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Abstract---Skin disorders are a serious worldwide public health issue
that affects a large number of individuals. In recent years, with the
fast advancement of technology and the use of different data mining
approaches, treatment of skin predictive classification has really
become highly predictive as well as accurate. As a result, the type of
machine learning approaches capable of efficiently differentiating skin
condition categorization is essential. So far, no one machine learning
approach has outperformed the others in terms of skin disease
prediction. In this research, we introduce a new method that
combines two separate data mining approaches into a single unit, as
well as an ensemble approach that combines both data mining
techniques into a single group. We explore different data mining
strategies to categorize the skin condition using an informative
Dermatology publicly accessible dataset ISIC2019 images, and then
apply an ensemble deep learning method. Furthermore, the presented
ensemble technique, which is based on machine and deep learning,
was tested on Dermatology datasets and was able to categorize skin
disorders into seven categories. The experimental results reveal that
as compared to a single classifier, the dermatological prediction
accuracy of the test data set is improved that are comparable to other
framework of conventional art. When compared to alternative
classification methods, the ensemble technique employed on
Dermatology datasets performs better. The ensemble technique
predicts skin diseases more accurately and effectively. The
recommended Predictive Ensemble Deep learning Classification
algorithm showed a significant gain in accuracy of 96.1 percent, and
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this study effectively developed a system with all of the relevant
characteristics.

Keywords---Classification, Deep learning, Dermatology, Ensemble
technique, Skin disorders.

Introduction

The most important element of the human body is the skin. The skin preserves
the body from UV rays, illnesses, wounds, temperature, and damaging radiation,
as well as aiding in vitamin D3. Because the skin is so vital in managing core
temperature and protecting the body from skin disorders, it's important to keep it
healthy. Skin disorders may appear harmless, yet they can be dangerous if not
treated properly. Many diseases have early symptoms, but most of them are
identical, making it difficult to diagnose the condition at an initial point. Skin
disorders cause not only physical but also psychiatric disorders, particularly in
individuals whose faces have been scarred or deformed. Skin can be influenced by
a range of external and internal factors. Artificial skin injury, severe chemical
causes, adversity illnesses, a person's immunity, and genetic anomalies are some
of the factors that influence skin disorders. Skin diseases have a big influence on
people's lives including well. Dermatological illnesses are the most challenging
subfields of science to cure because of the complications in treating symptoms
and how symptoms alter in various situations. Skin diseases are frequent among
many illnesses, and if these tactics are not fit for that form of skin condition, it
will cause negative effects. People are frequently infected by skin illnesses, which
must be treated as soon as possible.

As an outcome, automated assessment of these illnesses has become more
important due to its ability to produce accurate results in a short space of time
when applied to human analysis utilizing clinical laboratories processes. Color of
skin, tissue outline, skin dimension distribution, and the arrangement of skin
conditions are all visual signs that may be evaluated to diagnose the skin ailment.
The complexity of categorization is enhanced when each human skin trait is
considered separately, and human extraction of characteristics is insufficient for
classifying. In medicine, machine learning techniques are commonly employed.
Various illness diagnostic classification algorithms have been created in order to
predict disease with great accuracy. After evaluating the many aspects of the
disease, several classification methods are created for diagnosing various forms of
disease conditions.

Deep learning methods have, across the other hand, performed as well as or
better than humans in the imaging area. As a result, this article looked into
neural algorithms for skin condition classification using clinical data. Deep
learning for disease identification has emerged as a cutting-edge research subject
in skincare. The objective of this study is to offer a framework for diagnosing skin
diseases employing deep learning to assess the characteristics of skin conditions
and the current state of imaging methods. These deep learning-based algorithms,
on the other hand, have a considerable training requirement, which is a huge
number of annotated visual images to every class. In this work, several
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classification methods are used, followed by ensemble approaches. Another
strategy employing feature selection is used in connection with these neural
network models to determine prediction accuracy, which may then be used to
construct an expert system. Although researchers are continually inventing new
prediction methods, the majority of techniques place emphasis on a few
classification algorithms rather than ensemble approaches. The ensemble
framework incorporates many data mining approaches to obtain at predictions.

Majority of studies in this field of study have been conducted, and they have been
mentioned below. The classification process is carried out by using machines to
train and learn to recognize different types of skin illnesses in humans by
developing an approach to determine, identify, and categories skin related
diseases in humans [1]. Actinic Keratosis, Basal Cell Carcinoma, Dermatofibroma,
Melanoma, Nevus Pigmentosus, Pigmented Benign Keratosis, Seborrheic
Keratosis, Squamous Cell Carcinoma, and Vascular Skin Lesions are indicators of
skin illnesses. The International Skin Imaging Collaboration (ISIC) dataset
HAM10000 dataset is available datasets that cover the nine categories of skin
disorders [2]. Skin disorders are one of the most serious diseases that individuals
acquire. Long-term usage of many forms of high - frequency wireless devices can
result in the development of skin cancer due to the physical architecture altered
by direct exposure to UV radiation [3]. In [4], according to a prolonged and
continually changing phase occurring in certain parts of the skin, the
identification of skin illnesses is extremely difficult due to the symptoms of skin
condition. Skin illness may be diagnosed using a variety of indicators, including
fundamental lesion structure, physical selection, scaling, shading, and pattern.
The identification process may be made highly difficult by examining certain
components individually. Due to the lack of visual resolution in skin condition
images, medical specialists with high-level tools are required to identify these
conditions.

As a result, manual skin condition assessment is generally subjective, time-
consuming, and involves more human effort. As a conclusion, a computer-aided
system that can identify skin illnesses automatically must be developed. As a
result of this research, we offer a deep learning infrastructure approach for skin
disease detection, which is based on the merger of many feed-forward neural
architectures that have already demonstrated their performance in pattern
matching settings. The most well-known of these models is deep learning, which
is designed to train image properties and detect skin problems. In order to
categorize all varieties of input samples, such networks are trained on a million
visuals. To develop an ensemble model to predict skin illness, investigators
combined these two deep learning techniques with the Naive Bayes algorithm, a
prominent probability theory-based approach. Using the ensemble methodology,
deep learning methods contemplate a training neural network for many forms of
skin data identification.

The following is a representation of how the entire article is structured: The
second section focuses into prior research on the classification of skin conditions.
Section III presents an overview of the Predictive Ensemble Deep Convolutional
Neural Networks Classifier (RF-DCNN Deep classifier) model's data and
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methodology, while Section IV presents the study findings. Section V discusses
the results and makes recommendations for its path ahead.

Related Works

This section contains an overview of the available literature in the field of skin
disease identification wusing various feature extraction and classification
techniques. Among various studies and articles, the following are some of the
most recent:

For segmenting skin injuries and analyzing the detected regions which presented
in surrounding of skin for melanoma detection, an ensemble technique [5] was
developed. It incorporates both deep learning and traditional machine learning
methods. Abstract coding approaches and Support Vector Equipment (SVMs)
were integrated with recent machine learning methods such as deep residual
networks and CNN (Convolutional Neural Networks) in full to identify melanoma
and discriminate dermoscopic data. This method consists of three steps: wound
isolation, elimination of the dermoscopic images lesion feature, and separation of
the lesions. The database, however, was uneven, and not all categories were
classified.

Using the Naive Bayes Classifier algorithm, Zeon et. al developed DOCAID, a
disease prediction system for predicting dengue, cholera, malaria, Yellow fever,
and diarrhea based on patient symptoms and complaints [6]. The authors claimed
that they were able to forecast illnesses with a 91 percent accuracy rate. S. Ra et
al. [7] published a paper in 2015 that used a segmentation and classification
technique to identify lesion regions in the skin. To accomplish this, skin data are
first processed using a filtering method to remove noise level and hair segments,
which are then segmented. Z. Wu et al. [8] revealed face-related skin disease
identification using the convolutional neural network approach in later years.
Xiaingya-Derm was used to analyze a bigger clinical skin-related dataset called
China skin imaging collection, which comprises of 2656 face surface images. For
analysis, these input image-type data are based on three significant skin
illnesses: BCC, SCC, and SK, as well as other common skin disorders including
rosacea (ROS), actinic keratosis (AK) and lupus erythematosus (LE). The authors
employed five standard network approaches to classify these illnesses in a
dataset.

The authors of [9] employed a variety of data feature extraction techniques to
forecast Erythemato Squamous Skincare Illnesses (ESD) diseases, including
Multi-layer Perceptron (MLP), Random Forest, Naive Bayes, and decision trees. In
this situation, the Naive Bayes classifier fared best, with a classification accuracy
of 97.4 percent.

Convolutional Neural Networks (CNNs) are a well-known Deep Learning approach
[10]. CNNs' fundamental objective is to learn visual characteristics and properties
in order to recognize and classify them. Human faces, road signs, construction
sites, and any other type of visual data can be employed as input data for CNNs.
CNNs employ a bunch of images to train the network architecture's proper
parameters.



13628

The required image processing procedures, such as morphological operations for
skin detection [11,12], are also used to classify skin disorders. Pathological
raising, closure, distortion, and erosion rely heavily on the binary pattern formed
by thres-holding, and as a result, the best threshold value must be determined
with extreme caution. Based on the texture of the picture, morphological-based
procedures may not be effective for predicting the damaged region's development.
The Genetic Algorithm (GA) developed a method for classifying skin diseases
[13,14]. The Genetic Algorithm has certain drawbacks, such as taking too long to
converge on a solution [15]. The model rarely gives the global best solution if it
does not produce a fair result [16].

Among the methodologies used in skin disease categorization is Bayesian
classification [17]. The method is used to classify images from a variety of illness
digital image datasets that have been trained. However, the Naive Bayes
classification fails in the presence of independent predictors, and the zero-
probability challenge makes it difficult to apply in the multi-objective area.
Unsupervised data categorization is not a good fit for random forest classifiers
[18].

By merging numerous prediction models, skin disease categorization using
ensemble models [19] produces more accurate results. Over-fitting is a problem
with ensemble models, and they don't operate well when there are unknown
imbalances between the sample data [20]. Skin disease classification using a deep
learning model [21, 22] has shown to be effective in categorizing skin disorders.
Experiments have demonstrated, however, that the model is not adequate for
multi-lesion pictures. Deep learning models require a high amount of training to
get an acceptable level of accuracy, which necessitates additional processing
effort.

Provided the above, it would be beneficial to create an in-depth learning model
that incorporates elements from a variety of methodologies, including separation,
data expansion and integrated learning. We proposed that evolutionary methods
may be a useful tool for selecting the optimal CNN model combination, taking into
account all areas in all models. The suggested model is attached to ensemble
models, and there are a large number different experimental applications meant
to make illness evaluation easier.

Proposed Methodology

In this section, the Predictive Ensemble Deep Convolutional Neural Networks
Classifier (RF-DCNN) that is Random Forest Deep Convolutional Neural Networks
model is briefly described. The purpose of the present study is to develop an
effective performance strategy for categorizing dermoscopy images data into seven
groups. This section explains how the given approach for identifying, accessing,
and analyzing data of skin problems works. The method will be incredibly effective
in diagnosing seven different types of skin issues. Preprocessing, feature
extraction, and classification are all elements of the architecture that may be
subdivided. The proposed diagram's construction is shown in Figure 1.
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Figure 1. Architecture of RF-DCNN Classifier based on CNN
Dermoscopy Dataset Analysis

The dataset is essential for training the neural networks we propose for
automated diagnosis. The dataset entitled HAM 10000 is the skin disease dataset
that has been taken out from Kaggle, which has functioned as a baseline
database retrieved from the source ISIC archive webpages. Furthermore, the vast
majority of research do not use a traditional exploratory technique and only use a
small number of datasets. The dataset includes age, gender, and cell type in
metadata format, such as a comma-separated values file (.CSV). More than
10,000 dermatoscopic data were gathered from people all around the world for
this collection. The dataset also includes extra recommendations and methods for
dealing with the issues like over-fitting and insufficient data, which will aid in
improving the model's accuracy and performance. Melanocytic Nevi (NV), Benign
Keratosis-like Lesions (BKL), Dermato-fibroma (DF), Vascular Lesions (VASC),
Actinic Keratoses (AKIEC), Basal-Cell Carcinoma (BCC), and Melanoma are the
seven categories of skin issues in this dataset. The number of skin samples in
each type of lesion contained in the sample is imbalanced. To eliminate this
variance, we used data augmentation techniques to bring all classes of lesions
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into the same digital image range. To improve model generalization, the dataset is
separated into three parts: 85 percent training data, 5 percent validation data,
and 10 percent testing data.

The actual facts connected with the training dataset are used to evaluate the
model. The image in our suggested model should be 224 224 pixels wide. The
focus of this research is to see how accurate our suggested technique is in
diagnosing skin cancer on dermatoscopic data. Figure 2 shows the HAM 10000
Dataset Sample Images.

|}
AN

Melonama Melanocytic
MNevi

Dermatofibroma Basal cell carcinoma

oA
6F

Benign Keratosis Actinic Keratoses Vascular

HAM 10000 Dataset Sample Dermoscopy Images for Skin Lesion

Figure 2. HAM 10000 Dataset Sample Images

Pre-processing Skin Lesion Images

By boosting image quality, the model's ability to generalize can be increased.
Preprocessing can reduce the quantity of redundant data in a visual while
increasing the intensity of the vital data, simplifying the data, and improving
reliability. The word "image resizing" refers to the process of resizing an image. An
image size is either boosted or decreased in magnitude to solve the issue of varied
pattern sizes in the database. All image will have the same amount of
characteristics if the image size is reduced. Additionally, reducing the visual
reduces processing time, improving system speed.

Data preparation is the first step in the approach provided in this research article.
The preparation of data step includes, the information gathered from records is
not always accurate and may contain noise, erroneous or missing numbers, or
data that is inconsistent. For our studies, each input sample image is required to
obtain features such as colour, texture, and form. As a result, we must use a
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variety of data cleaning techniques to eliminate such abnormalities. Even after
cleaning, the data are not ready for mining since they are in multiple formats that
cannot be utilized directly, thus the data must be transformed into mining-
friendly formats. Normalization is the transformation used to achieve this;
smoothing, aggregation, and other techniques are also utilized.

Ensembles Method for skin images for a fine-tuned models

The ensemble approach is employed in this research work to increase the
performance of algorithms by determining the correctness of the skin disease
dataset. Using the Random Forest technique and Convolutional Neural Networks
(CNNs), framework analyze two alternative ensemble machine learning
techniques.

Random Forest Technique

The Random Forest technique is suitable for the construction and analysis of very
large datasets. To improve accuracy and performance, the Random Forest
classifier was used. We suggest using random forest algorithms in this study to
increase the reliability of skin image segmentation and classification, and
comparing them to HAM 10000 data sets. The suggested approach may produce
high-resolution feature maps that can aid in the preservation of picture spatial
information. This model is both simple and smart, and it performed well in even
the most difficult cases. Random forest aids in the construction of a number of
decision trees and finally outputs the class to which the input variable belongs,
according to Man et al. In our study, random forest helps to address the over-
fitting problem that is common with decision tree training set data. To tree
learners, they employ bootstrap aggregating approaches. There is a potential of
forming a link between the kernel techniques and the random forests, which is
commonly referred to as the kernel random forest, which is easier to grasp and
interpret. This algorithm's predictive enactment can compete with the greatest
supervised learning algorithms, and it provides a constant feature location
estimate.

Random forests are a type of meta estimator that seeks to train a number of
decision tree-based classifiers on distinct sub-samples of a given dataset while
also using averaging principles to improve predicted accuracy and avoid over-
fitting. The random forest algorithm entails a large number of different decision
trees that work together as an ensemble, and provide a class prediction, with the
most votes being the model prediction.

Any of the unique structural model will be outclassed by a large number of
substantially uncorrelated trees acting as a committee. The poor correlation
across different models is the key issue. The random forest algorithm's trees will
protect each other from their discrete faults. Individual decision trees have been
proven to be effective for skin lesion classification, however a collection of trees
can progress in the right direction even if some of them are incorrect, resulting in
total accuracy that is greater than individual decision trees. Because of the large
number of decision trees that contribute to the process, the random forests
method is regarded a very exact and robust model. Furthermore, it avoids the
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problem of overfitting since it takes the mean of all the predictions, which cancels

the biases. The following are the requirements for a random forest algorithm to

perform better:

a) The distribution of features must be meaningful in order for models generated
with these characteristics to outperform models built with random guessing.

b) Individual trees in the random forest method must have low connections or
relationships with one another in order for the system to make predictions.

The random forest approach described here may be used to solve both regression
and classification problems, and it consists of four key steps:

Step 1: From a given collection of skin lesion features, choose a subset of random
samples.

Step 2: For each sample identified, create a decision tree and extract a forecast
outcome from each tree.

Step 3: Vote for each of the expected outcomes from the previous step.

Step 4: As the final conclusion, choose the anticipated result with the most votes.

Because numerous decision trees are present, the prediction time is longer and
interpretation is more difficult. So, before classifying, we recommend using a good
feature selection / exclusion approach.

Deep Neural Network for Skin Diseases Classification

In the field of computer vision, the convolutional neural network (CNN), which
comprised of many layers of neuron-like computational connections with step-by-
step minimum processing, has made significant progress. To evaluate the
proposed deep neural network model for classification, the Predictive Ensemble
Deep Convolutional Neural Networks Classifier (RF-DCNN Classifier) was
developed by fine-tuning the model parameters. Classifiers are mathematical
models that may assign a new observation to one of several classes. For
classification, RF Classifier based DCNN is used in this study. The RF Classifier is
suitable since it uses ensemble models to classify the pattern extracted features,
however increasing the layers adds to the training complexity. The input data is
processed using integrated blocks to extract image embedding from the HAM
10,000 database using a pre-trained analysis framework. We employ three
different tiny filter sizes. Each converting block has 2D layer capabilities. All
hidden layers use a multi-layered layer to contain huge compounds and are given
by ReLU (Rectified-Linear-Unit) as a functional layer structure. A split block made
up of three completely integrated layers completes the network. In test situations
when the predictive feature values are known but the class label value is
unknown, the class outcome is performed to assign class labels. In this article,
one supervised reading approach is employed to categorize.
Algorithm for RF-DCNN Classifier:
Input: HAM 10,000 image dataset
Output: classified into different skin disorder classes

Begin

To extract multi-level features, map the features of skin visuals from the
input domain (HAM10000) to the ensemble deep neural network (RF-DCNN);

Get the multi-level distinctive features that were extracted;

for(each input skin image)
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Train the RF-DCNN from start to the end;
Get the skin visuals with the two-step feature extracted;
Provide the RF-based DCNN classifier with the features extracted

skin data;
Sort the various types of skin conditions into categories;
end for
End

Experimental Results & Discussions

The performance measures of the suggested models, mean-accuracy, precision,
re-call, and fl-score, were utilized to evaluate the performance of the RF-DCNN
Classifier model. The performance of the RF-DCNN model is evaluated in this
section using the HAM 10,000 database using Python 3.6, with HAM visual images
from each class being randomly picked for training. This study aided in the
development of a system for forecasting skin disorders. Because regulators and
medical institutions have never had a comprehensive plan for establishing
information systems, this research is the most recent discovery. This might be
due to a lack of human resources with formation technological competence and
insufficient human resources for information systems. When applied to
dermatological datasets, the ensemble technique and feature selection produce
better results than individual classifier systems. The ensemble technique is more
accurate and effective at predicting skin diseases. Table 1 shows how individual
deep learners from classic CNN compare to the proposed ensemble classifier in
terms of classification performance. Figure 3 shows the performance of the
conventional Learning model rather than the newly presented model.

Table 1. Performance analysis with traditional deep learning-based models

Percentage of performance | Classical CNN based | RF-DCNN Classifier

for various metrics Model model

Precision % 88 95.41
Recall % 89 94.93
F-measure % 89 95.17

Accuracy % 88 96.1
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Figure 3. Effectiveness of Performance Metrics on RF-DCNN and CNN based
Models

The integration model enhanced some of older CNN models with mean-accuracy,
precision, fl-score and re-call, as shown in the table 1. Performance evaluation
criteria such as accuracy, sensitivity, and specifcity may be used to compare skin
lesion segmentation and classification performance. We identified various state-
of-the-art methodologies for performance comparison in this research, and the
results are displayed in Table 2 below. In this comparison, words like true positive
(TP), false positive (FP), true negative (TN), and false negative (FN) are commonly
employed (FN). Since the layers are maintained and imported from a previously
trained network. The study uses two separate classification methods: the random
forest Classifier and the Deep Convolutional Neural Networks Classifier. We
reached the greatest mean-accuracy of 96.1 percent after using these strategies.

Table 1 illustrates this, model we showed in the study stated in Table 1 employed
a lot of the same data segmentation. Combined models have a 96.1% accuracy,
indicating that the combination method identifies seven types of skin disease
more effectively than the deep neural network alone. The proposed approach
combines the possibilities of predicting different models and incorporates in-depth
features from many well-trained and well-configured DCNNs at multiple output
levels. This study discusses several data mining strategies for predicting skin
diseases. To identify the prediction of skin illness, two machine learning
approaches are used: random forest classifier and CNN.

Conclusion

This study aided in the development of a system for forecasting skin disorders.
Finally, in the healthcare business, data mining is crucial. In this work,
integrated Predictive heterogeneous ensemble models that work well for
multiclass dermatitis are developed using a number of simple and weight-bearing
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rules. The results acquired in this study were compared to other data found in
the literature to demonstrate the effectiveness of our technique. We used a large
number of technical studies using the same information but various classification
techniques to compare the efficiency of the proposed treatment of skin
classification, and then developed a multi-model ensemble method to compare the
efficiency of the proposed treatment of skin classification. After that, we use a
multi-model ensemble approach to combine these two data mining techniques to
get the greatest accuracy of 96.1 percent. On the skin illness dataset, we achieve
the greatest accuracy in the literature. By employing the first-stage prediction as
a feature rather than a separate training, the machine learning-based multi-
model collection technique decreases generation mistakes and acquires more
information. Furthermore, the complicated interactions between classifiers are
automatically learnt using machine learning, allowing the collecting approach to
make improved predictions.

Furthermore, Random Forest Deep Convolutional Neural Networks (RF-DCNN)
Classifier has the highest accuracy of any of these approaches, at 96.1 percent.
There will be many improvements and extensions in the future. First, the process
of getting a skin disease should be in a created smart phone system, then a skin
lesion will be found on the skin layer, and finally all the skin diseases in the
whole area and the severity of the disease will be detected.
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