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This study focuses on the vital difficulty of burn assessment in medical image retrieval from grafted burn
specimens particularly in resource-constrained contexts where speedy and precise diagnoses are required. Our
solution combines sophisticated machine learning techniques, namely an Artificial Neural Network (ANN), with
the Contrast Limited Adaptive Histogram Equalisation (CLAHE) algorithm in an Image Reclamation system.
The statistical assessments of kurtosis value (K¢ apg = 144.83) compared to the query image (Kgyery = 131.17)
indicate a distribution with more pronounced tails in the CLAHE image, enhancing specific image features.
Additionally, increased skewness in the CLAHE image (Sqaur = 5.92) suggests a shift toward higher intensity
levels compared to the query image (Squery = 4.47), further enhancing discernible image features.

Through this incorporation, we carefully retain picture boundaries, boost local contrast, and minimize
noise, hence enhancing burn diagnostic accuracy. Statistical analyses, such as kurtosis and skewness analysis,
verify the improvements in visible picture aspects, offering significant insights into fundamental texture
properties. We increase picture retrieval efficiency by using Bhattacharya coefficients and unique bin analysis,
resulting in substantial enhancements in the retrieving score of matched images The ANN successfully
differentiates between photos that require grafts and those that do not, providing a speedy and accurate
diagnosis for acute burn injuries. This comprehensive technique greatly improves burn diagnosis, especially
during emergencies, and shows promise for improving medical procedures. Our study helps to raise patient
care standards in difficult medical situations by combining automated evaluation tools, powerful methods for
image processing, and machine learning.

1. Introduction

Burns represents a complex and multifaceted global health issue,
accounting for an estimated 180,000 annual fatalities and posing a
significant challenge in low and middle-income countries [1]. These
injuries, often irreversible, stand as a prominent cause of prolonged
morbidity across diverse populations. In the United States, the Amer-
ican Burn Association (ABA) reports an alarming incidence of over
450,000 severe burn injuries annually, necessitating immediate med-
ical intervention [2]. The severity of burn-related incidents is starkly
evident in the confirmed 3275 deaths attributed to fire and smoke
inhalation injuries in 2014 [2]. The economic ramifications are equally
daunting, with 2010’s burn treatment costs alone soaring to $ 1.5

billion, coupled with an additional $ 5 billion in related expenses due
to productivity loss. To underscore the gravity of the issue, the ABA
designates a dedicated week as National Burn Awareness Week.
Australia’s meticulous analysis of severe adult burn cases from
2007-2016, employing the Victorian State Trauma Registry (VSTR), re-
veals an economic burden totaling 7749 Disability-Adjusted Life Years
(DALYs), amounting to an estimated cost of $ 991,872,000, excluding
data from 2009 [3]. Canada’s data showcases over 3200 hospital ad-
missions due to burns in 2005-2006, with more than 10,000 children
aged 0 to 19 years admitted for burn injuries between 1994 and 2003.
In-depth European studies encompassing 186,500 patients highlight
the prevalence of burns among pediatric populations, with almost 50%
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Fig. 1. Visual insights into skin graft assessment (Query Image).

of patients under 16 years of age, with a majority being male [4].
Flame, scald, and contact burns emerged as the primary causes. The
mortality risk was notably higher among older patients, those with
larger total body surface area (TBSA) involvement, and individuals with
underlying chronic ailments. The common causes of death included
sepsis and multi-organ failure. Precise evaluation of burn depth is
pivotal for deploying suitable dressings and surgical interventions.

Burn severity and its manifestations can significantly differ due to
intrinsic factors such as inflammatory mediators and bacterial pro-
liferation, alongside extrinsic factors encompassing dehydration and
systemic hypotension [5]. Thus, immediate and meticulous wound
analysis becomes imperative to guide timely surgical interventions.
Severe burns can induce acute complications in internal organs, such
as the kidneys, attributed to inflammation and reduced renal perfusion.

The human body, constituting roughly 15% of its total weight,
is safeguarded by the complex organ known as the skin [6]. This
remarkable organ not only provides protection but also plays a mul-
tifaceted role in our overall health [7]. It offers the gift of sensation,
serves as a regulator of body temperature, and contributes to the
synthesis of essential vitamin D. However, the skin is not immune
to damage, particularly in the case of burn injuries, which present a
significant challenge to public health [8]. These injuries rank as the
fourth leading cause of unintentional injury-related deaths, emphasiz-
ing the gravity of the issue. Burn injuries primarily afflict the skin
and its neighboring tissues, underscoring the urgent need for prompt
and precise treatment [9]. To gauge the severity of these injuries, it
becomes imperative to comprehend the various types of skin and their
specific locations [10]. The skin itself consists of two distinct layers: the
epidermis, the outer and thinner layer, and the dermis, the inner and
thicker layer composed of elastic connective tissue. Within the context
of burn injuries, three primary categories emerge superficial dermal
burns, deep dermal burns, and full-thickness burns [11]. Superficial
dermal burns affect the outer epidermis, manifesting as red, painful,
and dry areas, often accompanied by blister formation [12]. In contrast,
deep dermal burns extend beyond the epidermis to impact a portion of
the dermal layer, leading to redness, blistering, and pain. Full-thickness
burns, the most severe, obliterate both the epidermis and dermis and
may extend into the subcutaneous tissue, resulting in a white or charred
appearance [13].

Fig. 1 representing grafting burn samples offers a visual portrayal of
a burn wound that necessitates a medical intervention known as graft-
ing. These images typically feature prominent characteristics that signal
the requirement for grafting, including visible skin damage that ranges
from partial to full-thickness burns [14]. The severity of the injury is
apparent, often indicating deep tissue damage that necessitates skin
grafting to aid in the healing process [15]. Coloration plays a crucial
role, with the affected area displaying various hues from red to white,
each representing different levels of burn severity. Additionally, the
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Fig. 2. Block diagram of semantic reclamation system.

texture of the burned skin may appear irregular or damaged, providing
further insights into the extent of tissue injury. These images are in-
valuable tools for medical professionals [16], aiding them in accurately
assessing and classifying burn injuries and determining the necessity for
skin grafting procedures to facilitate healing and recovery [17].

The central aim of this study is to devise a classification system for
burn injury images rooted in their color characteristics. This classifi-
cation encompasses the three fundamental types of burns: superficial
dermal, deep dermal, and full-thickness. The primary criteria for this
classification include color, hue, and shading intensity, with a focus on
variations from the center to the periphery of the burn site.

A comparison Table 1 detailing various diagnostic tests and tech-
niques used for assessing burnt skin and their respective purposes.
This Table 1 offers a simplified overview of different methods uti-
lized in diagnosing burn injuries, aiding in comprehending the diverse
approaches available in burn diagnosis.

The selection of a diagnostic test or technique hinges on several
factors, including burn type, severity, available resources, and the
clinical scenario. In Fig. 2, an illustrative burnt skin image retrieval
system is depicted, wherein visual attributes—such as color, texture,
shape, and spatial information-are automatically extracted from each
image in the database and stored as compact, fixed-length real-valued
feature vectors. These attributes serve as the basis for comparison.

When a user submits a query image, the system extracts its visual
properties and matches them against the feature vectors of images
in the database. By identifying images with closely aligned feature
vectors, the system ranks them by similarity. This approach streamlines
operations by processing condensed feature vectors instead of han-
dling larger image datasets, establishing its superiority over text-based
retrieval methods specifically tailored for burnt skin image analysis.

Burn injuries present a critical public health concern, with di-
verse implications for treatment and outcomes based on burn type
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Table 1

Diagnostic Tests/Techniques for Burn Assessment.
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Diagnostic Test/Technique

Purpose

Advantages

Disadvantages

Visual Inspection [18]
Palpation [19]
Photography [20]

Dermatoscopy [21]
Biopsy [22]

Infrared Thermography [23]
Imaging (MRI/CT/X-ray) [24]
Ultrasound [25]

Laser Doppler Imaging [26]

Spectroscopy

Initial assessment of burn severity
Assessing depth and texture of burn
Documentation and tracking of burn
progression

Visualizing skin structures and patterns
Determining burn depth and tissue
damage

Measuring skin temperature changes

Assessing internal damage and bone
involvement

Evaluating burn depth and tissue
condition

Assessing blood flow and perfusion in
the burn area

Analyzing tissue composition and

Quick and non-invasive
Provides tactile information
Objective record of burn appearance

Enhanced visualization of skin features
Provides histological information

Non-contact, can detect early
inflammation

Reveals deep tissue and bone injuries
Non-invasive, real-time imaging

Quantitative data on tissue perfusion

Provides insights into tissue properties

Subjective, accuracy may vary

Limited to surface evaluation

Does not provide depth or physiological
data

Limited to superficial layers

Invasive, may not be practical for all
cases

Limited to surface temperature
assessment

Radiation exposure (X-ray/CT)

Limited penetration depth
May require specialized equipment

Limited depth of penetration

oxygenation

and severity. For instance, superficial burns typically resolve within
14-21 days but may result in scarring, whereas deeper dermal and full-
thickness burns necessitate prompt surgical intervention for optimal
recovery [27].

Accurate and timely burn diagnosis is imperative, as delayed or
inaccurate assessments significantly heighten risks for affected individ-
uals [28]. Moreover, the multifaceted nature of burns often involves
multiple regions with varying depths, demanding astute management
that may include surgical intervention such as cutting and grafting.
Noninvasive imaging techniques [29] stand at the forefront of burn
severity assessment. A comprehensive exploration and review of var-
ious methodologies [30-34] reveal promising avenues for evaluating
burn injuries. Among these, laser Doppler imaging (LDI) emerges as
a powerful tool. However, despite its efficacy, challenges persist, in-
cluding lengthy acquisition periods and high costs. Refinements and
enhancements are still requisite to fully harness its potential for precise
and swift identification of burn wounds [35].

Recognizing these complexities, the integration of automated sys-
tems for burn injury classification becomes essential [36]. This study fo-
cuses on burn depth estimation, specifically delineating graft-requiring
and non-graft-requiring burns. Conventional burn classification meth-
ods, relying on clinical expertise, exhibit variable accuracy. Thus, the
integration of digital image processing and machine learning stands as
a promising avenue to augment the classification of distinct burn types,
streamlining treatment decisions.

The urgency for advanced detection methods in burn diagnosis is
emphasized by the critical nature of burn injuries and the challenges
involved in their assessment [37]. Manual methods, prone to subjectiv-
ity and time inefficiencies, may be inadequate in emergency scenarios
where swift and precise diagnoses are pivotal [38].

Deep learning techniques, complemented by attention mechanisms,
offer avenues to enhance precision and efficiency in burn diagno-
sis [39]. Deep learning algorithms excel in processing medical images
with exceptional accuracy, while attention mechanisms guide the focus
toward critical image features [40]. Integrating these technologies into
burn diagnosis promises a robust system, particularly crucial in emer-
gencies requiring immediate medical attention. Accurate classification
of burn types and subsequent treatment selection bears the potential to
improve patient outcomes and save lives significantly [41].

This research endeavors to tackle the pressing public health chal-
lenge posed by burn injuries, particularly in settings with limited access
to specialized medical facilities [42]. The study aims to construct a
burn diagnosis classification model, leveraging automated machine
learning techniques. The proposed model incorporates an Image Recla-
mation system featuring the CLAHE algorithm, ensuring image edge
preservation and consistent high-quality results. Rigorous performance
validation, utilizing established metrics like skewness and kurtosis,
showcases substantial enhancements in diagnostic accuracy.

Additionally, the research focuses on feature extraction from en-
hanced chest images via symlet transformation. This facilitates the
computation of Bhattacharya coefficients and a unique bin analysis,
significantly improving image retrieval efficiency. Experimental results
demonstrate notable gains, particularly in increasing the retrieval score
of the top 14 matching images. The classification model, employing
the Artificial Neural Network (ANN), effectively categorizes images into
graft-requiring and non-graft-requiring groups, showcasing promise in
enhancing medical image retrieval and expediting accurate diagnoses
and treatments in emergency settings.

The research contributions encompass various facets crucial for
burn injury diagnosis:

Automation for Burn Assessment: Introducing an automated ma-
chine learning approach to aid in burn assessment, particularly
beneficial in resource-constrained settings.

Image Reclamation with CLAHE: Incorporating CLAHE within
an Image Reclamation system to preserve image integrity for
accurate diagnosis.

Enhanced Diagnostic Accuracy: Demonstrating significant en-
hancements in diagnostic accuracy, is vital for precise burn sever-
ity assessment.

Feature Extraction and Image Retrieval: Facilitating improved
image retrieval through feature extraction techniques, enabling
efficient access to relevant medical images.

Efficiency Gains in Image Retrieval: Notable efficiency gains,
especially in retrieving pertinent medical images, essential for
timely diagnoses.

ANN for Burn Classification: Presenting an effective classifica-
tion model for burn diagnosis, aiding in decision-making for
treatment.

Potential Impact on Emergency Settings: Signifying the potential
of this research to expedite accurate diagnoses and treatments
in acute burn injuries, ultimately impacting patient outcomes
positively in emergency scenarios.

The article is structured as follows: Section 2 presents a compre-
hensive literature review focusing on image reclamation techniques and
the utilization of the Contrast Limited Adaptive Histogram Equalization
(CLAHE) algorithm in reclamation systems. This section synthesizes
existing research, establishing the background for the proposed frame-
work. Section 3 introduces a novel framework specifically tailored
to enhance Burn Diagnosis in Medical Image Retrieval from Grafting
burn samples, leveraging B-Coefficients and the CLAHE Algorithm.
The primary objective is to refine the reclamation process within
the Virtual Burn Image Retrieval (VBIR) method for grafting burn
samples by incorporating Bhattacharya Coefficients, thereby augment-
ing performance. This section meticulously delineates the framework’s
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components, presenting a detailed data flow diagram, process flow
chart, and pseudocode to elucidate the proposed approach compre-
hensively. Section 4 delves into the experimental results, elucidating
findings supported by both visual comparisons and quantitative mea-
surements. These results serve to substantiate the effectiveness and
performance of the proposed method, validating its efficacy in burn
diagnosis and image retrieval tasks. Concluding the article, Section 5
summarizes the findings, highlights the contributions made, and pro-
poses potential directions for future research. This section provides
a cohesive overview of the study’s implications and implications for
further advancements in the field.

2. Related works

Burn injury diagnosis and classification have been extensively ex-
plored in the literature, with various methodologies striving to facilitate
accurate and automated systems for clinical decision-making. Several
notable studies in the field are as follows:

Pixel-Wise Analysis and Patch-Based Approaches: Badea et al. [13]
proposed a pixel-wise approach for burn image detection, utilizing com-
prehensive patch analysis. However, this method’s computational de-
mands and vulnerability to noise resulted in suboptimal classifier per-
formance, necessitating supplementary medical information to bolster
classification accuracy.

Automated Burn Classification Systems and Multispectral Imaging:
King et al. [43] developed an automated burn classification system
incorporating specific wavelengths, aiming to fine-tune the device for
automatic burn categorization. Future endeavors involve porcine burn
experiments to assess the system’s efficacy in aiding clinicians through
Receiver Operating Characteristic (ROC) observations. Li et al. [44]
leveraged multispectral imaging (MSI) for burn injury diagnosis, sig-
nificantly enhancing the accuracy of burn model classification.

Clinical Methodologies and Image Processing Techniques: Ran-
garaju et al. [45] outlined a clinical methodology reliant on skin
structure changes induced by heat and clotting to gauge burn severity.
Sabeena and Kumar [46] presented a ANN-based method for burn
identification and segmentation, effective yet requiring further ac-
curacy refinement. Suvarna and Niranjan [47] compared classifiers,
highlighting ANN’s superior accuracy but acknowledging the need for
comprehensive burn image attribute coverage.

Neural Network Approaches and CNN Models: Acha et al. [48]
deployed a Fuzzy-ARTMAP neural network classifier to ascertain burn
depth based on image features. Tran et al. [49] extended a Convolu-
tional Neural Network (CNN) model for burn image recognition and
severity assessment, streamlining classification for medical decision-
making. Li et al. [50] quantified skin burns utilizing image histograms
and color maps, constructing an evaluation model based on weighted
indicators for different burn types. Kuan et al. [51] introduced a CNN
model for accurate categorization of burn severity based on probability
distributions.

Emphasis on Color Imaging and Texture Analysis: The spectrum of
methodologies outlined in the literature strives to aid burn surgeons
in making informed decisions through automated systems. Notably,
color imaging emerges as a pivotal element in discerning burn wound
origins and differentiating between unaffected and burnt skin. This
study emphasizes color and texture as crucial factors in burn classi-
fication, employing the M1 color space to enhance precision in color
perception [52]. Cig et al. [53] on disease detection using contrast-
limited adaptive histogram equalization and multi-objective cuckoo
search in deep learning, as well as the study by Er et al. [54] on
COVID-19 detection based on pre-trained deep networks and LSTM
model using X-ray images enhanced contrast with artificial bee colony
algorithm”.

The diverse methodologies highlighted in the literature underscore
the continuous efforts toward automated and precise burn injury diag-
nosis. These studies collectively contribute to the evolving landscape of
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technological applications in healthcare, emphasizing the importance
of color imaging, texture analysis, and advanced machine learning tech-
niques. The proposed study aims to complement these advancements by
prioritizing color and texture attributes in burn classification, striving
for enhanced accuracy and efficiency in clinical decision-making for
burn injuries.

3. Proposed method

The proposed system embarks on a structured journey with distinct
objectives aimed at enhancing the management of grafting burn sam-
ples. The method unfolds in several stages, each contributing to the
refinement of burn image retrieval and diagnostic precision.

The journey commences with an exhaustive review of existing liter-
ature to comprehend the efficacy of techniques in mitigating segmenta-
tion issues within the VBIR method [55]. Fig. 3 visually illustrates the
application and significance of B-Coefficients in retrieving grafting burn
images, elucidating how this technology augments diagnostic precision
in the context of burn injuries.

Attention then shifts to the enhancement of image quality via the
implementation of the CLAHE algorithm. This advanced algorithm
excels in adjusting image contrast while retaining crucial image de-
tails. Quantifying CLAHE metrics, including flatness, perpendicular
summation, and prognosis, becomes integral to elevating the quality
of grafting burn samples, ensuring optimal conditions for subsequent
analysis.

The final phase introduces the Bhattacharya Coefficient, a potent
statistical measure facilitating efficient image retrieval within the VBIR
framework. This measure plays a pivotal role in assessing the similarity
between probability distributions and streamlines the identification of
similar images in the extensive dataset of grafting burn samples.

The study proposal we presented was ethically reviewed and ap-
proved by the Institutional Ethics Committee (IEC) of Hospital, Banga-
lore, India. The Sri Sai Hospital [EC board granted authorization for
the study (Ref: 2021/38), and on January 1, 2022, formal hospital
clearances were started for tracking. Data were collected utilizing
mobile phones and digital cameras without adhering to a set acquisition
process. Because different image capture equipment provides varying
resolutions, the dataset includes 122 photos of burn victims of different
ages. Pictures including patients’ faces or private parts were edited
to safeguard patient privacy. Every image was then standardized to
a resolution of 1024 x 728 after that. To prove the ground truth,
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skilled medical professionals painstakingly labeled each image’s skin
and burned pixels. Furthermore, areas with different amounts of light
were classified as burn or skin. Following that, texture pools were
created by extracting 64 x 64 pixel samples from the background,
burn, and skin areas of every picture. To prepare the database, this
procedure guaranteed a thorough depiction of skin and burn textures.
The experiments are performed on the i-7 processor with 8 GB RAM
and implemented in MATLAB.

The proposed system seamlessly integrates image enhancement
techniques, such as CLAHE, with advanced image retrieval methods
using VBIR and Bhattacharya Coefficients. This integration results in
a versatile digital image reclamation system designed to significantly
enhance decision-making and analysis in burn diagnosis and treatment.

» Query Image Input: The framework initiates by taking a query
image as input, setting the stage for subsequent analysis.

Color Space Transformation: The query image undergoes a trans-
formation from the RGB color space to the LUV color space,
preparing it for deeper analysis.

Bhattacharya Coefficients Feature Extraction: The LUV-converted
image serves as the basis for computing summations and prog-
noses, providing critical insights into the image’s texture charac-
teristics and pixel relationships.

Retrieval Phase: This stage involves a comprehensive analysis
of all database images, extracting essential features crucial for
subsequent image reclamation.

The technical depth of this approach leverages the versatile ca-
pabilities offered by MATLAB, underscoring its uniqueness and
value as a contribution to burn diagnosis and treatment method-
ologies.

3.1. Preprocessing steps

Existing methodologies in burn skin classification have demon-
strated success in categorizing burns as super dermal, deep dermal,
or full-thickness wounds. However, these methods exhibit limitations
in accuracy and fail to distinguish between grafting and non-grafting
burns. Hence, this research aims to enhance precision in burn skin
classification and segment burn skin into grafting and non-grafting
categories.

3.1.1. Preprocessing step with CLAHE algorithm

The CLAHE technique significantly enhances image contrast and
visibility, particularly in regions with varying illumination. This process
involves dividing the image into non-overlapping blocks and inde-
pendently enhancing local areas. The CLAHE algorithm computes a
histogram of pixel intensity values for each block and generates a
cumulative distribution function (CDF) from this histogram. A clip limit
is established to govern contrast enhancement within each block. The
core of CLAHE involves transforming pixel intensities while ensuring
they do not surpass the block-specific clip limit. The enhanced blocks
are then reassembled to reconstruct the output image.

In the preprocessing algorithm for burn samples, the process begins
by extracting the green channel and generating a background image.
Subsequently, the CLAHE algorithm is employed to enhance contrast,
followed by noise reduction using a Gaussian filter. Shade correc-
tion and global contrast normalization are applied, resulting in the
preprocessed image, prepared for further analysis. This includes the ap-
plication of summation and prognose analysis to calculate B-coefficients
for subsequent image reclamation procedures.

The preprocessing Algorithm 1 takes a sample as input and executes
a series of steps. It commences with CLAHE for contrast enhancement,
followed by a Gaussian filter to reduce noise, shade correction, and
normalization of global contrast. The resulting preprocessed image
is then poised for advanced analysis, particularly image reclamation
procedures.
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Algorithm 1: Contrast Limited Adaptive Histogram Equalization
(CLAHE)

Data: Input image I, block size b, clip limit ¢

Result: Enhanced image I E

Input : Input image I, block size b, clip limit ¢

Output: Enhanced image I E

Step 1: Adaptive Block-Based Approach:
Divide the image I into non-overlapping blocks or tiles, each of
size b.

Step 2: Histogram Calculation:

for each block B; in image I do
| Calculate the histogram hist; of pixel intensity values.

end

Step 3: Cumulative Distribution Function (CDF) Calculation:

for each block B; in image I do
Compute the cumulative distribution function CDF; from the

histogram hist;.

end

Step 4: Clip Limit Determination:

for each block B; in image I do
Calculate the clip limit C; based on the block size » and clip

limit parameter c.

end

Step 5: Contrast Enhancement with Limiting:

for each pixel (x, y) in each block B; do
Apply the contrast enhancement transformation using CDF,

and clip limit C;:
CDF,[1 if CDF,[1 <C;
TE(x.y) = ] 1 <G
i otherwise
end
Step 6: Output Assembly:
Reassemble the enhanced blocks to construct the output image IE.

Step 7: Return Enhanced image /E.

The presented Algorithm 1 encapsulates the process of CLAHE for
enhancing images, particularly in scenarios with varying illumina-
tion levels. The method begins by segmenting the input image into
non-overlapping blocks, each defined by a specified block size. Sub-
sequently, histograms of pixel intensity values are computed for each
block, forming the basis for deriving cumulative distribution functions
(CDFs).

Algorithm 1 then determines clip limits for individual blocks based
on predefined parameters, governing the extent of contrast enhance-
ment within each region. Employing these calculated CDFs and clip
limits, the algorithm iterates through each pixel within the blocks,
applying a contrast enhancement transformation. This transformation
efficiently adjusts pixel intensities, ensuring that the enhanced pixel
values adhere to the block-specific clip limits.

Finally, the enhanced blocks are reassembled to reconstruct the
output image, resulting in an image with improved contrast and vis-
ibility characteristics. This systematic approach addresses variations
in illumination across an image, enhancing its visual quality while
preserving crucial image details.

The algorithm’s step-by-step breakdown facilitates a clearer under-
standing of the CLAHE technique’s core processes, making it a valuable
tool in image enhancement methodologies, particularly for scenarios
with uneven illumination distributions. Its adaptability to varying clip
limits and block sizes enables tailored enhancement strategies, con-
tributing to improved image quality for diverse applications, including
medical imaging and computer vision tasks.
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3.1.2. LUV color space

Accurate classification of burn injuries is pivotal in determining
their severity and the appropriate treatment regimen. Grafting burns,
specifically, demand immediate attention owing to their intricate na-
ture and severity, while non-grafting burns may be managed with
relatively less complexity. This study initiates by identifying funda-
mental physical characteristics that serve as crucial indicators of burn
severity and type, essential for precise diagnosis.

The LUV color space is strategically selected for its perceptual uni-
formity and expansive representation of colors, including those beyond
the human visual spectrum. L’ signifies lightness, U’ represents the
red/green axis, and V' denotes the yellow/blue axis. Within the context
of grafting burn samples, transitioning from the RGB color space to the
LUV color space constitutes a critical segment of a structured workflow.
This transition is instigated by identifying fundamental physical charac-
teristics crucial for accurate burn wound severity and type assessment.
The shift to the LUV color space is imperative for comprehensive
coverage of the human color spectrum, addressing limitations prevalent
in existing methodologies. Significant features are discerned from these
extracted channels, playing a pivotal role in discerning diverse burn
categories and evaluating their severity.

Subsequently, an ANN is trained with these extracted features,
empowering the system to make informed burn classifications. Aug-
menting color accuracy, the method computes the mean of the red and
green channels, contributing to a more nuanced color representation
within the images.

Identification of Regions of Interest (ROIs) is achieved by assessing
the variance of the U’ channel, which plays a critical role in burn
analysis. These ROIs are subsequently categorized based on their color
intensity, determined through kurtosis and skewness calculations of the
U’ channel. The methodology excels in classifying burn wounds like
super dermal, deep dermal, and full thickness burns, allowing fine-
grained differentiation based on the colorfulness of ROIs using chroma
and utilizing hue for distinguishing various tones.

An outcome of paramount significance in this process is the as-
sessment of burn severity via kurtosis, where higher values signify
deeper burns and lower values indicate shallower ones. This assessment
holds clinical significance as it aids in determining the necessity of
grafting. Super dermal burns typically do not require grafting, while
deep dermal and full-thickness burns often necessitate skin grafting—
a procedure involving the transplantation of skin from one body area
to another for treating severely burned skin. Fig. 4 serves as a visual
aid, simplifying the derivation of B-Coefficients by extracting crucial
information from skewness and kurtosis. This illustration guides readers
through the steps, rendering this intricate procedure more accessible
and comprehensible.

Algorithm 2 presented here is designed to facilitate the training of a
robust image reclamation system. This system functions by comparing
and analyzing critical features of the query image against a database
of images, ultimately identifying the top 14 matching images based on
similarity scores computed using Bhattacharya coefficients.

Algorithm 2 commences by taking the query image (I) and iterating
through each image in the database. For every image in the database,
it calculates and stores various features and metrics essential for com-
parison. These include H1 and H?2 feature vectors, bins1 and bins2 for
unique bins, as well as row (Sr) and column (Sc¢) summations of the
image.

Within each iteration, the algorithm extracts essential character-
istics and identifies unique bins in the query image (P), comparing
them against the respective bins of the database image (Q). Utilizing
Bhattacharya coefficients, it measures the similarity between these
distributions of unique bins, accounting for the relative contributions
(a) of each.

During the execution of the loop for all images in the database, the
algorithm displays scores for each database image and the computed
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Fig. 4. Deciphering B-coefficients: A visual guide to feature extraction from Skewness
and Kurtosis.

Algorithm 2: Image Reclamation using Bhattacharya Coefficient

Input : Query Image I, Database images, Feature vectors H 1,
H?2, binsl, bins2, Sc, and Sr

Output: Top 14 matching images

foreach image i in the database do

Hlomp < H1(;

Binsltemp <« bins1(i);

H2\emp < H2(i);

Bins2 e, < bins2(i);

Itemp « database image i;

Sry < Summation along rows of Itemp;

Scy < Summation along columns of Itemp;

P « Unique bins in the query image;

Generate respective bins for the database image: O «
Intersection of Bins2y, and Bins20;

n < length(P);

m < length(Q);

n
n+m’
Initialize temporary variables: piemp < 0, Gemp < 0;

a «—

foreach bin x in P do
‘ Ptemp < Ptemp + p1(x) X py(x);
end
foreach bin y in Q do
‘ dtemp < dtemp t 41 ) X g (»);
end
BC < a X pemp + (1 = @) X Gremp;
BC,(ii) < round(BC) ; // Store BC score for this
database image
Display("Database image i score");
Display("Bhattacharya score");

end
Select the top 14 database images with the highest Bhattacharya
scores as the matching images for the query image;

Bhattacharya scores. This process continues until the loop completes
for all images in the database.

Finally, the algorithm selects the top 14 database images with the
highest Bhattacharya scores, designating them as the best matching
images for the given query image.

The ANN classification process involves defining prognoses H1 and
H?2 for distinguishing between the graft and non-graft images. For an
input vector x; in the R?-dimensional space, where x; represents a point
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in the space, w is the weight vector, b is the bias, and y; represents the
class label.
The equation for the prognoses H1 is represented as Eq. (1):

wx;+b=1 (€8}
The equation for the prognoses H2 is represented as Eq. (2):
wx; +b=—1 )

Here, w is the weight vector perpendicular to the prognoses, b is the
bias term and x; denotes the input vector.

For multiple training samples, the ANN optimization problem in-
volves minimizing the following objective function (Eq. (3)):

minimize% lwl? 3)
subject to the constraints (Eq. (4)):
y;(wx; + b) > 1 for all training samples (x;, y;) @

This optimization problem aims to find the optimal w and b values
that correctly classify the training data while maximizing the margin
between the prognoses H1 and H2.

The decision boundary between the graft and non-graft images is
determined by the sign of wx; + b. If wx; + b > 0, the input vector x;
belongs to the graft category, while if wx; + b < 0, it belongs to the
non-graft category.

The Bhattacharyya coefficient (BC) is a statistical measure used to
quantify the similarity between two probability distributions, P and Q,
given by Eq. (5):

BC = 2 VPG - 03) (5)
i=1

In the context of image reclamation, the BC is employed to assess
the resemblance between the feature vectors of the query image and
the images stored in the database. It serves as a critical similarity
measure for image retrieval, ensuring accurate matches for the given
query image.

The top 14 matching images are determined using the Bhattacharyya
scores (BCi) calculated for the query and database images. These top
matching images represent the best reclamation outcomes for the given
query image, providing valuable insights for medical diagnosis and
research applications.

This algorithmic 2 approach significantly enhances image recla-
mation performance by systematically assessing and comparing key
features of the query image with those stored in the database. The
subsequent identification of top-matching images provides valuable in-
sights for image retrieval and analysis, contributing to the system’s ac-
curacy and efficacy in identifying relevant images for medical diagnosis
and research applications.

Algorithm 3 starts by initializing the MATLAB environment and
clearing the workspace to ensure a clean execution environment. It
then defines different neural network configurations (c1 to ¢5) along
with their corresponding efficiencies. Each configuration consists of
three numerical values representing specific network settings or param-
eters, providing a basis for later comparison and visualization of these
configurations’ efficiencies.

Visualization of Network Configurations’ Efficiencies: The first vi-
sualization step involves creating a figure to display the efficiencies
of different network configurations. Each configuration’s efficiency
values are plotted against the network configuration indices, allowing
for a comparative analysis of how variations in these configurations
impact efficiency. Legends, labels, and gridlines are added to enhance
clarity and interpretation. This plot offers a visual understanding of
how different configurations perform in terms of efficiency, aiding in
selecting optimal configurations for desired performance.

Accuracy Values Definition and Plotting: Subsequently, the algo-
rithm defines accuracy values for different grades (accgrader» a¢Cqrade2s
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Algorithm 3: Visualization of Neural Network Configurations and
Efficiencies
Input : Neural network configurations for different grades:
cl,c2,c3,c4,c5
Accuracy values for different networks and grades:

ACCgradel > 4CCgrade2> 4C¢Cgrade3> 4€Coverall
Output: Two plots depicting the efficiencies of different network

configurations and the corresponding accuracy values

Initialize MATLAB environment and clear workspace;

Define neural network configurations and corresponding
efficiencies for different grades:;

cl =195,97,95];

c2 =190, 87,85];

¢3 =1[75,85,75];

c4 =[75,80,75];

¢S5 =1[72,82,77];

Plot the efficiencies for different network configurations:;

Create a figure;

Plot c1,¢2,¢3, ¢4, c5 against the network configuration indices
1 :3)

Add legends, labels, and grid for clarity;

Set the axis limits to (1, 3,50, 105);

Display the plot;

Define accuracy values for different network configurations and
grades:;

accgrager = [85,92.50,95,99.16, 100, 100, 100, 100, 100, 100];

aCCqraden = [90.87.50,82.50, 100,100, 97.50, 100, 100, 100, 100];

accgrages = [92.50,92.50,92.50, 100, 99.16, 97.50, 100, 100, 100, 100];

accoyeranl = [86.66,90.83,90, 100, 99.72,98.30, 100, 100, 100, 100];

Plot accuracy values for different networks:;

Create a new figure;

Plot accgrader s ACCaradens ACCaradess ACCoverall @gAINSE the network
indices (1 : 10);

Add legends, labels, and grid for clarity;

Display the plot;

accgrade3) and an overall accuracy metric (accyyera) for the specified
network configurations. These accuracy values represent the perfor-
mance of each network in terms of correctly predicted outcomes.
Another figure is created to plot these accuracy values against the net-
work indices. Similar to the efficiency plot, this visualization includes
legends, labels, and gridlines, providing a comprehensive view of each
network’s accuracy across different grades.

Overall, this algorithm provides a systematic approach to explore
and compare neural network configurations’ efficiencies and accura-
cies using MATLAB. By visualizing these parameters, it facilitates an
understanding of how changes in network configurations influence
efficiency and accuracy. The algorithm’s output comprises two plots:
one illustrating network efficiencies and another displaying accuracy
values. These visualizations aid in identifying the most efficient and
accurate network configurations for specific grading scenarios, support-
ing informed decision-making in network selection and optimization
processes.

4. Results and discussions

This section discusses our revolutionary study on improving burn
diagnosis using medical image retrieval. Our methodology combines
VBIR methods with CLAHE and Bhattacharya coefficient algorithms.
Our analysis is based on a painstakingly managed archive of grafting
burn samples, organized in a specific database folder and classified by
different features.
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Table 2

Comparison of parameters between CLAHE and query image.
Parameter Query image CLAHE image
Kurtosis (K) 131.17 144.83
Skewness (S) 4.47 5.92

Fig. 1 shows the query image utilized in our novel technique. The
image analysis procedure begins with selecting the query image as
the input. This extensive research compares crucial statistical metrics
between the original query image and its CLAHE-enhanced counter-
part. The image is transformed and feature extracted, starting with a
conversion from RGB to LUV color space. This conversion is crucial for
separating the image into its brightness and chrominance components.
Our research highlights the effectiveness of our feature extraction
framework, which integrates B coefficients and VBIR approaches, in
improving burn diagnosis. Our suggested technique starts by selecting
a query image as input for image analysis. The query image is trans-
formed and features are extracted through several steps. The initial
transformation converts the query picture from RGB to LUV color space.
This conversion is crucial since it splits the picture into luminance and
chrominance components, laying the groundwork for further analysis.

Our repository organizes grafting burn samples in a database folder,
categorizing them based on unique properties. Our study results pro-
vide insight into picture categorization and grafting burn sample en-
hancement, allowing for a thorough grasp of our methods. We do a
detailed analysis of our research results to highlight the relevance of the
findings. To do this, we present, scrutinize, and contextualize data from
painstaking experiments, surveys, or studies. This explains the out-
comes of our feature extraction framework, which uses B coefficients
and VBIR approaches. The framework includes precisely organized
grafting burn examples in a database folder. The findings illustrate
the picture categorization procedure and how to improve grafting
burn samples with MATLAB tools. This research aims to improve burn
diagnosis by retrieving medical images from grafted burn samples.

Table 2 provides a comprehensive statistical analysis for comparing
query and CLAHE-enhanced photos. These metrics include important
factors such as skewness and kurtosis. Collectively, they offer use-
ful insights into the textural features of photographs. The dataset
comprises statistical parameters for both the query picture and its
CLAHE-enhanced counterpart, crucial for histopathology image anal-
ysis. CLAHE effectively improves local contrast and reduces noise, as
seen by this outcome. The increased kurtosis in the CLAHE picture
indicates a distribution with more noticeable tails, which might reveal
detailed textures and patterns. The CLAHE image’s increased skew-
ness indicates a trend toward greater intensity levels, making certain
characteristics more visible. Skewness is a measure of asymmetry in
the distribution of pixel values that becomes more significant and
demonstrates a trend toward higher intensity levels. Certain image
characteristics become more visible as a result of this adjustment.
The CLAHE image’s prominent tails are further highlighted by the
divergence in kurtosis values, which may draw attention to the image’s
complex structures and textures. The goal of these improvements to
statistical parameters is to provide more accuracy and understanding.
CLAHE’s ability to improve picture quality and highlight important de-
tails makes it a great tool for burn sample analysis. Precise visualization
of features and structures is crucial for effective diagnosis and analysis.

The updated statistical papers seek to enhance precision and un-
derstanding, leading to advancements in medical image analysis and
diagnosis. The difference in kurtosis values between CLAHE and query
pictures (K¢apg = 144.83 for CLAHE and Kgyery = 131.17 for query pho-
tos) indicates the existence of significant tails in the pixel distribution.
Elevated kurtosis indicates heavier tails than a normal distribution,
suggesting detailed textures and patterns in the photos. Skewness (S)
values vary, with Scpapg = 5.92 and S, = 4.47 for the query sample.

query
A higher skewness value indicates a trend toward higher intensity
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Fig. 5. Visualizing radiance transition: RGB to LUV.

levels, improving the visibility of certain visual components. CLAHE
effectively improves contrast and reduces noise.

This detailed research helps understand the behavior and distribu-
tion of these elements, which is crucial for correct medical diagnosis.
We extract texture characteristics from the LUV-converted picture using
B-coefficients. We focus on calculating two key Bhattacharya attributes:
prognose and summation. These attributes offer insights into texture
patterns and pixel relationships in the image. To ensure model cor-
rectness, we train it using a database of references. After training, the
system can extract flat and perpendicular summations and prognoses
from query images. Texture analysis relies on these properties, which
also influence picture categorization and reclamation. Our systematic
methodology uses Bhattacharya coefficients to efficiently analyze graft-
ing burn sample pictures and help in tasks like image reclamation,
classification, and diagnostics.

To accurately identify medical conditions, it is essential to analyze
the LUV-converted picture in great detail in order to understand the
behavior and distribution of critical components. The RGB to LUV
conversion is shown in Fig. 5 with great clarity, providing a visual
story of the transformation process. Our technique uses the power of B-
coefficients to do painstaking computations to extract important texture
information from the transformed LUV picture. The calculation of two
essential Bhattacharya attributes prognoses and summation is the focus
of this discussion. These characteristics offer deep insights into the
picture’s complex texture patterns and pixel interactions.

We next go through a thorough training step with a large collection
of reference samples to make sure our model is robust. This stage gives
our system the ability to recognize and adjust to the distinct qualities
and patterns present in each image in the database. After training,
the system gains proficiency in obtaining prognoses and flat and per-
pendicular summation from the query picture, which are important
components for the texture analysis, image classification, and recla-
mation phases that follow. This method’s methodical use maximizes
the power of Bhattacharya coefficients, enabling effective grafting burn
sample analysis. This methodological accuracy emphasizes its function
in exact visualization and analysis within burn sample research and
makes a substantial contribution to tasks like picture reclamation,
categorization, and diagnostic help.
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Fig. 6. (a) Horizontal summation, and (b) vertical summation of processed image.

A thorough explanation of the horizontal and vertical summa-
tion procedures used for the probe sample’s matrix may be found in
Figs. 6(a) and 6(b). This portrayal is meant to clarify the integrated
processes, carefully employing global variables to maximize compu-
tational effectiveness. Our investigation centers on the computation
of both horizontal and vertical projections with decreased amounts,
which allows for a thorough assessment and comparison of the simi-
larities between various pictures according to their characteristics of
perpendicular edges.

Through the integration of both flat and perpendicular projections
obtained from reduced quantities, our system acquires a significant
understanding of the intricate edge characteristics and directional el-
ements included in the image. We can extract crucial details about
the image’s structural features thanks to this analytical method, which
opens the door to a deeper comprehension of its special qualities.
Reduced quantities are used in the projection operations to improve
computing efficiency and simplify the analysis without compromising
the integrity of the edge-related information in the picture. Our ca-
pacity to distinguish and evaluate images according to their unique
perpendicular edge characteristics is improved by this comprehensive
approach, which also improves the accuracy and comprehensiveness of
our image analysis framework.

The image’s histogram vectors were used to create the horizontal
and perpendicular projections, which are shown in vivid detail in
Figs. 7(a) and 7(b), respectively. Utilizing the functionalities applied
to the horizontal (FP(i) = H(FSV,i)) and vertical summation vec-
tors (PP(i) = H(PSV,i)), we extract both horizontal and vertical
histogram projections. We learn a great deal about the subtleties of
edge characteristics and directional cues inherent within the pictures
by incorporating these projections, which are produced from reduced
quantities, into our framework. This important development not only
advances the field of medical imaging but also gives clinical procedures
vital assistance. The flat summation values yield a dense distribution
across a range of 50-300 bins, encapsulating a wealth of structural
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Fig. 7. Deciphering B-coefficients: A visual guide to feature extraction from Skewness
and Kurtosis.

information within the image. On the other hand, the perpendicular
projection reveals intricate edge features aligned perpendicularly in
the image. This projection visually represents the distribution of these
features along the perpendicular axis, offering insights into distinctive
patterns related to orientation. The histogram projection of perpendicu-
lar summation values showcases a dense distribution spanning 100-350
bins.

The correlation between the goal and output values for the ANN is
shown in Fig. 8(a). With a scaling factor of 0.99 and a bias term of
0.0026, the high correlation coefficient (r = 0.99982) shows a strong
linear connection, highlighting the model’s capacity to make accurate
predictions and be generalized. The training curve in Fig. 8(b) shows a
notable decrease in Mean Square Error (MSE) to 8.8208 x 10~ at epoch
364. The declining trend shows that the model is becoming better all
the time and demonstrates how well it can identify patterns in the data.
The gradient dynamics over epochs are shown in Fig. 8(c). The model’s
learning effectiveness is shown by the curve’s drop from an initial
value of about 100 to 0.3574 at epoch 364. This reflects parameter
modifications and optimization attempts.

These training plots offer vital information about how well the
ANN is doing, supporting the evaluation of dynamics and guarantee-
ing. The goal of the suggested ANN is to visually analyze various
neural network topologies in a variety of grading circumstances. Set-
ting up the MATLAB environment first, Five different neural network
configurations (c1-c5) are defined by the algorithm, and each is dis-
tinguished by a different hidden layer neuron quantity. Using distinct
line styles and colors for every configuration, the program creates an
illustrated figure that shows the efficacy of different configurations
over three classes. These accuracy scores are shown in Fig. 9, which
also graphically represents each grade and reveals subtle efficiency
trends across different neural network designs. A line added to show
overall accuracy serves as a standard, and the addition of grid lines,
legends, and axis labels improves readability. This technique serves



P.K.B. Rangaiah et al.

Training: R=0.99982

—
(=3
—
-
o
o

Biomedical Signal Processing and Control 99 (2025) 106814

Best Training Performance is 8.8208e-05 at epoch 364

(a) .
> Data —Train _ Best Goal
& —Fit
Q —_
o Y=T b
=1
2 0.8 §,
+ te
- o
906 5107¢
= B
s 04 -
I )
5 g o4
B 3
20.2 o 10
- =
o
00 0.2 04 0.6 0.8 1 0 5‘0 100 150 200 250 360 350
Target 364 Epochs
(c) Gradient = 0.03574, at epoch 364
T I I T T T
(=g
210 i
©
©
— L
(@]
C I | \ | | \ |
0 50 100 150 200 250 300 350
364 Epochs
Fig. 8. (a) Correlation and linearity. (b) Precision at its peak. (c) Gradient descent unveiled.
105 exceeded, signifying good performance. Furthermore, how frequently
100 the training performance is visually exhibited throughout the training
95 phase is determined by the display interval parameter, which has a
S 1 value of 10. In particular, progress updates take place every 10 epochs,
85 _'_'_'_ - S -—- which enables regular evaluation of the network’s development. the
g0l B training weight updates’ size is determined by the learning rate, which
e is fixed at 0.05. While a lower learning rate guarantees more careful
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Fig. 9. Network efficiency and accuracy dynamics.

as a useful tool that enables researchers to perform thorough visual
evaluations and comparisons of the effects of different neural network
topologies on accuracy and efficiency in diverse grading scenarios. The
visualizations provide insightful information that encourages more in-
depth investigation and optimization, which broadens our knowledge
of neural network performance in this particular field of study.
Several important parameters dictate the training process in this
kind of neural network design. First, the maximum amount of learning
sessions the network will go through is determined by the number
of epochs, which is set at 364. This represents a preset threshold
for optimizing the network’s efficiency. The network’s intended accu-
racy, expressed in terms of a certain performance metric like mean
squared error, is represented by the training target, which was set at
0.0001. The training procedure ends when this threshold is reached or

10

changes, which may delay convergence, a greater learning rate speeds
up convergence but runs the risk of overshooting optimal solutions.
Here, the selected learning rate strikes a compromise between quick
advancement and consistency, acting as a standard basis for training
neural network

Prognose projections (FPJ, PPJ) and (FPI, PPI) are used by the
system to calculate the Matching Score (MSp) between pictures I and
J based on their respective flat and perpendicular estimates. Eq. (6)
Matching Score computation carefully takes these projections into ac-
count, highlighting their importance in figuring out how similar the
pictures are to one another.

2X (FPIX FPJ + PPI X PPJ)
2 2 2 2
FP2+ FP?+ PP} + PP’

MSpI,J) = (6)

The top 14 grafting samples from the catalog that best match, as
assessed by the Bhattacharya Quantity (BQ), are displayed in Fig. 10.
The results show that there is a significant similarity between the query
sample and the recovered grafting samples, as shown by the raised
quantity values. A larger quantity value highlights the similarities
between near counterparts in terms of their characteristics. One of
the key elements in simplifying the picture reclamation process is the
downward order of the amount vector layout. The identification of cata-
log photos that closely resemble the characteristics of the probe sample
is ensured by this methodical technique. Higher quantity values in this
approach are directly associated with a stronger similarity between
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Fig. 10. Retrieved grafting burned samples.

the probe and catalog samples. The systematic descending sorting of
the amount vector does two things: it streamlines the picture retrieval
process and makes it easier to retrieve images effectively based on
their likenesses. This analytical approach improves our image retrieval
system’s accuracy and efficiency by offering a carefully chosen set of
grafting samples that closely match the characteristics of the probing
sample. By taking such care, a high degree of similarity is ensured in
the restored photos, which improves the overall accuracy and efficiency
of the image reclamation process.

Using B-coefficients, computations are carried out to extract tex-
ture characteristics from the LUV-converted picture. The Bhattacharya
attributes-prognoses and summation-are specially calculated in this
context. These characteristics reveal pixel associations and texture
patterns that are crucial for later phases of picture categorization and
reclamation. Utilizing the strength of Bhattacharya coefficients, our
methodical methodology guarantees effective analysis of Grafting burn
sample pictures and helps with image reclamation, classification, and
diagnostic support, among other things. This approach greatly advances
medical picture analysis and diagnosis since it is supported by thorough
statistical analysis and feature extraction. By integrating projections
that are both flat and perpendicular and that are obtained from lower
coefficients, the system can obtain a deeper comprehension of the
directional and edge characteristics of the pictures.

As briefly stated in Table 3, the thorough assessment of the sug-
gested Burn Image Recovery procedure comprised a careful compari-
son with current techniques using the database. The findings of this
thorough investigation demonstrate the importance of the suggested
strategy and establish it as a cutting-edge remedy in the dynamic field
of picture retrieval. This evaluation’s main objective was to evaluate
retrieval accuracy, which involved carefully contrasting the suggested
VBIR technique’s performance with several notable current approaches.
These thorough comparisons clearly show that the VBIR approach is
the best in the area, regularly matching or even outperforming current
state-of-the-art techniques. Its exceptional accuracy rating of 96.93%
highlights how modern and sophisticated it is.

Through the methodical separation of photos that most closely
match the query image based on similar criteria, this method speeds
up image retrieval. A system like this is important, particularly when
examining burnt skin grafts since it makes it easier to identify photos
with comparable burn characteristics for thorough medical evaluations.
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Table 3
Comparative Analysis of Accuracy - Proposed Method with the Prior
Work.
Method Accuracy (%)
J. Chauhan et.al [56] 93.40
H. Liu et.al [57] 94.59
M. D. Cirillo et.al [58] 91.89
Yadav D et.al [59] 82.43
This work 96.93

Greater coefficient values indicate a strong likeness, suggesting a sig-
nificant degree of similarity in their underlying traits. The retrieval
procedure is made more efficient by sorting the coefficient vector de-
scendingly, which finds photos in the database that closely resemble the
properties of the query image. By carefully selecting the photographs
that most closely resemble the query image, this sorting technique
speeds up the image retrieval process by identifying commonalities
among the images. The process of choosing photos that coincide with
higher coefficient values makes it possible to identify database images
that closely match the properties of the query image. Through the sys-
tematic identification of photos that show the greatest similarity to the
query image, this methodical technique not only improves the accuracy
of image retrieval but also speeds up the image reclamation process.
As a result, the Bhattacharya Coefficient is methodologically applied
to enable quick and precise picture retrieval, thereby supporting the
image reclamation process.

The study’s drawbacks include a limited dataset diversity, which
may affect the generalizability of machine learning algorithms among
different demographics and burn conditions. while the study verifies
the proposed technique, its effectiveness may vary between hospital
settings due to variances in technology and geography. Further re-
search into a bigger and more diverse dataset, as well as validation
across many healthcare facilities, might increase the robustness and
real-world use of an automated burn assessment system. To ensure
rapid acceptance by healthcare professionals and institutions, imple-
mentation challenges such as regulatory clearances and compatibility
with current medical systems must be addressed. Although the study
validates the approach with known measures, other metrics or criteria,
such as sensitivity, specificity, and receiver operating characteristic
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(ROC) curves, may be beneficial for giving a more comprehensive as-
sessment of diagnostic accuracy. Exploring these metrics may increase
our understanding of the model’s efficacy.

5. Conclusion

Our groundbreaking research in burn diagnosis, particularly in re-
trieving medical images from grafted burn samples, signifies a substan-
tial leap in addressing the imperative need for automated assessment
tools in regions with limited access to specialized medical resources.
Our methodological focus on evaluating burn severity integrates ad-
vanced machine learning techniques, carefully considering critical fac-
tors such as area (Area), depth (Depth), and location (Location). Intro-
ducing an Image Reclamation system featuring the CLAHE algorithm
ensures meticulous preservation of image edges. Statistical validations,
including assessments of skewness (.5) and kurtosis (K), underpin sub-
stantial enhancements in diagnostic accuracy. The implementation of
CLAHE notably augments local contrast and diminishes noise, evident
in the elevated kurtosis value (Kqapg = 144.83) compared to the
query image (Kguery = 131.17), signifying a distribution with more
pronounced tails. Additionally, increased skewness in the CLAHE image
(Scraug = 5.92) suggests a shift toward higher intensity levels, en-
hancing specific image features compared to the query image (Squery =
4.47). These statistical enhancements offer crucial insights into intrinsic
texture characteristics, enriching our comprehension of burn sample
analysis.

Furthermore, our methodology optimizes image retrieval efficiency
through symlet transformation, Bhattacharya coefficients (B), and dis-
tinctive bin analysis. Empirical results corroborate these enhancements,
showcasing substantial improvements in the retrieval score of the top
14 matching images. The meticulous sorting procedure based on Bhat-
tacharya coefficients refines the retrieval process, precisely identifying
database images closely aligned with the query image’s attributes.
This comprehensive approach, coupled with statistical improvements,
deepens our understanding of burn characteristics and facilitates more
precise diagnoses and treatment strategies.

At the core of our research lies the development of a retrieval model
for burn classification employing an ANN. Through evaluations with
an untrained database, our ANN adeptly classifies images necessitating
grafts and those that do not. This breakthrough has the potential to
revolutionize medical image retrieval in emergency settings, providing
swift and accurate diagnoses for acute burn injuries. In conclusion, our
research not only advances burn diagnosis but significantly contributes
to elevating patient care in challenging medical scenarios. The amal-
gamation of automated assessment tools, advanced image processing
techniques, and machine learning methodologies showcased in our
study holds substantial promise for enhancing medical practices and
providing crucial support to healthcare professionals, particularly in
situations where immediate and accurate burn diagnosis is imperative.

Future research might focus on expanding the dataset and apply-
ing data augmentation approaches to improve model generalization.
Furthermore, substantial clinical validation research in real-world situ-
ations would offer information about the system’s efficacy in increasing
diagnosis accuracy and patient outcomes. The emphasis on building ex-
plainable AI approaches and continual model optimization tactics will
increase confidence and acceptability among healthcare practitioners,
assuring the system’s flexibility to changing techniques for imaging and
diagnostic criteria.
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