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Abstract

Skin diseases have become a growing issue all over the world, skin rashes is one of
the most common among them. This paper focuses on establishing a viable deep-
learning approach to distinguish between skin rashes. For this purpose, Deep Neu-
ral Network Models, such as CNN, MobileNetV2, ResNet50V2, and DenseNet201
algorithms were implemented and analyzed for suitability in this kind of image
dataset. In this research, a synthetic dataset was prepared which consisted of 1381
images of three distinct Skin rash diseases, which were preprocessed using image
resizing and dataset augmentation process. Among the implemented algorithms,
multiple algorithms gave high accuracy scores, that suggested the high quality of
the dataset.The models were also interpreted using an Explainable AI technique
named LIME. ResNet50V2 provided the highest accuracy among the implemented
algorithms followed by MobileNetV2, indicating the viability of using DNN archi-
tectures in skin rash detection.

Keywords: Deep Learning; ResNet; MobileNet; CNN; SkinRash; XAI; LIME;
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Chapter 1

Introduction

The outermost and largest organ in the human body is the skin. Skin has a major
impact on our well-being as it operates as a shield to protect the body. The skin has
layers such as the dermis and epidermis layers. Apart from that subcutaneous tissues
along with vessels and nerves such as blood vessels, lymphatic vessels, nerves, and
muscles make the skin a complex arena. Skin’s ability to prevent the degradation of
epidermal lipids is a crucial aspect of its role as a potent protective barrier [2]. Since
the skin remains on the outer side it is subjected to several external factors which
can be harmful. Several factors contribute to the skin’s degradation. Fungal and
bacterial infections, viral infections, as well as allergic reactions and many forms of
other fungus are the reason that poses a significant risk to an individual’s health
and put them in danger.

These skin disorders find a favorable environment in tropical countries like Bangladesh,
which increases the risk of progression to chronic states or even the formation of skin
cancer [3]. Skin rashes are apparent signs of underlying health problems and can
represent a wide range of dermatological diseases [2]. These rashes can indicate
allergies, infections, or systemic disorders, therefore it’s critical to detect and di-
agnose them accurately and quickly in clinical practice. Conventional diagnosis is
primarily based on patient history and visual inspection, both of which are subjec-
tive and prone to human error. Notwithstanding its importance, dermatologists and
the general public alike frequently struggle with the complexity and diversity of skin
problems. Therefore, the demand for more accurate and objective diagnostic tech-
niques is urgent. Better outcomes and a lower chance of developing cancer are both
possible outcomes that can be achieved by the timely and accurate identification of
skin diseases. Deep learning and machine learning are two methods used in modern
diagnostics that are becoming more and more popular because they can recognize
patterns with an accuracy that is higher than that of the human eye, which is only
70% [22]. The urgent need for improved diagnostic techniques is highlighted by the
delayed detection of many skin disorders’ symptoms. Deep learning techniques are
among the affordable options that have the potential to save lives, particularly in
Bangladesh’s rural areas where there are limited medical resources and a high rate
of disease transmission [4].

Combining different image-processing techniques offers a promising new approach
to the field of dermatology for identifying complex patterns and features present in
dermatological pictures [1]. Simultaneously, the integration of deep learning models
provides a means to enhance and automate skin rash identification. These cutting-
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edge methods aim to provide doctors with reliable instruments that provide prompt
and accurate diagnostic assistance. By doing this, they enhance conventional meth-
ods, resolving diagnostic difficulties and bringing about a notable advancement in
dermatological therapy.

In this thesis paper, we meticulously aim to assess the effectiveness of various deep
learning methodologies, with a particular focus on the formidable capabilities of
deep neural networks. Specifically, our inquiry focuses on the complex analysis and
predictive capabilities of models of deep learning within the context of identifying
skin conditions such as drug rash, ringworm, and Pityriasis rosea. This investiga-
tion digs into the world of skin healthy skin. Convolutional Neural Network (CNN),
MobileNetV2, DenseNet201, and ResNet50V2 architectures are utilized, and these
frameworks are applied to our selected dataset thoughtfully and methodically, to
conduct an in-depth analysis of the effectiveness of various models. To understand
their viability and understanding the workings of the architectures, the XAI tech-
nique named LIME has been utilized. The ultimate goal we have set for ourselves is
to discover the best architectural solution capable of excelling in the complex field
of understanding skin rash disease images.

1.1 Motivation

A wide range of skin conditions that are characterized by alterations in the appear-
ance, texture, or color of the outermost layer of skin are grouped under the broader
concept of ”rashes.” Certain symptoms, such as redness, pimples, itching, or irri-
tation, may be associated with these. They can be brought on by a wide range
of factors, such as infections, allergies, irritants, or more fundamental illnesses. A
wide variety of causes and conditions can give rise to skin rashes, which can also
express themselves in a variety of different places. Furthermore, diseases like rosacea
or eczema aggravate the redness, irritation, or flakiness in these parts of the body.
Rashes can appear on the arms and legs as a result of contact with materials, laun-
dry detergents, or plants like poison ivy that irritate. Warm, humid circumstances
in the vaginal and groin area can foster infections caused by fungi, which can result
in rashes similar to infections caused by yeast.

Contrary to what its name suggests, ringworm is an infection caused by fungi that
impacts the outermost layer of skin rather than a worm. A spherical or shaped like a
ring rash that may be scaly, reddened, and bothersome is its defining feature. Ring-
worm is known medically as ”tinea corporis.” [16]. The rash that is characteristic of
pityriasis rosea appears all of a sudden and is a rather frequent skin illness that is
considered to be harmless. Beginning with a single red or pink patch that is slightly
elevated, the rash often appears on the chest, abdomen, or back of the affected
individual. Although the precise etiology of pityriasis rosea remains unknown, it
is hypothesized to be associated with a viral infection, potentially a variant of the
herpes virus. [16]. A skin reaction that is brought on by medication is referred to
as a drug rash, which is also known as a drug eruption. The rash may extend to
other parts of the body, such as the face, limbs, trunk, or mucous membranes.

Recent research has shown that skin problems impact a considerable section of the
world’s population and represent a significant danger to their health. These dis-
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coveries come from studies undertaken in recent years. Through the utilization
of algorithms for deep learning and image processing, the goal is to facilitate the
implementation of rapid interventions and medicinal treatments to improve diag-
nostic accuracy and speed. The problem of enhancing the accuracy and efficiency
of forecasts presents a significant challenge in the healthcare sector. Through the
utilization of deep learning algorithms and image processing methods, overcoming
these challenges can be accomplished through the implementation of one of the most
fruitful alternatives.

Artificial intelligence, or AI, is extensively used in a wide range of application do-
mains because it can increase decision-making consistency, efficiency, and accuracy.
Even while AI algorithms appear to be quite effective at forecasting and are growing
in popularity, the majority of these models are seen by users as opaque black boxes
that are difficult to grasp. For example, applications for AI systems that make use
of XAI (eXplainable Artificial Intelligence) technology are constantly expanding. It
makes clear why the predictive ability of deep learning models is equally as im-
portant as their precision in generating particular forecasts. Because it guarantees
the decision-making model’s credibility and openness. These days, deep learning
and ensemble models in particular are so complicated that even specialists find it
difficult to understand them. Interpretation and preciseness are very different from
one another. To address this difficulty, XAI is suggested and used to increase the
transparency of AI systems. [28].

When it comes to the diagnosis of skin rashes, image processing is of tremendous
assistance since it enables a more precise evaluation of skin disorders and makes
it possible to visualize this information more clearly. The implementation of this
technology can be accomplished at a cost that is appropriate by making use of stan-
dard picture devices such as digital cameras or mobile phones. Using computerized
methods, it is possible to conduct analysis that is both quick and accurate, resulting
in evaluations that are both consistent and objective.

In today’s world, there are a lot of comprehensible patterns, and the vast majority
of them are associated with agnostic and local structures. Visualization techniques,
information extraction, influence techniques, and example-based explanations are
examples of agnostic models [28]. The relevance of the features in the ML model
has been determined by utilizing the Shapley value and the SHAP approach.

These days, the most important components in healthcare for decision-making and
accuracy prediction are AI and ML approaches. Yet the majority of ML models in
use today are transparent. In the medical field, a simple ”yes” or ”no” response isn’t
always enough. In certain cases, inquiries such as ”where” or ”how” have greater
bearing [27].

By constructing a local linear regression model around the prediction, A precise
explanation of the predictions made by any classifier is provided by LIME. A ho-
mogenous distribution of random memory is the sampling process used by LIME.
Despite its simplicity, this technique is inefficient since it does not take into account
feature correlation [26].
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1.2 Research Objective

When it comes to understanding commonalities in data that are visually intriguing,
Artificial Intelligence (AI) relies primarily on deep learning models. These models
make use of complex neural network designs. Within the realm of artificial intelli-
gence, these models are instances of what is referred to as a subset. CNNs, which
stand for convolutional neural networks, are considered to be one of the most im-
portant aspects of image processing. It is proficient in the application of layers
of convolution to recognize intricate patterns and frameworks inside image files.
Complementary architectures such as ResNet and MobileNet can enable customized
changes. When it comes to decoding and analyzing data that is visually appealing,
these technologies have revolutionized the field of image analysis with their unparal-
leled precision and efficiency. Possessing the ability to derive structured representa-
tion from unprocessed pixels is essential to accomplishing full-picture understanding
and analysis.

The purpose of this investigation is to determine the algorithm that is used for deep
learning that functions the most effectively in identifying skin rash problems. The
MobileNet, ResNet50, and CNN algorithms for skin rash prediction are compared
in this study to determine which one has the highest accuracy scores.

To come up with an explanation for a particular occurrence, LIME is a framework
that was established not too long ago and may be utilized with any BlackBox catego-
rization model [15]. Within the framework of the XAI architecture, we are utilizing
LIME. We can observe the characteristics that are taken into account by our mod-
els by utilizing LIME. According to the results of the execution, it is clear that
the machine seems to prioritize particular characteristics for each class to determine
whether or not such characteristics are truly relevant in that particular class. Firstly,
it determines whether or not certain characteristics are present within our classes,
after which it expands on other characteristics based on how dependent they are on
the aspects that have been detected. The purpose of this procedure is to explain how
certain characteristics contribute to the classification, as well as determine whether
or not those characteristics coincide with the contribution that was anticipated.

1.3 Thesis’s Organizational Structure

The following is the breakdown of the report’s formatting: In Chapter 2, the concepts
related to the paper’s subject matter will be described, and additionally, a review
of the studies that came before one. Also, the previously created models will be
explained in the background section. In Chapter 3, We shall describe the preparation
of the dataset along with the structure of the model. Next, in Chapter 4, the results
of the method will be discussed and interpreted. Lastly, In Chapter 5, the conclusion
of the paper will be discussed, along with the limitations of the paper.
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Chapter 2

Literature Review

2.1 Existing Works Related to Our Research

In [12] the author proposed a very simple, yet very fast and expensive equipment
to detect the type of skin diseases. This system works by first obtaining a digital
image of the area of the skin that is damaged, after that, resizing the image so that
a convolutional neural network can extract characteristics from it that have been
trained in advance, and finally classifying the features using a multiclass support
vector machine. For their study, they took approximately 100 images, of which
twenty were used for validation and the remaining eighty were used for training
purposes. The system also contains a preprocessing module, which entails scaling
the input image to a set size of 227x227 pixels to ensure consistency in the number
of features extracted from each image. This is accomplished by resizing the image
using the same number of pixels on each side. The AlexNet model, which has
already been pre-trained using the ImageNet dataset, was chosen to serve as the
CNN for this investigation. To classify the collected characteristics into one of three
categories—melanoma, eczema, or psoriasis—the support vector machine (SVM) is
utilized. In conclusion, the system that was developed was effectively capable of
diagnosing three distinct skin illnesses with a success rate of 100%. In addition to
that, they allowed some room for future enhancements to the system.

The model that has been suggested and is provided in this paper was evaluated
using three machine learning algorithms: Support Vector Machine (SVM), Random
Forest (RF), and K-Nearest Neighbor (K-NN) classifiers [19].The focus of this model
was on a total of four different skin disorders. Several image-processing processes are
involved in creating this model. They are visualizing the processes of acquisition,
preprocessing (including resizing, color alteration, de-noising, and normalization),
classification, and feature extraction. For the research around 377 images are taken.
In the phase related to the pre-processing of the data, the images were scaled down
to 250 by 250 pixels. To get rid of the noises in the skins, a median filter denoising
technique was utilized. The Gabor and Sobel procedures were utilized concurrently
to extract texture and edge features for feature extraction. According to the findings,
The SVM classifier had the best accuracy, which was 90.7%; the RF classifier came
in second with 84.2%, and the K-NN classifier came in third with 67.1%. The
authors compared their proposed model with previous research that tested some
of the diseases studied in this work. When it comes to the accuracy rates for the
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four skin diseases that were chosen, SVM performs significantly better than any
of the other two classifiers. When evaluated with the RF classifier, acne had the
highest percentage of accuracy. In comparison, 5 K-NN yields the results that are
the least accurate across the board for all of these disorders. They concluded that
the studies that were being compared to the suggested model had a lower degree
of precision than the proposed model. Additionally, it is mentioned by the authors
that cherry angioma disease has been checked for relatively infrequently in earlier
studies. Cherry angioma disease was examined using the proposed model, and the
findings demonstrate that the model attained a diagnostic accuracy rate of 100%
when attempting to diagnose this condition.

To solve the difficulties that are connected with skin lesion categorization, the author
of this research suggested a CNN-based model that makes effective use of kernels
and activation Functions[20]. His goal was to achieve an extremely high level of
accuracy with this classification. The HAM10000 data set, which is considered the
gold standard for skin lesions, was utilized for this study. It includes 10,015 images
of skin lesions belonging to various populations and is organized into seven main
categories, including melanocytic nevi, basal cell carcinoma, melanoma, vascular
lesions, benign keratosis-like lesions, actinic keratoses, and dermatofibroma. The
best possible outcomes can be accomplished by using Dynamic-sized kernels in the
layers, which led to an extremely low number of trainable parameters. When taking
into consideration the fact that they took pictures from HAM10000, not all of the
images were the same size. However, to train a model using deep learning effectively,
you will require data that is acceptable and balanced. To get around this, the
appropriate pre-processing was performed, such as imagining scaling to avoid the
model from being trained with a biased set of data and augmentation to increase
the robustness of the trained model. Both of these steps were taken to overcome
this obstacle. They employed the ReLU activation function to reduce linearity, and
they used LeakyReLU to reduce the chance of significant information being lost due
to the features being represented in the feature maps. Both of these techniques are
related to the ReLU activation function. On the validation dataset, the suggested
model achieved a great class-wise accuracy (seven classes), as well as an overall
accuracy of 97.85 percent.

Lentigo maligna, superficial spreading, and nodular melanoma are distinguished us-
ing the author’s innovative technique in this article [21]. They employed CNN,
the most popular and effective Deep Learning algorithm, to process photos. After
delving further into the network, the layers will extract more precise higher-level fea-
tures. To find the melanoma, they employed two classifications, correct and wrong.
The steps they took to fit into the system that will be put into place. a) Improve the
image’s quality by removing any hairs. b) After extracting several features from the
input picture dataset, a training file is created. c) The CNN classification method
is used to classify both the recently produced test input pictures and the newly
assembled training file collection. They employed a 2475 picture dataset obtained
from the ”dermnetNZ” website, which has 783, 936, and 756 photographs of ma-
lignant, superficial spreading, and nodular melanoma, respectively. To avoid the
data being overfitting, they adopted a data augmentation technique. Regarding the
recall, accuracy, f1 score, and precision. Numerous experiments’ findings show that
CNN outperforms DT, RF, and GBT. The accuracy score they found from CNN is
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6 88.83%. which is far better than any other model.

This [18] article’s author introduces a revolutionary technique that distinguishes
between the skin disorders known as eczema hand, eczema subacute, lichen sim-
plex, stasis dermatitis, and ulcers. They applied Derm-NN, a convolutional neural
network application to identify skin illness, to image processing. In this study,
a classifier prototype was created that, after assessing a picture and matching it
to its prior training data, would identify the kind of skin illness. They utilized
the Dermnet dataset for this test, and they randomly selected some photographs
from the internet. The classifier comprises five categories for skin illnesses and can
properly diagnose 70% of skin conditions. The picture data may be lost due to
flaws in the digitization process. Picture enhancement techniques can be used to
fix abandoned picture data. Before using the preparation approach of their own
created CNN architecture, they performed an informational collection assortment,
information resizes, information planning, and information expansion. They have
4 convolutional layers and 13 more layers in their CNN model. They obtained the
images from Dermnet and also amassed images from the internet. Five different dis-
eases have downloaded more than 500 images. The data set is balanced. Utilizing
5 different strategies, they have employed a data augmentation strategy to prevent
overfitting of the data. 1. Make a 90-degree turn 2. Turn the dial 90 degrees. 3.
Shading 4. A salt-and-pepper noise 5. Flip Horizontal using 100 x 100-pixel pixels.
Their total image count after growing is 3000, of which 2400 were used for testing
and 600 for preparation. Whereas the F1-score was 2.45, their overall accuracy was
0.73.

In this paper[11], the author introduces a unique technique for categorizing skin
lesions into one of five groups. The processing of images is accomplished by the
utilization of a hybrid method, which may include deep CNN and SVM with error-
correcting output codes (ECOC). To extract the features, the pre-trained CNN
model known as ”AlexNET” was utilized, and the ECOC SVM classifier, which
reduces the multi-class classification issue to a set of binary classification problems,
was used to classify the data. 15,546 photos that may be used for educational reasons
for free from sites like DermIS, DermQuest, and DermNZ were used in the exper-
iments. The writers have compiled a list of healthy categories. The training and
testing datasets for the data store’s photographs are split 70:30 apart. Preprocessing
and 227x227 resizing are performed on the photos. The method of cross-validation
using 10 folds, which employs the 10th subset for testing purposes and the other
nine for training and calculating the average error across all 10 trials, was employed
to prevent overfitting. The SVM classifier achieved an accuracy rate of 86.21% on
average. The precision of the intelligent expert system that was suggested earlier
has increased by 3.21% over the previous work.

In [23], the author used 4 distinct methodologies using deep learning algorithms
to distinguish between skin diseases such as Cellulitis Bacteria, Impetigo Bacteria,
Ringworm Fungus, and Sporotrichosis Fungus. The dataset consisted of 97 images of
infected skin and healthy skin. The dataset was preprocessed using Image Resizing,
Label Encoding, Image Augmentation, and other image preprocessing techniques to
better suit their model. All input images are resized into 256x256 to be forwarded to
the convolution layer. The 5 class labels were used, one for healthy skin and four for
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7 various skin diseases, which were labeled using one hot encoding. The dataset was
split into 80-20 measures, where training was done by 80%, other 20% was utilized
in the evaluation of the training model. A fine-tuned version of the VGG16 model
was used with 150 epoch cycles. Their implemented model achieved a test accuracy
of 86%.

In [6], the author focuses on utilizing image processing techniques and Artificial
Neural Networks (ANNs) to detect dermatological diseases. 9 types of diseases were
taken to classify between them. The aim is to automate the process of disease
identification and improve diagnostic accuracy in dermatology. The dataset taken
was a combination of images of the infection as well as user input data. A total of
775 pictures were taken in the image dataset. Through the use of pre-processing
techniques, two distinct types of characteristics were retrieved and they are YCbCr,
Grey Scale image conversion, sharpening filter, 5*5 matrix Median filter, Smooth
Filter, and Binary Mask. the dataset was split 10-15-75 for Both semi-supervised
and supervised ANN algorithms were used. Among the diseases, foot ulcer and
vitiligo were detected with the highest accuracy at 97% and acne was detected with
the lowest amount at 85%.

The paper [17] centers around the implementation of cutting-edge deep-learning
strategies and the classification of medical data to forecast instances of bacterial
skin infections. The objective of the author was to demonstrate that deep learning
models, such as CNN, are capable of automating and improving the accuracy of
forecasting skin illnesses that are caused by bacterial agents. The data here was to
the author ran ResNet50, VGG16, InceptionV3, VGG19, and Xception architectures
and compared the results. The dataset used was collected from the public domain
Kaggle. The total number of images used was 3300, with a split at 80% train and 20%
test split. The image was preprocessed with 224x224 resizing and RGB conversion
and normalization. Signmoid and ReLU were used as activation functions. After
applying the algorithms, the author found that VGG16 provided 91.303% accuracy,
the highest among all the models.

The study [24] aimed to test 2 things, the capability of the computer-aided pre-
screening process of erythema migrans how much better it is compared to regular
humans, and how the model works on different datasets. The authors reference a
survey that has shown that the respondents correctly identified EM 73% of the time
that had central clearing which is easier to detect. The detection rate drops to 30%
when affected with vesicular, uniformly red, or disseminated manifestations. Due
to the lack of any dataset with proper labeling, they decided to collect some EM
images from the internet and also collect some from isolated clinical environments.
They also added HZ and tinea corporis as confuser pathologies. This allowed them
to do a 4-way classification and also a binary one. Their reason for doing a test
on a 4-way classifier is because even though TC and HZ might look similar to EM
their treatments are way different. They split the data into 70%, 10%, and 20%
for train validation and testing respectively. Their chosen model was ResNet50. Of
the total 1834 image datasets, the first test of 4-way classification resulted in 84%,
and binary had 90.20% accuracy, which is a promising score for a pre-screener. The
second experiment which was to test the clinical image with training from the online
images also proved to have great results with 86.53% accuracy. This means that the
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pictures don’t need to be taken in a particular isolated environment to be detected
accurately. The author talks about the limitations of their study that they had
to parse out inappropriate or irrelevant images which made the dataset smaller 8
and made it easier to identify. Another limitation that was mentioned was due to
the lack of online data on darker-skinned individuals. They concluded that they
demonstrate how DCNN can be promising to automate the pre-screening process of
EM. The computer performs better than individuals with no or some training at all
times except one individual. Deployment of such a technique could prevent many
misdiagnoses and stop many long-term complications associated with Lyme disease.

This paper [29]. is about the development and evaluation of a new image-explain
ability method called ensemble AI explainability (XAI) for a deep learning model.
This method combines SHAP and Grad-Cam++ techniques. In this paper, it dis-
cussed the COVID-19 impact on global healthcare. Existing literature gaps in deep
learning algorithms explaining ability in images are discussed here. The contribu-
tions include proposing ensemble XAI and creating an evaluation checklist. LIME
is introduced here as well. It is an interpretable model approximation method. It is
very time-consuming.

The research paper titled ‘Explainable Artificial Intelligence (XAI) for Deep Learn-
ing Based Medical Imaging Classification’ by the authors Rawan Ghnemat, Sawsan
Alodibat and Qasem Abu Al-Haijapropose [25]. propose a methodology and the
experimental findings for COVID-19 detection from chest X-ray (CXR) images via
deep learning algorithms, as well as the use of explainable AI (XAI) for model inter-
pretability. The study emphasizes the importance of improving model interpretabil-
ity through explainable AI to get a better grasp of the method of choice that the
model uses in medical imaging applications. The study makes use of five different
CXR image datasets for binary (normal vs. COVID-19) and multiclass (COVID-19,
pneumonia, and normal) classification. The paper highlights the use of a local inter-
pretable model (LIME) for generating heat maps to visualize the important regions
of the CXR images that have contributed to the classification decision. Different
evaluation metrics such as accuracy, precision, recall, loss, and area under the curve
(AUC) are examined for assessing the model’s performance. Their findings include
that VGG16 with the LIME model generates the most accurate results while using
fewer parameters. The results of the experiment demonstrate the model’s ability
of accurately identify and differentiate between COVID-19, pneumonia, and normal
cases from the CXR images. The author talks about some limitations of their study
such as the model being incompatible with the numerical dataset as it was meant
for image data, the data was taken from patients in the early stage of COVID-19
which may leave out many other variants or late stages for the AI to accurately
predict. The authors also propose that this process can be applied to CT scans in
the future. Overall, the research aims to provide insights into how a prediction is
made and build trust in machine learning systems instead of blindly trusting a black
box for medical applications by leveraging visualization and explainable models.
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2.2 Background

2.2.1 Explainable AI - LIME

LIME is a common widely used XAI technique. Most of the deep neural network
models are black box models, which generate decision functions that can not be
interpreted by humans easily. The purpose of LIME is to explain the predictions
of these black-box models by generating locally faithful and interpretable models.
It operates under the assumption that a complex model’s behavior can be approx-
imated accurately in a local region by a simpler, interpretable model. LIME starts
by perturbing the input data instances around the instance of interest. This involves
creating slightly modified versions of the original data samples. The perturbed data
instances are then fed into the black-box model, and the corresponding predictions
are recorded. The equation of the lime is as such:

ξ(x) = argming∈GL(f, g, πx) + Ω(g) (2.1)

After that, in the perturbed space, the new locally trained model is implemented.
As the model is working on a single data, it can be summed in a local classifier equa-
tion, through which interpretation is possible. The coefficients or rules of this inter-
pretable model are used to provide insights into the factors influencing the model’s
prediction. LIME can be applied to any deep learning model without knowledge of
its internal structure.
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Chapter 3

Methodology

In this section, a clear description of the approach taken for this research will be
described. The step-by-step description includes the collection and structure of the
dataset, the preprocessing method, the system architecture, the description of the
classifier models, and the description of the XAI models.

3.1 Dataset Collection

Skin rash is caused by multiple factors hence. In this research, we selected three
distinct rashes, named drug rash, pityriasis rosea, and ringworm rash as classes for
our collection of distinct images of skin diseases, the data had to be classified and
labeled accordingly for the model to accurately process the data.

In terms of skin diseases, labeled authentic image data has been scarce to come by
that can be reliably used in the detection and classification. Although numerous
datasets related to skin diseases exist, the lack of labeling in such datasets proved
to be a significant hurdle in skin disease detection-related research. To address this
challenge, we gathered our dataset from a publicly available resource namely Kaggle
and DermNet.

As we had multiple sets of datasets, we decided to merge both datasets to make a
unified dataset with more instances. The merging of datasets enabled the models
to train and test on more instances, making sure the classifier interpretation was
more accurate as the classifier learns patterns, trends, and correlations from more
instances.

3.2 Dataset Description

The merged dataset comprises a collection of 1,381 distinct images portraying vari-
ous skin diseases. The dataset was precisely categorized into three distinct classes,
namely drug rash, pityriasis rosea, and ringworm rash, encapsulating the specific
types of skin conditions.

The images in this dataset were meticulously collected through web scraping, ensur-
ing a robust and authentic representation of the three distinct rash classes. A manual
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filtration process was implemented to guarantee the reliability and authenticity of
the images selected for inclusion in the dataset.

In organizing the dataset for model training and evaluation, we adopted an 80-
20 split. 80% of the dataset, 1111 images, was allocated for a training set. The
remaining 20% of the dataset, 270 images, was reserved for the testing set. The
drug rash, pityriasis rosea, and ringworm rash classes in the training dataset consist
of 426,467 and 218 images respectively. All images are in JPG(Joint Photographic
Experts Group) format.

3.3 Instances of The Classes in The Skin Disease

Dataset

Here, 3.1 shows instances of pictures of the three classes of rashes that are present
in the skin rash dataset and used to implement the models mentioned in this paper.

Figure 3.1: Example data of 3 classes(Pityriasis rosea, Drug rash, and Ringworm)
from the dataset we implemented

3.4 Data Preprocessing

Data pre-processing is the preliminary step that diverts the raw data gathered from
sources into more relevant information to achieve consistency in values and informa-
tion. Before utilizing any models, the dataset would be preprocessed to maximize
authentic outcomes from the model. A pre-processed dataset ensures minimum lev-
els of redundancy and inaccuracies in values, thus helping the model to produce
maximum accuracy.

As we are using CNN-based architectures, the model requires images to be of the
same dimensions, which ensures the filters extract meaningful features to predict
the results. Here for this dataset, the images are resized as 224x224x3.

Here, below Table 3.1, we have shown the image augmentation parameters. After
resizing the dataset, the training dataset was put through a dataset augmentation
procedure. Data augmentation is a technique used in deep learning to artificially
increase the size of a training dataset by applying various transformations to the
existing data. This increases the dataset by creating new variations of the original
data without changing its underlying features, thus increasing the datasets that
the classifiers can work on. This procedure allowed the expansion of the training
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Table 3.1: Image Augmentation Parameters

Parameter Values
rescale 1./255
rotation range 20
width shift range 0.2
height shift range 0.2
shear range 0.2
zoom range 0.2
horizontal flip True
fill mode nearest

dataset, thus eliminating any chance of undertraining the dataset and ensuring the
reduction of over-fitting, thus improving the model’s overall performance.

3.5 System Architecture for Predicting A Skin Dis-

ease by Utilizing Deep Learning Models

In this research, the idea is to make a working model that classifies skin rashes.
In Figure 3.2, the steps of the model have been discussed. The model extracts the
necessary features from the image data and predicts the class of the image according
to the learned data and characteristics.
For this purpose, various deep learning architectures will be used, more specifically,
deep neural networks will be utilized for their advantage in handling complex and
non-linear relationships between input and output and parallel processing. The Deep
Neural Network algorithms selected from this model are MobileNetV2, ResNet50V2,
DenseNet201, and Convolution Neural Network. The current models using deep
learning classifiers use small datasets along with small levels of accuracy in predicting
these skin diseases accurately. After that based on the result analysis, the best
classification algorithm would be determined.
Our model implementation would try to improve on this aspect by implementing
more datasets as well as more models to choose the model that best fits the data
from this particular category. To improve the accuracy of the training, the dataset
has been augmented in the preprocessing step. After classification, the result would
be compared using different techniques, and the feature detection technique would
be compared.
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Figure 3.2: Process Flow for Classifying Between Skin Rash classes

Implemented Models:

3.6.1 MobileNetV2

MobileNet is a lightweight Deep CNN model, that implements depthwise separable
convolution and also gives highly accurate results even in less memory applications
[8]. It is a smaller and more mobile architecture based on the CNN as mentioned
above architecture. The Depthwise separable convolution filters used in MobileNet
are composed of two filters. First, the depthwise convolution filter gives a single
convolution for every input channel it connects with [13]. First, the layer gives a 1*1
convolution with ReLU. The other layer takes the result to depthwise convolution
and the third mixes it with 1*1 convolutions. The other filter takes the result
of depthwise convolution and mixes it with 1*1 convolutions. The input image
measures 224 x 224 x 3 pixels in size.

Ĝk,l,m =
∑
i,j

K̂i,j,m · Fk+i−1,l+j−1,m (3.1)

The primary focus for MobileNets is working on latency and creating smaller-sized
architecture [8]. MobileNet models are considered extremely important in cases
where the model is implemented on mobile and embedded devices. The small size
of the architecture enables these models to be run on lower-powered processing
devices. For embedded and mobile devices, the model is based on a simplified design
that assembles consolidated deep neural networks of low latency using depth-wise
separable convolutions [8]. In MobileNet, number of parameters is significantly lower
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than in a network with conventional convolutions of a similar depth, like CNN. This
results in deep neural networks that are compact. Figure 3.3 is the structural view
of the mobilenet architecture.

Figure 3.3: Structure of MobileNet Architecture
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3.6.2 ResNet50V2

ResNet is a widely used model, that is based on the CNN architecture. Resnet50 is a
variant of ResNet architecture, that has 50 total layers, 48 of which are Convolution
Layers, 1 MaxPool layer, and 1 Average Pool Layer. It uses forward propagation
and Backpropagation to generate the prediction values. It solves the problem faced
by VGG16, which is stacking more layers one over another. As models stack one
layer over another, a highly packed model with lots of layers generates inaccurate
data. As network input goes from one layer to another in linear form between the
convolutional layers[7]. This stacking of layers creates the opportunity for the low-
value layer to be created which hampers accuracy. The ResNet Model Bypasses that
by utilizing a connection called a Residual Network skip connection, which creates
a path from the convolution layers to bypass low-value data layers, thus effectively
stacking layers without losing any accuracy. The residual layer is implemented to
boost the overall accuracy of the architecture. If we take a subnetwork of certain
stacked layers and if its performance function is H(x), then the residual function
would be:

F (x) = h(x)− x (3.2)

And the output of the subnetwork would be:

y = F (x) + x (3.3)

As the model also backpropagates, the outcome function for that is similar to the
subnetwork forward propagation result function. The photo input size for the net-
work is 299 x 299.[1]. Here below, Figure 3.4 is the structural view of the ResNetV2
architecture.
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Figure 3.4: Structure of ResNetV2 Architecture

3.6.3 DenseNet201

DenseNet201 is a deep convolutional neural network architecture that belongs to
the family of Densely Connected Convolutional Networks or DenseNets. The key
factor for this model is the densely connected layers, which are different from the
Convolution Neural Networks or ResNet. In DenseNet, each layer of the network
receives input from all the preceding layers, which is a key innovation from CNN.
Also, by concatenation, DenseNet can merge the layer output with skip connections,
which differentiates it from the ResNet architecture.DenseNet201 specifically has a
deep architecture with 201 layers. It is designed to capture intricate patterns and
hierarchical features in large-scale image datasets. The architecture includes densely
connected dense blocks, which consist of multiple convolutional layers, and transition
layers that control the spatial dimensions and the number of channels. Each of the
layers in the DenseNet201 Model implements a non-linear transformation of

xl = Hl([x0, x1, . . . , xl−1]) (3.4)

can be any composite function of operations such as Batch Normalization (BN),
rectified linear units (ReLU), Pooling, or Convolution (Conv)[9]. The dense con-
nectivity in DenseNet helps address the vanishing gradient problem and facilitates
feature propagation throughout the network. This results in better model perfor-
mance, improved training convergence, and efficient parameter usage. DenseNet201,
being a deeper variant, is more suitable for complex tasks and datasets with a large
number of classes.
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3.6.4 Convolutional Neural Network (CNN)

Convolutional Neural Network (CNN) is a widely used Deep learning architecture,
that was modeled inspired by the vision of living beings [10]. CNN detects images by
applying them through a 3-layer architecture, which is convolutional, pooling, and
fully connected layers[10]. The convolutional layer’s goal is to learn input feature
representations. A feature map’s neurons are linked to an area of nearby neurons in
the preceding layer. The equation of feature value is calculated by:

zli,j,k = wl
k
Txl

i,j + blk (3.5)

CNN gets an advantage in reducing the complexity of the model using the weight-
sharing mechanism. Nonlinearities are introduced into CNN through the activa-
tion function, which is beneficial for multi-layer networks that detect nonlinear at-
tributes. The commonly used activation functions, in this case, are Sigmoid, tanh,
and ReLU[10]. In this research, the ReLU activation function has been used to
activate corresponding neurons. VGG16 is used as the base model which is a pre
trained model based on imagenet. Then comes Flatten which transforms the output
from the previous layer into a 1D array, preparing it for the fully connected layers
followed by Dense layer and BatchNormalization layer. Again, we used a dropout
layers which helps prevent overfitting. One or multiple fully connected hidden layers
are implemented at the end of the model that make the decisions and predictions.
[10]. Below, Figure 3.5 shows the structural view of the CNN Architecture.

Figure 3.5: Structure of CNN Architecture

CNN achieves high accuracy on big datasets via the join feature and classifier learn-
ing, putting it an advantage over other architectures [10]. CNN is also a great model
for image datasets because of its minimal preprocessing requirements for original im-
ages [5], and it can train large datasets with high accuracy by implementing millions
of parameters [14].
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Chapter 4

Implementation & Result Analysis

Our implementation technique is to implement the aforementioned 4 algorithms in
the preprocessed dataset and so analyze the model’s effectiveness. For all the models,
the prediction is done using different values. Our accuracy measurement depends on
four parameters evaluated for the three classes, which are precision, recall, f1-score,
and support score respectively.

For uneven datasets like ours, confusion matrices produce useful solutions. The
performance of a classification model (or ”classifier”) on a set of test data for which
the true values are known is often described by a confusion matrix, which is a table.

For this research on the detection of skin rashes, we ran all of our classifiers on virtual
machines using Google Colab. Google Colab is a hosted Jupyter Notebook service,
that can be used on a cloud-hosted CPU or GPU. The Colab runs on Ubuntu 64
bits and is composed of a single core hyper threaded Intel Xeon processor 2.3 GHz
and 13 GB of RAM.

4.1 Result Analysis of Skin Rash Prediction Model

As we utilized 4 different architectures in our model, all the architectures were
implemented sequentially. First, the CNN algorithm was implemented on the pre-
processed dataset to check the viability of implementing CNN architecture for this
dataset. To check the compatibility and results we use Train Accuracy vs. Valida-
tion Accuracy Graph.

In the context of training models like neural networks, the ”train accuracy vs. vali-
dation accuracy” graph is a visual representation that shows how a model’s accuracy
varies while being trained on both the training dataset and a different validation
dataset. The model’s training accuracy reveals how accurate it is concerning the
training data. The validation accuracy curve displays the model’s performance on
a validation dataset that is separate from the training dataset, demonstrating its
capacity to predict fresh data.

As we are using both heavy and mobile models, we run the risk of overtraining light
models if we select a high epoch number, and undertraining heavier models if we
train a small number epoch. So we varied the epoch number based on the model.
The batch size is always kept at 32 regardless of the model.
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Here for the Fig 4.1 CNN algorithm, we see that, after 30 epochs the training accu-
racy is 91%, signaling high levels of accuracy in training. Also, we see a significant
improvement in the level of validation accuracy as the epoch increases, which stays
around 90% at 30 epochs in which the CNN model was trained without any overfit-
ting or underfitting.

Figure 4.1: Training vs Validation Accuracy CNN

Next, we implemented the MobileNet Model Fig 4.2. As it is a light mobile model,
the convolution layers trained much faster than the other models due to the smaller
number of layers, hence the model was trained for only 10 epochs. Which worked
very well for the overall dataset. The accuracies after implementing the dataset
remained constant and gradually increased after implementing all epochs. The Train
Accuracy for the MobileNet was 80% and validation accuracy was 83%, suggesting
a good fit of the dataset.

Figure 4.2: Training vs Validation Accuracy MobileNetV2
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Here for the Fig 4.3 DenseNet201 algorithm, we ran it for 30 epochs. We found the
training accuracy at 87%, signaling high levels of accuracy in training. Also, we see
a significant improvement in the level of validation accuracy as the epoch increases,
which stays around 87% at 30 epochs in which the DenseNet201 model was trained
with a perfect fit

Figure 4.3: Training vs Validation Accuracy DenseNet201

Here for the Fig 4.4 ResNet50v2 algorithm, we ran it for 30 epochs. We found the
best training accuracy at 94%, signaling high levels of accuracy in training. Also,
we see a significant improvement in the level of validation accuracy as the epoch
increases, which stays around 93% at 30 epochs in which the ResNet50v2 model was
trained with a perfect fit.

Figure 4.4: Training vs Validation Accuracy ResNet50V2

22



4.1.1 Comparison of All Models Scores

Here in Table 4.1, we compared the different scores of the neural network classifiers
we used in the model. In this research, we used the accuracy, precision, recall,
and F1 score to describe the model’s performance. The accuracy score in machine
learning is a statistic that measures the percentage of accurate predictions made
by a model out of all predictions made. Accuracy is a widely used metric but it
is not a very good metric if the dataset is imbalanced or skewed towards a specific
class. Hence we used recall, precision, and F1 score. Recall is a statistic used to
evaluate a classification model’s effectiveness, particularly in binary classification
problems. It evaluates the model’s propensity to locate each pertinent example
(true positive) inside a class. On the other hand, the precision score shows the ratio
of true positives to the total of true positives and false positives. The F1 score
combines both precision and recall to create a single number that represents the
model’s accuracy.

Table 4.1: Performance Matrices for Severity Detection

Model Precision Recall F1-score Accuracy
CNN 0.82 0.81 0.81 0.81
MobileNet 0.91 0.90 0.90 0.90
ResNet50V2 0.92 0.91 0.91 0.94
DenseNet201 0.88 0.87 0.87 0.87

In summary, after implementing our model, the ResNet50V2 model gave out the
highest percentage of accuracy with 94%. It was also the most precise in prediction
with a precision score of 92% and a recall score of 90% showing that it got the classes
correct. ResNet50V2 was closely followed by MobileNetV2 with 90% accuracy, 91%
precision, and 90% recall, and 90% F1 score. DenseNet201 and CNN gave decent
numbers of accuracy, 87% and 81% respectively. From table 4.1, we decide that
Resnet50V2 and MobileNetV2 are greatly accurate with this dataset. As the dataset
is fitted with multiple algorithms, the dataset is very enriched and of high quality
despite being imbalanced in one class.

4.1.2 Confusion Matrix Explanation

The confusion matrix enables us to understand the predictions by the trained clas-
sifiers we implemented in the model. It helps to identify the best working model
by explaining the precision and recall value generated, by every class. It is a ma-
trix with true labels compared with predicted labels. This enables us to identify
the classifier’s lackings on the dataset due to its architecture or the lackings of the
dataset itself. As our dataset is an imbalanced one, this enables us to identify where
the problem arose due to this imbalance in every classifier.

Here, from the confusion matrix, we can identify that all the models work very well
while running the model. This backs up the classification table 4.2 Resnet50V2
Being the better working model is accurately identifying all the classes. Followed by
the MobileNetV2 model and DenseNet201 model which show a decent performance
in predicting classes.CNN model has an underwhelming performance here.

23



Figure 4.5: CNN

Figure 4.6: MobileNet

Figure 4.7: DenseNet201

Figure 4.8: Resnet50V2

From the matrices, we have identified an anomaly in that ringworm has an under-
whelming performance, it is being predicted significantly less compared to other
classes, as we have less data in ringworm due to an imbalanced dataset, it is the
notion that the training of the ringworm class has been insufficient compared to the
other classes.
Also, another anomaly we see is that the majority of the wrong predictions we are
having are being predicted as drug rash, regardless of the original class. Hence,
there could be an issue in the feature selection of the models.
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4.2 XAI Explanation

This section of the paper will explain Deep Learning algorithm using LIME. LIME
XAI utilizes interpretable machine-learning techniques to demystify complex AI
models by highlighting influential features and explaining predictions for local data.
Here, for image datasets LIME explains the classifier regions for selecting features in
a single instance otherwise known as the local instance. Here, to explain the feature
selection of every classifier, we selected 3 distinguished pictures of every class and
ran LIME on that data for every classifier. Figures 4.9, 4.10, and 4.11, show the
pictures in a tabular format. These pictures have been used to implement LIME to
identify the features used for predicting the models.

Figure 4.9: Drugrash.
Figure 4.10: Pityriasis
Rosea Figure 4.11: Ringworm
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4.2.1 LIME Explanation of The Feature Selection

In Figures 4.12, 4.13, 4.14, 4.15 we have compiled all the LIME implementations that
have been implemented on the models. Here we can see all the features that have
been taken into consideration during the prediction. We see, that all the models
have considered the right features of the images for the predictions. Resnet50V2
has worked quite well in recall and precision. From the figures above we can see
that both the classifiers have considered background. However, the pre-trained
ResNet50V2 could detect enough of the disease feature to get the right prediction.
The pretraining of the model can be a factor in this case.

Figure 4.12: CNN

Figure 4.13: MobileNetV2

Figure 4.14: ResNet50V2

We see an anomaly in CNN too as it does detect all the disease-ridden areas for all
classes but the recall and precision score is not as good as we see from This Local
Explanation. DenseNet also shows a similar characteristic.
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Figure 4.15: DenseNet201

4.2.2 Lime Explanations of The Anomalies

As we have seen in the confusion matrix table, some of the Pityriasis Rosea and
Drugrash, especially in DenseNet201 and CNN. To explain this, we have taken the
CNN model and seen the comparison between different images and their predictions
by the models. The class we have implemented this finding is Pityriasis Rosea.

Figure 4.16: Prediction

In Figure 4.16, Pityriasis Rosea has been detected as a Drug Rash, But in Figure
4.17, the data have been accurately identified.

From the lime explanation both in the previous figures 4.12 to 4.15 we see that
the incorrectly predicted data has similarities with the Drugrash, as it is a close-up
picture of the disease. As we see the CNN model focuses on the rashes only, the
model is predicting wrong due to the similarities. But in the whole body image,
the data is being predicted right due to taking other parts as features as well. We
saw a training class of the dataset in Drugrash that had a lot of images in closed-up
orientation. Hence, we can say that the Closed images are being wrongly predicted
by the CNN and DenseNet model due to the features it is taking in. ResNet50v2
and MobilenetV2 avoid this by taking in other models’ features as well.

27



Figure 4.17: Pityriasis Rosea prediction

Figure 4.18: LIME explanation

4.3 Findings

This entire research can be yielded into the following valuable findings:

• The Accuracy of all the classifiers in the dataset is above 80%.This indicates
the high quality of the overall dataset despite being imbalanced.

• Augmentation of the dataset, helps small datasets thus can perform well even
in heavier models.

• ResNet50V2 and MobileNetv2 perform the best in the model. On the other
hand, CNN’s performance was comparatively very low. This indicates the
usage of the pre-trained model can be very beneficial due to already being
adapted to other images.

• The success of ResNet50v2 and MobileNetV2 can be attributed to their ca-
pability of taking into consideration the features that are nearby the wound,
as only considering the wound can sometimes result in improper assessment,
which happened in the case of CNN and DenseNet201.
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Chapter 5

Conclusion & Future Work

5.1 Conclusion

In this paper, we presented the applications of Deep Neural Network Models in the
detection of Pityriasis rosea, Drug rash, and Ringworm skin rash. We collected image
data of these classes from publically available sources and used 4 different models,
CNN, MobileNetV2, ResNet50 V2, And DenseNet201. To better the results we
augmented the dataset. From the acquired results after implementing the models,
we see all the models give good accuracy, all the models have a great precision,
recall, and F1 score, signifying this dataset is a good one and the models we chose
are accurate in this research. ResNet50V2 and MobileNetV2 work the best with
this type of data, with ResNet50V2 achieving the highest accuracy rate of 94%
and MobileNetV2 having an Accuracy rate of 90%. This result implies that the
dataset acquired is of high quality and works for multiple architectures. Through
the implementation of lime, we saw that the models are accurately using the features
and the local bias of the dataset does hamper a bit of the accuracy for CNN and
DenseNetV2 model.

5.2 Limitations and Future Work

It is very challenging to implement Deep Learning algorithms in the healthcare
field for it’s limited availability of datasets. We faced quite a lot of challenges in this
regard due to not finding a large dataset that is classified properly. The large dataset
can improve the accuracy of the hindered models. Also, the LIME model is only a
local interpreter of the feature a model implements to get an even better result. We
should Implement any global interpreter of Explainable AI to get a picture of the
feature importance for the whole dataset. For this SHAP is a good global Explainer
Model.

Despite having some limitations this thesis performed all the predictions and pro-
vides prominent future works. It is our belief in the future with the right tools and
circumstances we can have even better outcomes for the model.
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