R. A. Hamaamin et al

Bas ] Sci 42(3) (2024)536-557

Redefining Machine Learning Techniques and Object Detection to Increase
Accuracy and Efficiency: Review

Rebin Abdulkareem Hamaamin®~, Omar Mohammed Amin Ali2, Nura Jamal Bilal®,
Shahab Wahhab Kareem?®

1. Computer Science, College of Sciences, Charmo University, Chamchamal, Sulaimani,
KRG, Iraq.

2. Department of 1T, Chamchamal Technical Institute, Sulaimani Polytechnic University,
KRG, Irag.

3. Department of Technical Information Systems Engineering, Technical Engineering College,
Erbil Polytechnic University, KRG, Iraqg.

*Corresponding author E-mail: rebin.abdulkarim@chu.edu.iq

https://doi.org/10.29072/basjs.20240223

ARTICLE INFO ABSTRACT

Keywords Deep learning has significantly improved machine vision object
Object Detection, detection, especially for applications like surveillance,
Deep Learning, environmental monitoring, and UAV data interpretation. This study
II\?/Iathtl_ne Learning, examines machine learning methods for object identification,
eal-time _ _ ) ) ) .
Surveillance, Dataset focusing on image, instance, object, and semantic segmentation. It
Diversity. emphasizes the importance of deep CNNs, which utilize

convolutional layers, pooling, and non-linear activation to enhance
accuracy and speed. Backbone networks face the challenge of
balancing performance and efficiency. Techniques like handling
uneven sampling, localization, optimization, and cascade learning
play a crucial role in improving detection. Data analysis
intensification further supports model refinement. Enhancements
such as test-stage model acceleration and duplication elimination
boost detection speed and accuracy. The use of pyramidal and
mirror structures enhances object recognition, making these
techniques essential for improving detection in machine vision
systems. Overall, deep learning, especially deep CNNs and GPUs,
continues to advance the field of object detection.
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1. Introduction

The field of computer vision has undergone a significant transformation in recent years,
primarily driven by the integration of deep learning techniques into object detection
methodologies. Object detection, a core challenge in computer vision, is critical for various
applications such as surveillance, ecological monitoring, and analyzing data collected by
unmanned aerial vehicles (UAVs) [3]. Traditionally, object detection relied on sliding
window techniques and handcrafted feature extraction methods, which often struggled with
issues such as scale variation, occlusion, and computational inefficiency. However, the advent
of deep learning has revolutionized the field. Methods like Faster R-CNN, YOLO, and SSD
have drastically improved detection accuracy and speed by leveraging convolutional neural
networks (CNNSs), which excel at learning hierarchical data representations autonomously.
GPUs, with their high computational power, further accelerate these models' training and
inference processes [11]. Both generic and domain-specific object detection methods now
utilize deep learning-based computational models. These models perform tasks such as
segmentation, classification, object localization, and feature extraction, forming the backbone
of most modern object detection systems. For instance, in ecological monitoring, deep
learning enables the accurate identification of wildlife from camera trap images, while in
UAV-based aerial data analysis, it facilitates precise detection of objects from complex and
dynamic environments [3]. The primary motivation for this review is to bridge the gap
between theoretical advancements in object detection and their practical applications. This
involves addressing persistent issues such as balancing accuracy and efficiency, overcoming
data scarcity, and ensuring robustness across diverse settings. The study hypothesizes that
leveraging deep learning techniques improves object detection's accuracy, efficiency, and
adaptability, making it suitable for real-world scenarios. [1],[2]. The objectives of this review
are threefold. First, it aims to compare state-of-the-art deep learning techniques for object
detection across various datasets, such as ecological camera trap data and low-altitude UAV
datasets. Second, it evaluates these methods' performance in specific applications, such as
autonomous driving and wildlife monitoring. Third, it identifies gaps in the field and proposes
future research directions to enhance the applicability of object detection systems [3]. To
provide a comprehensive understanding, this review incorporates significant contributions
from recent works. For example, [1] discusses the challenges of applying deep learning to
ecological camera trap data, highlighting the need for context-aware detection models. [2]

systematically assesses advancements and trends in deep learning-based object detection
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techniques, focusing on improving accuracy and efficiency. [3] offers insights into object
detection for aerial scenarios, emphasizing datasets from low-altitude UAVs, while [4]
introduces an intelligent vision system leveraging machine learning for autonomous object
recognition. The continuous evolution of object detection approaches reflects the active
efforts of researchers and practitioners to enhance the precision, efficiency, and applicability
of these systems across diverse contexts. By synthesizing insights from significant sources,
this review provides readers with a comprehensive understanding of current trends,
constraints, and advantages in the field. aerial vehicles (UAVs). The paper [4] introduces the
concept of an intelligent vision system, demonstrating the application of machine learning for

autonomous object detection and recognition. Figure 1 shows an example that includes these
different identification tasks.
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Figure 1: Advancement in object recognition methodologies: (a) image
classification, (b) object detection, (c) semantic segmentation, and (d) instance

segmentation [2].

2. Literature Review

In computer vision, the primary task of object detection is to locate and classify objects
within images or video frames. This functionality is crucial for numerous applications,
including industrial automation, augmented reality, surveillance, and autonomous vehicles.
Recent advancements have significantly influenced object detection methods, enhancing both
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accuracy and efficiency, particularly in the domains of deep learning and machine learning.
This review examines the existing literature and emphasizes significant works that enhance
our understanding and proficiency in employing object detection methodologies. The paper
[5] introduces a sophisticated vision system that focuses on autonomous object detection and
recognition. This system utilizes machine learning techniques and is considered a significant
contribution to the field of applied intelligence. The primary goal is to create a sophisticated
system capable of independently identifying and categorizing objects using machine learning
techniques. The project's goal is to improve independent processing and understanding of
visual input by investigating the relationship between vision capabilities and machine
learning. This will fulfill the requirement for advanced systems in scenarios that involve
detecting objects in real-time. The paper introduces a novel approach for video surveillance
systems, known as Multi-Object Detection and Tracking (MODT). The journal Circuits,
Systems, and Signal Processing published the research, which focuses on live monitoring and
highlights the importance of accurately and efficiently detecting and tracking multiple objects
simultaneously. The suggested MODT model utilizes machine learning techniques to enhance
the capabilities of video surveillance systems, enabling them to effectively adapt to dynamic
circumstances and real-world challenges. The research focuses primarily on the technical
aspects of implementing and processing signals in the context of circuits, systems, and signal
processing, while also exploring the application of the MODT model. Describe a case study
that employs machine learning to identify objects in images, particularly for reservoir
characterization, as referenced in [7]. The paper focuses on the utilization of machine learning
methodologies in the fields of geoscience and reservoir engineering, specifically emphasizing
the detection and characterization of fractures in shale formations. This paper examines the
challenges associated with identifying fractures in reservoirs, a critical aspect of
characterizing reservoirs for oil and gas extraction. The publication of the research in the
Leading Edge demonstrates its importance to the geoscience community and highlights its
contribution to the development of imaging technology for reservoir investigation. This
utilization of machine learning presents a novel approach to address the problem, which
involves the development of a machine learning model. challenges associated with fracture
detection and provides valuable insights into the potential of automated image analysis for
geological research. The article in question, as discussed in [8], specifically delves into the
application of deep learning in the realm of object detection. It provides a comprehensive

overview of the various techniques and approaches employed in this domain. The authors
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examine the effectiveness and efficiency of deep learning models, offering valuable insights
into their potential to enhance computer science's ability to detect objects. The study examines
various aspects of using deep learning for object detection, offering insights into the
challenges and benefits of this technological fusion. The research enhances our understanding
of how deep learning improves object detection by examining the specific methods and
approaches employed. Examine the suitability of applying end-to-end machine learning in
experimental physics [9]. The main goal is to train a neural network for the particular job of
video microscopy object recognition using simulated data. The researchers adopt a
comprehensive approach, emphasizing the potential integration of machine learning
techniques to enhance and accelerate processes in experimental physics. The paper
emphasizes the use of simulated data as a neural network training resource, as well as the
potential benefits and implications of an end-to-end machine learning framework for
experimental physics. The work adds to the developing field of machine learning applications
in scientific research, especially in the area of video microscopy for experimental physics, by
addressing the opportunities and difficulties related to this strategy. [10] presents a new online
visual object recognition tool called Fed vision. The main innovation lies in the integration of
federated learning, a decentralized machine learning technique that facilitates model training
across various devices without necessitating the exchange of raw data. To address the privacy
and security concerns raised by centralizing sensitive visual data, the authors propose Fed
vision as a privacy-preserving alternative. The paper's technical overview of the Fed vision
platform highlights the implementation of federated learning for object detection tasks. Fed
vision reduces privacy concerns Figure 2 illustrates how to spread model training among
nearby devices without sacrificing its object-detecting performance. In particular, the research
adds to the expanding field of federated learning applications in the domain of computer
vision. This paper presents the incredibly compact You Only Look Once (YOLO)
convolutional neural network YOLO Nano for object detection. We first presented this
approach at a symposium on energy-efficient machine learning and cognitive computing,
aiming to achieve effective object detection in a small framework. We designed the YOLO
Nano architecture to operate in environments where energy conservation is crucial. efficiency
or resource limitations are crucial considerations. The design philosophies, performance
measurements, and possible applications of YOLO Nano are probably covered in the study
about object detection [11]. It offers a simple, semi-supervised learning structure for detecting

objects [12]. It presents a novel strategy that improves object detection model performance
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by utilizing both labeled and unlabeled data. The Fra the framework likely integrates
unsupervised learning strategies with supervised learning using labeled data, leveraging the
potential of unlabeled data to enhance detection accuracy. rk may cover the technique,
experimental findings, and ramifications of this semi-supervised learning strategy in the
context of object detection in full. In [13], we introduced real-time object identification
through machine learning. The main topic is the use of machine learning algorithms for real-
time object detection, emphasizing the speed and effectiveness of the detection process. The
information will probably cover the precise machine learning techniques utilized, the training

and testing datasets, and the practical applications of real-time object recognition.
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Figure 2: The workflow for training a visual object detection algorithm using Fed
Vision, which incorporates data from numerous users
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3. Methodology

A key component of machine learning is object detection, which is the process of locating
target items in images and enclosing them in bounding boxes. The different results, the non-
uniform size of bounding boxes, and the requirement to handle classification and localization
problems are the main causes of the difficulties in object detection. Backbone networks are
usually important in object detection tasks where the output is a feature map and the input is
an image. These networks, which mostly concentrate on the final fully linked layers, are
frequently modified from designs created for classification problems. Lin et al. [14] improved
this idea by replacing some intermediary layers with ones specifically designed to better
satisfy particular needs. A range of backbone architectures are available for researchers to
select from, including lightweight choices like MobileNet, ShuffleNet, and Xception that are
appropriate for mobile devices, as well as deeper and densely connected networks like
ResNext and AmoebaNet [2]. Wang et al. [15] integrated PeeleNet and SSD for real-time
object detection, resulting in a cutting-edge system with quick processing. The trade-off
between speed and accuracy determines which backbone networks are best. While well-
designed architectures that strike a compromise between speed and accuracy are essential for
real-time requirements, particularly in video and webcam applications, more complicated
designs are required for high precision and accuracy applications. Deeper and more densely
connected backbone networks take the role of shallower and sparsely connected ones to
achieve competitive detection accuracy. Additionally, object detection has advanced
dramatically due to advances in processing power and deep learning approaches. Identify
applicable sponsor/s here. If no sponsors, delete this text box (sponsors). Deep convolutional
neural networks (CNNs) are highly useful in machine vision and visual comprehension. A
sequence of convolutional layers, pooling layers, non-linear activation layers, and a group of
fully linked layers make up a typical deep CNN, as seen in Figure 3. At the start of the process,
the convolutional layer receives a sample image and performs convolutional operations using
n X n kernels or anchors to create a feature map. The process produces a multi-channel
sequence that contains specific information about each channel of the input image. Each pixel
in the feature map represents a neuron interacting with a group of nearby neurons from the

previous feature map to produce a receptive field. Novel learning algorithms are required in
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the object identification domain due to the difficulties of localization, imbalance sampling,

and optimization complications.

3.1Learning Techniques for Instruction: Data Intensification: Data intensification is a
critical component of deep learning systems. It entails adding methods such as

horizontal flips to training data to greatly improve detection accuracy.

3.1.1 Refining Localization: Methods such as bounding box regression loss and smooth L1
regressors improve object localization's precision. Innovations like grid R-CNN and

LocNet further refine predictions.

FClayerl FClayer2  FClayer3
Conv layerl Conv layer2 Conv layer3

Soft Max

Input image 1

5X5X1X10 5X5X1X15 5X5X1X20

Max Pooling Max Pooling Max Pooling

Figure 3. Fundamental Architecture of CNN [2]

3.1.2 Cascaded Learning: By refining region proposals and using cascaded learning, coarse-

to-fine learning systems, such as the CRAFT model, improve detection performance.

3.1.3 Adversarial Learning: We employ models such as perceptual GAN and GAN-trained
models. Using adversarial learning, faster R-CNN improves detection robustness

against adversarial cases.

3.1.4 Learning from Scratch: As demonstrated in DSOD and gated recurrent feature
pyramids, training detectors from scratch mitigates optimization issues and overcomes

the constraints of pre-trained models.

3.1.5 Imbalanced Sampling: We use strategies like random sampling and focus loss to
address both positive and negative sample imbalances in order to improve classification

and detection accuracy.
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3.1.6 Distillation of Knowledge: By transferring knowledge from ensemble models to a
single optimal model, knowledge distillation—which makes use of teacher-student

training schemes improves detection performance.

3.2 Strategies for the Testing Stage: Elimination of Duplicates: For both single-stage and
double-stage detectors, the Non-Maximum Suppression (NMS) operation is essential for

removing redundant predictions and improving accuracy.

3.2.1 Model Acceleration: Light-Headed R-CNN and MobileNet are models that prioritize
computational efficiency for practical applications. Additionally, techniques such as Soft-

NMS reduce redundant predictions without completely discarding them.

3.3 Additional contemporary learning methodologies: multi-scale predictions use image
pyramids to enhance detection performance by combining predictions made at different
object scales. Horizontal flipping enhances performance by considering flipped versions
of input photos, a technique commonly used during testing. These learning methodologies
help to advance object detection by resolving issues and improving detection models'

capabilities.
4. Analysis and Discussion

Obiject detection involves determining whether an object belongs to a specific category and
subsequently locating and identifying it within an image. Researchers commonly employ
bounding boxes to depict the precise positioning of objects. Researchers utilize complex
datasets from diverse fields to achieve specific objectives and establish a standardized
benchmark for comparing different algorithmic methods. Previously, face detection methods
relied on ad-hoc datasets, but recent advancements have led to the development of advanced
face detection datasets. Additionally, to address challenges like pedestrian detection and
generic object detection, we have created datasets containing widely used benchmarks like
PASCAL VOC, ImageNet, and MSCOCO [2]. This section provides a comprehensive
overview of widely recognized datasets, accompanied by a thorough evaluation of their
efficacy. Table 1's research demonstrates the diverse range of approaches and applications for
item detection in the field. Many research studies employ deep learning techniques,
emphasizing their versatility across various domains. Studies, such as [1], emphasize the
importance of considering the specific ecological context of video trap data. These studies
show how we can customize deep learning techniques to detect specific items in various

environmental settings. Conversely, [2] takes a comprehensive approach, conducting a
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thorough analysis and assessment of object recognition methodologies based on deep
learning. This resource is extremely advantageous for scholars and professionals who seek to
understand the most sophisticated methodologies. Multiple articles, including [3] and [4],
concentrate on specific uses, such as datasets for unmanned aerial vehicles (UAVS) at low
altitudes, showcasing the effectiveness of deep learning-based object detection in various
situations. Research such as [6], which introduces a Multi-Object Detection and Tracking
(MODT) machine learning model for video surveillance systems, underscores the significance
of real-time applications. This aligns with the growing need for prompt and precise
identification of items in real-life scenarios. Furthermore, these studies provide not only
methodology enhancements but also additional benefits. For instance, the study [17]
emphasizes the potential impact of object detection in agriculture and disease control. It
focuses on improving object detection, specifically tomato disease identification. In addition,
[18] proposes a multi-agent system to enhance multimodal object detection by integrating
multiple input sources. Collectively, these studies illustrate the versatility of object detection
techniques across diverse contexts and their potential to significantly address specific issues.
The publications exhibit a prominent inclination towards specific applications. An example
of this is [17], which illustrates the use of deep learning in agricultural contexts, specifically
improving tomato disease identification through object recognition. References [6], [13], and
[20] discuss the emergence of machine learning models designed specifically for real-time
video surveillance, object identification systems, and video applications, underscoring the
significance of real-time applications in these studies. The requirement for real-time
capabilities further emphasizes the usefulness of this technology in dynamic environments
and surveillance scenarios. Moreover, authors [18] and [25] underscore the significance of
adaptive models and multimodal capabilities in their research. These features enhance the
ability of object detection systems to withstand and adjust to difficult real-world situations.
The publications demonstrate a range of methodologies, including the development of highly
compact CNNs like YOLO Nano [11] and the introduction of novel frameworks for semi-
supervised learning in object detection [12]. Furthermore, [10]'s integration of federated
learning in real-time object detection demonstrates the exploration of innovative methods to
improve system efficiency and privacy. Furthermore, studies such as [16] and [24], which
focus on object detection in specific fields such as aerial photography and operator interface
images to identify diseases and banana plants, demonstrate the increasing utilization of object

detection across different areas of study. These results demonstrate the continuous
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development of object detection methods and their versatility, applicability, and proficiency

Table 1: Comparison of Some Related Work

Cont.rlbutlon/ Method Dataset anq Afm Purpose of the Ref. and
Achievement Objective Paper years
Provided
insights into the Evaluate deep
performance of . Ecological | Detect objects in | learning object
. . Deep learning . .
object detection obiect detection | cdmera ecological detection [1]12018
methods in ) trap data | camera trap data | methods for
ecological ecological data
settings.
Comprehensive . .
. Review and Survey and Summarize and
overview of . .
. . analysis of comprehensive analyze the
existing object . :
) deep learning- analysis of deep | state of the art
detection . - . ) [2] 2020
. based object learning-based in deep
techniques and . . . .
their detection object detection | learning-based
. techniques techniques object detection
characteristics.
A
comprehensive . Evaluate and
Survey of object
survey of . Low- . compare deep
o Deep learning- . detection .
existing . altitude ; learning-based
based object methods in low- . . [3]12020
methods for . UAV . object detection
. . detection altitude UAV .
object detection datasets datasets in UAV
in UAV datasets
datasets.
In this work we
have proposed suggest a novel
an intelligent for processing fast algorithm
machine Autonomous natural images for visually
learning system | object detection and not to salient object
. . . MRSA . : i
with capacity of | and recognition mimic precisely detection, [4] 2020
. dataset
autonomous based on visual human robust to real-
learning of saliency psychological or world
objects present vision system illumination
in real conditions
environment
P‘ropi)ls'ed an o Develop a
Vilsrilz)il ;g:gm learl\r/lliarf -l‘tr:aesed Autonomous mgchine
y \rning - object detection | learning-based |  [5]2014
for autonomous intelligent . intelligent
bject detection | vision system and recognition ‘o
opjec ct y vision system
and recognition. for object
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detection and
recognition

Introduced a
machine

Multi-object

Develop a real-

) detection and . . time MODT
learning model . Real-time video .
. tracking . machine
for real-time - surveillance . [6]2020
L. (MODT) learning model
multi-object . systems .
detection and machine for video
tracking learning model surveillance
Applied object Machine- Implement
detection in . Reservoir machine
: learning-based S L
reservoir biect d . characterization | learning-based
characterization | * ect detection ) through object | object detection (2172021
: for reservoir 1 90) ) :
for improved characterization detection for reservoir
characterization. characterization
Investigated the L
application of ﬁgghﬁ‘;ﬁ?ﬂd Object detection EXP llor(eleaend
deep learning in p learhing - using deep PPiy ceeh [22] 2021
for object . learning for
the context of . learning . .
object detection, detection object detection
Developed an
el:f;;fl_iireld End-to-end Train a neural | Apply machine
learnine model machine Simulated network for learning for
£ learning for object detection | object detection | [23] 2020
for object : data . ..
detection in expenmpntal in video in video
experimental physics microscopy microscopy
physics.
Proposed
FedVision, an Online visual Develop an
online visual | object detection Real-time object | online platform
object detection platform i detection using for real-time 1241 2020
platform powered by federated object detection
powered by federated learning using federated
federated learning learning
learning.
Introduced : :
YOLO Nano, a | YOLO nano: A cDoifllg:C??lgI}ig
highly compact | highly compact i Compact object (?NN for [25]2023
CNN for object detection detection CNN efficient obiect
efficient object CNN o0l
detection. detection
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framework for
object detection.

framework for
object detection

supervised
learning in
object detection
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detection . . Real-time object . .
. Detection using - . detection using [21] 2021
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system for for optical monitoring of | object detection
object detection | monitoring of spatters in optical
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Developed a
deep learning Real-time Design a real-
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object detection
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L . Object detection for object
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in addressing complex issues across various domains. Figure 4 visually represents the
contributions of various methodologies from Table 1, highlighting the diversity in aims and

objectives across the studies.

Comparison of Contributions Across Different Methodologies
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Figure 4: Horizontal bar chart comparing the contributions of methodologies in Table 1. Bars

represent methodologies; the x-axis shows the number of contributions.
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5. Conclusions

This study has explored the advancements and methodologies in object detection, particularly
focusing on deep learning-based approaches. Through a comprehensive review of the literature
and recent developments, it is clear that object detection continues to evolve with significant
improvements in accuracy, speed, and efficiency. The use of advanced backbone networks,
data augmentation techniques, and refined learning strategies such as adversarial learning and
knowledge distillation has contributed to enhancing the robustness and precision of detection
models. Furthermore, the development of real-time object detection systems for dynamic
environments, as evidenced by studies on video surveillance, agricultural applications, and
UAVs, highlights the practical significance of these advancements. The integration of
lightweight architectures like MobileNet and advanced systems like multi-agent learning
further demonstrates the potential of object detection to adapt to diverse application domains,
from ecological monitoring to smart manufacturing. However, challenges remain in addressing
issues such as imbalanced sampling, localization precision, and handling varying object scales.
Future research should focus on refining these methods, exploring hybrid models, and further
optimizing real-time detection capabilities to meet the demands of complex, real-world
applications. This study has emphasized the importance of selecting appropriate methodologies
based on the specific application and context, underlining the versatility of object detection
technologies. The findings underscore the continuing progress in the field and the promising

potential for further breakthroughs that will drive the future of intelligent visual systems.
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