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Abstract:
Object detection is a crucial task for autonomous driv‐
ing, and different autonomous vehicles have varying per‐
ceptions. The advancements of object detection paved
the way for 3D object detection, which is considered to
be the central component of perception systems that
predict obstacles, vehicles, pedestrians and other key
features of the environmental backgorund. Generally,
various sensors and cameras are used in autonomous
driving producing accurate perediction of objects. Several
algorithms have been employed in object detection, but
they have not produced effective outcomes.

Thus, the present study implements HDL‐MODT
(hybrid deep learning based multi‐object detection and
tracking) using a sensor fusion approach. It uses solid‐
state LiDAR, pseudo‐LiDARand anRGB camera to capture
objects and provide effective tracking abilities. Initially,
the pre‐processingmethods involved noise removal using
an A‐Fuzzy (adaptive fuzzy) filter. Contrast enhancement
is then performed using the MSO (moth swarm opti‐
mization) algorithm, and feature segmentation is done
by LGAN (lightweight general adversial networks), where
both channel and position attentionmechanisms provide
precise segmentation. The YOLOv4 approach is deployed
for detection of objects such as ground, vehicles, pedstri‐
ans and obstacles. Finally, the tracking of objects is per‐
formed using IUKF (improved unscented Kalman filter).
The simulation of the proposed method is demonstrated
by usingMATLABR2020 simulation tool; the performance
of the proposed method is also predicted by comparing
the results with exisitng algorithms.

Keywords: Autonomous Driving, Object Detection, Track‐
ing, One Stage Object Detector, Two Stage Object Detec‐
tor

1. Introduction
With the development of autonomous driving,

accurate object detection is a huge challenge in
decision‑making controls to ensure safe driving.

Operating a vehicle with little or no effort from
human involvement is complex, and the number of
accidents has rapidly increased in recent years. This
can be mitigated using object detection techniques,
which tend to perceive surrounding passengers, traf‑
ϐic lights, vehicles and even unknown objects. Object
detection is considered one of the most important
tasks for avoiding trafϐic accidents and a variety of

other human errors [1]. Automatic driving techniques
can improve their safety by accounting for human
manipulation of the vehicle and prediction of road
conditions. Obstacles in autonomous driving might
include motorcycles, bicycles, trucks, cars, pedestri‑
ans or other objectswithin visual range. Several object
detection approaches have been utilized in this ϐield
of image processing, but they have not produced
efϐicient feature representation methods. Moreover,
object detection algorithms have mostly relied on
the development of manual features and traditional
approaches involving DPM (deformable parts model),
HOG (histogram of oriented gradients) and others [2].
Consequently, 3D object detection is considered to be
the dominant component of perception systems in the
case of autonomous driving that projects points onto
a single prescribed assessment of feature learning.
Generally, 3D object detection techniques suffer from
inaccurate depth estimation, which causes reduced
accuracy. In recent years, 3D object detection based
on stereo matching [3], LiDAR [4] and radar per‑
ception [5, 6] have achieved more impressive perfor‑
mance in detection accuracy. To mitigate the limita‑
tions of 3D object detection, an effective methodology
for autonomous driving should thus be developed.

Concurrently, rapid advancements in AI (artiϐicial
intelligence) computer vision have led to the develop‑
ment of efϐicient outcomes. Hazarika et al. [7] imple‑
mented amulti‑camera solution inwhich3Dbounding
boxes and weighted‑box selection methods are used
for object detection. A DCNN (deep convolutional neu‑
ral network) is employed tomap2Dboundingboxes to
their 3D counterparts in order to identify an object’s
dimension and orientation. Additionally, a ViT (Vision
Transformer) is addressed for accurately detecting
depth and occlusion using a self‑attentive module.

The comprehensive simulation is performed after
fusing outcomes from multiple cameras. KITTI stan‑
dard data is analyzed using existing similar camera‑
based techniques.

Similarly, MTL (multi‑task learning) plays a signif‑
icant role in the growing ϐield of autonomous vehi‑
cles. Orchestratingmultiple taskswith sensor data has
proven to be a complex task, and MTL meets these
challenges by training a single model to do multiple
tasks simultaneously. The study in [8] involved a scal‑
ableMTL for object detection,which is used to develop
an MTL network with varied shapes and scales.
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It also deploys the extended version ofMask‑RCNN
(Region‑CNN) to overcome the limitation of learn‑
ing several objects in multi‑label learning. Perfor‑
mance was evaluated using the Berkeley Deep Drive
100KBDD100k dataset, and the outcomes produced
by the study achieved amAP (mean average precision)
of 50 .

However, single‑stage approaches exempliϐied
object detection with better accuracy and possessed
the ability to predict bounding box coordinates
and object classes from single evaluation of the
network. The hybrid approach in [9] approach
incorporated both Faster R‑CNN and YOLO, combining
the boundary‑box assortment ability of YOLO with
the RoI (region of interest) pooling of Faster R‑CNN.
Analysis found that the study produced an improved
accuracy of 74.3%, with a processing time of 52 ms .
Despite several beneϐits, image resolution and object
detection of varying sizes under challenging driving
conditions is an important task for single‑stage
detection algorithms.

To address the issues presented by single‑stage
approaches and low‑resolution images, the proposed
method involves 3D multi‑object detection and track‑
ing for autonomous driving. This approach is intended
to leverage the strengths of the single‑stage paradigm.
The YOLOv4 approach is used for faster and more
accurate 3D multi‑object detection. The proposed
method incorporates YOLOv4’s effective object detec‑
tion for bounding box assortment for classiϐication.

Initially, the images from the 3D LiDAR and stereo
RGB cameras are used in pre‑processing, a method
that includes the removal of noise using an A‑Fuzzy
ϐilter, followed by contrast enhancement on nois‑
eremoved images using MSO. Voxelization is used
enhance the perceptiveness of solid LiDAR points.
Both contrast‑enhanced images and voxelized point
clouds are integrated to generate highquality images.
The segmentation process combines LGAN with pre‑
processed fused images in order to reduce the com‑
plexity of classiϐication and tracking. The channel and
position attention mechanism are applied for, ensur‑
ing improved accuracy in segmentation. In order to
reduce complexity, VGG‑16 is deployed for better fea‑
ture extraction, in which feature vectors are formed.
These feature vectors are selected for object detec‑
tion using YOLOv4,which creates four classes: ground,
vehicles, pedestrians and obstacles. After classiϐica‑
tion, the detected objects are tracked by using IUKF.
Time‑based mapping is performed for vehicles by
considering the RFID, velocity and location of the
detectedobjects. TheMATLABR2020a simulation tool
is used to simulate the proposed methodology. Fur‑
ther assessment of the proposed algorithm is per‑
formed using existing approaches with different per‑
formance metrics to examine the efϐicacy of the pro‑
posed system.
The main contributions of the paper are as follows:

• To apply pre‑processing to input images, using A‑
fuzzy for noise removal and MSO algorithm for con‑
trast enhancement;

• To process segmentation using LGAN and feature
extraction using VGG‑16 algorithm, extracting fea‑
ture vectors while avoiding system complexity;

• To implement object detection using YOLOv4 to
classify objects such as ground, vehicles, pedestri‑
ans, and obstacles; and

• To assess the efϐiciency of the proposed model by
comparing its outcomes with those from existing
methods.

1.1. Paper Organization

The paper is organized based on the most efϐi‑
cientmethodsdeployed in the object detectionof vehi‑
cles. It analyzes conventional methods used in similar
applicationswith the varying approaches discussed in
Section 2. The elaborated procedure of the proposed
method is shown in Section 3. The results obtained
by the implemented approach are then deliberated in
Section 4. Finally, Section 5 presents the conclusion,
with suggestions for future work using the proposed
method.

2. Related Works
Vision‑based driving assistance systems mainly

rely on the concept of object detection, which has
become increasingly attractive in smart transporta‑
tion systems. However, it is complex to produce
energy‑efϐicient and cost‑saving autonomous vehicle
systems. So, [10] implemented edge‑cloud assistance
based object detection, along with a reconstructive
CNN known as edge YOLO. This study avoided the
extreme reliance on computational power and irreg‑
ular spread of CC (cloud computing) assets, projecting
a lightweight object‑detection system that combined
a compression feature fusion network with a pruning
feature extractionnetwork to improve the efϐiciency of
multi‑scale identiϐication. An automatic driving plat‑
formwithNVIDIA Jetsonwas also involved for system‑
level evaluation. Our analysis found that the study pro‑
ducedmAP (accuracy) of 47.3% at a speed of 26.6 FPS
(frames per second). Though the study generated sat‑
isfactory results, the system reduces downprocessing
at the edge, and the transmission pressure produced
by CC increases latency. . Edge clouds signiϐicantly
reduce computational burden and latency; however,
their performance is affected by dynamic channel con‑
ditions.

To address the issue of edge clouds, [11] deployed
an EODF (edge network‑assisted real‑time object
detection framework). When using the EODF algo‑
rithm, an autonomous vehicle must capture the image
and extract the RoI when the channel quality is not
good enough for real‑time object detection. For this
reason, the extracted images transfer the compressed
RoI to edge clouds, thus reducing the transmission
latency of the system. The results in [11] showed
an accuracy value of 82% for all categories such as
tram, truck, van and car, and a mAP of 84%. However,
increases in compression ratio caused decreases in
information loss and degradation in object detection
performance.
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The autonomous driving system uses the sur‑
rounding environment to make driving decisions by
modelling scenery data gained from the sensors. The
FPN (feature pyramid network) generates high‑level
semantic feature pyramids and thus identiϐies objects
of varying scales. Hence, [12] applied enhanced FPN
(EFPN) to develop an adaptive parallel detection
subnet and an improved feature extraction subnet.
The adaptive parallel detection subnet employed PDB
(parallel detection branch) and ACE (adaptive con‑
text expansion). Meanwhile, to enhance the pyra‑
mid features, the enhanced feature extraction sub‑
net employed an FWM (feature weight module). The
study evaluated the system on cityscapes’ datasets
along with the KITTI dataset, and produced improved
object detection. However, the average precision of
cityscapes has been found to be lacking due to an
increase in small and occluded objects. Small objects
at the pixel level have even vanished after different
down‑samplings. The complexity of trafϐic environ‑
ments, lighting situations and variances in image qual‑
ity have also decreased precision.

Similarly, the automatic driving can be enabled by
identifying missed and false detections of small and
occluded objects. Hence, Zhou et al. [13] employed
an Automatic Drive‑Faster‑RCNN algorithm for issues
related to small scale object detection, denseness and
occlusion. The Resnet‑50 and partial attention mech‑
anism were used to improve the feature extraction
of small objects, and the feature pyramid structure
has also been employed to decrease feature loss in
the fusion process. Moreover, three cascade detectors
‑ namely, sideaware boundary localization, threshold
mismatch and IOU (intersection‑over‑union) ‑ have
been adapted to perform frame regression. The study
produced better outcomes, but with shortcomings;
the positioning information is not transmitted, and
the sematic informatics containedwere diluted during
information fusion.

The low accuracy and interference speed in recog‑
nition of objects is considered as the main hindrance
in the development of automated vehicle systems.
For this reason, [14] deployed MCS‑YOLO (multi‑scale
small object detection), along with a coordinate atten‑
tion mechanism, to detect multi‑scale dense small
objects. The attention mechanism was used to aggre‑
gate the cross‑channel information and feature map’s
spatial coordinates. Additionally, a Swim Transformer
structure was utilized to increase the focus of the
network on contextual spatial information. The study
produced better outcomes, but was not able to solve
issues related to MOT (multiple object tracking). The
end‑to‑end delays in object detection in real‑time
circumstances also present other safety concerns in
autonomous driving.

In [15], three optimization approaches were
implemented: on‑demand capture, zero‑slack pipeline
and contention‑free pipeline. The Darknet YOLO was
used to optimize object detection dependent on
OpenCv library for capturing realtime images and
achieve a queue for buffering image frames.

The study was executed and evaluated in Nvidia
AGX Xavier CPU‑GPU heterogeneous computing plat‑
form. Analysis indicates that the study has gener‑
ated better results with lower detection quality, but
the system did not focus on a sensor fusion system
for complex application scenarios. Multi‑scale object
detection for autonomous driving has been employed
using a YOLOX‑based network model under com‑
plex scenarios. A CBAM‑G (channel‑based attention
module‑grouping) approach has been integrated to
alter the height and width of the convolutional ker‑
nel of the spatial attention module [16]. An object
context‑based feature fusionmodule has been utilized
to produce additional semantic data and increase the
observation ofmulti‑scale objects. These experiments,
conducted on BDD100k and KITTI datasets, produced
better mAP values.

However, the study did not concentrate on the
lightweight multi‑scale object detection that must be
applied under practical applications.

In autonomous driving applications, Lidar‑point
cloud‑based 3D object detection plays a signiϐicant
part, and has proven challenging due to uneven
distribution of data points. Hence, [17] proposed
a transformed approach known as TCT (tempo‑
ralchannel transformer) to develop the spatialtem‑
poral and channel‑domain relationships. The infor‑
mation encoded in the encoder was varied with
the decoder, and the spatial decoder of the trans‑
former decoded the information for each location of
the present frame. In contrast, the temporal‑channel
encoder of the transformer has been speciϐically mod‑
elled to encode the data of the frames, as well as
several channels. This study has produced better out‑
comes.

To increase the detection accuracy and the robust‑
ness of the perception system in autonomous driving
systems, [18] imposedDMIQADNN(dual‑modal image
quality aware deep neural network). An analysis of
the early, middle, late and score stages of fusion archi‑
tectures was performed to predict detection accu‑
racy and speed. An IQAN (image quality assessment
network) was also used in the analysis of the RGB
image quality score. The fusion weights for the LiDAR
and RGB sub‑network were allocated by applying a
fusion weight assignment function. Further, the study
found scores of 27 on a modiϐied KITTI benchmark
and 39.1 on an AP (average precision) benchmark.
LiDAR‑camera‑based 3D object detectors were used
to extract the speciϐic features and adjacent 3D data
known as point clouds. The camera captured high‑
resolution RGB images and combined the features of
the RGB images and point cloud.

An early fusion module was employed to exploit
camera and LiDAR for faster 3D object detection [19].
A feature fusion model has been utilized to extract
point‑wise features from raw RGB images and then
fuse them to the equivalent point clouds. Initially, the
system voxelizes a point cloud into 3D voxel grid, and
then uses twomethods to decrease of information loss
while performing voxelization.
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The results have been applied in a KITTI bench‑
mark dataset to evaluate their speed and accuracy.
2.1. Problem Identification

The main concerns identiϐied through the analysis
of existing algorithms are conferred in this section.
• A hybrid approach incorporating Faster RCNN and
YOLO [9]. This study could be improved by utilizing
larger and more diverse datasets to predict the efϐi‑
cacy of the approach in various self‑directed vehi‑
cle platforms. Enhancing the execution and discov‑
ering interactions with other AI‑based techniques
can help optimize the efϐiciency and safety of self‑
driving vehicles.

• Using EODF for object detection, with compressed
images transmitted to edge clouds [11]. However,
the compression ratio led to information loss and
reduction in objectdetection performance. Thus, the
compression ratio should be set to the maximum
value to evaluate the average precision of the sys‑
tem.

3. System Framework
Increased potential of providing road safety, effec‑

tive decision making and decreased trafϐic congestion
canbe achievedbyusing autonomousdriving systems.
They must observe, recognize, design, adopt and per‑
form decisions within an uncontrolled, complicated
real world. This is a more challenging goal, as a small
fault in understanding the surrounding background
and decision may lead to mortal effects. A reliable and
effective autonomous system is thus required to elim‑
inate errors and make correct decisions according to
changing situations. The recognition system ‑ namely,
the 3D object detection method ‑ supports automatic
interpretation the vehicle’s driving. The 3D sensor,
known as LiDAR (light detection and ranging), works
with RGB‑D cameras to produce 3D information about
the environment, such as speed and distance estima‑
tions. The LiDAR sensor is efϐicient under a variety of
weather conditions, but its major drawback is that it
tends to struggle in detecting close‑ and far‑distance
objects. Different approaches have been developed
to implement the LiDAR point cloud data, but they
provide less texture and color information. To over‑
come the limitations of existing methods, this study’s
method involves the enhancement of input images to
provide effective outcomes in 3D object detection.
3.1. Data Collection

In the concept of 3D object detection, the datasets
are categorized as ”indoors” and ”outdoors” based
on their applications. Different studies that used
3D object detection for intelligent driving systems
mostly rely on outdoor datasets. The most wellknown
datasets use LiDAR and RGB cameras to predict var‑
ious types of data. Moreover, these datasets contain
a mass of 3D annotation bounding boxes, multiple
object classiϐications, and selfdriving scenes. Table 1
shows a summary of 3D object detection datasets for
autonomous driving systems.

The study uses the KITTI (Karlsruhe Institute of
Technology and Toyota Technological Institute) 3D
object detection benchmark dataset for training and
effective autonomous driving system. It is considered
as a largest computer vision algorithm evaluation
dataset for automatic driving scenarios. The dataset
comprises 52,979 labelled objects, of which 7,481
are training and 7,518 testing images. All the images
present in the dataset are colored and saved in .png
format. One image in the KITTI dataset might consist
of up to 30 pedestrians and 15 cars. The 3D object
detection system has labels for nine categories: car,
pedestrian, cyclist, van, truck, sitting person, tram,
miscellaneous, and ”don’t care” objects.
3.2. Data Pre‐Processing

Data pre‑processing is the method of changing the
raw data into a clean dataset. This important pro‑
cess prepares the data in the most meaningful and
understandable way for the model to able to easily
analyze. Data are cleaned, transformed and integrated
in order to make them ready for analysis. The input
dataset is also pre‑processed to verify missing values,
noisy data and other inconsistencies before execut‑
ing the algorithm. Noisy data are the result of data
entry errors and faulty data collection that are rep‑
resented as meaningless data. Generally, noisy data
can be handled by using methods such as clustering,
regression and binning. Clustering is a technique in
which the similar data points are grouped together to
form ”clusters.” The main objective of clustering is to
predict patterns present in the data and group based
on similar data points, and to separate dissimilar data
points into different groups. Regression, on the other
hand, is the process of making data smooth in order
to ϐit it to a regression function. The regression used
can be either linear, with one independent variable, or
multiple, with several independent variables. Binning
is a technique that works on sorted data in which the
whole dataset is categorized into segments of equal
size. Each segment is handled separately and can be
replaced by its boundary or mean values to complete
a speciϐic task.
Noise Removal

This study uses RGB‑D images and LiDAR cloud
points for object detection. These images tend to gen‑
erate more noise, which reduces the quality of the
image. Here, pre‑processing involves noise removal
from input data using the A‑Fuzzy (Adaptive Fuzzy
ϐilter) performed under two stages. The A‑Fuzzy rules
andmember functions are used to determinewhether
the pixel under consideration is noisy. To differentiate
the noisy pixels, the difference between the gradients
are calculated, and it is veriϐiedwhether they are small
or large. The a1, a2, a3, a4 are the four adaptive fuzzy
rules and are deϐined as:
𝑎1 = Small (𝐹1, 𝜇1, 𝜇2) . Small (𝐹2, 𝜇1, 𝜇2)
a2 = Small (F1, 𝜇1, 𝜇2) . Large (F2, 𝜇1, 𝜇2)
𝑎3 = Small (𝐹1, 𝜇1, 𝜇2) . Small (𝐹2, 𝜇1, 𝜇2)
a4 = Small (F1, 𝜇1, 𝜇2) . Large (F2, 𝜇1, 𝜇2)
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Table 1. Summary of 3D Object Detection Datasets

Types of Datasets Sensors 3D Boxes Classes Number of Scenes Annotated Frames
Waymo RGB+Li DAR 12M 4 1 k 200k
ApolloSc ape RGB+Li DAR 70K 35 Nil 140K
nuScene s RGB+Li DAR 1.4 M 23 1 k 40 k
A*3D RGB+Li DAR 230 K 7 Nil 39k
H3D RGB+Li DAR 1.1 M 8 160 27k
Lyft Level 5 RGB+Li DAR 1.3 M 9 366 46k
KITTI RGB+Li DAR 200 K 8 22 15k

These terms are represented as adaptive fuzzy sets.
The adaptive fuzzymembership functions ”Small” and
”Large” are given by the equations (1) and (2):

Small (F1, 𝜇1, 𝜇2) = ൞
1, F1 < 𝜇1

൬ F1−𝜇2
𝜇1−𝜇2

൰ , 𝜇1 ≤ F1 < 𝜇2
0 F1 ≥ 𝜇2

(1)

Large (F1, 𝜇1, 𝜇2) = ൞
0, F1 < 𝜇1

൬ F1−𝜇1
𝜇2−𝜇1

൰ , 𝜇1 ≤ F1 < 𝜇2
1 F1 ≥ 𝜇2

(2)
Where 𝜇1 and 𝜇2 are represented as the threshold
parameters. After applying the adaptive fuzzy rules,
the adaptive membership degrees is denoted as in
equation (3),

𝜔degree = Maximum (a1, a2, a3, a4) (3)

The membership degree plays a signiϐicant role in the
adaptive ϐiltering phase, inwhich pixelswithmember‑
ship degree ( 𝜔degree ൯ = 𝑎1 are noisy pixels. When
𝜔degree = 𝑎2 or 𝑎3, it is treated as a noisy pixel
that is ϐiltered using the A‑fuzzy technique. Pixels with
𝜔degree = 𝑎4 signify noise‑free pixels.
Contrast Enhancement

Meta‑heuristic‑based algorithms used for contrast
enhancement yield different pixel intensity redistri‑
bution patterns compared to traditional histogram
equalization (HE). Some image contrast enhancement
techniques include FFA (ϐireϐly algorithm), CS (cuckoo
search algorithm), GA (genetic algorithm), ABC (artiϐi‑
cial bee colony) and others. Though these algorithms
have produced better results, they also have certain
ϐlaws, such as an inability to maintain population
diversity and premature convergence to local optima.
These effects cannot be improved unless noise, irrel‑
evant visual information and small sets of pixels are
removed.

The proposed work thus employs an MSO (moth
swarm optimization) algorithm to overcome these
impacts and to generate more effective image quality.
The MSO is a meta‑heuristic algorithm inspired by
the alignment of moths towards the moonlight that
analyses three explicit subpopulations. Depending on
the sub‑population, the individual performs by imple‑
menting varying evolutionary operations.

This process is inspired by the real‑life behavior of
moths, and the integration of operators in the search
method tends to mitigate critical issues like prema‑
ture convergence and improper explorationexploita‑
tion balance. The moth swarm algorithm in the study
is used to predict the best redistribution to assemble
the improved image. Here, the search features of the
algorithm allow for discovery of the solution space. In
MSO, the swarm population is segregated into three
parts: pathϐinders, prospectors and onlookers. The
steps involved are as follows:

Step 1: Initialization
In the initialization process, the random positions

are assumed by search agents based on the model
given in equation(3.2),

𝑚𝑠𝑜𝑝𝑞 = 𝑟𝑎𝑛𝑑𝑜𝑚(0, 1) ⋅ ൫𝑚𝑜𝑠𝑚𝑎𝑥𝑖𝑚𝑢𝑚
𝑞 −

𝑚𝑜𝑠𝑚𝑖𝑛𝑖𝑚𝑢𝑚
𝑞 ൯ + 𝑚𝑜𝑠𝑚𝑖𝑛𝑖𝑚𝑢𝑚

𝑞 ,p ∈ (1, 2, 3, … i) and
q ∈ (1, 2, 3, … j)

Where 𝑚𝑜𝑠𝑚𝑖𝑛𝑖𝑚𝑢𝑚
𝑞 and 𝑚𝑜𝑠𝑚𝑎𝑥𝑖𝑚𝑢𝑚

𝑞 signify the
lower and upper limits of the search space.

Step 2: Prediction Phase
Two operators ‑ crossover and Levy perturbation

‑ are employed for each individual solution. The for‑
mula for the crossover point is given by the equa‑
tion (5),

𝜔𝑝
𝑞 =

ඨ 1
𝑖𝑗
Σ
𝑖𝑗
𝑘=1ቀ𝑚𝑜𝑠𝑝𝑘𝑞−𝑚𝑜𝑠𝑝𝑞ቁ

2

𝑚𝑜𝑠𝑝𝑞
; 𝑚𝑜𝑠𝑝𝑞 =

1
𝑖𝑗

𝑖𝑗

෍
𝑘=1

𝑚𝑜𝑠𝑝𝑘𝑞 (5)

Where 𝑖𝑗 is represented as the total number of
pathϐinder moths. Thus, the new solution is shown as
in equation (6):

𝜇𝑝 = 1
𝑗

𝑗

෍
𝑞=1

𝜔𝑝
𝑞 (6)

The MSO algorithm implies Levy perturbations in
order to generate random steps. 𝐿𝑒𝑣𝑝 is the random
sample generated. and is calculated as in equation (7),

𝐿𝑒𝑣𝑝 ≈ 𝑠𝑐𝑎𝑙𝑒 ∗ 𝐿(𝜃) ≈ 0.01 𝑢
|𝑎|

1
𝜃

(7)
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Where scale denotes the dispersion size, 𝜃𝜖[0, 2],
entry‑wisemultiplication is performedwith *, and the
two normal distributions are u = M (0, 𝜔𝑢) and a =
M (0, 𝜔𝑎).

Further, in adaptive crossover, each pathϐinder
updates its position by integrating the mutated vari‑
ables and crossover operators. After completing adap‑
tive crossover, the ϐitness value for entire trail solution
is evaluated and is equated with its corresponding
host solution. Additionally, a set of solutions are cho‑
sen based on the roulette approach.

Step 3: Transversal Flight
For the next iteration level, a cluster of elements

comprising the best luminescence concentrations are
represented as prospectors. The number of prospec‑
tors is reduced during the optimization process.

Step 4: Celestial Navigation
With the reduction in the number of prospectors,

the onlookers number increases, which causes a large
increase in the convergence rate. Onlookers are con‑
sidered to be the moths producing less luminescent
causes in the swarm. In the celestial navigation step,
the onlookers search, following the prospectors. Then
the onlookers are further separated into two phases,
namely Gaussian walks and ALIM (associative learn‑
ing mechanisms with immediate memory). Then, the
ϐitness of the onlookers is evaluated and global best
is updated until the criteria are reached. Therefore,
in contrast improvement of the input image, the MSO
algorithm is deployed to adjust the pixel concentra‑
tions, and thus the quality of the image is enhanced.

Voxelization is performed to enhance the percep‑
tiveness of the image. Owing to the increased variable
density of LiDAR point clouds, it is a complex task
to predict the information loss and perceptiveness,
and achieve balance a between these and the speed of
point cloud processing. Voxelization is the technique
in which the grouping of points into voxels is per‑
formed based on their corresponding spatial proxim‑
ity. The depth of information in the resulting voxel grid
is determined depending on the voxel size. With the
contrast‑improved image, voxel point clouds are thus
integrated to generate high‑quality images. After the
pre‑processed fused images are obtained, the instance
segmentation using is performed an LGAN approach
to reduce complexity of the tracking and classiϐication.
3.3. Segmentation

In the case of LGAN‑based instance segmentation,
pre‑processed RGB‑D images are combined with the
voxelized LiDARpoint clouds. The angles of the images
are varied from each other, reducing detection accu‑
racy; thus, they are changed to 10∘, 90∘, 180∘ and 270∘
to increase their precision. After altering the angles
of the images, instance segmentation is performed for
fused images using the LGANmethod. This segmenta‑
tion is a method of interpreting visual data associated
with an entity while also considering spatial informa‑
tion.

In the proposed study, LGAN is used to perform
instance segmentation, and it comprises two models
‑ a generator and a discriminator. Here, the generator
captures the distribution of input data and generates
fake samples of data. The study implements three
losses: adversarial loss, L1 loss and Jaccard loss. The
adversarial loss slows down the learning process; L1
loss stores the object boundaries; and Jaccard loss
enhances the correlation between the original and
segmented images. The generator is trained while the
discriminator is stable, and the parts that trains the
generator are as follows:
• Input with noisy vector
• Generator network that transforms the random
input into data instances

• Discriminator network that classiϐies produced data
• Generator loss

On theother hand, thediscriminator is anNN(neu‑
ral network), which is used to predict real data using
the fake data produced by the generator. The discrimi‑
nator consists of four layers: a convolutional, position
attention, channel attention, and an activation layer.
The training data for the discriminator is done using:
• Real data instances utilized by the discriminator as
positive samples during training

• Fake data instances produced by the generator, sig‑
niϐied as negative samples
The attention layers in the encoder and decoder

are used to learn both low‑ and high‑level features. In
this way, the discriminator categorizes real and fake
data produced from the generator by effectively using
the position and channel attention layers. Thus, both
generator and discriminator operate simultaneously
to learn and train complex data.

3.4. Feature Extraction

The segmented image produced from the LGAN
is processed for feature extraction to increase detec‑
tion accuracy. Here, feature extraction is performed
using the VGG‑16 approach. The VGG16 architecture is
composed of 41 layers, of which 13 are convolutional
layers, 16 are weighted layers, and three are fully‑
connected layers. Input at 224 × 224 is provided with
RGB channels. To improve outcomes, the size of input
image is reduced for each pixel. The algorithm shows
the steps involved in extracting features using VGG‑16.

Using VGG‑16, high‑level features are extracted,
allowing for more accurate classiϐication of the
images.

3.5. Object Classification and Tracking

After the feature extraction phase, object clas‑
siϐication is performed by implementing YOLOv4, a
one‑stage object detection network. YOLOv4 uses
anchor boxes to detect classes of objects in the input
image and identiϐies three attributes: (Intersection
over Union), anchor box offsets, and class probability.

The YOLOv4 is composed of three parts backbone,
neck and head ‑ as shown in Figure 1.
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Algorithm I: Feature Extraction using VGG‑16
Input Training images (T), Corresponding
labels (L) pre‑trained VGG 16 and
Output Features are extracted from input
images
Arrange the VGG‑16 to perform extraction of
features from input image by eliminating the
fullyconnected layers, module‑VGG‑16 = VGG‑
16‑FC
For j = 1 to T :
Read image j
The image j is resized to224×224×3Features
extracted: ( j )=moduleVGG 16(j)
Flatten (j)
Transform the features extracted(j) from 3D
feature stack to 1D array Flatten ( j )=Fea‑
tures( j )
End for

Figure 1. Architecture of YOLOv4 [20]

• The backbone is pre‑trained using CSPDarkNet53
(Cross Scale Partial DarkNetwork‑53) and acts as
a feature extraction network, calculating feature
maps from input images. The backbone consists
of ϐive residual block modules, and the feature
map outcomes from residual blocks are combined
together in the neck part.

• The neck part interlinks the backbonewith the head
of the network. It consists of PAN (Path Aggregation
Network) and SPP (Spatial Pyramid Pooling). It con‑
catenates the feature maps from several layers of
backbone and transfers them as an input to the head
network.

• The head operates the accumulated features, and
thus identiϐies the bounding boxes and objectness
scores, along with classiϐication scores.
The loss of YOLOv4 such as object classiϐica‑

tion, localization and offset loss, are evaluated, and
loss function is predicted. Hence, the use of YOLOv4
implies that the learning ability of the network is
increased and thus the classiϐication accuracy has
been optimized. In this way, the tracking of mov‑
ing objects is performed after classiϐication based on
RFID, unique ID, dimension and orientation. The IUKF
(improved unscented Kalman ϐilter) is used to track
the position and velocity of the target and objects.

It is a recursive algorithm used to estimate the
evolving state of process when measurements are

Figure 2. Architecture of Object Detectors

done. Time‑based mapping is employed by consider‑
ing the preceding and present time and location from
RFID to improve tracking reliability.

4. Comparative Analysis of AI‐Based Tech‐
niques Involved in Object Detection
Visual object recognition is applicable to

autonomous vehicles, which are able to sense
and navigate the surrounding environment without
human involvement. Prediction of obstacles for safe
riding is a signiϐicant challenge in automatic driving
systems. The only way to avoid road accidents is to
consciously recognize obstacles and trafϐic lights.

Thus, DL (deep learning)‑based object recognition
techniques are used to detect objectswith better accu‑
racy. They are classiϐied into twomajor classes: single‑
stage architecture and two‑stage architecture. Two‑
stage object detectors usually achieve better detec‑
tion performance, while the single‑stage detectors are
more efϐicient and are suitable for detecting objects
with limited resources. Figure 2 shows the architec‑
ture of single‑stage and two‑stage object detectors.

4.1. Object Detection Using Single‐Stage Architecture
(Three Algorithms)

The single‑stage object detectors require only a
single pass through the neural network (NN) and
predict entire bounding boxes in one attempt. This
makes their approach to work faster and increases
their speed of detection. LiDAR‑based 3Dobject detec‑
tion plays a crucial role in autonomous driving; how‑
ever, its performance degrades under highly sparse
point cloud conditions. In [21], a 3D object detec‑
tor was implemented based on voxels, using PV‑
SSD (projection double branch feature extraction)
to reduce information loss. Voxel features were fed
as input containing local semantic features. In fea‑
ture extraction phase, these semantic features were
combined with projected features to decrease the
local information loss from point cloud projection. A
feature point‑sampling algorithm with weight sam‑
pling was deployed to ϐind the feature points that
were most beneϐicial for the detection process. The
MSSFA (multi‑layer spatial semantic feature aggrega‑
tion) method was applied to provide better detection
accuracy.
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The outcomes generated by the study were evalu‑
ated in KITTI dataset and were found to produce bet‑
ter results. When compared with the proposed HDL‑
MODTapproach, thismethod is advantageous in terms
of detection accuracy and tracking reliability. The
study did not, however, involve the tracking of moving
target objects, which would show the improvements
in our proposed model.

Another method of object detection using YOLOv4
was applied using the backbone network CSPDark‑
net53_dcn (P) [22]. Feature fusion was performed
using PAN++, along with ϐive scale detection layers to
enhance detection accuracy for small objects. The last
layer of CSPDarknet53 was replaced with deformable
convolution, and a pruning approach was introduced
in the study to resolve issues created during the real‑
time performance of the system. A sparse scaling fac‑
tor is implied in order to overcome these issues, as
the parameter signiϐicance evaluation technique can‑
not differentiate the importance of the convolution
kernel in a large‑redundancy convolutional layer. The
BN (batch normalization) layer avoids the ”internal
covariate shift” issue, in which the activation input
value is always maintained with a speciϐic distance
from the derivative saturation area and in sensitive
areas. This resolves the vanishing gradient problem
occurring in the backpropagation.

4.2. Object Detection Using Two‐Stage Architecture
(Three Algorithms)

Distant object prediction in autonomous driving
can be addressed by using Faster RCNN algorithm
[23]. With the development of DCNN, vision‑based
vehicle detection has achieved signiϐicant enhance‑
ments compared to traditional methods. However,
heavy occlusion and large‑scale vehicle variation has
led to limitations in DCNN’s performance. The emer‑
gence of Faster RCNN thus has allowed for faster
vehicle detection with an improved framework. Ini‑
tially, the MobileNet structure was developed to con‑
struct the ϐirst level of the convolutional network in
Faster RCNN. The NMS (non‑maximum suppression)
approach is then applied subsequently to the region
proposal network, and the Faster RCNN is substituted
using Soft‑NMS in order to resolve fake proposals.
Then, the context‑aware Rol pooling layer is consid‑
ered to regulate the proposals into its speciϐic size
without eliminating the essential contextual data. To
construct the ϐinal phase of Faster RCNN, the assembly
of depth‑wise separable convolution in the MobileNet
design is employed to develop the classiϐier. Then, pro‑
posals are classiϐied and the bounding box is adjusted
for each of the detected vehicles. The experimental
outcomes produced in the LSVH dataset and KITTI
dataset prove that this method attained better perfor‑
mance in terms of both inference time and detection
accuracy.

Both ADS (advanced driver assistance) and the
ADAS (advanced driver assistance system) require
effective detection of trafϐic signs. Though the FPN

(feature pyramid network) has obtained better out‑
comes, [24] employed plug‑and‑play neck network
IFA‑FPN (integrated FPN with feature aggregation).

At ϐirst, the light operation is applied to efϐiciently
use the system and enhance the inference speed of
the system.Then IO (integratedoperation) is deployed
to resolve the imbalance issues with the RoI in pyra‑
mid stages. FA is then introduced to improve the fea‑
ture representation capability of the feature maps,
and this optimizes the robustness of the network.
To signify data with large variances in size, the FA
structure is applied, aggregating the multi‑scale fea‑
tures to produce features with high representational
ability. The experimental results of the study have
projected that the system will produce better out‑
comeswhen applied in the TT100k (Tsinghua‑Tencent
100k), STSD (SwedishTrafϐic SignDataset) andGTSDB
(German Trafϐic Sign Detection Benchmark) datasets,
but would lack improvement in detection accuracy
and efϐiciency.

The comparison of one‑stage and two‑stage detec‑
tors denotes that the two‑stage detectors use the
proposal generator to generate a sparse set of pro‑
posals, then extract the features from each proposal.
This is followed by region classiϐiers predicting the
category of the proposal region. One‑stage detectors
directly perform categorical prediction of objects on
each location of feature maps without the use of a
cascaded region classiϐication phase. This shows that
the one‑stage object detectors are effective for visu‑
alizing objects with optimized detection accuracy and
reduced computational time.

5. Results and Discussion

To determine the performance of the proposed
approach, the outcomes produced by the proposed
study are compared with those from existing
approaches. Table 1 represents the assessment of
proposed method alongside conventional algorithms.

The conventional study employed a YOLO NMS
fuzzy algorithm to simulate the driver’s reaction to
obstacles with improved speed and accuracy. Object
detection and tracking was accomplished using a
hybrid of the fuzzy and NMS algorithms. The perfor‑
mance of the system is examined using KITTI dataset.
According to the comparison of the algorithms shown
in Table 1, however, a better outcome is gained
through the proposed YOLOv4 model, with an AP of
98% and an MAP of 95%. This indicates increased
speed and detection accuracy of objects with opti‑
mized time efϐiciency.

The existingmethod used aDL algorithm for active
sensor fusion of the visible camera with correspond‑
ing sensors for autonomous driving. A skip connection
allowed a feature‑level sensor fusion approach to be
applied, along with a thermal camera and millimeter‑
wave radar. Two networks called TV‑Net and RV‑Net
were employed for performing sensor object detec‑
tion, feature level fusion and speciϐic feature extrac‑
tion.
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Table 2. Comparison of Proposed Model with Existing Models [25]

Architectures Input Output Metrics Outcome
YOLOv3WCCS RGB frame Speed Detect MAE MAP 78% 85%
YOLOV3 V3‑Tiny Speed RGB frame Position Speed Successful Episodes 84%
YOLOv3 FZ‑NMS Speed RGB frame Detect Speed MAP AP 89% 93%

IMU
Proposed RGB Speed AP 98%

frame Detect MAP 95%
LIDAR

Table 3. Comparison of Average Precision of Proposed
Approach with Conventional Algorithms [26]

Models AP (Average
Precision)

Computational
Time (ms)

Tiny YOLOv3 0.40 10
Late Fusion 0.40 14
RVNet 0.56 17
Proposed 0.74 14.85

Table 2 shows the average precision levels pro‑
duced by the existing algorithms tiny YOLOv3, late
fusion and RVNet, which are 0.40, 0.40 and 0.56 , with
computational times of 10,14 and 17ms , respectively.
The proposed method, on the other hand, achieved an
average precision of 0.74with a computational time of
14.85 ms . This substantiates the better performance
of proposed approach when compared with conven‑
tional methods.

6. Conclusion and Reflections on Future Work

Object detection approaches with improved speed
and accuracy are essential for real‑time control of
automatic vehicles. Various approaches have inves‑
tigated object detection using different techniques,
but they were unable to rectify the issue of bal‑
ancing speed with accuracy of detection. To address
these problems, the present study implemented HDL‑
MODT to effectively detect and classify objects such
as ground, vehicles, pedestrians, and obstacles. Noise
removal and contrast enhancement was performed
by A‑Fuzzy and MSO techniques, which reduced the
complexity of the system. The segmentation process
involved in instance segmentation of the features was
thenused to increase thedetection accuracyof the sys‑
tem. VGG‑16 was used for feature extraction, and the
extracted feature vectors were used for object detec‑
tion with the YOLOv4 algorithm. Detected objects
were tracked using IUKF, and the mapping of vehicles
was exhibited, taking into account the RFID, velocity
and location of objects. This work was applied in the
MATLAB R2020 simulation tool to obtain the results,
which showed improved outcomes. To evaluate per‑
formance, we also made a comparative analysis of
existing studies with proposed method. The results
projected that the proposed method outperformed
other existing algorithms in both accuracy and speed.
In the future, this proposed work could be extended
by using an improved version of YOLO with detection

of different objects to promote safer autonomous driv‑
ing.
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