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Featured Application: A method to develop a potential automate skin lesion classificator

Abstract: Eight lesions were analyzed using some algorithms of Intelligence Artificial: basal cell
carcinoma (BCC), squamous cell carcinoma (SCC), melanoma (MEL), actinic keratosis (AK), benign
keratosis (BKL), dermatofibromas (DF), melanocytic nevi (NV), and vascular lesions (VASC). This
manuscript presents the possibility of using concatenated signatures (instead of images) obtained
from different integral transforms, such as Fourier, Mellin, and Hilbert, to classify skin lesions.
Eleven other Artificial Intelligence models were applied so that eight skin lesions could be classified
by analyzing the particular signatures of each lesion. The database was randomly divided into 80%-
20% for the training and test datasets images, respectively. The metrics that are being reported are
accuracy, sensitivity, specificity, and precision. Each case was repeated 30 times to avoid bias,
according to the central limit theorem in this work, and the average and +standard deviation were
reported. Although all the results were very satisfactory, the best average mark for the eight lesions
analyzed was obtained using the Subspace KNN model, where the metrics for the test were 99.98%
accuracy, 99.96% sensitivity, 99.99% specificity, and 99.95% precision.

Keywords: Radial Fourier signatures; SVM; Machine Learning; skin lesions; texture descriptors;
image processing

1. Introduction

The skin is the largest organ in the body. It covers and protects the body externally. Its condition
and appearance show the state of health and well-being of a person; however, due to exposure to the
environment, specific skin injuries can occur, which vary in size and shape. Different types of skin
diseases vary according to the symptoms. The presence of any mild condition can lead to severe
complications and even death. Skin cancer is a serious disease, one of the most common carcinomas.
It is mainly classified into basal cell carcinoma (BCC), squamous cell carcinoma or epidermoid
carcinoma (SCC), and melanoma (MEL) [1-4]. BCC is the most frequent skin cancer in the population
worldwide, and its growth is slow. It can grow and destroy the skin. It is generally observed as a flat
or raised lesion; its color is reddish [1,5-7]. The SSC is a malignant tumor that appears in red spots,
with raised growths like warts; it is the second most common skin cancer [1,2]. Melanoma is the most
aggressive skin cancer, appearing as a pigmented lesion, usually beginning on normal skin as a new,
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small, pigmented growth [2]. Other common diseases are actinic keratosis (AK), benign keratosis
(BKL), dermatofibromas (DF), melanocytic nevi (NV), and vascular lesions (VASC), among others.

Actinic keratosis occurs due to frequent exposure to ultraviolet rays from the sun or tanning
beds; it usually appears as small rough spots and presents color variations. Some areas are generally
malignant, causing squamous cell carcinoma [7-9]. Seborrheic keratoses or benign keratoses are
benign tumors that frequently occur in the geriatric population. This type of tumor consists of a
brown or brown spot or lesion. In some cases, it is often confused with basal cell carcinoma or
melanoma [10,11]. Dermatofibroma is a benign skin lesion; it appears as a slow-growing papule, and
its color varies from light to dark brown, purple to red, or yellowish. Its clinical diagnosis is simple;
however, sometimes it is difficult to differentiate it from other tumors, such as malignant melanoma
[12,13]. Melanocytic nevi or moles are the most common benign lesions with smooth, flat, or palpable
surfaces. They form as a brown spot or freckle that varies in size and thickness [14,15]. Vascular
lesions are disorders of the blood vessels. They become evident on the skin's surface, forming red
structures, dark spots, or scars so that they present an aesthetic problem. Some VASCs develop over
time due to environmental changes, temperature, poor blood circulation, or sensitive skin [16,17].
The skin can warn of a health problem; its care is critical in the physical and emotional aspects.
Different conditions can affect the skin; some are present at birth, and others are acquired throughout
life. Some lesions may have similar characteristics, making differentiating them from the most
common malignant neoplasms difficult. Skin diseases are a significant health problem. New digital
tools and technologies based on Artificial Intelligence (AI) have been developed for detecting and
treating diseases due to the ability to analyze large amounts of data. The latest developments based
on Artificial Intelligence tools help identify health problems in the early stages. These developments
are also based on image processing, where the recognition of visual patterns through images
represents a potential in the face of the failure of the human eye. Applying algorithms based on
Artificial Intelligence allows the development of non-invasive tools in the health area.

In recent decades, Machine Learning (ML) techniques have been reached impressive
applications in many research areas and still growing. Since many studies about medical imaging are
focused on automating skin lesion identification from dermatological images to provide an adequate
diagnosis and treatment to patients, ML techniques can be a powerful tool to detect melanoma
automatically, quickly, and reliably.

Some ML techniques, such as convolutional neural networks (CNNSs), are the most popular due
to represent the closest technique to the learning process of human vision. The CNNs are based on
the mathematical operator of the convolution between the image and filters to extract information.
Even though CNNs have provided successful results for image -classification, their high
computational cost, as well the non-invariance property under rotation, scale, and translation of the
convolution operation, makes the CNNs an ineffective tool in practice to implement in the
identification or classification of some images, especially for those corresponding to skin lesions
where vital information could be lost due to low contrast that exists, on many occasions, between the
lesion and healthy skin and therefore during the segmentation carried out by some filters,
information on the lesion is not extracted correctly [18,19]. In this context, other ML techniques, such
as Support Vector Machine (SVM), k--nearest neighbors (KNN), or ensemble classifiers, have shown
acceptable performance [20-56].

The KNN method classifies the data X by finding the closet neighbor among the training data
points X'. It has been used in other works for skin lesion classification: In reference [20] used KNN,
SVM, decision trees, Naive Bayes, ensemble tree, and single hidden layer extreme learning machine
(ELM), for cancer classification. In reference [21] evaluated KNN, SVM, and other machine-learning
methods for the multiclass classification of skin lesions. In reference [22] implemented KNN, SVM,
and other methods for skin cancer lesions by using prism- and segmentation-based fractal signatures.
In reference [23] worked with KNN on a descriptor made by skin surface fractal dimension and
relevant color area features. In reference [24] used KNN alongside a proposed optimal feature
selection through an entropy-controlled approach. In reference [25] used KNN and SVM with the
Stacking Ensemble Method based on the Meta-Learning algorithm to classify skin lesions as
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melanoma, dysplastic and benign. In reference [26] classified ten skin lesions and compared
hierarchical KNN and deep net classifiers. In reference [27] implemented KNN and SVM and a
decision tree for classification. They also worked with the Dull Razor algorithm [28] and median
filtering for hair removal. In reference [29] worked with texture features based on fractional Poisson
to classify melanocytic and non-melanocytic lesions. In reference [30] used KNN, SVM, and decision
trees to pre-classify the skin lesions as normal, abnormal, and melanoma. In reference [31]
implemented KNN and SVM to classify skin lesion asymmetry. In reference [32] used hierarchical
KNN to organize ten classes of skin lesions. In reference [33] compared KNN, SVM, and a feed feed-
forward backpropagation Neural Network using 19 features, which include area, perimeter,
circularity, border irregularity, principal axis, minor axis, color variegation, mean intensities of RGB
plane separately, entropy, energy, contrast, homogeneity, correlation, eccentricity, and area
difference. In reference [34] reviewed the procedures for classifying pigmented skin lesions from
macroscopic images. In reference [35] used hierarchical KNN for non-melanoma classification. In
reference [36] designed a system to run on a mobile device with a camera.

The SVM method aims to find the optimal separating hyperplane that separates various classes.
It has been widely used for skin lesion classification: In reference [27] classified ten different skin
lesions. In reference [38] classified melanoma and non-melanoma. In reference [39] identified
melanoma, seborrheic keratosis, and lupus Erythematosus using modified ABCD features. In
reference [40] evaluated the SVM classifier and two convolutional neural networks. In reference [41]
used SVM alongside morphological preprocessing and fractal-based feature extraction. In reference
[42] applied the SVM classifier with the saliency-based segmentation method and feature selection
by the entropy method after extraction of deep color and PHOG (Pyramid Histogram of Oriented
Gradients) features to classify skin lesions. In reference [43] implemented SVM for multiclass
classification using a saliency map constructed from the 2D blue channel. In reference [44] used the
Aujol decomposition model for structure and texture identification, k-means segmentation, and four
feature extraction methods to classify with SVM. In reference [45] used SVM alongside probabilistic
distribution-based segmentation and entropy-based feature selection. In reference [46] implemented
the color, texture, and Histogram of Oriented Gradients (HOG) feature and the Dull Razor hair
removal method. In reference [47] combined the SVM classifier with segmentation-based image
decomposition into texture and geometrical components. In reference [48] used SVM to classify Basal
cell carcinoma and the benign nevus. In reference [49] implemented SVM for the classification step
in a system that considers the estimated depth of skin lesions with a 3-D reconstruction. In reference
[50] compared polynomial SVM, Radial Basis Function, and backpropagation Multy-layer Perceptron
for the classification of Tinea Corporis, Pityriasis Versicolor, and Herpes Zoster. In reference [51] used
SVM and a segmentation-based image decomposition into texture and geometrical components. In
reference [52] used the Dull razor hair removal algorithm alongside active contours and watersheds
for segmentation. In reference [53] implemented SVM to classify feature vectors in a 6D Riemannian
manifold.

In reference [54] identify lesion feature vectors in a 4D Riemannian manifold. In reference [55]
used SVM and proposed a set of high-level intuitive features (HLIF) to describe border irregularity
from skin lesions.

Ensemble classifiers combine multiple classifiers to achieve a better performance than working
with the classifiers individually. This method has also been used for skin lesion classification. As
mentioned in reference [20] used ensemble trees alongside KNN, SVM, decision trees, Naive Bayes,
and a single hidden layer extreme learning machine (ELM). In reference [56] implemented KNN and
SVN and ensemble classification using fractal-deep learning features. In [57] used the ensemble
method to search optimal wavelet bases to maximize the classification quality.

Although SVM, KNN, and Ensemble classifiers were successfully implemented to classify skin
lesions, a digital image under rotation, scaling, or translation was not considered. The application of
the Fractional Radial Fourier Transform in pattern recognition for digital images is invariant to
translation, scale, and rotation, and the results obtained to classify phytoplankton species showed a
high level of confidence (greater than 90%) [58]. In this paper, we implemented the Hilbert mask on
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the Module of the Fourier-Mellin Transform to obtain the unique signature of the skin lesion called
the Radial Fourier-Mellin signature. Also, we included as a signature the extraction of the Local
Binary Pattern (LBP) image features. The classification task was obtained using KNN, SVM, and
ensemble classifiers. Section 2 contains the description and image dataset pre-processing procedure
and methods used to achieve its skin lesion classification. Section 3 presents the results using these
supervised machine learning methods. In section 4, we discuss the obtained results, and in section 5,
we incorporate the discussion of our research.

2. Materials and Methods

2.1. Image dataset

The images used in our study were obtained from the 2019 challenge Training data of the
“International Skin Imaging Collaboration” (ISIC) [59]. This dataset consists of 25,331 digital images
of 8 types of skin lesions. 3323 basal cell carcinoma (BCC) digital images, 628 digital images of
squamous cell carcinoma (SCC), 4522 melanoma (MEL) digital images, 867 actinic keratosis (AK) skin
lesion digital images, 2624 benign keratosis (BKL) skin lesion images as solar lentigo, seborrheic
keratosis and lichen planus-like keratosis, 239 dermatofibroma (DF) digital skin lesion images, 12875
melanocytic nevus (NV) digital images and 253 images of vascular skin lesion (VASC). However, we
proceeded to eliminate the skin lesions images that contained noise, such as hair, measurement
artifacts, and other noise types that made it difficult to segment lesions. The image dataset debugged
reduced the data to 9067 dermatologic skin lesions, where 6747 images are for NV, 1032 for MEL, 512
for BCC, 471 for BKL, 130 for VASC, 67 for DF, 62 for SCC, and 46 for AK. This dramatic reduction
motivated us to include a data augmentation procedure resulting in 362,680 dermatologic skin lesion
images, and we randomly selected images to classify using SVM, KNN, and ensemble classifiers
machine-learning methodologies. To avoid classification bias, we homogenize the classes in the
database using 1840 images for each type of skin lesion. Each of these 14,720 randomly selected image
datasets was transformed into its Radial Fourier signatures and texture descriptors using the Hilbert

transform.
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Figure 1. Some digital skin lesion images of our dataset.

2.2. The signatures

We generated several signature vectors of each RGB channel and grayscale image using our data
set (362,680) obtained through data augmentation. The data augmentation procedure considered five
image scale percentages (100%, 95%, 90%, 85%, and 80%) and eight rotation angle values (45°, 90°,
135°, 180°, 225°, 270°, 315°, and 360°). These signatures or descriptors use invariance properties to the
translation and scale of the modules of the Fourier Transform and the Mellin Transform, respectively.
To include the invariant object rotation property, we used the Hilbert Transform. To calculate the
unique signatures of the image, we sum the pixel value of each ring obtained after using the Hilbert
masks as a filter. We incorporate the texture signatures or descriptors on the radial Fourier signatures
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previously generated. The process to obtain this one-dimensional skin lesion digital image
representation or signature is shown in Figure 2. The original image (Im(x,y)) contains 3 matrix
channels in RGB (Red, Green, and Blue channels). Thus, the picture was segmented into these three
primary color channels to apply the Radial Fourier-Mellin method and the LBP image features
extraction. Also, we considered the grayscale skin lesion digital image obtained by a weighted sum
of RGB values defined by: 0.299R+0.587G+0.114B.

Im(x,y)

s

Radial Fourier-Mellin LBP
signatures signatures
A A

0.8

0.6

0.4

WL

0 100 200 300 400

Figure 2. Signatures of an image. The presentation of the graphic on the vertical log scale allows the
visualization of the two types of descriptors.

2.3. Radial Fourier-Mellin signatures through Hilbert transform

To generate the Radial Fourier signatures, first, the module of the Fourier-Mellin (FM)
Transform of the RGB image channels and gray-scale skin digital image, named Im(x,y), was
obtained using the next equation [60,61].

|Fu (s, O] = [f; [FT[Im(x, y)]| x5~ Yyt tdxdy = M{|FT[Im(x,y)][} )

where |Fy(s,t)| is the module of the Mellin transform which give us a scale invariance of an object
in the image necessary due that the skin lesion digital images were obtained from different distance
lesion-camera. Thus, the lesion region is small for far lesion-camera distances, or the image contains
a large lesion region for oppositive. The (s,t) represents the 2D coordinates transformed of (x,y),
pixel coordinates, on Mellin’s plane. Notice that these pixels coordinates (x,y), are the corresponding
to the module Fourier transform of the image (|FT[Im(x,y)]|) taking advantage of its translation
invariance, so at this moment, the object (skin lesion) in the image is invariant to translation and scale.

Now, using the Hilbert Transform, also we achieve that the skin lesion in the image be invariant
to rotation. The Hilbert Transform of the image is given by [58,62-65]:

F{H, [Im(x,y)]} = ePPFT[Im(x,y)] = eP°F (u,v) (2)

where p is the order of the radial Hilbert transform, 6 is the angle on frequency domain/space of
the pixel coordinates in the image (x,y) after being transformed to Fourier plane coordinates as
(u, v). Therefore, this angle is determined by 6 = acos (u/vVu? + v2). Then, using the Euler’s formula,
we calculated the binary ring masks of the RGB channels and gray-scale skin lesion digital image,
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using both, the real (Hg) and imaginary (H;) part of the radial Hilbert transform of the image as
follows [58,62-65].

1,if sin = (pf) >0

Hp = Re[H,(u,v)] = { 0, otherwise ©
1,i 0 0
H; = Im[H,(u,v)] = { olf Coz(tz;le)r;ise W

The binary ring masks obtained above were applied to filter the skin lesion digital image
processed previously (using the module of the Fourier-Mellin transform). The results require the sum
of the values in the pixels of each ring, obtaining two unique signatures of each skin gray-scale lesion
image (Sgrayy, and Sgrayy,) and its RGB channels given by: SRy, SRy,, SGy,, SGy,, SBy,
and SBy,. To include texture descriptor, we used the extractLBPFeatures MATLAB's function to
obtain the LBP of image features of each RGB and gray-scale image LBPg, LBP;, LBPgp and
LBPg,.,, . We concatenate these signatures to get 444 components of one-dimensional
objects/signatures.

2.4. Signature Classification

We generated radial Fourier and texture signature vectors of each RGB channel and gray-scale
dermatological digital image in our dataset. These descriptors are invariant to scale, rotation,
illumination, and noise on the image to analyze, so a data augmentation procedure considering scale
and rotation was included. To homogenize the classes in the database, we used 1840 images for each
type of skin lesion. The signature classification was performed with support vector machines (SVM),
K-nearest neighbors (KNN), and ensemble classifiers.

Variations of these methods were implemented. In the case of SVM, four different Kernels were
used [66]: Quadratic SVM works by implementing a polynomial of degree=2 as Kernel, while the
Cubic SVM method uses a polynomial of degree=3. The Fine Gaussian SVM method uses a Gaussian
Kernel with a Kernel scale=5.3. The Medium Gaussian SVM works with a wider Gaussian Kernel
using a Kernel scale=21.

Also, five KNN variations were explored [67,68]: Fine KNN works using the Euclidean distance
and a k=1 neighbor. The Medium KNN algorithm also uses Euclidean distance, but the number of
neighbors is k=10. The Cosine KNN algorithm implements the Cosine distance with k=10 neighbors.
The Minkowski distance with exponent p=3 is used for the Cubic KNN method. For the Weighted
KNN, the same length and number of neighbors were used as in the Medium KKN, but for this case,
the neighbors are weighted based on the square inverse of the distance.

Finally, two Ensemble Classifiers were used. These classifiers aggregate the predictions of a
group of predictors to get better forecasts than the best individual predictor [69]. The Bagged Trees
method implements decision trees using bootstrap aggregation (Bagging) [70]. The Subspace KNN
method uses the Random Subspace Method for KNN classification [71,72].

In total 11 algorithms were explored, shown in Table 1.

Table 1. This table shows a description of the 11 algorithms implemented.

Algorithm Description
Quadratic SVM Type: Support vector machines
Kernel type: Quadratic polynomial.
Cubic SVM Type: Support vector machines
Kernel type: Cubic polynomial.
Fine Gaussian SVM Type: Support vector machines
Kernel type: Gaussian.
Kernel scale: 5.3.
Medium Gaussian SVM Type: Support vector machines
Kernel type: Gaussian.
Kernel scale: 21.
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Fine KNN

Medium Gaussian KNN

Cosine KNN

Cubic KNN

Weighted KNN

Bagged Trees

Subspace KNN

Type: K-nearest neighbors
Number of neighbors: 1

Distance: Euclidean.

Type: K-nearest neighbors
Number of neighbors: 10
Distance: Euclidean.

Number of neighbors: 10
Distance: Cosine.

Type: K-nearest neighbors
Number of neighbors: 10
Distance: Minkowski distance with
exponent p=3.

Type: K-nearest neighbors
Number of neighbors: 10
Distance: Euclidean.

Distance Weight: Squared inverse.
Type: Ensemble Classifier
Method: Bootstrap aggregating.
Type: Ensemble Classifier
Method: Subspace based KNN.

MATLAB 2022b was used to carry out the classification process, using the same data set for all
11 algorithms. The data set was balanced by selecting 1840 signatures from each skin lesion.
Therefore, the data set consists of 14,720 Signatures.

3. Results

To measure the performance of each algorithm, the data set was split by selecting randomly 80%
of the data as the training set and 20% as the test set. This process was performed 30 times, and the
mean tstandard deviation was calculated for accuracy, sensitivity, specificity, and precision [69] for

each class C;, which are given by

) - TP, + TN; 5
accuracy(C;) = TP; + TN; + FP; + FN; ®)
g . p— TPi
sensitivity(C;) = TP + FN, ©
i i
N:
specificity(C;) = m )
i i
o T
precision(C;) = TP + FP, ©
i i

where
TP;: true positives for class i.
TN;: true negatives for class i.
FP;: false positives for class i.
FN;: false negatives for class i.

Tables 2-12 show the results for each algorithm.

Table 2. Results for Quadratic SVM.

TRAIN SET
ACCURACY SENSITIVITY SPECIFICITY PRECISION
LESION MEAN #1SD MEAN #1SD MEAN #1SD MEAN #1SD
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BCC 0.997713 0.000435 0.992518 0.001918 0.998454 0.000441 0.989201 0.003089
SCC 0.994121 0.000502 0.989432 0.002688 0.994789 0.000394  0.96442 0.002662
MEL 0.995564 0.000634 0.978523 0.00349 0.997998 0.000466 0.985882 0.003276
AK 0.994141 0.00064 0.969387 0.004028 0.997692 0.000405 0.983691 0.002828
BKL 0.994707 0.000585 0.982108 0.003661 0.9965 0.000433 0.975644 0.002831
DF 0.996077  0.00053 0.975942 0.003758 0.998964 0.0003 0.992662 0.00211
NV 0.995768 0.000637 0.987118 0.003555 0.996996 0.00054 0.979067 0.003622
VASC 0.998452 0.000227 0.991186 0.001829 0.999489 0.000202 0.996405 0.001409
MEAN=1SD 0.995818 0.001585 0.983277 0.008205 0.99761 0.001502 0.983371 0.01024
TEST SET
ACCURACY SENSITIVITY SPECIFICITY PRECISION

LESION MEAN #1SD MEAN #1SD MEAN #1SD MEAN  #1SD

BCC 0.998902 0.000771 0.995155 0.003451 0.999443 0.000747 0.996129 0.005223
SCC 0.996671 0.001348 0.994984 0.006641 0.99692 0.001477 0.978896 0.009978
MEL 0.997328 0.001484 0.984985 0.011026 0.999095 0.000836 0.993616 0.005861
AK 0.996467 0.001355 0.981774 0.008303 0.998527 0.001044 0.989513 0.007158
BKL 0.99692 0.001044 0.99105 0.006158 0.997775 0.001073 0.984501  0.00745
DF 0.997656  0.00109 0.984903 0.008138 0.999431 0.000583 0.995944 0.004108
NV 0.997464 0.001555 0.99428 0.006072 0.99791 0.00166  0.98595 0.010578
VASC 0.998913 0.000538 0.993741 0.004151 0.999651 0.000327 0.997529 0.002344

MEAN=+1SD  0.99754 0.000933 0.990109 0.005392 0.998594 0.000981  0.99026 0.006679

Table 3. Results for Cubic SVM.

TRAIN SET

ACCURACY SENSITIVITY SPECIFICITY PRECISION
LESION MEAN #1SD MEAN #1SD MEAN #1SD MEAN =#1SD
BCC 0.997931 0.000475 0.991772 0.002502 0.998815 0.0004  0.99175 0.002773
SCC 0.998225 0.000515 0.9958 0.00246 0.998571 0.000366 0.990031 0.002564
MEL 0.998585 0.000376 0.995069 0.002159 0.999085 0.000309 0.993581 0.002148
AK 0.997857 0.000469  0.98977 0.002736  0.99901 0.000418 0.993046 0.002911
BKL 0.997951 0.000604  0.99258 0.003565 0.998719 0.000419 0.991067 0.002932
DF 0.998488  0.00042 0.993297 0.003042 0.99923 0.000292 0.994617 0.002015
NV 0.998321 0.000412 0.99141 0.002184 0.999311 0.000323 0.995173 0.002237
VASC 0.999768 0.000158 0.998817 0.001053 0.999903 0.000108  0.99932 0.000756
MEAN=*1SD 0.998391 0.000617 0.993565 0.002882 0.99908 0.000417 0.993573 0.002906

TEST SET

ACCURACY SENSITIVITY SPECIFICITY PRECISION
LESION MEAN #1SD MEAN #1SD MEAN #1SD MEAN #1SD
BCC 0.999241 0.000701 0.997109 0.004113 0.999535 0.000714 0.996713 0.005081
SCC 0.999411 0.000667 0.998569 0.003459 0.999534 0.000685 0.996772  0.00483
MEL 0.999468 0.000548 0.998491 0.003087 0.999611 0.000568 0.997317 0.003941

AK 0.999207 0.000769 0.996019 0.004335 0.999665 0.000615 0.997598 0.004424
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BKL 0.999343 0.000807 0.997474 0.005446 0.999612 0.000638 0.997301 0.004364
DF 0.999683 0.000527 0.999094 0.002063 0.999767 0.000507 0.998393 0.003469
NV 0.999162 0.000816 0.995287  0.00487 0.999716 0.000584 0.997986 0.004132
VASC 1 0 1 0 1 0 1 0

MEAN=*1SD  0.99944 0.000281 0.997755 0.001587 0.99968 0.000153  0.99776 0.001067

Table 4. Results for Fine Gaussian SVM.

TRAIN SET

ACCURACY SENSITIVITY SPECIFICITY PRECISION
LESION MEAN #1SD MEAN #1SD MEAN #1SD MEAN =#1SD
BCC 0.990617 0.001202 0.938094 0.009789 0.998108 0.000634 0.986097 0.004562
SCC 0.991729 0.000776 0.9374 0.006256 0.999511 0.000248 0.996384 0.001816
MEL 0.990704 0.000929 0.948301 0.004959 0.99677 0.000679 0.976802 0.004607
AK 0.964331 0.002284 0.992258 0.002383 0.960355 0.002588 0.781032  0.01118
BKL 0.988485 0.000888 0.915523 0.006838 0.998884 0.000384 0.991531 0.002881
DF 0.993657 0.000814 0.963894 0.006035 0.997907 0.000437 0.985045 0.003063
NV 0.987007 0.000943 0.955562 0.006548 0.991504 0.000797 0.941491  0.00538
VASC 0.993679 0.000848 0.949736 0.006868 0.999951 7.96E-05 0.999643 0.000587
MEAN=1SD 0.987526 0.009651 0.950096 0.022366 0.992874 0.013403 0.957253 0.073477

TEST SET

ACCURACY SENSITIVITY SPECIFICITY PRECISION
LESION MEAN #1SD MEAN #1SD MEAN #1SD MEAN  #1SD
BCC 0.994792 0.001981 0.963688 0.014052 0.999249 0.000668 0.994572 0.004833
SCC 0.996071 0.000904 0.968772 0.007678 0.999922 0.000214 0.999446 0.001521
MEL 0.996535 0.001641 0.980529 0.012471 0.998837  0.00096 0.991698 0.006806
AK 0.982756 0.002737 0.994899  0.00495 0.980997 0.002822 0.883549 0.015957
BKL 0.99435 0.001641 0.960839 0.010733 0.999222 0.000671 0.994451 0.004731
DF 0.997226 0.001441 0.983665 0.008772 0.999148 0.00091 0.993885 0.006639
NV 0.994124 0.001773 0.982219 0.008845 0.995812 0.001428 0.970819 0.010054
VASC 0.997271 0.001331 0.978214 0.010582 1 0 1 0

MEAN=+1SD 0.994141 0.004764 0.976603 0.011407 0.996649 0.006459 0.978552 0.039459

Table 5. Results for Medium Gaussian SVM.

TRAIN SET
ACCURACY SENSITIVITY SPECIFICITY PRECISION
LESION MEAN #1SD MEAN #1SD MEAN #1SD MEAN #1SD
BCC 0.970352 0.001239 0.904254 0.007983 0.979737 0.001104 0.863793 0.006639
SCC 0.973061 0.001097 0.893946 0.007351 0.984325 0.00116 0.890457 0.006616
MEL 0.970867 0.000961 0.829685 0.006684 0.991048 0.000499 0.929828 0.003744
AK 0.977499 0.000898 0.897616 0.006106 0.988921  0.00103 0.920629 0.006421
BKL 0.972529 0.000865 0.865436 0.00704 0.987814 0.000886 0.910286 0.005526

DF 0.985904 0.000616 0.921273 0.004687 0.995152 0.000607  0.96458 0.004144
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NV 0.959978 0.000896 0.944947 0.003669 0.96213 0.001128 0.781547 0.004489
VASC 0.991525 0.000697 0.949302 0.005961 0.997563 0.000433 0.982402 0.002982
MEAN=+1SD 0.975214 0.009798 0.900808 0.039817 0.985836 0.011125 0.90544 0.062767
TEST SET

ACCURACY SENSITIVITY SPECIFICITY PRECISION
LESION MEAN #1SD MEAN #1SD MEAN #1SD MEAN  #1SD
BCC 0.977502 0.003381 0.93541 0.015774 0.98365 0.003091  0.89323 0.018677
SCC 0.979337 0.002892 0.921498 0.020366 0.987716 0.0027 0.915755 0.017457
MEL 0.976551 0.003395 0.858984 0.024565 0.993301 0.00136 0.947996 0.010845
AK 0.983243 0.002995 0.913926 0.013777 0.993147 0.002206 0.949931 0.015829
BKL 0.978023 0.003674 0.893106 0.022957 0.990187 0.001856 0.928795 0.012963
DF 0.991078 0.001802 0.947692 0.011963 0.997261 0.001098 0.979965 0.008013
NV 0.966044 0.004155 0.952837 0.010116 0.967897 0.005143 0.807599 0.024077
VASC 0.993671 0.001883 0.959445 0.013131 0.998526 0.000779 0.989305 0.005602

MEAN=1SD 0.980681 0.008731 0.922862 0.033929 0.988961 0.009796 0.926572 0.057544

Table 6. Results for Fine KNN.

TRAIN SET

ACCURACY SENSITIVITY SPECIFICITY PRECISION
LESION MEAN #1SD MEAN #1SD MEAN #1SD MEAN #1SD
BCC 0.996612 0.000647 0.988253 0.003377 0.997809 0.000452 0.984767 0.003143
SCC 0.996459 0.000687 0.992086 0.00247 0.997082 0.000661 0.979832 0.004407
MEL 0.991981 0.000865 0.967874 0.005457 0.995412  0.00063 0.967787 0.004308
AK 0.997019 0.000537 0.98884 0.00308 0.998188 0.000476  0.98736 0.003258
BKL 0.993662 0.000735 0.968304 0.005179 0.997277 0.000491 0.980674 0.003422
DF 0.995847  0.00054 0.984048 0.003433 0.997534 0.000475 0.9828 0.003276
NV 0.9906 0.000995 0.962863 0.005059 0.994565 0.000698 0.962032 0.004756
VASC 0.997852 0.000516 0.987744 0.003771 0.999295 0.000296 0.995033 0.002071
MEAN=*1SD 0.995004 0.002616 0.980001 0.011626 0.997145 0.001511 0.980036 0.010578

TEST SET

ACCURACY SENSITIVITY SPECIFICITY PRECISION
LESION MEAN #1SD MEAN #1SD MEAN #1SD MEAN  #1SD
BCC 0.998562 0.000776 0.995856  0.00456 0.998941  0.00065 0.992512 0.004646
SCC 0.998709 0.000954 0.997816 0.002984 0.998835 0.000948 0.991932 0.006699
MEL 0.996581 0.001444 0.98485 0.010675 0.998316 0.001431 0.988392 0.009868
AK 0.998913 0.001019 0.996475 0.005015 0.999275 0.000801 0.994956 0.005579
BKL 0.997101 0.001219 0.984999 0.007762 0.998836 0.001008 0.991779 0.007134
DF 0.998358 0.000953 0.995091 0.004975 0.998823 0.000948 0.991805 0.006562
NV 0.995811 0.001733 0.983651 0.008814 0.997541 0.001488 0.982872 0.010041
VASC 0.999026 0.000761 0.993904 0.006181 0.999754 0.00033 0.998266 0.002323

MEAN=*1SD 0.997883 0.001215 0.99158 0.00598 0.99879 0.000652 0.991564 0.004523
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TRAIN SET

ACCURACY SENSITIVITY SPECIFICITY PRECISION
LESION MEAN #1SD MEAN #1SD MEAN #1SD MEAN #1SD
BCC 0.968962 0.001612 0.902908 0.008807 0.978419 0.001602 0.857063 0.008559
SCC 0.964886 0.001417 0.886476 0.009336 0.976084 0.001643 0.841252 0.008924
MEL 0.956256 0.001899 0.817315 0.011059 0.976133 0.001703 0.830625 0.009523
AK 0.966205 0.001226 0.862392 0.009765 0.98104 0.001444 0.866847 0.008002
BKL 0.963505 0.00187 0.84941 0.00938 0.979755 0.002278 0.856939 0.013198
DF 0.969574 0.001417 0.849535 0.010333 0.986664 0.001288 0.900786 0.008433
NV 0.951404 0.001651 0.834493 0.010815 0.968077 0.001882 0.788632 0.009132
VASC 0.985493 0.001017 0.902211 0.007839 0.997421 0.000526 0.980456 0.003871
MEAN=+1SD 0.965786 0.010118 0.863092 0.031504 0.980449 0.008639 0.865325 0.056466

TEST SET

ACCURACY SENSITIVITY SPECIFICITY PRECISION
LESION MEAN #1SD MEAN #1SD MEAN #1SD MEAN #1SD
BCC 0.977899 0.002878 0.946323 0.014022 0.982366 0.003188 0.884054 0.017584
SCC 0.975928 0.003423 0.906904 0.021586 0.985793 0.00251 0.901248 0.016761
MEL 0.965308 0.004586 0.879849 0.023875 0.977466 0.003912 0.847469 0.023878
AK 0.97474 0.003065 0.891863 0.016402 0.986582 0.002767 0.904245 0.020062
BKL 0.971558  0.00339 0.897429 0.017104 0.982317 0.002985 0.879933 0.018989
DF 0.977219 0.002996 0.877022 0.024321 0.991761 0.002146 0.939128 0.015253
NV 0.960462 0.004176  0.85456 0.025912 0.975699 0.004218  0.83514 0.02571
VASC 0.988055  0.00234 0.912879 0.018859 0.998694 0.000701 0.990039 0.005171
MEAN=#1SD 0.973896 0.008384 0.895854 0.027499 0.985085 0.0075 0.897657 0.049623

Table 8. Results for Cosine KNN.
TRAIN SET

ACCURACY SENSITIVITY SPECIFICITY PRECISION
LESION MEAN #1SD MEAN #1SD MEAN #1SD MEAN #1SD
BCC 0.96834 0.00108 0.851159 0.010441 0.985047 0.001385 0.890453 0.008299
SCC 0.963689 0.001617 0.849973 0.013445 0.979887 0.001611 0.857745 0.009328
MEL 0.954031 0.001684 0.798347 0.012674 0.976334 0.002385 0.828959 0.012168
AK 0.965667 0.001554 0.867501 0.009935 0.9797 0.002158 0.859622 0.011847
BKL 0.959197 0.001785 0.813381 0.012224 0.979997 0.001902 0.853189 0.010953
DF 0.969908 0.001379 0.833521 0.010051 0.989456 0.001226 0.918975 0.008551
NV 0.941463 0.002009 0.890112 0.013375 0.94879  0.00315 0.71319 0.010549
VASC 0.981986 0.001287 0.91312 0.008143 0.991796 0.001024 0.940725 0.006908
MEAN=+1SD 0.963035 0.01197 0.852139 0.038069 0.978876 0.013264 0.857857 0.069131

TEST SET
ACCURACY SENSITIVITY SPECIFICITY PRECISION
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LESION MEAN #1SD MEAN #1SD MEAN #1SD MEAN  #1SD
BCC 0.977434 0.002263 0.911182 0.014176 0.986988 0.002337 0.909599 0.016076
SCC 0.972271 0.003538 0.871525 0.020069 0.986818 0.002835 0.904842 0.020734
MEL 0.9643 0.00416 0.853384 0.026301 0.979937 0.0029 0.857077 0.018503
AK 0.973607 0.003901 0.895428 0.016813 0.98474 0.003515 0.893324 0.023071
BKL 0.967969 0.004153 0.871239 0.02185 0.981898 0.003421 0.873844 0.020752
DF 0.974411 0.00296 0.85076 0.016279 0.99186 0.002333 0.936737 0.016802
NV 0.95608 0.003435 0.912351 0.018579 0.962345 0.004294 0.7758 0.022732
VASC 0.985847  0.00222 0.921673 0.014345 0.995114 0.001557 0.964687 0.010787
MEAN+1SD  0.97149 0.008917 0.885943 0.027834 0.983713 0.009942 0.889489 0.057024
Table 9. Results for Cubic KNN.
TRAIN SET

ACCURACY SENSITIVITY SPECIFICITY PRECISION
LESION MEAN #1SD MEAN #1SD MEAN #1SD MEAN #1SD
BCC 0.967544 0.001553 0.892731 0.011109 0.978245 0.00162  0.85463 0.008652
SCC 0.958837 0.002056 0.87173 0.011594 0.971249 0.002404 0.812395 0.011305
MEL 0.951254 0.001966 0.792743 0.016617 0.973954 0.002412 0.813743 0.012396
AK 0.961603 0.001413 0.843246 0.008752 0.978504 0.001808  0.84871 0.010153
BKL 0.958948 0.001545 0.83026 0.009622 0.977347 0.001845 0.839881 0.010704
DF 0.965498 0.001278 0.833468 0.010531 0.984356 0.001613 0.884018 0.009842
NV 0.950286 0.001692 0.834216 0.013508 0.966907 0.002334 0.783326 0.010768
VASC 0.984078 0.000932 0.893935 0.007509 0.996871 0.000587 0.975965 0.004312
MEAN=*1SD 0.962256 0.010704 0.849041 0.034759 0.978429 0.009109 0.851583 0.058924

TEST SET

ACCURACY SENSITIVITY SPECIFICITY PRECISION
LESION MEAN #1SD MEAN #1SD MEAN #1SD MEAN  #1SD
BCC 0.977231 0.002806 0.950159 0.012809 0.98111 0.003381 0.876928 0.021674
SCC 0.970211 0.003376 0.883554 0.021992 0.982757 0.003779 0.880785 0.024607
MEL 0.962183 0.00427 0.867746 0.025005 0.975543 0.003754  0.83374 0.023414
AK 0.970652 0.003369 0.869158 0.015176 0.985198 0.003215 0.893751 0.021674
BKL 0.966769 0.003754 0.882164 0.019933 0.978868 0.003254 0.856108 0.020597
DF 0.972883 0.003797 0.859058 0.019839 0.989167 0.002575 0.919144 0.017968
NV 0.960417 0.003748 0.849669 0.027438 0.976155 0.004667 0.834863 0.027576
VASC 0.986458 0.002753 0.907463 0.018557 0.998054 0.000889 0.985479 0.006777
MEAN=*1SD 0.97085 0.008363 0.883622 0.032105 0.983357  0.00748 0.8851 0.049853

Table 10. Results for Weighted KNN.
TRAIN SET

ACCURACY SENSITIVITY SPECIFICITY PRECISION
LESION MEAN #1SD MEAN #1SD MEAN #1SD MEAN =#1SD
BCC 0.99101 0.000853 0.966399 0.004479  0.99452 0.000799 0.961846 0.005073
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SCC 0.990489 0.000854 0.973897 0.005359 0.992855 0.000691 0.951129 0.004412
MEL 0.98292 0.001179 0.929858 0.006006 0.990501 0.000993 0.933329 0.006406
AK 0.990648 0.000956 0.961649 0.00594 0.994779 0.000829 0.963376 0.005514
BKL 0.987704 0.001124 0.94218 0.007959 0.994208 0.000832 0.958831 0.005584
DF 0.991358 0.000866 0.961126 0.005819 0.995669 0.000647 0.969407 0.004409
NV 0.978637 0.001198 0.930944 0.008927 0.985455 0.001282 0.901657 0.006904
VASC 0.994882 0.000687 0.964408 0.004778 0.999236 0.000312 0.994494 0.002249
MEAN=*1SD 0.988456 0.005248 0.953808 0.016992 0.993403 0.00405 0.954259 0.02732
TEST SET

ACCURACY SENSITIVITY SPECIFICITY PRECISION
LESION MEAN #1SD MEAN #1SD MEAN #1SD MEAN #1SD
BCC 0.995143 0.001416 0.980286 0.006849 0.997283 0.001247 0.980993 0.008724
SCC 0.995709 0.001617 0.989698 0.008021 0.996571 0.001178 0.976347 0.008376
MEL 0.989232 0.002362 0.953552 0.012095 0.994358 0.001925 0.960311 0.013101
AK 0.995822 0.001604 0.982016 0.008189 0.997812 0.001377 0.984743 0.009674
BKL 0.993795 0.002086 0.967452 0.010927 0.997569 0.001363 0.982643 0.009614
DF 0.995958 0.001499 0.984228 0.007814 0.997658 0.001094 0.983658 0.007641
NV 0.985892 0.002686 0.957146 0.013847 0.989976  0.00227 0.931492 0.013995
VASC 0.997543 0.001159 0.982462 0.007462 0.99969 0.000459 0.997759 0.003378
MEAN=1SD 0.993637 0.003989 0.974605 0.013462 0.996365 0.002976 0.974743 0.020327

Table 11. Results for Bagged Trees.
TRAIN SET

ACCURACY SENSITIVITY SPECIFICITY PRECISION
LESION MEAN #1SD MEAN #1SD MEAN #1SD MEAN #1SD
BCC 0.998053 0.000557 0.991325 0.003305 0.999013 0.000478 0.993097 0.003319
SCC 0.996912 0.000734 0.985676 0.004545 0.998515 0.000531 0.989579 0.003716
MEL 0.997727 0.000607 0.990838 0.002973 0.998709 0.000528 0.990981 0.003639
AK 0.996932 0.000557 0.991146 0.00306 0.997758 0.00052 0.984448 0.003544
BKL 0.995689 0.00073 0.98531 0.004189 0.997167  0.00062 0.980236 0.004258
DF 0.997554 0.000714 0.987148 0.003966 0.999039 0.000378 0.993235 0.002618
NV 0.997815 0.000605 0.991293 0.003389 0.998745 0.000487 0.991221 0.003352
VASC 0.99912 0.000359 0.996388 0.001829 0.999511 0.000323 0.996589  0.00225
MEAN+1SD 0.997475 0.001002 0.98989 0.003684 0.998557 0.000754 0.989923  0.00524

TEST SET

ACCURACY SENSITIVITY SPECIFICITY PRECISION
LESION MEAN #1SD MEAN #1SD MEAN #1SD MEAN +1SD
BCC 0.999241 0.000712 0.996774 0.003976 0.999586 0.000548 0.997078  0.00388
SCC 0.998992 0.001031 0.994303 0.007762 0.999665 0.000483 0.997583 0.003562
MEL 0.999479 0.000826 0.998582 0.002601 0.999611 0.000737 0.997366 0.004978
AK 0.999253 0.000693 0.997617 0.003347 0.999483  0.00057 0.996359 0.003996
BKL 0.998471 0.001062 0.996698 0.003667 0.998732 0.001071 0.991193  0.00753
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DF 0.999377 0.000606 0.99615 0.003906 0.999844 0.000283 0.998946 0.001909
NV 0.999298 0.000719 0.997054 0.004332 0.999625 0.000591 0.997368 0.004074
VASC 0.999841 0.000365 0.998721 0.002971 1 0 1 0

MEAN=1SD 0.999244 0.000395 0.996987 0.001413 0.999568 0.000375 0.996987 0.002606

Table 12. Results for Subspace KNN.

TRAIN SET
ACCURACY SENSITIVITY SPECIFICITY PRECISION

LESION MEAN +1SD MEAN +1SD MEAN +1SD MEAN 1SD

BCC 0.999462  0.000296  0.997958  0.001851  0.999677  0.000245  0.997737 0.0017
SCC 0.999038  0.000615  0.995829  0.002757  0.999496  0.000445 0.99646  0.003122
MEL 0.998709  0.000469  0.995324  0.003062  0.999194  0.000339  0.994398  0.002311
AK 0.998958  0.000546  0.995273  0.003405  0.999485  0.000285  0.996408 0.00199
BKL 0.999128  0.000355  0.997912  0.001905  0.999301 0.00039  0.995139 0.0027
DF 0.999176  0.000554 0.99656  0.002521 0.99955  0.000403  0.996853  0.002832
NV 0.998814  0.000494 0.99408  0.003025  0.999486  0.000315  0.996381  0.002206
VASC 0.999853 0.00013  0.999591  0.000708 0.99989  0.000134  0.999234  0.000934

MEAN=1SD 0.999142  0.000368  0.996566  0.001806 0.99951  0.000213  0.996576  0.001482

TEST SET

ACCURACY SENSITIVITY SPECIFICITY PRECISION
LESION MEAN +1SD MEAN +1SD MEAN +1SD MEAN +1SD
BCC 0.999955  0.000248 1 0 0999948  0.000284  0.999642  0.001963
SCC 0.999774  0.000515  0.998957  0.003181  0.999896  0.000394  0.999284  0.002726
MEL 0.999909  0.000345 1 0 0999897 0.000393  0.999268  0.002791
AK 0.999909  0.000345  0.999643  0.001958  0.999948  0.000283  0.999637 0.00199
BKL 0.999864  0.000415 1 0 0999845 0.000473  0.998915  0.003311
DF 0.999864  0.000415  0.998952 0.0032 1 0 1 0
NV 0.999909  0.000345  0.999282  0.002732 1 0 1 0
VASC 1 0 1 0 1 0 1 0

MEAN=1SD 0.999898  6.74E-05  0.999604  0.000475  0.999942 S5.82E-05  0.999593  0.000407

4. Discussion

The results obtained from this new methodology for classifying skin lesions using eleven
artificial intelligence algorithms using concatenated signatures were promising. This methodology
proposes using several integral transforms: Fourier, Mellin, and Hilbert, along with the LBP method
of texture features, to obtain a series of concatenated signatures for each lesion. The concatenation of
the signatures has been carried out using the three-color spaces (RGB) and the grayscale image to
extract as much information as possible. This methodology works quite well for those images of skin
lesions that lack noise. It is important to note that the concatenation of the signatures was achieved
using the three-color spaces (RGB) and the gray image to extract as much information as possible.
This allows the artificial intelligence algorithms to detect the most subtle differences between the
lesions. The eleven tables show excellent results in the accuracy, sensitivity, specificity, and precision
metrics of the method, both for the training set and the test set. The group of lesions used to test this
methodology was absent in the set of images used to train the various artificial intelligence
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algorithms. For both the training and test sets, the algorithms were run 30 times, thus obtaining an
average and a tstandard deviation for each case. When comparing the best classifier of the eleven
presented in this work for this class of images, it is observed that the classifier with the best
performance was that of Subspace KNN when the best results for the test set were analyzed. The
same happens when we compare the metrics regarding the training of the various classifiers. The
other ten remaining classifiers also performed well. Using these classifiers where the input is
concatenated signatures is an excellent contribution to this work. This work aligns with previous
studies on the classification of skin lesions using artificial intelligence algorithms. For example, [73]
presented a dataset of 2241 histopathological images from 2008 to 2018. They employed two deep
learning architectures, VGG19 and ResNet50. The results showed a high accuracy in distinguishing
melanoma from nevi, with an average F1 score of 0.89, sensitivity of 0.92, specificity of 0.94, and AUC
of 0.98. In reference [74] presented an automated skin lesion detection and classification technique
utilizing an optimized stacked sparse autoencoder (OSSAE) based feature extractor with
backpropagation neural network (BPNN), named the OSSAE-BPNN technique, reaching a testing
accuracy of 0.947, a sensitivity of 0.824, a specificity of 0.974 and a precision of 0.830. These studies
demonstrate the potential of artificial intelligence algorithms for the classification of skin lesions, and
this work furthers our understanding of how to achieve the best results. This methodology is a
breakthrough in classifying skin lesions using artificial intelligence algorithms and concatenated
signatures. It is a promising development in medical diagnosis and has the potential to revolutionize
the way medical professionals diagnose and treat skin lesions. It is worth mentioning that
concatenated signatures are not just for classifying skin lesions; they can be used for other medical
imaging tasks, such as identifying tumors or categorizing brain scans. Furthermore, this technique
can be applied to other areas, such as facial recognition or the categorization of satellite images.
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