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In this study, melanoma was detected at an early stage 
using modified CAT optimization algorithm (MCOA) 
based on non-convex boundary edge extraction, pixel 
size, shape and intensity variations on the skin. MCOA 
can detect skin cancer at an early stage by extracting 
the non-convex border of the affected region prevent 
cancer spread. Thus melanoma is curable when detected 
at an early stage. MCOA extracts image features and 
obtains non-convex boundaries of melanoma in the skin 
image. The non-convex boundary region leads to visua-
lization of discriminative features of melanoma based on 
the region of interest and scaling. The proposed MCOA 
delineates the affected region through non-convex border 
extraction and edge detection. An accuracy of 85% was 
obtained in the detection of melanoma using MCOA, 
when compared to traditional algorithms. 
 
Keywords: Contour refinement, edge detection, mela-
noma, non-convex boundary, optimization algorithm. 

Melanoma detection and optimization algorithm 

IN India, the mortality rate of skin cancer patients increases 
by 25% every year1. Melanoma disease detection at an early 
stage depends on the expertise of the radiologist/oncologist. 
Melanoma is a skin cancer which is diagnosed through 
skin lesions in the images2. The lesion appears in irregular 
shape and boundary, and requires an efficient enhanced 
algorithm for visual identification from the image3. The 
skin lesion is extracted from the image based on colour, 
texture, shape and pixel intensity. The region of interest 
(ROI)-based skin lesions is clustered to extract the discrimi-
native features for melanoma detection4. In clinical diag-
nosis, skin lesions less than 6 mm in diameter are not 
detected and rely on skin prick tests for melanoma diagnosis. 
This test examines only the surface of the skin and not below. 
The surface of skin is analysed through image segmenta-
tion and skin image with low contrast leads to inaccurate 
diagnosis5. The OTSU method segments the skin lesion 

region from the image with less accuracy. The particle 
swarm optimization (PSO) algorithm is used to detect 
morphological changes in the skin through size, shape, 
colour and texture feature extraction from the image6. The 
extracted features are used for the detection of melanoma. 
Decomposition of melanoma image with filter removes arte-
facts and enhances the contrast. The filtered images have 
illumination variation in the lesion region and improve the 
prediction of melanoma7. The skin lesions classification is 
performed through feature extraction and histogram analysis. 
The histogram analysis is based on the shape, colour and 
pixel intensity of the lesion region. The segmentation algo-
rithm extracts the lesion boundary, performs feature analysis 
and improves the visualization of the lesion8. Automatic 
detection of melanoma is done through three main stages. 
In the initial stage, the lesion image is automatically segmen-
ted to determine the lesion area with accuracy. In the second 
stage, the physical features of the lesion from the image 
are extracted. In the final stage, the extracted features are 
used for the diagnosis of lesions and to predict melanoma9. 
Skin cancer lesion prediction from image segmentation 
algorithm has maximum accuracy10. The proposed modified 
CAT optimization algorithm (MCOA) differentiates images 
such as benign, melanoma and malignant through accurate 
edge enhancement and extraction. The existing algorithms 
such as segmentation, enhancement and histogram-based 
analysis do not segment skin lesion and discontinuity in 
edge is seen in skin lesion. The proposed MCOA highlights 
the non-convex border region of skin lesions and extracts 
features for the detection of skin cancer. The different texture 
features are delineated for early detection of skin cancer. 

Literature survey 

Fuzzy c-means clustering algorithm has been proposed to 
classify and detect skin lesions accurately. It performs better 
than traditional clustering algorithms. The skin lesion classifi-
cation can also be done using deep learning algorithms11. 
Automatic detection of skin lesions using YOLOv4 is 
highly correlated with the non-infected and infected re-
gions, and improves the accuracy of melanoma prediction. 
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Figure 1. Methodology diagram of melanoma detection at earlier stage using modified CAT optimization algorithm. 
 
 
Melanoma is detected from skin lesions using DarkNet 
and contour edge detection. Melanoma skin segmentation 
is done through skin enhancement to detect melanoma cells 
accurately. Finally, segmentation of the melanoma cell re-
gion is done using YOLOv4 (ref. 12). The segmented lesion 
in the image is analysed using the ABCD rule. Physicians 
detect melanoma in the image after enhancing the skin le-
sion, which has irregular borders and colour variation13. A 
low-power radar with a frequency of 77 GHz is used for 
skin cancer detection through imaging. It differentiates 
melanoma and normal skin based on the dielectric proper-
ties of the tissue with high accuracy (microns). A low-power 
radar method consists of six port interferometer. This is a 
low-cost method to detect skin cancer14. The ROI segmen-
tation with the k-means clustering algorithm extracts mela-
noma cells15. Early detection of a skin lesion using the 
deep learning method is time-consuming and requires high 
computational complexity than the ensemble method. The 
deep learning methods such as SegNet and U-Net perform 
better than other deep learning architectures such as ReNet, 
and Google Net16. Skin diseases are analysed using the 
transfer learning method after fine-tuning the image to 
improve the cancer detection accuracy17. Melanoma detection 
using a neural network system is trained with pre-samples 
of the network using the perception model. The histogram 
gradient coupled with the ABCD rule extracts low-level 
features in the image such as texture, shape, colour and 
pixel intensity. The above method extracts the features 
and enhances the accuracy of skin lesion image18. Melanoma 
is detected from the pigmented lesion and the probability 
of false pixels in the image. The above method differentiates 
the object of pigmentation from benign cancer tissues19. A 
fast and accurate method of skin lesion detection is perfor-
med through probes in frequency range of 40 GHz. Mela-
noma detection was simulated using CST MICROWAVE 
STUDIO for earlier detection20. Melanoma classification 
using the convolution neural network has better prediction 
accuracy. The CNN method has been compared with tradi-
tional methods for delineation of melanoma region21. Skin 
lesion image classification improves the performance of 
melanoma detection at an early stage through the image 
augmentation method, and an accuracy of melanoma detec-
tion is about 90% through augumentation22. The pixel-wise 
class imbalance arises during skin segmentation due to 
fewer cancer pixels and pixel intensity. The Jaccard method 

outperforms the traditional algorithms, which performs 
the classification and segmentation. Traditional methods 
reduce the loss function and performance of melanoma 
detection is less23. Hair removal from the skin region and 
segmentation of the skin are critical tasks for physicians. 
For hair removal from the lesions, the encoder–decoder 
method has been developed. This method overcomes the 
problem of reduced loss function during the segmentation. 
Accuracy in delineation after removal of skin and hair is 
performed through deep learning method24. Deep learning 
method extracts the background in the lesion images, de-
tects melanoma through light-weight segmentation of the 
lesion area and visualizes the melanoma features through 
using size, shape and pixel intensity25. In MCOA, non-
convex border in the images is optimized, and it extracts 
features by boundaries and edges of the cancer region and 
identifies different types of skin cancer. MCOA delineates 
the skin cancer region through the non-convex border for 
melanoma detection and the detection of different stages 
such as benign, melanoma and nevus images. 

Methodology 

The CAT optimization algorithm extracts image features 
for early detection of melanoma and helps radiologists in 
the diagnosis of skin cancer. Figure 1 shows the proposed 
block diagram for melanoma detection at an early stage. 
MCOA segments the skin lesion from images and validates 
through ground-truth verification and improves the diag-
nosis of skin cancer at an early stage. The algorithm detects 
the edges and boundaries of the melanoma region on the 
image. It achieves better results when compared to the exist-
ing algorithms, and validates through accuracy, sensitivity, 
specificity and precision. The ground-truth verification is 
performed through measurement of true boundaries after 
processing the skin image with MCOA algorithm. The data-
sets for this study were taken from the repository of the 
Royal Mother Hospital, Chennai, India which contains 
2000 images as well as a standard dataset which is openly 
available (HAM10000). The standard dataset has benign, 
keratosis lesions, melanoma and nevus images. The test 
data were taken from ISBI 2021[72] and PH1[44] with eight-
bit RGB colour images with a resolution of 560 × 560 pixels, 
which consist of 250 dermoscopic images of skin lesions. 
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 In CAT optimization algorithm, trace and seek mode were 
tuned based on the melanoma pixel size, texture and inten-
sity. For example, trace and seek mode in CAT optimization 
algorithm increase with cost function for enhancement of 
high-frequency component pixel and for low-frequency 
component pixel enhance through tuning the seek mode. 

Pre-processing 

The pre-processing of melanoma images differentiates con-
tours and removes artefacts. The median filter algorithm 
enhances the melanoma pixels. The pre-processing of images 
through median filter is more suitable for MCOA-based 
melanoma region segmentation. 

Skin feature extraction 

The melanoma region in the skin images was segmented 
and performance evaluation was done through statistical 
values obtained from the output image. The similarity index 
determines the quality of the skin lesion image and accu-
racy is analysed through PSNR. Features extracted using 
MCOA provide enhanced non-convex borders. The quality 
of the images was retained in the output image after pro-
cessing with MCOA. PSNR evaluates the quality of the 
extracted regions processed with MCOA, and this algorithm 
improves accuracy in melanoma detection. PSNR is esti-
mated as follows 
 
 PSNR = –20 * log10SL/MSE, (1) 
 
where MSE is the mean square error and SL is the skin  
lesion. 
 The feature extracted from skin lesion through MCOA 
removes the noise factor and identifies the clear spread of 
cancer cells. 

Region of interest 

ROI in skin lesion extracts the edges and boundaries of can-
cer cells with respect to cancer pixel size, shape and inten-
sity on the skin image. Multiple features in the skin help 
in the detection of skin cancer at an early stage. The infected, 
non-infected and spreading areas of cancer are extracted 
through ROI, obtained through segmentation of MCOA 
and used for cancer spread detection. The melanoma-infected 
areas are measured through the non-convex border features 
from MCOA output images. MCOA-based ROI classifies 
melanoma detection at an early stage through segmentation 
of melanoma regions through seek mode and trace mode 
in MCOA. 
 
Edge and boundary detection of skin lesion images: The 
melanoma-infected area is segmented using MCOA and 

the non-convex boundary region in the image and its features 
are extracted. The edges are detected and optimized through 
MCOA and the image feature is extracted through boundary 
regions of cancer cells for early detection. MCOA differ-
entiates the image features through seek and trace modes. 
This is based on the smoothing effect, particularly in the 
melanoma region. In traditional optimization algorithms, 
weights are associated with particular pixel region-based 
extraction. MCOA differentiates the affected and non-affec-
ted areas in the skin images at an early stage through the 
enhancement of boundaries and edges of the melanoma 
region on the skin surface. The differentiation of melanoma 
through MCOA is based on the non-convex borders of 
cancer-affected regions. 
 
Threshold segmentation algorithm for noise and noiseless 
images: In MCOA, the population starts with seeking mode 
and tracing mode; threshold selection is based on the varia-
bles. MCOA clusters the possible solutions to be optimized 
in the pixel range from false positive to false negative. 
The fitness solution for each optimization fixes the best 
solution into the solution space and optimizes the pixels. 
CAT moves towards the optimal area by updating its posi-
tion and velocity with fewer iterations, which highly depends 
on the non-convex border in the solution space. CSO opti-
mizes through the best threshold value for each solution, 
and classifies the pixel set with a false negative and false 
positive. The threshold values are detected by optimization 
of the clusters through the non-convex border in the solu-
tion space at each level of iteration. 

Skin cancer detection using MCOA 

MCOA optimizes both the inner and outer boundaries of 
melanoma regions in the images for early detection of 
cancer. The algorithm optimizes through seeking mode and 
tracing mode, enhances the pixel intensity of cancer cells 
with respect to false positive and false negative pixels in 
the skin lesion image, and enhances edges and boundaries. 
MCOA-based pixel region intensity in the output image 
increases by 7% in the melanoma region, which leads to 
the detection of different types of skin cancers such as be-
nign, malignant and nevus. 

Results and discussion 

Figure 2 shows the skin lesion images for early diagnosis. 
Figure 2 a shows the input image with melanoma, while Fig-
ure 2 j and k shows the MCOA processed images of skin 
lesion of size 62.24 mm. MCOA extracts pixel intensity 
with low resolution. In MCOA, the neighbouring pixels 
are used for prediction of melanoma in the image more 
accurately. The predicted pixels match the cancer images 
of other datasets and detect skin cancer. The lesion image 
is marked with a ruler and spread of infection is measured. 
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Figure 2. Skin lesion images and extraction of melonama to benign stages. a, Input image; b, Raw 
image; c, Image with noise; d, Noiseless image; e, Background change in image; f, Destroyed; g, 
Change in background of image; h, Holes filled; i, Remove blob in the image; j, Remove small blobs 
in the image; k, Threshold detection. 

 
 

Table 1. Statistical parameters of skin lesion image – benign stage 

 Nevus Melanoma SK Overall 
` 

Method SEN SPE ACCESS SEN SPE ACCESS SEN SPE ACCESS SEN SPE ACCESS 
 

MCSO-2 78.34 82.76 85.40 80.50 81.26 85.98 70.11 74.50 87.46 77.66 92.40 90.80 
MCSO-4 80.67 92.20 90.59 81.56 88.80 85.86 70.58 78.96 89.20 80.10 95.28 92.65 
MCSO-6 82.45 94.70 92.68 82.70 90.41 87.25 73.89 80.52 92.54 82.41 96.76 94.45 
MCSO-8 85.54 96.61 93.45 85.98 93.74 90.46 77.74 84.93 94.74 83.65 97.32 96.35 
MCSO-10 88.76 97.80 95.28 88.95 96.43 93.59 80.85 87.96 96.85 85.96 98.45 97.65 
MCSO-12 90.58 98.48 97.46 91.85 98.74 95.58 85.85 92.72 98.96 89.42 98.78 98.45 
MCSO-14 92.85 98.89 98.78 95.15 99.20 97.86 89.58 96.74 99.24 95.85 99.27 99.54 
SEN, Sensitivity; SPE, Specificity, MCSO, Modified CAT optimization algorithm. 

 
 
MCOA enhances the image and compares it with the input 
image for ground-truth verification. The result is validated 
and statistical measurements are performed; the accuracy 
of cancer detection is about 85.60%. MCOA optimizes skin 
lesion in the image through the seeking mode and tracing 
mode. It outperforms traditional algorithms such as fuzzy 
c-means clustering algorithm, genetic algorithm and particle 
swarm optimization algorithm in terms of accuracy and 
complexity. MCOA has better accuracy, less computational 
time and less iteration. Figure 2 shows the skin lesion im-
ages and extraction of melanoma at the benign stage. 

Performance evaluation 

MCOA measures parameters such as similarity index, coeffi-
cient, sensitivity, specificity and accuracy. The correlation 
coefficient is linked with skin lesion images for extraction 
of the non-convex cancer region in image. All the parameters 
were determined with the total number of pixels after pro-
cessing with MCOA. The algorithm classifies false pixels 
and converts them into true pixels, enhancing the image 

with high accuracy for the cancer region. MCOA results are 
validated and predict the prognosis of skin lesion. Equa-
tions (2)–(5) show the sensitivity, specificity, accuracy and 
JSI. 
 
 Sensitivity = TP/TP + FN, (2) 
 
 Specificity = TN/FP + TN, (3) 
 
 Accuracy = TP + TN/TP + FP + TN + FN, (4) 
 
 JSI = TP/TP + FP + FN. (5) 
 
where TP is the true positive, FN the false negative, FP 
the false positive and TN is the true negative. 
 Table 1 shows the performance evaluation of different 
stages of melanoma. Figure 3 shows compares the sensi-
tivity and accuracy of benign melanoma images. 
 Figure 4 depicts melanoma images at stage I. The mela-
noma is 147.14 mm in size and the skin lesion region with 
pixel intensity of low resolution was extracted using MCOA. 
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Figure 3. Relationship between accuracy, sensitivity and specificity of skin lesion images for a benign condition. 
 

 
 

Figure 4. Dataset of skin lesion images for extraction of melanoma (stage I). a, Input image; b, Raw 
image; c, Image with noise; d, Noiseless image; e, Background change in skin image; f, Destroyed edges 
in the skin image; g, Change in background of skin image; h, Holes filled; i, Remove blob in the skin 
image; j, Remove small blobs in the skin image; k, Threshold detection. 

 
 

Table 2. Statistical parameters of the dataset of skin lesion image – melanoma 

 Initial stage I stage II stage III stage 
 

Method SEN SPE ACC SEN SPE ACC SEN SPE ACC SEN SPE ACC 
 

MCSO-2 80.70 78.45 75.30 76.80 85.95 90.20 89.55 75.68 77.54 85.20 70.25 85.11 
MCSO-4 82.52 80.59 77.59 78.58 87.96 91.97 92.56 77.85 79.65 86.48 72.96 86.85 
MCSO-6 83.55 82.85 79.46 80.63 89.48 92.39 94.43 80.35 82.58 88.36 75.52 89.45 
MCSO-8 85.93 84.59 82.65 83.59 93.55 95.44 95.65 83.24 86.14 90.65 78.66 91.78 
MCSO-10 87.45 86.46 85.65 84.65 95.14 96.75 97.53 85.51 90.86 93.47 83.78 94.96 
MCSO-12 89.15 90.65 87.95 88.42 97.23 98.12 98.52 87.65 94.85 96.45 85.15 96.92 
MCSO-14 93.48 92.58 94.86 93.49 98.64 99.99 99.48 95.45 96.48 98.35 88.66 98.56 
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Figure 5. Relationship between accuracy and sensitivity of skin lesion images for melanoma (stage I). 
 
 

 
 

Figure 6. Dataset of skin lesion images for extraction of melanoma (stage II). a, Input image; b, Raw 
image; c, Image with noise; d, Noiseless image; e, Background change in the skin image; f, Destroyed 
edges in the skin image; g, Change in background of skin image; h, Holes filled; i, Remove blob in the 
skin image; j, Remove small blobs in the skin image; k, Threshold detection. 

 
 
To predict disease at an earlier stage, high-intensity and 
low-intensity pixles are delineated. The low- and high-inten-
sity pixels show the spread on the cancer on the skin sur-
face. The skin lesion image is enhanced by MCOA and 
compared with the ground-truth image. Figure 4 shows the 
melanoma image (stage I) processed with MCOA; the accu-
racy is about 86.11%. 
 Table 2 shows the statistical parameters of the dataset 
of skin lesion images in stage I. 
 Figure 5 shows the relationship between accuracy and 
sensitivity of melonoma images in stage I skin. 
 For early diagnosis, melanoma images were processed 
with MCOA. The images are of melanoma stage III and 
MCOA processed image has 112 mm of cancer cells (Fig-
ure 4 k). From the input image, the pixel intensity of low-
resolution images is extracted. The low-frequency pixel 

and neighbouring pixels are used for early detection of 
melanoma at stage III. 
 Figure 6 shows melanoma images in stage II processed 
with MCOA. Table 3 shows statistical parameters of mel-
anoma images in stage II. Figure 7 shows the relationship 
between accuracy, sensitivity and specificity of skin lesion 
images. 
 The lesion images after processed with MCOA algorithm, 
non-convex borders are enhanced and algorithm optimizes 
the true positive pixels and true negative pixels. MCOA 
optimizes the edges of skin lesion through tracking mode 
and seeking mode method in the MCOA algorithm for 
better segmentation and enhancement of the edges and 
boundary in the melanoma images. Table 4 shows the per-
formance of skin lesion images with and without optimi-
zation. It can be observed from table that when using 
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Figure 7. Relationship between accuracy, sensitivity and specificity of skin lesion images for nevus disease. 
 
 

Table 3. Statistical parameters of the melanoma image in stage II 

 Initial stage I stage II stage III stage 
 

Method SEN SPE ACC SEN SPE ACC SEN SPE ACC SEN SPE ACC 
 

MCSO-2 75.56 75.85 83.85 74.12 80.77 76.58 89.45 90.12 87.15 82.63 80.15 75.12 
MCSO-4 79.51 79.62 85.74 79.12 85.69 79.98 90.78 92.86 90.74 85.16 83.59 79.15 
MCSO-6 83.85 85.96 87.15 83.74 86.98 83.96 93.95 94.75 93.35 89.85 87.96 82.14 
MCSO-8 85.36 87.45 90.98 85.75 90.85 86.75 95.36 96.68 95.35 93.25 90.69 85.78 
MCSO-10 87.98 90.45 93.15 87.12 93.45 89.54 97.45 97.62 96.74 95.78 93.96 89.15 
MCSO-12 90.96 93.45 94.12 93.85 96.75 93.62 98.85 98.45 97.69 97.12 95.75 93.08 
MCSO-14 94.35 96.15 97.96 97.94 99.72 96.37 99.81 99.30 98.64 99.50 97.68 96.82 

 
 

Table 4. Performance with and without optimization in the skin lesion images 

 Melanoma (with optimization) MCOA Melanoma (without optimization) 
 

Method SEN SPE ACC SEN SPE ACC 
 

MCSO 78.98 72.92 75.60 32.18 30.62 31.28 
MCSO 80.32 75.32 77.32 40.11 32.12 34.28 
MCSO 83.94 77.98 80.65 41.28 32.33 40.22 
MCSO 87.96 80.98 82.64 42.28 40.28 40.11 
MCSO 90.63 84.75 85.70 45.00 41.23 41.28 
MCSO 93.54 85.12 89.20 45.00 42.11 40.18 
MCSO-14 96.87 89.06 95.21 42.18 40.18 41.28 

 
 

Table 5. Comparison of various optimization algorithms 

Skin image Fuzzy c-means clustering (%) Genetic algorithm (%) MCO (%) 
 

Initial 61 71 70 53 56 69 83 85 84.5 
First 67 72 70 71 70 68 87 85 85 
Second 67 76 71 67 78 68 85 83 85 

 
 
MCOA, the accuracy of extraction of skin cancer at an 
early stage is about 70%–80%, while without optimization 
the accuracy is about 45%–50%. The accuracy of MCOA 
is due to size, shape and enhanced non-convex borders in 
the lesion region. 
 MCOA was compared with the fuzzy c-means clustering 
algorithm and genetic algorithm. High accuracy was achi-
eved with MCOA for detecting skin cancer at an early stage, 

when compared with the other algorithms. Table 5 shows 
a comparison of various optimization algorithms. 

Conclusion 

Recent developments in cancer treatments can help  
cure melanoma, when detected early. MCOA detects the 



RESEARCH ARTICLES 
 

CURRENT SCIENCE, VOL. 124, NO. 5, 10 MARCH 2023 569 

non-convex borders using tracing and seeking mode. The 
proposed algorithm improves melanoma detection at an ear-
lier stage after the removal of artefacts such as noise and 
hair or tiny blood vessels in the skin image. The results 
demonstrate that the proposed MCOA-based melanoma 
detection outperforms the other traditional methods. This 
method shows enhanced non-convex borders, and the 
spreading of cancer cells is detected at an early stage. 
MCOA algorithm can be used for tuning deep learning algo-
rithms and improve the prediction accuracy of melanoma. 
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