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ABSTRACT Accurate segmentation of fingernail images is essential for biomedical applications like dermatological
diagnostics and nail disease assessments. This study compares traditional methods (Sobel and Canny edge detectors) with an
improved method using adaptive thresholding and morphological closing for fingernail image segmentation. The methodology
includes data collection, preprocessing, edge detection, segmentation, and evaluation. A dataset of 500 fingernail images (free
of nail polish) was captured using a digital camera. Preprocessing involves grayscale conversion to simplify analysis and
Gaussian smoothing to reduce noise while preserving key features. For segmentation, thresholding and K-means clustering
isolate the fingernail from the background. Evaluation combines qualitative and quantitative analyses. Qualitative results
demonstrate that the improved method consistently outperforms traditional techniques under diverse conditions. Quantitative
evaluation, based on accuracy, recall, F1 score, and Intersection over Union (loU), further supports these findings. The Sobel
method achieves 0.80 accuracy, 0.77 recall, 0.87 F1 score, and 0.77 loU. The Canny method achieves 0.82 accuracy, 0.78
recall, 0.88 F1 score, and 0.78 loU. In contrast, the improved method achieves 0.97 accuracy, 0.98 recall, 0.99 F1 score, and
0.98 loU. The results clearly show that the improved method, using adaptive thresholding and morphological closing, provides
superior segmentation performance. Additionally, the approach remains computationally efficient, making it suitable for real-
time applications in medical diagnostics.

INDEX TERMS edge detection, segmentation image, morphological operation, sobel, canny

I. INTRODUCTION
Segmentation of nail images is essential for some
dermatological evaluations, where the detection of

form of the nail is considered abnormal [3][4]. White nails
indicate malnutrition such as iron deficiency and poor
circulation. Reddish-purple nails indicate a disordered

abnormalities is important for the diagnosis and treatment of
disease. The structural complexity of the nail makes accurate
imaging important in the evaluation of systemic diseases,
nutritional deficiencies, and dermatological conditions that
are assessed through nail involvement. Nail color, texture,
and shape are just some of the ways in which disease can be
recognized or identified [1][2]. A healthy person has pink
nails. Normal nails are smooth and uniform in color.
However, Any other factor that altered the development and
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digestive system due to excessive consumption of sugar,
pharmaceuticals, fruits and juices. White spots on the nails
indicate high sugar content and zinc deficiency caused by
digestion [5][6]. However, the segmentation process is often
complicated by factors such as image noise, variable lighting
and complex nail textures, making reliable segmentation a
difficult task [7][8].

Edge detection is a fundamental method in image
processing, used to identify important boundaries and
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features in images. Traditional edge detection algorithms,
including Sobel, Prewitt, and Canny, have been widely used
due to their simplicity and effectiveness. For example, the
Canny edge detector is known for its ability to generate sharp
edges while reducing noise; however, it still struggles in the
presence of complex backgrounds and different nail textures,
resulting in suboptimal segmentation results [9][10]. These
limitations highlight the need for improved edge detection
techniques that are tailored to the unique characteristics of
nail images.

Recent advances in image processing have led to more
sophisticated segmentation methods. Techniques such as
adaptive thresholding, morphological operations, and
clustering algorithms have shown great promise in improving
segmentation accuracy in biomedical images [11][12]. Result
of research [13] show that improved method aim to accurately
processing complex medical images. The method using
histogram equalization and clustering analysis to refines
segmentation accuracy. Based on previous research, adaptive
thresholding and morphological operations can be used as
improved edge detection in this research.

Therefore, this study examines methods to improve the
edge detection performance for finger nail segmentation in
this research area. To further improve the ability to separate
nail features from the background, we combine classical edge
detection techniques with the power of morphological
operation. The results of this study will focus on academic
research and practical applications in dermatology,
facilitating advance diagnostic tools.

The primary aim of this research is to improve traditional
edge detection methods by integrating morphological
operations, thereby enhancing boundary detection in
fingernail images and effectively addressing challenges such
as noise, lighting variations, and background interference.
Additionally, the study seeks to achieve accurate fingernail
segmentation by isolating the nail region with high precision
and minimizing artifacts under diverse imaging conditions.
Another objective is to optimize the segmentation process by
combining adaptive thresholding, morphological operations,
and clustering techniques, such as K-means, to ensure
computational efficiency and scalability. Ultimately, the
research aims to support practical applications of the
proposed method in both biomedical imaging such as nail
disease diagnosis including nail art and enhancement
preparations.

The structure of this paper is as follows: Section Il
presents a literature review based on edge detection. Section
111 presents the research methodology applied, and Section 1V
presents the results. Section V presents the detailed analysis
while Section VI concludes by summarizing the main ideas
as well as implications for future research.

ll. PREVIOUS RESEARCHS

Additional research on the same research area was conducted
by Javed et al. in 2020. It used several standard edge detectors
available in OpenCV, to improve the visibility of skin lesions
in dermoscopy images, including Canny and Sobel. This
research also showed how edge detection plays an important
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role in improving diagnostic accuracy due to segmentation of
skin lesions [15].

Another paper by Kumar et al. in 2022 was incorporated
to illustrate the segmentation of fingernail images for the
diagnosis of nail health problems. To extract fingernails from
the images, the researchers applied an adaptive thresholding
technique accompanied by morphological operations.
According to the study, it was found that accurate
segmentation of fingernail images can help in the diagnosis of
nail diseases [16]. In 2022, Yunhong et al. studied different
edge detection methods in medical applications, such as skin
and fingernail images. In their work, they were able to
compare the results between conventional and state-of-the-art
approaches such as deep learning. They showed that although
deep learning models provide better segmentation results,
classical techniques such as Canny and Laplacian can still be
used for faster evaluation in clinical settings [17]. In 2016,
Kalra et al. studied the integration of edge detection
techniques with deep learning algorithms for nail image
segmentation. It showed that their method can differentiate
multiple nail diseases and their study may be useful for
dermatologists in diagnosis [18]. A review by Anas et al. in
2019 reviewed the state-of-the-art edge detection methods for
all motor imaging modalities. The research discussed in detail
how these techniques, such as the modified approaches of
Canny and Sobel, improve the segmentation of important
structures involved in the generation of medical images such
as nail structures, which are of great value in diagnosis and
therefore treatment planning [19]. This feature extraction from
nail images was performed by Jailingeswari et al. In 2026,
where they used an edge detection algorithm. Their work
showed that the features extracted from the contours can be
used to assess the condition of the nail and predict diseases that
may develop later. The researchers mentioned performing
image preprocessing as an essential step to improve the edge
detection capability in their method [20].

. METHODS

This section describes the dataset used in research, and steps
in research. The method consist of data preprocessing steps
such as grayscale conversion, Gaussian filter, and contrast
adjustment, edge detection techniques such as traditional
methods and improved methods, and segmentation approach
using thresholding and k-means clustering. Traditional
methods consist of sobel operator and canny edge detector.
Improved methods consist of canny edge detector
incorporating adaptive thresholding and morphological
operations. FIGURE 1 shows the flowchart of this study.

A. DATA COLLECTION

The data used in this study consists of high-resolution images
of human fingernails collected from individuals of different
ages, and genders. The process of collecting fingernail
images was conducted with the respondents' consent by
signing an ethics document. The data is taken using digital
image Canon Lumix. The images are taken under controlled
lighting conditions to eliminate the influence of other factors.
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However, during data acquisition, it cannot be assumed that
the lighting conditions are consistent across all images. The
data also shows differences in the shape, size, and texture of
fingernails. These variations are important to evaluate the
stability and performance of the proposed method under
different conditions. For inclusion criteria, Fingernail must
be free of nail polish. The amount of data used in this study
is 500 images. FIGURE 2 illustrates the data from the study

described above.
C st )

Techniques

Traditional Methods

Segmentation
Approach

Flowchart of research

FIGURE 1.

FIGURE 2. Data of research

B. PREPROCESSING

Preprocessing is generally a common process in which data
is enhanced to improve image quality and remove noise [21].
The steps are grayscaling, application of a Gaussian filter,
and the final step is contrast stretching. By including
grayscale conversion, each image is converted to grayscale
to avoid complications during the process [22]. This process
involves mapping a color image in RGB space, for example,
to a single-band grayscale image, although by reducing the
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color information, the process retains luminance
information. Equation of grayscaling process can be used
two equations such in Eqg. (1) [23] and Eq. (2) [23]. It is
because each human being has different sensitivity in color.
Eq. 2 [23] also called the luminosity method where weighs

red, green and blue according to their wavelengths.

Grayscale = (RH;—H?) Q)

Grayscale = 0.299 R 4+ 0.587G + 0.114 B )
with R is value of red, G is value of green and B is value of
blue.

Conversion to grayscale is particularly beneficial in
biomedical image analysis because color information is
generally irrelevant when it comes to texture recognition: the
edge of a fingernail is clearly visible even without color
contrast, while differences in brightness are essential to
reveal edge differences. This may be necessary to prepare
edge detection algorithms, as these algorithms perform well
in operations with brightness versus color gradients [23].
Third, grayscale conversion improves noise removal in the
preprocessing stage, as color noise that interferes with the
visualization of important image features is removed. The
nail segmentation task proposed here by converting the
image to grayscale avoids the need to perform edge detection
on color, which would be much slower in the process and
less efficient [24].

A Gaussian filter is used to remove noise from the image
while retaining the important features needed for edge
detection. This step is common in image smoothing and is
known to be quite effective in removing noise while still
conveying important image features. It works by comparing
the image with a Gaussian function, which can be described
by a bell curve. The bell curve is shown in FIGURE 3. This
method is particularly useful because it reduces HF noise and
any unwanted components without significantly distorting
the structure [25]. Equation of Gaussian filter is shown in Eq.
@) [25] ,

G(x) = J;T_U e 27 ©)
Where o is the standard deviation of the distribution. The
distribution is assumed to have a mean of 0.

The main advantage of Gaussian filtering is that it can
efficiently combine neighboring pixels with a set of
weighted average functions that exclusively reflect the
relative distances of those pixels to the central pixel. The
central pixels contribute more to the output pixel value than
the distant pixels, allowing for smoothing [26]. However, the
choice of ¢ for the Gaussian filter is more important because
it controls the amount of image smoothing that needs to be
performed. A small ¢ will preserve more image features
while smoothing less noise, while a large ¢ will provide more
smoothing, which will help eliminate large fluctuations in
noise that reduce detail [27]. Number of o in this research is
2 because this number giving the best smooth and image
feature in image still visible.

Contrast stretching is a typical preprocessing step in the field
of image processing, in which the pixel intensity distribution
in an image is adjusted to improve the visibility of its
features. With increased contrast, the authors found that
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important structures became more distinct from the image
background, contributing to better image analysis and
interpretation [28]. Equation is used in contrast stretching is
shown in Eq. (4) [28].

0(i,j) =222 (1 - 1) @
o(i,j) and u(i,j) are respectively are pixels after and before
transformation in coordinates (i,j). ¢ and d respectively
represent the maximum and minimum values of the pixels in
the image. L represents the maximum grayscale value. If the
pixel value is smaller than 0 then the value of L will be 0 and
if it is greater than (L-1) then the value of L will be (L-1).

Histogram equalization is a simple method commonly used
to improve the contrast of nail images. Histogram
equalization is performed by redistributing the image
intensities and making the histogram equal across the entire
image [25]. Redistribution of the initial histogram is carried
out by mapping each pixel value in the initial histogram into
a new pixel value using Eq. (5) [25].

n(g) = max(0,round[(L — 1) * %g)] -1 ©)]
where n(g) is the new pixel value, N represents the number
of pixels in the image, g represents the initial gray level value
whose value is 1.. L-1, L represents the maximum gray level
value. while c(g) states the number of pixels that have a value
equal to g or less which is systematically expressed in Eq.
(6) [25].

c(g)=2X),h(),g=12.,L-1 (6)
with h(i) is the initial histogram.

C. EDGE DETECTION

To accurately segment the desired region area, an
appropriate edge detection technique must be used to
delineate the region of interest, which is the nail. For
comparison purposes in this study, the traditional edge
detector and the improved edge detector were examined. The
traditional methods include two of the most common
traditional methods for edge detection, i.e., the Sobel
operator and the Canny edge detector. The Sobel operator is
a discrete differential operator used to estimate the gradient
of the intensity function of the image in question. It works
with two 3x3 convolution filters to detect vertical and
horizontal edges. This method emphasizes regions of high
spatial frequency which helps to identify edges in the image
[25]. The Sobel operator is characterized by low
computational complexity, which is why it can be used in
real-time processing [29]. The matrix is used in sobel
operator is shown in Eq. (7) [29] and Eq. (8) [29].

-1 -2 -1

G,=1|0 0 0 )
[ 1 2 1
-1 0 1

G,=[2 o 2] (8)
-1 0 1
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The canny edge detector is essentially a combination of four
steps including scaling, non-maximum suppression, and
delay thresholding steps. The first step involves computing
the gradient amplitude and direction, to enable edge
detection [24]. Non-maximum suppression goes one step
further and smooths the edge response to refine the detected
edges to a line width of one pixel. Last but not least, delay
thresholding uses two thresholds to decide which pixels
belong to a strong edge and which pixels belong to a weak
edge connected to the strong edge while leaving out the noise
[27]. Compared to Sobel's method, this method involves
noise reduction and edge linking. However, it can still be
difficult to tell them apart when the features are fine, such as
the appearance of fingernails.

In improved method with adaptive thresholding and
morphological operations on the edges involved in the
detection process. Adaptive thresholding is a process in
which the threshold value is modified based on the local
features of the image, unlike fixed thresholding which
remains unchanged regardless of the image [30]. Adaptive
thresholding involves capturing edges and features in
regions. Equation in thresholding is shown in Eq. (9) [30].

(L iff,y)=T
90N =l i Fly <1 ©)
where g(x,y) is binary image from grayscale image f(x,y) and
T is threshold value. In this research using number T is 0.5.

Morphological closing also known as morphological
operation is a middle operation between dilation and
morphological erosion used to fill the evenly spaced gaps in
the detected edges and thus to obtain good edge continuity
without the risk of false detection in regions with high noise.
Equation in erosion is shown in Eq. (10) [31]. Eq. (10) [31]
states that input coordinates [m,n] for each image pixel value
is reduced by the value of the structuring elements (SE) at
the corresponding coordinates of the image being processed
and the resulting pixel value is the minimum value of each
subtraction. Structuring elements in this research using disk
SE with size 5 x 5.

E;(A,B) = max {a[m +j,n + k] — b[j, k]} (10)
[.kleB

Dilation establishes more general boundaries of objects
while erosion does the opposite by adding details to the edges
of the object. Equation of dilation is shown in Eq. (11) [31].
Eq. (11) [31] states that the input coordinates [m,n] for each
structuring element (SE) are added together with the pixel
value at the corresponding coordinate of the image being
processed and the resulting pixel value is the maximum value
of each addition.

Ds(A,B) = max {a[m — j,n— k] + b[j, kI} (11)

Morphological closing is a combination of dilation followed
by erosion, which is useful for closing any small gaps
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initially detected in the edge map using traditional
techniques. This operation has been shown to improve edge
continuity and thus provide more accurate segmentation in
noisy and otherwise irregular images [31].

D. SEGMENTATION APPROACH

Once edges are detected, the object of interest, in this case
the fingernail, is segmented from the background and other
non-tissue regions. Two types of segmentation are used:
global thresholding and k-means clustering. Global
thresholding is one of the simplest and at the same time the
most powerful image segmentation techniques. It works by
converting a grayscale image to binary where pixels are
labeled as either object or background based on a threshold
intensity [25]. K-means clustering is a powerful and popular
unsupervised machine learning technique that divides an
image into k clusters, based on pixel intensity values. Using
an iterative approach, the algorithm classifies pixels into
specific groups to minimize the expected variance within
each group, so that similar intensity values are grouped
together [32]. The number of k is used in this research is 2.
It means that pixel intensity values will be divided into two
categories or clusters based on specific patterns or
similarities. Each group will initially have two randomly
assigned centroids. Each pixel will be assigned to the nearest
cluster based on distance (e.g., Euclidean distance). The
algorithm iteratively updates the centroids' positions until the
changes in cluster positions stop or meet a predefined
condition. It also facilitates unsupervised learning techniques
to segment fingernails from the background and other parts
of the image. Equation is used in k-means clustering is
shown in Eq. (12) [32].

J = T Sklls? - o (12)

where J is objective function, k is number of clusters, n is
number of cases, Xi states case i, cj is centroid for cluster j.

E. EVALUATION

In this study, the evaluation of the segmentation method is
carried out through qualitative analysis and quantitative
analysis. The qualitative analysis were conducted to visually
assess the quality of the segmented fingernail images. One
of the primary aspects of qualitative analysis is comparing
the segmented fingernail images produced by the improved
edge detection and morphological operations with those
generated by baseline methods. For instance, the study could
include comparisons against traditional methods like the
Canny or Sobel edge detectors without morphological
refinements. Images are evaluated for the clarity of edges,
smoothness of boundaries, and removal of irrelevant
artifacts. High-quality visual results demonstrate the
algorithm’s ability to isolate the nail region accurately under
various conditions, such as uneven lighting or complex
backgrounds.

For the quantitative analysis uses confusion matrix. This
matrix acts as an important evaluation tool for the proposed
method. A confusion matrix is typically associated with
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classification problems, as it evaluates the performance of a
classification model by comparing predicted and actual
labels. The confusion matrix be used to assess k-means
clustering results by comparing the cluster assignments to
known class labels, In the confusion matrix, there are false
negative (FN), false positive (FP), true negative (TN) and
true positive (TP) identified in the table, the matrix table can
be seen in TABLE 1 [33]. By using a confusion matrix, it
can calculate various evaluation matrices such as
accuracy, and recall. The following is the calculation

formula [30][31].
TABLE 1
Confusion Matrix

PREDICTED CLASS

Actual Class Class = Yes Class = No
Class = Yes True Positive (TP) False Negative (FN)
Class = No False Positive (FP) True Negative (TN)

1.Accuracy

Accuracy is the number of correct data comparisons to the
total number of data. Accuracy can be calculated in Eq. (13)
as follows.

TP+TN
Accuracy =

TPTFNTFPIIN (13)
TP+FN+FP+TN

2. Recall

Recall is used to show the percentage of positive data
classes that are successfully predicted correctly from all
positive class data, which is calculated using in Eq. (14) as
follows.

Recall = —=%

TP+FN

(14)

3.Precision
Precision is used to measure how large the proportion of
positive classes that are successfully predicted correctly from
all positive classes, which is calculated using the Eq.(15)
as follows.

.. TP
Precision =

FP+TP

(15)

4, F1-Score

F1-Score is an evaluation metric that reflects the balance
between Precision and Recall. F1-Score can be
calculated in Eq. (16) as follows.

Precision x Recall
Fl1—Score =2x ———— (16)
Precision +Recall

4. loU

loU (Intersection over Union) is the most commonly used
measure for comparing the similarity between two arbitrary
shapes. loU encodes the shape properties of the objects being
compared, such as the width, height, and position of two
bounding boxes, into region properties, and then calculates
a normalized measure that focuses on their areas (or
volumes). loU can be calculated in Eq. (17) until Eq. (19) as
follows [34].

Intersection = TP 17)

Union= TP + FP + FN (18)

ToU = InteTszction — TP (19)
Union TP+ FP+FN
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IV. RESULTS

A. QUALITATIVE ANALYSIS

Based on the method described in Section 111, we implemented
the fingernail image segmentation for fingernail image. The
image segmentation system is developed using Matlab
equipped with Image Processing Toolbox. The image is
formatted as Joint Photographic Experts Group (jpg) file.
Result of experiments is shown in FIGURE 3. When the
system was executed, original image as input image in system
that shown in FIGURE 3(a). The input image goes through
preprocessing stages including cropping nail area (FIGURE
3(b)), grayscale image (FIGURE 3(c)), gaussian smoothed
image (FIGURE 3(d)), and contrast adjusted image (FIGURE
3€). After that, the input image undergoes three different
processes. The first process is sobel edge detection which will
be followed by the k-means clustering process shown in
FIGURE 3(f) and FIGURE 3(g). The second process is canny
edge detection and k-means clustering shown in FIGURE 3(h)
and FIGURE 3(i). The third process is adaptive thresholding,
morphological closing and k-means clustering respectively
shown in FIGURE 3(j), FIGURE 3(k) and FIGURE 3(l).
Based on the results, especially the k-means clustering results,
namely FIGURE 3(g), FIGURE 3(j) and FIGURE 3(I) shows
that FIGURE 3(I) which include in improved method give the
best image segmentation results.

B. QUANTITATIVE ANALYSIS

The other evaluation is done in this research is quantitative
analysis. Evaluation based on quantitative analysis using
confusion matrix. There are three confusion matrix is shown
in FIGURE 4(a) for sobel method, FIGURE 4(b) for canny
method and FIGURE 4(c) for improved method. Based on
confusion matrix, the evaluation metrics such as accuracy,
recall, F1 score, and Intersection over Union (loU) can be
identified. These evaluation metrics are commonly used to
assess the effectiveness of segmentation algorithms. These
metrics were calculated for both traditional and improved
methods to highlight the performance gain achieved through
the proposed improvements. The results are summarized in
TABLE 2, which shows a comparison of the traditional edge
detection methods (Sobel and Canny) versus the improved
method in terms of segmentation accuracy.

Overall, the improved method outperformed both Sobel
and Canny edge detectors across all metrics. In particular, the
Intersection over Union (loU), which measures the overlap
between the predicted segmentation and the ground truth,
demonstrating the accuracy of the improved edge detection
and segmentation approach.

V. DISSCUSSIONS

Based on results of qualitative analysis, Integrating
morphological operations with improved edge detection
techniques represents a significant advance in fingernail image
segmentation. Edge detection serves as the basis for
identifying boundaries in images, but its effectiveness is often
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challenged by noise, uneven illumination, and complex
backgrounds. Morphological operations, mathematical tools
based on image shape, address these limitations by refining
detected edges and improving image structure. By combining
these techniques, researchers achieve more accurate and

robust segmentation, especially in medical imaging
applications such as fingernail analysis.
TABLE 2
Performance Comparison of Edge Detection and Segmentation Methods
F1 loU
Method  Accuracy  precision  Recall score
Sobel 0.73 0.72 0.77 0.74 0.59
Canny 0.86 0.85 0.87 0.86 0.76
Improved 0.97 0.95 1.00 0.97 0.95

Morphological operations, including dilation and erosion
improve segmentation by addressing specific shortcomings of
edge detection algorithms. Dilation can fill small gaps in
detected contours, ensuring boundary continuity, while
erosion removes small artifacts and noise. This sequential
application is particularly effective for nail images, where
segmentation requires separating the nail region from irregular
textures and skin shading.

One of the main advantages of combining edge detection

and morphology is its ability to adapt to different imaging
conditions is shown in FIGURE 3. Fingernail images often
have problems such as inconsistent lighting, different hand
poses, and different skin tones. While edge detection identifies
potential boundaries, it can also capture irrelevant details such
as skin folds or background elements.
Morphological operations refine these results by emphasizing
relevant structures and removing irrelevant ones. This
combined approach ensures that the segmented output is both
accurate and visually interpretable, making it suitable for
downstream applications such as disease diagnosis or aesthetic
analysis.

A detailed explanation of the method shows its potential to
bridge the gap between traditional segmentation methods and
modern requirements for accuracy and automation. While
edge detection provides a fundamental layer of analysis
morphological operations add adaptability and precision to the
process, mimicking human attention to detail. This is
especially important in biomedical contexts, where accurate
nail segmentation can help diagnose conditions such as
onychomycosis or psoriasis. Additionally, the combination
reduces computational complexity compared to purely deep
learning-based methods, making it a viable option for
resource-constrained environments. According to FIGURE
4(a), the confusion matrix shows poor performance with low
accuracy and high error rates.
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0]
FIGURE 3.  Results of Processing (a) Original Image (b) Cropping area nail in image (c) Grayscale image (d) Gaussian smoothed image (e) Contrast
Adjusted Image (f) Sobel Edge Detected Image (g) K-means clustering after Sobel Edge Detection (h) Canny Edge Detected Image (i) K-means
clustering after Canny Edge Detection (j) Adaptive Thresholded image (k) Morphologically Closed image (I) K-means Clustered image after
Morphologically closed image
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FIGURE 4.

It demonstrated in True Positive is 77% * 5.2 makes the
accuracy has significantly decreased compared to the other
method. True Negative is 70% = 5.0 were correctly classified
indicating improved performance. False Positive is 23% =+
3.91 included relatively high. The error rate is even higher
showing the method struggles to differentiate class. FIGURE
4(b) has moderate performance with  decreased
misclassification rates compared to the first matrix. True
Positive is 87% + 3.42 included high, the accuracy has
increased compared to the first matrix. True Negative is 85%
+ 3.80 has the accuracy also increased compared to the first
model. False Positive is 13% + 2.89 indicates the error is
significantly lower than in the first matrix. False Negative is
15% + 1.1 indicates the error rate has also decreased. FIGURE
4(c) moderates very high accuracy for

both classes with minimal misclassification rates. This method
is ideal for appliccations requiring high precision and low
error rates such as medical diagnosis. True Positive is 99.5 %
+ 4.1 indicates almost all correctly classified showing very
high accuracy. True Negative is 94.9% + 4.6 were show most
correctly classified. False Positive is 0.5% + 0.6 show the
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(c)
Confusion Matrix with Percentage (a) Sobel Method (b) Canny Method (c) Improved Method

proportion of class 1 samples misclassified as class 2 is
extremely small. False Negative is 5.1% * 4.5 show the error
rate is slightly higher but still within acceptable limits.

Based on result of quantitative analysis in TABLE 2, The
Sobel method provides moderate performance, but its
accuracy and loU are lower compared to other methods. The
canny method improves over Sobel, achieving slightly higher
accuracy, recall, F1 score and loU. The improved method sig-
nificantly outperforms both Sobel and Canny methods across
all metrics. It achieves the highest accuracy, recall, F1 score,
and loU, indicating excellent edge detection and segmentation
performance. According to quantitative analysis, The
improved method delivers superior results compared to Sobel
and Canny methods. With 0.97 accuracy, 0.98 recall and 0.98
loU, it demonstrates enhanced precision, better overlap with
ground truth, and fewer missed edges or segments. This results
is the highlights the effectiveness of the new method in edge
detection and segmentation tasks.

It can be concluded that the enhanced edge detection using
morphological operations for fingernail image segmentation
represents a combination of classical image processing
techniques and practical innovations adapted for real-world
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monitoring systems and mobile diagnostic tools, providing a
scalable and cost-effective solution for fingernail analysis and
efficiency. The adaptability of the method makes it a
promising candidate for implementation in automated health.
Qualitative analyses demonstrate the accuracy of the proposed
edge detection and segmentation compared to traditional
methods such as Sobel and Canny in the context of nail
images.

Evaluation of the results shows an improvement in the
segmentation accuracy as well as the visual quality of the
segmented images. FIGURE 3(l) confirms the increasing
accuracy of the improved method in identifying thin nail
edges, especially when the images may have more complex
backgrounds or low signal-to-noise ratios, such as due to
different lighting conditions. Therefore, the effectiveness of
the improved method can be largely attributed to the
application of adaptive and morphological thresholding
operations. Variable thresholding allows the image contrast to
be divided into multiple parts that take into account the pixel
intensities as well as the local brightness and contrast of the
image, making the image less sensitive to changes in these
regions. Operations like closing edges are smooth because
small gaps are closed and noise is eliminated, resulting in more
continuous edges. This happens as in similar studies, namely
[35][36]. The researches states that combining edge detection
with morphology operations (dilation and erosion) will
produce better outcomes. These results apply to medical image
segmentation, especially lung x-ray images.

In improved method, It is efficiency in edge detection and
nail segmentation is one of its main advantages; it is also
applicable to images of different sizes, different surfaces, and
various backgrounds. The provided guidance also suggests
that unlike other conventional methods that may not be able to
handle complex issues such as incomplete edges or noise, this
improved method can handle these complex issues with ease.
Another important beneficial aspect is the trade-off between
time complexity and accuracy. However, with the requirement
of adaptive thresholding and morphological processing, the
proposed method is not too time-consuming and only slightly
increases the processing time [37].

However, there are also some limitations that need to be
mentioned about the proposed method as follows: The
proposed method has obvious advantages over the traditional
method, but the following disadvantages should also be
acknowledged: First, the method still depends on predefined
values such as the kernel size for morphological operations
and the number of clusters in the K-means algorithm. These
parameters may need to be optimized depending on the dataset
or imaging conditions, and these parameters may slightly
hinder the feasibility of this method. Second, the current work
specifically focuses on nail segmentation using the method
proposed in this paper. It has not been rigorously tested on
other types of biomedical images or on general image
segmentation problems. Further experiments with more types
of images are needed to see how flexible this approach is.
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Finally, although processing times are relatively fast,
introducing more complex preprocessing operations or large
data can also significantly increase the load, thus placing some
limitations on real-time processing when needed.

The proposed method has some implication such as
enhanced diagnostic accuracy, advancements in biomedical
image analysis and foundation for machine learning
applications. By improving edge detection and segmentation,
identification of nail abnormalities which are indicators of
systemic diseases or localized infections is more accurate.
This improvement supports early diagnosis and targeted
treatment. The application of morphological operations in
fingernail image processing provides a novel approach for
further research in medical imaging such as nail health and its
correlation with systemic conditions. Hence that, accurate
segmentation serves as a critical pre-processing step for
machine learning models. This research can support the
development of robust artificial intelligence systems for
automated diagnosis, enhancing their training with higher-
quality input data. This study also can be future advancements
in medical image segmentation and diagnostics.

VI. CONCLUSION

In this paper, we presented a novel approach to edge detection
and segmentation specifically designed for fingernail images.
The approach involves six different steps, including data
collection, preprocessing, edge detection technique, divided
into traditional methods and improved methods, segmentation
approach and evaluation. Traditional methods consist of Sobel
and Canny edge detector. Meanwhile improved methods
consist of adaptive thresholding with morphological
operations. The evaluation was done by considering the
qualitative analysis and quantitative analysis. The quanlitative
analysis demonstrates that the improved method consistently
outperforms existing techniques in segmenting fingernail
images under diverse conditions. Furthermore, qualitative
analysis of the segmented images highlights the method's
ability to handle variations in fingernail shapes, textures, and
lighting conditions, producing clean and continuous edges that
are essential for accurate segmentation. Despite its improved
performance, the method remains computationally efficient,
making it suitable for real-time applications in medical
diagnostics. According to quantitative analysis, The improved
method delivers superior results compared to Sobel and Canny
methods. With 0.97 accuracy, 0.98 recall and 0.98 loU, it
demonstrates enhanced precision, better overlap with ground
truth, and fewer missed edges or segments. For enhancement
the performance of fingernail images segmentation methods,
future research should focus in various data and other method.
Various data will enable give various result when
implemented in method. Meanwhile, other method such as
artificial intelligence could give the best result and method in
segmentation fingernail images.

173


https://jeeemi.org/index.php/jeeemi/index

Journal of Electronics, Electromedical Engineering, and Medical Informatics
Multidisciplinary: Rapid Review: Open Access Journal

Vol. 7, No. 1, January 2025, pp: 165-175; elSSN: 2656-8632

REFERENCES

(1]

(2]

(3]

(4]

(5]

6]

(7

(8]

(9]

[10]

(11]

[12]

[13]

[14]

[15]

[16]

[17]

V. Saranya, Dr. A. Ranichitra, “Image Segmentation Techniques to
Detect Nail Abnormalities”, International Journal of Computer
Technology, Volume 8, No. 4, 2021, pp. 522-527.

Maniyan, P., & Shivakumar, B.L. “Early Disease Detection Through
Nail Image Processing Based on Ensemble of Classifier Models”,
I0SR Journal of Computer Engineering (IOSR-JCE), Volume 20,
Issue 3, 2018, pp. 14-25.

Juna, V. V., D. Dhananjayan, “A Review on Nail Image Processing
for Disease Detection”, Recent Trends in Analog Design and Digital
Devices, Volume 2 Issue 3, 2019, pp. 1-7.

W.L.Ou,C.T. Li, D.C. Chen, “The Lightness Distribution of The Red
Color for The Nail Plate Related to Human Healthy Level”,
Community Medicine and Publich Health, Volume 9, Nomor 4, 2023,
DOI://https://dx.doi.org/10.17352/2455-5479.000204.

T.S.Indi, Y. A. Gunge, “Early Stage Disease Diagnosis System Using
Human Nail Image Processing”, 1.J. Information Technology and
Computer Science, 2016, pp. 30 -35. DOI: 10.5815/ijitcs.2016.07.05.
A. Singal, R. Arora, “Nail as a window of systemic diseases”, Indian
Dermatol Online J. 2015 Mar-Apr; 6(2): 67-74. doi: 10.4103/2229-
5178.153002

P. Eftekhar, "A comparative study of edge detection algorithms,"”
Journal of Image Processing, vol. 12, no. 3, pp. 45-56, 2020.

A. D. Mayangsari, |. W. P. Agung, " A Systematic Literature Review:
Performance Comparison of Edge Detection Operators in Medical
Images,” Jurnal ELTIKOM : Jurnal Teknik Elektro, Teknologi
Informasi dan Komputer. 8, 1 (Jun. 2024), 9-25. 2024.
https://doi.org/10.31961/eltikom.v8i1.1012

M. Rafati, M. Arabfard, M. R. Rahimzadeh, “Comparison of Different
Edge Detections and Noise Reduction on Ultrasound Images of
Carotid and Brachial Arteries Using a Speckle Reducing Anisotropic
Diffusion Filter”, Iran Red Crescent Med J. 2014 Sep; 16(9): ¢14658.
doi: 10.5812/ircmj.14658.

A. Baareh, A. Al-Jarrah, A. Smadi, and G. Shakah, “Performance
Evaluation of Edge Detection Using Sobel, Homogeneity and Prewitt
Algorithms”. Journal of Software Engineering and Applications, 11,
537-551. 2018. doi: 10.4236/jsea.2018.1111032.

Keene, L., Rogers, B., Stobbe, D. et al. “A Combination
Interferometric And Morphological Image Processing Approach To
Rapid Quality Assessment Of Additively Manufactured Cellular Truss
Core Components”. IntJ Adv Manuf Technol 125, 5047-5065 (2023).
https://doi.org/10.1007/s00170-023-11054-4.

Seelaboyina, R., Vishwakarma, R. “Different Thresholding
Techniques in Image Processing : A Review”. In: Kumar, A,
Senatore, S., Gunjan, V.K. (eds) ICDSMLA 2021. Lecture Notes in
Electrical Engineering, vol 947. Springer, Singapore. 2023.
https://doi.org/10.1007/978-981-19-5936-3_3.

X.-W. Li, Y. -X. Kang, Y. -L. Zhu, G. Zheng and J. -D. Wang, "An
improved medical image segmentation algorithm based on clustering
techniques,” 2017 10th International Congress on Image and Signal
Processing, BioMedical Engineering and Informatics (CISP-BMEI),
Shanghai, China, 2017, pp. 1-5, doi: 10.1109/CISP-
BMEI.2017.8302178.

X. Yu, J. Wang, Q. Hong, R. Teku, S. Wang, Y. Zhang, “Transfer
learning for medical images analyses: A survey”, Neurocomputing,
Volume 489, 2022, Pages 230-254, ISSN 0925-2312,
https://doi.org/10.1016/j.neucom.2021.08.159.

R. Javed, M. S. M. Rahim, T. Saba, and A. Rehman. "A comparative
study of features selection for skin lesion detection from dermoscopic
images.” Network Modeling Analysis in Health Informatics and
Bioinformatics 9, no. 1 (2020): 4.

D. S. Kumar, J. D. Sherly and S. I. Priyadharshini, "Disease Detection
Based on Nail Color Analysis Using Image Processing," 2022 1st
International Conference on Computational Science and Technology
(ICCST), CHENNAI, India, 2022, pp. 1-5, doi:
10.1109/ICCST55948.2022.10040425.

S. Yunhong, Y. Shilei, Z. Xiaojing, Y. Jinhua, “Edge Detection
Algorithm of MRI Medical Image Based on Atrtificial Neural
Network™, Procedia Computer Science, Volume 208, 2022, Pages

Homepage: jeeemi.org

(18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]
[26]
[27]

(28]

[29]

(30]

(31]

(32]

(33]

[34]

[35]

(36]

136-144, ISSN
https://doi.org/10.1016/j.procs.2022.10.021.
A. Kalra, and R. L. Chhokar. "A Hybrid approach using sobel and
canny operator for digital image edge detection." In 2016 International
Conference  On  Micro-Electronics And  Telecommunication
Engineering (ICMETE), pp. 305-310. IEEE, 2016.

R. Anas, A.E.Hadeel, Elhadi, and A. S. EImustafa. "Impact of edge
detection algorithms in medical image processing." World Scientific
News 118 (2019): 129-143.

I. Jailingeswari, " A Study on an Edge Detection and Feature
Extraction in Automated Fingerprint Identification Systems,"
International Journal of Web Technology, Volume: 05 Issue: 02,
December 2016, Pages: 107-110. ISSN: 2278-2389.

M. M. Amini, M. |. Mazdadi, M. Muliadi, M. R. Faisal, and T. H.
Saragih, “Implementation of Extreme Learning Machine Method with
Particle Swarm Optimization to Classify of Chronic Kidney Disease”,
j.electron.electromedical.eng.med.inform, vol. 6, no. 4, pp. 499-508,
Sep. 2024.

W. Rong, Z. Li, W. Zhang and L. Sun, "An improved Canny edge
detection algorithm,” 2014 IEEE International Conference on
Mechatronics and Automation, Tianjin, China, 2014, pp. 577-582, doi:
10.1109/ICMA.2014.6885761.

R. C. Gonzalez, R. E. Woods, and S. L. Eddins, “Digital Image
Processing Using MATLAB”, 3rd ed. Gatesmark Publishing. 2020.
J. Canny, "A Computational Approach to Edge Detection,” IEEE
Transactions on Pattern Analysis and Machine Intelligence, vol. 8, no.
6, pp. 679-698, Nov. 1986.

R. C. Gonzalez and R. E. Woods, “Digital Image Processing”, 4th ed.
Pearson Education Limited, 2018.

R. Szeliski, “Computer Vision: Algorithms and Applications”. 2"
edition. 2022. [Online]. Available: http://szeliski.org/Book/

R. Hartley and A. Zisserman, “Multiple View Geometry in Computer
Vision”, 2nd ed. Cambridge, UK: Cambridge University Press, 2004.
C. Solomon, T. Breckon, “Fundamentals of Digital Image Processing:
A Practical Approach with Examples in Matlab”. Wiley-Blackwell,
John Wiley and Sons, Ltd. 2011.

Rajab, M.L, “Performance Evaluation of Image Edge Detection
Techniques”. Int. J. Comput. Sci. Secur.(lJCSS), 10(5), pp.170-185.
2016.

B. Bilal, A. Siti, O. Khairuddin, N. M. Faidzul. “Adaptive
Thresholding Methods for Documents Image Binarization”. 6718.
2011. 230-239. DOI : 10.1007/978-3-642-21587-2_25.

L. Roberto, A. Romaric, S. André, M. Rubens. “Chapter Six -
Morphological Image Processing”. Book: Microscope Image
Processing. 2™ edition. Academic Press. 2023, Pages 75-117, ISBN
9780128210499, https://doi.org/10.1016/B978-0-12-821049-
9.00012-5

J. MacQueen, "Some Methods for Classification and Analysis of
Multivariate Observations," Proceedings of the Fifth Berkeley
Symposium on Mathematical Statistics and Probability, 1967, pp. 281-
297.

I. Nurcahyati, T. H. Saragih, A. Farmadi, D. Kartini, and M. Muliadi,
“Classification of Lung Disease in X-Ray Images Using Gray Level
Co-Occurrence Matrix Method and Convolutional Neural Network”,
j.electron.electromedical.eng.med.inform, vol. 6, no. 4, pp. 332-342,
Aug. 2024.

H. Rezatofighi, et al., "Generalized Intersection Over Union: A Metric
and a Loss for Bounding Box Regression,” in 2019 IEEE/CVF
Conference on Computer Vision and Pattern Recognition (CVPR),
Long Beach, CA, USA, 2019 pp. 658-666. doi:
10.1109/CVPR.2019.00075.

M. N. Saad, Z. Muda, N. S. Ashaari and H. A. Hamid, "Image
segmentation for lung region in chest X-ray images using edge
detection and morphology,” 2014 IEEE International Conference on
Control System, Computing and Engineering (ICCSCE 2014),
Penang, Malaysia, 2014, pp. 46-51, doi:
10.1109/ICCSCE.2014.7072687.

P. Tiwari and S. Phulre, "Lung Image Segmentation and Compression
Using Deep Learning," 2024 International Conference on Advances in
Computing Research on Science Engineering and Technology

1877-0509,

174


https://jeeemi.org/index.php/jeeemi/index
https://doi.org/10.31961/eltikom.v8i1.1012
https://doi.org/10.1007/s00170-023-11054-4

Journal of Electronics, Electromedical Engineering, and Medical Informatics

Multidisciplinary: Rapid Review: Open Access Journal

Vol. 7, No. 1, January 2025, pp: 165-175; elSSN: 2656-8632

(ACROSET), Indore, India, 2024, pp. 1-5, doi:
10.1109/ACROSET62108.2024.10743495.

[37] Y. Cheng and B. Li, "Image Segmentation Technology and Its
Application in Digital Image Processing," 2021 IEEE Asia-Pacific
Conference on Image Processing, Electronics and Computers (IPEC),
Dalian, China, 2021, pp. 1174-1177, doi:
10.1109/IPEC51340.2021.9421206.

AUTHOR BIOGRAPHY

IMA KURNIASTUTI was born in Probolinggo,
™S Indonesia. She received the B.Eng. degree in
. Biomedical Engineering from  Universitas
Airlangga, Surabaya, Indonesia, in 2012, the

-
il

\ -—
) M.Eng. degree in Electrical Enggineering from
;/‘\ o Institut Teknologi Sepuluh Nopember Surabaya,
< A Indonesia, in 2015. Her major field of study
i

includes digital image processing, artificial
intelligent and application development. She is currently an Assistant
Professor in the Department of Information System at Universitas Nahdlatul
Ulama Surabaya, Surabaya, where she has been since 2015. She has
published extensively in reputable journals and conferences, with over 20
publications to her credit. Her current research interests are in artificial
inteligent for medical imaging, image segmentation and application
development. She is also an active reviewer for several IEEE international
conference and national journal.

TEGUH HERLAMBANG Teguh Herlambang
born in Surabaya, East Java, on November 22,
1987. The Bachelor of Science (S.Si) and Master
of Science (M.Si) degrees were obtained from the
Department of Mathematics, Institut Teknologi
Sepuluh Nopember (ITS) in 2010 and 2012. The
author started teaching at the Faculty of
Engineering, Universitas Nahdlatul Ulama
Surabaya (UNUSA) in 2013. In the same year, he
joined the doctoral program (S-3) at Institut Teknologi Sepuluh Nopember
by taking a concentration in the field of Unmanned Submarine Control
Systems, and received his Doctorate (Dr.) degree at the Faculty of Marine
Technology in 2016. He received a promotion to the functional position of
Associate Professor in 2023. The courses taught by the author in the
undergraduate program are Linear Algebra, Discrete Mathematics,
Statistics, Economic Mathematics, Algorithms and Programming, and
Operations Research. In addition, he also actively conducts researches on
Navigation and Control Systems, Numerical Computing, Forecasting,
Operations Research and Optimization, Modeling and Autonomous
Underwater Vehicel (AUV). He also received several research grants from
Kemenristekdikti and produced a number of indexed international
publications, and conducted joint researches with the ITS Mechatronics and
Industrial Automation Research Center of Excellence (PUI-PT MIA-RC
ITS) in the researches on Autonomous Underwater Vehicle (AUV),
Autonomous Surface Vehicle, ROV, Thruster, Finger Arm robot and several

other studies. Email: tequh@unusa.ac.id
completed her master’s degree in Electrical

£a
Engineering at Institut Teknologi Sepuluh

| s
>
V/} Nopember, Surabaya. Currently, she serves as an
‘ -
S T

TRI DEVIASARI WULAN She holds a bachelor's
degree in Biomedical Engineering from
Universitas Airlangga, Surabaya. In 2015, she

assistant professor in the Information Systems

Department at Universitas Nahdlatul Ulama

Surabaya. Her research interests lie in medical
image processing, where she explores innovative techniques to enhance the
analysis and interpretation of medical data. With a strong interdisciplinary
background and dedication to advancing healthcare technology, she
contributes significantly to both academia and the broader scientific
community, fostering advancements in medical imaging and its
applications.

Homepage: jeeemi.org

DIKE BAYU MAGFIRA holds a bachelor's
degree in Information Engineering from Bengkulu
University and a Master’s in Technology
Management from the Sepuluh Nopember
Institute of Technology, Surabaya. Her research
interests include artificial intelligence and
software development in website and mobile
application, focusing on innovative solutions to
address modern  technological  challenges.
Currently, she is a member of the teaching team at
Nahdlatul Ulama University, Surabaya, where she actively contributes to
academic development and research initiatives. With a strong foundation in
technology and a passion for advancing Al applications, she plays a vital
role in nurturing the next generation of technology professionals and driving
innovation in his field.

NUR SHABRINA MEUTIA was born in Mataram,
West Nusa Tenggara, Indonesia in 1995. She has
completed her undergraduate education in the

= Informatics Engineering Department of Mataram
N‘:’, University in 2017. In 2021 she received her

4 master’s degree in computer science from
> Information  System department in Institut
Teknologi Sepuluh Nopember. She is currently a

lecturer at Universitas Nahdlatul Ulama Surabaya. She is very enthusiastic
about the topic of information system management, both from the concept,
implementation, audit or assessment and other related sciences, and science
in the scope of Information Systems. She is very open to discussing new
things about management of information systems and can be contacted via
email: shabrinameutia@unusa.ac.id

HENDIK EKO SAPUTRO earned his bachelor's
degree in Nursing from Universitas Nahdlatul Ulama
Surabaya, Indonesia, where he also completed his
professional nursing education in 2019. With a
strong commitment to advancing healthcare, he is
currently an active member of the Research and
Community Center at Universitas Nahdlatul Ulama
Surabaya. His research interests focus on community
nursing and mental health nursing, areas where he
seeks to address critical healthcare challenges and
improve patient outcomes. Through his work, he strives to promote holistic
approaches to nursing care, fostering well-being in diverse populations and
contributing to the development of evidence-based practices in his field.

SABRINA IFAHDINI SORAYA graduated with a
bachelor's degree in Biomedical Engineering from
Universitas Airlangga, Surabaya, in 2012. She
earned her Master’s degree in Biomedical
Engineering from National Chiao Tung University,
Hsinchu City, Taiwan, where she also pursued and
completed her Ph.D. in Computer Science. Her
research interests include Artificial Intelligence, the
Internet of Things (loT), and Machine Learning,
reflecting her passion for innovative technologies. During her academic
journey, she actively contributed to a project at the Industrial Technology
Research Institute (ITRI) in Taiwan, further enhancing her expertise. Her
work bridges the fields of technology and healthcare, fostering
advancements in intelligent systems and connected devices.

175


https://jeeemi.org/index.php/jeeemi/index
mailto:teguh@unusa.ac.id

	I. INTRODUCTION
	II. PREVIOUS RESEARCHS
	III. METHODS
	A. DATA COLLECTION
	B. PREPROCESSING
	C. EDGE DETECTION
	D. SEGMENTATION APPROACH
	E. EVALUATION

	IV. RESULTS
	A. QUALITATIVE ANALYSIS
	B. QUANTITATIVE ANALYSIS

	V. DISSCUSSIONS
	REFERENCES

