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Preface

Research on digital imaging systems and computer vision systems has been increasing
in the last few years. An image sensor is one of the main blocks in a digital imaging
system, such as a digital still or video camera. This sensor captures a scene for use in
various imaging applications, including machine vision, time-of-flight (TOF) imaging,
topographic imaging, three-dimensional high-definition television (3D-HDTV), and
optical molecular imaging systems. For these reasons, the capabilities of image sensors
offer the answer to many researchers who utilize digital images.

This book contains a select number of chapters based on digital imaging systems, the
result of research conducted by several researchers and professionals who have made
significant contributions to the field of digital imaging systems. This book includes
the following chapters: Chapter 1, 360-Degree Image Denoising Using Grid-Based
Image Decomposition, proposes image denoising by dividing a 360-degree image into
multi-decomposed images using a superimposed grid of six-element grids covering a
spherical surface. The resulting rectangular images are denoised using the non-local
means (NLM) filter.

Chapter 2, Perspective Chapter: Advancement in CCTV Video Analytics — Leveraging
Face Recognition for Enhanced Security Solutions, explores the latest advancements
in CCTV video analytics and its applications, specifically in the domain of facial
recognition.

Chapter 3, Analysis of Similarity Structures for Star Identification in Blurred Images,
proposes a methodology for detecting stars in blurred images by developing a math-
ematical model based on probabilistic approaches, exploring the relationship between
the light dispersion of stars and a Gaussian distribution.

Chapter 4, Fire Detection Using Image Processing and Machine Learning, proposes a
two-stage fire detection method in agribusiness contexts utilizing k-Nearest Neighbors
(kNN) to classify images that contain fire.

Chapter 5, Object Detection Algorithms for Digital Imaging Applications: A Review
reviews the evolution of 2D object detection algorithms for digital imaging applica-
tions, focusing on their developments, models, applications, datasets, evaluation
metrics, strengths and weaknesses for a better understanding of their landmarks and
contributions to the advancement of the field.

Chapter 6, Usage of Wavelets in Image-Based Steganography, enables a comprehensive
comparison of the steganographic behavior of models that utilize low-frequency,



high-frequency, and multi-level sub-bands, assessing the impact of various wavelet
families, scaling factors, and decomposition levels.

I hope that readers find these chapters interesting and informative and that they serve
as a basis for future research or projects.

Francisco Javier Gallegos-Funes

Escuela Superior de Ingenieria Mecanica y Eléctrica,
Instituto Politécnico Nacional,

Mexico City, Mexico

XIvV



Chapter 1

360-Degree Image Denoising Using
Grid-Based Image Decomposition

Kenji Hara and Kohei Inoue

Abstract

Equirectangular projection images are widely used as input for 360-degree images.
However, due to the agglomeration of pixels in the polar regions, which requires
special processing, existing image denoising methods designed for general planar
images cannot be directly applied without modification. In this chapter, we propose
denoising the images by dividing a 360-degree image into multi-decomposed images
using a superimposed grid of six element grids covering a spherical surface. These
resulting rectangular images, which have nearly uniform spatial resolution, are then
denoised using the non-local means (NLM) method. The effectiveness of this method
is demonstrated by applying it to real 360-degree images.

Keywords: 360-degree image denoising, non-local means, overset grid method,
multi-decomposition of 360-degree image, upper latitude minimization

1. Introduction

Image denoising is often applied as preprocessing for a wide variety of computer
vision tasks, for example, image segmentation, contrast enhancement, frequency decom-
position, and feature extraction. Patch-based image denoising methods, such as non-local
means (NLM) [1], block matching and 3D filtering (BM3D) [2], non-local sparse model
(NLSM) [3], low-rank continuous orthogonal matching pursuit (LR-COMP) [4], patch-
based CNN (PCNN) [5], and patch-based adaptive temporal filter (PATF) [6], whose
weights are calculated on the basis of an image patch similarity measures, are still widely
used and the considered state-of-the-art algorithms. Patch-based image denoising
methods are designed for ordinary planar images, and if applied directly to spherical
images, such as 360-degree images (hereinafter referred to as “360-degree images”), they
fail to account for the following properties of latitude-longitude images, which are the
standard representation format for 360-degree images. This oversight can lead to incor-
rect calculations of patch similarity and weighted averages, resulting in undesirable
denoising: (1) the resolution is spatially non-uniform due to the significant variation in the
area ratio covered by each pixel, and (2) exceptional processing is required near the poles,
corresponding to the top and bottom areas of the latitude-longitude image.

Recently, an overset grid method called the Yin-Yang grid was independently pro-
posed by Kageyama and Sato [7] and Purser [8] for calculating spheres and spherical
shells in the field of earth science. The representation of a 360-degree image using the
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Yin-Yang grid offers several advantages over the latitude-longitude image representation:
(1) there are no singularities in the top and bottom regions of the image, eliminating the
need for special handling near the poles; (2) the area ratio covered by each pixel is
approximately 0.71 or greater, resulting in minimal variation and a more uniform spatial
resolution than a latitude-longitude image; and (3) the number of pixels is approximately
75% of that in a latitude-longitude image, reducing the number of redundant pixels.
Focusing on these advantages of the Yin-Yang overset grid, several applications in the
computer vision have been reported including feature point detection [9], saliency map
generation [10], and superpixel segmentation [11] for 360-degree images.

We propose a patch-based framework for denoising 360-degree images by using a
new overset grid method that improves the resolution uniformity of the Yin-Yang
grid. To achieve better spatial resolution uniformity, we formulate an overset grid
method that decomposes the sphere into a six-element grid based on upper latitude
minimization. Next, image denoising is performed using standard NLM filter on the
decomposed images that have been obtained with uniform spatial resolution. Finally,
these denoised images are merged to reconstruct the 360-degree image, achieving
highly accurate 360-degree image denoising.

2. Yin-Yang grid

In the decomposition of a 360-degree image using the Yin-Yang overset grid, the
latitude-longitude image is split into two low-latitude images corresponding to the Yin
and Yang overset grids. The Yin grid has a latitude range of —45 ~ 45" and a longi-
tude range of —135" ~ 135". The Yang grid is a three-dimensional rotation of the Yin
grid (see Figure 1). The Yin-Yang grid offers the following advantages over the usual
latitude-longitude grid.

1.No special processing near the poles is required because there are no singularities
at the poles.

2.Since the area ratio of pixels corresponding to grid points is about 0.71 or higher,
the variation in lattice size is minimal, resulting in a nearly uniform spatial
resolution across the grid.

3.Since both the Yin and Yang overset grids are based on latitude-longitude
lattices, the Yin-Yang overset grid can be directly displayed, allowing the scene
to remain easily interpretable.

4.The number of grid points is about 75% of that in a standard latitude-longitude
grid, making it less computationally intensive.

Figure 1.
Yin-Yang grid method.
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3. Proposed method

3.1 Multi-decomposition of 360-degree images based on extention of
Yin-Yang grid

We present a multi-decomposition method for 360-degree images based on lati-
tude upper bound minimization to improve the uniformity of spatial resolution in
decomposed 360-degree images using the Yin-Yang overset grid geometry. We fix the
Cartesian coordinate system O — xyz in three-dimensional Euclidean space and
assume that the x-axis directions (and similarly, the z-axis and y-axis directions) are
from the origin O toward latitude 0 and longitude 0. Assume that the y-axis directions
(and similarly, the x-axis and z-axis directions) are oriented from the origin O toward
latitude 0 and longitude /2. Additionally, assume that the z-axis directions (and
similarly, the y-axis and x-axis directions) are oriented from the origin O toward the
North Pole. In this case, latitude (positive for north latitude and negative for south
latitude) is denoted as ¢ (with ¢ and ¢ for corresponding values), and longitude is
denoted as A (with ' and 2" for corresponding values). Using these latitude and
longitude coordinates, the coordinates (x, y,2) of a point on the unit sphere centered at
the origin O are expressed as follows.

x = cos¢pcosA = cos¢'sin) = sing’ (1)
y = cos¢sind = sing’ = cos¢’ cos A’ 2)
z = sing = cos¢’ cos )’ = cos¢’ sin)”’ 3)

The latitude-longitude coordinate systems corresponding to Egs. (1)-(3) are called X,
¥/, and X', respectively. The Yin-Yang grid can then be regarded as a spherical
partition that allows overlap, using the latitude-longitude coordinate systems ¥ and ¥'.
This configuration ensures for each point on the unit sphere, the point is represented
as close as possible to zero (i.e., at low latitude) in either of the two latitudes ¢ and ¢’
(see Figure 1). The Yin-Yang grid allows the decomposition of a 360-degree image
into the two images, where every pixel has a latitude of 7/4 = 45’ or less, and the
spatial resolution remains nearly uniform. In contrast, we now describe a method for
multi-decomposing a 360-degree image into multiple images with even more uniform
spatial resolution than that achieved using the Yin-Yang overset grid. This is achieved
by utilizing all three latitude-longitude coordinate systems X, ¥, and X''. For eight

points whose Cartesian coordinates on the unit sphere are (x,y,2) =

(j:\ /1/3,+4/1/3, ++/ 1/3) (with the signs being complex sign optional), the magni-

tudes of the latitudes in the latitude-longitude coordinate systems %, ¥', and ¥’ "are
equal to each other. Therefore, in the latitude-longitude coordinate system X, the area
below this latitude value is represented as below.

1 1
—Arcsin— < ¢ < Arcsin—, (4)

V3 V3

where Arcsin(y) is an inverse function of y = sinx (x € [—7/2, 7/2]).
The low-latitude region (4), rotated 90° around the x axis, can be expressed under
the latitude-longitude coordinate system X as follows.
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Figure 2.
Division and extraction of vegions on a spherical surface.

—r<1< Sin(\/§308¢) —
or
. 1 . 1
~sin (m) shssin (m) ©)
or

1
— si <i<um.
T Sln(\/gcosqﬁ)_ V1

The polar point in the latitude-longitude coordinate system X of the boundary line of
the area on the sphere (5) is given by (4, ¢) = (Arcsin (1/\/§) -, 0),
(—Arcsin(l/\/g), O), (Arcsin(l/\/§), O), (71' — Arcsin(l/\/§), 0). Therefore, we
divide and extract two regions on the sphere in the latitude-longitude coordinate
system X, as expressed by the following equation (see Figure 2).

b1 1 b1 1 b1 1 T 1
—— — Arccos|{ —= | <A< — =+ Arccos| — ), — =+ Arccos| —= ) <¢ < = — Arccos| —
2 <\f3> 2 (ﬁ) 2 <\@) =3 (ﬁ)

or
T 1 T 1 T 1 T 1
—— Arccos| — | <A< =+ Arccos| — ), — =+ Arccos|—= ) <¢ <= — Arccos|— |,
2 (75) <2< () -3 (J3) <035 (%)

where Arccos(y) is an inverse function of y = cosx (x €0, z]).

Next, these regions on the sphere (6) are first rotated 90" around the x-axis and then
90" around the y-axis, respectively. The resulting regions on the sphere are expressed by
the equations below in the latitude-longitude coordinate system X (see Figure 3).

1
v/3cos ¢

—n <A< Arcsin ( ) — m, Arctan (\/icos i) <¢ < — Arctan (\/icos l)

or

—Arcsin <\/§C;OS¢> <A< Arcsin <\/§C;OS¢> , — Arctan (\/Ecos /1) < ¢ < Arctan (\/Ecos /1)

or

T — Arcsin< ) <A<m, Arctan (\/icos /1) <¢ < — Arctan (\/icos /1) s

_r
V/3cos ¢
(7)
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Figure 3.
Division and extraction of regions on a spherical surface.

where Arctan(y) is an inverse function of y = tanx (x € [-x/2, z/2]). Note that while
Eq. (7) is divided into three regions in the latitude-longitude coordinate system X,
Eq. (7) is connected into a single region on the sphere. Therefore, Eq. (7) represents
two regions on the sphere. Now, rotate the on-sphere region (6) simultaneously

90" around the z-axis and then 90" around the y-axis. The area on the sphere
obtained from this rotation is expressed in the latitude-longitude coordinate system

X as follows (note that + is assumed to follow the same order of for both signs.

See Figure 4).

ﬂzr T T T T

5= oos~L(~1/vFoos A) b= eos~ ' (1/v3eos A}

o 1an~(sin A/V2]

— cos™1{~1/v3cos Al y= = cos™}(1/V3cos A

L 1 1 L

& =

1 oy
= —tan~ (sin A/V2]

¢ =cos M (~1/VEeon X

tan~ ! (sin A/v'2]

9

Figure 4.
Division and extraction of vegions on a spherical surface.
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3 1 T
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" i 7 V3cos i ¢ 2
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-+ Arccos\/§<ﬁ < — ArCCOS\/E — Arctan ﬂ <+¢< z
77 7 V2 )~ -2
or
3 3 1 T
—AI‘CCOS\/: <i sArccos\/:, — Arccos (7 <+t¢p<L = (8)
7 7 V/3cos A ¢ 2
or
in A
Arccos\/g <A<m— Arccos\/g, Arctan (%) <+¢p< g
or

3 1 n
— AI‘CCOS\/: <A< m, Arccos| ——— | < +¢p<=.
" " < V3 cos i) ¢ 2

w/2

-x/4

-x/2 A
-x =3n/4 -n/2 -x/4 0 /4 x/2 3u/4 w

Figure 5.
Superimposed display of the boundaries of the regions on the sphere in Figures 2—4.

+ )+

s

A
N

=

Figure 6.
Ouyr overset grid method with latitude upper bound minimization.
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Figure 5 shows the spherical regions (6)—(8) simultaneously in the latitude and
longitude coordinate system X. The on-sphere region shown in Figure 5 covers the
entire sphere, and the upper bound of latitude, Arcsin(1/1/3)~35.3’, being smaller
than the upper bound of latitude, 45, in the Yin-Yang grid. This indicates that the
360-degree image is divided into regions with more uniform spatial resolution than
the Yin-Yang grid. Each of the on-sphere regions (6)—(8) consists of two connected
regions. Therefore, the 360-degree image is divided into six overlapping regions. This
spherical image decomposition is shown in Figure 6.

Figure 7.
Measuring the similarity between patches within a decomposed image and between patches across other
decomposed images using weighted averaging.

Decomposed images

|

—
. . i J

\\II//

Denoised 360-degree image

Figure 8.
Overall flow of our method.
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(a) Original image (b) Noise-degraded image (o, = 15)

(c) Baseline method (d) Our proposed method

Figure 9.

Visual comparison of 360-degree image denoising on image “2” with noise level of 15. (a) Original and enlarged
images. (b) Degraded and enlarged images by Gaussian noise N (0, 15) added from all divections. (c) Denoised
and enlarged images with the baseline method. (d) Denoised and enlarged images with the proposed method.

3.2 Resolution uniformity of multi-decomposed images

As mentioned in Section 2.2, for a decomposed 360-degree image using the Yin-
Yang overset grid, the area ratio of the smallest grid to the largest grid is approxi-
mately 1/+/2~0.71. In contrast, the area of each grid acquired by multi-resolution
decomposition of the 360-degree image reaches its maximum value of 6¢ 51 when
¢ = 0, and the minimum value is 8¢ 5 cos(£Arcsin(1/v/3)) = \/2/38¢ 51~0.825¢ 5]
when ¢ = +Arcsin (1/ \/5), as described in the previous section. Therefore, the area
ratio of the smallest grid to the largest grid is about 0.82, indicating that the
decomposed image obtained by multi-decomposition of a 360-degree image is closer
to 1 (about 0.71) than the Yin-Yang overset grid, resulting in a more spatially uniform
resolution.
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s T

(b) Noise-degraded image (o = 25)

(c) Baseline method (d) Our proposed method

Figure 10.

Visual comparison of 360-degree image denoising on image “3” with noise level of 25. (a) Original and enlarged
images. (b) Degraded and enlarged images by Gaussian noise N (0, 25) added from all directions. (c) Denoised
and enlarged images with the baseline method. (d) Denoised and enlarged images with the proposed method.

3.3 Number of pixels in multi-decomposed images

As described in the previous section, if the number of vertical pixels in a 360-
degree latitude-longitude image is M and the number of horizontal pixels is N, the
total number of pixels in the image decomposed using the Yin-Yang grid is
3MN/4 = 0.75MN. In contrast, the grid on the sphere corresponding to each of the
decomposed images obtained by multi-decomposition of the 360-degree image has a
latitude range of ¢ € [—7/2 + Arccos(1/v/3), 7/2 — Arccos(1/v/3)] and a longitude
range of A€ [—r/2 — Arccos(1/v/3), —n/2 + Arccos(1/+/3)]. Consequently, the num-
ber of vertical pixels and horizontal pixels in each resolved image are
(1— (2/x)Arccos(1/+/3))M~0.39M and (1/7)Arccos(1/+v/3)N~0.3N, respectively.
Therefore, the number of whole pixels in the decomposed images is approximately
(6/7)Arccos(1/+/3) (1 — (2/x)Arccos(1/v/3))MN=6 x 0.39M x 0.3N~0.7MN. Thus,
it can be observed that the multi-decomposition of the 360-degree image reduces the
total number of pixels more than the Yin-Yang overset grid, as the reduction in the
number of entire pixels relative to the standard latitude-longitude image is about 30%
(compared to 25% with the Yin-Yang grid).

9
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40)

(b) Noise-degraded im-éige (on =

S Tl vy )
(c) Baseline method

(d) Our proposed method

Figure 11.

Visual comparison of 360-degree image denoising on image “4” with noise level of 40. (a) Original and enlarged
images. (b) Degraded and enlarged images by Gaussian noise N (0, 40) added from all directions. (c) Denoised
and enlarged images with the baseline method. (d) Denoised and enlarged images with the proposed method.

3.4 Pach-based denoising and integration of multi-decomposed images

The multi-decomposed images with spatially uniform resolution, obtained as
described above, are denoised by applying a patch-based planar image denoising
method. In this chapter, the non-local means (NLM) method [1] is adopted as the patch-
based denoising method. The NLM replaces the value of the target pixel with a weighted
average of reference pixel values, based on the similarity measure between the block
centered on the pixel to be processed and the surrounding reference pixel values. This
method assumes uniformity in the spatial resolution of the image. Therefore, this
assumption makes its unsuitable for directly applying the NLM method to 360-degree
images represented in latitude and longitude formats. In the proposed method, the NLM
method computes patch similarity not only between pixels within the same decomposed
image, but also across all six decomposed images, as shown in Figure 7. Additionally,
the NLM method has four parameters: the smoothing parameter, patch size, search

10
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(a) Original image (b) Noise-degraded image (o, = 50)

(c) Baseline method (d) Our proposed method

Figure 12.

Visual comparison of 360-degree image denoising on image “5” with noise level of 50. (a) Original and enlarged
images. (b) Degraded and enlarged images by Gaussian noise N (0, 50) added from all directions. (c) Denoised
and enlavged images with the baseline method. (d) Denoised and enlarged images with the proposed method.

window size, and the standard deviation (SD) of image noise. The optimal values of
these parameters are determined using the framework outlined in [12].

To summarize the overall procedures, the 360-degree image is first decomposed
into six images with spatially uniform resolution using the method in the previous
section. Next, the decomposed images are denoised using the NLM method. Finally,
the denoised images are combined into the single 360-degree image. Figure 8 shows
the overall flow of the method.

4. Experimental results

The latitude-longitude images of 360-degree images sampled from the SPSDataset75
dataset [13], which had Gaussian noise added from all directions, were used as input. The
method of directly denoising the latitude-longitude images with the NLM filter was used

11
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Figure 13.
Structural similarity index measure (SSIM) comparison between baseline and our proposed method.

as the baseline method to compare its performance with our proposed method. The
original images from the SPSDataset75 dataset, with an image size of 512 x 1024, and the
360-degree images degraded by Gaussian noise with zero mean and five different stan-
dard deviation values (o, = 15,25, 40, 50) are shown in Figures 9(a) and (b) to 12(a)
and (b), respectively. The images in (b) from Figures 9-12, which are given as input and
denoised using the baseline and proposed methods, are shown in images (c) and (d) of
Figures 9-12, respectively. The enlarged images of the partial regions from Figures 9-12
show that the proposed method provides higher-quality denoising results than the base-
line method for all values of standard deviation.

Figure 13 shows the average SSIM values for the 360-degree image denoising
results between the baseline and proposed methods. SSIM measures the similarity
between the original and denoised images, with values closer to 1 indicating better
performance [14]. Although there is no SSIM performance difference between the
two methods, for a noise standard deviation of 15, the difference increases with higher
noise levels. The proposed method outperforms the baseline method in SSIM for 360-
degree images from the SPSDataset75 dataset.

5. Conclusions

In this chapter, we presented a simple method for extending patch-based
denoising algorithms for planar images to 360-degree spherical images. The method is
based on the multi-decomposition of 360-degree images, achieved through a novel
overset grid method that improves the Yin-Yang grid, providing a more uniform
spatial resolution. Experimental results showed both qualitatively and quantitatively
that the method effectively denoises 360-degree images. Future work will focus on
extending non-patch-based denoising methods to 360-degree images.
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Perspective Chapter: Advancement
in CCTV Video Analytics —
Leveraging Face Recognition

for Enhanced Security Solutions
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Abstract

In recent years, there has been a significant increase in the integration of
CCTV video analytics, particularly in the field of facial recognition technol-
ogy, aimed at strengthening security measures. This chapter explores the latest
advancements in CCTV video analytics and its applications, specifically in the
domain of facial recognition. The chapter begins by outlining the fundamental
principles underlying CCTV video analytics and the evolution of facial recogni-
tion systems, including feature extraction, matching techniques, and in-depth
learning methodologies. Additionally, the chapter discusses the practical imple-
mentation of CCTV video analytics for facial recognition in various contexts, such
as law enforcement, public security, and commercial enterprises. It examines the
potential benefits and challenges associated with the deployment of such sys-
tems, including privacy concerns and algorithmic biases. Moreover, the chapter
highlights emerging trends and future directions in CCTV video analytics for
facial recognition, including the integration of multimodal biometrics and the
development of real-time surveillance capabilities. This chapter offers a detailed
examination of the latest advancements and applications in CCTV video analytics
for facial recognition. It provides valuable insights into their potential effects on
security infrastructure and explores the broader social implications.

Keywords: face recognition, video analytics, security system, smart system, facial
recognition

1. Introduction

Digital integration that continues to develop in the 5.0 era provides significant
transformation in various aspects. One transformation in the security system is using
CCTV (Closed-Circuit Television) technology. Currently, CCTV has evolved into
a smart system that is capable of performing real-time video analysis through the
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integration of advanced technologies such as machine learning and artificial intel-
ligence. Through a smart system, it allows CCTV to recognize, analyze, and respond
to various situations more precisely and intelligently. The concept of a smart system
in video analytics basically refers to the use of advanced technology to improve the
ability of the system to not only provide output but also provide significant feedback
on the problems being solved.

One of the most significant advances in this field is the application of face recogni-
tion technology, which is able to provide more effective and efficient security solu-
tions. The increase in the number of crimes and security threats that occur in various
sectors, both public and private, requires the right solution to record and provide
preventive measures. The ability of face recognition to identify individuals can be one
of the preventive measures against case studies that require individual verification,
such as attendance, access control, and others.

The combination of CCTV and face recognition by utilizing complex algo-
rithms can speed up the investigation process if a crime occurs. Through this
process, the system can recognize individuals who are identified as threats or have
a criminal history, thus providing early warning to security officers. The accuracy
and speed of this identification process show the great potential of facial recogni-
tion technology in improving the quality and effectiveness of security systems,
making it a key component in future smart security systems. However, there are
still several challenges in implementing this technology, both technically and
ethically. Technically, challenges such as lighting conditions, shooting angles, and
image quality are still obstacles in achieving maximum accuracy levels. CCTV
images and videos require different algorithms compared to broadcast ones due to
several key factors:

* Resolution and quality: CCTV footage often has lower resolution and quality
compared to broadcast videos. This affects the type of algorithms used for tasks
like object detection and recognition, as lower-quality images may require more
robust preprocessing and noise reduction techniques.

* Frame rate: CCTV cameras typically record at lower frame rates than broadcast
cameras. This can impact motion detection and tracking algorithms, which need
to be optimized for fewer frames per second.

* Lighting conditions: CCTV cameras often operate in varying and challenging
lighting conditions, such as low-light or high-contrast environments. Algorithms
for CCTV need to handle these variations effectively, whereas broadcast videos
usually have more controlled lighting.

o Angle and perspective: CCTV cameras are often placed in fixed positions with
wide-angle lenses, capturing scenes from unusual angles. This requires algo-
rithms that can handle perspective distortion and occlusions, unlike broadcast
videos, which are usually shot with optimal angles and perspectives.

* Purpose and context: The primary purpose of CCTV is surveillance and security,
which involves specific tasks like anomaly detection, behavior analysis, and
real-time monitoring. Broadcast videos, on the other hand, focus on delivering
high-quality visual content for entertainment or information, requiring different
sets of algorithms for editing, color correction, and visual effects.
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These differences necessitate specialized algorithms tailored to the unique chal-
lenges and requirements of CCTV footage.

Meanwhile, from an ethical perspective, issues of privacy and data misuse are
major concerns in the implementation of facial recognition technology. This book
explicitly reviews the progress of CCTV video analytics with a focus on facial recogni-
tion technology, challenges, and potential for better development in the future in
order to create integrated and reliable security solutions.

2. Fundamental principles of CCTV video analytics

German engineer Walter Bruch created closed-circuit television (CCTV) in 1942
for the purpose of monitoring rocket launches after Russian scientist Leon Theremin
created it in 1927 for visitor surveillance [1]. Unlike broadcast television, which
distributes signals openly, closed-circuit television (CCTV) uses a video camera to
deliver television signals to a specific limited channel (a port selected by the owner or
camera operator) [1]. Due to its affordability, ease of use, and advantages, CCTV has
become an invention that has rapidly expanded throughout society. These days, it is
typical to have CCTV installed in homes as well as public areas. This is closely linked
to the need for environmental monitoring—which may involve the deployment of
CCTV—in order to comply with regulations.

With artificial intelligence starting to have an impact on CCTYV, surveillance that
was previously limited to human intervention can now be automated and customized
to specific video analytics requirements. CCTV videos are sent to object detection
systems so they can be analyzed. In general, the video analytics approach using
additional visual sources, as shown in Figure 1, is comparable to the artificial intel-
ligence (computer vision) process on CCTV cameras. Simply said, there are special
characteristics when utilizing CCTV as input.

2.1 Data sensing

This phase focuses on the artificial intelligence system’s ability to receive visual
stream input from CCTV. The input stream technique depends on a number of
variables, including the network protocol and kind of CCTV. Usually, an IP cam is the
kind of CCTV that is employed. A local area network (LAN) cable is used by Internet
Protocol Cameras, a form of digital video camera, to transmit and receive visual data.
IP surveillance on your home Wi-Fi network, CCTV makes use of the same internet
infrastructure as other devices [2]. These days, IP cameras are widely employed in
many different contexts because of their affordability, convenience of use, and high
accessibility, all of which allow for remote monitoring (Figure 2). The protocol in use
is the second factor.

Numerous delivery protocols are available, including FTP, SMTP, RTSP, HTTP/
HTTPS, SIP, and SMTP. Real-Time Streaming Protocol, or RTSP, is a streaming
protocol that can be used for low-latency real-time monitoring. However, it has the

Data Sensing [—> Data . —» Data Processing —>» Data Acting
Preprocessing

Figure 1.
CCTV video analytics methods.
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Figure 2.
Example of installing CCTV indoors.

drawback of continuously delivering data in one direction, which strains the system
and may even cause the system software to crash. However, because Hypertext
Transfer Protocol (HTTP) employs two-way delivery and does not send streams
continually without the system’s permission to complete processing the prior stream,
it has a better level of reliability. However, there is a considerable latency when using
the HT'TP protocol.

2.2 Data preprocessing

The main goal of this step is to configure the CCTV input to suit the specific
requirements of the system. These adjustments can be tailored to meet specific needs,
ensuring the system functions optimally. Examples include whether the system needs
a high level of real-time, requires a high video resolution, requires a high FPS rate,
etc. Some modifications include color correction, frame enhancement, and resolu-
tion changes, all of which contribute to the quality and performance of the video
as required. FFMPEG, a versatile tool for handling multimedia data, can be used to
efficiently modify these settings. Additionally, FFMPEG can be used to convert the
RTSP protocol to HTTP, making the stream less taxing on the system and more stable
across different environments.

Preprocessing is important to optimize overall system performance, especially in
scenarios where the CCTV setup can be resource-intensive. By converting RTSP to
HTTP, the system benefits from reduced latency and better compatibility with differ-
ent network infrastructures. This approach also simplifies integration with existing
web-based monitoring systems, making the entire setup more robust and easy to use.
Ultimately, these modifications help ensure that the CCTV system delivers a high-
quality and reliable video stream that meets the desired requirements.

2.3 Data processing

This is the primary stage of video analytics, where the necessary features are
extracted from the images to produce the desired information. The following are a
few of the most popular techniques.
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* Object classification is a process that involves looking at each frame’ visuals and
determining whether the object class in that frame and the dataset under study
are similar.

* Object detection is the process of locating an object in a frame by using classifica-
tion information.

* Object tracking follows each movement of an object’s location as it appears in each
frame sequentially using detection information.

Depending on the requirements, a variety of algorithms can be applied in data
processing. Deep learning algorithms for object recognition and classification range
from single-stage detectors like YOLO, RetinaNet, and Single Shot Multi Box Detector
to two-stage detectors like the Neural Network Family (CNN, RCNN, etc.). Although
they require more processing time, two-stage detectors offer more precision. Single-
stage detectors, on the other hand, are appropriate for real-time video analytics and
have faster processing times but only moderate accuracy.

2.4 Data acting

At this stage, the main focus is on the system’s response to the processed data. This
response can take many forms, such as triggering alerts, generating data visualiza-
tions, granting access permissions, and more. For example, in a case study involving
facial recognition technology, the system can track people’s movements, record
attendance, or even automatically open gates based on the recognition results. Such
actions are critical to automating processes and improving security protocols, making
the system efficient and responsive to real-time data.

Other practical examples include detecting suspicious activity, which may prompt
the system to send a notification, take a picture, or sound a physical alarm. These
reactions are designed to address specific scenarios, ensuring that the system not only
identifies potential issues but also responds quickly and appropriately. By integrating
these features, the system becomes a powerful tool for monitoring and managing the
environment, offering a proactive approach to security and operational efficiency.
Each case study highlights the flexibility of the system, showing how it can be tailored
to meet a variety of needs and situations effectively.

3. CCTYV analytics for facial recognition system

Face recognition is a method used to identify or verify an individual’s face from an
image or video frame. This technology has emerged as a leading biometric solution
due to significant advancements in digital cameras, the internet, and mobile devices,
alongside growing security needs. Face recognition offers several benefits over other
biometric technologies, including being natural, non-intrusive, and straightforward
to implement.

The facial recognition system utilizing CCTV video analytics has several impor-
tant elements in its development, such as hardware and software components,
algorithms and techniques, and how the system is implemented in the real world. This
section briefly describes the points regarding the components, algorithms, and case
study examples of the application of the face recognition system in the real world.
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3.1 Components of facial recognition system

The facial recognition system in the context of CCTV analytics has four interre-
lated components, such as CCTV cameras and hardware, facial recognition software,
facial databases and data management, and network connections and infrastructure.
The camera plays an important role in capturing images and videos to be analyzed,
where the quality of the images produced by the camera greatly affects the level of
accuracy of the facial recognition system. Meanwhile, the success of the software in
detecting faces depends heavily on the accuracy of the algorithms and techniques
used. The facial database provides a reference for matching detected faces, with good
data management being the key to speed and accuracy of matching, as well as privacy
protection. Fast network connections and strong IT infrastructure allow the entire
system to work in an integrated manner, with a reliable network and scalable storage
solutions to handle large volumes of data. Through proper integration of all these
components, the facial recognition system in CCTV analytics can operate with high
efficiency, providing a sophisticated and reliable security solution.

A system incorporating the face recognition feature generally consists of four
modules, as depicted in Figure 3, which illustrates the face recognition process: face
detection, face alignment, feature extraction, and feature matching.

The initial step in the face recognition process is face detection, wherein the sys-
tem employs algorithms such as Haar cascades and Histogram of Oriented Gradients
(HOG) to identify and locate faces within images or videos. Following detection, the
subsequent step is face alignment, which adjusts the orientation of the face to ensure
that facial features such as the eyes, nose, and mouth are consistently positioned. The
aligned face then undergoes feature extraction, where key characteristics that distin-
guish one face from another are extracted. The final step is feature matching, which
involves comparing the feature vector from the input face image with the feature
vectors in the existing database. This process determines whether the identified face
corresponds to a face in the database, thereby verifying or identifying the individual.

3.2 Algorithm and technique

There are many algorithms and techniques that can be used in facial recognition
systems. There are at least 13 techniques and algorithms that have been summarized in the
journal “face recognition for automatic border control: A systematic literature review” [3].
Based on this summary, deep learning and Convolutional Neural Networks (CNN) are
the two methods that attract the most interest from researchers to use them (Figure 4).
This may be due to the use of deep learning, especially Convolutional Neural Networks
(CNNs), which have proven to be very effective in recognizing complex visual patterns
such as human faces. CNN processes images in increasingly abstract layers, allowing the
system to identify even small variations in facial features.

Face locaticn size & pose Fealure Vector

Aligned face Face ID

Input image / video,
pulIMags [ Via80, | Face Detection Face Alignment Feature Feature »
Extraction Matching

Database of
Enrolled Users

Figure 3.
Face recognition process flow.
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Figure 4.
Face recognition algorithm and technique.

In machine learning, a confusion matrix is commonly employed to determine the
success rate of classification based on algorithms or human observations and then
compared with accurate measurements. Figure 5 provides an overview of the confu-
sion matrix for binary classification. The confusion matrix is divided into two com-
ponents: the actual class and the predicted class. The actual class represents the true
condition of the data being analyzed, while the predicted class reflects the outcomes
generated by the prediction process.

Classification performance metrics are essential for evaluating the efficacy
of test results. Table 1 illustrates several calculations within the Classification
Performance Matrix, namely sensitivity, specificity, accuracy, precision, and the F1
score. Sensitivity, also referred to as the True Positive rate, quantifies the propor-
tion of actual positives correctly identified in the testing phase. Specificity, or the
True Negative rate, measures the proportion of actual negatives accurately detected.
Accuracy encompasses both the True Positive and True Negative rates in relation
to the total number of tests conducted. Precision, defined as the positive predictive

Actual Values

Positive (1) Negative (0)

Positive (1) TP FP

Negative (0) FN TN

Predicted Values

Figure 5.
Confusion matrix for binary classification, TP: True Positive, FP: False Positive, FN: False Negative, TN: True
Negative.
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Symbol Matrix Formula

SNS Sensitivity TP/(TP + FN)

SPC Specificity TN/(TN + FP)

ACC Accuracy (TP + TN)/total data

PRC Precision TP/(TP + FP)

F1 F1 Score 2*SNS*PRC/(SNS + PRC)
Table 1.

Classification performance matrix.

value, indicates the proportion of positive results that are accurately identified. The
F1 score represents a weighted average of precision and sensitivity, providing a bal-
anced assessment of the classification performance.

3.3 Implementation of CCTV analytics for facial recognition system

Basically, the implementation of CCTV analytics for facial recognition systems
requires careful planning and selection of the right technology to achieve optimal
results. One example of the application of face recognition is in automatic border
control machines. The European Union started implementing this technology in
the early 2010s, which of course is one of the first major initiatives in the history of
implementing facial recognition systems at airports. The reason for this implementa-
tion is to overcome various problems that occur at border control, which often passes
inspections on subjects registered on the watchlist or blacklist. Document matching
does not guarantee that the documents provided are genuine. Data on the blocklist
also does not have adequate and up-to-date information about a person’ identifica-
tion; moreover, a person’s face can change with age, making identity and recognition
difficult [4]. The use of cosmetic products can also cover certain facial features.
Plastic surgery can also change a person’s appearance. Wearing a headscarf for
religious reasons can make identifying a person based on their face more difficult in
some countries because it covers certain facial features. This weakness causes inac-
curate facial identification and recognition in border control. The application of facial
recognition systems in automatic border control is not only a verification step but also
a preventive measure against various threats such as presentation attacks [5], morph-
ing attacks [6, 7], adversarial attacks [8], live spoofing [9], inconsistent matching
rates due to certain factors or network availability issues [10].

4. Challenges and future direction
4.1 Facial recognition methodology

Facial recognition methodologies vary widely, shaped by the range of available
data sets and specific needs. Security systems, for example, often prioritize accuracy
and reliability to ensure proper identification, while real-time-focused applications
lean toward speed and a seamless user experience. Depending on these goals, tech-
niques such as deep learning or more traditional feature-based methods are used. The
challenge is finding the right balance—choosing a methodology that not only meets
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accuracy standards but also maintains efficiency and scalability across scenarios. This
balancing act underscores the need for ongoing research and innovation to keep pace
with changing demands and emerging threats.

As technology evolves, so do the requirements for facial recognition systems,
driving a continuous cycle of improvement and adaptation. New data sets, often more
complex and diverse, require refined algorithms that can handle greater variability
in facial features and environmental conditions. This evolution demands a nuanced
understanding of the strengths and limitations of current methodologies. Researchers
and developers must remain agile, ready to integrate new techniques that offer better
performance in real-world conditions. Ultimately, the goal is to create a system that
is not only effective in today’s environment but also resilient and adaptable to future
challenges, ensuring long-term reliability and security.

4.2 Privacy

Privacy concerns in facial recognition technology are particularly important
because facial data is the primary biometric identifier, making it highly sensitive and
vulnerable to misuse. Issues such as unauthorized surveillance, data breaches, and
potential identity theft have become major topics of ethical and legal discussion. To
address these concerns, regulatory frameworks such as the General Data Protection
Regulation (GDPR) have been established, which set strict guidelines on how facial
data is collected, stored, and used. These regulations aim to protect individuals’
privacy rights while allowing the technology to continue to evolve. However, finding
the right balance between leveraging the security benefits of facial recognition and
ensuring strong privacy protections remains a complex challenge.

In response to these concerns, there is a growing focus on the development of
privacy-preserving algorithms and secure biometric systems. These emerging tech-
nologies aim to mitigate privacy risks by implementing measures such as data anony-
mization, encryption, and decentralized storage. The goal is to enable the continued
use of facial recognition in a variety of applications without compromising individual
privacy. As the technology evolves, strategies for protecting personal data must also
evolve, ensuring that advances in facial recognition do not come at the expense of
ethical considerations. This ongoing effort requires collaboration between technolo-
gists, legal experts, and policymakers to create systems that are effective and respect
privacy rights.

4.3 Large-scale face recognition

The scalability of facial recognition systems to manage large datasets and handle
high query volumes involves overcoming significant technical hurdles. Efficient
indexing and retrieval algorithms play a critical role in ensuring that the identifica-
tion process remains fast, even when dealing with millions of facial records. To cope
with the enormous processing demands, distributed computing architectures are
often used, spreading the workload across multiple systems to optimize performance.
However, maintaining accuracy while scaling, managing large storage require-
ments, and ensuring real-time response are ongoing challenges that require careful
balancing.

Advances in cloud computing and parallel processing technologies are pushing the
boundaries of what is possible in large-scale facial recognition systems. These innova-
tions are focused on improving the efficiency and scalability of these systems, making
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them more adaptable to a variety of operational settings. As these systems evolve, so
does the complexity associated with them, requiring continuous refinement of algo-
rithms and infrastructure to meet the demands of different applications. The future
of large-scale facial recognition lies in the seamless integration of all these technolo-
gies, ensuring that systems remain robust and precise as they expand to accommodate
larger and more diverse datasets.

4.4 Face variability

Recognizing faces across different poses (e.g., frontal, profile) and varying facial
attributes (such as glasses, masks, or hijabs) is a complex challenge for face recogni-
tion systems. Techniques such as 3D modeling and multi-view learning are utilized
to enhance recognition accuracy under pose variations. Algorithms must also handle
changes in appearance due to accessories or clothing, ensuring robustness against
occlusions and variations in facial expressions. Addressing these challenges involves
developing adaptive algorithms capable of effectively recognizing individuals despite
diverse facial characteristics and conditions.

Research on the impact of pose variation and facial diversity has been conducted
by [11]. This study performed camera angle configurations to produce facial data-
sets that produce the most optimal facial recognition accuracy results. This study
produced the Tilt-angle Face Dataset (TFD), containing 11,124 facial images from
927 subjects covering various facial tilt angles. The results of testing in this study are
that the accuracy of facial recognition using a combination of the TFD dataset with
WebFace significantly outperforms the results using only the WebFace dataset for
training. An accuracy of 91.65% success was obtained using a training model with a
combination of TFD and WebFace.

Similar research investigates how different conditions in capturing facial datasets
affect the performance of facial recognition systems, focusing on factors like pose
changes and external factors such as varying lighting conditions and image resolu-
tion. The dataset was collected under varying conditions, with and without specific
poses (e.g., consistently facing the camera). Figure 6 shows the capture of a facial
dataset with poses. The study also employed multiple camera angles to capture differ-
ent sides of the face, aiming to thoroughly explore facial features.

The evaluation of the datasets was carried out using the ArcFace and FaceNet
models. Testing results indicated that the training dataset with lighting at 690 lux,
aresolution of 1280 x 720 pixels, and pose variations produced the most reli-
able performance for ArcFace in attendance systems compared to other datasets.
Moreover, it was concluded that dim lighting conditions in the training dataset could
negatively impact ArcFace’s facial recognition results. Pose variations helped improve

Figure 6.
Pose variations in dataset acquisition.
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the performance of the ArcFace model by reducing false recognitions, and variations
in image resolution did not significantly affect the model’s performance. Figure 7
illustrates how facial attributes like hijabs, masks, glasses, or head coverings present
challenges in improving face recognition accuracy, a challenge that will continue to
evolve with advancements in fashion and technology.

4.5 Environment variability (lighting, camera resolution)

Face recognition performance can be significantly influenced by environmental
factors such as lighting conditions and camera resolutions. Algorithms need to adjust
to variations in lighting that can obscure or alter facial features, while high-resolution
cameras capture detailed information at the cost of increased computational demands
and storage requirements. Adaptive algorithms are crucial to maintaining accuracy
across different environmental conditions by adjusting recognition parameters based
on environmental cues. Ongoing research aims to improve algorithms’ robustness
to environmental variability, ensuring reliable performance in diverse settings. Face
recognition performance can be significantly influenced by environmental factors
such as lighting conditions and camera resolutions. Algorithms need to adjust to
variations in lighting that can obscure or alter facial features, while high-resolution
cameras capture detailed information at the cost of increased computational demands
and storage requirements. Adaptive algorithms are crucial to maintaining accuracy
across different environmental conditions by adjusting recognition parameters based
on environmental cues. Ongoing research aims to improve algorithms’ robustness to
environmental variability, ensuring reliable performance in diverse settings.

The environment greatly influences the development of a face recognition sys-
tem, one of which is for access control, such as camera placement and lighting. Qian
Zhai’s 2022 study on face video detection for access control systems aimed to enhance
information management, face feature monitoring, and recognition accuracy in envi-
ronments with a random flow of people [11]. The research optimized system design
by integrating image processing, computer vision, and machine learning to better
detect and identify human characteristics. These processes are carried out to obtain
optimal performance with an unusual camera position. Key advancements included
block matching for video features, edge contour analysis, and biological directional
recognition, along with a face anti-deception algorithm for improved authentication.
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Figure 7.
The effect of face variability on accuracy.
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The proposed system significantly outperformed traditional methods, achieving an
accuracy of 0.932 compared to 0.684 in 100 iterations. These improvements high-
light the system’s potential for more reliable and secure access control in complex
environments.

Similar research focuses on the impact of environmental factors on face recogni-
tion accuracy in an access control system for a mining construction site. The uncon-
trolled nature of the mining construction environment poses unique challenges to
face recognition accuracy. The study outlines several environmental factors, such as
extremely bright lighting that casts shadows on faces, the high positioning of cameras
due to manufacturing frames, and weather changes like rain that cause blurring.

The dynamic outdoor mining environment significantly affects test results,
yielding an accuracy of 60%, precision of 96%, recall of 58%, and an F-score of 72%
in a representative simulation space. Figure 8 provides examples of test outcomes
across various scenarios, including worker arrivals, mining activities, and worker
discussions. The system developed in this study aims to track worker attendance and
monitor activities at a mining site.

4.6 Face occlusion

Facial occlusion, where parts of the face are obstructed or covered, significantly
complicates the task of accurate facial recognition. Scenarios involving individuals
wearing masks or other partial face coverings are becoming increasingly common,
requiring systems to adapt to these challenges. Techniques such as partial match-
ing, which uses only visible facial features, and holistic recognition, which attempts
to infer identity from the entire context, are critical in overcoming the limitations
caused by occlusion. The goal is to ensure that even when facial data is incomplete,
the system can still make reliable identifications.

Figure 8.
Face detection accuracy results in mining simulation.
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To address these challenges, researchers have focused on developing algorithms
that can effectively process missing or unobserved facial features. Advances in deep
learning, particularly in the areas of image inpainting and feature reconstruction,
show promise in reconstructing occluded facial regions, thereby improving overall
recognition accuracy. These innovations are critical in making facial recognition
systems more robust and reliable in real-world applications where facial occlu-
sion is common. As these technologies mature, they have the potential to signifi-
cantly improve the effectiveness of facial recognition in diverse and challenging
environments.

4.7 Multimodal biometric system

Multimodal biometric systems integrate multiple biometric identifiers, such as
face, fingerprints, and voice, to enhance overall accuracy and reliability. By combin-
ing modalities, these systems mitigate individual limitations and improve robustness
against spoofing attacks. Challenges include synchronizing data from disparate
sources and ensuring interoperability among different biometric technologies.
Machine learning techniques play a crucial role in integrating and fusing multimodal
inputs to make informed decisions. Advancements in these systems aim to create
seamless and secure authentication solutions adaptable to various operational envi-
ronments, enhancing user convenience and security.

The use of multimodal biometric systems is essential due to various biometric
spoofing techniques, such as face morphing. A literature review conducted by
researchers, as detailed [12], focused on the issue of face morphing, particularly in
the context of immigration. Face morphing involves altering facial images to create
fraudulent identities, using tools or software that are widely available, both free and
paid. If undetected, it could lead to the issuance of passports to unauthorized indi-
viduals, posing significant security risks. The purpose of this analysis is to understand
face morphing and blacklist attempts in passport applications, providing a safeguard
for immigration officers.

Face morph detection methods can be categorized based on the scenarios they
address. For single-image-based detection, these methods include texture-based,
quality-based, noise-based, deep learning-based, and hybrid approaches. Texture-
based analysis examines the texture features of photos, while quality-based methods
assess image quality by measuring distortion or degradation to detect morphs.
Noise-based methods analyze pixel anomalies that may occur during the morphing
process. Deep learning-based approaches utilize deep learning techniques for image
classification. Hybrid methods combine multiple features or classifications to detect
face morphs. The findings suggest that the developed face morph detection systems
show promise for enhancing passport issuance security, with challenges that may be
addressed in future research.

5. Closing remarks

In summary, the advancements in CCTV video analytics, especially in facial
recognition technology, signify a pivotal shift in security infrastructure across various
sectors. By delving into the core principles and evolution of these technologies, this
chapter has provided a thorough understanding of their underlying mechanisms,
from feature extraction to sophisticated deep learning methodologies. The practical
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applications in law enforcement, public security, and commercial enterprises under-
score the transformative potential of CCTV video analytics in enhancing safety and
operational efficiency. However, the deployment of these technologies is not without
its challenges. Privacy concerns and algorithmic biases present significant hurdles
that must be addressed to ensure ethical and equitable use. As we navigate these com-
plexities, it is crucial to develop robust frameworks that balance security needs with
individual rights. Looking ahead, the integration of multimodal biometrics and the
advancement of real-time surveillance capabilities promise to further revolutionize
the field. These emerging trends point toward a future where CCTV video analytics
and facial recognition systems are not only more accurate and efficient but also more
adaptable to diverse and dynamic environments. Ultimately, the insights provided in
this chapter highlight the dual nature of these technologies: their potential to signifi-
cantly enhance security and their implications for privacy and social dynamics. As
stakeholders in this evolving landscape, it is our responsibility to foster innovations
that uphold the principles of fairness and respect for all individuals. The future of
CCTV video analytics and facial recognition will be shaped by our collective efforts to
harness these tools responsibly and ethically.
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Chapter 3

Analysis of Similarity Structures for
Star Identification in Blurred
Images

Aline Nunes de Souza, Rodrigo Marques de Figueiredo,
Vitor Camargo Navdelli and Jean Schmith

Abstract

Astronomical observations often suffer from environmental variations that cause
blurring in telescopes, compromising the quality and sharpness of the captured
images. To mitigate these effects, this work proposes a methodology for detecting
stars in blurred images by developing a mathematical model based on probabilistic
approaches, exploring the relationship between the light dispersion of stars and a
Gaussian distribution. The developed model incorporates two approaches to define
the similarity structure: correlation and orthogonality similarity. The results obtained
did not show false positives when using orthogonality similarity, achieving a precision
of 100%, while the correlation method reached a precision of 95%, highlighting the
potential of orthogonality similarity as an effective alternative to identify stellar pat-
terns under blurred conditions. For a dataset with homogeneous star luminosity, an
accuracy of 100% was achieved.

Keywords: astronomy, star detection algorithm, blurred images, computer vision,
similarity metrics

1. Introduction

Astronomical observation, particularly accurate identification of stars,
plays a crucial role in predicting natural phenomena such as solar activity
and its effects on Earth. In addition, it facilitates the monitoring of climate
change, the calibration of scientific instruments, navigation, and orientation in
space missions.

Blur, as described by Vijayarani et al. [1], refers to the loss of sharpness in an
image, which reduces clarity and detail, resulting in a softened and less defined
appearance. In satellite imagery, this effect often comes from motion, thermal-
induced lens defocus, or external disturbances, significantly degrading image quality
and complicating analysis [2]. For star identification, such noise and blur obscure
critical features, posing challenges to accurate detection and further complicating the
analysis of celestial objects in observational images affected by environmental condi-
tions or equipment limitations. Existing approaches in the literature address this issue
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Article Methodology Metrics
Zhuetal. [3] Ordered Set of Points (OSP), kNN algorithm, ACC: higher than 98% with
hashing table, Fast Search Algorithm centroid error of 3 pixels

Zhao et al. [4] Karhunen-Loéve Transformation (K-L), Star Walk ACC: 99.1%

Formation
Liang et al. [5] Image Normalization, Zernike Moments ACC: 99.27%
Zhou et al. [6] Multilayer voting algorithm combining Not reported

triangle-based voting and Singular Value
Decomposition (SVD)

Liuetal. [7]  One-dimensional Gaussian Morphology Not reported

Table 1.
Summary of star identification algorithms.

using diverse methodologies. Table 1 provides an overview of the star identification
algorithms, highlighting their methodologies and performance metrics. Notable
methods include the Karhunen-Loéve Transformation and Zernike Moments, which
achieve high accuracy rates (over 99%), while others, such as One-dimensional
Gaussian Morphology, do not report quantitative metrics. For example, Zhu et al. [3]
use ordered point patterns and hash-based searches to improve star identification
speed and reliability under centroid errors. Zhao et al. [4] utilize the Karhunen-Loéve
transform for noise reduction, while Liang et al. [5] incorporate Zernike moments to
extract rotation-invariant features. Zhou et al. [6] propose a multilayer voting algo-
rithm combining triangle voting with Singular Value Decomposition (SVD) to
improve noise robustness, and Liu et al. [7] applied one-dimensional Gaussian mor-
phology for segmenting stellar objects in complex backgrounds. Despite their efficacy,
these methods often require high computational resources or homogeneous datasets
with low noise levels.

This work aims to address these limitations by proposing a simpler,
computationally efficient algorithm for star identification in noisy images. By esti-
mating the correlation or similarity between stars’ luminous dispersion and Gaussian
distribution, the methodology eliminates the need for stellar catalogs, enabling inte-
gration into devices with limited storage capacity. Key metrics, including true positive
rate (TPR), false positive rate (FPR), precision, accuracy (ACC), and recall, were used
to evaluate the performance of the proposed algorithm. The proposed approach pri-
oritizes mathematical simplicity and practicality with the aim of achieving robust star
identification while addressing challenges such as noise, blur, and computational
constraints.

2. Methodology

The methodology employed in this work is summarized through the block diagram
in Figure 1, which organizes the fundamental processing layers of the star identifica-
tion model, without detailing the two similarity methods, discussed later in the text.
The process begins by loading an image from the dataset, converting it to grayscale,
and normalizing the pixel values to the range [0, 1]. Next, an intensity filter and binary
mask are applied to suppress noise and emphasize bright regions. These preprocessed
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Figure 1.
Block diagram of the proposed method.

images are fed into the model, which detects luminosity peaks and applies a mapping
layer to identify potential star candidates. The output consists of the (x,y) coordinates
of the detected stars, representing their positions in the image.

2.1 Dataset

For the purpose of validating the star identification model, two datasets containing
a variety of astronomical images were selected for validation purposes. The first
dataset originates from the Sloan Digital Sky Survey (SDSS) [8], while the second is
provided by AGRAWAL [9], which contains images captured by the Devasthal Fast
Optical Telescope (DFOT).

2.2 Preprocessing

After selecting the image for detection, preprocessing is performed. First, the RGB
images are converted to grayscale. Then, the values are normalized to facilitate
processing. Finally, an intensity filter is applied to highlight the brightest regions
while removing noise. This filter sets pixel values below 20% of the maximum inten-
sity to zero, effectively reducing low-luminance noise. It also enhances regions of
interest by preserving only pixels with significant brightness, ensuring that the model
focuses on the most relevant features.

2.3 Model

The central hypothesis of this work is based on previous astronomical observa-
tions, which define the luminosity of stars captured by a telescope camera as similar to
Gaussian distributions, a phenomenon discussed by Wang et al. [10]. According to
Wang et al. [10], the energy distribution of a real star image statistically aligns with a
Gaussian distribution in most cases. Accordingly, an image of a star captured by a
telescope exhibits a radial decay in luminosity from the center of the captured light.

Figure 2 illustrates this phenomenon with a three-dimensional representation of
the grayscale intensity generated from a star image in the SDSS database [8]. The left
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Figure 2.
Light intensity surface of an image with a star.

image displays the original star image in 2D grayscale, highlighting the star’s central
region with higher intensity. The right image provides a 3D perspective of the same
image, visualizing the intensity distribution as a surface plot. In this representation,
the peak at the center corresponds to the brightest region of the star, while the gradual
decay toward the edges reflects the Gaussian-like distribution. The scales in the figure
provide additional context. In the 2D image, the x and y axes represent the spatial
dimensions of the image in pixels, while the grayscale color bar on the right indicates
the pixel intensity values, ranging from 0 (black) to 1 (white). In the 3D plot, the z-
axis represents the normalized intensity values, emphasizing the Gaussian-like peak at
the center.

The methodology employed in this work for star detection adopts probabilistic
inference approaches, combining correlation and similarity maps between the
observed image and two-dimensional kernels. These kernels serve to generate a new
image that highlights the points with the highest similarity in terms of their proper-
ties, thereby acting as pattern detectors.

2.3.1 Gaussian Kernel

The kernel used in this work follows a Gaussian distribution, consistent with the
approach discussed by Wang et al. [10]. It is parameterized by two factors: the kernel
size (K;) and the spread index, represented by the standard deviation (s), as defined
by the discrete Eq. (1).

GlirjIK o] = Flaze( ()
The first step in developing the model was the application of a Gaussian kernel to
the processed image, aiming to smooth the variation in luminosity and enhance the
bright patterns that characterize stars. This step involves creating a Gaussian filter
which was applied to a sliding window over the image, thereby smoothing and reduc-
ing noise. The kernel size and the sigma parameter, which controls the dispersion of
the Gaussian function, were adjusted according to the image resolution and the visual
characteristics of the stars. The kernel size varies from 3 to the size of the image in
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increments of 2 (i.e., 3, 5, 7), ensuring that the kernel size is always odd. The value of &
ranges from 1 to 2K, + 3, increasing as the kernel size K increases. This controls the
dispersion of the Gaussian filter, making the image smoothing more pronounced as ¢
increases. For example, in a 120x120 image, the kernel size ranges from 3 to 199, while
o ranges from 1 to 240. For feature extraction, two methods were tested: orthogonal
similarity and correlation.

2.3.2 Orthogonal similarity

The first feature extraction technique, illustrated in the block diagram of Figure 3,
is based on orthogonality similarity. This method processes an input image using a
Gaussian kernel defined by specific parameters K; and ¢. The region of the image that
matches the kernel size is extracted and the empty areas are filtered to avoid irrelevant
calculations. The orthogonality similarity is then determined between the kernel and
the extracted region, followed by applying a binary mask to highlight regions with
high similarity. Finally, the similarity maps from multiple kernels are aggregated to
produce the final result.

The orthogonality similarity is formally defined by Eq. (2), which evaluates the
alignment between two matrices A and B, in the context of this work, the kernel and a
region of the image, by normalizing their inner product with their respective magni-
tudes. The similarity ranges from —1 to 1, where values closer to 1 indicate a higher
alignment:

_ >ty S 1Al 1B )
VIS AL S Bl

0S (2)

2.3.3 Correlation

The second feature extraction technique, as illustrated in the block diagram in
Figure 4, is based on the Correlation Index. This method utilizes a Gaussian kernel,
defined by its size K, and standard deviation o, to calculate a correlation map. The
correlation map, mathematically defined in Eq. (3), identifies regions in the image
whose intensity distributions closely resemble the shape, size, and dispersion of the
kernel.

madel

Figure 3.
Block diagram of the model based on orthogonal similarity.
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model
Figure 4.
Block diagram of the model-based correlation.
M-1N-1
Cle,ylKes o] = Y > Ilx — i,y —jIG[i,|K., o] (3)
i=0 j=0

The process begins by applying the Gaussian kernel to the input image, where it is
systematically slid across all positions. For each position, the weighted sum of
overlapping pixel intensities is computed, producing the correlation map. This map
highlights areas of the image that share strong similarities with the kernel, thus
identifying potential stellar objects.

To account for stars of varying sizes, multiple Gaussian kernels with different
scales are applied. This ensures that regions containing larger or smaller stars can still
achieve high correlation values. The use of multiple kernels improves the robustness
of the detection process, as each kernel is expected to match regions corresponding to
stars of similar dimensions.

After generating individual correlation maps for each kernel, a map aggregator
combines these results. By computing the arithmetic mean of the correlation maps,
the aggregator produces a refined final map that accentuates regions with the highest
likelihood of containing stars. This step not only consolidates information, but also
reduces noise and artifacts from individual maps.

In summary, this correlation-based approach applies Gaussian kernels to approxi-
mate the intensity profiles of stars, enabling the identification of regions that align
with the kernel’s characteristics. By using multiple kernels and aggregating the results,
the method accommodates variations in star sizes and highlights areas with the
highest probability of containing stars.

2.4 Post-processing

The first step in the post-processing stage is the detection of brightness peaks. This
technique was applied to identify regions of maximum intensity along the horizontal
(x) and vertical (y) axes. The image was first converted into a grayscale intensity
matrix, where each pixel’s brightness was represented numerically. These intensity
values were then mapped to their respective x- and y-coordinates, resulting in a two-
dimensional distribution of brightness.

Maximum intensity values were extracted along the x (rows) and y (columns)
axes, and brightness peaks were identified based on their prominence and height. To
ensure the relevance of the detected peaks, thresholds were established: a minimum
prominence of 15% of the maximum intensity and a height of at least 55% of the
maximum intensity. This method ensured that only the most significant brightness
regions were considered.

The detected peaks were visualized in plots, as shown in the example of Figure 5,
revealing three primary sources of brightness aligned along both axes. Among these,
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one peak exhibited a notably higher intensity, indicating a dominant light source,
likely a brighter or larger star compared to the others.
The peaks were then localized in the original image. After the brightness peaks

were detected, their corresponding locations in the original image were identified. The
x- and y-coordinates of the peaks were cross-referenced to pinpoint areas where high-
intensity values coincided. Only points exceeding 55% of the maximum intensity were
considered valid. These points were then marked directly on the original image with

small red circles, highlighting potential stars or other high-intensity objects. The final
result, displayed in the example of Figure 6, illustrates the marked points of interest.

2.5 Validation

After the luminosity peaks were detected, the results were visualized for qualita-
tive analysis. The detected stars were marked on the original astronomical image,
allowing a visual inspection of the accuracy of the developed model. Additionally,
graphs of the brightness intensity curves in the x and y directions were generated,

with the detected peaks highlighted to facilitate the analysis.

To evaluate the accuracy of the detected point coordinates, two datasets were
utilized: one composed of non-homogeneous and the other of homogeneous data.

Figure 6.

Original image with candidate star points indicated in ved.
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The non-homogeneous dataset includes images without discrimination regarding the
shape, size, or varying luminosity levels of the stars. This dataset comprised 52 labeled
images, eight of which were sourced from the dataset by AGRAWAL [9], while the
remaining images were taken from Ref. [8], both of which contained the star coordi-
nates. The homogeneous dataset consists of images with greater uniformity in the
luminous intensity of the stars, ensuring that no star exhibits a significantly higher
brightness than the others. Forty-three images were used in this dataset.

Based on these datasets, the metrics of recall, precision, ACC, true positives (TP),
true negatives (TN), false positives (FP), false negatives (FN), and the coordinate
error rate generated by the model were calculated. For the latter metric, the root mean
squared error (RMSE) was used, providing a quantitative measure of accuracy in
locating the detected luminosity peaks.

3. Discussion and results

Table 2 presents the kernel parameters (kernel size -K; and o) used to generate the
Gaussian kernels, which were used in the tests of the two-star identification models
developed in this work. The use of a large number of kernels resulted in an increase in
the execution time of the models. Through testing with a smaller number of kernels, it
was observed that a set of 15 kernels, with the parameters described in Table 2, was
sufficient to consistently identify star patterns in both 120x120 and 64x64 images. For
the definition of the hyperparameters (K, o, prominence, maximum intensity, and
filter parameters already discussed), a validation set consisting of 10% images, sepa-
rated from the datasets, was used. After this step, the final tests were conducted using
the remaining images.

K; c
17 3
5 3
10 3
5 5
7 7
18 5
18 13
18 11
20 13
23 13
23 15
30 15
35 15
30 25
35 25
Table 2.

Parameters used to generate the kernels for the models.
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Table 3 presents the classification metrics for homogeneous and non-
homogeneous datasets in terms of light intensity, using Method 1 (based on orthogo-
nality similarity) and Method 2 (based on correlation).

In the non-homogeneous dataset, comprising 52 images with variations in noise
levels and luminosity intensities, Method 1 demonstrated superior performance. It
achieved an accuracy of 77%, with a recall of 73% and a precision of 1.0. In contrast,
Method 2 achieved an accuracy of 59%, a recall of 54%, and a precision of 0.95. These
results suggest that Method 1 is more robust in handling datasets with higher vari-
ability, while Method 2 exhibited greater sensitivity to false negatives.

For the homogeneous dataset, which consists of 43 images with uniform luminos-
ity intensities, Method 1 achieved optimal performance, with accuracy, recall, and
precision reaching all 100%.

To evaluate the accuracy of the coordinates predicted by the model in relation to
the expected coordinates, the original images were labeled with the coordinates x and
y corresponding to the center of the stars. By calculating the root mean square error
(RMSE) of Eq. (4), it is possible to assess the precision of the predicted coordinates
compared to the actual center (9%,-, j/i) of each star i, running the model for each image
and analyzing the predicted coordinates (x;,y;). Table 4 shows the results by indicat-
ing the exact position of the stars. Based on the achieved results, the two methods
successfully identify the region of the star, with a minor failure rate in cases where the
indicated points do not exactly match the central point of the star.

Dataset Metric Method 1 Method 2

Non-homogeneous True positives (TP) 82 61
True negatives (TN) 13 12
False positives (FP) 0 3
False negatives (FN) 30 51

Recall 0.73 0.54

Precision 1.0 0.95
Accuracy (%) 77 59
Homogeneous True positives (TP) 63 —
True negatives (TN) 13 —
False positives (FP) 0 —
False negatives (FN) 0 —
Recall 1.0 —
Precision 1.0 —
Accuracy (%) 100 —

"The non-homogeneous data were analyzed from a set of 52 images with varying levels of noise and star luminosity
intensities.” The homogeneous data consist of 43 images with uniform luminosity intensities, where no star exhibits
significantly higher brightness.

Table 3.
Evaluation vesults for the feature extraction methods. The table presents classification metrics for non-
homogeneous and homogeneous datasets.
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Metric Method 1 Method 2

RMSE 0.517 0.169

"The RMSE metric was calculated according to Eq. (4), representing the accuracy of the coordinates predicted by the
model.

Table 4.
Regression evaluation results for the feature extraction methods.

2 N2
RMSE — \/(xi_xi) +()’i_yi) (4)

The post-processing stage introduced challenges that contributed to some errors in
the system’s final results. The use of prominence and height filters to mitigate poten-
tial noise, in certain cases, inadvertently removed relevant information from images
with significant differences in luminous intensity between stars.

The tests carried out in this work, during the kernel selection phase and after their
application to the model, allowed the evaluation of the effectiveness of different kernel
configurations and standard deviations (o) for object detection in blurred images, with a
focus on identifying stars in astronomical images. The analysis demonstrated that the
choice of standard deviation (o) and kernel size directly affects the ability to detect
objects with varying brightness and contour characteristics. A larger standard deviation
generates kernels that cover broader and more diffuse areas, making them sensitive to
objects with extensive brightness and poorly defined contours. Conversely, a smaller
standard deviation results in more focused kernels, suitable for detecting point-like and
well-defined objects. Regarding kernel size, larger kernels were observed to be more
appropriate for broad structures and objects with diffuse brightness, whereas smaller
kernels were more effective in identifying fine details and high-intensity objects.

Several limitations and challenges were identified during the testing. First, the
exclusion of low-intensity objects emerged as a critical issue, as dimmer stars were
inadvertently filtered out during the preprocessing stage when applying intensity
filters. In the post-processing stage, difficulties were also observed in identifying all
stars in images with significant disparities in luminous intensity among objects; in
such cases, less intense stars were eliminated by prominence and height thresholds.
Furthermore, many detection issues in the images were attributed to the parameters
used in the post-processing stage rather than to the model itself. The correlation
method showed superior performance in identifying high-intensity stars as a result of
its sensitivity to contrast variations. However, it was less effective in excluding irrel-
evant objects, a problem that was more efficiently addressed by the orthogonality
similarity method. The latter proved better suited for removing noisy objects, even
when using a reduced number of kernels. Excessive kernel use, such as in tests
involving up to 14,508 combinations for a 120x120 pixel image, compromised the
quality of the generated maps, suggesting that a more selective kernel choice approach
is reccommended. Kernels with overly small dimensions can amplify noise, making the
selection of a kernel set that optimally captures the characteristics of stellar images a
critical factor for accurate pattern identification, as previously discussed.

A comparative analysis between orthogonality similarity and correlation indicated
that the first method is more effective for star identification, prioritizing patterns and
structures while ignoring intensity variations that do not affect object geometry.
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This method is ideal for scenarios with variations in illumination or scale, preserving
structural details. In contrast, correlation was more appropriate for objects with con-
sistent intensity and well-defined contrasts, though it was sensitive to changes in
lighting and angle, limiting its applicability in scenarios with variable luminosity.

4. Conclusions

This work developed two models for star identification in blurred images: one
based on correlation and another lighter algorithm utilizing orthogonality similarity. A
pre- and post-processing layer was implemented to enhance the efficiency and accu-
racy of the models.

In scenarios characterized by homogeneous data, the orthogonality similarity-
based model demonstrated performance comparable to or even exceeding the bench-
marks established in the literature. For instance, the achieved accuracy reached 100%,
surpassing the results reported in related works, which range from 98% [3] to 99.27%
[5], despite relying on methods that are mathematically more complex than the one
proposed in this work.

For the correlation-based model tested on a non-homogeneous dataset, which
presented a more challenging scenario due to variations in object sizes, noise levels,
and luminosity disparities, the model achieved an accuracy close to 80%. Although
this is below the metrics reported in other studies, it remains a positive outcome when
considering the tested scenarios and the model’s low mathematical complexity.

It is important to note that both methods developed in this work were evaluated
using a small, preliminary dataset encompassing a variety of challenging scenarios,
including non-homogeneous data, while the orthogonality similarity method was also
assessed on a homogeneous dataset. For comparison with the literature aforemen-
tioned in the Introduction, the orthogonality similarity method demonstrated superior
performance in preliminary tests, as presented in the metrics section. Homogeneous
datasets were employed to align with scenarios addressed in reference studies, where
stars typically exhibit similar sizes and luminous intensities. However, the images
used in these studies differ significantly from those in the present work due to
variations in data sources. Although prior research often utilized high-resolution
images with well-controlled noise levels, this work incorporated diverse configura-
tions that introduced additional challenges: images with single stars, stellar clusters
with overlapping light, varying levels of blur, and stars positioned near image edges,
complicating precise identification. These challenging visual elements highlight the
need for robust algorithms capable of distinguishing real stars from noise artifacts,
particularly in the peripheral regions of the image.

This work contributes to the field by advancing methodologies for addressing
higher-complexity astronomical scenarios. By incorporating both homogeneous and
non-homogeneous datasets, this work added diversity to the evaluation framework,
demonstrating robustness and effectiveness even when working with lower-
resolution images. Furthermore, the proposed models offer a balance between com-
putational simplicity and practical applicability, showcasing their potential for real-
world implementations in scenarios with varying degrees of complexity.

Future improvements include adapting the orthogonality similarity method for
devices with limited storage capacity, as it presents a computationally efficient and
interpretable alternative. In conclusion, the models developed in this work address
significant challenges in star identification under blurred and low-resolution
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conditions, achieving robust results while offering potential directions for further
exploration and optimization.
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Abstract

Fire detection plays a crucial role in safeguarding agricultural lands, pastures, and
forested areas from catastrophic damage. The presence of diverse textures, colors, and
shapes in these environments makes fire detection challenging, with many existing
methods prone to high false-positive rates. In this work, we propose a two-stage fire
detection method utilizing k-Nearest Neighbors (kNN). First, kNN is used to clas-
sify images as containing fire or not, achieving an accuracy of 81.57%. For images
classified as containing fire, they are further divided into sub-images, and additional
features are extracted. kNN is then applied again to classify these sub-images to local-
ize the fire regions, achieving an accuracy of 84.81%. This approach is particularly
effective in agribusiness contexts, where the shades of green dominate the landscape
and the presence of orange and red is strongly correlated with fire. The proposed
method offers a robust solution for the early detection and location of fires on agri-
cultural land, supporting the protection of crops, pastures, and forest borders while
enabling a rapid response to minimize economic and environmental losses.

Keywords: fire detection, feature extraction, digital image processing, machine
learning, KNN

1. Introduction

Forest fire detection through image analysis is a rapidly advancing research field
[1]. With advances in remote sensing technology, it has become possible to utilize
image processing algorithms for early-stage fire identification, leading to faster and
more effective response strategies. Climate change plays a critical role in increasing
the risk of forest fires, as hot and dry weather conditions create a conducive environ-
ment for rapid fire spread [1, 2].

Remote fire detection offers significant advantages, such as broader coverage
and the ability to monitor inaccessible areas. Surveillance cameras, drones, and
satellites can be flexibly deployed for image-based detection, tailored to specific
regional requirements [1]. This enables a prompt response and helps prevent
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infrastructure damage, protect human communities, and preserve wildlife.
Furthermore, effective fire prevention at an early stage can reduce greenhouse
gas emissions, such as carbon dioxide, thus mitigating global warming [2]. Thus,
remote fire detection in forests is an ever-evolving field, which is harnessed by
remote sensing technology. The link between climate change and forest fires
emphasizes the importance of early detection in risk mitigation. By allowing

for broad coverage and rapid response, remote detection contributes to damage
prevention and reduction of greenhouse gas emissions.

Forest fire detection through image analysis is a promising technique that offers
significant advantages, such as early and accurate fire detection, flexibility in system
installation, and the ability to effectively monitor large areas [3]. This approach
is essential in addressing the growing challenges posed by climate change and in
minimizing the resulting damage.

In this context, Chen et al. [4] proposed an innovative approach for early fire
detection using a combination of video and color information. By employing an Red,
Green and Blue (RGB) model based on chromatic measurements and clutter, their
method aimed to extract fire pixels in videos, enabling the identification of fire occur-
rences. This approach demonstrates the potential of using image analysis techniques to
improve forest fire detection systems and improve overall fire management strategies.

In addition to its potential applications in forest fire detection, the fire detection
method discussed in that work can be adapted to monitor fire outbreaks in cultivars,
offering significant benefits for the agribusiness sector. The ability to rapidly detect
fires in agricultural areas is crucial, as it can help prevent the widespread destruction
of crops, protect valuable resources, and minimize economic losses. Agricultural
fields, especially in regions prone to drought and heat, are highly vulnerable to fire
outbreaks, which can be exacerbated by climate change.

Based on this, 1D and 2D wavelet transform methods were developed to detect
fire motion regions by integrating information on color and temporal variation [5].
According to Chino et al. [6], most fire detection algorithms were developed for vid-
eos with obvious limitations. To address this problem, a novel fire detection method
called BowFire was proposed. This method combines color features with superpixel
texture discrimination to detect fire in still images.

In addition, Sharma et al. [7] employed optical images and fine-tuned two
pre-trained convolutional neural networks (CNNs), using VGG16 and ResNet50
architectures, to distinguish between images containing fire and those that do not.
Furthermore, Dunnings and Breckon [8] used a CNN with a lower complexity
architecture, applying superpixels to reduce computational requirements. Despite the
good results, CNN training demands large datasets, large computational capacity, and
much memory consumption [9].

In this proposed work, the fire detection method developed by Chino etal. [6], was
used as a reference for the comparison of results. The BowFire method, which combines
color features with superpixel texture discrimination, was considered an established
and widely recognized approach for fire detection in still images. Using this method asa
benchmark allowed the evaluation of the effectiveness and performance of our proposed
new method, providing valuable insights into its detection capabilities and potential
improvements compared to the results achieved by the existing method. This comparative
approach contributes to a comprehensive analysis and a more accurate assessment of the
innovation and efficiency of the new fire detection method.
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After initial research on fire detection methods and common approaches to
solving this task, we decided to test how well a simplistic and faster method would
perform. In this work, we focus on the k-Nearest Neighbors (kNN) algorithm in the
image domain.

The method applied consisted of two stages. The first stage aimed to detect
the presence of fire in an image as a whole, using the kNN algorithm. The second
stage was a sequential step applied only to images in which fire was detected
during the first stage. Upon detection of the fire, the second stage aims to define
where the fire is located in the image. For this task, the images were divided into
smaller regions, and then, kNN was applied to classify each region in particular.
The regions flagged in the second stage, therefore, indicate an approximated
position of the fire when projected on the original image. All of this is described
in detail in the methodology section.

2. Methodology

The proposed method is presented in the diagram depicted in Figure 1. It involves
two stages of classification. In the first stage, kNN is used to classify an image as
either fire or no-fire. If the image is classified as fire, it is divided into smaller parts.
For each of these parts, various features are calculated, and kNN is applied once
again to determine whether each part contains fire or not. Based on these results, the
original image is reconstructed, highlighting areas where the fire is present.

2.1 Dataset

For training, testing, and evaluating our proposed method, we used the dataset
from Khan and Hassan [10] with 1900 images. The dataset is divided into fire and
no-fire, with 950 images in each class. The images are colored, with a resolution of
250 x 250 pixels, and are already split into 80% for training and 20% for testing
machine learning algorithms.

2.2 Applying kNN to full image dimensions

The main idea was to first classify the images as containing fire or not. Therefore,
the dataset was processed using Python programming and the OpenCV library [11].
Each image was decomposed as a vector, and each RGB channel was aligned as a
single vector; thus, each image vector has a size of 187,500 (250 x 250 x 3). At the last
position of the vector, the information containing the fire/no-fire information was
added as 1 or 0, respectively, as shown in the example in Figure 2. This process was
applied to all images in the fire and no-fire dataset; each one was finally composed
of 760 rows (number of images in the training dataset) and 187,500 columns plus the
information of fire/no-fire.

Both datasets (fire and no-fire) were concatenated and resulted in the training
dataset. It was not necessary to divide these data between training and testing, as the
original data already carried a reserved folder with images specifically for testing.

kNN was applied to the training dataset using the Scikit Learn library [12]. Finally,
the best results were achieved with 50 neighbors. To evaluate the algorithm, the trained
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Figure 1.
Block diagram of the proposed method for five detection.

0/1

Figure 2.
Example of an RGB image of resolution 2 x 2 pixels rearranged in a vector of 13 positions, including the fire/
no-fire information in the slot “T”

model was tested using the test dataset. We used the accuracy, precision, recall, and
F1-score as evaluation metrics given by the Egs. (1), (2), (3), and (4), respectively,
computed from the confusion matrix, namely true positives (TP), true negatives
(TN), false positives (FP), and false negatives (FN) of the classification.
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2.3 Image division

After the initial classification of an image as a fire, it is further processed by
another algorithm that aims to identify and visualize the specific locations of the fire
within the image. The core concept is to divide the original image into smaller parts
(sub-images). Therefore, various features and patterns can be extracted to distinguish
between images that contain fire and those that do not. Subsequently, these extracted
features are used to reconstruct the original image, highlighting the precise areas
where the fire is present.

In the dataset used for this study, the images initially have a resolution of
250 x 250 x 3 pixels and consist of three color channels: red, green, and blue. The
division process involves splitting each color channel matrix into smaller matrices
with dimensions of 25 x 25 x 3 pixels. We tested different resolutions for the sub-
images, and the best results were achieved with 25 x 25 x 3 pixels. Consequently, for
a color image, a total of 100 sub-images are generated, each retaining its respective
color information. Figure 3 illustrates the outcome of this division process, with each
sub-image uniquely identified by a number ranging from 0 to 99, providing a clear
visualization of the resulting sub-images.

To establish correlations between fire and no-fire instances, a manual classifi-
cation process was used to label the presence or absence of flame-fire in different
image segments; for each to be considered fire, the flame must cover over 50% of
the sub-image area, and thus, the smoke is not considered fire in this work. A set
of 20 images was randomly chosen from the dataset, and each image was subdi-
vided into 100 smaller sub-images. The same approach as described in Section 2.2
was used to organize the sub-images into a comprehensive dataset. This dataset
comprised 100 rows and 1875 columns, corresponding to 25 x 25 x 3 dimensions
for each image.

A comprehensive analysis was performed on a dataset consisting of sub-images
containing flame fires. The goal was to identify patterns and characteristics that could
differentiate these sub-images. To achieve this, various statistical features were com-
puted for each sub-image, and we selected the most representative ones to distinguish
fire into the sub-images. The selected features included the global standard deviation
(o Global) representing the overall variation in the pixel values throughout the
image. Furthermore, the mean (4 Red), median (Median Red), mode (Mode Red),
and harmonic mean (H Red) of the red channel.
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Figure 3.
Example of an image divided into 100 small parts (sub-images).

The computation of these statistical measures provided valuable insights into the
characteristics and variations exhibited by the sub-images. Visualizing the distribution of
these characteristics through a box plot, as shown in Figure 4, allowed the identification
of potential patterns and trends associated with flames. One might note the good separa-
tion between fire and no-fire box plots for the selected features. It was observed that the
features of the blue and green channels displayed values in the same order for both fire
and non-fire situations, rendering them less effective for distinguishing between the two.
Consequently, these characteristics were ignored in the further analysis. On the other

Features

2504 —— No-Fire
—— Fire
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L

o Global 4

1 Red
Median Red A
Mode Red
H Red -

Figure 4.
Box plot of the feature distribution values of fire and no-fire sub-images.
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hand, the features derived from the red channel demonstrated superior performance, as
the color red is particularly prominent in flame fires.

The kNN algorithm was employed to compute the computed selected features for
each sub-image. The training and testing methodology remained consistent with the
previous approach. Each sub-image was classified as either fire or no-fire manually.

A new training dataset was generated, covering all computed features for the 20
images and their corresponding sub-images. A column was once again appended to
indicate the presence or absence of fire in each sub-image. The kNN classifier was
trained using this dataset.

For testing purposes, an additional set of 53 images was used. A test dataset was
constructed, consisting of the divided sub-images and their respective classifications,
the same way as images for training. The features were then calculated and inputted
into the kNN model with 50 neighbors. The predicted values from the kNN model
were subsequently compared with the original values, following the same evaluation
metrics as described earlier.

3. Results and discussion

In this study, kNN was applied in two different classifications using the same
dataset. Each classification transformed and preprocessed the dataset in different
ways. The first classification focused on detecting the presence of fire and leveraged
each image in the dataset, while the second classification task divided the image into
smaller sections to specify the region containing the fire.

The performance of the kNN model was evaluated by comparing its predictions
to the corresponding target values. An important aspect of the evaluation is to be
consistent in measuring true positives for the image as a whole, meaning that detect-
ing the presence of fire is a positive event. The absence of fire is a negative event and
was not the focus of the task.

The dataset in Ref. [10] was carefully selected to ensure that both positive and
negative events were balanced, so when the model was evaluated, the results were not
skewed toward one of the events.

3.1 Results of applying kNN to full image dimension

Table 1 presents the performance evaluation of the full image classification, which
aimed to classify whether the image contains fire or not. The table presents various
performance metrics, including accuracy, precision, recall, and F1-score.

To perform the classification, the code takes 84 ms, on a computer with an Intel
Core 17-4500 U CPU @ 1.8 GHZ, considering the time to encode the fire, encode the
no-fire images, concatenate the datasets, and predict the fire in each image.

Accuracy 81.57%

Recall 91.57%

Precision 76.31%

Fl-score 83.25%
Table 1.

Performance evaluation of full image classification into five and no-fire.
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Although the kNN method is a simple and straightforward approach by Refs.
[13, 14], this research shows that it can produce high accuracy as an initial detection
mechanism. Moreover, we notice a high recall that supports the effectiveness of the
intended task, as it maximizes the detection of the positive event.

3.2 Results of sub-image classification

To enhance the performance of the flame-fire detection system, we conducted
experiments with various classification algorithms, including support vector machine
(SVM), naive Bayes, random forest, and kNN. Among these algorithms, kNN demon-
strated the best performance, achieving an accuracy of 84.81% as presented in Table 2.
These outcomes indicate the effectiveness of the chosen features with the proposed
methodology in accurately classifying images and detecting flame-fire instances and
also point to the kNN as a good choice of the machine learning algorithm.

Table 3 presents the performance evaluation of the sub-image classification,
which aimed to accurately identify the location of the fire within an image. This table
also presents various performance metrics, including accuracy, precision, recall, and
F1-score, providing information on the effectiveness of the classification model in
detecting the presence of fire in different parts of the image.

After training the kNN model and using it to predict and reconstruct the
original image, the process of highlighting the specific areas where the fire is pres-
ent takes 517 ms. It is important to note that this execution time can be further
reduced by using a more powerful computer or further optimization of the code
for faster execution.

It was proposed by Chino et al. [6] a flame-fire detection method that uses two
classifiers: color-based classification with Naive-Bayes and texture-based classifica-
tion with kNN. They conducted a comparative analysis of their results with those
of Celik and Demirel [15]. Rudz et al. [16] considered two scenarios: one with the
inclusion of texture information and one without it. Muhammad et al. [3] proposed
the use of a convolutional neural network (CNN) to detect fire, and their results were
also compared to other works.

Method Accuracy Recall Precision F1-score

kNN 84.81% 81.80% 79.27% 80.52%

SVM 84.60% 82.74% 78.35% 80.48%

Random forest 83.49% 88.34% 73.79% 80.42%

Naive Bayes 80.92% 90.95% 69.10% 78.54%
Table 2.

Performance comparison with different machine learning methods.

Accuracy 84.81%

Recall 81.80%

Precision 79.27%

F1-score 80.52%
Table 3.

Performance evaluation of sub-image classification into fire and no-fire.
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Work Precision Recall F1-score

Our proposed method 79.27% 81.80% 80.52%

Muhammad etal. [3] 86.00% 89.00% 88.00%

Chino etal. [6] 40-60% 60-80% 60-70%

Celik etal. [15] 40-60% 50-60% 50-60%

Rudz et al. [16] 60-70% 40-50% 50-60%
Table 4.

Comparison of our method with state-of-the-art methodologies.

When comparing their best results with our proposed study, as shown in Table 4,
it becomes evident that our method achieves good performance, only Muhammad
etal. [3] with CNN achieved higher results; however, it requires a powerful computer
and a larger database for training. Li and Zhao [17], who also used CNN, achieved an
accuracy of 99.62%, although it also required 29,180 images and a high-performance
computer.

Although the datasets of related works are not the same as ours, the proposed
method demonstrates competitive performance compared to state-of-the-art tech-
niques while maintaining efficiency and accuracy. This highlights the potential of our
approach for fire detection, especially in the Khan and Hassan [10] dataset.

Testing our proposed method with different images yielded promising results.
Figures 5 and 6 illustrate where the fire was correctly detected, highlighting only
the parts where the flame-fire is present. However, in cases where the flame-fire
is smaller, the detection response is not as accurate as presented in Figure 7. One
explanation for these errors is that the sub-image resolution is much higher than the
fire region. Nonetheless, the method is still able to identify the general location of the
fire origin.

The fire detection system exhibited a high level of accuracy in various scenarios,
with the exception of certain instances during sunset in Figure 8. During this particu-
lar lighting condition, the system encountered some challenges and produced errors

Figure 5.
Example of correct detection of fire region in the image. (a) Original image; (b) Our method output.
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(b)

Figure 6.
Another example of correct detection of a fire vegion in the image. (a) Original image; (b) Our method output.

(b)

Figure7.
Example of detection of fire region in image with missing parts. (a) Original image; (b) Our method output.

(@ (b)

Figure 8.
Example of incorrect detection of fire region in sunset image. (a) Original image; (b) Our method output.
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in fire detection. The errors can be attributed to the changes in color and illumina-
tion that occur during sunset, which affect the performance of the fire detection
algorithm. Further improvements are required to enhance the system’s performance
during such challenging lighting conditions.

4, Conclusion

As kNN is an algorithm based on simplistic data segmentation in hyper-dimen-
sional space, it is expected that the classification of fire is based on the pixel values,
mainly on the red channel of the RGB. This behavior introduces some limitations
to the detection capabilities. Among these limitations, it recognizes that very small
regions of fire in the image are not well detected by the kNN, which is somewhat
improved by the second classification that breaks down the image into smaller
regions. Another recognized limitation is that images with the absence of fire, taken
during sunrises or sunsets, or images taken during the fall season, introduce a data
pattern with higher values on the red channel. This pattern leads to false positives
during the detection, as the kNN algorithm understands that images dominated by
orange and red colors are similar to fire.

Still, even with recognized limitations, the method proves to be accurate, espe-
cially in forests dominated by shades of green and where the presence of orange and
red is almost always indicated by the presence of fire. In terms of computational
cost during training and inference time, kNN shows good results and is suitable for
real-time applications with a simpler approach in comparison to more complex and
elaborate neural networks such as CNNs, using VGG16 and ResNet50 architectures.
Future directions point to the application of our proposed method in surveillance
cameras and in testing in real-world applications.
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Chapter 5

Object Detection Algorithms for
Digital Imaging Applications:
A Review

Rotimi-Williams Bello, Pius A. Owolawi, Etienne A. van Wyk
and Chunling Tu

Abstract

Object detection is a major branch and fundamental task in computer vision,
aiming to localize, identify and classify even the smallest objects of interest in
images. Features can be extracted efficiently by deep convolutional neural networks
(CNNs) as the backbone for real-time or near real-time object detection performance
than the hand-crafted-based traditional methods. In the past few years, the advent
of transformer-based models with robust self-attention mechanisms has not only
raised object detection performance to a higher level but has also enabled it to pro-
duce excellent results. Many object detection tasks in the real world require that 3D
information about the object be obtained, thus strengthening active research in 3D
object detection. However, the algorithms for detecting 3D objects are not easy to
propagate in real-world applications due to many factors, making reconstruction of
2D object detection algorithms to 3D object detection algorithms the suitable alterna-
tive. Therefore, we review the evolution of 2D object detection algorithms for digital
imaging applications, focusing on their developments, models, applications, datasets,
evaluation metrics, strengths and weaknesses, for better understanding of their
landmarks and contributions to the advancement of the field.

Keywords: algorithms, convolutional neural networks, digital imaging, models, object
detection and classification

1. Introduction

Object detection is a fundamental task in the field of computer vision (CV) that
primarily seeks how objects can be localized, identified, and classified into predefined
categories of interest in images. Many downstream vision problems such as object
tracking and monitoring depend on object detection algorithms, making it para-
mount to intensify research on how object detection models can be enhanced to pro-
duce effective and high-performance results. In the past few years, object detection
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has evolved significantly following the remarkable advancements in CV [1]. There

are three stages included in the traditional algorithms developed for object detection,
namely region proposal stage (for locating potential objects), feature extraction stage,
and classification stage.

The sliding window (of different sizes) method was the popular approach
employed by the region proposal stage to extract regions (objects) of interest (RolI)
from the input image, and this is to ensure that candidate regions are obtained by
multi-iterations irrespective of the different sizes that each target object may possess.
Talking about the second stage, in its incipient form, object detection tasks relied
on the features extracted by hand-crafted-based traditional methods, such as Local
Binary Pattern (LBP) [2], Scale-Invariant Feature Transform (SIFT) [3, 4], Histogram
of Oriented Gradients (HOG) [5]. The features extracted by hand-crafted-based
traditional methods are utilized in the last stage for the object classification and
regression of bounding boxes.

However, there are a lot of significant flaws in these traditional algorithms and
other traditional object detection models like Viola-Jones [6, 7], such as low-process-
ing speed and accuracy, generalization issues and high operating cost, which deep
convolutional neural networks (CNNs) have steadily replaced. The feat that CNNs
perform with the advent of AlexNet [8] in 2012, R-CNN (Region-Based CNN) [9] in
2014 and R-CNN series has led to a paradigm shift in deep learning-based methods for
object detection and CV. The dominance of deep learning has been spread to various
areas of object detection, leading to tremendous growth of various methods devel-
oped for object detection, motivated by high-processing speed and accuracy, capabil-
ity for generalization, large-scale datasets and progress made in other CV tasks.

The frameworks of modern object detection models are primarily classified into
two-stage object detection models, one-stage object detection models, and trans-
former-based object detection models, as shown in Figure 1.

The two-stage object detection models are typified by the R-CNN series, such
as Faster R-CNN [10], Mask R-CNN [11], performing object detection in two steps,
which is by first-generating region proposals before classifying and refining those
regions. The one-stage object detection models, such as You Only Look Once (YOLO)
[12], Single Shot MultiBox Detector (SSD) [13], GluonCV [14], perform detection

2D Object Detection
Algorithms
v
v v
Anchor-based Object Anchor-free Object Transformer-based
Detection Algorithms Detection Algorithms Object Detection
Algorithms
T T T
¢ R-CNN series * Keypoint- or Center-based s DETRseries
® YOLO series * Anchor-point based * ViTseries
¢ SSDseries * YOLO series .
[ ] -
Figure 1.

Classifications of 2D object detection algorithms for digital imaging applications.
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directly from the input image by directly predicting bounding boxes and class labels
for objects within an image in a single pass, prioritizing efficiency and speed over
potential accuracy prioritized by the two-stage object detection models.

Transformer-based object detection models are the most recent object detection
models that have DEtection Transformer (DETR) [15] as a typical example. Global
context across the entire image is captured by the detection models by utmost reliance
on the self-attention mechanism in Transformer architecture [16]. The network’s
backbone (AlexNet, ResNet [17], Swin Transformer [18], etc.), the network’s neck
(Feature Pyramid Network (FPN) [19], YOLOF [20], DETR, etc.) and the network’s
head (YOLO, SSD, Region-based Fully Convolutional Networks (R-FCN) [21], etc.)
are the three parts into which network is divided when processing images that are
fed into the network (Figure 2). The three parts serve different purposes, starting
from the backbone, through which feature extraction is performed, next is the head,
through which the extracted features are merged and refined, and the head, through
which the object’s classes and location coordinates are predicted.

Anchor-based object detection models, such as those previously mentioned, are
mostly developed in series with the aim of improving on those series to leverage the
processing speed and performance accuracy of the detection models, making them
superior to the existing traditional algorithms. The development of anchor-free object
detection models eliminated the limitations in using the preset anchor boxes by intro-
ducing key points or anchor points for bounding box regression. Many proposals have
been presented on using Transformer as either the network’s neck or backbone, and
the proposals were motivated by the wide acceptance of Transformer’ application to
the field of CV with Vision Transformer (ViT) [22], producing promising results.

Many object detection tasks in the real world require that 3D information about
the object be obtained, thus strengthening active research in 3D object detection.
However, the algorithms for detecting 3D objects in 3D space are not easy to propagate
in real-world applications due to many factors, making reconstruction of 2D object
detection algorithms to 3D object detection algorithms the suitable alternative for 3D
object detection in 3D space. Therefore, we review the evolution of 2D object detec-
tion algorithms for digital imaging applications, focusing on their developments,
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Figure 2.

Thge three parts into which the network is divided when processing images that are fed into the network are the
network’s Backbone (AlexNet, ResNet, Swim Transformer, etc.), the network’s Neck (FPN, YOLOF, DETR, etc.)
and the network’s Head (YOLO, SSD, R-FCN, etc.). The Backbone is for features Extraction (E), the Neck is for
Combining (C) the extracted features and the Head is for generating the final Prediction (P) based on the features
extracted by the Backbone and Neck layers.
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models, applications, datasets, evaluation metrics, strengths and weaknesses, for
better understanding of their landmarks and contributions to the advancement of the
field.

To achieve this, we collected and analyzed recent high-quality CV-centered
research papers from top journals, book chapters and conferences that focused on
algorithms for detecting digital imaging objects. The contributions of this chapter are
as follows:

1.In this chapter, an in-depth review was carried out on the 2D object detection,
covering detailed analysis of the main paradigms, starting from the hand-craft-
ed-based traditional methods to deep learning-based modern methods.

2.Each paradigm was analyzed to cover its development overview, milestones and
key innovative contributions toward achieving the modern methods for detect-
ing 2D objects.

3.This chapter discusses datasets, and metrics for evaluating object detection,
before delineating future directions in this rapidly evolving field.

4.This chapter divides the algorithms of the 2D object detection into anchor-based
detection models, anchor-free detection models and Transformer-based detec-
tion models, covering detailed analysis of their contributions.

2. Algorithms for detecting 2D objects
2.1 Hand-crafted-based traditional methods

Object detection, in its early period, relied heavily on the features extracted by
the hand-crafted-based traditional methods, and these methods involved extract-
ing discriminative details from target objects using hand-crafted characteristics.
Feature extraction methods that belong to this category are HOG, SIFT, Integral
Image [6, 7], etc. The extracted features were merged and processed by the clas-
sification models of that time, like Support Vector Machines (SVM) [23], SVM
series such as LSVM (Lagrangian SVM) [24], SO-SVM [25, 26] and AdaBoost [27].
The object detection model invented by Viola-Jones (named Viola-Jones detector),
the HOG-based object detection models and the Deformable Part-based Model
(DPM) [28] are good examples that contributed remarkably to object detection
during their time.

Moreover, other object detection models that existed during that period relied on
SIFT descriptors or on their series, such as color-SIFT descriptors [29] and PCA-SIFT
descriptors [30]. Likewise, other object detection models of that period employed
more feature extractors, such as Haar-like wavelets [31], Hough transform [32].
Although the hand-crafted-based traditional methods significantly addressed the
challenges confronting object detection during their time, low-processing speed and
complexity in computation are their notable limitations. To address these limitations,
deep learning-based object detection models were developed and categorized into
three, namely anchor-based object detection models (use CNNs for the detection
process), anchor-free object detection models (use CNNs for the detection process)
and Transformer-based object detection models (use Transformer architecture).
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Although there was so much technological advancement in the models of anchor-
based object detection, these models were undermined by their ineffectiveness in
multiscale detection tasks. Likewise, the models of anchor-free object detection
gained wide acceptance due to their capability for direct prediction of object bound-
ing boxes from the pixels of the images exclusive of the pre-defined anchor boxes,
resulting in a better and more robust approach than the earlier object detection
methods. Transformer-based object detection models possess similar qualities as
anchor-free object detection models, representing recent state-of-the-art object
detection models that use Transformer architecture for extraction of object’s features
from images and their combination.

2.2 Anchor-based object detection algorithms

Anchor-based object detection models are types of CV model for object detection
that rely on pre-defined bounding boxes (also known as anchor boxes) for object’s
localization and classification within an image, effectively acting as points of refer-
ence to facilitate the model’s capabilities in identifying potential object areas by fine-
tuning their position and size to match the actual objects in the image. These object
detection algorithms are divided into R-CNN series, YOLO series and SSD series.

2.2.1 R-CNN series anchor-based object detection algorithms

R-CNN (with its series) is the most influential object detection model in CV that
allows many candidate bounding boxes of different sizes to be generated for the input
image by selective search algorithm [33]. The generated bounding boxes are input
into the CNNss for feature extraction prior to their classification by SVM and location
fine-tuning by linear regressor. The approach of pre-training the model on many
datasets and fine-tuning it on a few numbers of datasets significantly mitigates the
data limitation problems. As shown in Figure 3, the advent of R-CNN brought about
using CNNss for extraction of features from images, making it a better replacement
to traditional algorithms in terms of high-processing speed, accuracy, generalization
ability and simple computation.

However, R-CNN lacks efficiency and thus affects the training and inference
phases. Moreover, the approach of dividing the detection process into four stages neg-
atively affected both the processing speed of the model training and the processing

R-CNN: Regions with CNN features
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Figure 3.

Overview of R-CNN object detection model [9]. The model (1) accepts input image, (2) extracts from the image,
approximately 2000 bottom-up region proposals, (3) computes CNN features for each proposal and then (4)
classifies the regions.
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resources. SPPNet [34] was proposed as a solution to the above-mentioned limitations
of R-CNN by adding a layer of Spatial Pyramid Pooling (SPP) [35] prior to the fully
connected (FC) layer. The size of the candidate box can be integrated by SPPNet with
just one convolution operation on the image, thereby improving the model’s speed.
Moreover, the training of multi-size images is permitted by SPPNet and the robust-
ness of multi-level pooling to object deformation is also improved.

Although the detection speed of SPPNet is impressive, there is still a need for
multi-stage training. In addition, the overall accuracy may be affected by SPPNet due
to fine-tuning only the FC layer while fixing the convolutional layers, to simplify the
training and increase the speed of the network.

Fast R-CNN [36] was proposed to fix the limitations of R-CNN and SPPNet while
maintaining and improving their strengths. A Rol pooling layer is utilized by Fast
R-CNN for the combination of extracted image features, making them suitable as
input into the FC layer, whose role is to classify and regress. Fast R-CNN has several
advantages compared to R-CNN, and these advantages include faster inference and
single-stage training by feature sharing and a multi-task loss. However, the speed
at which it detects an object in real-time is low due to the process involved in object
proposal and large-scale datasets used, motivating Faster R-CNN development as a
solution to Fast R-CNN’s limitations by merging proposal generation in the network.

Faster R-CNN comprises two modules, namely (1) a deep FCN [37], otherwise known
as Region Proposal Network (RPN), by which regions are proposed, and (2) Fast R-CNN,
by which the proposed regions are utilized. Simply put, the anchor candidates are gener-
ated by the RPN, which has some common characteristics with the detection network,
before the Rol is mapped to a fixed-size feature map by the Rol pooling layer, leading to
the generation of predicted results by the FC layer. This network arrangement by Faster
R-CNN makes object detection an end-to-end 3-in-1 process by using same CNNs to
generate candidates, extract features, and classify and regress bounding boxes, making its
speed faster than the speed of Fast-R-CNN in real-time object detection.

However, there are some learnable layers that are not made convolutional with
Faster R-CNN. To address the drawbacks in Faster R-CNN, R-FCN [21] was proposed
with some impressive approaches. R-FCN is designed as FCN without FC layer and
ends with a position-sensitive Rol pooling layer for score maps aggregation and scores
generation for each Rol. The end-to-end training of R-FCN enables the Rol layer in
guiding the last layer of the CNNs to learn position-sensitive score maps, solving
CNN’s translation invariance. The design of R-FCN enables fast training and infer-
ence, and region-wise computation at little cost. However, R-FCN is costly due to the
many channels in the feature maps before Rol pooling [38].

Successive works that are based on R-FCN include Deformable R-FCN (D-RFCN)
[39] and Light Head R-CNN (LH R-CNN) [40] that address the cost in R-FCN by
introducing separable convolution. The Rol pooling layer in R-FCN was replaced
with the Rol alignment layer in Mask R-CNN. Mask R-CNN is an extension of Faster
R-CNN, developed for instance segmentation [1, 41-43]. Mask R-CNN combines
residual network (ResNet) and FPN as its backbone network, in which the FPN
framework was designed for the improvement of multi-scale object detection with
computation efficiency. For a long period of time, FPN has been generalized to
include Parallel Feature Pyramid Network (PFPNet) [44] and Attention Aggregation
FPN (A2-FPN) [45]. The mapping of Rol to fixed-size feature maps is by bilinear
interpolation, and this enables utmost preservation of the feature maps’ spatial infor-
mation. Figure 4 shows the framework of Mask R-CNN for instance segmentation.
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Figure 4.

Thg;’ framework of Mask R-CNN for instance segmentation [11]. A two-stage procedure is adopted in the
framework, the first stage comprises RPN and the second stage comprises a thivd branch for predicting
segmentation masks on each Rol, in parallel with the classification branch and bounding box regression branch.
The output of the additional mask is different from the outputs of the class and bounding box.

The Rol features alignment issue overlooked in RoIPool (Rol pooling) layer of Fast
R-CNN and RoIWarp of MNC [46] was addressed by Mask R-CNN using RoIAlign
layer, which eliminates the harsh quantization of RoIPool, accurately aligning the
extracted features for the preservation of explicit per-pixel spatial correspondence.
Cascade R-CNN [47] is a multistage extension of R-CNN, developed to improve
object localization ability of the preceding models, and it improves accuracy at high
Intersection over Union (IoU), addressing IoU mismatch. In most cases, to determine
the positive and negative samples, the IoU threshold of the existing related works is
set to 0.5, causing model to overfit. However, the bounding boxes of candidate objects
are progressively refined at each stage of Cascade R-CNN using increasingly firmer
IoU thresholds, permitting more object detection accuracy with tighter bounding
boxes, especially at higher levels of IoU.

Basically, the first stage is used for rough object localizations, while the successive
stages increasingly refine the bounding boxes with higher precision. Other notable
examples of R-CNN series include Multi-Region CNN (MR-CNN) [48], Multi-Scale
CNN (MS-CNN) [49], Adversarial Fast R-CNN (A-Fast-RCNN) [50], Libra R-CNN
[51], Sparse R-CNN [52] and ME R-CNN [53].

2.2.2 YOLO series anchor-based object detection algorithms

The YOLO series is unarguably the most prominent and widely accepted family
of object detection models among the CV community. Famous for striking a better
balance between accuracy inference speed, the YOLO series demonstrates higher
efficiency of one-stage object detection algorithms than the two-stage detection
algorithms. It comprises both two-stage (anchor-based) and one-stage (anchor-free)
approaches, indicating the series as a complete or near-complete family of object
detection models. Chronologically, the YOLO series has approximately 11 core ver-
sions within the contexts that have shaped its sequential advancement. YOLOvV1 [12]
algorithm, which happens to be the first of its kind in YOLO series, was developed
without an anchor box mechanism.
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As an alternative, the input image was divided into S x S grid cells, and the class
probabilities and bounding boxes were output on this grid cell. The extraction of
features, the combination of those features, the classification and prediction of
bounding box regression are all performed in the same CNNs. This unified architec-
ture extremely improves the processing speed and optimization of YOLOv1. However,
YOLOV1 has some notable limitations that include enforcement of spatial constraints
on bounding box predictions because only one class prediction and two bounding
boxes prediction are possible by this version of YOLO, making it extremely difficult
for object generalization in unfamiliar configurations. Moreover, overlapping is an
issue with YOLOv1, and it also struggles with object localization and prediction of
multi-scale objects. Figure 5 shows the detection system of YOLO.

YOLOv2 [54] improves the YOLOv1 model by adopting the anchor boxes using
Batch Normalization (BN) on the input of each network’s layer to enable the model’s
fast convergence. Five anchor boxes were positioned by YOLOv2 with different aspect
ratios at the same location with the support of k-means clustering, to meliorate the
detection models recall rate for small objects. In this YOLOv2, the FC layer was
replaced with FCN in the prediction stage for classification and bounding box regres-
sion. These developments improve the detection performance of YOLOv2 model
with the assumption of maintaining high-processing speed. The YOLOvV3 [55] model
added several refinements to YOLOV2 for optimal performance of the network when
extracting features.

In YOLOV3, an objectness score is predicted for each bounding box with the aid of
logistic regression. Object’s class is predicted by means of multi-label classification
with individual logistic classifier as a substitute for softmax, helping in convoluted
domains with several overlapping labels. DarkNet-53 was used as the backbone
network of YOLOv3, and the backbone network comprises residual modules for
efficient stacking of the deep network structure. Moreover, nine anchor boxes of
three scales were positioned in the same position. Multi-scale object detection and
multi-label classification problems are managed by replacing the activation function
with sigmoid from softmax. There is a great improvement in detection accuracy and
speed of YOLOv3.

The YOLOv4 [56] model incorporated several improvements over YOLOv3
model for object detection in real-time. DarkNet-53 of YOLOv3 was extended
by the YOLOv4 backbone CSPDarkNet-53 with Cross-Stage Partial Connections
(CSPNet) [57] structure for accurate training of the model for generalization ability
and reduction of feature maps redundancy. CutMix [58], and Mosaic and Self-
Adversarial Training (SAT) are used for data augmentation. Moreover, an improved
Path Aggregation Network (PANet) [59], along with Convolutional Block Attention

1. Resize image.
2. Run convolutional network.
3. Non-max suppression.

Figure 5.

The detection system of YOLO illustrates the simple and straightforward steps in processing images. (1) The input
image is vesized to 448 x 448 by the system, (2) a single convolutional network is run on the image and (3) the
resulting detections are threshold by the model’s confidence.
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Module (CBAM), and SPP module are used by YOLOv4 on the neck part of the
network for the improvement of spatial localization accuracy, achieving higher AP
than YOLOv3.

However, YOLOv4 has a notable limitation, which is relatively large number
of parameters. YOLOv5 [60] is another enhanced version of the YOLOv3 model,
with basic similarity to the YOLOv4 detection network. The YOLOv5 model adapts
CSPDark-Net53 as backbone. YOLOVS uses different techniques of data augmentation
such as MixUp [61], Copy-Paste [62] and other augmentations from Albumentations
[63] collection. In the initial training stage of the YOLOv5 model, an adaptive anchor
box screening and image scaling mechanism are proposed to speed up detection.
YOLOV6 [64], an anchor-free object detection model, adopts an EfficientRep,
motivated by RepVGG [65], for the backbone; and Rep-PAN (an enhanced PAN with
RepBlock) with CSPStackRep Block (an enhanced CSP [66] block), for the neck; and
a decoupled head using a hybrid-channel strategy, for the head.

While Task Alignment Learning (TAL) is employed for label assignments, the loss
functions employed VariFocal Loss (VFL) for classification, and GIoU loss [67] or
SIoU loss [68] is employed for bounding box regression. A more lightweight anchor-
based YOLOv7 [69] model was proposed for the improvement of network efficiency.
The model adopts Extended-Efficient Layer Aggregation Network (E-ELAN) and
RepConvN, a variant of RepConv [70] for efficient learning of features. By this
extension, the channel was expanded and computational blocks regularized via group
convolution, without affecting how the parameter is utilized. In the same YOLOv7
model, two new label assignment approaches were proposed that are based on deep
supervision [71] and trainable bag-of-freebies (BoF) methods, which include implicit
knowledge and prearranged re-parameterized model, reducing the parameters of
the model and improving the detection accuracy. The model also focuses on module
optimization during the model training.

YOLOVS [72] is an anchor-free object detection model, adopting the center-
based pattern. Its backbone is like the backbone of YOLOvS5, though with some
modifications, which includes C2f, a variant of C2 module [73], which enables simple
computation by processing the element that comes last on the split list by means of
multi-bottleneck layers and results concatenation. The classification (made possible
by Binary Cross Entropy (BCE)) and bounding box regression (made possible by
ClIoU loss [74] and DFL loss [75]) are independently handled by YOLOv8 through
adoption of a decoupled head without including any objectness branch. A new
framework, called Programmable Gradient Information (PGI) that assists in network
supervision, was introduced in YOLOvV9 [76] as a solution to input data volatility
in deep networks, using its three components: the main branch for inference, the
auxiliary reversible branch and multi-level auxiliary information.

Furthermore, a deep supervision fit for shallow and lightweight neural networks
was presented by YOLOv9 model. The YOLOv9 model is an extension of YOLOv7
and its variant Dy-YOLOvV7 [77], respectively. Generalized-ELAN (GELAN) replaces
ELAN [78] in the network architecture design, simplifying the down-sampling
module and optimizing the anchor-free prediction head. YOLOv10 [79] presents
several architectural modifications, and its training is based on Non-Maximum
Suppression (NMS)-free approach with multi-label assignments and matching metric
consistency. An efficient partial self-attention (PSA) module design is implemented
in the YOLOV10 model to integrate self-attention [80] excluding high computational
complexity and traceable memory. A lightweight architecture comprising two depth-
wise standalone convolutions was adopted by the classification head [81].
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An efficient down-sampling is made possible by decoupling the spatial reduc-
tion and channel increase operations. Redundant stages complexity is reduced with
the introduction of a rank-guided block design scheme. Other YOLO series include
YOLOV11 [82], released by Ultralytics, with no specific papers written on its docu-
mentation. The PP-YOLO [83], an anchor-based object detection model, and its
PP-YOLO series were named after PaddlePaddle [84], the platform on which they
were developed. More PP-YOLO series include PP-YOLOv2 [85], which is an anchor-
based object detection model too, and PP-YOLOE [86] and PP-YOLOE-R [87], both of
which are based on anchor-free architecture. YOLOR [88] is an anchor-based object
detection model that uses multi-task learning approach.

YOLOX [89] is another model that is based on anchor-free architecture and
proposed immediately after YOLOR was released, with several improvements.
DAMO-YOLO [90] was proposed as an anchor-free object detection model with
several improvements integrated into it. YOLOX-PAI [91], an improved version of
YOLOX, was presented to the CV community a year after DAMO-YOLO was released.
Other variants of YOLO model are Gold-YOLO [92], YOLO-MS [93], YOLOCS [94]
and YOLO-based Transformer, such as ViT-YOLO [95], MSFT-YOLO [96], NRT-YOLO
[97], YOLO-SD [98] and DEYO [99].

2.2.3 88D series anchor-based object detection algorithms

SSD series is one of the most influential families among one-stage object detection
models since the development of SSD [100]. Like the YOLO series, SSD is a one-stage
object detection model of dense prediction that is based on a single feed-forward
convolutional network, which directly generates bounding boxes regression and
confidence scores for the object class instances that are present in those bound-
ing boxes, in accordance with the chosen anchor box of positive samples. Figure 6
shows the framework of the SSD model. The major problem addressed by SSD is the
small object detection problem confronting early YOLOv1 model. It achieves this by
using convolutional layers of different sizes at the backbone network for multi-scale
features extraction, excluding the FC layer in the prediction stage, while utilizing the
FCN for the model parameter reduction.

SSD has the capacity for object detection at multi-scale across different layers of
the network, unlike earlier object detection models that object could only be detected
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Figure 6.
Framework of SSD [100]. (a) Only input image and ground-truth boxes of each object are needed by SSD during
training, (b) and (c) illustrate the different scales (e.g., 8 x 8 (b) and 4 x 4 (c)) during the training.
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at the top layers of the network. However, there are some notable problems with SSD,
among which are difficulty in detecting small objects due to unused context informa-
tion among feature maps of different layers (this problem was subsequently solved

by some models of SSD series [101-106], modifying the feature fusion module), and
class imbalance among the samples during training due to shortage distribution of the
generated anchor boxes near the real box.

Deconvolutional SSD (DSSD) [101] is an extension of SSD, designed with
additional context for small object detection. It improves the model accuracy using
ResNet-101 as the backbone network and builds the hourglass network architecture
by adding a deconvolution module after the auxiliary convolutional layer, capable
of obtaining a high-level, semantic- and low-level spatial information. Although
DSSD demonstrates substantial and improved accuracy over SSD in detecting small
objects, this comes with a reduced speed. Rainbow SSD (R-SSD) [102] improves the
relationship between feature maps of different layers by employing pooling module
and deconvolution module. The speed of DSSD and R-SSD models is slower than the
speed of SSD model due to the many parameters involved in their network architec-
tures. Extension modules were added to the first three convolutional layers by the
ESSD [103] model for effectual possession of semantic features.

Feature-Fusion SSD (FSSD) [104] is another extension of SSD that integrates an
efficient and lightweight feature fusion module. The primary reason for developing
FSSD is to generate a feature pyramid, which is utilized for generating object detec-
tion outputs in SSD, by fusing all the different level features at the same time. The
superiority of FSSD over SSD is demonstrated in its effectiveness for small object
detection, which is very difficult for SSD to detect because it relies on shallow layers
that have small receptive field for observing substantial context details. However, the
inference time of FSSD is slower compared to SSD’s inference time, due to additional
layers added to the SSD model by FSSD, which consumes extra time.

Feature Fusion and Enhancement for SSD (FFE-SSD) [105], like FSSD, contrib-
utes to SSD enhancement by presenting multi-level feature fusion for the improve-
ment of small object detection. Attentive SSD (ASSD) [106] was proposed as an
extension of SSD with the idea of developing an attention model that can take notice
of the connections among the pixel-level features. This was made possible by placing
the self-attention mechanism between the feature map and the prediction module,
which is the module designed for performing box regression and object classification.
The Precise SSD (PSSD) [107] was proposed for the expansion of receptive field using
dilated convolution. Moreover, real-time object detection was greatly improved with
the spatial and semantic information obtained by the PSSD model using the bidirec-
tional FPN architecture.

Another problem addressed by other models of SSD series is the notable problem
associated with SSD, where the real box is provided with only a fractional portion
of the created anchor boxes, leading to class imbalance between the data points that
belong to the target class and the data points that do not belong to the target class dur-
ing the model training process. To solve this problem, RetinaNet [108] was proposed.
RetinaNet is a landmark among one-stage object detection models for its advanced
approach to solving class imbalance, a notable problem with one-stage object detec-
tion models in achieving performance accuracy. In developing RetinaNet, a new loss
function, called Focal Loss, was proposed, which has the capability of adding to the
weight of hard samples in the cross-entropy loss during the model training process,
maintaining class balance between the data points that belong to the target class and
the data points that do not belong to the target class.
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RetinaNet was enhanced by RetinaMask [109] with several adjustments, which
include a self-adjusting Smooth L1 loss, instance mask prediction integration and the
extra hard examples addition during model training process. RetinaNet was enhanced
by Retina U-Net [110] with notable improvements like incorporation of U-Net [111]
for segmentation of biomedical images. A rescaled member of RetinaNet was pro-
posed by RetinaNet-RS [112], increasing the speed of the model but decreasing in
its accuracy. RefineDet [113], a sparse prediction model, was proposed to effectively
address the problem of class imbalance by applying anchor box refinement module
for removing negative samples and fixing the location and magnitude of positive
samples. However, there is a problem with RefineDet-derived box multi-scale features
aligning and optimizing the anchor box properly.

To address this problem, Enriched Feature Guided Refinement Network
(EFGRNet) [114] model was proposed. EFGRNet enhances SSD by introducing
feature enrichment (FE) scheme and a cascaded refinement scheme for solving the
multi-scale detection and class imbalance problems, obtaining accurate prediction
results without affecting its speed.

2.3 Anchor-free object detection algorithms

Although the anchor-based object detection algorithms allow positive sample
selection for box regression and final classification in object detection process, rely-
ing on predefined boxes with fixed sizes and aspect ratios, they have some notable
limitations like class imbalance between the data points that belong to the target class
and the data points that do not belong to the target class due to more negative samples
of dense anchor boxes generated. Also, there are problems of object’s localization
and background complexity with the anchor box of the data points that belong to the
target class.

Furthermore, several hyperparameters were introduced by anchor boxes, such
as the quantity of anchors, the sizes and aspect ratios, which require extemporary
rules-of-thumb and computations from training set for their tuning, and the tuning
becomes a herculean task when integrated with multi-scale architectures. To address
these problems, anchor-free object detection algorithms have been proposed, elimi-
nating pre-defined anchor boxes. Anchor-free object detection models can be classi-
fied into keypoint-based and anchor-point-based (otherwise known as center-based)
approaches.

2.3.1 Key-point-based anchor-free object detection models

Keypoint-based anchor-free object detection models detect image objects using
multi-predefined keypoints or self-learned keypoints like the image center, corners
and sparse key corners, which by grouping them enables bounding box prediction, as
shown in Figure 7.

The first model in this category is CornerNet [116], which uses pairs of key-
points in terms of bounding box’s top-left and bottom-right corners to detect
objects. In addition, the pooling layer was introduced by CornerNet to enable
better localizations of bounding box corners. In the following year, the efficiency
of CornerNet’s inference was improved by CornerNet-Lite [117] with the intro-
duction of CornerNet-Saccade, which introduces the attention mechanism for
reducing number of pixels processed, and CornerNet-Squeeze, which reduces the
pixel computation.
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Figure7.
Key point-based anchor-free object detection model [115].

However, CornerNet has some limitations such as loss of feature information
to some degree due to the corner pooling layer relationship with the max pooling
process. This motivated the development of Matrix Nets (KP-xNets) [118] and deep
neural network for object detection. Objects with different sizes and aspect ratios
are mapped by KP-xNets into layers ensuring uniformity or near uniformity of the
objects’ sizes and their aspect ratios within their layers. Therefore, KP-xNets offer
ascale and aspect ratio informed architecture. KP-xNets were leveraged for the
enhancement of key-points-based object detection. The network architecture of
KP-xNet is lightweight, with an improved detection speed. CenterNet [119] resolves
the limitation in CenterNet by adding a third keypoint to the existing two keypoints at
the bounding box’s geometric center, making them three, instead of two, for objects’
representation.

The added point improves the model’s capability for capturing the visible pat-
terns in the proposed regions and confirming the accuracy of each bounding box.
Hence, CenterNet advances CornerNet by employing an alternative representation
for prediction box, through which bounding boxes are reproduced by generating for
the object, a heatmap of the center point in addition to the corresponding size. With
CenterNet, it is easy to remove the superfluous prediction boxes on the heatmap
without wasting time, unlike the NMS post-processing operation. Moreover, two
pooling approaches, center pooling and cascade corner pooling, were proposed for the
improvement of keypoints detection of image’s center and corners.

ExtremeNet [120], an anchor-free box detection model, was proposed as a solu-
tion to many immaterial background pixels that may contain in the prediction box,
hindering true representation of the object’s visual information. ExtremeNet uses
hourglass network for the detection of all the object’s four heatmaps (i.e., top, bot-
tom, left and right four extreme points) and picks out the right combination of five
extreme points in accordance with the four extreme points’ geometric center’s scores
on the central point heatmap. That is, the extreme points were extracted as peaks
after the five heatmaps were predicted and geometrically grouped. The geometric
center of the four extreme points is computed, and the extreme points are regarded
as the true detection provided there is a high prediction response in the center of the
center map.

Other key-point-based object detection models are AttentionNet [121] that
continuously improves bounding boxes through directional shifts prediction for the
object’s corner keypoints; Point Linking Network (PLN) [122], which uses corners,
center points and their links to represent objects; and CentripetalNet [123] intro-
duces centripetal shift method (a method for grouping corner keypoints from same
instance) for corner matching improvement. DeNet [124] is a keypoint-based anchor-
free object detection model that produces Rols without anchor boxes. DeNet, in an
identifiably distinctive manner, initially ascertains the likelihood of each position
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being a member of any of the bounding box’s several corners and subsequently
produces Rols by calculating all possible corner combinations, adopting two-stage
approach for the classification of each Rol. Other popular keypoint-based object
detection models include Grid R-CNN [125] and RPDet [126].

2.3.2 Anchor-point-based anchor-free object detection models

Anchor-point-based object detection models use preset anchor points to achieve
object detection in a per-pixel prediction fashion. DenseBox [127] is a foremost figure
among anchor-point-based anchor-free object detection frameworks, introduced
purposely for face detection. In DenseBox framework, output ground-truth is defined
as a 5-channel map, and it locates objects by predicting the distance between each
positive pixel and boundaries of the bounding boxes. Afterward, several anchor-
point-based object detection models have been developed. The Fully Convolutional
One-Stage (FCOS) [128] model was proposed as a representative model, adopting
multi-level prediction with FPN, and by using two branches, it enforces classification
of both positive anchor and negative anchor points, and anchor point to prediction-
box distance regression.

To subdue the anchor points interference with the center of the object on the
regression, a centered branch for prediction is added to the classification branch.

The FCOS model is both computationally fast and capable of being easily expanded
or upgraded on demand to fit other vision problems. However, there are some con-
straints imposed by anchor boxes in FCOS model that hinder optimal feature-level
selection for individual object instances. Feature Selective Anchor-Free (FSAF) [129]
was designed to solve the constraints imposed by anchor boxes in FCOS model by
selecting optimal feature level for individual object instances. To be specific, it is
possible to plug the FSAF module into anchor-free object detection models with FPN,
such as RetinaNet. In the end, the results are obtained by combining the prediction
results from the two branches in the inference stage.

FCOS [130], an improved version of FCOS [128], was proposed for better refine-
ment of the framework. BorderDet [131] extends FCOS by presenting BorderAlign,

a feature extractor developed for capturing border features to improve the original
key-point-based representation. CenterMask [132] was proposed as an extension of
FCOS and added a spatial attention-guided mask (SAG-Mask) branch for segmenta-
tion of object instances. FoveaBox [133] was proposed to solve the limitations of the
earlier anchor-point-based object detection models, in which each instance occupies
separate feature layer. In FoveaBox, the acceptable range of sizes for each layer of FPN
is predetermined. The instance is assigned to the appropriate multi-feature layers for
learning in accordance with the ground-truth size.

The prediction box is output by regressing the distance between the pixel point
and corner keypoints. The architecture of anchor-point-based was designed as
a lightweight and efficient network, making it better than the key-point-based
method. However, it has a lower detection accuracy. The Soft Anchor-Point Detector
(SAPD) [134] model adopts a training strategy with soft-weighted anchor points and
soft-selected pyramid levels to control anchor points close to instance border from
partaking in the training process, achieving an equilibrium between efficiency and
effectiveness. The prediction boxes of the key-point-based object detection models
and anchor-point-based object detection models are created by discrete points.

There are some notable challenges with prediction boxes such as inability to keep
adjacent information from loss, and difficulty in creating the required extra branches
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for the pairing of discrete points from the same object. CrossDet [135] was proposed
as a solution to SAPD challenges by adopting two adaptive crossing lines for the
object’s position representation. The rough location of the cross lines is predicted

by CrossDet through a regression branch before aggregating the line features, ina
way that involves changing the features to suit the changing conditions, from the
dimensional crossing lines through a crossline extraction module, and the location
of the crossing lines is regressed through a decoupling technique. Lightweight object
detection models, such as PP-PicoDet [136], on mobile phones were motivated by
FCOS for improved real-time object detection. Figure 8 shows the steps involved in
anchor-point-based anchor-free object detection model.

2.3.3YOLO series anchor-free object detection algorithms

The YOLO series object detection algorithms were improved for anchor removal
using key-point-based and anchor-point-based object detection methods. YOLOX
[89] is another model that is based on anchor-free architecture and proposed imme-
diately after YOLOR [88] was released, with several improvements. YOLOv3 was used
as the baseline for YOLOX, with the input image split into multi-grids, whereby the
prediction of the two offsets in the corners and entire size of the prediction box can be
done at once grid-by-grid. Using YOLOX, end-to-end network parameters are easily
optimized by separating regression tasks from classification. Another spectacular
contribution of YOLOX is the use of SimOTA, which necessitates label assignment by
ground-truth objects during training and not during inference time.

OTA is a method that handles global context label assignment and assists in find-
ing the global best confidence assignment for all image instances. YOLOX-PAI [91],
an improved version of YOLOX, was presented to the CV community a year after
DAMO-YOLO [90] was released. In the head, YOLOX-PAI uses attention mechanism
for organization of tasks in the regression and classification branches and uses an
adaptive spatial feature fusion strategy for features enhancement. PP-YOLOE [86],
which is based on anchor-free architecture, carries out pixel-level prediction using
predetermined anchor points, which significantly regulates the model parameters and
improves the inference speed. Moreover, by introducing TAL, PP-YOLOE attempts
to close the distance existing between the optimal anchor points of classification and
regression tasks, thereby getting prediction results with high localization and confi-
dence accuracy, simultaneously.

PP-YOLOE-R [87], which is also based on anchor-free architecture, was proposed
in the same year as PP-YOLOE [86] as an improved model for the detection of rotating
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Figure 8.
Anchor-point-based anchor-free object detection model [115].
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objects. The disconnection problem in object boundary is handled by the ProbloU loss
and it uses decoupling detection head for the realization of object angle’s prediction.
DAMO-YOLO [90] was proposed as an anchor-free object detection model with sev-
eral improvements integrated into it. Other variants of YOLO model are Gold-YOLO
[92], YOLO-MS [93], YOLOCS [94], and YOLO-based Transformer, such as ViT-YOLO
[95], MSFT-YOLO [96], NRT-YOLO [97], YOLO-SD [98], and DEYO [99].

Several other one-stage object detection models have been proposed with high-
performance accuracy. G-CNN [137] presents a grid-based object detection model
that uses a series of iterations in refining a static multi-scale grid of bounding boxes
for objects’ localization and classification. Reverse connection with Objectness prior
Networks (RON) [138] uses reverse connection to improve the location prediction
of multi-scale objects and presents the objectness before reducing the search space
for objects. While Scale-Transferrable Detection Network (STDN) [139] uses high-
resolution and scale-transfer layers, TripleNet [140] employs an encoder-decoder
approach for the detection and semantic segmentation of fused objects.

Dual Refinement Network (DRNet) [141] integrates an anchor-offset tech-
nique with feature localization and anchor refinement and a warp detection head.
EfficientDet [142] introduces a bi-directional feature pyramid network (BiFPN) for
the fusion of multi-scale features. It also proposes a method (compound scaling)
for scaling the neural network’s resolution, depth and width. The method enables
EfficientNet architecture to generate models that are accurate and efficiently utilize
computational resources. Reciprocal Object Detection and Instance Segmentation
Network (RDSNet) [143] improves RetinaNet with two CNNs for object detection and
instance segmentation. While spatial features are processed by one CNN, temporal
features are processed by the other.

Task-aligned One-stage Object Detection (TOOD) [144] employs Task-aligned
Head (T-Head) and TAL for alignment of classification and localization tasks.
DetectorNet [145] and OverFeat [146] are among the first generation of several other
one-stage object detection models. DetectorNet adopts AlexNet as backbone and
divides the input image into a grid (coarse) and structures the detection (regression)
problem to bounding box masks, while Overfeat represents a merged framework for
detection, localization and classification.

2.4 Transformer-based object detection algorithms

Features are extracted by CNNs in neural network operation by sliding individual
convolutional windows. This operation somewhat incapacitates the model’s from
obtaining global feature information. The above challenges are effectively addressed
by the Transformer-based object detection algorithms. Global context can be modeled
effectively by the Transformer algorithms using self-attention mechanism, a deep
learning technique that models use to understand the relationships between words in
a sequence. The Transformer-based object detection algorithms have two main series,
DETR series and ViT series.

2.4.1 DETR series transformer-based object detection algovithms

DETR [15] is the first among the Transformer-based object detection algorithms
and upon which DETR-series were built. Convolution module is utilized by DETR
for back bone features extraction, and it uses neck situated Transformer structure
for image features encoding into a set of learned positional embeddings as shown
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in Figure 9. By set decoding and prediction, each object’s category and location
information are obtained. The global context relationship between the object and the
image is better managed by DETR, and for each object, it uses Hungarian algorithm
[147] for single-bounding box prediction, removing the unnecessary steps involved
in applying NMS for filtering out redundant bounding boxes that have high overlap,
which is a common limitation of modern object detection models.

However, DETR has some notable drawbacks. Comparing DETR to modern object
detection models, a substantial amount of training epochs is required by DETR to
reach convergence, and this is primarily due to the difficulty involved in training the
attention modules. In addition, the detection performance of DETR on small objects
is rather low and this is due to its inability to rely on high-resolution feature maps,
caused by self-attention module’s quadratic complexity in the Transformer encoder,
thereby making high-resolution input images computationally unaffordable.

In Figure 9, the image is flattened and supplemented with a positional encoding
by the model before it is passed into the encoder of the transformer. A small, fixed
number of learned positional embeddings is then taken as input by the decoder of
the transformer, and it also takes care of the encoder output. A shared feed forward
network (FFN) handles the decoder’s each output embedding that is passed to it for
prediction of either a detection of object class (including the bounding box) or a
no object class. To solve these problems, some methods for improvement have been
proposed including attention module and queries improvement. Adaptive Clustering
Transformer (ACT) [148] employs an effective randomized technique (locality sensi-
tive hashing) for grouping similar queries features for data clustering.

In DETR, it is possible to reduce floating point operations per second (FLOPs)
without losing performance by substituting the self-attention module with ACT.
SMCA [149] module was proposed as a replacement to the co-attention module in
DETR and it minimizes the feature aggregation’s search range to close to the object’s
center. Moreover, SMCA speeds up the convergence by joining the learnable co-
attention weights with the query’s spatial prior. The limitations of DETR such as the
resolution of small features and the delay in training convergence (which is caused by
the variability in matching discrete bipartite graphs) were overcome by the dynamic
attentions introduced by dynamic DETR [150] in the encoder and decoder stages of
DETR. Deformable DETR [151] was introduced as a multiple-scale deformable atten-
tion model to overcome DETR’s limitations.

Deformable DETR design improves the detection of small objects by combining
the deformable convolution’ spatial sampling capability with Transformer’s global
relational modeling capability for performance improvement of small object detec-
tion. The speed at which Deformable DETR converges is also improved due to a few
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Figure 9.
The framework of DETR [15]. DETR employs CNN's backbone for learning input image’s 2D representation.
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sampling keypoints needed by the model. However, the Deformable DETR model
becomes more complex, resulting from the model feeding the encoder with multi-
scale features indiscriminately. Sparse DETR [152] was proposed to minimize com-
putational constriction in DETR and Deformable DETR by introducing a mechanism
for encoder token sparsification and auxiliary loss function. Sparse DETR filters the
encoder’s tokens (input units) using a scoring network and converts the features into
code with the selected superior tokens, thereby obtaining sparser queries and improv-
ing inference speed.

Dynamic Anchor Box DETR (DAB-DETR) [153] contributes to the decoder of
DETR and speeds up the convergence of the model by adopting dynamic anchor
boxes (box coordinates) in the Transformer decoders, which are dynamically updated
layer by layer as queries for position priors provision. Motivated by Conditional DETR
[154], DAB-DETR combines location and contents to form queries, with the cross-
attention module keyed in, separating the content and location inputs to the query-to-
feature resemblance. For the location embeddings to be re-scaled, conditional spatial
query is carried out. 2D coordinates are utilized in generating the location embed-
dings in queries and keys, making their update possible layer by layer.

Anchor DETR [155] presents a new approach of deriving object queries using
anchor points.

The queries are encoded by Anchor DETR by predetermining the anchor points
and surrounding them with multi-prediction branches, and it figures out the object’s
overlapping occlusion problem. Moreover, a Row-Column Decouple Attention
(RCDA) module is presented by Anchor DETR to uncouple the 2D feature map into
row-column features for cost-effective computation. DeNoising DETR (DN-DETR)
[156], built upon DAB-DETR, was proposed as an advanced method for training
model using a query denoising task for stabilizing the matching of bipartite graphs
during training.

DETR with Improved deNoising anchOr boxes (DINO) [157] combines the
characteristics of DN-DETR, DAB-DETR and Deformable DETR, for DETR’s
improvement by providing the model with improved denoising anchor boxes,
thereby assisting the model in stabilizing the matching of bipartite graphs during
training for overall computation efficiency. In furtherance of the contributions of
DETR series Transformer-based object detection algorithms as presented earlier,
some other contributions have been proposed in addition to the abovementioned
ones to address the limitations of DETR model. Unsupervised Pre-train DETR
(UP-DETR) [158] presents a random query patch detection for DETR pre-train-
ing. Efficient-DETR [159] presents efficient mechanism for recognizing arbitrary
initialization of object containers and queries, and reference points, as part of
causative factors for multiple iterations.

Rethinking Transformer-based Set Prediction DETR (RTSP-DETR) [160] presents
Transformer-based Set Prediction with FCOS (TSP-FCOS) and Transformer-based
Set Prediction with R-CNN (TSP-RCNN) as the efficient techniques for identify-
ing the Hungarian loss and the cross-attention mechanism as the causative factor
in DETR’s slow convergence. Transformer-based detector Without Backbone
(WB-DETR) [161] presents a DETR model without a CNN backbone, justifying the
inconsequential contribution of feature extraction based on CNN in transformer-
based object detection models. Poll and Pool DETR (PnP-DETR) [162] adopts a poll
and pool (PnP) sampling module for spatial redundancy reduction, thereby improv-
ing the efficiency of DETR model. Decoder-Only DETR (D’ETR) [163] eliminates the
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encoder to make DETR simpler and presents a Computationally Efficient Cross-scale
Attention (CECA) module.

Fully Pre-training DETR (FP-DETR) [164] was proposed as a method for com-
plete pre-training an encoder-based transformer and fine-tuning it for object detec-
tion using a task adapter. Inspired by the realization of textual prompts in Natural
Language Processing (NLP), query positional embeddings were treated as visual
prompts so that the model can take care of the target area and identify the object.
DETR was improved by Coarse-to-Fine DETR (CF-DETR) [165] by using coarse-
to-fine (CF) decoder layer for coarse features refinement and location prediction.
Particularly, the layer of the CF decoder comprised a coarse layer and a cautiously
created fine layer. In each layer of the CF decoder, the region of interest feature is
presented to the global context information flow from the coarse layer for the refine-
ment and enrichment of features of the object query through the fine layer.

Recurrent Glimpse-based decOder (REGO) [166] uses a multi-stage recurrent
computational construction to assist the DETR attention slowly concentrate on
objects in the foreground more accurately. In all the processing stages, visual features
were extracted from Rols as glimpse features with expanded bounding box detection
result areas from the earlier stage. Consequently, a decoder based on glimpse was
introduced to help with the refined detection results based on both the glimpse fea-
tures and the earlier stage’s attention modeling outputs. Co-DETR [167] is a training
scheme comprising collaborative hybrid assignments for learning DETR-based object
detection models more efficiently and effectively from adaptable label assignment
manners.

The learning ability of the encoder in end-to-end object detection models can
easily be enhanced by the training scheme by training the multi-parallel heads
(auxiliary) superintended by one-to-many label assignments such as ATSS and
Faster RCNN. MDETR [168] is an end-to-end modulated detector for image object
detection trained on a raw text query such as a question or a caption. In MDETR,
an architecture based on Transformer is employed for collaborative effort on text
and image by combining the two modalities in the model’s early stage. RefineBox
[169] is a general framework conceptually made simple and efficient for localiza-
tion challenges in DETR-based models. Instead of wasting time designing and
training new models, plugins were added to the existing well-trained models. The
outputs of DETR-based object detection models were refined by RefineBox using
lightweight refinement networks. The implementation and training of RefineBox
is simple because its features and predicted boxes are leveraged by those of well-
trained detection models.

2.4.2 ViT series

Vision Transformers (ViT) [170] was proposed as a solution to problems con-
fronting image classification and object detection tasks. The ViT models classify
images by enlarging the range of pixel selection and splitting the input image into
sparse patches. The ViT series represents a family of object detection models where
ViT, primarily designed for image classification, is adapted to object detection tasks.
Figure 10 illustrates the framework of the ViT Model.

The backbone of ViT was extended by ViT-FRCNN [171] for the detection of
objects by integrating a detection network based on Faster R-CNN framework.
However, VIT-FRCNN has challenges using ViT as its backbone because the feature
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ViT Model Framework [170]. An image was divided into fixed-size patches, with each of them linearly embedded,
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maps generated by ViT are not more than one scale and lack high resolution, thereby
increasing the computational cost and image resolution. The training of ViT-FRCNN
involves more high resolution than ViT, to keep enough resolution, and to maintain
the input image’s aspect ratio. Pyramid Vision Transformer (PVT) [172], a variant
model of ViT, was proposed to strengthen a decreasing pyramid structure into the
backbone of the Transformer for flexible learning of multi-scale high-resolution
features. The spatial reduction attention (SRA) replaces the multi-head attention in
ViT, making it computationally possible to process at low cost, the high-resolution
feature maps and global receptive fields.

However, the images are regarded by PVT as non-overlapping patches sequence,
affecting the feature’s local continuity. The patch windows were expanded and over-
lapped by PVTv2 [173] to strengthen their connection and the feature map’ resolu-
tion was maintained using zero-padding convolution. The computational complexity
linear growth is monitored by Swin Transformer [18] by reducing the computation
of self-attention to non-overlapping local windows, and slowly increasing the recep-
tive field during the downsampling based on hierarchy, to facilitate the efficient
feature extraction from local to global. Swin Transformer V2 [174] presents the
methods for scaling Swin Transformer up to 3 billion parameters, enabling it to train
with 1536x1,536 image resolution. With the Swin Transformer V2, issues of training
instability were tackled, and models pre-trained were effectively transferred to higher
resolutions from low resolutions.

ViTDet (ViT Detector) [175] adapts the backbone network of original ViT for
object detection by fine-tuning its architecture without redesigning the backbone
for pre-training. With this development, competitive results can be achieved by the
plain-backbone ViTDet. Amazingly, it was observed that a sufficiently simple feature
pyramid can be built from a feature map with single-scale without the FPN design,
and window attention, assisted with exiguous cross-window propagation blocks,
can be sufficiently employed. With plain ViT backbones such as ViT-B, ViT-L and
ViT-H, pre-trained as Masked Autoencoders (MAE) [176], ViTDet is on a par with any
hierarchical backbone-based methods. YOLOS [177] is a family of vanilla ViT-based
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object detection models, with minimal modifications to enable Transformer carry
out 2D object-level and region-level recognitions from a clean Seq2Seq (sequence-to-
sequence) view with minimal cognition of the spatial structure.

Multiscale Vision Transformers (MViT) [178] presents a computationally
cheap method for recognizing videos and images, by incorporating feature
hierarchies (multiscale) with transformer models. The temporal dimension was
removed for successful application of MViT to image classification. MViTv2
(Improved MViT) [179] was presented as a combined architecture for object
detection, and video and image classification. MViTv2 extends MViT by incorpo-
rating disintegrated relative positional embeddings and residual pooling mecha-
nism. XCiT (Cross-Covariance Image Transformers) [180] is built upon XCA
(cross-covariance attention) and is a permutation-like version of self-attention
that spreads its operation across feature channels rather than the Transformer’s
tokens. The output XCA possesses linear complexity in the token’s number and
permits efficient computation of high-resolution images. The conventional trans-
former accuracy is combined with the convolutional architectures’ scalability.
Table 1 presents the summary of the evolution of 2D object detection algorithms
from the AlexNet era to Transformer-based era.

Object detection algorithms Author(s) & years

Anchor-based R-CNN Girshick et al. [9]
SPPNet Heetal. [34]
Fast R-CNN Girshick et al. [36]
Faster R-CNN Renetal. [10]
R-FCN Dai etal. [21]
YOLOv1 Redmon et al. [12]
SSD Liuetal. [13]
Mask R-CNN Heetal. [11]
FPN Linetal. [19]
YOLOv2 Redmon and Farhadi [54]
DSSD Fuetal. [101]
R-SSD Jeong etal. [102]
YOLOV3 Redmon and Farhadi [55]
Cascade R-CNN Cai and Vasconcelos [47]
RefineDet Zhang et al. [113]
ESSD Zheng et al. [103]
FSSD Caoetal. [104]
ASSD Yietal. [106]
YOLOv4 Bochkovskiy et al. [56]
YOLOv5 Jocher etal. [60]
PSSD Chandio et al. [107]
YOLOv7 Wang et al. [69]
YOLOv12 Tian et al. [181]
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Object detection algorithms Author(s) & years

Anchor-free CornerNet Law and Deng [116]
FSAF Zhu et al. [129]
CenterNet Duan etal. [119]
FCOS Tian et al. [128]
KP-xNet Rashwan et al. [118]
ExtremeNet Zhou et al. [120]
EFGRNet Nie et al. [114]
SAPD Zhu etal. [134]
YOLOX Geetal. [89]
PP-YOLOE Xu etal. [86]
PP-YOLOE-R Wang et al. [87]
YOLOv6 Lietal. [64]
YOLOvS Jocher etal. [72]
YOLOv9 Wang et al. [76]
YOLOv10 Wang et al. [79]
YOLOv11 Jocher and Qiu [82]

Transformer-based DETR Carion et al. [15]
ACT Zheng etal. [148]
Deformable DETR Zhuetal. [151]
ViT-FRCNN Beal etal. [171]
Swin Transformer Liuetal. [18]
Sparse DETR Roh et al. [152]
PVT Wang et al. [172]
Swin Transformer 2 Liuetal. [174]
PVTv2 Lietal. [173]
DINO Zhang etal. [157]
DAB-DETR Liuetal. [153]
DN-DETR Lietal. [156]
ViTDet Lietal. [175]

Table 1.

The evolution of 2D object detection algorithms.

3. Datasets

A brief overview of the competitively employed dataset baselines for generic
2D object detection are presented in this section. Since large datasets are required
for evaluating the training and testing of object detection models, we also provide a
summary of their main characteristics, including Pascal Visual Object Classes (Pascal
VOC) [182], ImageNet [183], MS COCO [184], Open Images [185], Objects365 [186]
and SA-1B (Segment Anything-1 Billion) [187]. The Pascal VOC challenge was an
annual CV competition series, held between 2005 and 2012. VOC-2007 [188] and
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VOC-2012 [189] are the two dataset versions of this challenge that are generally
considered and used as standard benchmark for object detection. There are 5 k train-
ing images in VOC-2007 dataset, and over 12 k objects were labeled from 20 object
classes.

Both the training and labeled images of VOC-2007 were increased to 11 k train-
ing images and 27 k labeled images in VOC-2012, respectively, without changing
the number of their object classes. The ImageNet Large Scale Visual Recognition
Challenge (ILSVRC) was also an annual competition series, held between 2010 and
2017. There are 460 k training images from 200 classes contained in the ILSVRC
dataset, and all of them were selected from ImageNet [190]. The ILSVRC datasets
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Figure 11.
Example of masked images from SA-1B dataset. The images were grouped for visualization based on the number
of masks per image.
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are larger in magnitude than the Pascal VOC datasets. MicroSoft Common Objects
COntext (MS COCO) is one of the most standard large-scale and benchmark datasets
for object detection and segmentation. With 80 object classes, MS-COCO has contin-
ued in popularity since its first release in 2014 with its modified version in 2017.

Open Images are Google’s image dataset of approximately 9 M annotated images,
covering the object bounding boxes and segmentation masks, etc. Publicly made
available since 2016, Open Images have expanded into seven versions, with the last
version comprising 1.9 M images of 600 object classes with 16 M bounding boxes.
Objects365 was released in 2019 as a dataset for large-scale object detection. It
comprises 600 k images of 365 object classes with over 10 M bounding boxes. SA-1B
comprises over 1B masks from 11 M images (see Figure 11). SA-1B was collected by
automatic technique using the final stage of Segment Anything Model (SAM) data
engine. The masks are 400x more than any existing dataset for segmentation, with
high resolution, quality and diversity.

The following analysis summarizes the abovementioned datasets for 2D object
detection. Each version of the datasets has its number of classes, number of training
images, number of validation images, and number of testing images. The parenthe-
sized numbers denote the number of annotated instances. Pascal VOC-2007 has 20
classes, 2501 (6, 301) training images, 2510 (6, 307) validation images and 4, 952
testing images. Pascal VOC-2012 has 20 classes, 5717 (13,609) training images, 5823
(13,841) validation images and 10,991 testing images. ILSVRC-2014 has 200 classes,
456,567 (478,807) training images, 20,121 (55,502) validation images and 40,152 test-
ing images. ILSVRC-2017 has 200 classes, 456,567 (478,807) training images, 20,121
(55,502) validation images and 65,500 testing images.

MS-COCO-2014 has 80 classes, 82,783 training images, 40,504 validation
images and 40,775 testing images. MS-COCO-2017 has 80 classes, 118,287 training
images, 5000 validation images and 40,670 testing images. Openlmages-v7 has 600
classes, 1,743,042 (14,610,229) training images, 41,620 (303,980) validation images
and 125,436 (937,327) testing images. Objects365-2019 has 365 classes, 600,000
(9,623,000) training images, 38,000 (479,000) validation images and 100,000
(1,700,000) testing images.

4, Evaluation metrics

Several datasets with their corresponding 2D evaluation metrics have been
launched in the history of CV and object detection for performance measurement
of algorithms. Among these metrics are those for evaluating model accuracy such as
Precision (P), Recall (R), Average Precision (AP), overall Average Precision (mAP)
and Intersection over Union (IoU). Precision is used for measuring the percentage
of objects correctly detected by the model (i.e., True Positives (TP)) among all the
detected objects (Eq. (1)). Recall is used for measuring the percentage of objects
correctly detected by the model relative to all the positive objects (Eq. (2)). AP is
employed for accuracy evaluation of a class detector for a particular class calculation,
which is calculated as the area under the Precision-Recall curve (Eq. (3)).

The mAP denotes the AP’s average across all the classes (Eq. (4)). Both mAP and
AP rely on the selected threshold of IoU. IoU is used for calculating the ratio of the
predicted bounding box’s intersection area (Pyp,) to ground-truth bounding box’s
union area (Gpp) (Eq. (5)). A bounding box prediction is considered as positively
predicted provided its IoU exceeds a predefined threshold with the ground-truth, or
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else, it is considered negative. To overcome the challenges of a standardized 0.5 IoU
threshold, and the Pascal VOC’s standardized mAP@0.5 (among which is lack of
generality for multi-scale object detection), the MS-COCO dataset presented mAP@
[0.5:0.95], denoting the mAP average for the thresholds of IoU between 0.5 and

0.95 at 0.05 intervals. Average Recall (AR) and Localization Recall Precision [191]
are among other unpopular evaluation metrics. Efficient evaluation metrics, such

as model inference time, parameters, Frame Per Second (FPS), are notable essential
metrics for measuring the performance of real-time object detection models.

P True positive
True positive + False positive @
True positive
R =
True positive + False negative )
N
AP=3"[R(n)-R(n—1)].maxP(n) 3)
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5. Future research directions

As technology advances, there are many challenges confronting the implementa-
tion and deployment of object detection models. Some of the optimistic research
directions are highlighted in this section, expected to address these challenges and
smoothen the future of object detection.

5.1 Neural architecture search

The frameworks of conventional detection networks are mostly manually
designed, which often lead to a tradeoff between accuracy and efficiency. By for-
mulating an automated iteration-driven search approach in a stated search space,
optimistically, this problem can be addressed by progressive neural architecture
search (NAS) [192], to achieve optimal network model accuracy and efficiency.
Therefore, a promising direction for future research is by employing NAS for auto-
mated design or detection network optimization. Among the several object detection
networks that have applied NAS are DetNAS [193], One-shot Path Aggregation
Network Architecture Search (OPANAS) [194], NAS-FPN [195], Hit-detector [196],
PP-PicoDet [136], Auto-FPN [197], SM-NAS [198], NAS-FCOS [199], SpineNet
[200], FBNetV5 [201], MobileDets [202]. As models for object detection keep
expanding in scale and NAS keeps progressing, it is expected that NAS will circum-
vent the manually designed conventional detection networks for the realization of
efficient search approaches and generalized object detection models in the future.
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5.2 Generative adversarial networks

Generative adversarial networks (GAN) [203] is among the most promising types
of unsupervised machine learning models, and foundational method in deep learn-
ing, particularly for synthetic data generation such as texts, images and music. GAN
comprises two neural networks, generator and discriminator, competing for realistic
data generation. The generator network creates unreal data such as audio, images,
aiming to generate data that is identical to the real data. The duty of discriminator
network is to differentiate the real data from the generator’s unreal data. A probability
score that indicates whether the data is real or unreal, is generated. The generator
and discriminator networks are competitively and concurrently trained. While the
discriminator’s intelligence is being played upon by the generator, the discriminator
attempts to accurately identify whether the input data is real or unreal. This process is
referred to as a min-max game.

Specific loss functions are employed by GAN such as generator loss, which is
penalized for any unreal generated data detected by the discriminator, and the
discriminator loss, which is penalized for any unreal generated data undetected by
the discriminator or vice-versa. There are a wide range of GAN applications such as
image generation, image-to-image translation, super-resolution, data augmentation
and style transfer. GAN’s design exists in different variants, aiming to solve specific
problems or improve performance. Conditional GAN (CGAN) [204] is a variant of
GAN that allows data generation based on specific conditions. Wasserstein GANs
(WGANS) [205] are a variant of GAN that improves the stability and training process
by introducing a different loss function. Cycle-consistent GAN (CycleGAN) [206]
is a variant of GAN employed for unpaired image-to-image translation tasks. GAN
is a powerful means of producing excellent synthetic data; however, they have many
challenges, particularly during training such as mode collapse, training instability and
evaluation.

5.3 Vision-language models

Vision-language models (VLMs) are designed, as a class of machine learning mod-
els, for visual and textual information understanding and generation. Their design
enables connection between CV and NLP, allowing processing and interpretation of
images, videos and texts by the machines. Notable VLMs are Contrastive Language-
Image Pretraining (CLIP) [207], ALIGN [208], VisualBERT [209], DALL-E 2 [210]
and Foundational Language And Vision Alignment (FLAVA) [211]. VLMs are applied
in areas such as autonomous vehicles, healthcare, assistive technologies, social media
and e-commerce. However, VLMs have many challenges such as multimodal under-
standing, bias and fairness, scalability, and generalization. VLMs’ capability for visual
and textual information processing has significantly advanced Al By these models,
content (that involves both vision and language) can be understood and generated
by machines. VLMs are leading in multimodal Al research, with applications across
many industries.

5.4 Lightweight models

Lightweight object detection models are commonly used for object detection in
images or videos. The models are optimized for computation, memory and speed
efficiencies, without trading too much accuracy for the efficiencies. The main
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goal of lightweight object detection is to develop small-size, high speed, and real
time-suitable object detection models, such as mobile devices, IoT devices embed-
ded systems, edge devices. Often, lightweight object detection models address the
limitations of traditional object detection models such as Faster R-CNN, YOLOv3,

by abridging their architecture using techniques such as smaller backbone networks,
quantization, pruning, knowledge distillation, single-shot detection models, Efficient
Convolutional Operations and lightweight detection architectures.

Popular lightweight object detection models are YOLO, Tiny-DSOD [212],
NanoDet [213], YOLObile [214], EfficientDet [142], EfficientNet [215], YOLOv12
[181], MobileNet-SSD and Tiny-YOLOv4. Lightweight object detection models are
applied in different areas such as mobile devices, autonomous vehicles, drones,
robotics, surveillance and security. However, lightweight object detection models
have many challenges such as the tradeoff between accuracy and size, real-time
and hardware constraints, and generalization. Lightweight object detection models
provide a solution platform for performing real-time detection tasks in environments
with resource constraints. Through the abovementioned techniques, computational
efficiency and accuracy are balanced by the models, which are key to enabling a wide
range of applications.

6. Conclusions

This chapter has provided a comprehensive review on object detection algorithms
for digital imaging applications. The chapter reviews algorithms of deep learning
models for object detection in 2D images in the recent years, focusing on their con-
tributions and developmental trends from hand-crafted-based traditional methods
to deep learning-based methods. This chapter divides the algorithms of the 2D object
detection into anchor-based detection models, anchor-free detection models and
Transformer-based detection models, covering detailed analysis of their contribu-
tions. Moreover, this chapter also presents the commonly used datasets and evalu-
ation metrics for computer vision and object detection tasks. Also presented in this
chapter are the research directions expected to address the challenges confronting the
implementation and deployment of object detection models and smoothen the future
of object detection. Currently, object detection research based on 2D images looks
promising, and with the introduction of Transformer-based algorithms, research on
algorithms for detecting both 2D and 3D objects in images will continue to soar.
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Usage of Wavelets in Image-Based
Steganography
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Abstract

This work explores steganography as a tool for embedding hidden information,
such as watermarks, into images. Encoding and decoding methods based on the
Discrete Wavelet Transform (DWT) and Singular Value Decomposition (SVD) were
proposed. The study provides a comprehensive comparison of the steganographic
behavior of models using low-frequency, high-frequency, and multi-level sub-bands,
evaluating the impact of different wavelet families, scaling factors, and decomposition
levels. Metrics such as PSNR and MSE were used to assess the results, which were
compared with the existing literature. The experiments demonstrated that high-
frequency techniques offer the best balance between imperceptibility and extraction
quality, achieving PSNR values of up to 51.19 dB when using the sym16 wavelet, while
the multilevel model presented higher security at the cost of lower decoding quality.
These findings help address the unexplored gaps in the literature, providing a detailed
analysis of the possibilities and limitations of these techniques.

Keywords: steganography, digital security, image processing, wavelet transform,
single value decomposition

1. Introduction

In an increasingly digital world, where vast amounts of data can be transmitted
effortlessly, concerns about data integrity and the authenticity of information have
grown substantially. Ensuring that the information consumed is reliable and
unchanged has become a critical challenge. In response, the fields of cryptography and
steganography have become prominent focuses of research and practical application.

Cryptography focuses on protecting the content of messages or media by
transforming it into an unreadable format for unauthorized parties. In contrast, steg-
anography revolves around concealing the very existence of a message, embedding it
within another medium in such a way that its presence is undetectable to
unintentional observers [1]. Although distinct, these disciplines are complementary to
address modern security and privacy concerns.

Focusing specifically on image data, steganography enables the embedding of
hidden information into digital images without significantly altering their appearance.
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This capability has paved the way for applications such as digital watermarking,
where unique identifiers can be embedded in images. These identifiers serve to verify
ownership, attest to the authenticity of the images, and ensure that they have not been
tampered with [2]. Digital watermarking, as a subset of steganography, provides a
robust mechanism for protecting intellectual property and maintaining trust in digital
assets.

In the current literature, steganography is primarily implemented using two
approaches: information hiding in the spatial domain and the frequency domain. In
the spatial domain, the most common technique is the Least Significant Bit (LSB)
method, which embeds hidden data by modifying the least significant bits of the cover
image. Although this technique is straightforward and computationally efficient, it is
more vulnerable to detection and distortion through methods such as histogram
analysis [3] and RS steganalysis [4]. In contrast, the frequency domain achieves
steganography by leveraging transformations such as the Discrete Cosine Transform
(DCT) and Discrete Wavelet Transform (DWT), which provide greater robustness
and imperceptibility by embedding data into transformed coefficients rather than
directly altering pixel values.

Focusing specifically on previous research in image-based steganography using
DWT, Table 1 has been compiled to summarize these contributions.

Based on the studies analyzed in the literature review, it is possible to observe that
even when considering only approaches that use the Discrete Wavelet Transform to
perform steganography in images, there is significant variation in the choice of wave-
let families, decomposition levels, and DWT coefficients used for embedding. With
respect to the chosen wavelets mother, the analyzed studies do not provide compari-
sons of the results obtained with different wavelet families, nor with respect to the
decomposition level. For example, studies such as Prabakaran and Bhavani [7] and
Hussain et al. [9] use a two-level decomposition, but do not present metrics compar-
ing the results obtained with other levels, which presents an opportunity for the
present work.

Article Objective Wavelets DWT  Sub-
Level bands
[5] Steganography in Images Using Redundant DWT (RDWT) Not 1 HH
and QR Factorization. informed
[6] Steganography in Images Using DWT and SVD: Applying Haar 1 LH
Watermarks to Specific Frames of Video Files.
[7] Steganography in images using DWT and Alpha blending. Haar 2 LH, HL,
HH
[8] Steganography in grayscale images using DWT and SVD. Not 1 HH
informed
[9] Steganography in images using DWT and SVD. The Haar 2 LL, LH,
embedding occurs in frames of a video file. HL, HH
[10] Steganography in grayscale images using DWT and SVD. Not 2 HL
informed
[11] Steganography in images using DWT and SVD. Daubechies 1 LL, LH,
HL, HH
Table 1.

Summary of related works.
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This study aims to implement three methods of DWT image steganography, low
frequency, high frequency, and multilevel embedding, comparing their results in
terms of the Peak Signal-to-Noise Ratio (PSNR) for a wide range of wavelet families,
scaling factors, and decomposition levels, something not found in the current
literature.

1.1 Discrete wavelet transform - DWT

In this work, the main mathematical instrument used to achieve
steganography is the Discrete Wavelet Transform (DWT). DWT is widely applied in
image processing due to its ability to capture both global and local characteristics of an
image [12, 13]. The technique involves decomposing the image into sub-bands of
different frequencies through the application of low-pass and high-pass filters
regarding the wavelet mother function. This decomposition results in varying levels of
detail, ranging from low-frequency components, which represent the global approxi-
mation of the image, to high-frequency components, which emphasize edges and fine
details [14].

In two-dimensional applications such as images, DWT decomposition is
performed first along the vertical direction and then along the horizontal direction.
This process produces sub-bands such as Low-Low (LL), Low-High (LH), High-Low
(HL), and High-High (HH), representing the approximation, vertical details, hori-
zontal details, and diagonal details, respectively. These sub-bands are generated by
applying a combination of low-pass and high-pass filters to the rows and columns of
the image. It is also possible to achieve multiple decomposition levels by using the LL
sub-band from the previous level as the input for the next. This iterative process
allows for a hierarchical representation of the image, capturing its structure at multi-
ple resolutions [15].

As each decomposition level uses the previous LL sub-band as input, it also halves
the size of the coefficients. For instance, in a 512x512-pixel image, the first DWT level
results in an approximation sub-band of 256x256 pixels. Applying the DWT again to
this sub-band produces a new LL band with a size of 128x128 pixels. Figure 1 displays
the resulted sub-bands of a three-level DWT decomposition.

LLz [HLy
HLo
LH3|{HH3
HL4
LH, HH2
LH4 HH4

Figure 1.
Example of three level DWT decomposition [15].
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2. Methodology

This section describes the implementation process for the different steganography
methods compared in this study. These methods were implemented using the Python
programming language, the OpenCV [16], and PyWavelet [17] libraries and are
available in Github; please use the QR Code in the examples to access it.

2.1 Images

To ensure the standardization of the images used for algorithm testing, the USC-
SIPI Image Database [18] was used, a widely recognized resource in image processing
research. This database contains images of varying sizes, resolutions, and characteris-
tics, enabling the selection of appropriate images to test various aspects of steganog-
raphy algorithms. All selected images are in TIFF format, known for its larger file sizes
due to lossless compression. The primary test image chosen was “peppers,” a 512x512
pixel color image frequently used as a benchmark in image processing studies due to
its visual complexity, which includes diverse textures, edges, and color variations.

In addition to the Mean Squared Error (MSE) and Peak Signal-to-Noise Ratio
(PSNR) metrics, which are used to quantify the similarity between the cover image
and the stego image, a QR Code with a resolution of 512x512 pixels in TIFF format was
chosen as the embedded image. The successful reading of this QR Code after the
decoding process will indicate a successful data extraction. This QR Code leads to the
Github link with the implementation of this study.

2.2 Encoding process

This section outlines the common steps involved in the steganographic encoding
process used in all implemented methods. Specific details of the different frequency
embeddings can be found in subsection 2.4, subsection 2.5, and subsection 2.6.

First, the cover and embedded images are loaded and split into their respective
RGB color channels. The Discrete Wavelet Transform (DWT) is then applied to each
RGB channel, extracting the sub-bands discussed in subsection 1.1.

Once the DWT coefficients are obtained, the Singular Value Decomposition (SVD)
is calculated for the relevant sub-bands, depending on the specific embedding method
being used. SVD is a matrix decomposition technique commonly used in image
processing to provide a systematic way to derive a low-dimensional approximation of
high-dimensional data in terms of dominant patterns [19]. When SVD is applied to an
image, it produces three stable matrices that encapsulate the primary characteristics of
the image.

For any given matrix A of size m X n, the SVD factorization is given by Eq. (1),
resulting in three matrices, where U is an orthogonal matrix of m x m, V is an
orthogonal matrix of size n x n, and X is a diagonal matrix (containing singular
values), which represents the magnitudes of the vectors (/) and (vT), which capture
the intrinsic geometric structure and important features of the original matrix A.

In the context of steganography, modifying the singular value matrix, rather than
directly altering the DWT coefficients, allows for a more seamless embedding with
minimal visual impact.

A=uzvT 1)
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Having the SVD diagonal matrix for the desired DWT coefficients, a new diagonal
matrix is computed using Eq. (2), where X is the stego calculated matrix, X, is the
diagonal matrix of the cover image, Z, is the diagonal matrix of the embedded image,
and a is the scaling factor.

Zs = Z'c + (Zea) (2)

The scaling factor a determines the intensity of modifications applied to the singular
values of the cover image, effectively controlling the influence of the embedded image
on it. A larger scaling factor indicates that a greater portion of the singular values of the
embedded image are incorporated, resulting in a higher quality of the image extracted
during the decoding process. However, this also leads to more noticeable visual changes
in the stego image. Conversely, a smaller scaling factor reduces each singular value of
the embedded image before incorporation, minimizing perceptible alterations in the
stego image but yielding lower quality in the extracted image during decoding. In this
study, the following scaling factors were used: 0.02, 0.05, 0.1, and 0.2.

Finally, the modified diagonal matrices are combined with the unmodified matrices
U and V7 of the cover image to reconstruct the DWT coefficients, now containing
hidden information. In the final step, the Inverse Discrete Wavelet Transform (IDWT)
is applied to recover the color channels, which are then combined to form the stegano-
graphic image. The steps that compose the encoding process are depicted in Figure 2.

2.3 Decoding process

This section outlines the common steps involved in the steganographic decoding
process used in all the methods implemented here. Specific details of the different fre-
quency embeddings can be found in subsection 2.4, subsection 2.5, and subsection 2.6.

In the decoding process, the stego image is first loaded and split into its RGB color
channels. The Discrete Wavelet Transform (DWT) coefficients are then extracted for
each channel, mirroring the steps in the encoding process. It is necessary to know what

/ Load cover and Apply SVD to the desired Apply IDWT to each RGB
embedded images sub-bands channel

Y v Y

Extract DWT coefficients Embed the hidden data ICombine RGB channels to

for each RGE channel into the singular values of generate the stego image
the cover image

Figure 2.
Flowchart of the encoding process.
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Wavelet mother was used for the encoding, as the same one should be used for decoding.
Subsequently, the Singular Value Decomposition (SVD) is applied to the relevant sub-
bands, depending on the specific encoding method that was used. Having the diagonal
matrix % of the stego image and the scaling factor « used during the encoding, it is
possible to retrieve the diagonal matrix of the embedded image X, using Eq. (3).

Ze = (3)

Once the diagonal matrix %, is found, it can be multiplied by the original matrices
U and VT of the embedded image for each RGB channel. This process reconstructs the
DWT coefficients of the sub-band used for encoding. Finally, the Inverse Discrete
Wavelet Transform (IDWT) is applied to these reconstructed coefficients, and the
RGB channels are combined, resulting in the extracted hidden image. The steps that
compose the decoding process are shown in Figure 3.

2.4 Low-frequency embedding

The first steganographic method implemented involved embedding the informa-
tion from the hidden image into the LL sub-band of the cover. This sub-band is
derived by applying low-pass filters in both the horizontal and vertical directions,
resulting in an approximation of the image that retains its main features. Although
this method has a simpler implementation, dealing with a single sub-band, as the LL
sub-band encapsulates the main structure of the image, even minor changes to its
coefficients become visually noticeable, leading to a decrease in the PSNR values when
comparing the cover with the steganographic image.

Figure 4 presents, in the first row, the cover and embedded images used for
testing the low-frequency method. The second and third rows depict the sub-bands

Load stego image Apply SVD to the desired Apply IDWT to each RGB
sub-bands channel
4 v X
Extract DWT coefficients Extract the hidden data ICombine RGB channels to
for each RGB channel from the singular values of gene@te thg extracted
the stego image hidden image
End

Figure 3.
Flowchart of the decoding process.
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Embedded Image

Cover Image

Apro)ﬂmatlon (LL) Horlzontal Details (LH) Vertical Details (HL) Diagonal Details (HH)

Aproxmatlon (LL) Horizontal Details (LH) Vertical Details (HL) Diagonal Details (HH)

Figure 4.
Sub-bands produced by the DWT.

Cover Image Stego Image

Figure 5.
Result of the low-frequency steganography.

obtained by applying the Haar DWT to both images. In this method, only the LL
approximation is used.

Figure 5 illustrates the comparison between the cover and the stego image, gener-
ated by the low-frequency method and containing the QR Code shown in Figure 4
hidden inside. In this example, the Haar wavelet was used with a scaling factor of 0.2.
The comparison reveals significant visual differences between the images, indicating
poor performance of the method in terms of imperceptibility.

2.5 High-frequency embedding

To overcome the limitations of embedding data in the LL sub-band of the DWT,
the high-frequency steganography method embeds only in the HL, LH, and
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Cover Image Stego Image

Figure 6.
Result of the high-frequency steganography.

HH coefficients. As presented in subsection 1.1, these sub-bands use a combination of
low-pass and high-pass filters to capture the horizontal, vertical, and diagonal details
of the images. These coefficients are referred to as high frequency because they
capture rapid variations in image intensity, such as abrupt changes, edges, and fine
details. Since these details do not significantly affect the basic structure of the image,
embedding data in them allows for better imperceptibility, at the cost of increased
implementation complexity due to the presence of three distinct bands. The encoding
process embeds the singular values of the HL, LH, and HH sub-band coefficients from
the hidden image into the corresponding singular values of the HL, LH, and HH sub-
band coefficients of the cover image for each color channel.

For the same example presented in subsection 2.4, of applying the Haar wavelet
and a scaling factor of 0.2, the result of the high-frequency embedding can be seen in
Figure 6. A significant improvement in visual imperceptibility can be observed with
this embedding method compared to the result obtained for low frequencies, which
also translates to better PSNR results, since this metric provides a quantitative mea-
sure of the difference between the cover and stego images.

2.6 High-frequency embedding with multilevel DWT

As explained in subsection 1.1, after obtaining the DWT coefficients LL, LH, HL,
and HH, the approximation sub-band LL can be further decomposed, generating new
coefficients LL2, LH2, HL2, and HH2. Multilevel embedding involves using the coef-
ficients of the higher decomposition level to hide the data of the embedded image. For
instance, in the case of a three-level DWT, the embedding would happen only in the
LH3, HL3, and HH3 sub-bands. This method provides greater security because, in
addition to knowing the wavelet used and the scaling factor, successful data extraction
also requires knowing the specific decomposition level where the data was embedded.

However, the usage of higher levels of decomposition comes with a penalty in the
imperceptibility of the method. As described in subsection 1.1, at each decomposition
level, the size of the coefficients is halved, resulting in fewer bits available for data
embedding.

Figures 7 and 8 display the coefficients obtained from a 2-level decomposition,
along with the diagram that illustrates the naming convention for each coefficient.
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Coefficients (Level 1) Coefficients (Level 2)
(153 HLZ
(181 HL1 HL1
LH2 HH2
LH1 HH1 LHL HH1
Aproximation (LL) Coefficients (Level 1) Coefficients (Level 2)
ah y &% -

Figure 7.
Coefficients obtained by applying Multilevel DWT to the cover image.

Coefficients (Level 1) Coefficients (Level 2)
Lz HL2
L HL1 HL
LH2 HH2
LH1 HH1 LH1 HH1
Aproximation (LL) Coefficients (Level 1) Coefficients (Level 2)

Figure 8.
Coefficients obtained by applying Multilevel DWT to the embedded image.
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Cover Image

Stego Image

Figure 9.
Result of the Multilevel DWT steganography.

Parameter Tested Values
Wavelet mother Haar, db1, db8, db16, sym2, sym8, sym16
Scale factor a 0.02, 0.05, 0.1, 0.2
DWT level for encoding 1,2,3,4
DWT level for decoding 1,2,3,4
Table 2.

Benchmark parameters.

For comparison purposes with the other implemented methods, the embedding
illustrated in Figure 9 is done with the Haar wavelet, a scaling factor of 0.2, and a 2-
level DWT decomposition. At this level of decomposition, the method provides an
imperceptibility similar to the high frequency presented in subsection 2.5.

2.7 Metrics

For the collection of metrics, a benchmark was developed to execute the stegano-
graphic models in a parameterized manner, altering aspects such as the wavelet
mother used, the scaling factor, and the decomposition level of the wavelet transform.
All parameters and tested values are listed in Table 2.

3. Results

This section discusses the collected PSNR metrics for the low-frequency, high-
frequency and multilevel methods. The Peak Signal-to-Noise Ratio (PSNR) measures
the distortion between the cover image and the stego image. A higher PSNR value
indicates a better imperceptibility of the steganographic method, which makes
embedded information less noticeable. PSNR values greater than 40 dB are considered
excellent and reflect minimal visual distortion. Values between 30 and 40 dB are
deemed reasonable, with some noticeable but acceptable distortion. PSNR values
below 30 dB are generally unacceptable, indicating significant distortion that degrades
the visual quality of the stego image.
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3.1 Low frequency

In the low-frequency embedding method, the PSNR results were generally low
across various wavelet mothers and scaling factors used. The best results were
achieved with the Haar and db1 wavelets when using the smallest scaling factor tested
of 0.02, reaching a PSNR of 36.87 dB. This indicates that the method is too sensitive to
the data embedding, which demands the usage of very low scaling factors, which
impacts the decoding performance.

Figure 10 displays the decoding result of the method when using a Haar wavelet
and a scaling factor of 0.02. The embedded QR Code can be successfully decoded, but
the image shows visible alterations. The complete PSNR results can be found in
Figure 11. Note that all wavelets mothers showed the same behavior.

3.2 High frequency

In the high-frequency embedding method, there is an expressive improvement in
the PSNR results compared to the low-frequency ones. The best results were obtained
with the sym16 wavelet, ranging from 41 to 51.19 dB when testing with scaling factors
of 0.2 to 0.02, respectively. These results indicate a better imperceptibility of the

Stego Image Extracted Embedded Image

™

Figure 10.
Decoding result for the low-frequency embedding.
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Figure 11.
PSNR results for the low-frequency embedding.

115



Image Sensors — Digital Imaging Systems and Applications

-e- naar

dbl

dba

g ~v— cb16
e 0 - sym2

\ symE

a8 - e e sym16

&
Y

PSMR (¢B)

10
Scaling facter a

Figure 12.
PSNR results for the high-frequency embedding.

method, which alters only fine details while keeping the basic structure of the cover
image unchanged. The complete PSNR results can be found in Figure 12. The worst
results were with Haar and Daubechies of the first order.

3.3 High-frequency embedding with multilevel DWT

In the high-frequency embedding with multilevel DWT, the PSNR results were
slightly inferior to the ones found when encoding at a single level, but still superior to
the low-frequency embedding. The best result was with the sym16 wavelet, ranging
from 37.7 to 50.83 dB using scaling factors of 0.2 and 0.02, respectively. The complete
PSNR results can be found in Figure 13.

Regarding the effect of different decomposition levels, it was observed that with
each additional level, there is a decrease in the PSNR results between the cover and stego
images. This effect is illustrated in Figure 14, which shows the results using the Haar
wavelet and a scaling factor of 0.2, with variations only in the decomposition level.

Furthermore, increasing the decomposition level also significantly reduces the
quality of the decoded image, as demonstrated by the comparison between Figures 15
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Figure 13.
PSNR Results for the multilevel embedding.
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Figure 14.
PSNR results for different decomposition levels.

Extracted Embedded Image

]

Stego Image

Figure 15.
Decoding performance with DWT level 2.

Extracted Embedded Image

Figure 16.
Decoding performance with DWT level 4.
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and 16. In the latter case, the degradation was so severe that the QR Code became
unreadable.

Thus, the choice of the decomposition level to be used should balance the increased
security provided by multilevel embedding, since this additional information becomes
essential for decoding, with the impact that higher levels can have on the
imperceptibility of the steganographic method and the quality of the decoded image.

4. Discussion

The study provides a detailed comparison of different embedding methods in
DWT-based steganography systems. This analysis, previously unexplored in the liter-
ature, emphasizes the clear benefits of utilizing the higher-frequency detail coeffi-
cients of the DWT. Although this method introduces a slight increase in
implementation complexity, it successfully embeds hidden data without altering the
LL sub-band, preserving the most structural and visually significant parts of the
image, while consistently delivering superior performance across all tested wavelet
families.

Comparing our results with those presented in Table 1, we presented a more
complete exploration on the choice of wavelet mother. Note that most of the works
choose the Haar family and one uses Daubechies. One might note in Figure 12 that
Haar and Daubechies of the first-order wavelet mother had the worst result consider-
ing the high-frequency embedding.

With regard to multilevel wavelet decomposition, the findings reveal the need for
a trade-off. Higher decomposition levels can enhance security, as the level informa-
tion becomes essential for decoding; however, they also negatively affect the quality
of both the stego and decoded images. Specifically, our tests revealed that decompo-
sition levels above 2 led to a significant drop in PSNR values while using a 0.2 scaling
factor, falling below 30 dB, a threshold commonly associated with low image quality
across all wavelet families as can be seen in the examples of Figures 13 and 14. This
highlights the balance required between increased security and maintaining image
quality.

The experimental results revealed significant differences between the models.
Low-frequency embedding achieved reasonable results only with very low scaling
factors (e.g., 0.02), since altering the LL sub-band, where the primary structural
features of the cover image are concentrated, caused noticeable visual degradation at
higher scaling factors. Despite this limitation, the extracted hidden image retained
adequate quality, with the QR Code remaining readable. High-frequency embedding
improved imperceptibility by altering only fine details in the LH, HL, and HH sub-
bands, achieving satisfactory PSNR values even with higher scaling factors (e.g., 0.2).
The best performance was observed with the Sym16 wavelet, which reached 51.19 dB
at a scaling factor of 0.02.

5. Conclusion

This work aimed to explore and compare different steganographic techniques
applied to images using Discrete Wavelet Transform (DWT) and Singular Value
Decomposition (SVD). The primary goal was to implement methods for embedding
one image into another while evaluating low-frequency, high-frequency, and
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multilevel embedding approaches, providing a wide comparison in terms of Wavelet
family, scaling factors, and decomposition levels. The study included a theoretical
analysis of steganography, DWT, and SVD, followed by experiments testing the
various proposed configurations. Metrics such as PSNR and visual analysis were used
to assess imperceptibility and extraction quality, with a QR Code as the hidden image
to validate readability after decoding. Multilevel decomposition improved security by
requiring information from the decomposition level for decoding but reduced PSNR
and extraction quality at higher levels, with the best results comparable to single-level
high-frequency methods.

In conclusion, this study demonstrated the effectiveness of DWT and SVD for
image steganography, offering a comprehensive analysis of embedding techniques in
various configurations. These findings can serve as input for the decision-making
process in the design and optimization of steganographic systems.
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