLO), single-shot detector (SSD), etc., in
which YOLO and SSD are single-stage classification algorithms whereas CNN, ResNet
algorithms are two-stage algorithms [9]. Initially, these algorithms are used to detect
2D objects. Later the 2D cloud points are converted into 3D voxels using 3D CNN for
detecting 3D objects [13]. The point cloud images are projected in bird’s eye view in
some works to know the dense of the image. However, it consists of several challenges
such as occlusion of objects and perspective-related problems. However, single-stage
algorithms do not detect small objects accurately whereas two-stage algorithms do
not applicable for real-time scenarios due to low speed [31].

Acronyms
LIDAR — Light Detection and Ranging
RGB-D —  Red Green Blue-Depth

HDL-MODT - Hybrid Deep Learning based Multi Object Detection and Tracking
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A FUZZY — Adaptive Fuzzy Filter

MSO —  Moth Swarm Optimization

LGAN — Lightweight General Adversarial Networks
VGG —  Visual Geometry Group

HDL — Hybrid Deep Learning

YOLO —  You Only Look Once

TUKF — Improved Unscented Kalman Filter

RFID — Radio-Frequency IDentification

RADAR — Radio Detection And Ranging

CNN — Convolutional Neural Networks

ResNet — Residual Neural Network

SSD —  Single-Shot Detector

KITTI — Karlsruhe Institute of Technology and Toyota

Technological Institute

1.1. Motivation and objectives

The 3D object detection and tracking method faced many shortcomings in terms of
Less detection, classification accuracy, and less tracking accuracy. The existing works
provided some approaches however, they failed to provide precise results. Some of
the shortcomings faced by the existing works are:

e Less Detection Accuracy. The existing works directly acquire images from
the datasets and undergo further processes which limit them with less detection
accuracy as the directly acquired images suffer from noise and poor quality. Also,
the existing works employ single stage detector for object detection, which also
limits the detection accuracy.

e Complexity in Object Classification. High complexity in classification af-
fects classification accuracy. The existing works are limited with high complexity
during classification as they extract raw features directly from the images without
performing segmentation.

e Poor Object Tracking. The existing works lack poor tracking accuracy as they
consider only current and previous time stamps for object tracking however, some
of the object tracking-related metrics are not considered.

The above major pitfalls motivated us to deliver a robust, reliable, and accurate
framework with the aim of detecting and tracking the objects with high detection ac-
curacy and rapid classification using Solid-state LiDAR, Pseudo LiDAR, and RGB-D
images. In addition, various problems are addressed in this research based on sparsity
of cloud points, false positive rates, etc.

The foremost objective of this work is to detect and track the 3D objects using
solid-state LIDAR, pseudo-LiDAR, and RGB-D images with high detection accuracy
and rapid classification for efficient tracking. The remaining objectives of this pro-
posed work are sorted below.
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e To enhance the quality of LIDAR and RGB-D images, pre-processing is performed
for removing the noise and equalizing the luminance effect which increases the
accuracy of the detection results.

e To improve the viewport prediction of the input image by performing image
rotation and instance segmentation for detecting the objects’ pose accurately
even for small objects which improves the tracking reliability.

e To reduce the false-positive rate, extraction of multiple features is per-
formed which extracts numerous features to increase the accuracy of detection
and tracking.

1.2. Research contribution

Designing a highly accurate 3D object detection and tracking model for autonomous
driving using deep learning algorithm is the major aim of this work. Some of the
research contributions are provided below:

e The problem of image quality, noise factors, and less contrastness are resolved by
performing multi stage pre-processing. The existing works performs only noise
removal as pre-processing technique. The proposed work performs multi-stage
pre-processing as A-Fuzzy based noise removal, MSO based contrast enhance-
ment, and point to voxel conversion.

e The complexity issues during object detection and tracking are resolved by per-
forming instance segmentation using LGAN algorithm. Most of the existing
works provides the raw data to the classifier which increases the computation of
object detection and classification respectively.

e The accuracy of the object detection and tracking is improved by adopting HDL
algorithm in which VGG 16 is utilized for feature extraction, and YOLOv4 is
utilized for object detection and classification. Further, the object tracking
is achieved by adopting IUKF algorithm based on RFID, unique ID, location,
velocity, and dimension.

1.3. Paper organization

The rest of this paper is organized as follows; the section II provides the literature
survey along with the existing gaps. Section III emphases the problem statement
which shows the major research works and their corresponding problems. Section IV
details the proposed work with detailed explanation along with diagrams and pseu-
docodes. Section V explains the experimental analysis in which four sub-sections
provides such as simulation setup, dataset description, experimental analysis, and
research summary. Section VI concludes the proposed work.
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2. Literature survey

This section emphasis, the existing literatures and gaps associated with them in object
detection and tracking for autonomous driving. Furthermore, this section also sub-
divided into three sections which are also listed below.

2.1. Object detection approaches

Authors in this work introduce camera image-based 3D object detection [29]. This
work extracts Pseudo LiDAR, points from stereo images and performs object classi-
fication which give low cost for object detection however, the Pseudo LiDAR points
are prone to high sparsity.

Authors in this work perform segmentation of foreground-based object detection
from the LiDAR cloud points [24]. Here raw LiDAR point clouds were taken as
input for real-time object detection however, the LiDAR sensor is prone to noise and
environmental conditions which leads to less detection accuracy.

Authors in this work perform autonomous vehicle detection by employing LiDAR
point clouds [5]. This work extracts feature from the raw LiDAR point clouds however,
the extraction of features from the raw LiDAR point clouds leads to high complexity
in object classification.

The 3D object detection for autonomous vehicles was performed using fusion of
LiDAR and camera data approach was discussed in [32]. This work utilized con-
volutional neural network for 3D object detection however, the convolutional neural
network is limited with feature redundancy which leads to high complexity during
object classification.

2.2. Object tracking approaches

Authors in this paper introduced 3D probabilistic object tracking model for au-
tonomous driving [4]. This work considers both camera and LiDAR images for 3D
object tracking. Based on the matching result, the object tracking was performed
and unmatched results were further provided to initialization of tracking phase.

Authors in this work perform a 3D object tracking framework by introducing
SIMTRACK [15]. This work performs both object detection and classification by
considering only LiDAR images as input. This work attains less detection accuracy
and poor tracking as they considered only raw LiDAR point clouds for object de-
tection, and considered only current and previous time stamps for object tracking
respectively.

In this paper [25], author proposed an approach to perform tracking of multiple
targets for autonomous vehicle environment using YOLOv3. Experimental analysis is
performed using two datasets namely KITTI and UA-DETRAC datasets in terms of
processing speed and accuracy. Here, YOLOv3 based object detection and tracking
was performed. However, it cannot able to detect small objects in an efficient manner
which reduces the tracking efficiency.
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Authors in this work [16], perform camera fusion methods for tracking objects
using 3D in space. This work fused the imaging modalities such as radar and 3D
camera. This work directly provides the fused data to the center fusion network
without pre-processing it, that leads to lesser tracking accuracy.

2.3. Object detection and tracking approaches

Authors in this paper [20], proposed object detection and tracking for moving objects
using 360-degree view camera. Here, moving object is detected based on the posi-
tion and velocity, however direction is also an important metric for object tracking,
hence this research obtains less performance in moving object tracking that reduces
tracking accuracy.

Authors in this work [7], utilized Kalman filter method for performing object
detection and tracking for autonomous vehicles. The object detection and tracking
model was highly suitable for pedestrians, bicycles, and cars. The results shows
that the fusion of LiDAR and radar gains better results than the radar and LiDAR
only modalities.

In [1], authors perform fusion methodology for enabling object detection and
tracking for autonomous vehicles. The detected objects were tracked using radar
which used gaussian mixture probability hypothesis density filtering algorithm based
on three phases such as booting, prediction, and update. The gaussian mixture
probability density hypothesis filtering was highly linear that did not suit for real
time environment.

As same as the aforementioned papers, authors in [14] also performed fusion of
camera and radar for joint object detection and tracking. This work utilized faster
regional convolutional neural network for object detection whereas the radar infor-
mation was utilized for object tracking. Here, the utilization of faster regional con-
volutional neural network limits with higher time consumption and less convergence.

3. Problem statement

The major problems associated with the specific prior works are provided in this
section. Furthermore, this section also provides the brief research solutions for the
mentioned problems.

An accurate and effective 3D object detection framework for autonomous vehicles
was introduced in this work [30]. This work consists of three phases namely fusion
phase, voxel-wise feature encoder phase, and 3D backbone network phase. This work
performs 3D object detection by aggregating the RGB image and LiDAR point cloud
image. The LiDAR point cloud image images were voxelized in order to extract the
point-wise features, and the RGB image features are extracted directly from the RGB
images. Both the extracted features are aggregated in the fusion phase. Finally, the
extracted voxel features are fed to 3D backbone network which consists of 3D sparse
convolutional layers and performs bounding box classification.
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Authors in this work introduces an object detection framework in real-time en-
vironment using LiDAR [6]. This work consists of phases such as input data acqui-
sition, segmentation, and classification. Initially, the LiDAR point cloud data were
acquired from the data set from which LiDAR point cloud map was formed. The
LiDAR point cloud map was provided for segmentation in which three sub-phases
are involved namely hierarchical segmentation, hierarchical merge, and extraction of
ground. Finally, the Yolov4 classifies and detects the objects which were represented
in 3D bounding boxes.

The major limitations associated with those works are listed below:

e This work employs LiDAR sensors for acquiring LIDAR point cloud images which
were effective and accurate however, the LIDAR sensors are limited with high cost
and prone to environmental conditions.

e Here, feature extraction was done during classification phase in which only limited
features are extracted however, this attains poor classification as they considered
only limited features (i.e., only textual features).

e The adoption of single-stage detector (i.e., Yolov4) in [6] was used for feature
extraction and object detection which also limits with less detection accuracy as
it did not withstand with heavy features.

A joint object detection and object tracking framework using LiDAR point clouds
was introduced in this work was discussed in [26]. This work consists of four phases
namely feature extraction phase, association phase, refinement phase, and trajec-
tory phase. Initially, the two LiDAR point cloud points are taken inputs, that were
provided to the feature extraction phase in which point-wise features are extracted
for both the images and 3D bounding boxes were assigned. The output of the fea-
ture extraction phase was provided to association phase in which feature fusion and
foreground removal were taken place. The refinement phase was used to refine the
aggregated features and also provides the tracking displacement information of both
frames. Finally, the trajectory phase matches the displacement of both frames and
tracks the image in bird’s eye view.

Authors in this work [12] utilized LiDAR and camera, joint object tracking and
classification were introduced in this work. This work consists of two stages namely
detection stage, and classification stage. Initially, the camera and LiDAR point cloud
images with current and previous time stamps are provided to combine networks in
which both the temporal and spatial information are combined. Based on the com-
bining result, heat map was formed. The fusion network fuses both the information
provided for object detection in which regional proposals and refinement of the pro-
posals were made and performs object detection. Based on the detection and time
stamps, spatiotemporal graphs were constructed. Finally, based on the graphs, the
object tracking was performed in adjacent network.
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The major problems centred in this work are listed below:

e Here, the raw input LiDAR input images were taken for feature extraction and
object detection however, the acquisition of raw LiDAR was prone to noise,
environmental conditions, and also achieves increased complexity.

e The object tracking was performed based on the current and previous timestamps
by using graph neural networks however, the tracking accuracy was affected by
not considering some of the tracking-related attributes (location, dimension, ori-
entation, etc.).

e The 3D object detection was performed based on the regional proposals and
refinement for the fused features however, the features fed to the classifier was
not effective as it holds unnecessary background information which increases the
complexity.

3.1. Research solutions

The aforementioned research problems are resolved by proposing 3D multi-objective
object detection and tracking method using deep learning algorithm. The proposed
work fused the three input images such as RGB-D, pseudo-LiDAR cloud points, and
solid-state LiDAR for improving the accuracy of object detection and tracking. At
first, the images acquired from the dataset are preprocessed in which the proposed
work performs multi stage pre-processing which includes noise removal using A-Fuzzy,
contrast enhancement using MSO, and point to voxel conversion. The pre-processed
fused images are fed for segmentation to reduce the classifier complexity. As the fused
images are of different orientations, the proposed work tends to manage them by rotat-
ing the images into four degrees such as 10°, 90°, 180°, and 270°. Once, all the images
are properly oriented the instance segmentation is performed by L-GAN algorithm.
From the segmented part, the feature extraction and classification is performed using
hybrid deep learning algorithm named VGG 16 and YOLOv4 respectively. The VGG
16 is utilized for feature extraction whereas the YOLOv4 for enabling high speed and
precise classification of moving object. The detected objects are then tracked based
on several metrics using IUKF. Furthermore, the reliability of tracking is improved
by performing mapping in location and time respectively.

4. Proposed work

Accurate 3D object detection and tracking are mainly focused in this research for
autonomous vehicle environments. For this purpose, we take input images from
Solid-state LiDAR, Pseudo LiDAR, and RGB-D images. The adoption of intelli-
gence algorithms in this work is to ensure the precision, reliability, and timeliness
of the proposed framework. The proposed work adopts Karlsruhe Institute of Tech-
nology and Toyota Technological Institute (KITTI) dataset for effectively train the
proposed deep learning algorithm for autonomous driving environment. The system
model of the proposed work is shown in Figure 1. This proposed work consists of
three sequential processes which are described as follows.
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1. Multi-Stage Preprocessing
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4.1. Multi stage pre-processing

Initially, we have taken three types of inputs, they are RGB-D images, Pseudo LiDAR
cloud points, and Solid-state LiDAR, cloud points in which the pseudo LiDAR cloud
points are obtained from the RGB-D images. Solid-state LIDAR and Pseudo LiDAR
are fused to decrease the sparsity. The Solid-state LiDAR is the emerging technology
in 3D object detection that overcomes the LiDAR in terms of low cost, high speed, and
better accuracy. The fusion of three inputs, cancels the disadvantages of one another
thereby achieving better representation of real time scenes. The Table 1 represents
the comparison of upsides and downsides of RGB-D images, Pseudo LiDAR cloud
points, and Solid-state LiDAR cloud points. In addition, it illuminates the scenario
with high speed.

Table 1
Comparison of proposed inputs

Proposed inputs Upsides Downsides
Solid-state LiDAR — Compact size and — Not with stand with bad
structure climatic situations
— Free from calibration and |— Not suitable for omnidirectional
effectively capture scanning

important features
— Less cost than
conventional LIDAR

Pseudo-LiDAR — Clearer depth information |- High depth estimation error
— Low power when — Ineffective in capturing local
compared to LiDAR features
RGB-D — Provides orientation and |- Problem of interference when
poses of the objects two cameras capture same scene
— Provides omnidirectional |- Capturing and measuring range
view of the environment is limited

Multi-stage preprocessing is classified into three stages which are explained as
follows.

4.1.1. Noise removal

Generally, RGB-D images and LiDAR cloud points have more noises which reduce
the quality of the images. To overcome this issue, noise removal is performed using
A-Fuzzy with two stages. In the initial stage, the pixels are classified as noisy and
good. The noisy pixels are taken in the second stage to remove the noise. In addition,
this filter preserves the edge which increases the detection accuracy efficiently.

Stage 1: For pixel (pizj;) of an input image, the pixel set of neighborhoods (nezﬁ/)

is assessed which is associated with the piz;; € K in which K is the input image
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w

among that W is half filter window. Therefore, neij; can be formulated as,

TLEZ;}Y = {pixj-‘rn,i-i-r VTL, r e [—VV, W]} (1)

From the above equation, the size of nez is (2W 4+ 1) - (2W 4 1). For instance,
if k;y, is the pixel element in nei}; thenm = 1, 2 .» M in which M = (2W—|—1) (2W+1).
Once, the nez}’v is computed, the membershlp functlon for every nezj element is

computed. In this stage, the noise intensity value is determined with range of 0 to 1

ie. pizj; ¢ {0,1}. For every element k,, of nei}/[i/ the membership function mem}’v
is determined based on gaussian membership functions (e, w ) (km) : neiyy — [0,1].
Ju

W
For the type-3 fuzzy set, the (mem);, is defined by the 5Nw (K, 5mem;";)- The

w

;i with the gaussian membership function can be formulated as,

association of mem)

(W,n)
0 <Wn)(k7 ):e_(km_ﬁj‘;v )2 /2003 )2 2)

(mem);

Won) . . . . .
where, 1955 "™ is the mean function that varies based on n, and p}/‘{ is the variance

(Win)

that is set as constant. The formulation of ¢;;"" and p}"{ can be provided below,

ﬁgv,n) = wj(nez ),4=1,2,3,...,h (3)

o = o (RY) (1

From the above equations,w is the mean of 4 middle, and oy, is the standard
mean. Utilizing ¢1norm, the R}} can be formulated as follows,

RY = {|km — avy|,V € kn, € neily }
(Wn
avy = hZﬁ

where, the average mean can be defined as avy from the mean of 4 middle. From the
(5mem§»¥V’"), mean, and variance the membership matrix (V ;) is constructed with size

of h x M that composed values of membership function of k,,

(5)

From the matrix, the threshold value (th™) is determined for pixel classification
that can be formulated as,
th" = min(maz(Vj;)) (6)

From the above equation, min and max denotes the minimum and maximum
operators respectively In the V;, the column wise operation includes the association

of memﬂ with nez ' that can be expressed as,

h
1 Vji )
6(mem)}"{ = Z:n_% Vi=1,...M (7)
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From the Equations (6) and (7), the pixel quality is determined. If the 6(m€m);"{ >
th™ then the pixel is considered as good otherwise considered as noisy pixels.

Stage 2: In this stage, the noisy pixels of the input images were denoised based
on the good pixels. The good pixels sets were denoted as 8 with mapping function
of [0,1] by the membership function d3. The mean gaussian membership function is
computed for the 8 based on mean of 4 middle. From which the average of 4 — values
is taken from the set of 3. Therefore, the avg,, and pg of é3 can be formulated as,

h
ZnZI Mnp

P |8 — avgm| (8)

avg, =
55(g;) = o~ (9;—(avg)m)? /2% (9)
From the above Equation (9), m,, is the n-th good pixels mean (n = 1,2, ..., h).

The denoise intensity pixels can be formulated as,

where, the weight of the good pixel can be denoted as I; € dg, and the normalized
term is denoted as L. The pseudo code for the proposed noise removal step using
A-Fuzzy in multi stage pre-processing is provided below.

Algorithm 1 Pseudocode for Noise Removal Using A-Fuzzy

1: Input:Noisy 2D Image

2: Output:Denoised Image

3: Begin

4: //Noise Removal//

5: for all input images do

6 for every pizj; in K do

7 Determine the neighborhood pixels nei}; (1)
8 Compute gaussian membership function (2)

9 Determine mean (19;?/")) and variance (p}y ) (3), (4)

10: Construct membership matrix Vj;

11: Determine threshold and §mem)}; (6) and (7)
12: if 6(mem)y|{ > th" then

13: Good Pixel

14: else

15: Bad Pixel

16: end if

17: end for

18: end for

19: End
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4.1.2. Contrast enhancement

After removing the noise, contrast enhancement is performed to improve the quality
of RGB-D images using MSO algorithm which equalizes the histogram of the images
by improving the visibility based on brightness adjustment in an efficient manner.
This equalizes the luminance to increase the detection accuracy.

The noise removed image is denoted as de(j,4) in which j = 1,2,..., N and
i=1,2,..., R € 2N*E in which the (j,1) is the gray location in the image of size N - R.
At first, the given denoised image is segmented into non-overlapping segments as
S = {s1, 82, ..., $p }. Furthermore, the segments are divided into blocks that can be
represented as B = {b1,bs,...,b,—1}. From that, the Contrastness Measure (CM) is
determined. For computing CM, the Contrast Value Factor (CVF) is determined that
can be formulated as,

CVF(I) = CMpy + CMyp, 1€[1,2,....7] (11)

Where, CM,,,, is the contrast measure with mean window, and CM,,p is the
contrast measure with window deviation. Both are computed based on the non-
overlapping segments. At last, the contrast score is determined by,

1 n
conge = E;CVF(Z), le(l,..,n] (12)

From the Equation (12), the given image cons. can be determined based on the
probability value from high to low contrast. If the given image has lower contrast,
then the proposed work utilized MSO algorithm to enhance the contrast based on
equalizing the histogram. In our work, the less contrast pixels in the images are
considered as moths (¢;) and their histogram is F(g;). For every iteration, the contrast
of pixels is improved. The positions of the less contrast pixels are initialized as follows,

Qiv = Rnd[O, 1] . (quami _ q;nl’n’b) + q'lr)nlnz (13)

where, i € {1,2,...,q},v € {1,2,...,d} in which ¢ denotes the pixel population, d is
the problem dimension, and Rnd is the random value. Whereas, the ¢""¢ and ¢
are the lower and upper limits respectively. The objective function of moth swarm
optimization based contrast enhancement is shown in Equation (12). From that, the
probability of updation can be formulated as,

F i)u
Pr, — qu(q)

For optimizing the histogram of the pixels for reducing the luminance, the follow-
ing conditions must be satisfied based on the contrast score (i.e., objective function)

mazi
v

(14)

that can be formulated as,

1
T oon.» COMsc Z 0
F(gi)u = {“C""SU (15)

1+ |conge|, cong. <0
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The updation of low contrast pixels to high contrast pixels after contrast en-
hancement can be formulated as,

qZ+1 _ Qf +0.001 - a[qi _ q;_rnin'i’q;_rnaa;i _ qu-
(16)
(1 —R/a)- Rnd, - (bes!, — q]) +2R/a — Rnds - (besy, — q7)

Where, Rnd; and Rndy are the random numbers of interval [0,1]. R/, and 28/«
are the environmental factors affecting the contrast enhancement. During the end of
current iteration, the contrastness of the pixels are refined for next iteration which
iterates until the desired solution had met.

4.1.3. Points to voxel conversion

The enhanced LiDAR 2D cloud points are converted into 3D voxels for improving
the perception view of the object to increase the detection accuracy of the 3D ob-
jects. For converting the 2D LiDAR to 3D voxels, the maximum and minimum
points are traversed in three dimensional directions (i.e., X, Y, and Z). The maxi-
mum traversed point is (maxi,, maxi,, mazi,), and the minimum traversed point is
(miniy, miniy,, mini.). The voxel grid can be computed by rounding operation based
on the voxel size that can be formulated as,

(17)

maxi, — Miniy MATTy, — TNy, maxi, — mini,
VoxS VoxS VoxS

From the obtained voxel gird, the 3D voxel grid coordinates for every point clouds
can be determined as,

Vouox = [Pzt
Vor;y = {%zmslmyw Pt; € pointcloud (18)

Vor,z = [efmints
From the above equation, Pt; denotes the i-th point in the 2D LiDAR point
cloud. The voxelized image and the contrast enhanced image are fused to form high
refined 3D image.

4.2. L-GAN based instance segmentation

The voxelized LiDAR cloud points and pre-processed RGB-D images are fused before
performing segmentation for achieving efficient results in detection of 3D objects.
The angle of the images is changed from one another which reduces the detection
accuracy. To overcome this issue, we rotate the images in terms of several degrees
such as 10°, 90°, 180°, and 270°. After rotating the images, instance segmentation
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is performed for the fused images using Lightweight Generative Adversarial Network
(L-GAN) algorithm which provides precise segmentation when compared with other
state-of-the-art models in terms of having channel and position attention modules
respectively (Chaie & Pogtt).

The generator (Gen) in the GAN is trained in the way of mapping function
from input image to segmented image. The Gen composed of encoder and decoder
architecture. The training of Gen is carried out using loss functions from discriminator
(Dis) to Gen. For instance, the input object image is denoted as ‘a’ and the ground-
truth image is denoted as ‘0. A random variable ‘E’ is introduced to reduce the
overfitting at the decoder layer. Therefore, outputs of Gen and Dis can be represented
as Gen(a, E) and Dis(a,Gen(a, E)). With that, the generator loss function can be
formulated as,

Genyoss(Gen, Dis) = Ey p g (—log(Dis(a, Gen(a, E)))) +
(19)
VEqb,5(Llioss (b, Gen(a, E))) + @Eqp g(jaccoss(b, Genl(a, E)))

where, v and ¢ are the factor of weights. Our work considers three losses such as
Jaccard loss, L1 loss, and adversarial loss. The reason for adopting three loss functions
is that, as the adversarial loss might slow down the learning process so that L1 loss is
utilized for preserving the object boundaries and Jaccard loss is utilized for improving
the relationship among the original and segmented image.

On the other side, the discriminator Dis composed of four layers such as con-
volutional, position attention, channel attention, and activation layer respectively for
robustly finds the generated images into real or fake. The loss function associated
with the Dis can be formulated as,

Disipss(Gen, Dis) = Eq b p(—log(Dis(a, Z))) +
(20)
Eop 5(—log(1 — Dis(a, Gen(a, E))))

From the Disj,ss, the loss of binary entropy can be effectively determined by
two mathematical terms such as —log(Dis(a,Z)) (i.e., ground-truth image) and
—log(1 — Dis(a,Gen(a, E))) (i.e., predicted image). The optimizer in the Dis per-
forms minimization and maximization of loss function for predicted and ground truth
images with classes of 0 and 1 respectively.

The attention modules in the encoder and decoder of Gen is utilized for learn-
ing both the high and low level features respectively. The Chgy; is utilized for learning
the high level features by learning the feature interdependencies. From the features
Ue K(C‘HE‘W”, the Chytr generates the channel attention map X € K¢ in which
the C, He, and Wi denotes the channel, height, and width of the given image.

Utilizing softmax function, the X € K(©©) is created as follows,

exp(U;.U;)
iy eop(UsU;)

(21)

Yji =
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From the above equation, U;.U; denotes the transpose of matrix multiplication,
1;; denotes the impact of i-th channel on j-th channel. The multiplicative results are
reshaped to K(CHeWi) that is again multiplied by x (a scalar parameters).

After that, element wise addition is undergone to provide the output is F €
K(C-HeWi) as

c
E; = XZ(yjiUi) +Uj (22)
i=1

The final feature representation is the sum of weights of features of all channels
which can provides the semantic dependencies and enhance the decimator functions.

Once, the important features are obtained from the Chgy, the contextual infor-
mation are obtained by the Pog:. In simple words, the Po,¢: encodes the contextual

information to local features and represents them to local feature maps € K(C-He W),

The feature maps are then provided to the consecutive convolutional layers for
generating the other two feature maps that is represented as (B, C) € KCHeWi,

The feature maps are then reshaped and fed to softmax layer for generating the
spatial feature map that can be formulated as,

> im1 exp(Bi, Cj)

Where, Spj; refers to j-th spatial position interaction on i-th position. The asso-
ciation among the feature maps is ensured by the softmax layer. For instance, the U
is provided to the convolutional layers for generating a new feature map D € K¢V,

The output from the Pog; can be computed by multiplying the transpose of Spj;
and D that can be formulated as:

N
E; =&Y (SpjiDi) + Uj (24)
=1

Where, the scalar constraint is represented as £&. The Pogy output is sum of
weight of neighbor features which represents the context information of local features
through spatial map representation.

Figure 2 represents the diagrammatic view of L-GAN based instance segmenta-
tion of objects.
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Figure 2. L-GAN based Instance Segmentation

4.3. 3D object detection and tracking

After segmenting the images, we perform feature extraction from the segmented region
for classification of objects. Feature extraction and classification are performed using
Hybrid Deep Learning algorithm which consists of YOLOv4 and VGG16 algorithms.
YOLOv4 is mainly implemented to increase the classification speed and detect small
objects. VGG16 is implemented to increase detection accuracy. In this proposed, we
extract numerous features such as spatial, temporal, textural, visual, and auditory
features using VGG16, and classification is performed using YOLOv4 which provides
four classes such as ground, vehicles, pedestrians, and obstacles. Figure 3 represents
the process of 3D object detection.

4.3.1. Feature extraction-VGG 16

The segmented image from the LGAN of input size 224 x 224 is provided with R, G,
and B channels. The input size of the image is reduced for every pixel for achieving the
desired results. Once, the images are passed over the ReLU activations, the resultant
image is provided to the stack of two consecutive convolutional layers with area size of
3 x 3 and have 64 filters. The image is processed at 1 pixel padding and convolutional
stride is also at 1 pixel. The two consecutive layer preserves the spatial resolution
with pooling of two pixel of window size 2 x 2, so that the activation window size is
reduced to half.
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The output activation function from the first stack of convolution is then provided
to second stack of activation and convolutional layers in which the activation layer
128 filters with size of 56 x 56 x 128, and three convolutional layers has 256 filter
with size of 56 x 56 x 256. In similar manner, the filter in the consecutive three
layers is increased to 512 and convolution layer size is reduced to of 28 x 28 x 512,
14 x 14 x 512, and 7 x 7 x 512. The output images from the final max pooling layer
are then provided to the 3 fully connected layer in which the first two fully connected
layers composed of 4096 channels and last one layer has 1000 channels. Finally, the
softmax layer provides the feature vectors of the segmented images that includes
feature representation vectors of features such as spatial, temporal, textural, visual,
and auditory features which can be represented as,

Fe;q
Fey
Fe= |Fes (25)
Fey
Feg

where, Fey, Fey, Fes, Fey and Fes represents the features such as spatial, temporal,
textural, visual, and auditory respectively.

4.3.2. Object classification — YOLOv4

The extracted feature vectors are then provided to the YOLOv4. The YOLOv4 is
developed by improving the YOLOv3 form improving the speed, detailed, and stable
results. The YOLOv4 composed of backbone network, neck, and head for processing
the input features and provides the desirable output. To be clearer, the proposed work
used backbone network as Cross Scale Partial Darknet-53 (CSPDarknet-53), the neck
structure used are Spatial Pyramidal Pooling (SPN) and Path Aggregation Network
(PAN), the head structure has YOLOv3 for enabling speedy object classification.

The extracted feature vectors are provided to the CSPDarknet-53 for representing
the deep features using five ResNet blocks. The ResNet blocks composed of fifty-three
convolutional layers of sizes 3 x 3 and 1 x 1 with connection to batch normalization,
and mesh activation layer respectively. For reducing the computation complexity,
the conventional ReLU is substituted with the leaky ReLU. The represented features
from the CSPDarknet-53 are then provided to the neck that consist of SPN and
PAN. The SPN composed of several maxpooling layers of different sizes such as 13, 9,
and 5 to normalize the features sizes through cross minibatch normalization. The
normalizes features are provided to the PAN for continuously extracting the features
in repeated fashion in top down and bottom down approach. The extracted deep
features, are finally provided to the YOLO head. The proposed YOLO head utilized
YOLOv3 for object detection with the size of 76 x 76 to detect and classify the object
of varying sizes.
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The classification result can be represented as:

Ground

Vehicl
YOLOA gy = 4 17 (26)

Pedestrains
Obstacles

Finally, loss of the YOLOv4 is computed which consist of three losses such as
object classification, localization, and offset loss respectively. The formulation of loss
function is computed below,

L0885 — Echl + EQLZOC + Echon (27)

Where, L, L'°¢ and L°" states the classification, localization, and confidence
loss respectively. The =, =5, and Z3 are the balancing factors of the respective loss
functions. The formulation of individual loss functions can be formulated as,

L = —SieponEjectass (0bijIn(prij) + (1 — ob;)in(1 — pry;) (28)

2
dPre,GnT<PTeCEna GnTcen)
2

L'¢ =1 — InOU(Pre,GnT) + +d (29)

[2

L™ = —%(ob;in(pri) + (1 — ob;)In(1 — pry)) (30)

From the Equation (28), pr;; and ob;; represents the i-th object class in the
boundary box prediction i. From Equation (29), InOU is the intersection over
union, Pre, GnT denotes the predicted and ground truth results respectively, Precen,
GnT,e, defines the center point euclidean distance, and J denotes the facet ratio.
From the Equation (30), ob; represents whether there is any object in the bounding
box [0,1], and pr;; probability of the object in the bounding box.

4.3.3. Object tracking-IKF

After classification of objects, tracking is performed only for moving objects by con-
sidering RFID, unique ID, dimension, and orientation using Improved Unscented
Kalman Filter (IUKF) which reduces the variance and tracks the objects with high
accuracy by considering the object’s velocity and location. Time-based mapping is
performed by considering previous and current time, location from the RFID to in-
crease the tracking reliability.

At a 3D plane, let us consider the detected object at the previous stage is mov-
ing at a uniform speed. The state of the moving object is denoted as d[u] with
time u. The position of the object in 3D plane time w is denoted as pos[u], pos,[u],
pos.u]. The detected bound box aspect ratio asp[u], height hei[u], object velocity
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vely[u], vely[u], vel . [u], location of the object loc[u], and its unique id obj[ID,]. The
complete details are denoted as,

d[u] = (posg[u], posy[u], pos, [u], vel, [u], vel,[u], vel ; [u],

31
asplu), heilu], locu], obj[ID,])T € A1° B

The state of an object at time u + 1 can be formulated as,
dlu+ 1] = Fd[u] + Ng¥[u] (32)

Where, F' denotes the transfer matrix for the previous object state, Ng is the
noise matrix, and W[u] represents the noise vector of a system at time u. Based on
the mentioned object motion model, the IUKF algorithm is utilized for object state
tracking. At first, the sigma points group are constructed as,

dlu) + (v/(dims, + Y)err[ul,i=1,2,..., L
L = < dlu] — (v/(dimsy, + Y)errful,i = L+1,...,2L (33)
d[u], i=0

Where, errfu] represents the covariance error matrix, dims, is the state vector
dimension, and T is the distance parameter of sigma points. The sigma points are
substituted to the non-linear equation that can be formulated as,

y; = h(Ty),i = 0,1, ..., 2dims, (34)
From the y, mean and variance are computed that can be formulated as follows,
g~ Wy, (35)
erry = S WL (s~ 9) (i — )" (36)
The computation of Wi(m), and Wi(c) is provided as follows,
W™ = w/(dimg, + u) (37)
We? = w/(dimay +u) + (1+72) (38)
W™ = W = w/[2(dimg, + )], i = 1, ..., 2dim, (39)

In order to regularize the UKF, the correctness factor I'* is introduced to improve
the UKF. The adoption of I'* reduces the chance of wrong measurements during object
tracking. The formulation of I'* in the proposed IUKF can be provided as,

I = dlu] + u(yu — Ja) (40)
Once the correction is completed, state of the object can be formulated as,
f = min(gu-&-l - gu+1)T(gu+1 - gu+1)a0blm S T S Obup (41)

where, oby,, is the lower limit of the moving object, and ob,,, is the upper limit of the
moving object. The tracking continues until the maximum number of steps (u + 1).
The pseudocode denotes the IUKF based 3D object tracking.
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Algorithm 2 Pseudocode for IUKF Object Tracking

: Input:Detected Object with Bounding Box
: Output:Object Tracking

: Begin

: Initialize the object tracking model (31)

: Formulate the object consecutive states (32)
//IUKF based Object Tracking//

: for all detected objects do

Construct the sigma points I'; (33)
Compute the y; — h(.) (34)

Compute mean and variance (35)—(36)
Compute Wi(m> and WZ@ (37)-(38)
Regularize UKF — T'* (40)

Obtain object state (41)

Track until (u+1)

: end for

: End

© X NPT W N

e e e el
AN N A

Pseudocode explanation

Step 1: The Object detected with bounding boxes will be given as input.

Step 2: Initialize the object tracking model in 3D Plane with the complete details
of Position pos, velocity vel, aspect ratio asp, height hei, location loc, unique id
obj[ID].

Step 3: The State of an object with time u+ 1 will be formulated with noise matrix
Ng, transfer matrix from the previous state F, noise vector ¥[u| at time u.
Step 4: After all the objects has been detected, construct the sigma points group

with error matrix err[u], dimension and the distance.

Step 5: Substitute the values of sigma points to non-linear equation Y;.

Step 6: From Y;, Calculate mean and variance g and err,

Step 7: Compute the value of Wi(m), and Wi(c), which is calculated during the findings
of mean and variance.

Step 8: The correctness factor I'* is given to reduce the chance of wrong measure-
ments during tracking.

Step 9: After Correction, state of object can be formulated.

Step 10: Tracking continues until the maximum number of steps reached (u+1).

5. Experimental results

This section provides the detailed view of simulation, implementation, and compar-
ative results. For diminishing the readers difficulty, separate sections are provided
for simulation and implementation results, dataset description, comparative results,
and summary.
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5.1. Simulation setup

The proposed Hybrid Deep Learning based Multi Object Detection and Tracking
(HDL-MODT) is simulated using MATLAB tool of version R2020a. The simulation
results show that, the proposed work outperforms than the existing work. The pro-
posed simulation is packaged with pre-processing, segmentation, classification, and
tracking. To achieve better performance, some of the system configurations must be
adjusted. The adjusted system configurations are mentioned in Table 2. Furthermore,
the simulation results of the proposed work also provided in the Figure 4a—4d.

Table 2
System configurations

Hardware RAM 500GB
Configuration Hard Disk 8GB
Soft Simulation Tool MATLAB R2020a
orbware 0S Windows-10(64-bit) OS
Configuration -
Processor Intel(R) Core(TM) i5-4590S CPU@3.00GHz

Figure 4. Multi Stage Noise Removal (a); L-GAN based Instance Segmentation (b);
Moving Object Detection & Tracking (c); Static Object Detection (d)
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5.2. Dataset description

The performance of the proposed work is evaluated by performing quantitative and
qualitative experiments using Karlsruhe Institute of Technology and Toyota Techno-
logical Institute (KITTI) dataset. This dataset [11] holds the images from 3D Li-
DAR and stereco RGB camera from the autonomous vehicles. The capturing of
LiDAR frames by using an LiDAR, sensor named HDL-64E. The points generated by
the sensor is one million. The frames provided for testing and training is 7518 and 7481
respectively. The proposed work divides the dataset as 25% for validation and 75%
for training. The dataset contains 52,979 labels with nine categories such as ‘don’t
care objects’, ‘miscellaneous’; ‘tram’, ‘sitting person’, ‘truck’, ‘van’, ‘cyclist’, ‘pedes-
trian’, and ‘car’.

5.3. Comparative analysis

This sub-section explains the comparative results proposed HDL-MODT with existing
works such as PointTrackNet [26], and STR-ODT [12] respectively. The validation
metrics taken such as accuracy, precision, recall, f-score, and computation. The brief
explanation of the proposed comparative results are defined below.

5.3.1. Accuracy comparison

Accuracy is defined as the sum of True Positive (T'P) and True Negative (T'N) to the
ratio of sum of TP, TN, False Positive (FP), and False Negative (FN) respectively.
The formulation of accuracy is,

TP +TN
ACC = TP+TN +FP+FN (42)

Figure 5 represents the comparison of accuracy of proposed and existing works
with respect to number of frames.

—#&— STR-ODT —@— PointTrackNet
—&—HDL-MODT

100

o]
o

Accuracy (%)

20

0 5 10 15 20 25 30
# of Frames

Figure 5. Number of Frames vs Accuracy
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From the inference, it is shown that when the number of frames increases the
accuracy rate also increases. The reason for such higher increment in accuracy is
that, the proposed work utilized hybrid deep learning algorithm named VGG-16 and
YOLOVA4 for feature extraction and classification respectively. On contrary, the exist-
ing work PointTrackNet lacks with extracting optimal features and poor classifier for
object detection leads to less accuracy. On the whole, the graphical inference shows
that, our proposed work achieves higher accuracy than the existing works.

The numerical results show that, the proposed work achieves higher accuracy
of 98% when the frames increased to 30 whereas the existing works PointTrackNet
and STR-ODT achieves lesser accuracy of 90% and 82% respectively. Overall, the
proposed work achieves higher accuracy of 8-16% than the existing works.

5.3.2. Precision comparison

The precision is defined as the ratio of TP to the sum of TP and F'P respectively. In
other words, its also define how precisely the proposed work classifies and tracks the
objects. The formulation of precision is provided as below,

TP
Pre= ——— 43
“TTPYFP (43)
—#— STR-ODT —@— PointTrackNet

—&—HDL-MODT
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Figure 6. Number of frames vs precision

Figure 6 shows the comparison precision with proposed and existing in terms of
number of frames. The precision rate increased with increase in number of frames.
Among that our proposed work achieves higher precision than the existing works. The
reason for such higher precision rate is that, the proposed work performs improved
deep learning based segmentation named LGAN based instance segmentation, and
IUKF based object tracking. In IUKF based objects, the detected moving objects
are tracked by considering metrics such as velocity, location, RFID, dimension, and
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unique ID. Furthermore, the proposed work also utilized time-based mapping to pre-
cisely track down the objects. The existing work lacks with less precision rate, as
they were not performing segmentation which increase the higher false positive rates.
In addition to that, the existing object tracking feature was not plausible that also
affects the precision in object tracking.

The numerical results show that, the proposed work achieves higher precision
of 95% when the frames increased to 30 whereas the existing works PointTrackNet
and STR-ODT achieves lesser precision of 80% and 70% respectively. Overall, the
proposed work achieves higher precision of 5-25% than the existing works.

5.3.3. Recall comparison

The recall rate is defined as the ratio of TP to the sum of TP and F'N respectively.
The proposed work defines the recall rate by computing the amount of positively
detected samples. The formulation of proposed recall rate is as follows,

TP

Rec= Tp T FN

(44)

The comparison of recall rate with respect to number of frames for the proposed
and existing works is shown in Figure 7. The figure shows that, the recall rate
increases with increase in frame rate. The major reason for such higher recall rate is
that, the proposed work performs multi stage pre-processing method and thereby the
rate of correctly classifying the samples is increased. The proposed pre-processing
method firmly increases the performance of accuracy and precision respectively. The
existing works PointTrackNet and STR-ODT limits with pre-processing of acquired
images thereby they achieve deprived performance on further processes. Hence, the
probability of positively classifying the samples is less in the existing works.

—&— STR-ODT —@— PointTrackNet
—&— HDL-MODT
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Figure 7. Number of frames vs Recall
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The numerical results show that, the proposed work achieves higher recall rate
of 90% when the frames increased to 30 whereas the existing works PointTrackNet
and STR-ODT achieves lesser recall rate of 75% and 60% respectively. Overall, the
proposed work achieves higher recall rate of 20-30% than the existing works.

5.3.4. F-Score comparison

The F-Score is defined as the harmonic mean of precision and recall rates respectively.
To be clear, the mathematical illustration of F-Score can be formulated as,
Pre - Rec
F-Score =2 - Pre - Rec (45)
The comparison of F-Score rate of proposed and existing works with respect to
number of frames is shown in Figure 8. The figure shows that when the number
of frames increases the F-Score rate also increases. From which the proposed work
achieves higher F-Score rate than the existing works. As the proposed work performs
effective pre-processing, and segmentation respectively. The proposed work adopts
L-GAN for segmenting the objects in which it performs instance segmentation to
merely classify the objects to reduce the unwanted discrepancies during classification
thereby improving the F-Score rate. In contrast, the existing works PointTrackNet
and STR-ODT achieves less F-Score rate as they lack with pre-processing by directly
provides the images for further process, and also performs ineffective segmentation
which reduced the F-Score rate.

—&— STR-ODT —@— PointTrackNet
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Figure 8. Number of frames vs F-Score

The numerical results show that, the proposed work achieves higher F-Score rate
of 93% when the frames increased to 30 whereas the existing works PointTrackNet
and STR-ODT achieves lesser F-Score rate of 83% and 73% respectively. Overall,
the proposed work achieves higher F-Score rate of 10-20% than the existing works.
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5.3.5. Computation time

The computation time is defined as the amount of time taken to complete as pro-
cess. The mathematical formulation of computation time is defined as the ratio of
overall computation time to the time taken for computation,

_ CTTime

CT =
OvVTime

(46)
where, CTrme is the computation time taken, and Ovrjme is the overall computa-
tion time.

Figure 9 shows the comparison of computation time of proposed and existing
works with respect to number of frames respectively. From the graphical inference,
the computation time of proposed work decreases with increase in number of frames.
The reason for such less computation time is that, the proposed work adopts multi
stage pre-processing and hybrid deep learning based object detection respectively. The
object detection is performed using hybrid deep learning algorithm named VGG-16
and YOLOvV4 respectively. The proposed process reduces those complexity by in-
creasing the computation time. On the other hand, the existing works PointTrackNet
and STR-ODT gains with higher computation time as they lack with effective pre-
processing and classification respectively thereby time for computation was high.

—#&— STR-ODT —@— PointTrackNet
—o— HDL-MODT
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Figure 9. Number of frames vs computation time

The numerical results show that, the proposed work achieves lesser computation
time of 30 s when the frames increased to 30 whereas the existing works PointTrackNet
and STR-ODT achieves higher computation time of 38 s and 44 s respectively. Over-
all, the proposed work achieves lesser computation time of 8 s—14 s than the exist-
ing works.
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5.4. Research summary

The summary of the experimental results section is provided in this supplementary
section. The proposed work composed of sequential processes such as multi stage
pre-processing, instance segmentation, and 3D object detection & tracking. The
simulation of proposed work is carried out using MATLAB R2020a in which the sim-
ulation results are provided in Figures 4a—d. The comparative results of the proposed
work and existing works in various simulation metrics are shown in Figures 5-9. The
average simulation results comparison of proposed and existing also shown in Table 3
Some of the major highlights of the proposed work are given below:

e For enhancing the quality of the images (i.e., solid-state LiDAR, pseudo-LiDAR,
and RGB-D), we perform multi-stage preprocessing in which noise is removed by
A-Fuzzy filter and contrast enhancement using MSO algorithm. In addition,
point to voxel conversion is performed for achieving efficient object detec-
tion results.

e For improving the viewport of the image by performing image rotation and in-
stance segmentation. The L-GAN algorithm is implemented to perform instance
segmentation that maximizes the accuracy of object detection which increases
the reliability of tracking.

e For increasing the accuracy and speed of 3D object detection, we perform multiple
feature extraction and classification by Hybrid deep learning algorithm which
detects the objects with low false positive rate and high speed.

e For increasing the tracking reliability, we implement IUKF filter by consider-
ing numerous metrics and performing time-based mapping which increases the
reliability of tracking with high accuracy.

Table 3
Average comparison of proposed vs existing

Metrics HDL-MODT | PointTrackNet | STR-ODT
Accuracy [%)] 57.57 48 38.72
Precision [%] 50 41.142 32.71
Recall [%] 40.71 33.072 23
F-Score [%] 55.5 46.93 38.22
Computation Time [s] 14.85 21.28 26.42

6. Conclusion

High false positive rates, high computation time, and less QoS are the major issues
in the 3D object detection and localization. So that, we tend to resolve that issue by
proposing HDL-MODT method. The proposed work adopts KITTI dataset for train-
ing and testing the classifiers. Initially, the images captured from the RGB-D cameras
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and Solid-State LiDAR are pre-processed in multi stages. The proposed work per-
forms three stages of pre-processing such as noise removal using A-Fuzzy, contrast en-
hancement using MSO, and point to voxel conversion respectively. The pre-processed
image is fused to improve the image quality. Secondly, the fused image is provided
for instance segmentation using L-GAN in which position and channel attention are
adopted for segmenting the possible objects in the input images. The fused images
are then provided for object detection, classification, and tracking. The VGG-16 is
utilized for feature extraction which extracts the optimal features such as spatial,
temporal, textural, visual, and auditory features. The extracted features are repre-
sented in form of feature vectors. The feature vectors are provided as an input to
the YOLOv4 classifier for object detection and classification task which classifies the
objects into four classes such as ground, vehicles, pedestrians, and obstacles and tow
categories as static and moving objects. For the moving objects, we perform tracking
using IUKF' algorithm based on metrics such as RFID, unique ID, location, dimen-
sion, and velocity. The time based mapping is also performed to enhance the tracking
accuracy. The simulation of proposed work is carried out using MATLAB R2020a
simulation tool and performance of the proposed work is validated by considering
metrics such as accuracy, precision, recall, F-score, and computation time.
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