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 Image analysis for perfect object detection is considered one of the most important and 
challenging modern fields of technology in our time at all, which is related to the various 
tasks of computer vision (CV), image processing, and artificial intelligence (AI). In addition, 
to a continuous and noticeable development in the mechanisms and techniques of object 
detection and recognition in high-resolution visual imagery and in low-resolution infrared 
(IR) and X-ray imagery. The main goal of the task of image processing for object detection 
techniques is to accurately identify the position, size, and boundaries of one or more objects 
within a certain image or video. This task involves multiple steps for the subtasks of different 
techniques like image classification, image recognition, image localization, image 
segmentation, image enhancement, and so on. In the last few years, the rapid advances and 
development in deep learning (DL) techniques have greatly accelerated the momentum for 
better utilization of multiple subtasks of object detection technology. Therefore, the 
performance of object detection for visual image processors and trackers has greatly 
improved, achieving significant breakthroughs in object detection. 
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1. INTRODUCTION 
 

A crucial computer vision (CV) job and one of the most 
important areas of artificial intelligence (AI) nowadays is 
object detection. As a result, a major factor in its rapid overall 
development is the improvement of object detection 
performance. Deep learning (DL) object detection and 
tracking, which are the core building blocks of many 
contemporary CV applications, are among the most recent 
technological developments in CV [1-10]. For instance, object 
detection enables anomaly detection, robot vision, intelligent 
healthcare monitoring, autonomous driving, and more. Every 
AI vision application often calls for a blend of various 
algorithms that create a pipeline with a number of processing 
steps.  

The aim of the object detection task is to detect and locate 
one or more objects of interest in visual images or videos [11-
20], as shown in Figure 1 and Figure 2. The task is to 
determine the location and boundaries of objects in the image 
and categorize those objects. Every object class has its own 
special features that help in classifying the class; therefore to 
deal with detecting instance objects of a certain class (such as 
humans, animals, buildings, cars, etc.) in proposal images and 
videos [21-38].  So, each class object detection task depends 

on specific features that are appropriate for the algorithm used 
[39-58]. In this paper, we focus on clarifying and explaining 
the nature of the overlap and intertwining between the 
different subtasks, such as image classification, image 
recognition, image localization, image segmentation, image 
enhancement, and more [6, 19-21]. This approach is clarified 
in Figure 3, and it is needed to improve the overall 
performance of the detection [59-71].  

Machine learning (ML) is a subfield of AI that primarily 
entails pattern learning from examples or sample data as the 
machine accesses the data and learns from it. On the other 
hand, DL is a particular type of ML that incorporates learning 
at several levels. In general, in our research paper, we reveal 
that the improvements in object detection techniques continue 
to surpass the performance gains of all their subtasks [39]. 
Object detection from normal and low-quality images is 
illustrated with the examples in Figure 1 and Figure 2. 

Applications for object detection, or instances in which 
object detection is employed, are incredibly flexible; there are 
practically endless ways to let computers see like people in 
order to automate manual chores or develop brand-new, AI-
powered products and services. It has been included in CV 
applications used for many different purposes [6-11, 20] for 
the most popular and recent CV applications [60]. 
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Figure 1. Sample for detection of one and multiple objects on a road 
 

Advantages and Disadvantages of Object Detection: 
Object detectors are very adaptable and can be trained for a 
variety of jobs and unique, special-purpose applications. 
Automating processes (counting, inspection, verification, etc.) 
throughout company value chains might benefit from the 
automatic identification of things, people, and scenes [56, 57]. 
However, the main drawbacks of object detectors are that they 
are computationally expensive and need a lot of computing 
power. Operating expenses can quickly rise, particularly when 
object detection algorithms are used at scale [37, 42], posing a 
threat to the economic feasibility of corporate use cases. 

The field of image processing and object detection tasks for 
several degrees of resolution in the assumed image, whether it 
is visual, IR, or X-ray, is not easy to accomplish. Especially 
with detection in low-quality images like IR and X-ray. So, we 
need to go ahead with more advanced evolution in this field 
with the purpose of finding and locating instances of semantic 
objects of a certain class in both types of specified images: 
high-quality resolution of visual images with specific features, 
and low-quality resolution (IR and X-ray) images. 

For this reason, the branch of image processing and analysis 
for different resolution patterns has become an extremely 
important technology because it has been widely used in all 
fields of people’s lives, for example, in fields of machine 
vision, intelligent transportation, security monitoring, 
autonomous driving, aerospace, military, medical diagnoses 
for healthcare treatment, and so on. 

This research paper will provide an introduction to object 
detection technology and detector models of detectors to 
achieve fast and accurate object detection, whether we deal 
with high-quality resolution images or low-quality resolution 
images. It is considered a fundamental requirement for CV, 
ML, DL, and AI. Secondly, it provides an overview of the 
main steps of object detection algorithms and subtask 
techniques related to perfect detection [72]. Thirdly, the 
development of object detection and DL, and finally a brief 
history of low-quality images and especially the techniques of 
IR and X-ray images are presented. 

 
1.1 Object detection – features – implementation 

 
The object detection task steps in our research paper are 

given. We detect and locate the normal and visually specified 
object by determining the special feature points in the image 
as described in Figure 2. 

We determine and visualize the matched feature points of 
the specified object in the proposed image of forest. As shown 
in the block diagram in the following Figure 2. 

 

 
 

Figure 2. Block diagram showing the detection of a specified 
object in a visual image with determination of the feature 

points 

2048



 

2. MAIN STEPS OF THE OBJECT DETECTION 
 
The object detection task needs many subtasks combining 

image classification and object localization to identify, 
categorize, and classify objects in an image or video [59-61]. 
The following key steps constitute the basic object detection 
process: 

•Input one or multiple images into an algorithm of object 
detection [5-8, 11]. 

•This algorithm analyzes the given image(s). 
•The algorithm sets a bounding box around the object to 

identify its location and specifies a type and a class label for 
that object using image classification. 

•After the step of determining the type and classification of 
the object, the algorithm shows where the object is in the 
image.  

•Then, the algorithm outputs the location, size, type, and 
class label for each object in the image(s). 

There are several different object detection algorithms, 
including R-CNN [18], Fast R-CNN [14], YOLO [41, 54, 55], 
and Single Shot MultiBox Detector (SSD) [13, 62]. These 
algorithms use a variety of techniques, including CNNs [5-8, 
11], region-based fully convolutional networks, etc. 

 
 

3. RELATIONS AND CONNECTIONS BETWEEN THE 
TERMINOLOGY OF OBJECT DETECTION AND THE 
MULTIPLE SUBTASKS IN CV AND ARTIFICIAL 
INTELLIGENCE  

 
To precisely detect, locate, and identify objects in an image, 

we need to understand the methods based on DL and ML to 
allow computers to recognize and discover objects in digitally 
specified images or video [63, 68]. The basic objective of 
object detection is to precisely identify one or more objects in 
a given image or video, as well as the position, size, and class 
label of each [69]. This method entails many key steps of 
subtasks, which are implicitly presented, like image 
classification, image recognition, image localization, image 
segmentation, image enhancement, and so on [19-21].  

 
3.1 Object detection versus image classification 

 
The process of labeling, categorizing, and classifying an 

image as containing a specific object based on established 
guidelines helps to clarify what it includes, clearly. An image 
of a zebra, for example, might be labeled as a “zebra”, and an 
image of a giraffe can be labeled as a “giraffe”, as can be seen 
in Figures 3 and 4. 

Convolutional neural networks (CNNs) and other DL 
models are frequently used in image classification to assess 
and classify images based on their visual features and 
characteristics [11, 20]. Therefore, the classification has the 
benefit of providing a better option for tags like "blurry" or 
"sunny" that do not actually have physical bounds [66].  

However, for recognizable objects, object detection systems 
generally outperform standalone classification networks by 
incorporating spatial localization alongside categorization 
[52].  

Simply, object detection is a little more sophisticated 
because it draws a bounding box around the object that has 
been detected. After classifying an image, the classifier works 
on the entire image to produce a tag. The classifier analyzes 
the entire image, and the tag appears when it is appropriate. 

3.2 Object detection versus image localization & image 
recognition 

 
Finding a specific object position and size within an image 

is known as object localization. To make it simpler for 
machines to recognize the object, a bounding box is drawn 
around it and a class label is given to it [10, 11, 19]. 

Object detection and image recognition are sometimes 
confounded; however, there are some important distinctions 
between both of them, as shown in Figure 4.  

Without localizing or pinpointing the actual location of the 
objects, image recognition refers to the analysis of a full image 
and identification of the things therein. Contrarily, object 
detection entails both object recognition and object 
localization within an image [35]. Comparatively, object 
detection is a more challenging task than image recognition. 

For instance, while image recognition can identify and 
classify a specific object within an image, it cannot pinpoint 
its exact location. Object detection, on the other hand, goes a 
step further by not only recognizing the object but also 
determining its precise position and outlining it with a 
bounding box [70]. 

 
3.3 Object detection versus image segmentation 

 
Image segmentation is the process of identifying which 

pixels in an image belong to a specific object class. While 
semantic segmentation labels every pixel associated with a 
given class, it does not differentiate between individual 
instances of the same entity. 

Instead, object detection will clearly indicate the location of 
each unique object with a box rather than segmenting the 
object. 

Instance segmentation bridges semantic segmentation and 
object detection by first locating object instances and then 
segmenting each within its detected bounding box [21]. 

To effectively recognize objects and classify an image, it is 
essential to first understand its structural composition. As 
illustrated in Figure 3, image segmentation serves this purpose 
by partitioning the image into meaningful components. 

 

 
 

Figure 3. Image classification vs. object detection vs. image 
segmentation 

 
The image can be divided or partitioned into a number of 

segments. Since some areas of the image will have no 
information, processing the full image at once is not a good 
idea. We can use the crucial portions of the image after 
segmenting it for processing. 

Essentially, successful image segmentation partitions an 
image into distinct pixel sets based on shared attributes. Unlike 
object detection models, which merely enclose entities within 
rectangular or square bounding boxes that omit structural 
shape details, segmentation models generate pixel-wise masks 
for each object. This pixel-level precision provides a 
significantly more accurate representation of object geometry 
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within the image [1, 19-21]. 
With this knowledge, we want to have a better 

understanding of image categorization, localization, object 
recognition, and segmentation, as illustrated in Figure 3 and 
Figure 4. 

Briefly, image classification enables us to categorize the 
information included in an image. While object detection 
pinpoints the locations of many things in an image, image 
localization only specifies the location of a single object in an 
image [35]. A pixel-by-pixel mask of each object in the image 
is created using image segmentation at the end. Image 
segmentation will enable us to recognize the forms of various 
objects in the image. 

 

 
 

Figure 4. Description of image classification, image 
localization, image segmentation, and object detection into a 

different image shape 
 

3.4 Object detection versus image enhancement 
 
Techniques for image enhancement are becoming more and 

more necessary to boost image recognition and object 
detection.  

CNN-based object detection is a popular area of study in 
CV. In the real world, hotspots for object detection 
technologies include autonomous driving, pedestrian 
detection, and other uses [27, 29-34].  

Academic object detection research has advanced 
significantly, especially since DL became popular. However, 
images taken in the real world frequently include a variety of 
quality issues, such as low light, low resolution, and color 
distortion, which greatly affect how well different detection 
algorithms work [46]. It is a common practice to firstly employ 
certain enhancement techniques to recover a high-quality 
image from the original image, followed by object detection 
on the recovered image [27, 29-34]. 

 

 
 

Figure 5. Description of infrared (IR) image enhancement, 
which is considered a preprocessing task before the task of 

object detection and recognition in different IR image shapes 

As shown in Figure 5, when light levels are low, the lighting 
(illumination) aspect of the image has a big influence on object 
detection quality. As a pre-processing technique, low-light 
image enhancement techniques can increase image quality and 
yield better detection results [49-51]. 

However, the complexity of low-light situations may cause 
the present enhancement strategies to negatively affect some 
samples. Consequently, improving the total detection 
performance in low-light conditions is difficult. There are 
several factors, such as fog, rain, a sudden shift in illumination, 
or lack of illumination, that reduce the quality of captured 
images. Object identification and recognition for cars, people, 
fixed objects, and traffic lights may not succeed if the quality 
of the obtained images is compromised. Numerous image 
enhancement strategies have been suggested and assessed in 
order to increase the rate of object identification, recognition, 
and detection [43, 67]. 

Nowadays, several academic research works concentrate on 
image enhancement techniques to enable more advanced 
techniques for the object detection and recognition 
environment [27, 29-34].  

 
3.4.1 Methods and techniques 

There are many commonly used methods to achieve the 
performer’s goal of image enhancement and improvement, 
and we will review some of them in this section: 

* Image enhancement based on histogram matching; this 
method will rely solely on the histogram matching (HM) tool, 
which will be utilized to improve the enhancement of IR 
images. It is noteworthy that visible images will have a better 
histogram distribution than other IR images, which are known 
to have band-limited histograms. In order to solve this, we 
might consider altering the histogram that depicts the IR 
image, which is dispersed throughout a specific range of the 
visible images. This would improve the IR image visual 
quality. The procedure described above, called histogram 
matching, involves altering the mean and specified variance of 
each IR image based on the counterparts in the particular 
visible images. The main idea of HM depends on stretching 
the low-contrast IR image histogram to match a high-contrast 
visible image, which is rich in details. We can use the 
mathematical model for the calculation steps and equations of 
HM summarized as follows: 

Compute the mean of the original IR image from g(m,n) 
 

𝑔𝑔� = � �𝑔𝑔(𝑚𝑚,𝑛𝑛)
𝑁𝑁

𝑛𝑛=1

𝑀𝑀

𝑚𝑚=1

 

 
where, M and N represent the dimensions of the IR images.   

Compute the mean of the reference visual image f(k, l) 
 

𝑓𝑓 = ��𝑓𝑓(𝑘𝑘, 𝑙𝑙)
𝐿𝐿

𝑙𝑙=1

𝐾𝐾

𝑘𝑘=1

 

 
where, K and L are the dimensions of the reference image. 

Estimate the standard deviation of the IR image r1 (𝜎𝜎1). 
 

𝜎𝜎1=�
1
𝑀𝑀𝑀𝑀

� �(𝑔𝑔(𝑚𝑚,𝑛𝑛) − 𝑔𝑔�)2
𝑁𝑁

𝑛𝑛=1

𝑀𝑀

𝑚𝑚=1

 

 
Estimate of the STDEV of the reference image r2 (𝜎𝜎2). 
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𝜎𝜎2=�
1
𝐾𝐾𝐾𝐾

���𝑓𝑓(𝑘𝑘, 𝑙𝑙) − 𝑓𝑓�2
𝐿𝐿

𝑙𝑙=1

𝐾𝐾

𝑘𝑘=1

 

 
Estimate the correction factor C by dividing the standard 

deviation of the reference image by the standard deviation of 
the IR image. 

 

𝐶𝐶 =
𝜎𝜎2
𝜎𝜎1

 

 
Compute the modified mean factor 𝑓𝑓𝑐𝑐. 
 

𝑓𝑓𝑐𝑐 = 𝑓𝑓 − 𝐶𝐶 ∗ 𝑔𝑔� 
 
Estimate the matched histogram 𝐹𝐹𝐻𝐻. 
 

𝐹𝐹𝐻𝐻 = 𝑓𝑓𝑐𝑐 + 𝑓𝑓 ∗ 𝐶𝐶 
 
* Image enhancement based on fuzzy logic methods; many 

kinds of fuzzy image enhancement methods have been 
proposed in the fields of research, including: fuzzy contrast 
adjustment, subjective image enhancement, fuzzy image 
segmentation, fuzzy edge detection, and fuzzy image 
enhancement methods. While some of these methods directly 
improve the image from grayscale images, the majority rely 
on image binarization.  

In the field of image enhancement, the concept of fuzziness 
has been widely utilized in recent years by other researchers to 
enhance the contrast of the image. To obtain an image with a 
higher contrast, the fuzziness concept has been applied as a 
final stage of the image processing operation. The general 
structure of the fuzzy enhancement technique consists of three 
basic stages: fuzzification, performing some operations on 
membership values (membership modification), and 
defuzzification. An image of size M×N and L gray levels can 
be considered fuzzy by assigning a membership function to the 
image. This work uses an intensification operator to increase 
the image contrast and to reduce the fuzziness.  

The idea of fuzziness has been widely applied by other 
researchers in the field of image enhancement in recent years 
to improve the contrast of the image. The fuzziness notion has 
been used as a last step in the image processing process to 
produce a picture with a higher contrast. The fuzzy 
enhancement technique is generally divided into three stages: 
defuzzification, fuzzification, and membership modification, 
which involves performing certain operations on membership 
values. A membership function of an image can be used to 
classify an image of size M×N and gray levels L as fuzzy. The 
intensification operator is used in this work to minimize 
fuzziness and boost contrast in the image. 

Enhancing the resolution of the image was a top priority 
over the last few decades, and numerous methods have been 
created to address this issue. These algorithms aim to improve 
the low contrast and low resolution of the images, while 
producing more detailed high-resolution images.  

High-resolution images can be produced using super-
resolution techniques in conjunction with several observations 
or only one observation. Many super-resolution approaches, 
like single-frame super-resolution, have been developed by 
utilizing dictionary techniques and the DL concept. The goal 
of many studies nowadays is to convert LR images to HR 
images by employing fuzzy models for image sharpening and 

techniques based on the interpolation concept. 
The two types of models mentioned above are considered 

among the most important and commonly used technologies 
in this research field. The process will start by applying the 
mathematical description model of histogram matching to the 
registered images; then the fuzzy logic methods for image 
enhancement and fusion process will be used to produce and 
obtain better HR image. 

 
 

4. THE DEVELOPMENT STAGES OF OBJECT 
DETECTION AND DEEP LEARNING 

 
The development of object detection over the last 20 years 

is broadly categorized into two historical periods [1-12]. 
Recent breakthroughs in DL have substantially elevated 
detection performance, expanding its applicability. In this 
review, we examine recent techniques individually to 
highlight the interplay between various components and their 
collective impact on performance. 

Neural network-based approaches and non-neural methods 
are the two main groups into which object detection techniques 
usually fall [65]. For non-neural approaches, it is necessary to 
perform classification using a technique such as support vector 
machines (SVMs), after first defining features using one of the 
popular methods. In contrast, neural techniques, which 
frequently rely on CNNs [5, 6, 11], are able to perform end-to-
end object detection without requiring explicit, handcrafted 
feature extraction [53]. 

  
4.1 The first stage (Before 2014) 

 
The first stage encompasses traditional, non-neural object 

detection methods developed prior to 2014. These approaches 
typically involve a multi-step pipeline reflecting the early 
evolution of object detection [5, 18], outlined as follows: 

•Viola–Jones object detection technique, the first common 
detector based on features. 

•Scale-invariant feature transform (SIFT), the most popular 
traditional detector, pioneering research work in object 
detection [15].  

•Histogram of oriented gradients (HOG), a famous and the 
most often used feature descriptor for object detection in CV 
and image processing [17, 45]. 

 
4.2 The second stage (After 2014) 

 
The second stage encompasses DL object detection 

methods based on neural network architectures (post-2014). 
As documented in previous studies [1-4], these approaches 
represent the subsequent evolution of DL object detection, 
detailed as follows:  
 Two-Stage Proposal Object Detection 

Two-stage methods prioritize detection accuracy. 
Prominent algorithms in this category belong to the R-CNN 
family, which includes milestone architectures such as R-CNN 
[13], SPPNet, Fast R-CNN, Faster R-CNN [14], Mask R-
CNN, R-FCN, and Cascade R-CNN. 
 One-Stage Proposal Object Detection 
One-stage methods prioritize inference speed. Prominent 
algorithms in this category include the single shot multi-box 
detector (SSD) [18], RetinaNet, and the You Only Look Once 
(YOLO) family [54, 55], which encompasses models such as 
YOLO, YOLOv2, YOLOv3, YOLOv4, and YOLOv5. 
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4.2.1 Evolution of object detection within different methods 
for models and algorithms 

In this study, we investigate advanced techniques and 
algorithms to achieve highly efficient and robust object 
detection across diverse image modalities. 

Object detection and recognition have changed dramatically 
over time, moving from conventional CV techniques to 
sophisticated DL models. 

The fields of CV and DL-based object detection have 
experienced substantial progress, with CNNs and Vision 
Transformers (ViTs) currently standing as the two dominant 
paradigms [53, 64].  

Leading this progression, the YOLO family of models 
continues to redefine the boundaries of real-time object 
detection. YOLO reformulates object detection as a unified 
regression problem, directly predicting bounding boxes and 
class probabilities from entire images in a single evaluation. 
This groundbreaking approach enables YOLO architectures to 
achieve significantly higher inference speeds than traditional 
two-stage detectors while maintaining high accuracy. Through 
successive architectural enhancements, each YOLO iteration 
has continuously advanced performance across multiple 
benchmarks [69]. Consequently, these models remain highly 
relevant, though selection depends on specific deployment 
constraints, available data, and computational budget. 

In our paper, we highlight the developments in CNN [5, 6, 
11] and YOLO models [54, 55], along with a practical 
application using YOLO. 

 
 

5. LOW-QUALITY IMAGES AND THEIR ORIGIN 
 
The main energy source for our planet is the sun, and solar 

energy is transmitted as electromagnetic radiation.  
At the speed of light, electromagnetic energy moves 

through empty space as waves of electric and magnetic fields 
with different frequencies or wavelengths [22]. 
 
5.1 Images composed of electromagnetic radiation 

 
In our daily life, electromagnetic radiation is a common 

occurrence. Electromagnetic (EM) spectrum waves span a 
broad spectrum, including visible light detectable by the 
human eye, radio waves powering communication receivers, 
microwave radiation used for heating food, X-rays enabling 
medical imaging, and ultraviolet radiation emitted by high-
temperature sources. 

Electromagnetic waves are the waves created by the 
interaction of vibrating electric and magnetic fields. Figures 6 
and 8 illustrate electromagnetic waves as oscillating electric 
and magnetic fields.  

In general, a charged particle produces an electric field. This 
electric field pushes other charged particles. While negative 
charges go more quickly in the opposite direction from the 
field, positive charges travel more quickly in the field 
direction. 

A moving charged particle generates a magnetic field. This 
magnetic field pushes other particles in motion. As the force 
acting on these charges is always perpendicular to their 
motion, it affects only the direction of the velocity and not the 
speed. This results in the electromagnetic field being produced 
by a charged particle that is accelerating. Electromagnetic 
waves are simply made up of electric and magnetic fields 
traveling at the speed of light (c) through empty space.  

 
 

Figure 6. Electromagnetic (EM) spectrum and comparison of 
wavelength, frequency, and energy for the EM spectrum 
 
A charged particle is said to be accelerating when it 

oscillates about an equilibrium position. An electromagnetic 
wave with frequency f is produced by a charged particle whose 
oscillation frequency is f. The equation λ = c/f can be used to 
determine the wavelength. 

Emitting waves is one instance of an energy transfer that 
occurs in space [22]. The range of electromagnetic wave 
frequencies, wavelengths, and photon energies that span from 
1 Hz to 1025 Hz, or wavelengths as small as a few hundred 
meters to as large as an atomic nucleus, is known as the 
Electromagnetic (EM) spectrum. The range of all forms of 
electromagnetic radiation is, thus, a fundamental definition of 
the EM. In a vacuum, the speed of all electromagnetic waves 
is equal to that of light. But for different kinds of 
electromagnetic waves, the wavelengths, frequencies, and 
photon energy will vary, as Figure 6 illustrates. 

Every electromagnetic wave, including radio waves, 
microwaves, visible light, and X-rays, oscillates in parallel 
electric and magnetic fields [22, 25]. Only their wavelengths 
are different. X-rays have wavelengths in the range of 0.01 to 
10 nm, but radio waves can have wavelengths of meters or 
even kilometers. 

Visible light makes up a very small fraction of the overall 
EM spectrum. Ultraviolet light, X-rays, and gamma rays are 
examples of electromagnetic waves with shorter wavelengths, 
higher frequencies, greater and higher intensity or brightness, 
and higher energy. Microwaves, radio waves, and television 
waves are examples of electromagnetic waves having longer 
wavelengths, lower frequencies, lower intensity or brightness, 
and lesser energy. So, the fact here is that the intensity and 
brightness of light vary with the values of the wavelengths, 
frequencies, and energy. 

Shorter wavelengths have higher energy, which is why 
radio waves cannot harm living things, while ultraviolet rays, 
whose shorter wavelengths cause sunburn, and X-rays can 
cause cancer and radiation sickness, due to longer wavelengths 
but lower energies. 

All forms of electromagnetic radiation are grouped and 
organized into the EM spectrum according to their 
wavelength. The relationship between the radiation frequency 
and energy and wavelength is inverse. 

 
5.2 Images composed with X-ray and infrared 

 
Both X-ray and IR radiation belong to the EM spectrum; 

however, they occupy distinct spectral regions situated on 

2052



 

opposite sides of the visible light band, as illustrated in Figure 
6. 

The EM spectrum represents the continuous distribution 
and categorization of electromagnetic waves according to their 
wavelengths and frequencies. As illustrated in Figure 6, this 
spectrum encompasses all forms of radiation within the 
universe. Among these, gamma rays exhibit the highest 
frequency band, whereas radio waves occupy the lowest, with 
the visible light spectrum situated near the center. 

Consequently, these variations in wavelength and frequency 
directly govern how electromagnetic radiation interacts with 
matter and how it is harnessed for image synthesis [22]. Thus, 
the foundational parameters of interest are radiation frequency 
(or wavelength) and the energy content per photon. 

Infrared (IR) radiation interacts with matter similarly to 
visible light, exhibiting comparable absorption and 
transmission characteristics across various media. Unlike 
lower-frequency radio waves, IR photons carry sufficient 
energy to induce vibrational transitions in molecular bonds, 
making IR radiation a highly efficient mechanism for thermal 
heating. Commonly emitted by objects at ambient and elevated 
temperatures, IR radiation is frequently termed 'radiant heat' 
[32, 33]. Although thermal energy itself corresponds to 
microscopic molecular kinetic motion rather than 
electromagnetic radiation, IR radiation both originates from 
thermal emissions and induces molecular thermal excitation, 
establishing a direct physical linkage between the two 
phenomena [32, 33].  

X-rays operate at high frequencies and energy levels, 
allowing photons to penetrate lower-density structures [25]. In 
clinical imaging, this behavior facilitates radiographic 
evaluation, as tissues attenuate X-ray beams proportionally to 
their physical density and opacity, producing high-contrast 
diagnostic imagery. 

Fundamentally, X-rays and IR radiation share similar wave 
properties, differing primarily in their wavelength-dependent 
attenuation and material absorption profiles. However, a 
critical physical distinction lies in their individual photon 
energies. Unlike IR photons, which lack sufficient energy to 
disrupt molecular structures, single X-ray photons possess 
high energies capable of breaking chemical bonds [22, 25–34]. 
Consequently, while IR radiation merely induces thermal 
vibrational excitation, X-rays act as ionizing radiation. Upon 
absorption, high-energy X-ray photons can induce molecular 
dissociation, potential cell damage, or DNA lesions [22, 25]. 
Due to the associated risk of radiation-induced oncogenesis, 
clinical applications strictly control X-ray dosage and employ 
protective radiation shielding, such as leaded barriers, to 
minimize exposure. 

However, the added risk with the responsible use of medical 
X-ray imaging is tiny, and with today’s modern technology, it 
is often zero. X-rays are weakly absorbed by air, and modern 
dental X-ray equipment is so sensitive that the X-rays used can 
be so weak that they are completely absorbed by a few feet of 
air. 

 
5.2.1 X-ray images 

X-rays serve a pivotal role across numerous scientific and 
technical disciplines. Beyond their transformative 
contributions to medical science and diagnostics, X-radiation 
has played a foundational role in quantum mechanics, 
crystallography, and astrophysics. In industrial and security 
domains, X-ray scanning systems are routinely deployed to 
detect structural flaws in manufactured components and screen 

for contraband or hazardous materials at transit hubs [25-29, 
36]. 

Here are options for rewriting the historical account of 
Roentgen's discovery. The revisions correct several historical 
and physics inaccuracies in the original draft—such as the 
nature of theCrookes tube, the physics of cathode rays vs. gas 
discharge, and the mechanism behind the phosphor screen 
illumination—while raising the prose to IEEE/Springer 
academic standards. 

In 1895, the German physicist Wilhelm Röntgen discovered 
X-rays during experiments with cathode rays in gas discharge 
tubes. Röntgen observed that a nearby barium platinocyanide 
screen glowed fluorescently when the discharge tube was 
energized. Although cathode rays were known to induce 
fluorescence, the effect persisted even after the tube was 
completely enclosed in heavy black cardboard to block all 
visible and ultraviolet light. When various opaque objects 
were placed between the tube and the screen, the fluorescence 
remained largely unattenuated. To confirm that a novel form 
of penetrating radiation was responsible, Röntgen placed his 
hand between the tube and the screen, projecting a distinct 
image of the underlying skeletal structure. This landmark 
experiment simultaneously revealed the existence of X-rays 
and demonstrated their initial diagnostic application [22, 23, 
25]. 

Röntgen’s discovery represents one of the most 
transformative medical milestones in history, pioneering non-
invasive diagnostic radiography. X-ray technology enabled 
clinicians to evaluate bone fractures and identify foreign 
objects within the human body without surgical intervention. 
Subsequent advancements in X-ray diagnostic modalities 
further expanded these capabilities to include the detailed 
visualization and delineation of blood vessels and internal 
biological organs. 

Fundamentally, X-rays and visible light are both 
constituents of the electromagnetic spectrum, though X-rays 
possess significantly higher photon energies. To elucidate the 
physical differences between these two radiation domains [22, 
25], their properties are evaluated through photon energy, 
wavelength, and frequency, which are interrelated by the 
following fundamental expressions: 

 
Photon energy = Planck constant × Frequency          E = hv 

 
Frequency = Speed of light / Wavelength                  v = c/λ 

 
X-rays have more energy than visible ray photons, which 

means that their frequencies are large and their wavelengths 
are short [22]. 

Therefore, X-rays are invisible rays for us, just like radio, 
IR, and ultraviolet rays, but the difference between all these 
rays is their properties in terms of photon energy, frequency, 
and wavelength.  

 
5.2.2 Infrared images 

IR vision is a critical technology in several military [29] and 
civilian applications as shown in Figure 7. These applications 
include environmental monitoring, biological diagnostics, and 
thermal probing of active microelectronic devices [30-34]. 

Target acquisition, tracking, surveillance, and night vision 
are just a few of the military uses of IR technology. Its non-
military applications encompass weather forecasting, remote 
thermal monitoring, structural energy efficiency analysis, 
spectroscopy, and short-range optical wireless 
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communication. Furthermore, IR astronomy leverages sensor-
equipped telescopes to penetrate optically obscured regions of 
space—such as dense molecular clouds—to detect low-
temperature celestial bodies like exoplanets, as well as highly 
redshifted emissions from the early cosmos. 

 

 
 

Figure 7. Detection in X-ray images that describe work 
samples for object detection of different weapons in X-ray 

images using the YOLO detector model 
 
The body temperature distribution can be visualized using 

IR imaging. This modality holds significant potential for the 
non-invasive diagnosis and prognosis of various pathological 
conditions. Specialized IR cameras capture thermal radiation 
emitted from the body surface, generating high-resolution 
thermograms that map the spatial distribution of skin 
temperature and underlying vascular perfusion. 

Heatwaves are used to describe IR waves, which are created 
by heated molecules and bodies. Because thermal motion 
within matter excites molecular vibrational and rotational 
modes, emitted IR radiation lies immediately adjacent to the 
low-frequency, long-wavelength red boundary of the visible 
spectrum [22, 23]. 

The IR images have low contrast between the background 
and the targets or objects and a small signal-to-noise ratio 
(SNR). This intrinsic characteristic significantly diminishes 
target detectability and complicates feature extraction in 
thermal imaging scenarios. Consequently, advanced pre-
processing algorithms and clutter-suppression techniques are 
frequently required to enhance object-to-background 
discriminability prior to high-level CV tasks.   

Because IR images have poor contrast, image processing is 
required to improve them. Target objects within thermal 
scenes often lack sufficient pixel intensity for reliable 
identification, while background regions exhibit non-zero 
luminance due to ambient thermal radiation [30-34]. 
Consequently, specialized IR image enhancement techniques 
are indispensable for optimizing dynamic range and contrast 
prior to high-level CV tasks, as evidenced in Figure 5.  

Owing to its significance, a variety of pre-processing and 
enhancement methods for IR images have surfaced in recent 
years. These enhancement approaches are primarily 
responsible for improving object detection and recognition 
from IR images by expanding dynamic range, suppressing 
background clutter, and sharpening structural edge gradients. 

By mitigating thermal noise and increasing feature salient 
contrast, such techniques serve as crucial prerequisites for 
downstream feature extraction, classification networks, and 
automated target recognition (ATR) architectures. 

Here are options for rewriting the paragraph, strictly 
preserving your requested opening sentence while adding 
technical depth and elevating the biometrics and CV 
terminology to IEEE/Springer publication standards. 

 

 
 

Figure 8. Discovery & usage of electromagnetic radiation 
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Furthermore, image enhancement techniques can be used to 
improve the performance of advanced security methods that 
rely on IR gait recognition. By mitigating thermal blur, low 
spatial resolution, and environmental thermal noise, pre-
processing algorithms produce well-defined silhouetted gait 
sequences. This enhanced temporal and spatial clarity allows 
feature extraction networks to accurately isolate 
biomechanical motion patterns and stride dynamics, thereby 
significantly increasing biometric identification accuracy in 
low-visibility or nighttime surveillance operations. 

IR images have low contrast, low resolution, and inherent 
non-uniformity, making object recognition from them a more 
difficult process. It is necessary to first pre-process and treat 
IR images for effective object detection in order to solve this 
issue. To improve the quality of IR images, several research 
efforts have been introduced [30-34]. Effective object 
detection typically requires methods such as histogram 
equalization, histogram matching, and IR image super-
resolution. Among these, histogram-based processing has 
been widely adopted across numerous studies to achieve visual 
quality enhancement in thermal imagery [17, 32]. Moreover, 
DL-based IR image super-resolution has emerged as a highly 
promising research avenue. Historically, as illustrated in 
Figure 8, IR radiation was recognized as constituting a major 
portion of the electromagnetic spectrum since its initial 
discovery. 

 
 

6. DISCUSSIONS OF MODELS AND METHODS FOR 
THE EXPERIMENTAL IMAGE DETECTION 
RESULTS 

 
Figure 1 shows the experimental results of the detection and 

locating task for one or multiple objects in visual images by 
determining the location, boundaries, and categorization of 
those objects. 

The images in Figure 2 describe the task steps of the 
traditional object detection method by determining the specific 
and strongest feature points for objects in visual images [64] 
using the EstimateGeometricTransform function. 

The detection steps for a specified animal object in the 
image of a forest are as follows:  

1. Reading the images of an isolated animal object and the 
image of the forest.  

2. Detecting feature points, which are matched in both 
images (detect SURF features), for the image of the specified 
animal object and the image of the forest.  

3. Finding presumptive matching points of features 
(including outliers) by locating the animal object in the image 
of the forest and locating the animal object (without outliers).  

4. Detecting the animal object in the image of the forest 
using the EstimateGeometricTransform function, which gives 
the transformation relating the matched points and then gets 
the bounding polygon of the specified image, as can be seen 
from the images in Figure 2. 

The images in Figures 3, 4, and 5 refer to the different 
descriptions of the shapes for the output resulting images for 
each sub-task, which are considered key steps to reach 
functioning effectively for the basic task of object detection. 
These steps include sub-tasks such as image classification, 
image recognition, image localization, image segmentation 
(semantic or instance segmentation), and image enhancement. 
Together, these output descriptions illustrate the complete 
operational framework required for successful object 

detection. 
The images in Figure 5 describe the different results of the 

IR image enhancement, which is considered a preprocessing 
task before the object detection and recognition tasks to verify 
its effectiveness. However, images taken in the real world 
frequently, and especially IR images, include a variety of 
quality issues such as low light, low resolution, and color 
distortion, which greatly affect how well different detection 
algorithms work. It is a common practice to first employ 
certain enhancement techniques to recover a high-quality 
image from the original image, followed by object detection 
from the recovered image. 

As shown in Figure 5, when light levels are low, the lighting 
(illumination) aspect of the image has a big influence on object 
detection quality. As a pre-processing step, low-light image 
enhancement techniques can increase image quality and yield 
better detection results. Improving contrast and brightness 
during this stage allows detection algorithms to identify target 
features more reliably. These results have been obtained using 
MATLAB.  

The images in Figure 7 describe sample results in our work 
for weapons detection from X-ray images. We considered one 
or more different selected threat objects (gun, knife, and razor) 
for X-ray scanner baggage images using the YOLOv3 detector 
model in Python and X-ray imagery datasets (like GDXray, 
SIXray). 

The research was organized and arranged based on the 
progression of information related to the study and application 
of image processing for accurate object detection from a 
number of visual high-quality and low-quality images. The 
background of electromagnetic radiation was essential for 
understanding all its types of rays, especially the position of 
both IR and X-ray within the system, leading to their beneficial 
and harmful uses, how to handle low-quality images, how to 
detect objects, and how to address and resolve some problems 
encountered. 

 
6.1 Discussion of negative impacts of new models  
 
6.1.1 Processing low-resolution or blurry images  

We wanted to shed light on these types of images, which are 
difficult to handle directly in the object detection process. For 
example, regarding image enhancement, as we mentioned in 
our discussion, this process can either improve the image or, 
conversely, have a negative impact, exacerbating image 
problems and blurring. Therefore, the decision to use the 
technology or not depends on several factors and proportions 
within the specific image conditions. 

A key component of image processing systems is contrast 
enhancement. Enhancement is used to improve an image and 
facilitate visual interpretation, comprehension, and analysis. 
Otherwise, we leave the original image, as shown in the 
images in Figure 9. 

Contrast enhancement modifies the original image gray 
levels based on the light and dark edges of objects. 

Gray level enhancement techniques manipulate pixel 
intensities in the spatial domain, especially in low-contrast 
images, to improve visual interpretation (making the pure 
white and dark areas more visible), which improves image 
quality, contrast, and feature visibility. 

Each pixel in a grayscale image is given a specified range 
of intensity values, or brightness. The brightness of each pixel 
in a specified image is represented as an integer. For 8-bit 
images, this usually ranges from 0 (black) to 255 (white), and 
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for various shades of gray, it ranges from 1–254.  
 

 
 

Figure 9. Description of the negative effect for some samples 
of Infrared (IR) image enhancement, which is considered a 
failed preprocessing task to enforce enhancement strategies 

 
The application of an algorithm for image enhancement has 

been created and put into use based on the following fuzzy 
rules: 

• A dark pixel intensity results in a darker output. 
• The result will be gray if the pixel intensity is gray. 
• The output is brighter if the pixel intensity is high.  
The use of these rules in an image enhancement editor 

improvement and a fuzzy inference system is demonstrated in 
Figure 5 and Figure 9.  

 
6.1.2 X-ray weapon detection in port operations 

Also, we presented an example of one of the latest 
technologies used in object detection in general, and 
specifically in the field of weapons. However, it relies on 
numerous and sophisticated processes that require significant 
time for implementation, including learning, training, testing, 
the use of massive datasets, and the various models of the 
YOLO family. These methods must be studied and developed, 
and efforts must be made to reduce implementation time to 
obtain accurate results.  

Currently, the methods used in the detection of weapons are 
similar to traditional methods by determining the specific and 
strongest feature points for threat objects in visual X-ray 
scanner baggage images, as shown in the steps of Figure 2. Or 
by using the detection of X-ray scanner baggage images 
camera. 

X-ray scanners for baggage are made to see through the bag 
and show the contents within, not just the outside, by capturing 
them with two- or three-sided X-ray scanner baggage cameras 
and their detectors. The purpose of these devices is to detect 
hazards like guns, explosives, illegal drugs, and contraband by 
utilizing the principle of differential X-ray absorption (the 
materials absorb X-rays in different ways).    

These X-ray scanners allow image enlargement, take a 
reverse image and a three-dimensional image of each object 
individually, set specific colors for items in bags after 
determining their mass and density, create color-coded 2D or 
3D view images of the goods packed inside, and sometimes 
use CT scanners in modern airports.  

Modern scanners use a system called dual-energy X-ray 
scanner technology, which sends two different energy levels 

through the baggage, and then the computer can estimate both 
the location and the type of the object material inside the bags. 

 
 

7. CONCLUSIONS 
 
Object detection is a difficult task. Completing a variety of 

object identification tasks remains challenging due to 
variations in object appearance, form, and posture, alongside 
interfering factors such as lighting and shading. Additionally, 
consideration must be given to system costs and the balance 
between cost and accuracy. Designing algorithms that account 
for these complex parameters makes object detection a 
particularly demanding machine vision task [7-11]. 
Consequently, object detection is widely recognized as one of 
the most challenging areas in machine vision [1-4]. 

This paper has introduced the outlines of: 
* Two main categories of object detection methods that 

operate across different image and video formats: traditional 
methods [5-18] and DL-based methods [1-4], applied to 
original specified images or videos containing visual features 
as well as low-quality images [25-34]. 

* Some common and necessary subtasks that contribute to 
effective object detection performance [14-16], for example, 
image classification, image recognition, image localization, 
image segmentation, image enhancement, and others.  

* A popular area of study in CV is object detection using 
CNNs [25-34]. Image lighting has a significant impact on 
object detection and can substantially reduce detection 
accuracy in low-light situations. However, image quality can 
be enhanced, and superior detection outcomes can be achieved 
by applying low-light image enhancement as a pre-processing 
step. 

* By measuring the emission and absorption of light and 
other radiation as it interacts with materials, spectroscopy can 
be used for determining wavelength or frequency [22-24]. A 
light beam is scattered as it travels through material media. 
Due to interactions with substance atoms and molecules based 
on their resonance frequencies, these atoms and molecules 
respond to light waves of similar frequencies. A line spectrum 
is produced when light rays interact with an excited atom, 
releasing a range of distinct frequencies. The emission lines 
within this line spectrum are non-continuous and arranged 
systematically, producing light with specific wavelengths. 
Conversely, an absorption spectrum results when light with 
continuous wavelengths passes through a low-density 
medium, where specific lines are missing from the continuous 
spectrum due to atomic and molecular absorption at 
characteristic frequencies matching those of the light waves. 

* There are different modalities for images based on the 
electromagnetic spectral band used for imaging [22-26]. 
Popular imaging technologies include X-ray imaging, 
magnetic resonance (MR) imaging, computed tomography 
(CT) imaging, and IR imaging [30-34]. Although these 
technologies differ in their spectral bands and mechanisms, a 
common thread unites them; all can be utilized for biomedical 
applications. 

* The characteristics of electromagnetic radiation include 
its brightness, wavelength, frequency, and period. Light wave 
frequency and energy have been shown to be inversely related 
[22-24]. When energy quantization was discovered around the 
turn of the 20th century, it was recognized that light can be 
characterized both as a wave and as a collection of particles 
called photons. Photons carry discrete energy units known as 
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quanta, where the absorption of photons transfers this energy 
to atoms and molecules, while photons released by atoms and 
molecules can lose energy. 
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