Baghdad Science Journal

Manuscript 5041

Accurate Skin Lesion Segmentation through Feature Fusion in
Dermoscopy Images

Fallah H. Najjar

Farhan Mohamed

Asniyani Nur Haidar Abdullah

Mohd Shafry Mohd Rahim

Karrar A. Kadhim

Follow this and additional works at: https://bsj.uobaghdad.edu.ig/home


https://bsj.uobaghdad.edu.iq/home
https://bsj.uobaghdad.edu.iq/home?utm_source=bsj.uobaghdad.edu.iq%2Fhome%2Fvol22%2Fiss8%2F30&utm_medium=PDF&utm_campaign=PDFCoverPages

BAGHDAD SCIENCE JOURNAL 2025;22(8):2824-2837

RESEARCH ARTICLE

Scan the QR to view
the full-text article on
the journal website

Accurate Skin Lesion Segmentation through
Feature Fusion in Dermoscopy Images

Fallah H. Najjar® **, Farhan Mohamed
Mohd Shafry Mohd Rahim

' Asniyani Nur Haidar Abdullah® 7,
', Karrar A. Kadhim® '+

! Department of Emergent Computing, Faculty of Computing, Universiti Teknologi Malaysia, Johor Bahru, 81310, Malaysia
2 Department of Computer Networks and Software Techniques, Technical Institute of Najaf, Al-Furat Al-Awsat Technical University, Najaf,

54001, Iraq

3 Faculty of Information & Communication Technology, Universiti Teknikal Malaysia Melaka Hang Tuah Jaya, 76100 Durian Tunggal,

Melaka, Malaysia

4 Computer Techniques Engineering Department, Faculty of Information Technology, Imam Ja’afar Al-Sadiq University, Baghdad, Iraq

ABSTRACT

In the diagnosis of skin cancer, dermoscopy images have to be evaluated for feature extraction. In this paper, the
authors design a new method to enhance the skin dermoscopy image segmentation accuracy by eliminating artifacts and
hair using photometric quasi-invariants, followed by a unique approach for skin lesion segmentation using histogram-
based feature fusion. Histogram features are used to extract data range and mean images from the histogram, and
these are fused with the free artifacts and hair image to generate the final image. the authors used the PH2 dataset
for the proposed segmentation method because it contains the ground truth for each image. In contrast, tray to use
the Skin_Hair dataset, which includes artificial hair generated with its corresponding ground truth. On the other hand,
some PH2 dataset images have hair artifacts that the proposed pre-processing method can remove. According to the
experimental results, our method outperforms existing methods in three aspects: accuracy, efficiency, and robustness,
measured by Accuracy (Acc), Precision (Pre), Sensitivity (Sen), Specificity (Spe), Jaccard Index (JI), and Dice (D). Our
proposed method achieved an average Acc 96.14, Pre 93.87, Sen 94.49, Spe 95.99, JI 88.19, and D 94.21. Furthermore,
the Spe increases to 95.99%, up by about +3.2% over top performing methods. In the meanwhile, JI is brought to
88.19%, which increases by about 1.5%; D takes over and goes up to value of 94.21%. These findings suggest that our
methodology can provide a more effective and accurate way of detecting skin cancer.

Keywords: Artifacts and hair removal, Dermoscopic, Feature fusion, Segmentation, Skin cancer

Introduction

Dermoscopy is a non-invasive method that derma-
tologists have increasingly used to assist in the early
diagnosis and differential diagnosis of melanocytic
lesions, providing greater detail of the lesions than is
possible the sole visual inspection, which is difficult
to establish a definitive diagnosis if it is solely based
on visual aspects.! Dermoscopy has provided valu-
able assistance in the diagnosis of cutaneous lesions,

particularly in the early detection of melanoma, a
threatening skin cancer.? Nevertheless, in practice,
complex anatomic structures like hairs and artifacts
frequently obscure critical diagnostic features in der-
moscopic images, thus making it challenging for
dermatologists to diagnose skin lesions accurately.>
However, hair artifacts in dermoscopic images may
also disturb the automatic analysis of these images,
thereby decreasing the reliability of Computer-Aided
Diagnosis (CAD) systems. In contrast, the last few
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years have mobilized the development of methods
that mainly aim to remove hair artifacts from der-
moscopic images. Hair artifacts may take on various
shapes, textures, and sizes, which complicates the
task of developing one global method to remove hair
in most cases.* Furthermore, in some situations, the
removal of hair artifacts from dermoscopic images
can lead to losing critical diagnostic features, and
thereby, the removal needs to be balanced with the
amount of diagnostic information to be preserved.®
In recent times, significant progress has been made in
the research of hair artifact removal in dermoscopic
images. New methods have been emerging to improve
the effectiveness and efficiency of other methods.°
However, there is still scope for further improvement,
and designing better techniques to remove hair arti-
facts from dermoscopic images is an active research
area.”8

In addition, an important and challenging problem
is hair artifact removal in dermoscopic images, which
has been widely studied by the research community. °
Dermoscopy has been widely used in dermatology,
and accurate hair artifact removal in dermoscopic
images is vital in the field to assist dermatologists in
the diagnosis of skin lesions and to improve the accu-
racy of computer-aided diagnosis systems. ! Medical
image segmentation, on the other hand, is the process
of segmenting an image into different regions with
similar properties or features. In the case of skin der-
moscopy, image segmentation, for example, consists
of the separation of skin lesions from healthy skin
areas. A good segmentation process of skin lesions '’
facilitates correct identification. Despite the advance-
ments in skin lesion segmentation algorithms, several
factors can still hinder the accurate detection of
the lesion or its structures. For example, complex
color variations, sensitivity to hair, artifacts, and low-
contrast situations are common reasons the lesion
may not be detected with precision. '>'? Furthermore,
the presence of a complex background, indistinct or
irregular borders, or other structures in the image
can also cause false skin lesion detection, leading to
a failure to identify its structures.®'*'> This paper
aims to precisely detect skin lesions in dermoscopic
images, followed by an accurate diagnosis or progno-
sis of the identified lesions. The precise segmentation
of skin lesions can significantly enhance the diagno-
sis and management of skin conditions and illnesses
while providing insights into potential risk factors
and guiding treatment decisions. In addition, this
automated process can also alleviate the burden on
healthcare professionals by performing some of the
analysis tasks involved in scrutinizing medical im-
ages. Our main contributions in this study are: (i) The
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authors present a method for artifacts and digital
hair removal to eliminate the artifacts and hair in
the images, making the segmentation process more
effective. The photometric quasi-invariants are the
image features invariant to photometric changes in
the image. The proposed technique extracts these
features from the image and uses them to remove
artifacts and hair. Then, the extracted features are
normalized using the Z-score normalization method
to make them invariant to the image scale. (ii) The
authors proposed a skin lesion segmentation method-
ology using histogram feature fusion. The proposed
method extracts the histogram data range and mean
images to help identify skin lesion areas accurately.
However, this paper is organized as follows. Initially,
a critical review of the relevant published works in
the related field is conducted. Then, a description of
the algorithms employed in the proposed approach is
given. Following that, a comprehensive explanation
of the design of the proposed scheme and its flexi-
bility is provided. Afterward, the effectiveness of the
proposed scheme is assessed, followed by an analysis
of the obtained results. Finally, to conclude, the paper
summarizes the main findings and contributions.

Related works

Recently, significant advances have been made in
the pre-processing and segmentation of dermoscopic
images. For example, Alenezi et al.'® proposed a de-
noise tool for the dermoscopic image, which does
not remove any unnecessary hair. Their method is
attractive because it improves the clarity of lesions by
simplifying hair details and also enhances the lesion
images. In their proposed pre-processing method, the
authors first use a method based on max pooling
(8 x 3) layers and normalization to eliminate hair
details from dermoscopy images. Then, the authors
used the dilation process with filters of different sizes,
like 1 x 1, 2 x 2, and 3 x 3, to clear the image
of the lesion. This process aims to show some small
details and remove noise in dermoscopy images for
better classification results. Li et al.'” presented a
deep learning approach to hair removal that out-
performs pure segmentation methods for skin lesion
images. Their methodology involves using a deep
learning network to learn a hair mask from manually
annotated images. Subsequently, the mask of hair is
combined with the original image to abolish hair,
resulting in a hairless skin lesion image. The authors
detail the deep learning network’s preparation of the
training and test sets and implementation details. The
proposed method was tested on a dataset of skin
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lesion images according to several performance met-
rics. The authors conclude that by removing digital
hairs, it is likely that skin lesion segmentation accu-
racy can be improved further.

Attia et al.'® developed a hair simulation method
for generating realistic hair patterns in skin lesion
images. The tool can be used to evaluate image
analysis algorithms and operates with a Generative
Adversarial Network (GAN) to simulate hair patterns
in melanoma images. Its goal is to more accurately
segment hair as well as the lesions themselves, to
improve the performance of segmentation and clas-
sification algorithms. The paper not only introduces
the hair simulation tool, but also describes how it
is implemented and evaluates it compared to other
hair simulation tools in skin lesion images. The re-
sults showed that this tool gave more realistic hair
patterns than alternative ones, and it can be used
as a benchmark for testing parallel hair detection
algorithms. The researchers concluded that the hair
simulator is likely to raise the overall accuracy of skin
lesion diagnostic algorithms in practical situations
troubled by hair. Goyal et al.'® introduced a method
for accurately segmenting skin lesions in dermoscopic
images with an ensemble of deep learning algorithms.
The proposed method combines CNNs and ResNets
to learn image spatial characteristics, extract image
features and classify every pixel.

A Conditional Random Field (CRF) is then used
to refine the segmentation map so as to improve
the localization of boundaries further. The method
was tested on publicly available dermoscopic image
dataset and found to outperform current state-of-
the-art (SOTA) methods in both accuracy and com-
putational efficiency. According to the authors, the
proposed method can be used as a tool in skin cancer
detection as well, which would make it possible to
increase both accuracy and efficiency over the current
clinical workflow. In their method, Abhishek et al.
aim to boost the performance of basic skin-lesion
segmentation for dermoscopic images by adding
transformations based on the intensity of illumina-
tion.?° They transform the image into a color space
that isolates achromatic and chromatic information.
Then, within each of the chromatic channels, they use
illumination-based transformations to enhance the
contrast between the lesion and the surrounding skin.
This processed image will be used for segmentation
using a deep learning model. They put their ap-
proach to the test by experimenting on a dermoscopic
image dataset, and compared with state-of-the-art
methods, the finer-grained results were just better.
The authors also suggest that this approach may
form a pre-processing step in practical applications
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to improve skin lesion segmentation rates. Xie et al.
proposed a skin lesion segmentation algorithm using
the High-Resolution CNN (HR-CNN).?! Their method
was designed to deal with high-resolution images and
can therefore learn more efficient extraction of multi-
scale features for detecting skin lesions. The authors
used a dermoscopic image dataset to test their own
method against some other top-of-the-range state-of-
the-art methods. HR-CNN outperformed every such
means in terms of both total accuracy and amount
spent on computation. The authors hold that their
method could be a tool for diagnosing skin cancer and
improving clinical practices.

Ramya et al.?> proposed a skin lesion image
segmentation algorithm using the discrete wavelet
transform (DWT). Having conducted a literature sur-
vey into skin lesion segmentation, the authors found
that methods including thresholding, clustering, and
deep learning are all limited by the effect of noise
on results, dependence on expert knowledge, and
dependence on data volume. Therefore, the authors
suggest that the images, after undergoing prelimi-
nary treatment by DWT in order to remove noise and
use contrast enhancement for pre-processing, then
have conventional thresholding applied so as to pro-
duce a better chance at eliminating false positives
incorporated into Otsu’s technique. Their experimen-
tal results showed higher degrees of segmentation
accuracy than other methods. Aradjo et al.?® formu-
lated an Al model that combines transfer learning
strategies and fine-tuning pre-trained deep neural
networks (DNNs) in order to segment images of
melanoma skin cancer lesions automatically. The
work found that traditional methods for segmentation
were generally good as far as the accuracy of the
final diagnosis was concerned. However, to obtain
high accuracy, complex handcrafted features must
be used with any conventional method of segmen-
tation. In contrast, although deep learning methods
based on large, annotated databases produced better
results, this required much annotated data as well
as powerful computer hardware that is difficult for
everyone to possess. The authors thus proposed that
in order to perform transfer learning, a deep neural
network pre-trained on a larger dataset would be
re-trained and then adapted to the target dataset by
reducing the amount of data used for training. In
the end, their experiments showed that such a job
is better than SOTA methods. It can be argued that
transfer learning and fine-tuning are effective ways
of managing the lack of ground-truth segmentation
data.

Chen et al.?* described RACNNs, which exploit
Recurrent Attention (RA) mechanisms within CNNs
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to achieve selective attention at certain parts of an
image. Experimental results revealed that the pro-
posed method surpasses several SOTA techniques
in segmentation accuracy, with high sensitivity and
specificity proving the RACNN method can effective
model rich spatial and contextual information for
skin lesions. Zafer et al. presented a MCC method
for skin lesion classification based on deep learning
and feature selection with the Slime Mould Algo-
rithm (SMA).?> The authors suggested employing
DeepLabv3+, a state-of-the-art deep learning model
for image segmentation, to cut skin lesions out from
photos and extract features. They employed SMA
to select an optimal subset of features, leveraging
the ability of this algorithm to solve optimization
problems by the shortest path of evolution. The exper-
imental results showed that the study outperformed
SOTAF methods in classification accuracy. In short,
the results prove that a combination of deep learning
and feature selection based on SMA is effective for
skin lesion classification. Wang and his colleagues
used curriculum learning to create the GRNet, a
new kind of neural network architecture that grad-
ually adds recurrent connections to the traditionally
convolutional structure for 2D medical image seg-
mentation.?® They put forward a new curriculum
learning method, where for training it is antediluvian,
hopelessly simple images which the network must
learn to segment step by teething—slowly reaching
habit complexity not only by increasing input image
size but also with feedback loops in its structure and
round after round of learning on the back-propagated
output. Where the results of basic properties for re-
peated curve sliding, their segmentation strategy not
only lags behind SOTA, but lags very far behind it.
However, Table 1 displays a summary of the related
discussed articles.

Table 1. Summary of the related works.
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Materials and methods

The authors present a new mathematical process
combining the golden rule with theoretical prob-
ability. Furthermore, the authors developed this
technique after analyzing nine different categories
of natural light variation and optical artifacts. In
this manner, the reliability of image segmentation
based on our method has been dramatically im-
proved. Last but not least, it could cover the whole
scope of medical image processing, from the detec-
tion and measurement of various diseases to surgical
navigation, orthopedic planning, MRI, CT, and other
imaging modalities. The pre-processing scheme in
this paper is specially designed to solve the non-trivial
structures, such as artifacts and hair removal in skin
dermoscopy images, based on the photometric quasi-
invariants theory around an exemplar image. The hair
pixel scalar and multi-scale approach is used for esti-
mating hair pixels, and a photometric quasi-invariant
algorithm is used to remove hair while retaining the
underlying skin texture. Quasi-invariants, or “photo
quasi-invariants”, are expressions in terms of inten-
sity values from the surrounding pixels. Therefore,
the calculation of these quasi-invariants for each pixel
in the picture allows pixels to be identified as untrust-
worthy or colored inaccurately.

Pre-processing stage

The first step in the pre-processing pipeline is to
capture the variation in the Hue, Saturation, and
Value (HSV). The results of the HSV derivatives at this
stage can then be used to try to detect whether hair or
noise is present. For a given color image I(r, c) repre-
sented by its channels, Red (R), Green (G), and Blue
(B), the HSV derivatives are computed as follows:

Author(s) Method

Key Features

Alenezi et al. '®  Denoise tool for dermoscopic images.

Lietal.!” Deep learning approach to hair removal.

Hair simulation with GAN.
Ensemble deep learning for lesion segmentation.

Attia et al. 18
Goyal et al.1°

Abhishek et al.?? Illumination-based transformation for segmentation.

Xie et al. 2!

Ramya et al. 2

HR-CNN for skin lesion segmentation.

Discrete wavelets transform for image
pre-processing.

Transfer learning and fine-tuning for melanoma
segmentation

Chen et al.?* RACNNs with Recurrent Attention mechanisms.

Zafar et al.%® MCC method with Slime Mould Algorithm for
feature selection.

GRNet with curriculum learning.

Aratijo et al.??

Wang et al. 2°

Uses max pooling and dilation to remove noise and simplify hair
details.

Learns a hair mask with a deep network and applies it to
original images.

Simulates realistic hair patterns for the evaluation of algorithms.

Combines CNNs and ResNets, uses CRF for boundary refinement.

Enhances contrast in chromatic channels.

Efficient multi-scale feature extraction.

Removes noise, enhances contrast, and uses thresholding.

Combines pre-trained DNNs with transfer learning.

Selective attention within CNNs for richer spatial information.

Uses DeepLabv3 + for segmentation and SMA for feature
optimization.

Gradually increases image complexity and network connections.
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Hue derivatives (hy, hy) are calculated to under-
stand how the color hue changes across the image,
which improves the identification of color variations
that could indicate the presence of hair or other fea-
tures using Eq. (1).

_ RxBi—G)+Gx (Ri—Bi)+Bx(Gi—Ry)
S

h;

€Y)

Saturation derivatives (Sx, Sy) measure changes in
the saturation level across the image, which can be in-
vestigated for variations in color intensity and purity
using Eq. (2).

Rx(2xRi—Gi—Bj))+Gx (2xGi—R;—B;))
+B x (2 x B — R; — Gy)

J3 X ¢
(2)

Value Derivatives (vy, 1,) are computed to detect
changes in the intensity of the image using Eq. (3).

_Ri+Gi+B;
V3

Where ¢ represents the normalization of the hue
and saturation derivatives. It represents the overall
intensity of the image and can be calculated using
Eq. (4):

(3

Vi

¢c=2xyVR2—G2—B2—-RxG—-RxB—GxB+e¢
@

Where ¢ is a small constant added for numerical
stability, in order to analyze changes in hue, satu-
ration, and intensity, the Gaussian derivatives were
applied to each RGB channel. Gaussian derivatives
are essential in image processing for edge detection,
feature extraction, and smoothing while preserving
the boundaries and details of significant features. The
Gaussian derivatives for a given channel of the input
image are represented by Eq. (5).

Ri=6i2-G(i;0) )

Similarly, G; and B; follows the same pattern, and
G(i; o) represents the Gaussian derivatives, which are
defined using Eq. (6).

1 i2
G (i; = -e 22 6
= Torot ©
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Where o represents the standard deviation and i
represents the spatial coordinate x and y. Next, a com-
bined spatial derivatives magnitude A is calculated
to detect areas with potential noise or significant
texture changes. This magnitude is calculated using
Eq. (7):

Az\/h§+h§+s,%+8§+v§+vy2+e @)

After that, the binary mask BW is created by thresh-
olding A. Pixels with a magnitude greater than a
threshold t (e.g., 15) are marked as 1 (true), indi-
cating potential noise or edges. The BW is created by
using Eq. (8).

BW= {lifA> 10ifA< 1 (8)

The binary mask is dilated using a disk-shaped
structuring element z with a radius of 3 pixels. This
operation can be represented as in Eq. (9):

BW1 = dilation (BW, 2) €

For each color channel C of the image I(r, c), noise
regions identified by the dilated mask BW1 are filled
using the region fill function. This can be denoted as
in Eq. (10):

Ic = regionfill (Ic, BW1) (10)

The final, noise-reduced image Q is reconstructed
by concatenating the filled channels as in Eq. (11):

Q= cat (3, Iz, Ig, Ip) (1n

Segmentation stage

Although region filling is a valuable tool in med-
ical imaging, its utility is restricted due to inherent
limitations and challenges in handling complex struc-
tures. These errors include detail loss, boundary
inaccuracies, overfilling, and underfilling. White bal-
ance and gamma correction techniques can mitigate
these drawbacks by isolating infected regions from
the background. To implement these techniques,
the authors apply them to the hair-free image.
White balance removes any color casts that re-
sulted from using different light sources during image
capture, while gamma correction increases the vis-
ibility of details and textures in the lesion. These
techniques can help achieve higher accuracy and res-
olution in medical imaging, particularly for intricate
structures.

The next step in our proposed method involves con-
volving the original image with a 3 x 3 mask to obtain
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the first-order histogram probability. This probability
is calculated by dividing the frequency of the pixel
value by the total number of pixels in the mask (9
for a 3 x 3 mask) using Eq. (9). The symbol GP(g)
denotes the frequency of the pixel value at gray level
g, while IP represents the total number of pixels in
the mask?” as in Egs. (12) to (15).

GP(g)

P (12)

P(g) =
The image (mean) is computed using the following
equation.

P
L= 8P (13)
g=1

The image (data range) will be calculated using the
following formula:
Inr = (8) — (8) (14)

The following formula fused the histogram features
with the free hair and noise image.
FI (x, y) =1Ir+ Iﬂ(g) + Ipr (15)

This fusion process allowed the segmentation algo-
rithm to leverage the additional information provided
by the histogram features, resulting in more accurate
and robust segmentation results. As a result, the tech-
nique is effective in various applications, including
medical image analysis, object detection, and scene

understanding, as shown in the experimental results
section, see Fig. 1.
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Results and discussion

These are the results of our approach, validated
with an experimental section. Statistical findings are
calculated in the pre-processing step over 252 dermo-
scopic images of the Skin_Hair dataset, while in the
segmentation step, the same analysis is performed for
200 images in the PH2 dataset.

Experimental setup

The proposed approach was implemented using
MATLAB R2022a on a Windows 11 operating system.
Furthermore, the experiments were conducted on a
computer with a 2.30 GHz Intel Core i7-11 CPU,
16 GB RAM, and 4 GB GPU.

Datasets

The authors conducted experiments on the Pedro
Hispano Hospital (PH2) dataset containing 200 der-
moscopic images with ground truth segmentation
masks, ?® belonging to three types of lesions: atypical
nevus, common nevus, and melanoma. In addition,
six segmentation performance metrics were used to
evaluate our proposed method. However, the PH2
dataset consisted of 200 images, each with its cor-
responding ground truth image.

The PH2 dataset is a publicly available dataset of
dermoscopic images of pigmented skin lesions, which
can be used for dermatology and CAD research on
skin lesions. Additionally, the results of the experi-
ment were conducted on the Skin_Hair dataset. !°> The
Skin_Hair dataset contains 252 dermoscopic images
containing artificial hair. Check out Fig. 2, which

Pre-processing
R band
Find invalid o o
A Replace invalid o
pixel values 5 Recombined
o ; pixel values 5
using Quasi s » —> the image
PO - using their
invariants for o channels
neighbors
each channel
1
Segmentation
v
Da-m range
image
Seamenialion Histogram Gamma
o . . S ¥ .
performance Post processing [+ Fusion 8rE [ g [*— White balance
o \ Features correction
2
Mean image [+

Fig. 1. Structure of the proposed technique.
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(a)

(b)

(©

(d)
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Fig. 2. Dataset image samples with the ground truth (a and b) Ph228 and (c and d) Skin_Hair °.

shows a selection of the PH2 dataset images analyzed
in this study.

Image pre-processing results

In this study, the authors compare the proposed
pre-processing method with the SOTA methods in
terms of three image quality metrics: SSIM (Struc-
tural Similarity Index), PSNR (Peak Signal-to-Noise
Ratio), and MSE (Mean Squared Error). These metrics
are commonly used to assess pre-processed images’
quality and determine how well the proposed method
performs compared to SOTA methods.

However, the performance of the proposed pre-
processing was experimented on the Skin_Hair
dataset,'® since the Skin Hair dataset has artificial
generated hair for all images, while the PH2 dataset
does not, see Fig. 2. Table 2 displays the comparison
results of the proposed pre-processing method.

Table 2. Skin_Hair dataset pre-processing results

(overall).

Method SSIM PSNR MSE
Navier-Stokes !° 0.9590 40.3050 7.3800
Telea!® 0.9590 40.5580 7.1140
Hair SinGAN 1° 0.8810 34.4890 53.735
R-Mnet '° 0.9600 40.6550 23.743
Our pre-processing 0.9785  40.5373 4.1898

From Table 2, it is clear that the proposed pre-
processing method outperforms most of the SOTA
methods in terms of SSIM and MSE while achieving
comparable results in terms of PSNR. Specifically, the
proposed pre-processing method achieves an SSIM
score of 0.9785, significantly higher than all SOTA
methods. These results indicate that the proposed
method produces pre-processed images with signifi-
cantly improved structural similarity compared to the
other methods. Additionally, the proposed method
achieves a shallow MSE score of 4.1898, significantly
lower than all of the SOTA methods. Finally, the
results demonstrate that the proposed method can
produce pre-processed images very close to the orig-
inal images, with minimal distortion.

Regarding PSNR, the proposed pre-processing
method achieves a score of 40.5373, comparable to
most of the SOTA methods listed in the table. In
addition, while some SOTA methods achieve slightly
higher PSNR scores, the difference is insignificant,
indicating that the proposed method is competitive in
this metric. Furthermore, Fig. 3 displays the proposed
pre-processing results.

The impact of pre-processing

In order to assess its efficacy, the authors carried
out tests with and without pre-processing procedures.
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(@)

(b)

Fig. 3. Pre-processing results on the Skin_Hair dataset '° (a) original image and (b) pre-processed image.

Specifically, the authors applied our suggested seg-
mentation technique with and without these steps
and discovered that all metrics exhibited improve-
ment by eliminating hair and enhancing contrast, as
outlined in Table 3.

Table 3. PH2 dataset segmentation results

(Mean + Standard Deviation) with (WP) and
without (WOP) pre-processing.

pre-processing method was successfully applied to an
existing skin lesion segmentation method,?° demon-
strating significant improvements over the baseline
methods.

Table 4. PH2 dataset segmen-

tation results with (WP) and
without (WOP) pre-processing.

Metric ~ WOP (%) WP (%)

Acc 94.89 4+ 0.0651 96.14 £ 0.0613
Pre 92.51 4+ 0.0902  93.87 £ 0.0860
Sen 93.06 + 0.0798  94.49 £ 0.0759
Spe 95.21 4+ 0.0877  95.99 £ 0.0825
JI 86.19 4+ 0.0968  88.19 £ 0.0968
D 92.25 4+ 0.0652  94.21 £ 0.0649

Abhishek et al. 20

Metric  WOP (%) WP (%)
Acc 89.26 90.88
Sen 84.42 87.51
Spe 96.07 96.99
JI 75.59 78.14
D 85.37 87.57

Table 3 indicates that utilizing pre-processing
enhances the performance of the segmentation tech-
nique. Specifically, when pre-processing is employed,
all metrics exhibit better results than when not used.
Moreover, the enhancements are consistent across all
the metrics, with average values ranging from 1.25%
to 2.00%. Both the JI and D measures are utilized
to assess the segmentation performance by calculat-
ing the overlap between the segmented area and the
ground truth. These metrics are considered reliable
for evaluating segmentation performance. The study
shows that pre-processing leads to a gain of approxi-
mately 2% in both the JI and D coefficient, which sug-
gests that pre-processing is beneficial in accurately
segmenting the skin lesion. The outcomes of this
study demonstrate that our pre-processing method
considerably improves the accuracy and robustness
of the segmentation technique. Also, our proposed

Table 4 compares the skin lesion segmentation re-
sults before and after pre-processing. The results show
that pre-processing improved the performance of skin
lesion segmentation for all metrics. For example, the
accuracy increased from 89.26% to 90.88%, sensitiv-
ity increased from 84.42% to 87.51%, and specificity
increased from 96.07% to 96.99%. In addition, the
JI and D improved significantly after pre-processing,
indicating better overlap between the predicted and
ground truth masks. For example, the JI increased
from 75.59% to 78.14%, and the D increased from
85.37% to 87.57%. Our method effectively increased
the accuracy of the segmentation process, result-
ing in more precise and reliable identification of
skin lesions. Furthermore, the result confirms that
the pre-processing steps augment the input images
and elevate the quality of segmentation results. Fur-
thermore, the pre-processing results are displayed in
Fig. 4.
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(b)

(c)

(e)

®

Fig. 4. Segmentation results with (WP) and without (WOP) pre-processing: (a) original image, (b) ground truth, (c) lesion extraction (WOP),
(d) segmented image (WOP), (e) lesion extraction (WP), and (f) segmented image (WP).
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(b)

Fig. 5. Visual comparison (a) original image and (b) overlay image. White indicates areas of overlap between the segmented and ground
truth images, green indicates true detections, and purple indicates false detections or areas where the segmented image differs from the

ground truth.

Comparison with the ground truth

In addition to quantitative metrics, visual com-
parison can be a valuable way to evaluate the
performance of our segmentation algorithm. Visual
inspection can provide insights into specific areas of
the image where the algorithm is failing, such as areas
where the boundaries between different segments are

unclear or where the segmentation is not accurately
capturing essential features of the image. See Fig. 5.

Comparison with the SOTA methods

In order to assess the resilience of our proposed
method, the authors used the PH2 dataset for the
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Table 5. Quantitative measurements of our proposed segmentation method and SOTA methods.

Method Year Acc (%) Pre (%) Sen (%) Spe (%) JI (%) D (%)
Goyal et al. 1? 2019  93.80 - 93.20 92.90 83.90  90.70
Pereira et al.© 2020 - - - - 86.30 -

Oztiirk and Ozkaya’” 2020  96.92 - - - 87.10  93.02
Abhishek et al. 20 2020 89.26 - 84.42 96.07 75.59  85.37
Xie et al. 2! 2020  94.90 - 96.30 94.20 85.70  91.90
Ramya et al.?? 2021  86.93 91.38 90.40 - - 88.40
Aratjo et al. ?® 2022 - - - - - 92.30
Chen et al. 24 2022 95.14 - 89.23 96.75 86.15 92,12
Rehman et al. 13 2022 - - - - 77.00  87.00
Zafar et al. 2° 2023 95.91 - - - - -

Wang et al. %° 2023  94.10 - 95.80 94.20 87.70  93.50
Proposed method 2024  96.14 93.87 94.49 95.99 88.19 94.21

proposed segmentation method because it contains
the ground truth for each image. In contrast, use
the Skin_Hair dataset, which includes artificial hair
generated with its corresponding ground truth. On
the other hand, some PH2 dataset images have hair
artifacts that the proposed pre-processing method can
remove. As a result, our proposed approaches exhib-
ited strong performances, surpassing various other
impressive models. Table 5 comprehensively com-
pares our proposed segmentation method and several
SOTA models.

Table 5 shows that our proposed method out-
performed the other methods, achieving an Acc of
96.14% and a Pre of 93.87%. Additionally, our
method showed a high Sen of 94.49% and a high Spe
of 95.99%, indicating its ability to identify positive
and negative cases correctly. The JI and D measures
of 88.19% and 94.21%, respectively, further demon-
strate the effectiveness of our proposed method.
These results suggest that our method could be valu-
able for skin imaging analysis and diagnosis. How-
ever, more research is needed to validate the method
on larger datasets and to assess its clinical feasibility.

Conclusion

Detecting skin cancer is a vital process that requires
the examination of skin lesions through dermoscopy
images. However, image segmentation is a challeng-
ing step in this process that requires integrating
various features. However, to tackle this problem,
our research proposed a novel approach for skin
dermoscopy image segmentation using histogram
feature fusion. Additionally, the authors developed
a methodology for removing artifacts and digital
hair from skin dermoscopy images using photomet-
ric quasi-invariants. Our proposed skin dermoscopy
segmentation method involves extracting the his-
togram’s data range and mean images and then fusing
them to create a final image. The fused image sig-
nificantly helps in the segmentation process, which

is crucial for detecting skin cancer accurately. The
authors used the PH2 dataset for the proposed seg-
mentation method because it contains the ground
truth for each image. In contrast, use the Skin_Hair
dataset, which includes artificial hair generated with
its corresponding ground truth.

On the other hand, some PH2 dataset images
have hair artifacts that the proposed pre-processing
method can remove. Our method’s results surpassed
SOTA accuracy, efficiency, and robust approaches.
Specifically, the proposed approach achieved an av-
erage Acc 96.14, Pre 93.87, Sen 94.49, Spe 95.99, JI
88.19, and D 94.21. These results demonstrate the su-
periority of our proposed approach over the existing
SOTA approaches regarding Pre, D, and JI metrics.
Our research proposes a novel approach for skin der-
moscopy image segmentation using histogram feature
fusion, an essential step in accurately detecting skin
cancer. Therefore, it has the potential to assist derma-
tologists and healthcare professionals in making more
accurate and timely diagnoses of skin cancer. Also,
the proposed approach showed robustness to varia-
tions in image quality and lesion appearance, which
are common challenges in skin lesion segmentation.
One key limitation is the computational complexity
of the proposed approach, particularly in processing
high-resolution images. One future work for skin le-
sion segmentation using the proposed method could
be applied to more diverse datasets. Applying the
proposed method to a more diverse dataset can be
validated if the model also performs well on different
skin lesions and conditions.
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