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Delayed diagnosis and treatment of melanoma are associated with poorer prognosis. The 

ABCDE criteria (asymmetry, border irregularity, color variation, diameter, and evolution) 

are widely used to support early clinical assessment, enabling earlier intervention and 

potentially reducing the risk of disease progression. In this study, we proposed a 

convolutional neural network (CNN)-based approach that integrates shape, color, texture, 

rotation, and feature extraction as input features to classify melanoma and non-melanoma 

with higher accuracy. The dataset consists of dermoscopic images divided into two classes: 

melanoma and non-melanoma. A total of 95 images are used for training and 60 images 

for testing, with a balanced class distribution in the testing set. Experimental results show 

that the use of rotation during preprocessing improves classification performance. The 

proposed method achieves 94.6% accuracy, compared to 85.4% without rotation. To 

assess statistical reliability, a 95% confidence interval is reported, indicating that the 

performance improvement remains consistent despite the limited dataset size. 

Keywords: 

melanoma detection, convolutional neural 

network, rotation invariance, binary 

classification, data augmentation, skin cancer 

1. INTRODUCTION

Melanoma is a kind of skin cancer. It originates from 

melanocytes, or color-producing skin cells (melanin). 

Melanoma is the most aggressive kind and can cause serious 

illness if not treated quickly due to its ability to migrate 

(metastasize) to other areas of the body. Although the exact 

origin of melanoma is still unknown, the most widely accepted 

theory is that it arises from a combination of genetic 

predisposition and ultraviolet (UV) exposure (sun/sunbed). 

Melanoma may be more likely to develop in people who are at 

risk: those with lighter skin types, those who have had sunburn 

in the past, those with multiple or unusual moles, those with a 

weakened immune system, or those with a family history of 

melanoma. The majority of melanomas may begin as a new 

mole or as an alteration in an existing mole that is asymmetric 

or discolored, with an irregular or jagged edge. Melanomas 

can vary in size, but grow progressively through time. 

Nonetheless, some melanomas can start in a region of skin that 

appears to be otherwise normal. Early identification is crucial 

to the successful treatment of melanoma. 

A significant factor in assessing a skin lesion's risk of 

melanoma is its color. When physicians evaluate for 

melanoma, they will note the presence of different shades of 

color as an important diagnostic feature. Melanomas typically 

have significant color variation within a skin lesion. The 

differences can include shades and colors. To properly classify 

skin lesions, the model evaluates all skin colors (see Figure 1). 

In this study, the classification task focuses on distinguishing 

melanoma from non-melanoma skin lesions. 

Figure 1. The difference between basal cell, squamous cell, 

melanoma and merkel cell 

A mole or skin lesion with various colors present or 

numerous colors distributed unevenly may be a symptom of 

melanoma [1]. It is crucial to remember that relying solely on 

color for diagnosis is insufficient; other traits, including 

asymmetry, border irregularity, color variation, diameter, and 

evolution (ABCDE steps), are also considered [2]. A 

dermatologist or other healthcare expert must perform a 

thorough examination for a precise diagnosis, as color alone is 

insufficient [3]. In cases of melanoma, early detection and fast 

treatment offer the highest prospects for excellent outcomes. 

Melanoma can cause death if it is not identified and treated [4]. 

Early identification and treatment can facilitate the 
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implementation of appropriate protocols, reducing the risk of 

cancer metastasis and improving patient outcomes [5]. The 

incidence of melanoma is relatively low compared to other 

dermatologic diseases, yet it causes more than 81% of skin 

cancer deaths [6]. One of the global burdens of malignancies 

that worsens each year is the prevalence of skin cancer, with 

melanoma being the deadliest type [7]. Melanoma has a high 

mortality rate; it's important to find it early so it may be 

appropriately and quickly treated [8]. 

Dermoscopy was developed to enable more efficient and 

effective melanoma detection. Using dermoscopy, skin lesions 

can be viewed at higher magnification with adequate lighting, 

providing a clearer image [9]. When surface reflections are 

removed, skin lesions become easier to view. However, 

several obstacles remain for automatic detection of melanoma 

from dermoscopy images today [10]. The reason is that there 

is very little contrast between melanoma and the surrounding 

normal skin, making it quite difficult to segment lesions 

accurately [11]. Finally, there is considerable visual overlap 

between melanoma and other non-melanoma lesions, making 

it difficult to differentiate between melanoma and other skin 

lesions [12]. 

Even though there have been developments in the field of 

deep learning regarding the analysis of skin lesions, 

differentiating melanoma from non-melanoma skin lesions 

remains difficult due to their visual similarity, a deficiency of 

available datasets, and the variability of lesions when analysed 

with a single image across multiple orientations in conjunction 

with the lack of large scale databases means that many of the 

studies conducted so far are not readily transferable to limited 

data scenarios. 

2. LITERATURE REVIEW

Despite the challenges of processing skin lesion images, 

researchers have developed various autonomous melanoma 

detection systems that deliver fast, accurate results. Diagnostic 

accuracy is hindered by common artifacts, such as hair within 

or around the lesion, as well as variations in lesion size, color, 

shape, and vascularity. An example that makes it difficult to 

detect melanoma is the presence of image disturbances (such 

as the presence of hair, blood, or oil droplets), as shown in 

Figure 2 [8]. Researchers can perform the classification 

process using a convolutional neural network (CNN) [13]. 

The zone of interest for further processing in a dermoscopy 

image of a skin lesion is a single, confined spot, typically 

recognizable by its different color or texture from the 

surrounding healthy skin. Segmenting the lesion entails 

dividing it into the affected and unaffected portions of the skin. 

Lesion segmentation is a crucial step in the analysis of 

dermoscopy images because it enables the detection of 

numerous global morphological aspects unique to the lesion 

and simultaneously creates a constrained region for the later 

segmentation of various local clinical features [14]. 

The border or boundary of the divided region also offers 

features that can be used to analyze the lesion. A zone of 

normal skin is also provided by correctly identifying the non-

lesional area and avoiding artifacts that may be present in 

some photos, thereby allowing the calculation of relative 

colors and other helpful characteristics. 

Figure 3 is a basic block diagram for the detection of 

melanoma skin cancer. Raw images are usually pre-processed 

to eliminate the possibility of defects in skin image recording. 

The second process is quite important, namely segmentation 

[15]. The segmentation process will separate the image 

background from the melanoma-affected skin. The feature 

extraction process is used to see the color or find the border of 

the melanoma. The classification process determines whether 

the segmented images contain melanoma. Support Vector 

Machine (SVM), K-Nearest Neighbors (K-NN), Naïve Bayes 

Classifier, Radial Basis Function (RBF), Classification and 

Regression Trees (CART), feature fusion, and Artificial 

Neural Networks (ANN) were among the classification 

methods employed for cancer diagnosis. [16, 17]. Previous 

studies have used the Color Correlogram and SVM framework 

to detect melanoma [18, 19]. 

Figure 2. Common image interferences in skin lesion 

detection: hair, blood, and oil droplets [8] 

Figure 3. Basic processes for the detection of melanoma skin 

cancer 

Figure 4. Dataset preprocessing step 
Adapted from Ottom [20] 
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Figure 5. Convolutional neural network (CNN) architecture 

model designed  
Adapted from Ottom [20] 

Figure 6. Training data process flow 
Adapted from Refianti et al. [21] 

Ottom [20] conducted a study, which built a computer 

model to detect and predict melanoma. Figure 4 shows the 

preprocessing steps performed for segmentation, including 

bilateral filtering, grayscale conversion, thresholding, and 

edge detection. 

After preprocessing, the training dataset is fed into the CNN 

model. Figure 5 depicts the CNN architecture, which consists 

of four fully connected layers, 3 pooling layers, and 3 

convolutional layers. The process consists of 2D convolution, 

up to 2D pooling, flattening, and density.  

Ottom [20] employed a CNN-based deep learning 

architecture to analyze melanoma skin cancer images. Using 

2,000 images from the International Skin Imaging 

Collaboration (ISIC) dataset, his methodology involved image 

preprocessing to isolate the region of interest (ROI), followed 

by data augmentation to expand the dataset to 3,000 images 

per class. The created dataset was used to train a deep learning-

based architecture comprising multiple layers, including 

convolutional, pooling, and fully connected layers. The model 

was tested on the training data set and achieved an accuracy of 

0.74 on the test set. 

In the science experiment [21], the training data set for a 

CNN model was created by processing training data using the 

following steps: Reading epoch data, reading batch size data, 

reading example data set images, resizing example data set 

images, generating an augmented data set, creating a CNN 

model, training the CNN using the augmented data set, saving 

the trained CNN model, plotting the training results (Figure 6). 

There are two main steps in classifying melanoma skin 

cancer images using CNN frameworks: first, train a dataset to 

develop a machine learning (ML) model [22]. Once 

researchers develop the ML model, they use the training 

dataset to initialize it and begin prediction. They then use the 

model’s outputs to evaluate accuracy. 

Overall, the accuracy of the training data during the 

experiment's training phase reached a maximum of 93%. The 

accuracy rate was calculated from 154 photographs, with 91% 

at 50 training epochs and 93% at 100 training epochs. The test 

results for training with 176 photographs and 50 epochs 

achieved 95% accuracy, and with 176 photographs and 100 

epochs, 100% accuracy [21]. This data is collected in various 

ways, such as with remote sensors using IoT [23]. 

Figure 7. CNN model 
Adapted from Alshawi and Musawi [24] 

In 2023, a CNN-based ensemble learning approach was 

used for melanoma detection [24]. The following ensemble 

learning methods have been used to train classifiers on 

melanoma images: AdaBoost, random forests, voting 

classifiers with CNNs, boosted SVMs, and boosted Gaussian 

mixture models (GMMs). These methods address key 

challenges such as image misclassification, overfitting to the 

training dataset, and overall accuracy improvement. 

Figure 7 is an example of the CNN architecture created by 

Alshawi and Musawi [24], which includes: Input Image, 
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Image Synthesis, Convolution, Rectified Linear Unit (ReLU), 

Batch Normalization (BN), Dropout, Flattening, Dense Layer, 

and Softmax Output. The Boosted SVM and Adaboost 

classifiers both achieve higher accuracy than the Boosted 

GMM, Random Forest, or Voted Classifier Methods on the 

dataset's six classes. The ensemble CNN achieves an accuracy 

of 98.67%, which is better than that of Boosted GMM, 

Random Forest, and Voted Classifier Methods. The ensemble 

classifiers take a considerable amount of time to execute, but 

they are easier to train than the more complicated network.  

3. METHODOLOGY

The ABCDE rule is a commonly accepted clinical set of 

parameters for identifying skin lesions that may be consistent 

with melanoma. Dermatologists and radiologic services 

typically assess lesions using parameters that distinguish 

melanoma (lesions) from non-malignant moles (nevus). Each 

letter in the ABCDE rule has meaning in describing visual 

characteristics observable in photos or during physical exams 

[25]. 

3.1 Asymmetry 

Benign moles tend to be symmetrical; if cut in half, the left 

side would closely resemble the right. In contrast, melanoma 

lesions are often asymmetrical, as the two sides of the lesion 

are not highly similar. This difference is typically due to 

uncontrolled growth patterns in malignant cells and the 

irregularities they cause. 

3.2 Border 

Typically, benign moles have smooth edges and form a 

distinct, easily identifiable outline. Melanoma lesions tend to 

have irregular, jagged, or poorly defined edges; for example, 

they may show scalloping, notching, or poorly defined 

outlines due to abnormal, rapid cell growth into adjacent skin 

tissue. 

3.3 Colour 

The majority of moles appear as a single solid colour and 

are generally brown. Whereas melanoma may show multiple 

colours, including brown, black (or charcoal), white, red, blue, 

or grey, and many more significant colours within the same 

mole. In addition to multiple colours, very few moles show 

any variation in colour (or melanin distribution) will could 

indicate that the cells of the mole have changed due to 

cancerous activity. 

3.4 Diameter 

Another criterion for determining whether a mole is a 

melanoma is its diameter. Typical benign moles rarely exceed 

6 mm (roughly the size of a pencil eraser), while melanoma is 

typically larger than 6 mm. The size of moles/lesions is 

assessed in conjunction with one of the other four criteria 

defined in the ABCD criteria. 

3.5 Evolution (Change) 

The term evolution refers to changes in a mole's appearance 

or characteristics over time. This includes changes in size, 

shape, colour, height/flatness (elevation), and/or other 

symptoms (such as itching and/or bleeding). Monitoring moles 

over time to detect changes in appearance (or characteristics) 

is very important for diagnosing melanoma. 

Figure 8. Proposed CNN system architecture 

This research presented a CNN-based deep learning 

framework for the binary classification of melanoma and non-

melanoma skin lesions; see the overall workflow of the 

proposed method in Figure 8. The overall method followed a 

four-stage process: image acquisition, image preprocessing, 

image rotation augmentation, and classification using the 

CNN. 

The sample database included images of skin lesions, 

divided into 2 groups: melanoma and non-melanoma. In the 

complete data set, 125 dermatoscopic images were used for 

training, and an additional 60 for testing. To achieve a fair 

comparison, both test sets were balanced, with 30 melanoma 

and 30 non-melanoma images. Each image was labeled to 

ensure proper classification. 

Preprocessing was applied to standardize input images and 

improve model performance. The following steps were 

performed: 
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• Image resizing to 224 × 224 pixels

• Normalization of pixel values to the range [0,1]

• Noise reduction to minimize artifacts such as hair and

illumination variations

These steps ensure that all images are consistent before 

being processed by the CNN model. Image rotation allowed 

the same lesion to be viewed from different angles. Since not 

all template images shared the same orientation, rotation was 

necessary for robust feature extraction [26]. The rotation 

process required the rotation angle and the center point. The 

transformation equations were used to obtain the rotated 

coordinates (x2, y2) of a point (x1, y1) rotated around the center 

(x0, y0). 

Rotating an image allowed it to be viewed from different 

angles. Image rotation was used to improve prediction 

accuracy and was applied incrementally [27]. It was used to 

transform the positions of (x1, y1) into (x2, y2), as defined in 

Eqs. (3) and (4). 

𝑥2 = (𝑥1 − 𝑥0) cos(𝜃) + (𝑦1 − 𝑦0)sin⁡(𝜃) (1) 

𝑦2 = −(𝑥1 − 𝑥0) sin(𝜃) + (𝑦1 − 𝑦0)cos⁡(𝜃) (2) 

Each image is rotated around the center point (x0, y0) = (0, 

0).  

𝑥2 = (𝑥1) cos(𝜃) + (𝑦1)sin⁡(𝜃) (3) 

𝑦2 = −(𝑥1) sin(𝜃) + (𝑦1)cos⁡(𝜃) (4) 

The input layer process comes first and takes the form of 

input sequences x1, x2,..., xn, where n is the total number of 

features in the dataset and x is a feature. The convolution 

operation comes next.  

The proposed CNN architecture is designed for binary 

classification of skin lesions. The network takes a 224 × 224 

RGB image as input. 

The architecture consists of: 

• Three convolutional layers with 3 × 3 kernels. The

focus of this progression will be feature detectors,

which act as the neural network's filters, in essence:

(𝑓 ∗ 𝑔)(𝑡) = ⁡∫ 𝑓(𝜏)(𝑡 − 𝜏)𝑑𝜏
∞

−∞

 (5) 

• ReLU activation function:

𝑓(𝑥) = max⁡(0, 𝑥) (6) 

• Max-pooling layers (2 × 2) after each convolution

• Flatten layer

• Fully connected layers with 128 and 64 neurons

• Softmax output layer

𝑃(𝑦𝑖) =
𝑒𝑧𝑖

∑ 𝑒𝑧𝑗2
𝑗=1

The model is designed to be lightweight to reduce 

overfitting due to limited training data. The training process 

aims to minimize classification error while maintaining 

generalization performance. The model is trained using: 

• Optimizer: Adam

• Learning rate: 0.001

• Loss function: Binary cross-entropy

• Batch size: 16

• Epochs: 50

The trained CNN models were evaluated by classifying new 

dermoscopic images as either melanoma or non‑melanoma. 

The impact of rotation was investigated by classifying images 

in their original and rotated formats, with the results analyzed 

to determine whether classification accuracy improved. Each 

model's performance was measured by its accuracy, precision, 

and recall from its confusion matrix; 95% confidence intervals 

were provided for each metric to assess statistical reliability 

using the standard normal approximation. 

4. RESULTS

The dataset was divided into training and testing sets. A 

total of 95 images were used for training, while 60 images 

were used for testing. The testing set was balanced, consisting 

of 30 melanoma images and 30 non-melanoma images, to 

ensure a fair and unbiased evaluation. The images were 

obtained from the ISIC and selected based on label availability 

and image quality. Rotation-based data augmentation was 

applied only to the training set. The assessment uses precision, 

recall, and accuracy calculations using Eqs. (7)-(9), as shown 

in Table 1 [28]. 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
× 100% (7) 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
× 100% (8) 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
× 100% (9) 

Table 1. Confusion matrix 

Matrix 

Actual Class 

Melanoma 
Non-

Melanoma 

Prediction 

Class 

Melanoma 
TP (True 

Positive) 

FP (False 

Positive) 

Non-

Melanoma 

FN (False 

Negative) 

TN (True 

Negative) 

Based on Table 2 with 60 images tested without rotation ( 

= 0 degrees), there are 51 correct and 9 incorrect images in 

classification. The results in the confusion matrix are shown in 

Table 3. 

Table 2. Experiment without rotation (rotation  = 0 deg) 

No. Category Result Answer 

1 M M True 

2 M M True 

3 M M True 

4 M M True 

5 M M True 

6 M M True 

7 M M True 

8 M M True 

9 M M True 

10 M M True 

11 M M True 

12 M M True 
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13 M M True 

14 M M True 

15 M Non M FALSE 

16 M M True 

17 M M True 

18 M M True 

19 M M True 

20 M M True 

21 M Non M False 

22 M Non M False 

23 M M True 

24 M M True 

25 M M True 

26 M M True 

27 M Non M False 

28 M M True 

29 M M True 

30 M M True 

31 Non M NON M True 

32 Non M Non M True 

33 Non M Non M True 

34 Non M Non M True 

35 Non M Non M True 

36 Non M Non M True 

37 Non M Non M True 

38 Non M Non M True 

39 Non M Non M True 

40 Non M Non M True 

41 Non M M False 

42 Non M Non M True 

43 Non M Non M True 

44 Non M Non M True 

45 Non M M False 

46 Non M Non M True 

47 Non M Non M True 

48 Non M Non M True 

49 Non M Non M True 

50 Non M Non M True 

51 Non M M True 

52 Non M Non M True 

53 Non M Non M True 

54 Non M Non M True 

55 Non M M False 

56 Non M Non M True 

57 Non M M False 

58 Non M Non M True 

59 Non M Non M True 

60 Non M Non M True 
M = Melanoma, Non M = Non-Melanoma 

Table 3. Confusion matrix 1 results 

Matrix 
Actual Class 

M Non M 

Prediction Class 
M TP = 26 FP = 5 

Non M FN = 4 TN = 25 
Note: Precision = (26/31) × 100% = 83.9%; Recall = (26/30) × 100% = 

86.7%; Accuracy = (26+25) / 60 × 100% = 85%; Specificity = 25 / (25 + 5) 

= 83.3%; F1 = 85.2% 

The confusion matrix above yields 83.9% precision, 86.7% 

recall, and 85% accuracy. 

Table 4. Experiment with rotation ( = 10 deg) 

No. Category Result Answer 

1 M M True 

2 M M True 

3 M M True 

4 M M True 

5 M M True 

6 M M True 

7 M M True 

8 M M True 

9 M M True 

10 M M True 

11 M M True 

12 M M True 

13 M M True 

14 M M True 

15 M M True 

16 M M True 

17 M M True 

18 M M True 

19 M M True 

20 M M True 

21 M M True 

22 M M True 

23 M M True 

24 M M True 

25 M M True 

26 M M True 

27 M Non M FALSE 

28 M M True 

29 M M True 

30 M M True 

31 Non M Non M True 

32 Non M Non M True 

33 Non M Non M True 

34 Non M Non M True 

35 Non M Non M True 

36 Non M Non M True 

37 Non M Non M True 

38 Non M Non M True 

39 Non M Non M True 

40 Non M Non M True 

41 Non M Non M True 

42 Non M Non M True 

43 Non M Non M True 

44 Non M Non M True 

45 Non M M FALSE 

46 Non M Non M True 

47 Non M Non M True 

48 Non M Non M True 

49 Non M Non M True 

50 Non M Non M True 

51 Non M Non M True 

52 Non M Non M True 

53 Non M Non M True 

54 Non M Non M True 

55 Non M M FALSE 

56 Non M Non M True 

57 Non M Non M True 

58 Non M Non M True 

59 Non M Non M True 

60 Non M Non M True 
M = Melanoma, Non M = Non-Melanoma 

Based on Table 4, with 60 images tested using rotation  = 

10 deg, there are 57 correct images and 3 incorrect images in 

classification. The result in the confusion matrix is shown in 

Table 5. 

According to Table 6, the confusion matrix yields a 

precision of 93.5%, a recall of 96.7%, and an accuracy of 95%. 

To evaluate the statistical reliability of classification 

performance, 95% confidence intervals (CIs) were calculated 

using Wilson score intervals. Wilson's method provides more 

reliable estimates, especially for relatively small sample sizes. 
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Table 5. Confusion matrix 2 results 

Matrix 
Actual Class 

M Non M 

Prediction Class 
M TP = 29 FP = 2 

Non M FN = 1 TN = 28 
Note: Precision = (29/31) × 100% = 93.5%; Recall = (29/30) × 100% = 

96.7%; Accuracy = (29+28) / 60 × 100% = 95%; Specificity = 28 / (28 +2) = 

93.3%; F1 Score = 95% 

Table 6. Performance comparison across 5 runs 

Run 
(Without Rotation) With Rotation 

Accuracy Precision Accuracy Precision 

1 85.0% 83.9% 95.0% 93.5% 

2 86.0% 84.5% 94.0% 92.8% 

3 84.0% 82.5% 93.0% 91.5% 

4 87.0% 85.2% 96.0% 94.6% 

5 85.0% 83.8% 95.0% 93.2% 

Mean ± 

Std 
85.4 ± 1.1 

83.98 ± 

1.0 
94.6 ± 1.1 

93.12 ± 

1.1 

p̂ =
𝑥

𝑛
=
57

60
= 0.95 

𝑧 = 1.96⁡(for⁡95%⁡confidance) 

𝑀𝑎𝑟𝑔𝑖𝑛 =
𝑧

1 +
𝑧2

𝑛

√
𝑝̂(1 − 𝑝̂)

𝑛
+

𝑧2

4𝑛2

Lower bound = 0.863 

Upper bound = 0.984 

CI = [86.3%, 98.4%] 

Based on the Wilson score interval, the 95% confidence 

interval for the classification accuracy is [86.3%, 98.4%]. This 

indicates that, with 95% confidence, the true accuracy of the 

model on unseen data lies within this range. The relatively 

wide interval reflects the limited size of the test dataset, but 

still demonstrates that the model achieves consistently high 

performance. 

5. CONCLUSIONS

Skin lesions are assessed via image processing to determine 

the possibility of melanoma. The digital images of skin lesions 

must be high-quality and well-lit to enable accurate analysis. 

To support accurate analyses, preprocessing techniques will be 

used to improve image quality and reduce noise and artifacts. 

To find the ROI, or the part of each image that corresponds 

with a skin lesion, the classification process is performed on 

each image. In this study, an algorithm that uses a CNN for 

classification has been developed. Once the skin lesion area 

has been segmented, important image features representing its 

visual characteristics, including colour, texture, shape, and 

asymmetry, will be extracted. Based on the extracted visual 

characteristics, skin lesions will be classified as either benign 

or potentially malignant. The extracted features will also be 

used to classify whether a skin lesion is melanoma or not using 

a CNN classifier.  

According to the experimental results, the preprocessing 

step does improve melanoma classification accuracy when a 

rotation algorithm is included. The use of rotation increased 

melanoma detection accuracy from 85.4% to 94.6%. The 

specificity improves from 83.3% (without rotation) to 93.3% 

(with rotation), indicating better performance in correctly 

identifying non-melanoma cases. The F1-score increases from 

85.2% (without rotation) to 95% (with rotation), indicating a 

better balance between precision and recall. 
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