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ABSTRACT

The objective of this study was to identify the best attributes for diagnosing melanoma, based on texture data 
from medical skin images using the primary color channels: red, green and blue. The best attributes are part 
of Haralick’s second-order stat set. Classification models were then used to obtain early diagnosis of randomly 
chosen medical images on a test basis. The research presented Histogram Gradient Boosting as the best classifier 
for the red and green channels, with an accuracy of 99.00% and AUC of 99.98% for the red channel, an accuracy 
of 88.00% and AUC of 93.35% for the green channel. The blue channel data was best classified by the Random 
Forest algorithm with an accuracy of 85.00% and an AUC of 92.82%.
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Abbreviations: AUC: Area Under Curve; CNN: Convolutional Neural Network; GLCM: Gray Level Co-occurrence 
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Introduction
Image classification using machine learning/artificial intelligence 

techniques and algorithms plays an important role in the diagnosis of 
early diseases. This is because specialists’ human eyes cannot detect 
small differences in pixel intensities that represent texture variations 
in high-resolution medical images. Through learning techniques, with 
the extraction of characteristics from images, algorithms through 
training and testing, it is possible to classify these images, using the 
most relevant attributes. Julesz proved that certain discriminations of 
locally evaluated texture pairs were only possible with the calculation 
of second and third order statistics. “So, if iso-second-order texture 
pairs yield effortless discrimination, this must be the result of local 
features, to be called textons” [1-4]. Therefore, this research includes 

attributes such as feature extractors from sampled images with the 
calculation of the GLCM matrix for the red, green and blue channels. 
Computer procedures and advancements in machine learning not 
only aid the dermatologists in early detection of melanoma but also 
avoid heavy expenses of melanoma detection and unnecessary biop-
sies. Novel automatic melanoma detection systems save a lot of time, 
money, and effort. Machine learning has proven to provide melano-
ma classification with improved and higher accuracies [5]. Figure 1 
shows medical images of melanoma and nevus with sixteen sample 
matrices for each of them. The histograms of the sixteen image sam-
ples of a melanoma randomly chosen from the database are shown in 
Figure 2. In each of the sixteen regions of interest, histograms were 
calculated for a nevus image, as shown in Figure 3.
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Figure 1. Sixteen samples in each image: 
a)	 melanoma and 
b)	 nevus.

Figure 2. Histograms of the sixteen samples from a melanoma image.

Figure 3. Histograms of the sixteen samples from a nevus image.
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Materials and Methods
According to Julesz [1-4] to better extract texture features for im-

age classification purposes, it is necessary to calculate first and sec-
ond order statistics: First-order statistics measure the likelihood of 
observing a gray value at a randomly-chosen location in the image. 
First-order statistics can be computed from the histogram of pixel 
intensities in the image. These depend only on individual pixel val-
ues and not on the interaction or co-occurrence of neighboring pixel 
values. The average intensity in an image is an example of the first-or-
der statistic. Second-order statistics are defined as the likelihood of 
observing a pair of gray values occurring at the endpoints of a dipole 
(or needle) of random length placed in the image at a random location 
and orientation. These are properties of pairs of pixel values [6].

Histograms-Based Features
The extraction of image features is obtained from the histogram 

of intensities as well as the features that make up the co-occurrence 
matrix (GLCM). Thus, an image can be represented by a function f(x, 
y) of two discrete variables x and y, with , x = 0, 1,…, N − 1 and y = 0, 
1,…, M − 1, a discrete function f (x, y ) can take values for i = 0, 1,…, L 
− 1, where L is the maximum intensity level of red, green, blue or gray-
scale colors. The intensity level histogram is a function that shows 
(for each intensity level) the number of pixels in the entire image, 
which have this intensity:
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0 0( ) ( ( , ), ),N M

x yh i f x y jδ− −
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 where (i, j) is the Kronecker delta function.
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≠=    (2)

For each region of interest, p (i) can be calculated, which is the 
normalized probability, shown in Figure 1.
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Table 1 shows the first-order statistics, while Figure 4 shows the 
neighborhood of the pixels to be analyzed.

Table 1. Attributes that belong to first-order statistics.

Mathematical Expression Attribute
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Figure 4. The pixel and its neighbor.
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Gradient-Based Features
The gradient of an image is a measure of the spatial variations 

of color levels in the image. The gradient can be negative or positive, 
depending on whether the color level varies from the darkest to the 
lightest tone or vice versa. For each pixel within the ROI-defined re-

gion of interest or within the sliding mask, as illustrated in Figure 1, 
an absolute value of the image gradient is calculated, according to 
Equation (8):

(8) 

Table 2. Attributes that belong to second-order statistics.
Mathematical expression Attribute
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Gradient kurtosis

 Co-occurrence Matrix Based Parameters
A set of scalar quantities to summarize the information con-

tained in a Gray Level Co-occurrence Matrix – GLCM was proposed 
by Haralick, which can be defined as a second-order histogram. It is 
a square matrix formed by elements that indicate the probability of 
occurrence of a pair of pixels with intensities that depend on the dis-
tance from angle θ. This takes into account the frequency of a pixel 
with the intensity of the gray level. Value i occurs in a specific spatial 
relationship to a pixel with value j. Each element (i, j) in the GLCM is 
calculated by summing the number of times the pixel with value i oc-
curred in the specified spatial relationship to a pixel with value j in the 
input image [7]. Equations 13 to 20 constitute the set of second-order 
statistics. In this research, not the shades of gray were considered, but 
applied to the red, green and blue channels.

1 1 2, 2 1, 1 2 2( , , , ) (( , ), ( )) : ( ) , ( , ) ,p i j d x y x y h x y i h x y jθ = = =
                                           

(13)

where:

 2 2 1, 1 2, 2 1, 1( , ) ( ) ( cos , sec ).( ) ( ) ( cos , sec ).x y x y d d x y x y d dθ θ θ θ= + = +
    

(14)        

In this research, the distances considered were d = 1, with angles 
θ = 0°, 90°, 180° and 270°. Pixels located on diagonals were not con-
sidered. GLCM expresses the texture feature according to the calcula-
tion of the conditional probability of the pixel pair of gray intensities 
for different spatial positions.

( , , , )( , | , )
( , | , )i j

p i j dp i j d
p i j d

θθ
θ

=
Σ Σ    (15)
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Table 3. Attributes that belong to second-order statistics.
Mathematical expression Attribute
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Performance Metrics for Classifiers
In academic medical literature, instances are designated as pos-

itive, indicating the existence of the disease, and negative, indicating 
the absence of the disease; thus, four possibilities arise when medical 
images are submitted to the classifiers: The metrics that were consid-
ered to evaluate the classifiers for these were: Table 4. Performance 
metrics for classifiers
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Table 4. Performance metrics for classifiers.
Mathematical expression Metrics

TP TNAccuracy
TP TN FP FN

+
=

+ + +     (28)
Accuracy, is the ratio of the number of instances correctly classified to the number of 

all instances in the test suite

TPSensitivity
TP FN

=
+       (29)

Sensitivity, also known as recall, is the ratio of positives predicted correctly relative to 
the actual number of positives in the test set.

.

TNSpecificity
TP FP

=
+      (30)

Specificity, False Positive Rate corresponds to the proportion of negative data points 
that are correctly considered as negative, with respect to all negative data points

21 recall precisionF score
recall precision
∗ ∗

− =
+  (31)

F1 Score, is the Harmonic Mean between precision and recall

Proposed Strategy
The study database consisted of 64 images in bitmap format, 

randomly selected from the ISIC database, 32 images of melanoma 
and 32 images of nevus. 16 samples were extracted from each im-
age, making a total of 1024 samples. Each sample consists of an 8 x 8 
pixel region of interest. In each roi, 53 attributes were calculated for 
feature extraction, composing first and second order statistical infor-
mation, including a co-occurrence matrix, based on Haralick’s texture 
characteristics. This was calculated for the red, green and blue color 
channels, according to the process shown in the block diagram in Fig-
ure 5. The total samples were divided into the training database in the 
proportion of 75%, 768 samples, and 25% of the samples, destined 
for testing, 256 samples. The Machine learning classification models 
applied to data referring to medical images from the red, green and 
blue channels, were:

1)	 Logistic Regression.

2)	 Random Forest.

3)	 Histogram Gradient Boosting.

4)	 Gradient Boosting.

5)	 Gaussian Naive Bayes.

6)	 Ada Boosting.

After validating the best model that fits the data referring to the 
melanoma and nevus image samples, the seven best attributes that 
contribute to the model were identified, in the classification of im-
ages, and consequently in the decision whether melanoma or nevus, 
using the shape function value from the Python environment library.

Results
After the operational implementation described in the block dia-

gram in Figure 5, the results were obtained for each of the red, green 
and blue color channels.

Figure 5. Block diagram of process.
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Channel Red Channels Results
The model that best fitted the red channel image data was His-

togram Gradient Boosting, with an accuracy of 99.00% and an AUC 
curve area of 99.98%, as shown in the data in Table 5. Figure 6 shows 
the second and third best models, in the red channel, according to 
the AUC curve, they are Gradient Boosting and Random forest, respec-

tively. A suitable overall measure for the curve is the area under the 
curve -AUC. A good classifier is one whose AUC is close to 1. The ten 
best attributes in feature extraction using the red channel of the stud-
ied melanoma and nevus image samples are shown in Figure 7, using 
the shape value function. The sum of the average intensities between 
neighboring pixels (Eq. 21) are among the five best attributes. 

Table 5. Metrics associated with the performance of the best data classifier of images from the red channel – HistGradientBoosting.
Classifier AUC Precision Recall F1-score Support

HistGradientBoosting 0.9998
Melanoma 0.98 1.00 0.99 130

Nevus 1.00 0.98 0.99 126
Accuracy 0.99

Weighted avg 0.99 0.99 0.99 256

Figure 7. Shape value graphics per class: 0 – melanoma; 1 – nevus.

Figure 6. Receiver operating characteristic: 
A.	 Histogram Gradient Boosting; 
B.	 Random Forest; 
C.	 Gradient Boosting.

https://dx.doi.org/10.26717/BJSTR.2024.58.009148


Copyright@ :  Marcos A M Almeida | Biomed J Sci & Tech Res | BJSTR.MS.ID.009148.

Volume 58- Issue 3 DOI: 10.26717/BJSTR.2024.58.009148

50313

Channel Green Channels Results
Similar to the red channel, the Histogram Gradient Boosting clas-

sifier was the best, among those studied, for classifying melanoma 
and nevus images in the green channel, with an accuracy of 88.00% 
and an AUC of 93.35%. There was also greater accuracy in identify-
ing images with melanoma - 90.00%, than identifying nevus imag-
es - 86.00%, according to data shown in Table 6. In addition to the 
Histogram Gradient Boosting classifier, two others performed well, 

according to AUC values, the random Forest with an AUC of 92.31% 
and the Gradient Boosting with an AUC of 91.43%, as shown in Fig-
ure 8, through the ROC curve. Figure 9 shows the ten main attributes 
of feature extraction are the sum of the average intensities between 
neighboring pixels (Eq. 21), among the five main attributes that best 
contribute to the classification model. The others are the contrast (Eq. 
17), the variance difference (Eq. 25) and the correlation (Eq. 18) be-
tween pixels, according to the shape value method Table 6.

Table 6. Metrics associated with the performance of the best data classifier of images from the green channel – HistGradient Boosting Classifier.
Classifier AUC Precision Recall F1-score Support

HistGradientBoosting 0.9335
Melanoma 0.90 0.86 0.88 130

Nevus 0.86 0.90 0.88 126
Accuracy 0.88

Weighted avg 0.88 0.88 0.88 256

Figure 8. Receiver operating characteristic: 
A.	 Histogram Gradient Boosting; 
B.	 Random Forest; 
C.	 Gradient Boosting.

Figure 9. Shape value graphics per class: 0 – melanoma; 1 – nevus.
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Channel Blue Channels Results
The best classifier for the image data presented in the blue chan-

nel was Random Forest with an accuracy of 85.00% and an AUC of 
92.82%. The ROC curve shown in Figure 10, for the images filtered 
in the blue channel, assigns the second best classifier as Histogram 
Gradient Boosting and the third as Gradient Boosting, with AUC of 

91.28% and 90.14%, respectively.Several attributes make up the first 
ten elements that best contribute to the model of this classifier that 
operated in the blue channel: RandomForest. They are in order of in-
tensity and importance: Figure 11 Difference variance (Eq. 25), differ-
ence entropy (Eq. 26), Average intensity of the blue color (Eq. 4), sum 
of average intensity (Eq. 21), correlation (Eq. 18), always with respect 
to neighboring pixels. 

Table 7.
Classifier AUC Precision Recall F1-score Support

Random Forest 0.9282
Melanoma 0.83 0.88 0.86 130

Nevus 0.87 0.82 0.84 126
Accuracy 0.85

Weighted avg 0.85 0.85 0.85 256

Figure 10. Receiver operating characteristic: 
A.	 Random Forest; 
B.	 Histogram Gradient Boosting;
C.	 Gradient Boosting.

Figure 11. Shows the ten attributes that most contribute to the classification model, in order of intensity. Shape value graphics per class: 0 – 
melanoma; 1 – nevus.
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Discussion
Mehwish Dildar, et al. [8], using a comparative analysis of skin 

cancer detection using SVM-trained CNN, extracted features, with 
a median filter for noise removal, obtained an accuracy of 93.75%. 
The method proposed by Mohammadreza Hajiarbabi, using the Mo-
bileNetV2 [9] network, the CNN with 53 layers, using a set of skin 
cancer images from the ISIC 2020 database, achieved an accuracy of 
94.4%. Extremely Randomized Trees classifier, commonly known as 
“Extra Trees Classifier” represents a version of random forest which 
obtained the best performing method, with an accuracy of 97.00%, in 
the study carried out by Revanth Chandragiri Revanth Chandragiri, 
et al. [10]. Using Fine Neural Networks for skin disease classification 
solution, Lee, et al. [11] achieved an accuracy of 89.90% and 78.50% 
on the validation set and test set, respectively. Rahul, et al. [12] used 
several CNN-type models with different databases and achieved accu-
racies ranging from 85.65% to 97.01% Models such as SVM, KNN, XG-
Boost, Standard Cascade Forest were used by Safa Gasmi, et al. [13], 
where the best accuracy values were found in the Proposed Modified 
Standard Cascade Forest model with a value of 76.26%. Asmae En-
naji, et al. [14] used color, geometric shape, texture, and fusion of all 
tumor features as inputs for image classification. The support vector 
machine model was run to identify melanoma diagnosis. Of the six 
strategies used, the one with the best response was the one that took 
into account voting software, achieving an accuracy of 99.00%. 

Ansari [15] using dermoscopic images of skin cancer subjected 
it to different preprocessing strategies using filters, and later calcu-
lating GLCM parameters, selected specific highlights in the image 
which were then used to help establish the SVM classifier. Table 6 
The classification determined whether the image was of a cancerous 
or non-cancerous tissue. The accuracy of the proposed framework is 
95.00%. Anis Mezghani, et al. [16], presented in this study a model 
that represents a significant advance in the field of skin cancer detec-
tion by employing a combination of Convolution Neural Networks and 
Support Vector Machines, using images with data augmentation, for 
the accurate categorization of skin lesions into benign and malignant 
forms, reaching accuracy values of 98.71%. It was observed in this 
study that the best classifier was the Histogram Gradient Boosting, 
when applied to image sample data from the red channel, produced 
the best feature extraction, whose response was an AUC of 99.98% 
and an accuracy of 99.00%. It was also the best classifier for extract-
ing features from the green channel, being the second best in the blue 
channel. The “SumAvarege” attribute, derived from the Co-occurrence 
Matrix calculations, when applied to neighboring pixels in the image 
samples, was the most relevant attribute, among the 53 calculated in 
this study, and which contributed significantly to the Histogram Gra-
dient Boosting model, so that it reached excellent levels for AUC and 
accuracy values, when the images were submitted to the red channel 
(positions 1,2, 4 and 5). 

The “SumAverage” attribute also appears as the most important 
for the Histogram Gradient Boosting model, with a response of an 
AUC of 93.35% and an accuracy of 88%, when applied to neighboring 
pixels in image samples submitted to the green channel (positions 1, 
2 and 6). The results obtained in this research were better than the 
previous results [17-18], Table 7 where the models were modified as 
well as the way of identifying the best attributes.
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