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Introduction: The presence of pigmented skin lesions is a significant global 
concern in the prevention of skin cancer. Detecting skin cancer at an early 
stage is essential for proper management and effective treatment. This study 
aimed to combine image processing and data mining to develop an 
intelligent model to screen skin cancer from skin lesions. 

Material and Methods: The images were taken in a clinic by smartphone. 
Patients over 40 years of age participated in the study. During the 
segmentation phase, the lesions were separated from the original images 
through machine vision techniques. Various features such as symmetry, 
border irregularity, color variation, and diameter were extracted from the 
images, while some features were also obtained through face-to-face 
examination. Finally, a neural network was employed to classify whether the 
lesion was cancerous or non-cancerous. In addition, MATLAB version 2022 
was considered to design the model. 

Results: The study results indicated excellent segmentation. Using a neural 
network-based model, skin lesions were classified with a high level of 
accuracy, with 98.4% accuracy and 97% sensitivity. The results indicated 
the designed model significantly screened skin cancer with high accuracy. 

Conclusion: This model can help patients to manage self-care and become 
aware of their skin lesions before consulting a physician.  
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INTRODUCTION 

The skin is known as the largest external organ of the 
human body and is considered the first protective 
part of the body [1]. Any changes in the layers of the 
skin should be carefully examined because they could 
potentially be signs of skin cancer [2]. Skin cancer is 
a major health concern worldwide, with an 
increasing incidence rate and significant impact on 
public health. Early detection and diagnosis are 
crucial for effective treatment and improved 
outcomes [2]. 

 The number of people who have skin cancer is 
increasing [3], so that it is the most common cancer 
in the world [4], and it is the first cancer among men 
and also the second cancer among women [3]. 

According to World Health Organization, about 3 
million cases of non-melanoma skin cancer and more 
than 10,000 melanoma skin cancer cases occur 
worldwide yearly [3]. 

There are three main types of skin cancer: basal cell 
carcinoma (BCC), squamous cell carcinoma (SCC), 
and Melanoma. The most prevalent types are BCC and 
SCC, often known as non-melanoma skin cancers. In 
addition, the incidence of BCC and SCC continually 
rises as the population ages [4]. On the contrary, 
melanoma is a less common but more serious type 
that tends to metastasize to other parts of the body 
[5]. Skin cancer results from the abnormal growth of 
damaged skin cells [6]. The primary cause of this 
damage is overexposure to UV rays, but cancer can 
still develop in parts of the body that are not exposed 
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to sunlight [7]. Early skin cancer detection gives 
people the best chance for successful treatment [2].  

Although various methods have been suggested to 
differentiate benign melanocytic lesions from 
malignant melanoma, such as the ABCD rule 
developed by Stolz et al. [8], the seven-point checklist 
[9], the three-point checklist [10], and the CASH 
algorithm [11], with applying artificial intelligence, 
which is a non-invasive method, a significant change 
can be made in the early detection of skin cancer [12]. 

The important thing is the intelligent diagnosis of 
cancerous or non-cancerous skin lesions, which 
makes knowing the nature of the mole help people to 
determine the appropriate action. If the mole is 
confirmed to be non-cancerous, it can provide 
reassurance and peace of mind to individual. On the 
other hand, if it is cancerous, its early detection can 
lead to timely treatment and better or better results 
in the diagnosis of cancerous non-emptiness of 
people, which will prevent more health 
complications for those who do it. Early detection of 
a cancerous mole increases the chance of successful 
treatment. Skin cancer, such as melanoma, can 
metastasize and become life-threatening if not 
detected early and untreated. 

Also, the process of determining whether a mole is 
cancerous or non-cancerous educates individuals 
about the importance of regular skin checks, sun 
protection, and seeking medical advice for any 
changes in moles or skin lesions. Regular mole self-
examinations, along with screening, are key to early 
detection of any signs of skin cancer. 

Therefore, studies have shown that various 
intelligent diagnostic systems based on image 
processing have been applied to detect malignant or 
benign skin cancer [8-10]. The development of these 
systems underwent several stages, which included 
pre-processing, segmentation, feature extraction, and 
classification. Various techniques have been utilized 
in each step. For instance, image filters on input 
images as pre-process were commonly used to 
improve the accuracy of the segmentation, and the 
median filter that frequently uses a non-linear image 
filtering algorithm is often applied to smooth images 
of skin lesions and remove artifacts while preserving 
the lesion's border. This filtering is vital in achieving 
accurate segmentation [8-10]. Also, a presented 
gradient difference-based pre-processing technique 
was employed to find the hair pixels in the image and 
remove them [11]. In addition, studies have reported 
that good results were obtained when an anisotropic 
diffusion filter was used to smooth skin lesion images 
and remove artifacts without losing relevant 
information [12, 13]. Morphological filtering [14] was 
another method to remove image noise and enhance 
skin lesions in images. Furthermore, morphological 
filtering can also be employed for low-contrast 
border areas when lesion regions were detected 

previously [14]. Briefly, pre-processing and post-
processing were used to reduce artifacts and noise of 
images. Also, morphological operations were often 
applied to improve the accuracy of the obtained 
lesion region.  

Moreover, studies indicated that several techniques 
had been developed to aid the diagnosis of skin 
lesions in the segmentation stage. These techniques 
included threshold-based algorithms such as the 
Otsu, Fuzzy C-Mean [10], and Renyi entropy methods 
[11, 14], as well as active contour models [12, 15, 16], 
and mixed models, such as those proposed by Li et al. 
[17].  

For the feature extraction stage, properties such as 
asymmetry, border, color, and texture were extracted 
from the original RGB images [12]. In addition, 
statistical texture features using GLCM have been 
used as features [10], and multiple features of the 
lesion (hybrid texture features) were obtained based 
on the ABCD, GLCM, and LBP feature extraction 
methods [11]. 

In the last stage, several methods have been used to 
classify skin lesions, including decision trees [18], 
Bayesian learning-based methods [19], artificial 
neural networks [11], and SVM classifiers [10, 12, 
20]. Artificial neural networks have been proposed 
for complex pattern recognition problems, while SVM 
classifiers have good generalization and simplify non-
linear data separation using kernel functions. In 
addition, a study for the classification stage used the 
asymmetry, border, color, and diameter values to 
estimate the total dermoscopy score [9].   

To the best of our knowledge, research on pattern 
recognition on macroscopic images has still limited 
(previous studies was about dermoscopy images). 
Also, the gap that exists is that there is no established 
technique that can detect all three types of skin 
cancer. Therefore, this study aimed to develop an 
intelligent model that combines image processing, 
data mining, and machine learning. The goal was to 
screen skin cancer from skin lesions and help 
patients understand the status of their skin lesions. 

MATERIAL AND METHODS 

Participants  

It was a non-intervention and analytical study 
conducted on 125 patients, including 76 cancerous 
like melanoma, basal cell carcinoma, squamous cell 
carcinoma, and 49 non-cancerous such as normal 
mole (nevus), seborrheic keratosis, pyogenic 
granuloma (lobular capillary hemangioma). Patients 
had to meet specific criteria, including being at least 
40 years old (cancerous moles tend to appear more 
frequently after the age of 40), having one or more 
concerning skin lesions, and being willing to use a 
mobile camera for imaging the lesion to be eligible for 
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participating in the study. Patients with lesions on the 
lips, ears, scalp, or nails were excluded from the study 
because segmentation could not be done well due to 
many edges and hair. In addition, data was collocated 
from an Iranian dermatologist's office. The 
participants had written and signed an informed 
consent.  

Digital images 

A Samsung S8 smartphone camera was used to take 
digital images of skin lesions. The images were taken 
at a short distance from the skin lesion (about 15cm) 
with a resolution of 72. Also, any unnecessary areas 
from the images were cropped to focus solely on the 
lesion and its surroundings. Fig 1 illustrates a taken 
image.  

 

 Fig 1: a) Sample of clinical image. b) cropped image as input 
picture for the model 

Data gathering  

Images were taken when the patients refer to the 
physician's office before visiting the dermatologist. In 
addition to imaging, the data obtained from face-to-
face observation were recorded by the dermatologist. 
That data included information about skin lesions 
such as telangiectasia, shiny/pearly appearance, 
ulceration or open wounds, crusts or scales, and any 
differences in color. The diagnosis provided by the 
dermatologist, along with the skin biopsy and 
pathology report results, were considered as the gold 
standard for classifying skin lesions under cancerous 
or non-cancerous. 

Designing the model  

The model designing process consisted of three 
stages: pre-processing and lesion segmentation, 
feature extraction, and classification. 

Pre-processing of digital images and segmentation 

 The lesions were separated from the original image 
by segmentation using machine learning.  

In the first phase, RGB (original) image was 
converted into a grey-level image. Afterward, the 
Butterworth high-pass filter was applied. The steps of 
filtering in the frequency domain were as follows: 1-
Performing the Fourier transform operation; 2- 
selecting the filter function (the Butterworth high-
pass filter); 3- multiplying the filter in the Fourier 

transform; 4-computing the real component from the 
inverse of the Fourier transform.  

Once the pre-processing phase was complete, 
segmentation was done using an improved Otsu 
threshold method that involved converting the gray-
level image into a binary image via thresholding. This 
means that pixels with values below the threshold 
were considered zero, while all others were assigned 
one. In turn, this threshold was obtained based on the 
histogram. The improved Atsu algorithm was 
calculated as follows:  

The histogram of the input image was calculated. The 
components of the histogram were ci and i=0,1,2…L-
1 

The value of Pi was also calculated as follows: 

Pi=
𝑐𝑖

∑ 𝑐𝑖256
𝑖=0

     (1) 

Obtaining the cumulative sets of p1(k);  

p1(k)=∑ 𝑝𝑖256
𝑖=1     (2) 

Calculating the cumulative mean of m(k); 

∑ 𝑖 ∗ 𝑝𝑖256
𝑖=1     (3) 

The last number from the above matrix was stored in 
mg. 

Finally, the variance was calculated using the 
following formulas: 

𝜎𝐵
2(𝐾) =

[𝑚𝑔p1(k)−𝑀(𝐾)]2

𝑝1(𝑘)[1−𝑝1(𝑘)]
   (4) 

𝜎𝐵
2(𝐾∗) = 𝑚𝑎𝑥0≤𝑘≤𝐿−1𝜎𝐵

2(𝑘)  (5) 
The formula 5 indicates that the maximized variance 
was the threshold that provided the best separation 
between groups based on their intensity values. 

After binarizing the image with the appropriate 
threshold, the median filter was used to remove 
noise, and then morphological filters (bottom-hat, 
erosion, and dilation) were performed to remove hair 
from the lesion. Morphological filtering was used to 
improve the quality of the segmentation results. 

 Features extraction  

The extraction of features was a critical step in 
distinguishing between cancerous and non-
cancerous images. Once the images were segmented, 
machine vision techniques extracted various metrics, 
including symmetry, border irregularity, color 
variegation, and diameter. 

 Symmetry 

Dermatologists believe melanomas develop 
irregularly, which means they are asymmetrical, 
whereas benign tumors are symmetrical. Therefore, 
symmetry was one of the most important features of 
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the model. 

We utilized the MATLAB regionprops function, 
including the "centroid" and "orientation" 
arguments, to determine the regional descriptor. It is 
appropriate to mention that the centroid specifies the 
coordinates of the center of mass of the region, and 
the orientation is the angle between the x-axis and 
the main axis of the ellipse related to the region. Once 
the centroid of an object of an image was found, it was 
translated to the center and folded. Then, the 
asymmetry degree of the object was calculated as 
follows: 

Equation 6 was used to calculate the asymmetry 
index.  

AS=
∆𝑇

𝑇
     (6) 

where ΔT is the difference of non-overlapping area, 
and T is the total area of the object. 

Border irregularity 

We also used the concept of border irregularity to 
provide an overview of the edge type presented in 
the lesion. The irregularity parameter in a lesion is a 
significant factor when evaluating a malignant lesion. 
The compactness index based on equation 7 was 
employed to quantify irregularity. 

CI=
𝑃𝐿
2

4𝜋𝐴𝐿
     (7) 

where PL is the perimeter lesion, the AL represents 
the area of the lesion. 

The bwperim was used to detect edges and 
determine the PL value. 

Color variegation 

Machine vision methods were used to obtain color 
variation based on this rule that a lesion is considered 
to have a suspicious color if the number of pixels 
belonging to that color exceeds 5% of the total 
number of pixels in the lesion. The six suspicious 
colors include white, black, red, light brown, dark 
brown, and blue-gray [9]. 

 It is worth noting that it was difficult to distinguish 
the shade spectrum of dark and light brown colors for 
some images that had low resolution and brightness. 
To address this, we noted the presence of two or 
more colors in the image and marked the 
corresponding box during the examination. 

Diameter 

The diameter of a skin lesion is measured using 
Feret's diameter, which involves finding the distance 
between two parallel tangents at the contour of the 
lesion located on opposite sides of the object at an 
arbitrarily selected angle.  

To calculate the diameter of a lesion, we followed the 
algorithm outlined below: 

1 .Determining the coordinates (x, y) of each pixel of 
the lesion perimeter 

2. Calculating the distance between each pair of 
points 

3 .The maximum of these distances was considered 
as the diameter 

Classification  

MATLAB version 2022 was utilized to model the 
system. The obtained data was divided as follows: 
70% for training, 15% for validation, 15% for testing, 
and 30% for validation and testing. The input 
included nine diagnostic factors, as shown in 0. In 
addition, the matrix transformation was employed 
for proper alignment. Also, the neural network 
output provided a value to determine if the lesion was 
cancerous or non-cancerous. ‘Zero’ indicated a non-
cancerous lesion, while ‘one’ showed a cancerous 
lesion (Table 2). 

Table 1: Features vector 

Feature  Description 

Ulcer or gap or 
open wound 

If there was an ulcer, open wound 
or gap in lesion, user ticked this 
item- value 1 is considered for the 
presence of a wound and 0 for the 
absence 

Telangiectasia  

Tiny blood vessels that look 
spidery (telangiectasias). value 1 is 
considered for the presence of a 
telangiectasia and 0 for the 
absence 

Pearl 
around/shiny 

If these is a shiny bump or nodule 
with pearly around, ticked this 
checkbox, and consider 1 value for 
it 0 value is for not seen 

Crust/scaly 

If there was a crust or scaly, user 
ticked this item- value 1 is 
considered for the presence of a 
crust and 0 for the absence of it 

asymmetry 
Obtained by machine vision 
techniques 

Compactness 
index 

Obtained by machine vision 
techniques 

Different colours 
Obtained by machine vision 
techniques 

Diameter  
Obtained by machine vision 
techniques 

Two or more 
color 

Value 1 is considered for the 
presence of a two color or more 
and 0 for the one color 
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Table 2: Classification types 

Type Explanation/definition Classification 
Melanoma, 
basal cell 
carcinoma, 
squamous 
cell 
carcinoma 

When result of lesion 
is malignant 

Malignant 

Nevus 
(normal 
mole), 
pyogenic 
granuloma, 
seborrheic 
keratosis 

When result of lesion 
is benign 

Benign 

Performance Measurement 

The classification characteristics, including accuracy, 
specificity, sensitivity, and F1- score were used to 
measure the model's performance. 

Accuracy: It refers to the total number of records that 
are correctly classified by the classifier. 

Accuracy=
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝐹𝑃+𝐹𝑁+𝑇𝑁
   (8) 

Sensitivity: Refers to the true positive rate  

Sensitivity =
𝑇𝑃

𝑇𝑃+𝐹𝑁
   (9) 

Specificity: Indicates the rate at which a test or 
diagnostic method sets a correct diagnosis for a 
patient who is not ill. 

Specificity= 
𝑇𝑁

𝑇𝑁+𝐹𝑃
   (10) 

F1- score= 
2×𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛×𝑟𝑒𝑐𝑎𝑙𝑙

𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑟𝑒𝑐𝑎𝑙𝑙
  (11) 

where 

 TP = True Positive; stands for malignant 
lesions correctly identified as malignant. 

 TN = True Negative; determines benign 
lesions correctly identified as benign. 

 FP = False Positive; stands for malignant 
lesions incorrectly identified as benign. 

 FN = False Negative; stands for benign 
lesions incorrectly identified as malignant. 

RESULTS 

The results obtained from the design stage showed 
that the neural network could classify skin lesions 
accurately. By employing image processing 
techniques, the system could identify characteristics 
such as color, diameter, asymmetry, and irregular 
borders that can be signs of skin cancer. Fig 2 
provides a visualization of the model. 

 

Fig 2: Proposed System GUI a) view of a cancerous sample. b) 
view of non-cancerous sample 

As shown in Fig 3, the segmentation of cancerous 
samples was performed accurately. The proposed 
algorithm (Fig 2) could accurately classify skin 
lesions using macroscopic images captured by a 
smartphone camera. 

 

Fig 3: The result of segmentation for two samples 

The results obtained from the model training 
indicated an accuracy of 98.4%, with a sensitivity of 
97%, specificity of 100%, and F1-score of 0.97 (Fig 4, 
5).  

 

Fig 4: Performance diagram 
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Fig 5: Confusion matrix 

DISCUSSION  

Having information that a skin lesion is cancerous or 
non-cancerous and visiting a physician in the early 
stage can facilitate the treatment [11]. Therefore, in 
line with the results of this study, a study has shown 
that an automated cancer detection system with high 
accuracy could help to classify skin lesions [12]. In 
addition, the study revealed that the proposed model 
had a higher specificity rate than sensitivity. This 
result suggested that the model performed 
exceptionally well, as any errors were limited to 
classifying non-cancerous cases as cancerous. Such 
errors do not pose a risk to human health. 

We utilized several segmentation techniques, 
including Otsu, to accurately separate the lesion from 
its surroundings. These methods produced positive 
results and aligned with previous studies' findings 
[13, 14]. Ozkan's research also supported the 
effectiveness of artificial neural networks (ANN) in 
classifying skin lesions [12]. It is important to note 
that an AI-assisted diagnosis should not be used as a 
substitute for a dermatologist's professional opinion 
and cannot provide an official diagnosis. However, 
our model can provide users with advice based on 
image assessment to help them increase their 
awareness about skin health. It also assists in 
monitoring potential skin issues and recommends 
visiting a dermatologist if necessary.  

 Selecting appropriate features plays a fundamental 
role in accurate classification. Irrelevant features can 
negatively impact the accuracy of any model. Some 
studies have reported proper features based on 
shape properties, color variation, and texture 
analysis using various feature extraction methods, 
resulting in good results [12, 16]. Consistent with 
these studies, we also employed these features as 

input to give a highly accurate classification of skin 
lesions. 

Dermoscopic images have been widely used in 
pattern recognition of pigmented skin lesions due to 
their detailed visualization of pigmentation patterns 
on the lesion's surface [7, 13, 14, 17-21]. However, 
these images require specialized equipment. As a 
novelty, this study utilized digital images taken with 
smartphone cameras, known as macroscopic images, 
which are more easily accessible due to the 
widespread availability of mobile phones. In addition, 
classifying skin lesions through a smartphone camera 
can be difficult due to various factors such as angle, 
distance, illumination, and artifacts. For example, the 
lesion diameter is a potential feature for diagnosis 
but taking pictures at the same distance is important. 
However, the study has shown promising results 
despite these challenges. Cheng's study reported the 
presence of telangiectasia in dermatoscopic images, 
founding that this feature was not observable in 
macroscopic images [22]. Also, a study showed that 
the Chan-Vese model and SVM classifier were applied 
for extracting lesion features and distinguishing 
between various skin lesions using macroscopy 
images. This approach achieved good segmentation 
and classification and could detect melanoma and 
non-melanoma [23]. In contrast, as an advantage, the 
proposed model could see several types of skin 
cancer. It should be noticed that each type of skin 
cancer has different characteristics [24]. Therefore, 
determining whether a lesion is cancerous or non-
cancerous requires different parameters. 

CONCLUSION  

In conclusion, the model was developed by 
combining machine vision and machine learning to 
accurately distinguish and categorize skin lesions. 
This system can aid people in taking care of 
themselves before seeking medical advice and 
alleviating anxieties. Additionally, the model can be 
utilized to assess skin lesions for individuals who are 
concerned and promptly refer those with cancer for 
subsequent treatment. 

The study of pattern recognition in macroscopic 
images remains limited. Future research on 
segmenting and classifying pigmented skin lesion 
images should focus on exploring novel methods to 
develop more efficient and effective systems for 
improved computational diagnosis based on 
macroscopic images. 

Limitations  

Although the proposed approach demonstrated 
promising results, the small sample size was the major 

limitation. In addition, some factors, such as color 
differentiation and certain features like holes or 
pearly regions, could not be automatically measured 
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using machine vision techniques, so they were 
entered manually. Moreover, since some features, 
such as the depth or superficiality of the lesion, were 
complex for patients to recognize and understand, 
they were not included in the model. Despite these 
omissions, the model still achieved high accuracy in 
diagnosing skin lesions. 
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