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Abstract
autonomous vehicles (AV) or self-driving cars got more and more into the focus of the automotive
industry. Object detection and tracking is essential in AV. To overcome the challenges of various
methods used for the object detection and tracking in autonomous vehicles, a method called a three-
fold-deep-learning and optimized deep semantic segmentation network (O-DSNN) is proposed. In this
method, pre-processing is done using the Image resizing, Image normalization, Colour space
conversion, Noise reduction and Contrast adjustment techniques followed by the segmentation using
the optimized Deep Semantic Segmentation Network (O-DSSN). Using the segmented data, the next
step called feature extraction is done. Color-based features, Texture-based features, Shape-based
features and Histogram-based features are utilized by which the features are extracted. Finally,
classification is done using the three-fold-deep-learning model and Hybrid optimization algorithm
called Gazelle Customized Spider Monkey Optimization (GC-SMO) is utilized to optimize model
parameters. The suggested approach has an accuracy of %, specificity of %, sensitivity of %, Precision
of %, F measure of %. Thus, from the results, it is seen that our suggested approach performs better
in comparison to the other existing methods.
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Introduction
Autonomous vehicles (AV), also known as self-driving cars, have gained more and more attention in
recent years from both the automotive sector and emerging mobility companies. Commercial cars
currently come equipped with a variety of automation features, including adaptive cruise control,
assisted or automated parking, and even highway pilots. They need a very accurate system of
environmental awareness that can handle any imaginable circumstance in order to achieve the
maximum level of automation. Furthermore, real-world scenarios necessitate real-time performance.
Modern automobiles come with a variety of sensors, including radar, cameras, ultrasonics, and Lidar
(light detection and ranging). Relevant security and reliability can be attained via redundancy and
sensor fusion [1]. There are 4 basic divisions that can be made for the autonomous vehicle system.
Several various sensors put on the vehicle are used to sense the environment. These are pieces of
hardware that collect environmental data. The perception block, whose components turn sensor data
into information with meaning, processes the information from the sensors. The output from the
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perception block is used by the planning subsystem for both short- and long-range path planning as
well as behaviour planning. Control module transmits control commands to the vehicle and makes
sure it follows the path specified by the planning subsystem [2]. Based on their stationarity across the
training and test sets, obstacles can be divided into two types. 1. Stationary Objects (SO): Scene
elements like roadways and residences that are completely stationary. 2. Non-Stationary Static
Objects (NSSO): Static objects that changed position or vanished in the course of the mapping and re-
localization processes [3]. Interconnected optical and sensory reactions to the environment are a part
of autonomous vehicle awareness systems, which necessitate complicated real-time decision-making
for human safety [4]. Based on the sensory inputs they use, traditional autonomous vehicle
techniques can be divided into three categories: dense point clouds from range sensors, vision
sensors, and a fusion of range and vision sensors [5].

One of the most significant and difficult areas of computer vision is object recognition and tracking,
which has found extensive use in a variety of industries including health monitoring, autonomous
vehicles, anomaly detection, and more. The efficiency of object detectors and trackers has
significantly increased thanks to the rapid advancement of deep learning (DL) networks and GPU
computing capability. DL networks or image processing methods can both be used for object
detection. Object tracking comes after object detection. The purpose of object tracking is to identify
and connect an observed object's trajectory [6]. There are two different categories inside the object
detection framework. Both conventional and DL -based detectors are used. The sub-parts of DL
detectors include two-stage detectors and one-stage detectors, for example. Various techniques are
available to detect these autonomous cars [7,8]. For DL to be used in practical settings, such as
autonomous driving, it must be able to detect objects regardless of image distortions or
environmental factors. Stylizing the training images is a straightforward data augmentation technique
that significantly improves sensitivity for corruption types, severity, and data [9]. Autonomous driving
requires 3D multi-object tracking. Its objective is to calculate throughout time the positions,
orientations, and sizes of all the objects in the environment. It promises to pinpoint the motions of
many moving item categories, including vehicles, bicycles, and pedestrians. Planning to enable
autonomous driving is aided by this [10]. The fundamental building block of the perception stack is 3D
object detection, particularly for the purposes of path planning, motion prediction, and collision
avoidance. [11]

The potential for autonomous driving to drastically alter urban environments and save many lives is
enormous. The identification and monitoring of agents in the environment around the vehicle are
essential components of safe navigation. A modern self-driving vehicle uses a variety of sensors and
advanced detection and tracking algorithms to accomplish this. These methods rely more and more
on machine learning (ML), necessitating benchmark datasets [12]. The data gathered by touch
sensors can be interpreted using artificial intelligence (AI) methods. For these aims, many ML
techniques are employed [13]. The perception systems in autonomous vehicles must be precise,
reliable, and real-time. In computer vision, DL has been quite successful. Given a lot of data, a deep
neural network is an effective tool for learning hierarchical feature representations [14]. The majority
of computer models for generic and domain-specific object detection are based on DL. In most object
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detectors, these computational models serve as the backbone architecture, and they are employed to
carry out a number of operations such feature extraction from an input image, segmentation,
classification, and object localisation, among others. Autonomous vehicles perform better, are more
efficient, and experience fewer accidents when appropriate technologies for object recognition and
tracking are used [15]. The contribution of the work is as follows,

Using the dataset, pre-processing, segmentation, feature extraction and classification is done.

Hybrid optimization algorithm called Gazelle Customized Spider Monkey Optimization (GC-SMO) is
utilized to optimize model parameters by which the performance will be improved.

The recommended method and existing methods are compared and the results are obtained based on
the evaluation metrics.

Finally, the suggested method enhances the model by resulting higher accuracy.

The main section of the paper is as follows. The Section 2 explains about the Related Work, Section 3
explains the proposed part and Section 4 shows the Results and Discussions and finally Section 5
gives the Conclusion of the paper.

Related Work
Yaran Chen et.al [16] developed a unique Cartesian product-based multi-task combination strategy to
simultaneously model object identification and distance prediction using multi-task learning (MTL). In
addition, we mathematically demonstrate that, when the multi-task itself is not independent, the
suggested Cartesian product-based combination method is superior to the linear multi-task
combination technique typically utilised in MTL models. Systematic tests reveal that the suggested
method consistently outperforms both the single-task and multi-task dangerous object detection
approaches in terms of object detection and distance prediction.

Ze Liu et.al [17] discussion of to overcome the inherent limitations of a single sensor in bad weather,
radar and camera information fusion sensing techniques are applied. Radar serves as the primary
hardware in our fusion strategy, with cameras serving as the secondary hardware. In addition, the
target sequence's observed values are matched using the Mahalanobis distance. Fusion of data using
the joint probability function approach. Additionally, real sensor data from a vehicle was used to verify
the algorithm's ability to perceive the environment in real-time. The test findings demonstrate that
radar and video fusion algorithms outperform single sensor environmental perception in bad weather,
dramatically lowering the rate of missed detection for autonomous vehicles. The environment
perception system's resilience is increased by the fusion algorithm, which also gives autonomous
cars' decision-making and control systems accurate environment perception data.

S.Murugan et.al [18] addresses the use of augmented reality head-up displays (AR-HUDs) powered by
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ML in autonomous vehicles. The suggested model has completed the processes of object detection
and classification of the obtained HUD data. Based on the AR environment, determining the current
state of the vehicle has been validated. Test and validation procedures are an essential part of the
development cycle. In this paper, lab and real-world testing and verification for ARHUD and
autonomous vehicles are done using ML and deep neural networks. The simulation's findings are
based on the information acquired by the application of human and machine interface (HMI) to
identify items and categorise things in motion. The simulation results obtained are accuracy of 98%,
precision 94%, recall 92.3% and F-1 score 86%.

Desheng Xie et.al [19] proposed a system for autonomous vehicle obstacle identification and tracking
based on three-dimensional light detection and ranging (LiDAR). The obstacle is clustered using the
eight-neighbor cells clustering approach that has been proposed. By fusing the real-time kinematic
data from the autonomous vehicle's inertial navigation system and global positioning system, static
obstacle detection of multi-frame fusion is developed based on the clustering results. We also use the
results of the static obstacle detection to look for moving obstacles that are present in the travelable
region. The moving obstacle is then tracked steadily using an upgraded dynamic tracking point model
and a Kalman filter, and its steady movement state is obtained at that point. Numerous tests on the
autonomous car that we developed show that the approach has higher reliability.

Nayereh Zaghari et.al [20] explores how deep neural network techniques (LSV-DNN) are used to train
self-driving cars based on actual driving behaviour. The goal of this study is to create a convolutional
network for an autonomous vehicle's motion planning utilising behavioural cloning and a DL
framework. Neural networks are powerful tools for categorising data, predicting new data, and
modelling relationships between data. Neural networks can estimate steer angle and speed for
autonomous driving as a result of using real data as input. In comparison to previous methods, this
method has low FPR and FNR and great accuracy and speed.

S.Bhaggiaraj et.al [21] s claims that the field of autonomous vehicles has been revolutionised by AI
integration of sophisticated models and algorithms. The current innovations face challenges due to
modelling architecture's overly sophisticated, expensive, and difficult-to-understand state-of-the-art
findings. The Automatic Land Vehicle in Neural Network (ALVINN), which is now used by self-driving
vehicles using a naive approach, has a complex model architecture that makes it challenging to
interpret. The performance and functionality of autonomous vehicles will therefore be enhanced and
improved by a self-driving vehicle based on DL. to understand the input of probable safety problems.
A good autonomous driving system should deliver precise results, be simple to use, and be affordable.

Aryan Mehra et.al [22] Image dehazing is essential to any vehicular motion and navigation work on
the road or in the air. It was proposed as a concept to provide safe and smooth operations in frequent
bad weather scenarios. This model makes use of ReViewNet, a dehazing technology that is quick,
light, and reliable and is appropriate for autonomous cars. The network effectively removes haze from
images taken by autonomous vehicle cameras using techniques including spatial feature pooling,
quadruple color-cue, multi-look architecture, and multi-weighted loss. The proposed method is shown
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to be effective in different hazy weather circumstances for autonomous vehicle applications by
qualitative investigation of the efficiency of the proposed model with particular use cases and visual
responses on distinctive vehicular vision instances.

Anum Aleem et.al [23] a proposal for Target Classification of Marine Debris Using DL was proposed.
They gave an explanation of the DL-based architecture used to identify and categorise maritime
garbage. The Histogram Equalisation method and Median Filter are used to increase contrast and
eliminate noise in photographs. Intense Forward-Looking Sonar Image (FLS) Marine Debris Dataset
experiments are run. There are ten different categories of debris in this dataset. The suggested
technique categorises the debris into ten kinds in addition to detecting it. Faster-RCNN with transfer
learning of ResNet-50 architecture is utilised to address the problem of data scarcity. One of the
widely used object detection designs, Faster-RCNN, simultaneously employs a detector and a
Regional Proposal Network (RPN). This results in better performance.

Problem Statement
Object detection and tracking (ODT) in autonomous vehicles uses various DL methods. The methods
in use may be complicated and the performance was around 95%. Autonomous vehicles perform
better, are more efficient, and experience fewer accidents when appropriate technologies for object
recognition and tracking are used. To improve the performance of the ODT in AV, a method called
three-fold-deep-learning and optimized deep semantic segmentation network (O-DSNN) is suggested
which uses a optimization called Gazelle Customized Spider Monkey Optimization by which the results
are classified with higher accuracy.

Proposed System
A method called a three-fold-deep-learning and optimized deep semantic segmentation network (O-
DSNN) is proposed. In this method, pre-processing is done using the Image resizing, Image
normalization, Colour space conversion, Noise reduction and Contrast adjustment techniques followed
by the segmentation using the optimized Deep Semantic Segmentation Network (O-DSSN). Using this
segmented data, feature extraction is done using Colour-based features, Texture-based features,
Shape-based features and Histogram-based features by which the features are extracted. Finally,
classification is done using the three-fold-deep-learning model and Hybrid optimization algorithm
called Gazelle Customized Spider Monkey Optimization (GC-SMO) is utilized to optimize model
parameters. Fig 1shows the Block illustration of proposed methodology.
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Fig 1: Block illustration of proposed methodology

3.1. Pre-processing

The initial step is the Pre-processing. The data pre-processing is a significant step for transforming the
raw dataset into a most suitable format. The pre-processing involved in conversion, image resize,
noise removing enhances the quality of the images. The main benefit of an efficient preprocessing
step is improved segmentation results, which lead to superior classification accuracy. The dataset
may contain some redundant information and noise signal. Consider a dataset as , where xdata,
ycorresponding class, f features, N number of instances.

3.1.1. Image resizing

It is possible to assure consistent input dimensions for the model and lower the amount of computing
by resizing the photographs to a standard size. To ascertain how different sizes affect the recognition
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process, the photographs included in the investigation are resized in various scales. The optimum
image size must be carefully considered because different image sizes transmit different information.
Resizing an image has the effect of reducing its data size, which reduces processing time. Different
image sizes are produced by the resize scale, which randomly changes between 0.1 and 0.9 values.
An image can be resized to change its aspect ratio, make it smaller, or make it larger. Bicubic
interpolation and bilinear interpolation are two common image scaling methods. The image resizing of
data is given in (1),

            (1)

3.1.2. Image normalization

Data normalisation is one of the pre-processing techniques in which the data is scaled or altered to
ensure that each feature contributes equally. The image's pixel values can be brought closer to a
particular range, such as [0, 1] or [-1, 1], by normalising them. The Min-Max Normalisation (MMN)
approach is used to achieve this; it linearly scales the unnormalized data to a predetermined lower
and upper bound. This enhances model stability and convergence during training. It is given in (2),

      (2)

Where and represents minimum and maximum values of the feature, and lower and upper bounds to
rescale the data.

3.1.3. Colour space conversion

Images can be represented differently by converting them to different colour spaces, such as RGB
(Red, Green, Blue), HSV (Hue, Saturation, Value), or grayscale. These representations may be more
suited for particular activities or highlight certain elements.

3.1.3.1. Converting RGB to HSV

RGB are co-related to the colour luminance (intensity). We cannot separate color information from
luminance. HSV used to separate image luminance from color information.

            (3)

        (4)

        (5)

3.1.3.2. Converting RGB to grayscale

RGB image to grayscale is usually based on luminance. It converts RGB images to grayscale by
eliminating the H and S information while retaining the luminance.  It is represented as,
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    (6)

The coefficients 0.299, 0.587, and 0.114 are commonly used to approximate the luminance.

3.1.4. Noise reduction

Clarity of significant features will be enhanced by using the denoising technique known as Gaussian
blur to minimise noise in the photos. It is a low pass filter. Every pixel in an image has  calculated for
it. When there is Gaussian noise in the image, the filter is extremely helpful. It's stated as,

            (7)

Standard deviation,         (8)

Mean               (9)

Where denotes distances to the X and Y axis, denotes standard deviation

3.1.5. Contrast adjustment

The visibility of details and overall image quality can both be improved by increasing the contrast of
images using adaptive histogram equalisation (AHE). The image enhancement technique is among
the most significant methods used in picture processing. It is essential to improve the image's visual
appeal. The CLAHE is an expansion of the AHE. The CLAHE method was initially created as a way to
transform poor contrast medical photographs into images of higher quality. The limitation of the
contrast value is where CLAHE and AHE diverge. By cropping the histogram based on user-specified
values known as clip limits, CLAHE restricts amplification. The clipping level determines how much
noise in the histogram needs to be smoothed, therefore some contrast should be raised. In this
instance, the histogram boundary will automatically adjust to the boundary level, and modifications
will be made to raise the excess histogram limit in the image background area. A bell-shaped
histogram is typically created using the distributed Rayleigh histogram border,

      (10)

is the minimum pixel value, is the nonnegative real scalar, is the cumulative probability distribution.

3.2. Segmentation

The pre-processed data is used for segmentation. Utilising a new segmentation technique called the
optimised Deep Semantic Segmentation Network (O-DSSN), it is utilised to recognise foreground
items. To accomplish precise and effective object segmentation, O-DSSN combines the strength of DL
architectures with semantic segmentation. Because semantic segmentation assigns each pixel in an
image to a certain class, it is also known as pixel-level categorization. In order to grasp the content of
an image, it is crucial to segment an image or classify pixels according to their local properties



Copyright © 2026 Academic Master. | 9

and texture features.

The process of assigning a class label to each pixel in a picture is known as semantic segmentation.
Semantic segmentation has been utilised for many years in many different applications, including
road segmentation for autonomous driving and medical image analysis. SegNet is used in this study
to separate the objects from the photos. For problems involving semantic segmentation, SegNet is
suggested in. In this design, feature maps for segmentation are produced using pairs of encoders and
decoders. The output image must be the exact same size as the original image. The input and output
of auto-encoders are identical, making them a specific case of encoder-decoder types. Fig 2 shows
the SegNet Architecture

Fig 2: SegNet Architecture

3.2.1. Input layer

It is the initial layer which contains the input for the model by which the process is done.

3.2.2. Encoder network 

It performs convolution with a filter bank to produce a set of feature maps. These are then batch
normalized. Then an element-wise rectified linear non-linearity ReLU is applied. Following that, max-
pooling with a 2 × 2 window and stride 2 (non-overlapping window) is performed and it is used to
reduce the feature map size.

The convolution is given as,
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      (11)

Where , are the weights and bias, means input

The batch normalization (BN) is used to speed up the training. BN simply changes the mean and
standard deviation of all the pixels in the feature maps in a convolution layer.

          (12)

Where indicates Mean, indicates Standard deviation, are arbitrary constants

Activation function (ReLU) is used to decrease the non-linearity. It is given as,

            (13)

Max Pooling is given as,

            (14)

Finally, encoding is given as,

              (15)

3.2.3. Decoder network

It uses the max-pooling indices from the appropriate encoder feature map(s) that it has memorised to
up-sample the input feature map. Sparse feature maps are created in this step. Contrary to other
network decoders, this one creates feature maps with the same number of channels and sizes as the
encoder inputs. A trainable soft-max classifier receives the high dimensional feature representation at
the output of the final decoder. Each pixel is classified separately by this soft-max. A K channel image
of probabilities, where K is the number of classes, is the soft-max classifier's output. The class with
the highest probability at each pixel corresponds to the segmentation that is expected. The decoding
function is given as,

          (16)

When normalising a neural network's output to a probability distribution over a projected output class,
the SoftMax function is frequently employed as the final activation function. The probability will all
add up to 1, and the range will be 0 to 1. It is given as,

          (17)

3.2.4. Output layer

It is the final layer which contains the final result of the model. By using these results, the feature
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extraction will be done.

3.3. Feature Extraction

The feature extraction process is the next phase. It is done to obtain features that will be helpful in
classification. From the segmented objects, various advanced feature extraction techniques are
applied. In the proposed feature extraction step, handcrafted features are utilized to capture
discriminative information from the segmented objects.

3.3.1. Colour-based features

The distribution or associations of the colour information in the segmented objects are captured by
colour histograms. Due to its intuitive nature relative to other qualities and more significant
information, ease of extraction from the image, and the way the histogram distributes collars using a
series of boxes, colour is the most prevalent and commonly utilised feature. Even though the phrase
"colour histogram" is more frequently associated with three-dimensional colour systems like RGB or
HSV, it may be constructed for any type of colour space. The term intensity histogram may be used
instead for monochromatic images. The histogram will be used as a model for the probability
distribution of the intensity levels in the statistically based histogram features that we will take into
consideration. These statistical features provide us with information about the characteristics of the
intensity level distribution for the image. We define the first-order histogram probability, as:

            (18)

Where represents total pixels in the image, represents total pixels at grey level g

3.3.2. Texture-based features

While texture features employ groups of pixels, colour features only use individual pixels. Each pixel
in the feature maps has a Local Binary Pattern (LBP) calculated for it. It compares the information and
then encodes the conclusions in binary form. A group of binary features that record specific local
texture patterns are generated. It takes the segmented objects' surface features, such as patterns,
edges, or edges, and extracts texture information from them. The LBP is a useful nonparametric
operator for specifying localised picture properties. A central pixel'sgrey value is compared to the
pixels of its eight neighbours to produce an ordered binary set that is defined as LBP. As a result, the
LBP code is represented as an octet value in decimal form as,

    (19)

Where is the grey value of the centre pixel , is the gray value of the pixels of its eight neighbors. LBP
code has been proved to be invariant to any gray level transformation, and the local neighbourhood
binary code remains unchanged after transformation

        (20)
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3.3.3. Shape-based features

The form features of the items are captured by Zernike moments. The features produced by applying
a complicated set of Zernike polynomials to the input image are known as ZMs. Because it is
rotationally invariant, the magnitude of these moments is used for recognition. By first calculating the
radial polynomials and then projecting the input image onto the ZMs basis function, the ZMs features
are calculated. The Zernike radial polynomials are given as,

    (21)

is a non-negative integer is a nonzero integer;

The order of Zernike bias function is given as,

          (22)

Where ,

The ZMs of order n and repetition m of a function f(x, y) are defined by,

      (23)

Where is a complex conjugate of

3.3.4. Histogram based features

The appearance of the segmented item can be briefly represented using histograms of oriented
gradients (HOG). By examining regional picture gradients within small regions, it accomplishes the
gradient-based features. For shape and edge analysis, it generates features that capture information
on gradient orientation and amplitude. This method counts instances of gradient orientation in a small
section of a photograph. It is better than other edge descriptors since it computes the features using
the gradient's magnitude and angle. The gradient of the image is calculated. The gradient is produced
by adding the image's magnitude and angle. The gradient must be determined using a grayscale
image. Each pixel's and are calculated, using,

        (24)

        (25)

Where f are rows, g are columns, is an image

Once and is calculated, and of a pixel is using the equations shown below to determine the value.

Magnitude           (26)
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Orientation,           (27)

A pixel whose direction is near to orientation may be allocated another orientation because there are
few directions. To get over this issue, every single cell is given two close-crypts, and depending on
how the pixel gradient is oriented from two near-directional directions, a little portion of the gradient's
size μ decreases linearly. The histogram channels are evenly spread over 0-1800 or 0-3600 depending
on whether the gradient is unsigned or signed. As a result, there are four blocks covering each cell.
One characteristic value b is obtained in each block when the four-cell histograms are combined.

            (28)

is a minor positive constant to prevent division by zero in gradient-free units

To determine the HOG feature, all of the normalised blocks' features have been incorporated into a
single vector.

        (29)

Based on the above methods, the proper features are extracted,

Classification
This is the final step in the process which is very important because it classifies the result. The image
classification accepts the given input images and produces final output. A new three-fold-deep-
learning model that combines EfficientNet (E-N), Transfer Neural Network (TNN) and optimized ResNet
(R-N) are employed to accurately classify objects into predefined classes. The proposed methodology
incorporates advanced techniques for optimization and model training. Hybrid optimization algorithm
called Gazelle Customized Spider Monkey Optimization (GC-SMO) is utilized to optimize model
parameters and hyperparameters. Three-fold deep learning models are a popular choice for training
and evaluating DL models because they are relatively simple to implement results in reduced training
time and improved performance. To perform this three-fold-deep-learning model, initially split the
dataset into three folds. Train an E-N on two folds of dataset then Train TNN on E-N model and finally
Train R-N on TNN model. Determine the performance of each model on the last fold of the dataset and
calculate the average performance of each model on the three test sets.

3.4.1. EfficientNet

The foundation of E-N Models is a straightforward and powerful compound scaling approach.
Compound scaling uniformly scales each dimension with a predetermined fixed set of scaling
coefficients as opposed to arbitrarily increasing width (w), depth (d), or resolution (r). The concept
behind the compound scaling approach is to scale with a constant ratio in order to balance the
dimensions of width, depth, and resolution. It is essential to balance network breadth, depth, and
resolution during ConvNet scaling to achieve greater accuracy and efficiency.
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Due to this, E-N models are able to perform better than earlier CNNs while using less FLOPs (floating
point operations per second) and parameters. For instance, we can employ a model with a high value
of if we need a network that is both accurate and effective. We can employ a model with a low value
of if we require a compact and effective network. Efficiency and accuracy are improved with E-N
models. It is explained how a compound coefficient is used in a compound scaling approach to evenly
scale network breadth, depth, and resolution.

                (30)

Where ;

,, are constants that can be determined by a small grid search, is a user-specified coefficient that
controls how many more resources are available for model scaling.

3.4.2. Transfer Neural network:

Transfer neural network (TNN) is a neural network that can be used as a starting point for training a
new neural network on a different task after being trained on a sizable batch of data for a particular
task. To achieve this, the pre-trained network's early layer weights are frozen, and only the latter
layer's weights are retrained for the current task. The overall loss function must be minimized in order
to successfully train the TNN. The network will be encouraged to learn features that are advantageous
for both the new task and the basic task as a result. The following formula can be used to calculate
the loss function (L) for training a TNN:

          (31)

Where indicates Loss on new task, indicates Loss on base task, indicates controls the weight given to
the

3.4.3. ResNet

It is well known that ResNets can train extremely deep networks without running into the vanishing
gradient issue. When training very deep neural networks, a phenomenon known as the vanishing
gradient problem may arise in which the gradients of the loss function with respect to the network
weights become very small. The network may find it challenging to learn as a result.

It employs the residual learning method to solve the vanishing gradient problem. The network can
learn residual mappings—differences between a layer's input and output—through residual learning.
As a result, even very deep networks find it simpler to learn the appropriate mapping. A stack of
residual blocks is the standard building block for ResNets. A path is traced by two convolutional layers
in each residual block. As a result, the network can learn identity mappings, which are input-neutral
mappings. This improves the network's ability to learn residual mappings.

The identity path and skip path are the two basic paths that make up a residual block. The residual
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mapping, which is the difference between the desired output and the input to the block, is learned via
the identity path. Bypassing the identity path, the shortcut path offers a direct connection for the
input to flow through the block. The leftover block's output is provided as,

              (32)

Where is Input, is residual mapping learned by the block

3.4.4. Gazelle Customized Spider Monkey Optimization (GC-SMO)

A population-based optimizer, the GOA. The GOA models a gazelle's capacity to live in a setting where
a predator rules. One of the most popular prey species for predators is the gazelle. The mechanism of
the GOA's functioning is characterised in two phases—exploration and exploitation—much like any
other population-based algorithm. A random number is used to determine which step will be executed
next. The exploitation phase is carried out if it is less than 0.5; else, the exploration phase is
performed. The exploitation phase imitates the behaviour of gazelles while they quietly graze or when
a predator is stalking them. The neighbourhood areas of the domain are effectively covered at this
phase by the Brownian motion, which is characterised by uniform and controlled steps. In the
exploitation stage,

    (33)

Where ,are gazelles’ current and next position, represents matrix in which the top gazelle vector is
replicated N time, is gazelles’ grazing speed, are random numbers for Brownian motion and random
numbers in [0,1].

The exploration phase simulates the behavior of gazelles when they suddenly spot the predators and
the behavior of the predators when they chase the gazelles. The population is divided into two equal
groups. The first group represents gazelles, and the second group represents predators. The behavior
of gazelles can be derived as follows:

    (34)

Where is the maximum speed that gazelles can reach,is a vector of random numbers calculated using
the Lévy distribution. regulates the predators’ movement, it varies at each iteration and is calculated

            (35)

Where t is iteration, T is max iteration

The behavior of the predators can be formulated by,

      (36)

In order to avoid trapping at local optima, the algorithm uses the effect of the predator success rates
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(PSR) to improve the quality of the solutions obtained as follows:

      (37)

Where are random indices of two individuals in the population.

The research on Mongolian gazelles also claimed that even though the animals are not endangered,
they have annual survivorship of 0.66, which translates to just 0.34 instances where predators are
effective.

            (38)

SMO is a meta-heuristic method that draws inspiration from spider monkeys' clever foraging
behaviours. The fission-fusion social structure serves as the foundation for spider monkeys' foraging
activities. The social organisation of a group where a female leader decides whether to separate or
combine is what this algorithm's features are based on. A Spider Monkey (SM) represents a probable
resolution in the SMO algorithm. There are six phases. These better balances exploitation and
exploration while seeking the ideal spot while a predator is stalking them. At this stage, the Brownian
motion, which is typified by uniform and controlled steps, effectively covers the domain's surrounding
territories. The exploitation phase can be represented by the model below. The Local Leader (LL)
phase is utilised to investigate the search region because during this phase, every group member
updates their positions with significant dimensional disturbance. Better candidates have more
opportunities to update their positions even though the GL phase encourages exploitation as it does
in this phase. It is a preferable option among search-based optimisation techniques because of this
characteristic. It also has a built-in mechanism to prevent stagnation. To determine whether the
search process has stagnated, the local leader learning phase and global leader learning phase are
used. Local leader and GL decision phases function in situations of stagnation (at the local or global
level). While a judgement about fission or fusion is made in the GL decision phase, the local leader
decision phase initiates additional exploration. As a result, it maintains the convergence pace while
better balancing exploration and exploitation. Based on the fitness assessment in each phase, the
optimum option is identified. Utilizing the above equation from SMO,

    (39)

indicates dimension of Spider monkey, indicates position of Global leader in the jth
dimension,indicates jth dimension of a randomly selected SM from the kth group such that , is a
uniformly distributed random number in the range (0, 1). is a uniformly distributed random number in
the range (-1, 1).

          (40)

        (41)

Where is a new position, is a current position represents Maximum Speed, is a best solution, is a



Copyright © 2026 Academic Master. | 17

random position in search space, are control coefficients when movement follows best solution,
explores search space.

Finally, Kalman filter is used. It is used in situations where you have a system with uncertain or noisy
measurements and you want to obtain the best estimate of the system's true state over time. It is
widely used in applications such as navigation, tracking, control systems, and sensor fusion.

It has two states prediction and update state. The state prediction of standard Kalman filter is given
as,

            (42)

represents predicted state at time y, is an estimated sate at time y-1, is a state transition matrix is an
observation matrix indicates system noise vector, is observation noise vector.

            (43)

indicates prediction vector of at time y+1

The optimal estimation is given as,

        (44)

        (45)

Where is a Kalman gain at time y+1, is an actual observation of moving obstacle
at time y+1, prediction covariance matrix, means observation noise (with

          (46)

Where is a state transition noise (with

Once the optimal estimation is done, update to ,

        (47)

Where defines Identity matrix

Based on the above steps the Kalman filter will work and the stable tracking result of moving obstacle
will be obtained. Finally, the results are classified in this stage.

Results and Discussion
Using the dataset taken, the results are evaluated using the performance metrices——. The results
are computed in comparisons of the suggested and the existing methods—————- by implementing
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in a ——- platform.

4.1. Dataset Description:

————————–

4.2. Evaluation metrics:

The performance of the suggested and the existing approaches are done using the performance
metrics called Accuracy, Sensitivity, Specificity, Precision, F measure, FNR, FPR and MCC.

 

4.2.1. Accuracy:

  It is the proportion of true forecasts to all i/p Observations. It is calculated using the following
formula,

      (48)

4.2.2. Sensitivity

  The fraction of real positives that are correctly identified is measured by sensitivity. It is given as,

        (49)

4.2.3. Specificity

  The percentage of real negatives that are accurately identified is measured by specificity. It is
calculated using

          (50)

4.2.4. Precision

  How much of a model's positive predictions are actually right is determined by its precision, which is
a performance indicator. In order to assess how well what you detect is actually present, precision is
important. It is given as,

            (51)

4.2.5. F measure

A general score for performance evaluation, the F1-score is a combination statistic that combines
Precision and recall. It is given as,
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          (52)

Conclusion
To overcome the challenges of various methods used for the object detection and tracking in
autonomous vehicles, a method called a three-fold-deep-learning and optimized deep semantic
segmentation network (O-DSNN) is proposed. In this method, pre-processing is done using the Image
resizing, Image normalization, Colour space conversion, Noise reduction and Contrast adjustment
techniques followed by the segmentation using the optimized Deep Semantic Segmentation Network
(O-DSSN). Using this segmented data, feature extraction is done using Color-based features, Texture-
based features, Shape-based features and Histogram-based features by which the features are
extracted. Finally, classification is done using the three-fold-deep-learning model and Hybrid
optimization algorithm called Gazelle Customized Spider Monkey Optimization (GC-SMO) is utilized to
optimize model parameters. The suggested approach has an accuracy of %, specificity of %,
sensitivity of %, Precision of %, F measure of %. Thus, from the results, it is seen that our suggested
approach performs better in comparison to the other existing methods.
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