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Abstract: Image segmentation and object
detection using CNN (Convolutional Neural
Network) and OpenCV (Open-Source Computer
Vision) is a popular research area in the field
of computer vision and autonomous driving.
This method employs deep learning techniques
and image processing algorithms to detect and
track objects in real-time from a video stream
captured by a camera mounted on a vehicle.
The main aim of this project is to develop an
accurate and robust object detection system
that can detect various types of objects such as
vehicles, pedestrians, and bicycles on the road.
The proposed system uses a pre-trained CNN
model to detect objects and OpenCYV for further
image processing and filtering. The system is
evaluated on a publicly available dataset and
achieves high accuracy and detection rates for
various objects. The results of this study show
the potential of using deep learning and image
processing algorithms for real-time object
detection in autonomous vehicles and traffic
control systems. This study examines the use
of Convolutional Neural Network techniques
that have been used for image segmentation
and object detection in road traffic. The study
explored the use of Gaussian filters in image pre-
processing. The study also trained the model to
detect road traffic objects and return output/
feedback. The experimental result of the model
was an accuracy of 96% across 26 classes and a
recall of 92%. The study, therefore, recommends

the use of object detection models in road traffic
systems and autonomous vehicles.

Keywords: Artificial Intelligence (AD),
Computer vision, Image segmentation, Object
detection.

I. INTRODUCTION

The recent advancement in artificial intelligence and
machine learning has contributed to the growth of
computer vision and image recognition concepts (a
concept targeted at understanding visual content)
while empowering its popularity and continuous
application of autonomous unmanned aerial vehicles
[1]. Hence, artificial intelligence is one of the most
fascinating and controversial technologies in today’s
era. Artificial intelligence technology in specific
computer vision has been applied in more and more
industries and fields, such as unmanned driving to
bring changes to the transportation industry, the
use of identification algorithms to help police arrest
suspects, and intelligent robots to solve the problem
of resource allocation in the medical industry. In the
process of artificial intelligence and visual interface/
object detection, the optimization of automatic
recognition algorithm technology is always the core
and key link. The so-called automatic recognition
algorithm optimization refers to the realization that
the new algorithm can be added to the algorithm
framework of artificial intelligence timely through
the system optimization of the problem in concern

[2].
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Despite its evolution, artificial intelligence seems to
struggle when it comes to rendering images making
machine learning, image detection, recognition, and
classification a hot topic in the world of technology
[3]. Image detection or object detection is a computer
technology that processes an image or a video and
detects it, whereas, image classification classifies
the object when dealing with classification problems
[4]. The activity of identifying a specific object
among others can be simple for a human brain.
However, computers have obvious challenges with
this seemingly easy task [3]. These challenges have
prompted engineers around the globe in finding the
best approach to train machine learning and deep
learning model to detect objects in pictures or video.
This is no small task for developers as to train a
model to detect certain objects one has to show these
objects first to the model to learn. In other words,
a computer engineer has to feed the model with
labeled data images containing the targeted objects,
item coordinates, location, and class labels. A more
challenging question to this approach becomes how
many images are needed to better train a model
while taking into cognizance noise in the images,
blurriness, low resolution, and small target sizes.

An approach proposed by [3] to better train a
model is to choose images with different locations
of the target objects so that the items change their
coordinates and size during machine learning helping
the model to better learn and understand even if the
objects are located in different places on the images
either be it small or big. Hence, it can be seen that
this process can be time-consuming and requires
lots of resources and effort. But a promising aspect
of artificial intelligence is the progress in GPUs
(Graphic processing units) making deep learning
much faster and easier. GPU is an electronic circuit
that allows the manipulation of computer memory
with a target to accelerate graphic processing [5].

Traditionally hand-tuned features were used for
object recognition and detection by [2]. With the
breakthrough of deep learning using Convolutional
Neural Networks, there was a striking performance
increase in dealing with these computer vision tasks.
The key idea is to learn object models and features
from the raw pixel data of the image. Therefore, in an

attempt to complement computer vision tasks while
conducting image segmentation and object detection
for cars, from video footage with the motive of
notifying the presence of objects ahead. This study
proposed the application of the Convolutional
Neural Network in the classification of extracted
objects. In the real world, entities within an image
are aligned in a different direction and when fed to
a model, the model predicate inaccurately due to its
inability to understand the alignment of the object
in an image, making it challenging to recognize
objects. Furthermore, the variation in the size of
an object makes the classification of the object
challenging. In some scenarios, some of the objects
are deformed or distorted making it more complex
for the model to effectively learn. Hence, to provide
a feasible solution to the stated problem, this study
proposed the adaptation of the Convolutional Neural
Network in the classification of extracted objects for
automobile cars.

This study aims to segment images and detect objects
in an automobile environment. Hence, the specific
objectives are to:

e Perform image preprocessing using Gaussian
filters.

e Apply the Convolutional Neural Network in
developing the proposed model and receive
feedback about the detected object.

e Evaluate the performance of the model.

II. LiTERATURE REVIEW

A. Theoretical Review

The field of image processing is continually evolving.
During the past five years, there has been a significant
increase in the level of interest in image morphology,
neural networks, full-color image processing,
image data compression, image recognition, and
knowledge-based image analysis systems [6]. Before
2000, several methods were used in digital image
processing which includes: threshold segmentation,
region segmentation, edge segmentation, texture
features, clustering, and a lot more. From 2000 to
2010, there are four main methods: graph theory,
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clustering, classification, and a combination of
clustering and classification [7].

Since 2010, the rise of neural network models and
the development of deep learning mainly involves
several models. By 2010, CNN became a very
efficient visual processing tool because it can learn
hierarchical features [7]. Researchers replace the
full join layer with the convolution layer to output a
spatial domain mapping (deconvolution) rather than
a simple output class probability, thus transforming
the image segmentation problem into an end-to-end
image processing problem.

B. Image Segmentation

Image segmentation is a method of dividing a
digital image into subgroups called image segments,
reducing the complexity of the image and enabling
further processing or analysis of each image segment.
Technically, segmentation is the assignment of
labels to pixels to identify objects, people, or other
important elements in the image. The result of image
segmentation is a set of segments that collectively
cover the entire image or a set of contours extracted
from the image. Each of the pixels in a region is
similar concerning some characteristic or computed
property by [8] such as color, intensity, or texture.
Adjacent regions are significantly different in color
for the same characteristic(s) [9]. When applied to
a stack of images, typical in medical imaging, the
resulting contours after image segmentation can be
used to create 3D reconstructions with the help of
interpolation algorithms like marching cubes [10].

C. How Image Recognition Technology
Works

Facebook can now perform face recognition at
98% accuracy which is comparable to the ability
of humans. Facebook can identify a friend’s face
with only a few tagged pictures. The efficacy of this
technology depends on the ability to classify images.
Classification is pattern matching with data. Images
are data in the form of 2-dimensional matrices. Image
recognition is classifying data into one category out
of many. One common and important example is
optical character recognition (OCR). OCR converts

images of typed or handwritten text into machine-
encoded text. The major steps in the image recognition
process are gathering and organizing data, building a
predictive model, and using it to recognize images.

Considering that Image Segmentation, Detection,
Recognition, and Classification technologies are
only in their early stages, it can be expected that great
things will be happening shortly. Imagine a world
where computers can process visual content better
than humans. How easy lives would be when Al
could find rooms, cars, machine keys, and solutions
for us and the user would not need to spend precious
minutes on a distressing search.

D. Review of Related Literature

[11] proposed two methods for vehicle detection
using color and texture features. They used L U V
colour space and the Dual-Tree Complex Wavelet
Transform (DTCWT) for texture and background
modelling in the first method. The other method
consists of a change detection process that combines
the variations in intensities and texture information
among the current frame and formerly reconstructed
background. They have also used L U V colour space
and difference of texture measures which depends
on the relation between gradient vectors. To estimate
the background image, [12] used an autoregression
algorithm. Due to this, it is possible to directly
separate dynamic images from the foregrounds
by frame difference. They have used Fast Wavelet
Transform (FWT) algorithm to extract the features
from the detected dynamic regions and the Grey
Level Co-Occurrence Matrix (GLCM) to calculate
and evaluate the extracted textures for segmenting
of images based on texture is proposed by [11] using
co-occurrence matrices.

[13] developed a system for the detection and
classification of moving vehicles termed Improved
Spatio-Temporal Sample Consensus. Firstly, the
moving vehicles are identified using the Spatio
Temporal Sample Consensus algorithm, from the
intrusion of brightness variation and the shadow of
the vehicle. Furthermore, utilizing feature fusion
techniques the objects are classified according to
the area, face, number plate, and vehicle symmetry
features. [14] considered research on insect pest
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image detection and recognition based on bio-
inspired methods. The study investigated a collection
of ten categories of insect pests (mainly affecting
tea plants). To extract the invariant features for
representing the pest appearance, the authors
extended the bio-inspired Hierarchical Model and
X (HMAX) model in the following ways. Scale
Invariant Feature Transform (SIFT) was integrated
into the HMAX model to increase the invariance to
rotational changes. Meanwhile, Non-negative Sparse
Coding (NNSC) was used to simulate the simple cell
responses. Moreover, invariant texture features were
extracted based on the Local Configuration Pattern
(LCP) algorithm. Finally, the extracted features
were fed to Support Vector Machines (SVM) for
recognition. The experimental results demonstrated
that the proposed method had an advantage over the
compared methods: HMAX, Sparse Coding, and
Natural Input Memory with Bayesian Likelihood
Estimation (NIMBLE), and was comparable to the
Deep Convolutional Network. The proposed method
has achieved a good result with a recognition rate of
85.5% and could effectively recognize insect pests
under complex environments and also provides a new
idea and method for rapid detection and recognition
of insect pests.

[15] researched semantic regions segmentation
using a spatio-temporal model from an UAV
image sequence with an optimal configuration
for data acquisition. The study proposed a
hierarchical region-based approach to joint object
detection and image segmentation. Their approach
simultaneously reasons about pixels, regions, and
objects in a coherent probabilistic model. Pixel
appearance features allow us to perform well on
classifying amorphous background classes, while
the explicit representation of regions facilitates
the computation of more sophisticated features
necessary for object detection. Importantly, the
adopted model gives a single unified description of
the scene and explains every pixel in the image, and
enforces global consistency between all random
variables in our model. Experiments were run on
the challenging Street Scene dataset and the results
show a significant improvement over state-of-the-
art results for object detection accuracy. The multi-
class image segmentation component of the model

achieves an overall pixel-level accuracy of 84.2%
across the eight semantic classes compared to 83.0%
for the pixel-based baseline method described in the
works of [16].

[17] presented a Convolutional Neural Network
(CNN) for image detection and recognition. The
study considers Convolutional Neural Network
models that are implemented for image recognition
on the MNIST dataset and object detection on the
CIFAR-10 dataset. The model was trained on only a
CPU unit and real-time data augmentation was used
on the CIFAR-10 dataset. Along with that, Dropout
was used to reduce Overfitting on the datasets.
The algorithm was implemented on MNIST and
CIFAR-10 datasets and its performance is evaluated.
The experimental result shows that the accuracy of
models on MNIST was 99.6%, and CIFAR-10 was
using real-time data augmentation and dropout on
CPU units. The accuracy of MNIST was good but the
accuracy of CIFAR-10 can be improved by training
with larger epochs and on a GPU unit. The calculated
accuracy on MNIST is 99.6% and on CIFAR-10 is
80.17%.

[18] introduced a system that automatically calculated
the number of vehicles, classifies vehicles by type,
measure the speed, and decides lane usage. To
achieve this, they have implemented and compared
two systems: one system comprising background
modeling using a Mixture of Gaussians (MoG) for
foreground detection and an SVM classifier for the
classification of vehicles and another system based
on the Faster RCNN. However, they reported that
the Faster RCNN algorithm performs better in
dynamic traffic scenes. [19] proposed an optimized
Convolutional Neural Network architecture based
on deep learning algorithms for vehicle detection
and classification system used for intelligent
transportation applications. PVANET by [20] as
the base network, is selected and improved by fine-
tuning to get better accuracy. It consists of eight
Concatenated ReLU convolution layers and eight
inception layers for the base network. The hypernet
architecture is used to associate dissimilar features,
thereby making it better to achieve the desired
bounding boxes for the Region Proposal Net layer.
[21] developed an Adaptive Neuro Fuzzy Inference
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System classifier for the classification of moving
vehicles on the roads. It includes six main phases pre-
processing, feature extraction, detection, structural
matching, tracking, and classification of vehicles.
Background subtraction and the Otsu threshold
algorithm are used for vehicular detection. The
characteristics of the vehicles detected are obtained
by the log Gabor filter and Harris corner detector,
which are used to classify the vehicles.

[22] conferred a segment before detect approach
using deep learning techniques. Segmentation and
followed by detection and classification of multiple
wheeled vehicle variants are tested for high-
resolution remote sensing pictures. The detection
and classification of vehicles depending on a virtual
detection zone were suggested by [23] which
comprises foreground extraction, detection, feature
extraction, and classification. The GMM is used in
the detection of vehicles and also some operations
are performed to get the foreground objects and
classification is done, using the k-nearest neighbor
classifier. [24] recommended a semi-supervised
Convolutional Neural Network technique for vehicle
classification based on the front view of the vehicle.
Yet, the features trained by CNN are too biased to
work in raster images. [25] presented a 3D fully
convolutional network for vehicle detection in
the point cloud. The research aimed to design a
3D Fully Convolutional Network (FCN) to detect
and localize objects as 3D boxes from point cloud
data. The proposed approach extends FCN to 3D
and was applied to 3D vehicle detection for an
autonomous driving system, using a Velodyne 64E
lidar. Meanwhile, the approach can be generalized to
other object detection tasks on point clouds captured
by Kinect, stereo, or a monocular structure from
motion. The KITTTI training dataset was employed
which contains 7500+ frames of data, of which 6000
frames are randomly selected for training in the
experiments. The rest 1500 frames are used for offline
validation, which evaluates the detection bounding
box by its overlap with ground truth on the image
plane and the ground plane. The experiment results
mainly focus on the detection of the Car category
for simplicity. Regions within the 3D center sphere
of a Car are labeled as positive samples, i.e. in Van
and Truck are labeled to be ignored. Pedestrians,

Bicycles, and the rest of the environment are labeled
as negative backgrounds, i.e. P - V. The performance
improvement of the adopted method was significant
compared to previous point cloud-based detection
approaches.

[26] worked on vehicle detection and tracking based
on corner and lines adjacent detection features. The
study used the corner detection process and the line
adjacent detection features by creating black-and-
white images through thresholding. The corners in
the image are vibrant and strong in black-and-white
mode with the use of the thresholding function. The
threshold value is set to 30 for the linking threshold
and for upper thresholding they have to consider up to
50. Then after thresholding, the result is assigned to
the Kanade-Lucas-Tomasi algorithm for the detection
of corner spots and masked with the original image
to observe the angle of detection [27]. Later the XY
positions of individual corner spots are recorded and
each corner spot is connected with straight lines. A
filtering process is done to remove unnecessary lines
by limiting the length of the line not exceeding the
vehicle’s length and leaving alone those lines which
fall under the limit.

[28] considered food detection and recognition
using a Convolutional Neural Network. The authors
proposed a Convolutional Neural Network (CNN)
for the tasks of detecting and recognizing food
images due to the diversity of types of food. The
researchers find out that food recording is usually
a manual exercise using textual description, but
manual recording is tedious and time-consuming.
Therefore, despite the attempts at food item
recognition, recognition performance is not yet
satisfactory. So that leads to the application of
CNN to the tasks of food detection and recognition
through parameter optimization. They constructed a
dataset of the most frequent food items in a publicly
available food-logging system and used it to evaluate
recognition performance. The result obtained from
the study showed that CNN possesses significantly
higher accuracy than the traditional support-
vector machine-based methods with handcrafted
features. In addition, it was discovered that the
convolution kernels show that color dominates the
feature extraction process. In regards to food image
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detection, CNN also showed significantly higher
accuracy than a conventional method.

[29] proposed a unified framework for multi-oriented
text detection and recognition. The goal of this study
is to build a general system for scene text detection
and recognition. Text detection and recognition are
accomplished concurrently with the same features
and classification scheme. A dictionary search-
based method for recognition error correction was
also proposed. The proposed system is capable of
detecting and recognizing texts of different scales,
colors, fonts, and orientations, in diverse real-world
scenes. They trained a unique model using the
training data. III-G. 600 trees are used for training
the component level classifier and 300 trees for
the chain level classifier. About 2 M component-
level examples and 560 k chain-level examples are
bootstrapped from the training data for learning this
model. They later applied a unique model with the
same parameter setting to all the datasets which
include ICDAR 2011, and MSRA-TDS500. To further
assess the detection functionality of the proposed
system, the MSRA-TD500 dataset was applied in
which texts in the images may be with different
directions, fonts, colors, and scales. The extensive
experiments demonstrate that compared to existing
methods in the literature the proposed algorithm
achieves state-of-the-art or very competitive
performance on various challenging benchmarks
as well as on a novel database we propose. The
proposed algorithm can assist numerous applications
that require text information extraction from images
or videos, such as video search, target geolocation,
and automatic navigation.

[30] considered image-based face detection and
recognition: “state of the art”. The goal of the
study was to evaluate various face detection and
recognition methods and provide a complete solution
for image-based face detection and recognition with
higher accuracy, and better response rate as an initial
step for video surveillance. The system evaluates the
face detection and recognition methods which are
considered to be a benchmark. mFive datasets were
used for the experiments which include; Face 94,
Face 95, Face 96, Grimace, and Pain Expressions.
Solutions were proposed based on performed tests on

various face-rich databases in terms of subjects, pose,
emotions, race, and light. Some methods performed
consistently over different datasets whereas other
methods behave very randomly however based on
average experimental results performance as it was
evaluated. [31] have decided on the presence of
vehicles based on the present and previous frame.
They used the method of association to define the
relation between consecutive frames. This method
exploits the displacement of edges in the frames.
The Adaboost classifier is used to assess whether an
obstacle is a vehicle.

[32] uses regions for object detection instead of the
traditional sliding window approach. However, unlike
our method, the study uses a single over-segmentation
ofthe image and make the strong assumption that each
segment represents a (probabilistically) recognizable
object part. Our method, on the other hand, assembles
objects (and background regions) using segments
from multiple different over-segmentations. The
multiple over-segmentations avoid errors made by
anyone segmentation. Furthermore, we incorporate
background regions which allow us to eliminate large
portions of the image thereby reducing the number
of component regions that need to be considered for
each object.

[33] use a non-parametric approach to image
labeling by warping a given image onto a large set of
labeled images and then combining the results. This
is a very effective approach since it scales easily to a
large number of classes. However, the method does
not attempt to understand the scene semantics. In
particular, the method is unable to break the scene
into separate objects (e.g., a row of cars will be parsed
as a single region) and cannot capture combinations
of classes not present in the training set. As a result,
the approach performs poorly on most foreground
object classes.

[34] considered image parsing:  Unifying
segmentation, detection, and recognition. The authors
resented a Bayesian framework for parsing images
into their constituent visual patterns. Their study
introduces a computational framework for passing
images into basic visual patterns. The problem
was formulated using Bayesian probability theory
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and designed a stochastic DDMCMC algorithm to
perform inference and give a rigorous way to combine
segmentation with object detection and recognition.
The study gives proof of concept by implementing a
model whose visual patterns include generic regions
(texture and shading) and objects (text and faces).
Their approach enables these different visual patterns
to compete and cooperate to explain the input images.
The goal of the adopted algorithm was to construct
a parse graph representing the image. The algorithm
proceeds by constructing Markov Chain dynamics,
implemented by sub-kernels, for different moves
to configure the passing graph such as creating or
deleting notes. These types of patterns compete and
cooperate to explain the image and so image parsing
unifiers image segmentation, object detection, and
recognition. The algorithm illustrated natural images
of complex city scenes and shows examples where
image segmentation can be improved by allowing
object-specific knowledge to disambiguate low-
level segmentation cues, and concisely where object
detection can be improved by using generic visual
patterns to explain away shadows and occlusions.
The result shows that the method can be applied to
any other inference problem that can be formulated
as probabilistic inference on graphs.

[35] researched the detection and recognition of
license plate characters with different appearances.
The study proposed an automatic license plate
detection and rotation-free character recognition
system. In conventional license plate detection and
recognition methods, it is difficult to determine the
license plate with large pan and tilt angles and is hard
to recognize the rotation-free character. Car images
are taken from various positions outdoors. Because
of the variations of angles from the camera to the
car, license plates have various locations and rotation
angles in an image. In the license plate detection
phase, the magnitude of the vertical gradients is
used to detect candidate license plate regions.
These candidate regions are then evaluated based
on three geometrical features: the ratio of width
and height, the size, and the orientation. The last
feature is defined by the major axis. In the character
recognition phase, character features that are non-
sensitive to the rotation variations are detected.
The various rotated character images of the specific

character can be normalized to the same orientation
based on the major axis of the character image. The
crossing counts and peripheral background area of
an input character image are selected as the features
for rotation-free character recognition. The authors
implemented the proposed system on a Pentium II
300 MHz PC with C++ language under a Windows
environment and used Nikon 5700 digital camera as
an input device. The experimental results show that
the license plates detection method can correctly
extract all license plates from /02 car images taken
outdoors and the rotation-free character recognition
method achieved an accuracy rate of 98.6%.

E. Knowledge Gap

One potential knowledge gap in the topic of “Road
Traffic Object Detection using CNN and OpenCV”
is the lack of research on the effectiveness and
efficiency of this approach in real-world scenarios
with varying weather and lighting conditions. While
there have been studies on the use of CNN and
OpenCV for road traffic object detection, many of
these studies have been conducted under controlled
laboratory conditions or with limited variations
in environmental factors. Therefore, it would be
valuable to conduct research on the performance
of this approach in more diverse and challenging
real-world conditions, such as fog, rain, and low-
light conditions. This could involve collecting
and analyzing data from a variety of locations and
weather conditions, and comparing the results with
other object detection techniques to evaluate the
relative strengths and weaknesses of the CNN and
OpenCV approach. Such research could provide
valuable insights into the practical applications
of this approach for real-world road traffic object
detection.

III. RESEARCH METHODOLOGY

For the effective and efficient implementation of any
artificial intelligence research project particularly
computer vision, it is crucial to devise a research
methodology that specifies the procedures or
techniques to detect and recognize objects in video,
segment and classify these objects to identify the
targeted object. Hence, the methodological approach
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proposed by this study takes into consideration
three phases. The first step encompasses reading
the dataset via the open-CV library and extracting
objects of concern from the dataset. The second
phase encompasses the conductance of image
preprocessing on the extracted objects from the
sourced video. The image preprocessing techniques
adopted by this study are the Low-Pass filters and
the High-Pass filters. Both the low-pass and high-
pass filter techniques were utilized to filter out
high-frequency content such as noise, edges in the
extracted object, and also low-intensity edges. The
low-pass filter is used in removing noise and blurring
images whereas the high-pass filter is used in finding
edges. The last stage involves feeding the filtered
images to a Convolutional Neural Network and lastly
conducting a performance evaluation analysis from
the output of The Convolutional Neural Network.
The stepwise approach for the implementation of the
proposed system is shown in Fig. 1.
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Fig. 1: Research Methodology

A. Experimental Setup

To experiment and analyze video footage on the
proposed image segmentation and object detection for
automobile cars, this study proposed the utilization
of 64-bit Windows OS on an Intel(R) Core (TM) i5-
6200U CPU @ 2.30 GHz-2.40 GHz with 8.00 GB
of RAM. Furthermore, the proposed implementation
utilized the viability of the below packages for its
effective implementation:

e Python Software Development Tool (SDK).

e NumPy, Sklearn, Open-CV, and Kera’s from
TensorFlow a high-level API (Application
Programming Interface).

e Jupiter Notebook as the
environment.

programming

B. Dataset Description

Car TrafficLight Pedestrian Dataset for Computer
Vision Project. The dataset includes 25951 images.
Traffic Objects are annotated in Tensorflow Object
Detection format. The following pre-processing was
applied to each image: Auto-orientation of pixel
data (with EXIF-orientation stripping) and Resize to
416x416 (Stretch).

The following augmentation was applied to create 2
versions of each source image:

e Randomly crop between 0 and 54 percent of the
image

e Salt and pepper noise was applied to 10 percent
of pixels

Author: Alexandra Lasic
Project Type: Object Detection
Subject: trafficObjects

Classes: biker, car, pedestrian, trafficLight,
trafficLight-Green, trafficLight-GreenLeft,
trafficLight-Red, trafficLight-RedLeft, trafficLight-
Yellow, trafficLight-YellowLeft, truck.

C. Image Preprocessing

Data cleansing is a crucial step in deep learning
before feeding a model with input. Hence, the aim
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of image preprocessing is to improve the image
data that suppress undesired distortions or enhance
some of the image features relevant to the analysis
task. The concept of image pre-processing doesn’t
increase image formation content but decreases it if
the entropy is an information measure. In essence,
the idea behind image pre-processing is to process
image data at its lowest level of abstraction. Thus, to
filter-out high-frequency content such as noise, edges
in the extracted object, and also low-intensity edges,
the blurring techniques were applied to the extracted
objects using the Low-Pass filters and the high-pass
filters. The low-pass filter is used in removing noise
and blurring images whereas the high-pass filter was
in finding edges. In detail the image preprocessing
stages include:

e Noise Reduction: Edge detection is susceptible
to noise in an image. So, to remove noise this
study applied a 5 X 5 Gaussian filter.

e Finding the Intensity Gradient of the Image:
This phase involves filtering the image in both
horizontal and vertical directions.

® Non-Maximum Suppression: Involve scanning
object to remove unwanted pixels which may
not have any edge. This encapsulates checking
every pixel to validate if it is a local maximum
in its neighborhood in the direction of the
gradient.

e Hysteresis Thresholding: Deciding which edges
are edges and which are not using threshold
values called minimum value and maximum
value. Then, edges with an intensity gradient
more than the maximum are retained whereas
those with a value less than the minimum value
are discarded.

D. Model Description (Convolutional
Neural Network)

Convolutional Neural Network (CNN) is a variation
of an artificial neural network that requires a
convolutional layer but can have other types
of layers, such as nonlinear, pooling, and fully

connected layers, to create a deep Convolutional
Neural Network. The architecture of a ConvNet
is analogous to that of the connectivity pattern of
Neurons in the Human Brain and was inspired by
the organization of the Visual Cortex. Individual
neurons respond to stimuli only in a restricted
region of the visual field known as the Receptive
Field and a collection of such fields overlaps to
cover the entire visual area [36].

In the proposed application of CNN, convolutional
filters are trained using the backpropagation method.
The shapes of the filter structure depend on the sample
dimensionality. In the case of object detection as in
the case of this study, a filter can be used to perform
edge extraction, while another filter for image
extraction. A suitable determination of filter value
is during the model learning phase. Hence, in the
proposed convolutional layer, multiple filters slide
over the layer for the given input data. A summation
of an element-by-element multiplication of the filters
and receptive field of the input is then calculated as
the output of this layer. The weighted summation is
placed as an element of the next layer.

It is important to note that the filter size (receptive
field) must be fixed across all filters used in the same
convolutional operation. Hence, to control the size of
the output feature map, zero padding techniques were
applied. Zero padding adds zero rows and columns
to the original input matrix to control the size of
the output feature map. The aim of applying zero
padding is to also include the data at the edge of the
input matrix. Without zero padding, the convolution
output is smaller in size than the input. Therefore,
the network size shrinks by having multiple layers
of convolutions, which limits the number of
convolutional layers in a network as zero padding
prevents the shrinking of networks and provides
unlimited deep layers in our network architecture.
The first ConvLayer is responsible for capturing the
Low-Level features such as edges, color, gradient
orientation, etc. With added layers, the architecture
adapts to the High-Level features as well, providing
a network that has a wholesome understanding of
images in the dataset.
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Fig. 2: Convolutional Neural Network

E. Nonlinearity

The major reason for using nonlinearity is to adjust
or cut off the generated output. Several nonlinear
functions can be utilized in CNN. However, the
rectified linear unit (ReLU) is one of the most
common nonlinearities applied in various fields, such
as image processing. The ReLU can be represented
as:

ReLU={0,x, if x<0, if x > 0}.

F Pooling Layer

The Pooling layer is responsible for reducing
the spatial size of the Convolved Feature. This is
to decrease the computational power required to
process the data through dimensionality reduction.
Furthermore, it is useful for extracting dominant
features which are rotational and positional invariant,
thus maintaining the process of effectively training
the model. Hence, to reduce the dimensionality of
the inputs while reducing the computational power
required by the proposed Convolutional Neural
Network model, the pooling layer is proposed. The
survey conducted revealed various types of pooling
methods such as averaging and summation, etc.
but the max pooling best represents the maximum
value inside the pooling filter as the output. The max
pooling based on the pieces of the literature surveyed
provides significant results by down sampling input
size by 75%. Furthermore, max pooling performs a
noise suppressant as it discards noisy activation and
also performs de-noising along with dimensionality

reduction. On the other hand, Average Pooling
simply performs dimensionality reduction as a noise-
suppressing mechanism [37].

G. SoftMax Layer

SoftMax layer is considered an excellent method to
demonstrate categorical distribution. The SoftMax
function, which is mostly used in the output layer,
is a normalized exponent of the output values. This
function is differentiable and represents a certain
probability of the output. Moreover, the exponential
element increases the maximum value probability.
The SoftMax equation is given as follows:
e
- YL, e%i

Where, o; is the softmax output number i, z; is the
output i before the softmax, and M is the total number
of output nodes.

(1

0;

H. Justification for Convolutional Neural
Network

A ConvNet can successfully capture the Spatial
and Temporal dependencies in an image through
the application of relevant filters. The architecture
performs a better fitting to the image dataset due to the
reduction in the number of parameters involved and
the reusability of weights. In other words, the network
can be trained to understand the sophistication of the
image better.

Furthermore, considering that the objective of the
Convolution Operation is to extract the high-level
features such as edges, objects, etc, from the input
image which suits this problem of detecting objects
for a car.

1. Performance Evaluation Metrics

To evaluate the performance of the model. This study
utilized the precision, and recall, accuracy evaluation
parameters.

Precision measures the classifier’s accuracy. It is
the percentage of the number of correctly predicted
positive reviews divided by the total number of
predicted positive reviews:
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TP

precision = TP+ FP (2)

Accuracy is the most important metric of a model
performance evaluation. Accuracy is measured as
a percentage of the number of correctly predicted
reviews to the total number of reviews present in
the dataset. Thus, the accuracy calculates the ratio of
inputs in the test set correctly labeled by the classifier:

Accuracy
TP+TN

= 3)
TP + TN + FP + FN

Loss Function

In most deep learning tasks, the evaluation of loss
function is essential in determining the accuracy of
a model. Therefore, the loss function utilized by this
study is the binary cross-entropy which in other terms
is referred to as the log loss function. The Binary
Cross Entropy in operation compares the predicted
probabilities of the adopted model to the actual class
output which can be either 0 or 1 corresponding to a
detected and non-detected object image.

N
1
Log loss = 37 > ~( log(p) + (1 =)
4)
*log(1—p:))

Here, pi is the probability of class 1 (detected
object), and (1-pi) is the probability of class 0 which
corresponds to an undetected image.

IV. REsuLT AND DISCUSSIONS

A. Experimental Setup

To experiment and analyze the traffic video footage
for the proposed image segmentation and object
detection for automobile cars. A 64-bit Windows
Operating System, with an Intel(R) Corel (TM)
15-3630QM CPU @ 2.40 GHZ with 4.00 GB of
RAM was used. The programming environment
utilized for implementing the program code was the
Anaconda environment using the Python 3.8 software
development kit. The application programming

interface utilized was Kera’s TensorFlow API and
some other Python dependencies such as the NumPy
for vector operations, pandas for reading files, and
the Python Open-CV library for computer vision
operation.

B. Parameter Setting

The meta-parameters of the proposed CNN
architecture are presented in Table 1. The batch size
defines the number of the dataset input instance
passed to the model per unit layer. Max epochs
define the maximum number of epochs conducted
which was set to 20 with a learning approach of
0.0001, with Adam set as the optimizer and drop
out of 0.25 for each of the layers. An epoch refers
to a complete iteration through the entire training
dataset during the training of a neural network. The
learning rate is a hyperparameter that determines the
step size at which the model updates its parameters
during training. In other words, it controls the rate at
which the model learns from the data. The optimizer
is responsible for adjusting the weights and biases in
the model to improve its accuracy and performance
and the optimizer utilized in this study is Adam.
Furthermore, the activation function utilized was
the SoftMax activation considering that the dataset
categorization was based on forty-three classes.
The meta-parameters of our CNN architecture are
presented in Table 1.

TABLE I: PARAMETER SETTING

Parameter Value
Batch Size 64
Max epochs 20
Initial learn rate 0.001
Optimizer SoftMax
Momentum 0.01

C. Data Visualization

Considering that the dataset consists of images, the
dataset was initially backed with a CSV file to specify
the attribute of each respective image file. Fig. 4
shows the width, height, label, and path information
of each image file.
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Width Height 1label
53 54 16
42 45 1

path
Test/00000.png
Test/@0001.png
Test/00002.png
Test/©0003.png
Test/00004.png

48 52 38
27 29 EE
60 57 11

Fig. 3: Dataset Attribute Information

D. Model Architectural Discussion

The approach utilized by this study to detect and
classify objects for automated cars uses CNN to
classify objects in a traffic environment. The main
challenge was finding an optimal architecture for the
CNN. Therefore, the study first defined the input and
output structures of the network before presenting the
optimal architecture based on the results of various
experiments. Each recorded sample is a 128 x 128 x 3
matrix. However, the frame length (N) is variable
for each sample because each subject uniquely
carries out object detection and classification. For an
effective implementation, the input size should be
fixed. One process assumes the input size according
to the sample with the maximum frame length
and utilizes zero padding (at the end of recorded
samples) for those with short frames. However, this
process provides CNN with a huge input size (i.e.,
512x8x8) and is computationally expensive. The
study cascaded the convolutional layers together
to build the classifier. Each convolutional layer
consists of convolution, nonlinearity, and pooling.
Furthermore, for each convolutional layer, a non-
linearity is added to the output. Typically, this was
done by the Rectified Linear Unit (Relu) Activation
function. In total, three convolutional layers with
one fully connected layer. The fully connected layer
has a SoftMax Activation function at the end which
ensures that the sum of output probabilities from the
Fully Connected Layer is 1. The SoftMax function
with 4 classes is the output shape of the developed
CNN method. Although the study employed the peak
value in the output node as the calculated class the
success of the study relied on the SoftMax values to
consider other highly probable hypotheses.

Layer (type) tput Shape Param #

conv2d (Conv2D) (None,

conv2d_1 (Conv2D) (None, 22, 22, 32)
max_pooling2d (MaxPooling2D) (None, 11, 11, 32)
dropout (Dropout) (None, 11, 11, 32)
conv2d_2 (Conv2D) (None, 9, 9, 64)
conv2d_3 (Conv2D) (None, 7, 7,
max_pooling2d 1 (MaxPooling2 (None, 3, 3,
dropout_1 (Dropout) (None, 3, 3,
flatten (Flatten) (None,

dense (Dense) (None, 147712
dropout_2 (Dropout) (None, 0

Total params: 242,251
Trainable params: 242,251

Fig. 4: Model Architecture

E. Data Scaling

Normalization is an essential aspect of the machine
learning task after all necessary data purification.
Thus, it is essential to scale the dataset into a
feature range, enhancing the model’s capabilities
to detect and classifies object in an automobile
driving environment. To ensure feature scaling this
study optimized the normalizer function from the
TensorFlow API library as shown in Fig. 5. The
essence was to bind the data records to a feature
range between 0 and 1 and hence empower the
model with great magnitude distance control among
the datasets and thus enable it to converge faster with
good results.

y_train = to_categorical(y_train, 43)

y_test = to_categorical(y test, 43)

Fig. 5: Data Scaling

F. Percentage Split Technique

In training the Convolutional Neural Network, this
study divided the dataset into some training and
test proportions, where the training set was used
to train the models and the test set to validate the
workings of the model. The train-to-split proportion
utilized for this experiment was a 70:30 train-to-
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test proportion, where 70% of the dataset was used
to train the model and 30% was used to validate
the learning accuracy of the Convolutional Neural
Network.

G. Result Presentation

Considering the proposed evaluation metrics,
accuracy, recall, log-loss, and precision. For accuracy
and precision, the higher the values are, the better
the classifier performs. It is important to note that
precision and recall are exploited to overcome the
shortcoming of Accuracy. To be clearer, the precision
reflects how many samples that are exactly positive
among samples indicated as positive, whilst recall

highlights the ratio of samples predicted as positive
inside definite positive samples. Hence, the statistical
result of the above-discussed Convolutional Neural
Network algorithm is shown in Table 4. Hence, prior
to the result discussion, the model was compiled
using 20 epochs, and 20 iterations for a time period
of 1537 ms with a batch size of 64 and a learning
rate 0of 0.002. The result of the Convolutional Neural
Network from the compilation parameters in Table 11
achieves an accuracy score of 96% as shown in Table
III, with a precision score of 95%, a recall of 92%,
and a log-loss of 0.068%. It is important to note that
the lower the log-loss evaluation metric the better the
model performance.

TaBLE II: MoDEL COMPILATION

Epoch

Iteration

Time Elapsed

Batch

Learning Rate

20

20

1537

64

0.002

TaBLE III: CNN REsuLt

Metrics Scores
Accuracy 0.96
Precision 0.95
Recall 0.92
Log-Loss 0.068

H. Results

Fig. 6

Fig. 7
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Fig. 9
V. SUMMARY AND CONCLUSION

A. Summary

The study has investigated the performance of the
Convolutional Neural Network on an automated
traffic dataset sourced from the Kaggle machine
learning repository. The architecture of the
Convolutional Neural Network integrates three
convolutional layers with one fully connected
layer bounded by a SoftMax activation function.
To enhance the performance of the CNN model, a
three-phase methodological approach was utilized.
The first step encompasses reading the dataset via
the openCV library and extracting objects of concern
from the dataset. The second phase encompasses
the conductance of image preprocessing on the
extracted objects from the sourced video using
the Low-Pass and High-Pass filters to filter-out
high-frequency content such as noise, edges in the
extracted object, and also low-intensity edges. The
last stage involves feeding the filtered images to a
Convolutional Neural Network and lastly conducting
a performance evaluation analysis from the output
of the Convolutional Neural Network after being fed
with training data of 70%, with 30% used for testing.
To facilitate the conductance of this analysis, it is
worth notable that the implementation of the models
was carried out using Python programming language
and other third-party libraries such as NumPy, Keras

TensorFlow, Python Open-CV, Matplotlib, Pandas,
and sklearn.

B. Conclusion

In this study, a system that classifies extracted objects
for automobile cars identification of traffic control
and human passage. The CNN is presented, which
is considered a good feature extractor algorithm. The
automobile traffic detection dataset sourced from
the Kaggle machine learning repository was used to
train the CNN for various classes. The Convolutional
Neural Network (CNN) was able to achieve a score
of 98% which was validated using some evaluation
metrics such as the recall, precision, and log-loss
function. The precision score achieved was a 100%,
with a recall of 98%, and a log-loss of 0.068%.

V1. RECOMMENDATION

The recommendation module is structured to proffer
the possible future application areas for the detection
and classification of objects for automobiles and
likewise, a future research advancement area to
enhance the performance of the utilized models
in the detection and classification of objects in an
automated mobile environment.

A. Application Areas

e The key application area of this implementation
is in the automobile industry with self-driving
cars. Hence, the implementation can be utilized
in self-driving cars to visualize objects and
classify them into their respective classes while
enhancing and transforming the transportation
industry into a safe and automated driving
paradigm.

e The methodology implemented by this study can
be optimized to equip drones for surveillance
so as to detect unusual activities around the
borderland while preventing infiltration in
keeping a nation safe.

e The computation concept and algorithm of the
designed model implementation can be utilized
in various institutions to expose students to the
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coherent complexities of computational models
and their respective efficiency and effectiveness.

B. Suggestions for Further Research

After an extensive study and review of several kinds
of literature relating to the detection and classification
of objects, this study suggests the future research
areas as follows:

[1]

(2]

[3]

[4]

[3]

The application of Res-Net and ImageNet neural
networks considering that these algorithms over
the past decades have proven successful from
the literature reviewed.

The adaptation of the utilized convolutional
neural network architecture for the identification
and classification of objects for drones.
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