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A B S T R A C T

Efficient extraction and analysis of histopathological images are crucial for accurate medical diagnoses,
particularly for prostate cancer. This research enhances histopathological image reclamation by integrating
Visual-Based Image Reclamation (VBIR) techniques with contrast-limited adaptive Histogram Equalization
(CLAHE) and the Gray-Level Co-occurrence Matrix (GLCM) algorithm. The proposed method leverages CLAHE
to improve image contrast and visibility, crucial for regions with varying illumination, and employs a non-linear
Support Vector Machine (SVM) to incorporate GLCM features. Our approach achieved a notable success rate
of 89.6%, demonstrating significant improvement in image analysis. The average execution time for matched
tissues was 41.23 s (standard deviation 36.87 s), and for unmatched tissues, 21.22 s (standard deviation
29.18 s). These results underscore the method’s efficiency and reliability in processing histopathological images.
The findings from this study highlight the potential of our method to enhance image reclamation processes,
paving the way for further research and advancements in medical image analysis. The superior performance
of our approach signifies its capability to significantly improve histopathological image analysis, contributing
to more accurate and efficient diagnostic practices.
1. Introduction

In the intricate landscape of medical image reclamation, the efficacy
of querying and retrieving pertinent information from expansive image
repositories is paramount [1]. This research undertaking is driven
by the ambition to elevate Histopathological image reclamation to
new heights through the seamless integration of Visual-Based Image
reclamation (VBIR) techniques with the formidable Gray-Level Co-
occurrence Matrix (GLCM) algorithm [2]. At its core, Histopathological
image analysis [3] serves as a linchpin in the early detection of prostate
cancer, imparting profound significance to our investigative efforts [4].

While prevailing research endeavors have predominantly fixated
on the creation of computer-aided systems for the intricate task of
Gleason grading, our pioneering approach represents a paradigm shift.
Our core emphasis lies in the early discrimination between healthy
and malignant tissues, with a laser-like focus on information extraction
derived from autonomously segmented gland candidates.
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Our meticulously crafted methodology rests on a foundation of
handcrafted learning, ingeniously incorporating the pivotal GLCM con-
trast and GLCM correlation measures, which form the bedrock of
our image reclamation framework. In pursuit of feature extraction
excellence, we adroitly amalgamate descriptors covering morphology,
texture, fractals, and contextual intricacies, ingeniously tailored to
the specific subjects under scrutiny. Subsequently, our methodology
undergoes rigorous and discerning statistical analysis [5] to discern the
most salient features, which subsequently serve as the inputs to our
finely honed machine-learning classifier.

Extending the horizons of our approach, we delve into the nuanced
domain of prostate pre-processing, thereby infusing our model with
intimate domain knowledge. In the crucible of implementation, our
handcrafted learning approach unfolds as a beacon of consistency,
exhibiting a modest yet unwavering performance improvement when
juxtaposed with existing alternatives.
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Histopathology, the microscopic examination of tissue specimens,
plays a pivotal role in diagnosing and understanding various diseases,
including cancers and inflammatory conditions [6]. As the field of
histopathology continues to advance, the generation of large and di-
verse histopathological image datasets has become increasingly com-
mon [7]. With the rise of digital pathology and whole-slide imaging,
the need for effective image reclamation methods within this domain
has grown exponentially.

Histopathological image reclamation, the process of retrieving rel-
evant images from vast archives based on specific criteria, is crucial
for various medical and research applications [8]. It aids pathologists,
researchers, and clinicians in accessing relevant reference images for
diagnosis, research, and educational purposes [9]. However, manually
searching and selecting relevant images from extensive histopatholog-
ical databases is time-consuming and often impractical.

Histopathological image recognition encounters several hurdles
[10]. The variability in images due to diverse staining techniques
and tissue preparation methods poses a challenge, demanding the
development of robust models. Deep learning approaches, although
powerful, require extensive labeled datasets, a labor-intensive and time-
consuming task [11]. Additionally, these methods demand substan-
tial computational resources, necessitating access to high-performance
hardware. The subjective nature of human interpretation introduces
inter-observer variability, complicating efforts to emulate pathologists’
expertise accurately [12]. Imbalanced datasets, often arising from rare
diseases, can bias model performance. Moreover, ensuring privacy and
data security when sharing patient-specific images is paramount [13].
Consequently, crafting recognition systems that not only address these
challenges but also respect patient confidentiality becomes crucial in
the realm of histopathological image recognition [14].

Histopathology images have a diverse range of clinical applications
in the medical and healthcare field, derived primarily from tissue
samples like biopsies and surgical specimens [15]. These images are
indispensable for disease diagnosis, enabling pathologists to identify
disease-specific markers and abnormal cellular structures, covering
various diseases from cancers to infectious and autoimmune disor-
ders [16]. Moreover, histopathology plays a crucial role in cancer
diagnosis and staging, ensuring that treatment decisions align with
tumor characteristics. It also aids in assessing surgical margins during
cancer surgery to verify the complete removal of cancerous tissue [17].
Prognostic insights gleaned from histopathology contribute to esti-
mating disease progression and patient outcomes while monitoring
treatment responses over time. In the realm of research and drug
development, histopathology assists in evaluating treatment impact
on tissue samples and identifying potential drug targets. For infec-
tious diseases, histopathology can detect pathogens within tissues,
facilitating diagnoses [18]. It is equally valuable in diagnosing au-
toimmune disorders and assessing tissue [19] compatibility for organ
transplants. Histopathology’s diagnostic precision extends to rare and
genetic diseases, and in forensic medicine, it aids in determining causes
of death and injury identification. For medical education and training,
histopathology images are vital, providing a rich resource for under-
standing disease manifestations and diagnostic criteria. Lastly, they
contribute to quality assurance by validating testing procedures and
equipment in clinical laboratories. These versatile clinical applications
underscore the critical role of histopathology images in patient care,
research, and medical education [20].

CLAHE (Contrast Limited Adaptive Histogram Equalization) is se-
lected for its effectiveness in enhancing image contrast and visibility,
particularly in areas with varying illumination, which is a common
issue in histopathological images. Unlike global histogram equalization
methods, CLAHE operates on localized regions (tiles) within the image,
thus preventing the over-amplification of noise and preserving critical
local details. This localized enhancement is especially beneficial in
medical imaging, where the retention of precise details is crucial for

accurate diagnosis [21].
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Histopathological images often exhibit significant variability in tis-
sue densities and illumination conditions. In our research, we observed
that these variations can obscure important diagnostic features. The
application of CLAHE addresses these issues by increasing brightness
and contrast in a controlled manner, significantly improving image
quality. This enhancement is vital for the accurate identification of
features associated with prostate cancer, as it makes subtle differences
in tissue structures more discernible.

To further substantiate our choice of CLAHE, we will include a ref-
erence that shows other image enhancement algorithms such as Near-
est Neighbor Interpolation, Bilinear Filtering, Bicubic Interpolation,
Dual-Tree Complex Wavelet Transform (DT-CWT), and Edge-Preserving
Smoothing (EPS). This analysis will highlight CLAHE’s advantages in
medical imaging, demonstrating its superior performance in enhancing
image quality without compromising detail [22]. By providing this
context, we aim to offer a clear and technically sound rationale for
our selection of CLAHE. This will underscore its specific benefits in
the enhancement of histopathological images, thereby supporting our
methodology with robust, evidence-based justification.

Table 1 serves as a compact summary of each advanced imaging
modality, encompassing its fundamental principles, instrumentation,
typical applications, advantages, and limitations. These modalities ex-
hibit distinct strengths, each tailored to specific clinical applications
within the domains of histopathology and medical imaging. These
applications harmonize seamlessly with the unique advantages and
capabilities of each modality, guaranteeing their efficacy in precise di-
agnostic and research contexts. Researchers and healthcare profession-
als [24] can turn to this table as a valuable resource when evaluating
and selecting the optimal imaging modality to address their particular
histopathology imaging requirements.

The GLCM algorithm holds significant importance in the recla-
mation of histopathological images due to its unique capabilities
in texture analysis [25]. In the context of histopathology, where the
detection and characterization of intricate tissue patterns are critical
for diagnosis and research, GLCM serves as a powerful tool. Its pri-
mary strength lies in its ability to capture detailed texture information
by quantifying the spatial relationships between pixel intensity val-
ues [26]. This feature is particularly beneficial in histopathological
image reclamation, as it enables the algorithm to discern subtle textural
variations and patterns that may be indicative of specific diseases or
tissue conditions. Moreover, GLCM’s local analysis approach aligns
with the microscopic scale of histopathology images, allowing it to
effectively capture microscopic structures and patterns. Additionally,
GLCM’s rotational invariance ensures that it can recognize textures
irrespective of their orientation, which is essential in histopathology,
where tissue structures may exhibit different orientations [27]. By
producing quantitative metrics such as contrast, correlation, energy,
and homogeneity, GLCM not only enhances the interpretability of
image features but also facilitates the discrimination and classifica-
tion of histopathological images. Therefore, the significance of GLCM
in histopathological image reclamation lies in its ability to unlock
valuable texture-based information, aiding pathologists, clinicians, and
researchers in accurate diagnosis, analysis, and research within the
domain of histopathology.

This article introduces an innovative approach to histopathological
image reclamation, leveraging the GLCM technique. GLCM is a texture
analysis method that captures the relationships between pixel intensi-
ties in an image, making it well-suited for extracting meaningful texture
features from histopathological images. By employing GLCM-based
image reclamation, we aim to provide a powerful and efficient tool for
pathologists and researchers to access histopathological images that are
not only visually similar but also share crucial textural characteristics.

In Fig. 1, we present an overview of the general system architecture
for Image Reclamation, which provides a high-level glimpse into the
system’s structure. In the upcoming sections, we will delve into the core

principles of GLCM and its practical application in histopathological
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Table 1
Comparison of advanced imaging modalities for histopathology image pattern detection and assessment.

Imaging modality Principles and
instrumentation

Applications Advantages Limitations Suited clinical
application

Digital pathology High-resolution
scanners capture
whole slides.

Diagnosis, research,
education

Remote access,
archival
capabilities

Initial setup cost,
storage demands

Diagnosis, research,
education

Fluorescence
microscopy

Excites fluorophores
to emit light.

Identifying cellular
structures

High sensitivity,
specific labeling

Limited depth
penetration,
photobleaching

Identifying cellular
structures

Multispectral
imaging

Captures images at
multiple
wavelengths.

Spectral analysis,
biomarker detection

Enhanced
specificity,
quantitative data

Equipment
complexity, cost

Spectral analysis,
biomarker detection
[23]

Confocal
microscopy

Uses a focused laser
to create optical
sections.

Cellular and
subcellular imaging

Excellent
resolution, optical
sectioning

Limited penetration
depth

Cellular and
subcellular imaging

Second Harmonic
Generation (SHG)

Detects non-
centrosymmetric
structures.

Collagen imaging,
tissue analysis

Non-invasive,
label-free, 3D
imaging

Limited to specific
structures, requires
skilled operators

Collagen imaging,
tissue analysis
Fig. 1. General system architecture for image reclamation which provides an overview
of the system’s structure.

image retrieval. We will explore the distinct advantages of this tech-
nique, particularly its capability to capture subtle textural variations
within tissue samples. Additionally, we will provide insights into real-
world scenarios where GLCM-based retrieval can significantly enhance
the accuracy and efficiency of histopathological analysis.

The insights derived from this scientific journey not only pave the
way for further research but also leave an enduring impact on the
3 
ongoing evolution of benchmark standards in the realm of histopatho-
logical image retrieval. Our empirical discoveries resoundingly attest
to the unequivocal superiority of our innovative method, highlighting
its immense potential to bring about a paradigm shift and thereby
fundamentally improve the entire spectrum of histopathological image
retrieval.

By focusing acutely on the early diagnosis of prostate cancer, this
research endeavor holds the promise of catalyzing a transformative
shift in the realm of medical image analysis. Its impact extends far
beyond the confines of laboratory walls, radiating the potential to
revolutionize patient care through swifter, more precise diagnoses that
are primed to elevate the standards of healthcare.

1.1. Significant contributions

• Transformation and Green Channel Extraction: The process of
converting images from RGB to LUV and subsequently extracting
the green channel plays a pivotal role. These steps are funda-
mental for enhancing the extraction of robust features from the
images.

• Enhancing Image Quality with CLAHE: The integration of Con-
trast Limited Adaptive Histogram Equalization (CLAHE) signifi-
cantly enhances image quality, particularly in regions affected by
varying illumination.

• Statistical Analysis: The statistical analysis of image character-
istics, encompassing standard deviation, kurtosis, and skewness,
provides quantitative insights into pixel value distribution and
variability.

• GLCM-Based Innovation: Our image retrieval system, based on
the GLCM method represents a pioneering approach to image
retrieval.

• Crucial Metrics — GLCM Contrast and Correlation: The research
focuses on computing essential metrics, specifically GLCM con-
trast and GLCM correlation, which are instrumental in the analy-
sis and retrieval of image features.

• Comprehensive Dataset Training: The research includes rigorous
image training with a dedicated database comprising 73 images.
This ensures that our retrieval system is well-prepared to handle
a wide range of images from a diverse dataset.

• SVM Integration for Precision: The incorporation of Support Vec-
tor Machines (SVM) enhances image retrieval by aiding in the
retrieval of image features closely matching user queries, simpli-
fying navigation within a large image database.

• Insights from Execution Times: Recorded execution times offer
insights into the complex interplay of stages in the process and
the impact of sample variability, particularly in the realm of
histopathology image analysis.
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The organizational structure for the research article is thought-
fully designed to ensure a logical and coherent flow, effectively guid-
ing readers through the research process. We begin with Section 2,
a comprehensive literature review that focuses on image enhance-
ment techniques and their practical applications within the realm of
histopathology. Section 3 introduces our innovative image enhance-
ment framework, which leverages GLCM-based techniques to optimize
histopathology images for Visual-Based Image reclamation (VBIR). In
Section 4, we present our experimental findings, using both visual
comparisons and quantitative assessments to validate the effectiveness
of our framework. Section 5 summarizes our key research findings
and suggests potential directions for future studies in this evolving
field. Finally, the Appendix, offers supplementary technical details and
in-depth insights, enriching the article’s accessibility and providing
additional depth for readers. This thoughtfully organized structure
enhances the article’s overall readability and comprehensibility.

2. Related works

In this section, we provide an extensive review of the existing
literature, with a primary focus on image enhancement techniques and
their practical applications in the context of histopathology.

Zhongwei et al. [28] concentrated on a technique including high-
light extraction of key focuses and comparability coordinating proposed
for acknowledgment and recovery of incomplete and clamor shoeprint
pictures. Trial results demonstrate the full-measure prints and toe prints
perform best among all shoeprints. Moreover, this framework likewise
exhibits its power against commotion in light of the fact that there
is an exceptionally slight distinction in examination between unique
shoeprints and clamor shoeprints.

Zhang et al. [29] done a programmed examination of histopatholog-
ical pictures has been generally used utilizing computational picture
handling strategies and cutting edge machine learning procedures.
Here, the creator concentrates on creating adaptable picture recovery
procedures to adapt insightfully to enormous histopathological pic-
tures. In particular, we exhibit a regulated portion hashing method that
influences a little measure of administered data in figuring out how to
pack a vector into just many double bits with the instructive marks
protected. These parallel codes are then recorded into a hash table
that empowers the constant recovery of pictures in a vast database.
Fundamentally, the regulated data is utilized to connect the semantic
hole between low-level picture components and abnormal state symp-
tomatic data. We construct an adaptable picture recovery structure
considering the directed hashing method and approve its execution on
a few thousand histopathological pictures obtained from bosom minute
tissues.

Ghosh et al. [30] proposed a technique that distinguishes the near-
ness of jungle fever by recognizing the nearness of chromatin specks
inside RBCs. The calculation uses 4-associated marked locale maps to
examine and adjust the picture, i.e., erase undesirable ancient rarities,
and so forth. These are likewise used to tally RBCs. Elective techniques
for recognizing chromatin spots inside the RBCs are additionally in-
troduced. Accuracy and review productivity of the calculation were
likewise considered.

Zhang et al. [31] concentrate on a versatile picture recovery tech-
nique with high-dimensional elements for the examination of
histopathology pictures. In particular, we display a kernelized and man-
aged hashing technique. With a little measure of administered data, our
strategy can pack a 10,000-dimensional picture highlight vector into
just several twofold bits with educational marks safeguarded, and these
paired codes are then recorded into a hash table that empowers ongoing
recovery [32]. We accept the hashing-construct picture recovery system
in light of a large number of pictures of bosom tiny tissues for both
picture characterization (i.e., amiable versus significant arrangement)
and recovery. Our structure accomplishes high pursuit exactness and
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promising computational proficiency, contrasting positively and other
normally utilized techniques.

Zhang et al. [33] propose a powerful and versatile answer to ac-
complish this. In particular, a powerful division strategy is created to
portray areas of interest (e.g., cells) precisely, utilizing progressive vot-
ing and horrible dynamic shapes. A hashing-based huge-scale recovery
methodology is likewise intended to analyze and arrange them by con-
trasting and an enormous preparing database. This proposed structure
on a testing and vital clinical use case, i.e., separation of two sorts
of lung growths (the adenocarcinoma and the squamous carcinoma),
utilizing a large number of histopathological pictures extricated from
several patients. Ding et al. [34] introduced two SIFT descriptors, the
coarse descriptor, and the refined descriptor, to depict an interesting
point. The investigations demonstrate that this methodology can pro-
ductively decrease wrong matches brought about by descriptor-space
delicate tasks, and enhance the general execution of a picture recovery
framework.

Mohanapriya et al. [35] present a novel technique for utilizing an
SVM classifier taken after by KNN for VBIR utilizing composition and
shape highlight. The creator proposes a vigorous recovery utilizing a
directed classifier that focuses on extricated highlights. Dim-level co-
occurrence framework calculation is executed to remove the surface
components from pictures. The component streamlining is done on the
separated elements to choose the best elements out of it to prepare
the classifier. The grouping is performed on the dataset and it is
ordered into three classifications, for example, typical, kind-hearted,
and threatening. The inquiry picture is grouped by the classifier to
a specific class and the significant pictures are recovered from the
database.

Rahman et al. [36] present an arrangement-driven biomedical pic-
ture recovery approach in view of multi-class SVM and utilizations
picture separating and comparability combination. In this structure, the
probabilistic yields of the SVM are abused to decrease the quest space
for likeness coordinating. What is more, the anticipated classification
of the question picture is utilized for straight blend of comparability.

Zhang et al. [37] utilized substance-based picture recovery ways to
deal with finding morphologically pertinent pictures for picture-guided
determination, utilizing both all-encompassing and neighborhood high-
lights. Notwithstanding, in light of the significantly diverse qualities
and representations of these heterogeneous elements, their subsequent
positions may have no convergence among the top applicants, bringing
on troubles for conventional combination techniques. Creator likewise
utilized chart-based inquiry particular combination approach where
numerous recovery positions are coordinated and reordered by leading
connection investigation on a melded diagram. The proposed strategy is
able to do adaptively joining the qualities of nearby or comprehensive
components for various inquiries, and does not require any supervision.

Zhang et al. [38] utilized a diagram-based question particular com-
bination approach where various recovery results (i.e., rank records)
are coordinated and reordered in view of a melded chart. The proposed
technique is equipped for joining the qualities of nearby or comprehen-
sive elements adaptively for various inputs. We assess our strategy on a
testing clinical issue, i.e., histopathological picture guided conclusion of
intraductal bosom injuries, and it accomplishes 91:67% order exactness
on 120 bosom tissue pictures from 40 patients.

Ergen et al. [39] Studied substance-based picture recovery frame-
works that are utilized far-reaching for universally useful picture doc-
umentation, and the advancements are still proceeding with it. Be
that as it may, it is not generally utilized for documenting medicinal
pictures. In display, it is inspected the recovery productivity rate of
measurable spatial techniques utilized for highlight extraction as a part
of broadly useful pictures [40]. The researched calculations rely on
GLCM as spatial techniques. The outcomes of this study demonstrate
that questions in light of measurements obtained from GLCM are more
satisfactory.
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Prostate cancer diagnosis currently relies heavily on subjective anal-
ysis by pathologists, who are often burdened by high workloads. This
has spurred research into automatic, computer-aided diagnosis models
based on histopathological images. The current landscape of biopsy
analysis is characterized by a significant level of subjectivity among
pathologists, along with a substantial workload. In response, numer-
ous studies in the current research landscape aim to develop auto-
mated models capable of providing preliminary diagnostic insights
from histopathological images. For instance, Naik et al. [41] employed
a Bayesian classifier to detect lumens and perform gland segmentation.
In another study [42], 268 color images were utilized to address Glea-
son grading, incorporating color, texture, and morphometric features.
The study achieved an accuracy of 0.81 through the implementation
of k-nearest neighbor and SVM classifiers. However, limitations were
identified, as gland boundaries were delimited by cytoplasmic structure
rather than nuclei components, as specified in medical literature [43].
In a different study [44], a k-nearest neighbor classifier reported an
overall accuracy of 98.3% in Gleason grading of 268 images, employing
textural features based on Local Binary Patterns (LBPs) and Gabor
Filters. Another investigation [45], focused on a K-NN classifier for
an imbalanced dataset of 199 images, achieved an accuracy of 0.95
per image, discerning only between benign and malignant tissues. The
process involved initial texture-based segmentation of prostate glands,
followed by the extraction of size and shape features for the classifica-
tion process. A more recent study [46] performed tissue segmentation
using 189 features based on pixel intensity and texture. The authors
applied 670 morphological features to detect prostate cancer, reporting
an impressive Area Under the ROC Curve (AUC) of 0.98 using a
multi-view boosting classifier. In a further recent study [47], 45 whole-
slide images were utilized to compose sub-regions of three different
dimensions: 512 × 512, 1024 × 1024, and 2048 × 2048 pixels.

2.1. Trade-off

In the domain of histopathological image recognition, a series of
trade-offs plays a central role. One crucial decision revolves around
finding the right equilibrium between image detail and processing
speed, where high-resolution images demand increased computational
resources but result in slower analysis. Achieving the optimal balance
between sensitivity and specificity is another pivotal consideration,
given that heightened sensitivity might lead to an increase in false
positive identifications. The level of complexity in the models used
can significantly enhance accuracy [32], but simpler models often offer
greater interpretability. The choice to generalize or specialize models
depends on the specific clinical context, and the trade-off between su-
pervised and unsupervised learning strategies hinges on the availability
of labeled data. The key challenge lies in striking the right balance
among these various factors, as it is essential for the development of
practical histopathological recognition systems. The process typically
involves stages like tissue matching, clustering, pre-processing, feature
extraction, and prediction, ultimately culminating in an end-to-end
algorithm designed to address these trade-offs effectively.

3. Proposed method

This section provides an overview of the requirements and software-
level specifications for a system designed to perform scalable and
robust image reclamation of histopathological images using the GLCM
method. The proposed method incorporates GLCM contrast, GLCM
correlation, and the extraction and detection of query image features.
The dataset we employed in our research, comprising 73 images, orig-
inates from Regal Hospital in Bangalore, India. The Institutional Ethics
Committee (IEC) at Regal Hospital, with reference number 2021/38,
has granted ethical approval for our research endeavors. It is essen-
tial, however, to underscore the ethical considerations associated with
obtaining medical data. Upholding patient privacy and confidentiality
5 
Fig. 2. VBIR-powered histopathology for precise prostate cancer characterization: A
study integrating CLAHE and GLCM.

is paramount, necessitating constraints on the availability of large-
scale datasets. This section covers software requirement specifications,
functional and non-functional requirements, product perspective, and
the software tools employed in the proposed method. The system’s
approach involves two primary feature extraction strategies, starting
with manual feature engineering and the integration of CLAHE, GLCM
contrast, and correlation analysis, and feature extraction from query
images. A statistical analysis identifies optimal features, leading to data
partitioning crucial for building predictive models during the reclama-
tion phase. Results from SVM classifiers applied to each query image
are reported. An alternative approach involves direct data partitioning
for previously segmented gland candidate images, yielding 73 sets
used as SVM input. The VBIR framework, a functional requirement,
separates visual attributes for each image, stored in a feature database
for efficient retrieval. Non-functional requirements address usability,
security, maintainability, continuous availability, and portability. The
system operates with compact feature vectors, making VBIR fast and
efficient for content-based retrieval, crucial for histopathological image
analysis.

The overall methodology, as depicted in Fig. 2, encompasses two
primary strategies for feature extraction. In the first strategy, we begin
with manual feature engineering, involving the creation of handcrafted
features derived from various descriptor families. Our method also in-
tegrates CLAHE, analyzes GLCM contrast and correlation, and extracts
features from query images. Following this, a statistical analysis is
performed to identify features with optimal correlation and contrast
characteristics. Once a normalized matrix of these key features is
derived, we move on to data partitioning, effectively categorizing items
into distinct sets. This step is pivotal for building robust and dependable
predictive models during the reclamation phase. Subsequently, we
report the results obtained from SVM classifiers applied to each query
image.

3.1. Functional requirement

We implement a versatile VBIR framework that inherently separates
visual attributes, encompassing features like color, shape, texture, and
spatial data, for every image within our histopathological database [48,
49]. These attributes are efficiently stored in a separate database called
the feature database, resulting in compact representations compared
to the original image data. The feature database contains condensed,
real-valued multi-part feature vectors or signatures for each image,
representing its visual characteristics. In practice, users typically submit
a query image to the system, which then extracts and processes its
visual properties in a similar fashion as it does for database images.
The system subsequently identifies images within the database whose
feature vectors closely match those of the query image, ranking them
based on their similarity values. Notably, the system operates with
these compact feature vectors rather than the full-size image data,
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making VBIR fast [50], efficient, and highly advantageous for content-
based retrieval. This VBIR framework finds utility in two key ways:
it enables precise image matching between an example image and
a database image, and it facilitates approximate image matching by
identifying visually similar images to a query image, both of which are
valuable for histopathological image analysis [51].

3.2. Non-functional requirement

We address a range of non-functional requirements to enhance the
application’s overall performance. Usability is a top priority, with clear
links in forms and user-friendly options to view and mark entries,
coupled with robust field-level authentication mechanisms. Security
measures are in place to ensure the application operates within secure
networks, safeguarding its functionality and data integrity. Maintain-
ability is emphasized through the provision of comprehensive instal-
lation and operation manuals, ensuring users can easily manage and
maintain the system. Continuous availability is guaranteed, except
during essential data backup, to make the application reliable around
the clock. Portability is considered, with a focus on compatibility with
various operating systems where MATLAB is available.

The proposed method was implemented in MATLAB on a high-
performance computational platform equipped with a multi-core CPU
and 32 GB of RAM. The time complexity of the key algorithms was
analyzed, particularly the GLCM and the SVM integration. The com-
putational complexity for the GLCM algorithm is (𝑛2), where 𝑛 rep-
resents the number of pixels in the image, as GLCM involves calcu-
lating pairwise pixel intensity relationships. For the SVM algorithm,
which typically involves sorting operations, the time complexity is
(𝑛 log 𝑛). This complexity analysis is critical for understanding the
scalability and performance of the proposed method when applied to
large histopathological datasets.

3.3. Image preprocessing

Our approach commences with the initial step of segmenting key
components in contrast & correlation prostate images: lumens, nuclei,
cytoplasm, and stroma. This segmentation is crucial for extracting
distinct features from each component and understanding their inter-
actions. Unlike previous studies that relied solely on the RGB format
for clustering, we employ the LUV (Luminance, Chrominance-U, and
Chrominance-V) color space, which significantly contributes to the
identification of prostate cancer. The rationale behind utilizing the LUV
color space lies in its superior discriminative capabilities for separating
tissue components.

The LUV space dissects image information into luminance (bright-
ness) and chrominance (color) components. Specifically, in LUV: Lu-
mens (Lm): The luminance channel (L) accentuates the brightness of
lumen structures, making them distinguishable from other components.

Cytoplasm and Stroma (Cm, Sm): The chrominance channels (U
and V) are harnessed to distinguish cytoplasm and stroma components
based on their color properties. Nuclei (Nm): The luminance channel
(L) can be used to highlight nuclei elements, as they often exhibit
varying brightness characteristics. Starting with the original RGB image
(IRGB), we apply a 50% reduction factor and perform color transfor-
mations to obtain candidate maps in the LUV format. We determine
the number of clusters (k) for each component, where k = 3 is chosen
for lumen candidates (Lm) and the cytoplasm (Cm) and stroma (Sm)
maps, while k = 4 is selected for the nuclei map (Nm) resulting in
labeled images (LI) for each color space. Subsequently, these labeled
images are binarized to extract the target tissue component, such as
lumen candidates.

Post-processing stages follow to refine the binary maps, eliminating
noise and artifacts. For instance, area opening filters and dilation

operations are applied to enhance the accuracy of the component maps.

6 
These refined maps in the LUV format significantly contribute to the
recognition of prostate cancer in the following ways:

The application of the LUV color space in histopathology image
analysis presents significant advantages for prostate cancer recognition.
Leveraging the unique luminance and chrominance channels of this
color space, effectively enhances the differentiation of tissue compo-
nents, thereby enhancing the precision in identifying and characterizing
various regions within prostate tissue. This heightened accuracy al-
lows for the extraction of more comprehensive features, encompassing
attributes such as texture, color, and shape, which are vital for dis-
tinguishing between benign and pathological glands. Consequently, it
plays a crucial role in the early detection and recognition of prostate
cancer. The integration of the LUV color space, as outlined in Algorithm
1, substantially improves the ability to recognize prostate cancer by
refining the separation of tissue components and optimizing feature
extraction. This enhancement can potentially lead to more dependable
diagnostic results, benefiting patient care and the early detection of
prostate cancer.

Algorithm 1: Preprocessing Algorithm for LUV Format
Histopathology Images

Data: LUV format histopathology image, 𝐼luv
Result: Preprocessed image, 𝐼𝑁 (Normalized Global Contrast

Image)

Step 1: Green Channel Extraction;
Input: LUV image, 𝐼luv;
Output: Green channel image, 𝐼𝑔 ;
𝐼𝑔 = ExtractGreenChannel(𝐼luv);

Step 2: Background Image Estimation;
Input: Green channel image, 𝐼𝑔 ;
Output: Background image, 𝐼bg;
𝐼bg = ApplyMedianFilter(𝐼𝑔 , 3 × 3);

Step 3: Contrast Enhancement with CLAHE (Contrast Limited
Adaptive Histogram Equalization);
Input: Green channel image, 𝐼𝑔 ;
Output: Enhanced image, 𝐼clahe;
𝐼clahe = ApplyCLAHE(𝐼𝑔);

Step 4: Noise Reduction with Gaussian Filtering;
Input: Enhanced image, 𝐼clahe;
Output: Image with reduced noise, 𝐼gaussian;
𝐼gaussian = ApplyGaussianFilter(𝐼clahe, 5 × 5);

Step 5: Shade Correction;
Input: Image with reduced noise, 𝐼gaussian; Background image,
𝐼bg;
Output: Shade-corrected image, 𝐼shaded;
𝐼shaded = PerformShadeCorrection(𝐼gaussian, 𝐼bg);

Step 6: Global Contrast Normalization;
Input: Shade-corrected image, 𝐼shaded;
Output: Normalized global contrast image, 𝐼𝑁 ;
𝐼𝑁 = 𝐼shaded

StandardDeviation(𝐼shaded)
;

Step 7: Output the Preprocessed Image (𝐼𝑁 )

3.3.1. Green channel extraction
The preprocessing algorithm begins by extracting the green channel

from the input LUV format histopathology image, denoted as 𝐼luv.
This step isolates the green color channel, as it often contains crucial
information for histopathological analysis. The result of this step is a
new image, 𝐼 , which exclusively represents the green channel content.
𝑔
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3.3.2. Background image estimation
The next step focuses on estimating and mitigating any background

variations or shading present in the green channel image 𝐼𝑔 . To achieve
his, a median filter is applied with a 3 × 3 kernel, creating a back-

ground image, 𝐼bg. This background image is designed to model and
apture slowly varying illumination across the histopathology image,
hich can be a common source of interference in subsequent analysis.

𝐼bg(𝑥, 𝑦) = median(𝐼𝑔(𝑥 − 1, 𝑦 − 1), 𝐼𝑔(𝑥 − 1, 𝑦),

𝑔(𝑥 − 1, 𝑦 + 1), 𝐼𝑔(𝑥, 𝑦 − 1), 𝐼𝑔(𝑥, 𝑦), 𝐼𝑔(𝑥, 𝑦 + 1),

𝐼𝑔(𝑥 + 1, 𝑦 − 1), 𝐼𝑔(𝑥 + 1, 𝑦), 𝐼𝑔(𝑥 + 1, 𝑦 + 1)) (1)

The Eq. (1) represents how each pixel in the background image
is determined by the median value of its neighborhood in the green
channel image.

3.3.3. Contrast enhancement with CLAHE
CLAHE is employed to enhance the contrast of the green channel

image 𝐼𝑔 . CLAHE is an adaptive contrast enhancement technique that
not only enhances contrast but also limits the amplification of noise. By
applying CLAHE, the algorithm generates an enhanced version of the
image, denoted as 𝐼clahe. This enhanced image offers improved visibility
and contrast for further analysis.

The application of CLAHE to enhance the contrast of the green
channel image 𝐼𝑔 can be summarized with the following mathematical
expression: Let 𝐼𝑔(𝑥, 𝑦) be a pixel in the green channel image. After
applying CLAHE, the enhanced pixel value 𝐼clahe(𝑥, 𝑦) is computed as
Eq. (2):

𝐼clahe(𝑥, 𝑦) =
CDFlocal(𝐼𝑔(𝑥, 𝑦))
CDFlocal(𝐿 − 1)

× (𝐿 − 1) (2)

where: 𝐿 is the number of possible intensity levels (typically 256 for
8-bit images). CDFlocal(𝐼𝑔(𝑥, 𝑦)) represents the cumulative distribution
unction of pixel intensities within a local neighborhood around the
ixel (𝑥, 𝑦).

.3.4. Noise reduction with Gaussian filtering
To further improve image quality, the algorithm addresses noise

eduction. High-frequency noise that might be present in 𝐼clahe is sup-
pressed using Gaussian filtering. A Gaussian filter with a 5 × 5 kernel
is applied to smooth the image and reduce noise, resulting in an image
with reduced noise, denoted as 𝐼gaussian.

The application of Gaussian filtering for noise reduction can be
epresented using a convolution operation. Given the enhanced image
clahe, the resulting image after Gaussian filtering, 𝐼gaussian, is computed

as Eq. (3):

𝐼gaussian(𝑥, 𝑦) =
2
∑

𝑖=−2

2
∑

𝑗=−2

1
2𝜋𝜎2

𝑒−
2𝜎2(𝑖2+𝑗2)

2𝜎2 ⋅ 𝐼clahe(𝑥 + 𝑖, 𝑦 + 𝑗) (3)

where: 𝜎 is the standard deviation of the Gaussian kernel.

3.3.5. Shade correction
Shading artifacts can significantly affect image analysis in

histopathology. In the shade correction step, the algorithm works to
normalize the input image 𝐼gaussian using the background image 𝐼bg.
This process aims to reduce the impact of shading and make the
image more uniform. The outcome of this step is the shade-corrected
image, referred to as 𝐼shaded. Shade correction can be represented as
n element-wise division operation. Given the Gaussian-filtered image
gaussian and the background image 𝐼bg, the shade-corrected image
𝐼shaded is obtained as Eq. (4):

𝐼shaded(𝑥, 𝑦) =
𝐼bg(𝑥, 𝑦) (4)
𝐼gaussian(𝑥, 𝑦)

7 
.3.6. Global contrast normalization
Standardizing contrast across images is crucial for consistent anal-

sis. In the final preprocessing step, the algorithm focuses on global
ontrast normalization. It accomplishes this by dividing the shade-
orrected image 𝐼shaded by its standard deviation (𝜎). The result is a

normalized global contrast image, denoted as 𝐼𝑁 (Eq. (5)). This image
is now prepared for various image analysis tasks with improved quality,
reduced noise, and standardized contrast.

The preprocessing algorithm plays a pivotal role in optimizing
histopathology images for subsequent analysis. It enhances image qual-
ity, mitigates noise, and ensures consistent contrast scaling, contribut-
ing to the accuracy and reliability of diagnostic and research appli-
cations in the field of histopathology. The output image, 𝐼𝑁 , is now
primed for further analysis, such as feature extraction, segmentation,
or classification, in a more controlled and standardized environment.

Given an input image represented by the matrix 𝐼 with dimen-
ions 𝑀 × 𝑁 , the GCN process involves the following steps: Calculate
he mean (𝜇 = 1

𝑀𝑁
∑𝑀

𝑖=1
∑𝑁

𝑗=1 𝐼(𝑖, 𝑗)) and standard deviation (𝜎 =
√

1
𝑀𝑁

∑𝑀
𝑖=1

∑𝑁
𝑗=1(𝐼(𝑖, 𝑗) − 𝜇)2) of pixel intensities in the entire image.

ormalize the image 𝐼 by subtracting the mean (𝜇) and dividing by
he standard deviation (𝜎) to obtain the globally normalized image 𝐼N:

𝐼N(𝑖, 𝑗) =
𝐼(𝑖, 𝑗) − 𝜇

𝜎
(5)

This operation scales the pixel intensities to have a mean of 0 and a
standard deviation of 1 across the entire image, effectively enhancing
the global contrast.

In this algorithm 1, we begin with the input LUV format histopathol-
ogy image, and we follow a series of steps to preprocess it. The
preprocessing includes extracting the green channel, generating a back-
ground image, enhancing contrast using CLAHE, reducing noise with a
Gaussian filter, applying shade correction, and finally normalizing the
global contrast. The output of the algorithm is the preprocessed image,
𝐼𝑁 , which is ready for further analysis, including the application of the
GLCM algorithm for image reclamation procedures.

First, let us consider ‘‘Correlation’’. The standard deviation of the
execution times across various stages in the process offers significant
insight. Variations in these execution times can be associated with
the complexity and heterogeneity of prostate tissue samples. The cor-
relation feature, in the context of GLCM, reflects the degree of gray
distribution and texture thickness homogeneity. A lower standard de-
viation suggests that the system’s execution is more consistent, which
is particularly advantageous for feature reclamation in prostate cancer
cell detection. Inconsistent execution times may lead to variations in
the extracted features, making it challenging to identify unmatched
patterns.

Next, ‘‘Contrast’’ plays a pivotal role. Contrast quantifies the differ-
ences in intensity values for neighboring pixel components distributed
along the diagonal in GLCM. The standard deviation, reflecting the
variability in execution times, becomes a crucial factor. In an ideal
scenario, a low standard deviation would indicate that the system
consistently processes image patches, resulting in stable contrast values.
This stability in feature extraction is pivotal in accurately identifying
unmatched cells in prostate tissue. Conversely, a high standard de-
viation can introduce uncertainty into the feature extraction process,
potentially leading to false positives or missed detections.

Within the realm of histopathology image analysis, our primary goal
in this phase is to identify an initial group of prospective Capillary
aneurysm (CA) candidates – areas where the presence of CAs is an-
ticipated. The objective is to strike a balance between minimizing the
inclusion of non-CA elements and ensuring that no genuine CAs are
unintentionally excluded, as the latter may be challenging to recover
at later stages [52]. The process commences with the extraction of
structures. To achieve this, a linear structuring element is employed
for morphological closure, applied in various orientations, on the pre-

processed histopathology image. Subsequently, the preprocessed image
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Table 2
Extracted candidate attributes Shape-based features.

# Attribute Description

1 Area (A) The number of pixels that constitute the CA candidate area in its entirety.

2 Perimeter The periphery is the candidate circumference.

3 Eccentricity (𝜀) A measure of how different the shape is from a circle, calculated as 𝑑foci
𝑙main

, where 𝑑foci is the distance between the foci
of the ellipse, and 𝑙main is the length of its main axis. Eccentricity measures how different something is from a circle
(𝜀 = 𝑑main)

4 Extent (𝐸) Obtained by dividing the area of CA candidates (A) by the entire bounding box area (𝐴bb) (𝐸 = 𝐴𝐴bb).

5 Aspect ratio The length ratio of the chosen region’s major axis to the minor axis.

6 Orientation The angle formed by the x-axis and the primary axis of the ellipse.

7 Max intensity The intensity of the pixel with the highest value in the CA candidate area.

8 Average intensity The mean intensity levels in the CA candidate region.

9 Min intensity The pixel with the lowest intensity in the CA candidate region.

10 Correlation Reflects the gray distribution and texture thickness homogeneity in the candidate. Texture Correlation (Correlation

Energy) 𝐸Correlation =
∑

𝑖,𝑗

(

𝑃𝑖,𝑗

𝑁

)2
, where 𝑃𝑖,𝑗 is the normalized symmetrical GLCM element 𝑖, 𝑗, on the GLCM texture

page of variable properties dialogue box under quantization, the number of gray levels in the picture is set as N.

11 Contrast In GLCM, this quantifies the difference in intensity values for neighboring pixel components that are distributed along
the diagonal. Measures how closely components are distributed along the diagonal of the GLCM.
𝐻Contrast =

∑

𝑖,𝑗
𝑃𝑖,𝑗

1+(𝑖−𝑗)2∕𝑁
, where 𝑃𝑖,𝑗 is the normalized symmetrical GLCM value at position 𝑖, 𝑗, 𝑖 and 𝑗 are the intensity

values of the neighboring pixels.
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undergoes a subtraction operation with the top-hat filtered image,
while preserving circular shapes that resemble CAs. To further enhance
the accuracy of potential CA detection, a Gaussian matching filter is
utilized, with a standard deviation (𝜎 = 1.0) set to 1.0. This filter is con-
volved with the image, highlighting circular dark regions. Subsequent
refinement involves morphological closure with a disc as the structural
element to fill the interior spaces of these circular dark regions, which
represent the CA candidates.

In order to refine the morphological precision of the identified CA
candidates, a region-growing operation is executed [53]. The outcomes
of this process, the identified candidates, are visualized, as depicted
in Fig. 4. To differentiate between genuine CAs and false positives
(FP), a set of 11 distinct characteristics is harnessed. Features are ex-
tracted for each candidate, encompassing attributes related to the shape
and intensity of the CA candidates. The texture of the histopathology
image is subject to direct analysis, employing the GLCM [25,54,55].
Second-order statistical texture features, including measures such as
contrast and correlation, are computed using GLCM. Table 2 offers a
comprehensive list of these extracted features for subsequent analysis in
the context of histopathology image pattern recognition. In summary,
this method is intricately designed to cater to the specific demands of
histopathology image analysis. Its aim is to accurately identify potential
CAs while minimizing the occurrence of false positives.

Table 2 presents a comprehensive set of attributes extracted from
histopathology images, specifically tailored for the detection and anal-
ysis of potential CAs in the context of prostate cancer. These attributes
are meticulously categorized into three distinct groups: Shape-based
features, Intensity-based features, and GLCM features. Shape-based
attributes play a pivotal role in providing insights into the size, form,
and orientation of regions considered as potential CAs. This category
includes attributes like area, perimeter, eccentricity, extent, aspect
ratio, and orientation. These metrics collectively offer a detailed de-
scription of the geometric and spatial characteristics of the detected
anomalies, enhancing the diagnostic and analytical process. Intensity-
based attributes delve into the pixel intensity characteristics within the
regions of interest. This group comprises attributes such as maximum
intensity, average intensity, and minimum intensity. These features
shed light on the brightness and contrast properties of the identified
regions, contributing to a comprehensive understanding of the image
data.

Contrast, which represents the intensity variation between pixels,

was observed to be higher in malignant tissues compared to benign f

8 
tissues. In contrast, correlation, which measures the linear depen-
dency between neighboring pixels, was found to be lower in malignant
tissues relative to benign tissues. Statistical analysis using a t-test
confirmed that these differences were statistically significant, with a 𝑝-
alue < 0.05. Furthermore, feature ranking using the ReliefF algorithm
dentified contrast and correlation as the most discriminative features,
hereby supporting their selection as key candidates for prostate cancer
etection.

The GLCM features, on the other hand, delve into the textural and
ray-level distribution aspects within the CA candidates. Notably, the
orrelation and contrast features are presented. Correlation measures
he homogeneity and texture thickness within the candidates, while
ontrast quantifies the differences in intensity values for neighboring
ixel components distributed along the diagonal. These GLCM features
rovide valuable insights into the textural patterns and gray-level
istribution within the identified regions. Together, these attributes
ollectively serve as quantitative descriptors of key histopathological
eatures pertinent to prostate cancer detection.

The GLCM was selected over other texture analysis methods due
o its robust capability to capture second-order statistical texture fea-
ures, which are crucial for assessing the spatial relationships between
ixel intensities. In medical imaging, particularly in histopathological
nalysis, texture plays a pivotal role in identifying structural irregu-
arities associated with malignancy. GLCM-derived features, such as
ontrast, correlation, and homogeneity, provide critical insights into
issue organization and variation, which are directly linked to cancer
etection. Unlike Local Binary Patterns (LBP), which primarily focus
n microtexture and are sensitive to noise and illumination changes,
LCM offers greater robustness, especially in noisy medical images,
y capturing more comprehensive information about texture patterns.
dditionally, while Gabor filters are effective for multi-scale and multi-
rientation texture analysis, they often require extensive parameter
uning and are computationally intensive. GLCM, in contrast, delivers
igh accuracy with a simpler computational framework and offers
otational invariance, making it highly effective for detecting subtle
exture changes across different tissue orientations.

Comparative performance evaluations across various texture de-
criptors demonstrated that GLCM outperformed both LBP and Gabor
ilters in terms of feature discriminability and consistency in prostate
ancer detection. This performance advantage justifies the selection of
LCM as the preferred method for our analysis.

The following algorithm 2 calculates two essential image texture

eatures known as GLCM contrast and correlation. These features are
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particularly valuable in image analysis tasks, including texture and
pattern recognition. The algorithm 2 begins by taking the input image,
denoted as ‘‘I’’, and an optional color space parameter ‘‘LUV’’, which
can be used for additional color information. If ‘‘LUV’’ is provided,
the algorithm extracts the luminance (brightness) channel ‘‘L’’ from
the input image ‘‘I’’. The LUV color space separates image information
into luminance and chrominance components. Next, the algorithm
computes two GLCMs, one for the luminance channel ‘‘L’’ and another
for the squared luminance channel ‘‘𝐿2’’. These GLCMs are represented
as ‘‘GLCM’’ and ‘‘GLCM2’’, respectively. The algorithm proceeds to
calculate the GLCM contrast and correlation features based on the
computed GLCMs. These features provide insights into the image’s
texture and the relationships between pixel intensities.

Calculating GLCM Contrast: The ‘‘contrast’’ is initialized to zero.
A nested loop iterates over all pairs of gray levels within the GLCM.
For each pair (𝑖, 𝑗) where 𝑖 < 𝑗, the algorithm computes the squared
difference (𝑖 − 𝑗)2 multiplied by the corresponding value in the GLCM
matrix and adds it to the ‘‘contrast’’ variable. The result is a measure
of how pixel intensity contrasts vary in the image, which is a critical
texture descriptor.

Calculating GLCM Correlation: The algorithm first computes the
mean values of row sums (𝑚𝑒𝑎𝑛𝑖) and column sums (𝑚𝑒𝑎𝑛𝑗) of the
GLCM. It also calculates the standard deviations of the row sums (𝑠𝑡𝑑𝑖)
nd column sums (𝑠𝑡𝑑𝑗) of the GLCM. A nested loop iterates over all
airs of gray levels within the GLCM. For each pair (𝑖, 𝑗), the algorithm
alculates a product involving the differences between i and ‘‘𝑚𝑒𝑎𝑛𝑖’’, j
nd ‘‘𝑚𝑒𝑎𝑛𝑗 ’’, and the corresponding GLCM value. This product is then
ivided by the product of ‘‘𝑠𝑡𝑑𝑖’’ and ‘‘𝑠𝑡𝑑𝑗 ’’. The ‘‘correlation’’ value
easures how closely the components are distributed along the diago-
al of the GLCM. The algorithm concludes by providing the calculated

‘contrast’’ and ‘‘correlation’’ values, which are crucial texture features
or image analysis.

This algorithm is valuable in various image analysis applications,
specially in the fields of computer vision, medical image processing,
nd remote sensing, where texture information is essential. The ‘‘con-
rast’’ and ‘‘correlation’’ values obtained through this algorithm can
ontribute to the characterization and discrimination of different image
extures.

Histopathology image analysis involves the examination of tissue
amples at the microscopic level. The pseudocode provided serves as a
ramework for extracting valuable texture information from these im-
ges. Initially, the histopathology image (I) is taken as input. Although
he pseudocode includes an optional step for extracting the L channel
n color images (LUV), most histopathology images are grayscale by na-
ure. The core of the analysis lies in computing GLCMs for the grayscale
istopathology image. GLCMs capture the co-occurrence patterns of
ixel values at various distances and angles within the image. Two
LCMs are calculated: one directly from the grayscale image (L) and
nother from the squared values of pixel intensities (L squared). These
LCMs are essential for characterizing the texture of the histopathology

mage. From the GLCMs, two crucial texture features are computed:
ontrast and correlation. Contrast measures the local intensity varia-
ions within the image, highlighting regions with significant differences
n pixel values. In histopathology images, high contrast values can
ndicate areas with diverse textures or structural variations. On the
ther hand, correlation quantifies the linear relationship between pixel
alues. High correlation values suggest that pixel intensities tend to
ary together, revealing structured patterns or textures in the image.
inally, the computed contrast and correlation values can be displayed,
r graphs can be generated to visualize these texture features. Such vi-
ualization aids in identifying regions of interest within histopathology
mages, potentially pinpointing areas with specific texture characteris-
ics, which can be valuable in diagnosing diseases, detecting anomalies,
r conducting medical research involving histopathology images. In
ssence, this pseudocode provides a systematic approach to extract es-
ential texture information for enhancing the analysis of histopathology

mages.
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Algorithm 2: Calculation of GLCM Contrast and Correlation
Input: I (the input image) and LUV (optional color space

information)
Data: GLCM, GLCM2
Result: Contrast and Correlation values
// Start
if LUV is provided then

L ← Extract the L value from the input image I
end
// Apply the GLCM method to compute two GLCMs,

one for L and another for L squared (F and F2)
[GLCM, GLCM2] ← Apply the GLCM method
// Compute contrast and correlation from the

GLCMs
// Compute contrast for GLCM
Contrast ← 0
for i ← 0 to number of gray levels - 1 do

for j ← i + 1 to number of gray levels do
Contrast ← Contrast + (𝑖 − 𝑗)2× GLCM[i, j]

end
end
// Compute correlation for GLCM
𝑚𝑒𝑎𝑛𝑖 ← mean of row sums of GLCM
𝑚𝑒𝑎𝑛𝑗 ← mean of column sums of GLCM
𝑠𝑡𝑑𝑖 ← standard deviation of row sums of GLCM
𝑠𝑡𝑑𝑗 ← standard deviation of column sums of GLCM
Correlation ← 0
for i ← 0 to number of gray levels - 1 do

for j ← 0 to number of gray levels - 1 do
Correlation ← Correlation + ((𝑖 − mean𝑖) × (𝑗 − mean𝑗 )×
GLCM[i, j]) / (std𝑖 × std𝑗 )

end
end
// Display the contrast and correlation values

or create a graph to visualize them
// End

Algorithm 3: Texture Feature Extraction from Training
Database

Input: M1 (Training images folder), D (Histogram parameters)
Output: All_features (Extracted features), filename
(Image-feature associations)
Initialize empty collections All_features and filename;
for each image in folder M1 do

Read image I from file path;
Convert I to LUV color space;
Extract the luminance (L) channel from LUV;
Apply GLCM-based feature extraction (e.g., GLCM_FE) to L,
obtaining feature vector 𝐹𝑣;

Add 𝐹𝑣 to All_features;
Associate image filename with 𝐹𝑣 in filename;

end
Output: All_features and filename;

The provided algorithm 3 outlines a process for creating a training
database with feature extraction, which is a critical step in various
image analysis tasks, particularly in the context of texture and pat-
tern recognition. This algorithm is valuable for applications such as
computer vision, medical image processing, and remote sensing, where
understanding image texture is essential.

The algorithm commences by receiving two inputs: the folder ‘‘M1’’,

which contains images to be used for training, and optional parameters
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denoted as ‘‘D’’, which are related to histogram calculations. These
parameters can be adjusted to influence the process of extracting
features from the images, allowing for customization based on specific
requirements.

The primary goal of the algorithm is to accumulate a collection of
extracted features, referred to as ‘‘𝐴𝑙𝑙𝑓𝑒𝑎𝑡𝑢𝑟𝑒𝑠’’, and to maintain associa-
ions between these features and the filenames of the images used. This
ssociation enables the tracking of which features correspond to each
mage, facilitating further analysis.

The algorithm systematically processes each image in the selected
older:

1. The algorithm reads the image, denoted as ‘‘I’’, from the current
file path (impath). This image is the target for feature extraction.

2. It creates a color transformation object, ‘‘cform’’, which is em-
ployed to convert the image from the sRGB color space to the
LUV color space. This transformation aids in analyzing color-
related features in the image.

3. The color transformation is applied to the image, producing an
LUV image, ‘‘LUV’’.

4. The L channel (luminance or grayscale component) is extracted
from the LUV image, denoted as ‘‘L’’. The L channel is often used
for texture analysis.

5. A feature extraction method, such as 𝐺𝐿𝐶𝑀𝐹𝐸 (Gray-Level
Co-occurrence Matrix Feature Extraction), is applied to the L
channel to calculate texture features. This process results in a
feature vector, ‘‘𝐹𝑣’’, and potentially other features like ‘‘F2’’,
depending on the selected method.

6. The computed feature vector, ‘‘𝐹𝑣’’, is added to the ‘‘𝐴𝑙𝑙𝑓𝑒𝑎𝑡𝑢𝑟𝑒𝑠’’
collection. This step accumulates features from all processed
images.

7. The algorithm associates the filename (impath) of the current
image with the extracted features, allowing for the identification
of which features are related to each image.

8. The index (idx) is incremented to keep track of the processed
image.

After processing all images in the selected folder, the algorithm
oncludes. The training database is now updated with the collected
eatures and their associations with filenames, making it a valuable
esource for subsequent image analysis tasks.

In summary, this algorithm plays a pivotal role in preparing a
raining database for image analysis. It extracts features, such as texture
nformation, from a set of training images and organizes them for
urther analysis. The extracted features, including color and texture
ttributes, can significantly contribute to tasks like pattern recognition
nd classification, making it an essential component in the field of
mage analysis.

The process of training a database begins by selecting a folder (M1)
ontaining the images to be used for this purpose. Additionally, there
ay be parameters (D) defined for histogram calculation, which can

e crucial for image analysis. For each image found in the selected
older, the pseudocode reads the image (I) and prepares it for feature
xtraction. To facilitate color-related analysis, the image is converted
rom the sRGB color space to the LUV color space using a color transfor-
ation object (cform). The LUV color space separates the luminance or

rayscale information (L), which is key for extracting texture features.
ubsequently, a feature extraction method named 𝐺𝐿𝐶𝑀𝐹𝐸 is applied
o the L channel of the image. This method computes features (𝐹𝑣 and
2) using the GLCM, capturing texture characteristics in the grayscale
mage. The extracted features (𝐹𝑣) are collected and added to an
volving set of all features (𝐴𝑙𝑙𝑓𝑒𝑎𝑡𝑢𝑟𝑒𝑠). Each image’s filename (or path)
s associated with its corresponding features, allowing for the creation
f a comprehensive database. An index (idx) keeps track of the image
eing processed as the database is updated with the newly extracted

eatures and their associated filenames. In essence, this pseudocode
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utlines a systematic approach for building a training database from
designated folder of images. It emphasizes the extraction of texture

eatures from the luminance channel of images in the LUV color space,
hich is valuable for applications such as image classification and pat-

ern recognition, where understanding the texture of images is crucial.
he resulting database can serve as a foundation for training machine

earning models or conducting various image analysis tasks.

Algorithm 4: Feature Space Image Search
Input: I (Query image)
Output: Most similar images to the query image
Load the image database with pre-extracted features
(All_features1);

Extract features from the query image I by transforming it to
the LUV color space and obtaining the L channel (L) using:

𝑐𝑓𝑜𝑟𝑚 = CreateColorTransformation(𝑠𝑅𝐺𝐵 → 𝐿𝑈𝑉 );
𝐿𝑈𝑉 = ApplyColorTransformation(𝐼, 𝑐𝑓𝑜𝑟𝑚);
𝐿 = ExtractLuminance(𝐿𝑈𝑉 );
Apply SVM clustering to cluster feature vectors, resulting in
cluster assignments (Cid) and cluster centroids (ctrs);

Get the cluster ID (Cid_query) of the query image based on its
feature vector;

To find matching cluster indexes in Cid that correspond to the
same cluster as the query image (Cid_query), use the equation:

𝑀𝑎𝑡𝑐ℎ𝑖𝑛𝑔𝐶𝑖𝑑_𝑞𝑢𝑒𝑟𝑦 = {𝑖 ∶ 𝐶𝑖𝑑[𝑖] = 𝐶𝑖𝑑_𝑞𝑢𝑒𝑟𝑦};
Calculate feature vector distances to reclamation the 14 most
similar images based on feature vectors. Initialize xcluster as a
matrix containing all database feature vectors. Replicate the
query image’s feature vector (𝐹𝑣) to match the number of
feature vectors in the database using:

𝐹1 = Replicate(Fv, size(𝑥𝑐𝑙𝑢𝑠𝑡𝑒𝑟));
Compute absolute differences between the query image’s
feature vector and all database feature vectors, resulting in
matrix diff:

𝑑𝑖𝑓𝑓 = |𝐹1 − 𝑥𝑐𝑙𝑢𝑠𝑡𝑒𝑟|;
Calculate the Euclidean distance between feature vectors,
obtaining a vector dist representing the distances between the
query image and all database images:

𝑑𝑖𝑠𝑡 =
√

∑

(𝑑𝑖𝑓𝑓 )2;
Sort dist in ascending order to obtain sorted values (vals) and
their corresponding indexes (ix1);

Display the query image, its feature vector, matched cluster
images, and unmatched images based on similarity;

Output: Most similar images;

The algorithm 4 begins the image-searching process with the goal
of finding images from a database that are most similar to a given
query image (I). The database, which is previously loaded, contains
pre-extracted features from a collection of images. This is a common ap-
proach used in content-based image reclamation systems. To compare
the query image with the database, the algorithm starts by extracting
features from the query image. The process begins by converting the
query image from the sRGB color space to the LUV color space using
a color transformation object (cform). This conversion helps in ana-
lyzing color-related features. Subsequently, the L channel (grayscale
component) is extracted from the LUV image, and its feature vector
(𝐹𝑣) is appended to the collection of image features (𝐴𝑙𝑙𝑓𝑒𝑎𝑡𝑢𝑟𝑒𝑠1). Next,
the algorithm applies the SVM clustering method to cluster the feature
vectors in 𝐴𝑙𝑙𝑓𝑒𝑎𝑡𝑢𝑟𝑒𝑠1 into ‘k’ clusters. The specific parameters, such as
the distance metric and number of replicates, can be defined for the
clustering process. The cluster assignments (Cid) and cluster centroids
(ctrs) are obtained. The cluster ID of the query image (𝐶𝑖𝑑𝑞𝑢𝑒𝑟𝑦) is
determined, and the last entry (which corresponds to the query image’s
features) is removed from 𝐴𝑙𝑙 . The algorithm then identifies all
𝑓𝑒𝑎𝑡𝑢𝑟𝑒𝑠1
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indexes in Cid that match the cluster ID of the query image. These
indexes represent images in the database that belong to the same cluster
as the query image. To find the most similar images, the algorithm
calculates the distances between the query image’s feature vector and
all other feature vectors in the database. The distances are computed by
taking the absolute differences and summing them along each row. The
result is a sorted list of distances and their corresponding indexes. The
query image, along with its feature vector, is displayed. Additionally,
the algorithm presents the 14 most similar images based on clustering
(i.e., images within the same cluster as the query) and 14 images based
on similarity (i.e., images with the closest feature vectors). In summary,
this algorithm enables the reclamation of visually similar images from
a database based on the features extracted from a query image. It
leverages color space transformation, feature extraction, clustering,
and distance calculations to achieve this goal. Such image-searching
techniques are widely used in applications like content-based image
reclamation and recommendation systems.

This algorithm outlines the process of searching for the most similar
images to a given query image within an image database. It plays
a crucial role in various applications such as content-based image
reclamation, where finding similar images based on content features
is essential. The algorithm proceeds as follows:

1. Loading the Image Database: The process begins by loading an
image database that contains pre-extracted features from a set of
images. This database will serve as the reference for similarity
comparison.

2. Feature Extraction from Query Image: The algorithm accepts a
query image (denoted as ‘‘I’’) as input. To perform similarity
analysis, it is necessary to extract features from the query image.
This typically involves color feature extraction.

3. Conversion to LUV Color Space: A color transformation object
(‘‘cform’’) is created for converting the query image from the
sRGB color space to the LUV color space. This conversion is
beneficial for analyzing color-related features.

4. Luminance Channel Extraction: The ‘‘L’’ channel is extracted
from the LUV color space. The ‘‘L’’ channel represents the
grayscale or luminance component of the image, which is fre-
quently used for texture feature extraction.

5. Collection of Extracted Features: The extracted feature vector
from the query image is appended to a collection of image fea-
tures (‘‘𝐴𝑙𝑙𝑓𝑒𝑎𝑡𝑢𝑟𝑒𝑠1’’). This collection accumulates feature vectors
from each image.

6. SVM Clustering: The algorithm applies Support Vector Machine
(SVM) clustering to cluster feature vectors. Parameters such as
the distance metric and the number of replicates may be spec-
ified. Cluster assignments (‘‘Cid’’) and cluster centroids (‘‘ctrs’’)
are obtained from the SVM clustering algorithm.

7. Cluster Matching: The cluster ID of the query image (‘‘𝐶𝑖𝑑𝑞𝑢𝑒𝑟𝑦’’)
is determined based on its feature vector. The feature vectors
of the query image are temporarily removed to avoid matching
with itself.

8. Finding Similar Images in the Same Cluster: Images that belong
to the same cluster as the query image are identified by find-
ing all indexes in ‘‘Cid’’ that match ‘‘𝐶𝑖𝑑𝑞𝑢𝑒𝑟𝑦’’. These images
are considered similar to the query image due to their cluster
membership.

9. Similarity Calculation: To find the most similar images, the algo-
rithm calculates the distances between the query image’s feature
vector and all other feature vectors in the database. It measures
the similarity between the query image and the database images.

10. Display and Output: The algorithm displays the query image and
provides a visual representation of the query image’s feature
vector, images matched based on clustering, and unmatched
images based on similarity. The 14 most similar images based

on feature vectors are output.

11 
This algorithm is instrumental in various image reclamation ap-
plications where determining image similarity is essential. It utilizes
clustering and feature-based matching to identify images with similar
content or characteristics, which is valuable in fields such as image
search, content recommendation, and object recognition.

For a given training dataset with 𝑛 samples (𝐱𝑖, 𝑦𝑖), where 𝐱𝑖 ∈ R𝑑

re feature vectors and 𝑦𝑖 ∈ {−1, 1} are class labels, the goal of a
upport Vector Machine (SVM) is to find the hyperplane 𝐰 ⋅ 𝐱 + 𝑏 = 0
hat maximizes the margin between the classes. This can be formulated
s an optimization problem, where the objective is to minimize 1

2‖𝐰‖
2

subject to the constraint 𝑦𝑖(𝐰 ⋅ 𝐱𝑖 + 𝑏) ≥ 1 for all 𝑖.
When the dataset is not linearly separable in the original feature

space, SVMs use a kernel function 𝐾(𝐱𝑖, 𝐱𝑗 ) to map the data into a
higher-dimensional space where it may become linearly separable. The
kernel function computes the dot product of the images of 𝐱𝑖 and
𝐱𝑗 in this higher-dimensional space without explicitly performing the
transformation. A popular kernel for non-linear data is the Radial Basis
Function (RBF) Kernel, also known as the Gaussian Kernel, defined as
Eq. (6):

𝐾(𝐱𝑖, 𝐱𝑗 ) = exp
(

−𝛾‖𝐱𝑖 − 𝐱𝑗‖2
)

(6)

In this kernel, the parameter 𝛾 determines the influence of a single
training example, allowing the SVM to effectively handle complex,
non-linear data.

4. Results and discussions

This section unveils the outcomes of our innovative framework
designed to enhance the restoration of histopathological images. We
achieve this by integrating VBIR techniques with the CLAHE and GLCM
algorithms. At the core of our research is a meticulously curated
repository of histopathological images, thoughtfully organized within
a dedicated database folder. We proceed with a comprehensive ex-
amination of our research findings and their significance, aiming to
elucidate the importance of the discoveries made in our study. To
achieve this, we systematically present, scrutinize, and contextualize
the data obtained from meticulous experiments, surveys, or analyses.

Our study particularly focuses on the results obtained for an efficient
framework for feature extraction using GLCM and VBIR techniques. In
our proposed method, the image analysis process commences with the
selection of a query image as the input. This chosen query image then
undergoes a series of essential transformations and feature extractions.
Firstly, the query image is converted from the RGB color space to the
LUV color space. This conversion step is pivotal as it separates the
image into its luminance and chrominance components, providing the
foundational basis for subsequent analysis.

Within our repository, the histopathological images have been
meticulously maintained and organized in the database folder. The
classification of these images is based on their distinct characteristics.
Our results shed light on both the image classification process and
the restoration of histopathological images, offering a comprehensive
understanding of our methodology.

We embark on a thorough examination of our research results and
their significance. We aim to elucidate the importance of the discov-
eries made in our study. To achieve this, we systematically present,
scrutinize, and contextualize the data obtained from meticulous ex-
periments, surveys, or analyses. This explains the results obtained for
an efficient framework for feature extraction using GLCM and VBIR
techniques. It contains the collection of histopathological images that
have been maintained in the database folder. The classification of
the images has been done on the basis of the characteristics of the
images. The results show how to classify the images as well as how
to reclamation the histopathological images using MATLAB tools.

Fig. 3(a) showcases the query image selected from our extensive
database, playing a central role in our VBIR framework. This query
image serves as the initial point of reference for the subsequent actions
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Fig. 3. (a) RGB query image from the database: The reference image used as a basis for Information reclamation, (b) RGB to LUV Color Space Conversion: L, U, and V Channels,
and (c) Contrast Boost with CLAHE: A Visual Transformation.
of the system. In this preparatory phase, the system’s algorithms and
processes are configured to read and analyze the chosen sample image.
This critical step lays the groundwork for the comprehensive analysis
and comparison that will follow, ultimately resulting in the reclamation
of relevant medical images that closely match the characteristics and
features of the query image.

In Fig. 3(b), The RGB image is split into three channels: L (lumi-
nance), U (green–red chromaticity), and V (blue–yellow chromaticity).
The L channel captures brightness, the U channel encodes green–
red information, and the V channel encodes blue–yellow information.
These channels are commonly used in color spaces like LUV or CIELUV
for various image-processing tasks. The L channel represents brightness
and is useful for contrast analysis. The U and V channels help detect
color variations in the green–red and blue–yellow spectrums, making
them valuable for tasks like color correction and feature identification,
particularly in medical imaging where specific stains or pigments need
to be highlighted or isolated.

In Fig. 3(c), we present a preprocessed CLAHE sample that show-
cases enhanced statistical articles. This sample is an illustrative example
of the improvements achieved in analyzing and representing statistical
data. we present a CLAHE sample that showcases enhanced statistical
articles. This sample is an illustrative example of the improvements
achieved in analyzing and representing statistical data within The term
‘‘Statistical Articles’’ refers to the various parameters, such as standard
deviation, skewness, and kurtosis, which are used to characterize the
radiographic-divergence agents and their distribution within the image.
The improvements made to these statistical articles aim to deliver
greater precision and insight, ultimately advancing the field of medical
image analysis and diagnosis.

The three first-order statistics – mean, standard deviation, and
skewness – were selected for their ability to effectively summarize the
distribution of pixel intensities, which is crucial for understanding the
variability and overall texture of the tissue. The mean provides a mea-
sure of central tendency, representing the average pixel intensity within
a region, and aids in identifying broad differences between normal and
malignant tissues. The standard deviation quantifies the dispersion or
12 
spread of pixel values, capturing the heterogeneity present in tissue
structures, a characteristic often associated with malignancy. Skewness,
in contrast, measures the asymmetry of the intensity distribution, indi-
cating whether pixel values are concentrated on one side of the mean,
thereby highlighting abnormal structural patterns.

Although these first-order statistics do not capture the spatial re-
lationships between pixels, they complement second-order GLCM fea-
tures, such as contrast, correlation, and homogeneity, by providing
a foundational understanding of pixel intensity variation. When com-
bined, these statistics offer a comprehensive analysis of texture, encom-
passing both the global intensity distribution and the spatial arrange-
ment of pixel values, which is essential for accurate prostate cancer
detection.

4.1. Comprehensive assessment of CLAHE-enhanced and query images for
prostate cancer cell analysis

The analysis of CLAHE and query images in the context of prostate
cancer cell examination reveal valuable insights:

4.1.1. Standard deviation (𝜎)
In the CLAHE images, the standard deviation (𝜎) is notably lower,

with 𝜎CLAHE = 14.37, while the query images exhibit a higher standard
deviation of 𝜎query = 19.28. The standard deviation quantifies the
degree of pixel value dispersion across an image. A larger standard
deviation implies greater variability in the distribution of the contrast
agent within prostate cancer cells. The increased standard deviation
in the query images suggests a more diverse range of contrast agent
kinetics.

4.1.2. Kurtosis (𝐾)
The kurtosis values differ between the CLAHE and query images,

with 𝐾CLAHE = 122.17 for CLAHE and 𝐾query = 141.83 for the query
images. Kurtosis measures the presence of pronounced tails in the pixel
value distribution. Elevated kurtosis indicates heavier tails compared to
4.1.3. Skewness (S) values also vary, with 𝑆 = 3.47 and 𝑆
CLAHE query
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Table 3
Exhaustive analysis of statistical parameters.

Statistical article Query image CLAHE image

Standard deviation 19.28 14.37
Kurtosis 122.17 141.83
Skewness 3.47 3.92

= 3.92 in the query sample. Skewness quantifies the asymmetry of
the pixel value distribution. A greater skewness value suggests a shift
toward higher intensity levels, which can enhance the visibility of
specific image features.

4.1.3. Skewness (𝑆)
Skewness values also vary, with 𝑆CLAHE = 3.47 and 𝑆query = 3.92

in the query sample. Skewness quantifies the asymmetry of the pixel
value distribution. A greater skewness value suggests a shift toward
higher intensity levels, which can enhance the visibility of specific
image features.

The dataset includes statistical parameters for both the query im-
age and its CLAHE-enhanced counterpart, essential components in
histopathology image analysis. Notably, the CLAHE-enhanced image
exhibits a lower standard deviation, indicating reduced pixel intensity
variation and improved uniformity. This outcome signifies the effective
enhancement of local contrast and noise reduction achieved through
CLAHE. Additionally, the higher kurtosis in the CLAHE image points
to a distribution with more pronounced tails, potentially highlighting
intricate textures and structures. Furthermore, the increased skewness
value in the CLAHE image suggests a shift toward higher intensity
levels, enhancing specific features’ visibility. These observed changes in
statistical parameters underscore CLAHE’s potential to enhance image
quality and emphasize critical details, rendering it a valuable tool in
histopathology image analysis where precise visualization of features
and structures is fundamental for accurate diagnosis and analysis.

The improvements made to these statistical articles aim to de-
liver greater precision and insight, ultimately advancing the field of
medical image analysis and diagnosis. Table 3 presents an exhaustive
analysis of statistical parameters, enabling a side-by-side comparison
between query images and CLAHE-enhanced images. These parameters
encompass vital aspects like standard deviation, skewness, and kurtosis.
Collectively, they provide invaluable insights into the intrinsic charac-
teristics of texture contrast and correlation present in the images. This
in-depth analysis aids in comprehending the behavior and distribution
of these factors, which is of paramount importance for accurate medical
diagnoses.

From the LUV-converted image, we perform computations to extract
valuable texture features using the GLCM method. Specifically, we
focus on the calculation of two fundamental GLCM attributes: contrast
and correlation. These features provide insights into the texture pat-
terns and pixel relationships within the image. To ensure the accuracy
of our model, training is conducted using a database of reference
images. This training phase allows our system to learn and adapt to
the unique characteristics and patterns present in the images within the
database. Following the training process, the system is now equipped
to extract GLCM features from the query image. These features are
crucial for texture analysis and contribute to the subsequent stages
of image classification and reclamation. By adopting this systematic
approach, our method leverages the power of GLCM features and
training, ensuring the efficient analysis of histopathological images and
aiding in tasks such as image reclamation, classification, and diagnostic
support.

The focus of our investigation rests on two essential aspects: im-
age classification and the reclamation of histopathological images.
These objectives are diligently achieved through the versatile capabil-
ities offered by MATLAB, making this research a unique and valuable
contribution to the field.

Here is a succinct overview of the proposed method, emphasizing
its technical depth:
13 
Fig. 4. Correlation mapping with GLCM: A visual representation.

1. Query Image Input — Our framework commences by taking a
query image as input, setting the stage for further analysis.

2. Color Space Transformation — The query image undergoes a
transformation from the RGB color space to the LUV color space.
This conversion is pivotal in preparing the image for more
in-depth analysis.

3. GLCM Feature Extraction — The LUV-converted image serves
as the foundation for computing the GLCM contrast and GLCM
correlation. These metrics are of paramount importance as they
provide detailed insights into the image’s texture characteristics
and pixel relationships.

4. Training Phase — The training phase plays a crucial role as
it encompasses the comprehensive analysis of all database im-
ages. During this stage, we extract essential GLCM features from
each image. These features constitute a vital foundation for
subsequent image reclamation.

In Fig. 4, we delve into a critical analysis of a plot that holds
valuable insights for Gray-Level Co-occurrence Matrix (GLCM) analysis.
The horizontal (𝑥) axis, ranging from 0 to 40, takes center stage, repre-
senting the ‘‘horizontal offset’’. This parameter is of utmost importance
in GLCM analysis as it defines the spatial distance over which pixel
pairs are evaluated. In the context of our study on prostate cancer
cell analysis, this horizontal offset mirrors the scale or granularity of
the texture being examined. In contrast, the vertical (𝑦) axis, spanning
from 0 to 0.9, sheds light on ‘‘correlation’’ values. In the realm of
GLCM-based texture analysis for histopathology, correlation plays a
pivotal role in quantifying the degree of association between pixel
pairs at varying distances. As these values approach 1, they indicate
a strong positive correlation, signifying more uniform or repetitive
texture patterns within the image. This plot serves as a graphical
representation of the fluctuations in correlation values (𝑦) axis as the
horizontal offset (𝑥) axis traverses the range from 0 to 40. When applied
to histopathology image analysis of prostate cancer cells, this plot offers
a unique opportunity to grasp the nature of textural transformations
as the offset increases. It provides profound insights into whether the
texture remains consistent or undergoes variations with changes in
distance. Understanding these textural transformations is invaluable for
distinguishing diverse tissue structures and textural attributes within
cancer cells. Ultimately, this analysis significantly contributes to our
comprehension of the inherent textural properties specific to prostate
cancer cells

Fig. 5 serves as a crucial visual aid commonly used in texture
analysis, specifically in the context of employing the Gray-Level Co-
occurrence Matrix (GLCM) method for histopathology image analysis
of prostate cancer cells. The horizontal (𝑥)𝑎𝑥𝑖𝑠, ranging from 0 to
40, is dedicated to the ‘‘horizontal offset’’, a fundamental parameter
within GLCM analysis. This offset plays a pivotal role as it delineates
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Table 4
Comparison of processing times (in seconds).

Stage Matched tissues Unmatched tissues

Clustering 4.79 ± 0.38 4.12 ± 0.99
Pre-processing 27.62 ± 30.89 11.73 ± 19.18
Feature extraction 11.56 ± 9.74 7.59 ± 8.86
Prediction 0.06 ± 0.02 0.07 ± 0.01
This work 41.23 ± 36.87 21.22 ± 29.18

Fig. 5. Contrast mapping with GLCM: A visual representation.

the spatial distance over which pixel pairs are examined, effectively
conveying the texture scale or granularity under scrutiny. Conversely,
the vertical (𝑦)𝑎𝑥𝑖𝑠, spanning from 0 to 6, is designated for ‘‘contrast’’
values. In the context of GLCM and histopathology analysis, contrast
serves as a measure of dissimilarity or variation in pixel intensities
at different distances. Elevated contrast values typically signify more
pronounced textural differences within the image. This plot serves as a
powerful tool for visualizing the evolution of contrast values (𝑦− 𝑎𝑥𝑖𝑠)
in relation to variations in the horizontal offset (𝑥 − 𝑎𝑥𝑖𝑠) across the
0 to 40 range. A comprehensive analysis of this plot offers valuable
insights into the texture contrast characteristics within prostate cancer
cell images. It facilitates a deep understanding of how contrast, which
indicates textural variations, evolves with increasing horizontal offset.

In the training phase of our dedicated research on matched tissue
identification, we meticulously collected and prepared a dataset com-
prising 73 histopathology images. Our approach centers around the
GLCM, which allows us to capture intricate textural patterns within
these images. From the extensive pool of extracted features, we care-
fully select the most informative ones to enhance the model’s efficiency.

Our active work in assembling the training dataset, where each
image is diligently labeled to establish the foundation for our super-
vised learning approach. We leverage Support Vector Machines (SVM)
to create an optimal decision boundary in the feature space, effectively
distinguishing between matched and unmatched tissue. SVM, combined
with the richness of GLCM features, empowers us to make robust and
accurate predictions. To ensure the model’s performance and general-
ization, we employ cross-validation techniques. These involve splitting
the dataset into subsets, iteratively training, and testing, and providing
a comprehensive evaluation of the model’s capabilities.

Once the SVM model undergoes meticulous fine-tuning and vali-
dation, it stands poised for deployment in the critical task of iden-
tifying prostate cancer within histopathology images. By effectively
discriminating between cancerous and non-cancerous tissue, the SVM
model significantly contributes to advancements in cancer diagnosis
and research.

After meticulous fine-tuning and validation, our SVM model is
poised for deployment in the critical task of identifying prostate cancer
within histopathology images, as depicted in Fig. 6. The model un-
dergoes continuous improvement through a dynamic database update
14 
Fig. 6. Data-Driven lancement.

Fig. 7. Comparative confusion matrices for VBIR models with and without CLAHE
algorithm (a) Confusion Matrix with CLAHE integration, and (b) Confusion matrix
without CLAHE integration.

process, where newly acquired histopathology images are systemati-
cally incorporated. This approach allows the model to learn from an
increasingly diverse spectrum of data, thereby refining its predictive
capabilities. This iterative process ensures that the Support Vector
Machine (SVM) model evolves over time, progressively enhancing its
accuracy in discriminating between matched and unmatched tissues.
This ongoing process of database update drives the model’s enhance-
ment through exposure to new data. By effectively discriminating
between matched and unmatched tissue, the SVM model significantly
contributes to advancements in cancer diagnosis and research. The suc-
cess rate of 89.6, and provides relevant details about the classification
outcomes.

Fig. 7(a) Confusion Matrix with CLAHE Integration: The application
of the CLAHE algorithm significantly improved the performance of
the VBIR model. The integration of CLAHE resulted in an enhanced
model accuracy of 89.6%. Precision, recall, and F1 score were all
increased, each reaching a value of 0.91. The confusion matrix for
this model demonstrates 40 true positives (TP), 25 true negatives
(TN), 4 false positives (FP), and 4 false negatives (FN). These results
underscore the effectiveness of CLAHE in enhancing VBIR techniques,
particularly in the context of medical image analysis, by improving the
visibility and contrast of histopathological images. This enhancement is
crucial for accurately identifying cancerous and non-cancerous tissues,
thereby contributing significantly to the field of medical diagnostics
and research.

Fig. 7(b) Confusion Matrix without CLAHE Integration: In the ab-
sence of the CLAHE algorithm, the VBIR model achieved a lower
accuracy of 84.93%. The precision, recall, and F1 score were also
reduced, recorded at 0.86, 0.84, and 0.85, respectively. The confusion
matrix for this model shows 31 true positives (TP), 31 true negatives
(TN), 5 false positives (FP), and 6 false negatives (FN). These results
highlight the limitations of the VBIR model without the enhancement
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Fig. 8. Query image features, matched and unmatched image features.

provided by CLAHE. The comparative analysis of the confusion matri-
ces provides compelling evidence of CLAHE’s critical role in boosting
the performance of VBIR techniques. The significant improvement in
classification metrics with the integration of CLAHE confirms its effi-
cacy in medical image analysis, enhancing the diagnostic accuracy and
reliability of histopathological evaluations.

Fig. 8 intricately illustrates the outcomes of database image searches
through a visually engaging depiction. This graphical representation
effectively captures the query process, spotlighting both the initial
queried image and the subsequent images that the system matches
and reclamations. The primary objective of this figure is to visually
underscore the effectiveness of the search algorithm in identifying
relevant matches. At its core, the figure emphasizes the comparison
between the query image and the image reclamation. The query im-
age, denoted as ‘‘Number 1’’, serves as the baseline for initiating the
search. The additional images featured in Fig. 8 exemplify instances
of both successful matches and unmatched outcomes. The depiction
leverages distinct colors to facilitate a clear analysis: The ‘‘Red Line’’
represents distinct features extracted from the query image, forming
the foundation of the search. The ‘‘Green Line’’ corresponds to features
extracted from images successfully identified as matches to the query
image, effectively highlighting successful outcomes. The ‘‘Blue Lines’’
collectively represent image features that do not align with the query
image, indicative of unmatched content. The figure’s overarching goal
is to provide an insightful analysis of the matching process and its
implications. By visually separating the query image from the matched
and unmatched images, the figure allows for a comprehensive assess-
ment of the algorithm’s performance. The utilization of color-coded
lines further enhances the figure’s ability to clearly convey the degree
of similarity or dissimilarity between images.

Our comprehensive approach involves a sequence of stages designed
to discern benign or pathological patterns within patches of both
matched and unmatched prostate tissues. In the context of histopathol-
ogy image analysis, each stage plays a distinct role and exhibits varying
processing times, as elaborated in Table 4. The ‘‘Clustering Stage’’, a
critical step for distinguishing matched and unmatched tissues, demon-
strates relatively short and consistent processing times. On average,
it takes 4.79 s for matched tissues and 4.12 s for unmatched tissues.
Advancing to the ‘‘Pre-processing’’ stage, we note a substantial increase
in processing time, particularly for matched tissues, where it averages
27.62 s. This stage involves intricate segmentation of glandular struc-
tures, resulting in a higher standard deviation of 30.89 s, which reflects
the inherent complexity and variability within healthy prostate tissue.
In contrast, unmatched tissues require less time, averaging 11.73 s, but
with a notable standard deviation of 19.18 s, indicating variations in
tissue characteristics. The ‘‘Feature Extraction’’ stage, vital for compre-
hensive analysis, follows. Here, for matched tissues, it takes an average
of 11.56 s with a standard deviation of 9.74 s. For unmatched tissues,
15 
Fig. 9. Retrieved histopathology samples using GLCM and SVM.

the average is 7.59 s, with a standard deviation of 8.86 s. This stage
explores critical tissue attributes, such as size, shape, and intensity,
and presents moderately consistent processing times. Remarkably, the
‘‘Prediction’’ stage proves swift and uniform in execution for both
tissues, with an average time of 0.06 s and a standard deviation of
0.02–0.01 s. This efficiency underscores the system’s rapid ability to
assess and predict tissue patterns. In the broader system context, these
execution times encompass the cumulative effect of each stage. For
matched tissues, the system averages 41.23 s with a standard deviation
of 36.87 s, while for unmatched tissues, the average is 21.22 s, with
a standard deviation of 29.18 s. These execution times mirror the
intricate interplay of stages and the influence of sample variability
in histopathology image analysis, reinforcing our commitment to ad-
vancing prostate cancer identification through a sophisticated VBIR
approach enriched with CLAHE and GLCM insights.

Fig. 9 showcases the top 14 histopathology samples retrieved from
the database that best match the query sample, as determined by the
GLCM features and SVM classification. The matched samples are ranked
based on descending order of similarity scores, which quantify the
degree of resemblance to the query sample.

Higher similarity scores indicate a stronger match between the
query and the retrieved samples, highlighting their closely related
histopathological features. This ordered ranking facilitates an efficient
and accurate retrieval process by prioritizing images with the highest
similarity, thereby streamlining the analysis.

The methodological framework employs GLCM to capture the tex-
ture patterns and SVM to classify and rank the samples, effectively
distinguishing between varying degrees of similarity. This rigorous
approach enhances the precision of image retrieval in histopathology,
ensuring that the most relevant samples are identified for further
analysis. By adopting this technique, the retrieval system demonstrates
improved accuracy and efficiency in matching histopathology images,
providing a robust tool for medical image analysis and aiding in the
diagnostic process.

The study by García et al. [56] (2019) presents a comparative anal-
ysis between traditional hand-driven texture-based methods utilizing
the Gray-Level Co-occurrence Matrix (GLCM) and automated learning
techniques, specifically Convolutional Neural Networks (CNN), for the
detection of early-stage prostate cancer. Their CNN model achieved an
accuracy of 92.5%, significantly outperforming traditional GLCM-based
methods, which achieved an accuracy of 85.0%.

In contrast, the present study leverages a VBIR system incorporating
CLAHE and GLCM to enhance image retrieval accuracy, which was
observed to be 89.6%. This approach focuses on improving contrast
and texture analysis, which are crucial for effective image retrieval in
histopathological studies. The results show a slight improvement in
matched tissue identification with a mean accuracy of 41.23 ± 36.87
compared (Table 5) to 38.68 ± 34.44 reported by García et al. [56]
(2019). For unmatched tissue, the proposed method achieved a mean
accuracy of 21.22 ± 29.18, surpassing García’s results of 18.87 ± 26.12.
While García’s study demonstrates the superiority of CNNs in achieving
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Table 5
Comparison of matched and unmatched tissue results between García et al. [56] (2019)
and the proposed work.

Algorithm Matched tissues Unmatched tissues

García et al. [56] 38.68 ± 34.44 18.87 ± 26.12
Proposed work 41.23 ± 36.87 21.22 ± 29.18

higher overall classification accuracy, this current research underscores
the potential of feature engineering, particularly through VBIR, CLAHE,
and GLCM, to achieve robust retrieval performance. However, it is
important to note that the results of this study are based on a rel-
atively smaller dataset, which may limit the generalizability of the
findings. Despite this, the improved performance in both matched
and unmatched tissue retrieval indicates that the proposed method is
effective in enhancing texture and contrast analysis, which is critical
for accurate histopathological image retrieval.

The proposed method for histopathological image reclamation
demonstrates substantial performance improvements but also has no-
table limitations. The dataset utilized in this study is limited in size,
which may not be adequate for robust validation. The significant
variability in execution times, with standard deviations of 36.87 s for
matched tissues and 29.18 s for unmatched tissues, challenges consis-
tency and reliability. Additionally, the complexity of the handcrafted
feature extraction process can be time-consuming and may not scale
efficiently.

While correlation analysis provides valuable insights into the tex-
ture characteristics associated with prostate cancer, it may not fully
capture the complexity and heterogeneity of cancerous tissues. Correla-
tion analysis alone may be insufficient for precise identification due to
other influencing factors such as image resolution, staining variability,
and tissue preparation methods. Furthermore, the methodology’s focus
on prostate cancer restricts its generalizability to other cancer types,
and its effectiveness may diminish with lower-quality images or those
containing artifacts.

5. Conclusion

Our research was dedicated to the crucial task of improving the
retrieval of Histopathological images, specifically focusing on the iden-
tification of features related to prostate cancer. While prior studies
have primarily emphasized the development of computer-aided systems
for Gleason grading, our approach set itself apart by concentrating on
early-stage feature retrieval in both matched and unmatched tissues.
An integral aspect of our method involved the incorporation of CLAHE
to enhance image contrast and visibility, particularly in regions char-
acterized by varying illumination, all while adhering to the prescribed
clip limit. We seamlessly integrated VBIR techniques with the CLAHE
and GLCM algorithm, significantly enhancing the efficiency of data
extraction from extensive image repositories.

In our pursuit of excellence, we conducted a meticulous analysis of
key statistical parameters to unveil profound insights into the intricate
characteristics of these images within the context of prostate cancer
identification. Notably, our investigation exposed a stark contrast be-
tween the CLAHE-enhanced images and the query images, primarily
based on their standard deviation (𝜎) values. The CLAHE images ex-
hibited a notably lower standard deviation (𝜎𝐶𝐿𝐴𝐻𝐸 = 14.37), whereas
the query images displayed a higher standard deviation (𝜎𝑞𝑢𝑒𝑟𝑦 = 19.28).
This divergence in standard deviation highlighted variations in pixel
value dispersion, suggesting a diverse range of contrast agent kinetics
within prostate cancer cells in the query images. Furthermore, we
delved deeper into the kurtosis (𝐾) values, revealing disparities be-
tween CLAHE (𝐾𝐶𝐿𝐴𝐻𝐸 = 122.17) and query images (𝐾𝑞𝑢𝑒𝑟𝑦 = 141.83).
The elevated kurtosis in the query images indicated heavier tails in the
pixel value distribution, imparting critical insights into the distribution
 r

16 
characteristics. Moreover, we observed variations in skewness (S) val-
ues, with 𝑆𝐶𝐿𝐴𝐻𝐸 = 3.47 and 𝑆𝑞𝑢𝑒𝑟𝑦 = 3.92 in the query sample. These
values quantified the asymmetry of the pixel value distribution, with a
greater skewness value suggesting a shift toward higher intensity levels
and, potentially, the enhancement of specific image features’ visibility.

Our proposed methodology embraced a handcrafted learning ap-
proach, seamlessly incorporating vital components such as GLCM con-
trast and GLCM correlation into the image retrieval framework. Em-
ploying a non-linear Support Vector Machine, our handcrafted learning
approach showcased a modest yet noteworthy performance improve-
ment. It is worth noting that the execution times for our method
encapsulated the cumulative impact of each stage in our framework.
For matched tissues, the system exhibited an average execution time
of 41.23 s, with a standard deviation of 36.87 s, highlighting the
intricate interplay of stages and the influence of sample variability in
Histopathological image analysis. In the case of unmatched tissues, the
average execution time stood at 21.22 s, accompanied by a standard
deviation of 29.18 s. These execution times provided valuable insights
into the complexity of the processes involved in Histopathological
image analysis.

The primary limitation of this study is the relatively small,
institution-specific dataset, which may not fully capture the variability
present in larger, multi-institutional datasets. Despite this, our research
unequivocally demonstrated the superior performance of the proposed
innovative method. By integrating statistical analysis and leveraging
insights gained from CLAHE and the GLCM, our approach shows signif-
icant potential for enhancing the retrieval of histopathological images.
These findings pave the way for further exploration and contribute
to the advancement of benchmark studies in this field, ultimately
improving the accuracy and efficiency of prostate cancer identification
through histopathology-driven techniques.

Future work should focus on minimizing the variability in execution
times and exploring deep learning techniques, such as CNNs, to auto-
mate feature extraction. Expanding validation efforts to include other
cancer types and refining pre-processing methods could improve the
generalizability and robustness of the proposed approach. Developing
hybrid models that combine both handcrafted and automated features
may capitalize on the strengths of both techniques. Comprehensive
benchmarking against state-of-the-art methods and efforts toward real-
time application in clinical settings will further validate and enhance
the utility of the proposed system. Additionally, the manual feature
selection process introduces a potential source of bias, as it relies
heavily on domain expertise. We have outlined plans to mitigate these
limitations by incorporating automated feature selection techniques
and acquiring larger, more diverse datasets for future studies.
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Appendix

Contrast Limited Adaptive Histogram Equalization (CLAHE) is a
technique that significantly enhances image contrast and visibility, par-
ticularly in areas with varying illumination. It achieves this by dividing
the image into non-overlapping blocks and independently enhancing
local regions. The histogram of pixel intensity values is computed for
each block, and a cumulative distribution function (CDF) is generated
from the histogram. A clip limit is determined to control contrast
enhancement within each block. The core of CLAHE’s enhancement
process involves transforming pixel intensities while taking care not to
exceed the block-specific clip limit. Finally, the enhanced blocks are
reassembled to construct the output image.

In the preprocessing algorithm for LUV format histopathology im-
ages, we extract the green channel, generate a background image,
enhance contrast using CLAHE, reduce noise with a Gaussian filter,
apply shade correction, and normalize global contrast. The output is
the preprocessed image, 𝐼𝑁 , ready for further analysis, including the
pplication of the GLCM algorithm for image reclamation procedures.

Algorithm 5: Contrast Limited Adaptive Histogram Equalization
(CLAHE)

Data: Input image, block size, clip limit
Result: Enhanced image
Input : Input image, block size, clip limit
Output: Enhanced image

Adaptive Block-Based Approach: Divide the image into
non-overlapping blocks or tiles, each of size block size;
for each block do

Calculate the histogram hist_i of pixel intensity values;
end
Cumulative Distribution Function (CDF):
for each block do

Compute the cumulative distribution function (CDF_i) from
the histogram;

end
Clip Limit Determination:
for each block do

Calculate the clip limit (C_i) based on the block size and
clip limit parameter;

end
Contrast Enhancement with Limiting:
for each pixel (x,y) in each block do

Apply the contrast enhancement transformation using CDF_i
and clip limit (C_i);

end
Output Assembly: Reassemble the enhanced blocks to
construct the output image;
Return Enhanced image;

In this algorithm, the input is an LUV format histopathology image.
t preprocesses the image using a series of steps, including CLAHE
or contrast enhancement, Gaussian filter for noise reduction, shade
orrection, and global contrast normalization. The output is the pre-
rocessed image ready for further analysis, such as GLCM-based image
eclamation procedures.
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