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Abstract – Diagnosing skin diseases can be challenging 

with traditional methods, as they rely on manual 

examination and a doctor's expertise, which may lead to 

errors or delays. This project introduces an advanced 

approach by integrating Convolutional Neural Networks 

(CNNs) and Markov Decision Processes (MDPs) to 

improve skin disease detection and treatment 

recommendations. CNNs are powerful deep learning 

models designed for image analysis. In this project, they 

are trained on large datasets like HAM10000 and ISIC 

Archive, which contain thousands of skin disease cases. 

By learning patterns in images, CNNs accurately 

identify different skin conditions based on features such 

as unusual spots, textures, or rashes. While CNNs 

classify the disease, the MDP component enhances 

decision-making by analyzing potential outcomes and 

suggesting the best course of action for treatment. Acting 

as a decision-support tool, MDPs evaluate different 

possibilities and recommend suitable diagnostic or 

therapeutic steps. By combining CNNs and MDPs, this 

approach not only increases the accuracy of skin disease 

detection but also assists doctors in making informed 

decisions. This innovative system overcomes the 

limitations of traditional methods and contributes to 

better clinical outcomes for patients. 

Keywords- Skin disease detection, Convolutional Neural 

Networks, Markov Decision Process, Deep Learning, 

Image Classification. 

I. INTRODUCTION 

Skin contaminations, such as melanoma, a conceivably 

unsafe sort of skin cancer, and psoriasis, a deep rooted 

condition that causes rosy, bothersome, and flaky 

patches, can basically influence a person's prosperity and 

quality of life. Early and exact assurance of these 

ailments is noteworthy for effective treatment. Within 

the occasion that skin conditions like melanoma are not 

recognized early, they can spread and finished up much 

harder to treat. Psoriasis, within the occasion that cleared 

out untreated, can compound and lead to complications. 

The capacity to analyze these diseases precisely and at 

an early orchestrate is key to giving patients with the 

driving conceivable care. 

Ordinary procedures of diagnosing skin ailments to a 

great extent depend on dermatologists analyzing the 

skin. This may be done by apparently looking into the 

skin with the help of gadgets like dermatoscopes, which 

open up the skin's surface for predominant appraisal. In 

show disdain toward of the reality that dermatologists 

are arranged to recognize diverse skin conditions, these 

procedures are not persistently correct. Human botch, 

such as shortcoming or subjective explanation, can result 

in missed analyze, especially in cases where the ailment 

isn't clearly self-evident or is in its early stages. Besides, 

the complexity of skin conditions and their wide 

collection can make it troublesome for masters to 

recognize each conceivable condition, driving to 

clashing analyze. 

As innovation has progressed, analysts have endeavored 

to move forward the symptomatic prepare for skin 

infections by applying picture preparing procedures and 

machine learning models. One of the less difficult 

models utilized within the past was Bolster Vector 

Machines (SVMs), a fundamental machine learning 

calculation that analyzes skin pictures to classify 

whether they appear signs of a infection. Whereas these 

early strategies were supportive in moving forward 

precision, they had a few impediments. Planning the 

information for preparing was time-consuming and 
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required impressive manual work. Moreover, these 

models frequently battled with more complex or 

uncommon skin conditions, where the designs within the 

pictures were harder to identify. They too didn't 

continuously create reliable comes about over diverse 

sorts of skin illnesses, meaning that their unwavering 

quality seem shift.  

To overcome these hindrances, this wander proposes a 

more advanced and compelling approach that combines 

Convolutional Neural Frameworks (CNNs) and Markov 

Choice Shapes (MDPs). These two progresses work 

together to not because it were recognize skin ailments 

more precisely but as well to help healthcare specialists 

make more better choices for treatment. Convolutional 

Neural Frameworks (CNNs) are a outline of fake bits of 

knowledge, especially arranged for analyzing pictures. 

CNNs have the capacity to subsequently learn basic 

highlights from pictures without requiring manual input. 

In this amplify, CNNs are arranged on tremendous 

datasets of skin pictures, such as HAM10000 and the 

ISIC Chronicle, which contain thousands of skin pictures 

with nitty coarse names around the illnesses show. By 

analyzing these pictures, CNNs learn to recognize 

specific plans and highlights that might illustrate the 

closeness of a skin ailment, such as changes in color, 

surface, or shape on the skin's surface. Once arranged, 

CNNs can analyze cutting edge pictures of skin and thus 

recognize whether they show up signs of melanoma, 

psoriasis, or other skin conditions. This capacity to 

distinguish sicknesses without human interventions 

basically moves forward illustrative exactness, making it 

more strong than ordinary techniques.  

On beat of this, Markov Choice Shapes (MDPs) are 

displayed to coordinate the decision-making handle after 

a skin ailment is recognized by the CNN. Once the CNN 

has recognized a potential condition, the MDP makes a 

distinction choose the finest another steps. This might 

join endorsing whether help testing, like a biopsy, is 

crucial, suggesting specific medications, or coordinating 

the taking after symptomatic steps. MDPs work by 

surveying all conceivable choices and selecting the one 

that will most likely result inside the most excellent 

result for the quiet. This ensures that the strategy not 

because it were recognizes the ailment but as well gives 

vital proposition to form strides understanding care.  

By combining CNNs and MDPs, this open up gives a 

able and orchestrates course of activity to the issues of 

diagnosing skin illnesses. It does more than sensible 

progress divulgence accuracy; it as well offers 

commonsense course for clinicians, guaranteeing that 

patients get accommodating and compelling drugs. The 

utilize of progressed AI techniques like CNNs awards 

for speedier examination of skin pictures, in spite of the 

fact that MDPs guarantee that the taking after steps 

interior the symptomatic and treatment get prepared are 

chosen with the preeminent lifted probability of triumph. 

Together, these advances address different of the 

insufficiencies of schedule illustrative strategies and 

prior machine learning approaches, making them a basic 

instrument interior the clinical setting. 

This comprehensive approach not because it were 

increases the precision of skin contamination area but as 

well makes a difference healthcare specialists make 

better choices, driving to advanced comes about for 

patients. By tending to the restrictions of earlier 

strategies, this wander gives a more strong, capable, and 

dependable procedure of diagnosing skin diseases, 

inevitably advancing tireless care and treatment comes 

out. 

 

II. LITERATURE REVIEW 

Traditional skin disease diagnosis relies on 

dermatologists' visual inspections, dermoscopy, and 

biopsies (Smith et al., 2018). While these methods are 

effective, they are prone to human error, subjectivity, 

and time constraints (Johnson & Lee, 2020). The 

growing demand for automated, AI-based solutions has 

led researchers to explore machine learning and deep 

learning models to improve diagnostic accuracy and 

efficiency. 

Machine learning techniques such as Support Vector 

Machines (SVMs), Decision Trees, and Random Forests 

have been widely used for image classification and 

feature extraction (Gupta & Sharma, 2019). However, 

deep learning, particularly Convolutional Neural 

Networks (CNNs), has demonstrated superior accuracy 

in analyzing skin lesion images (Litjens et al., 2017). 

Datasets like HAM10000 and ISIC Archive have been 

extensively used to train CNNs for skin disease 

classification (Tschandl et al., 2018). 

CNNs have revolutionized medical image analysis by 

extracting hierarchical features from images (Khan et al., 

2021). Studies have shown that CNN models such as 

ResNet, Inception, and VGG16 achieve high accuracy in 

skin lesion classification (Esteva et al., 2017). However, 

CNNs primarily focus on disease identification and lack 

decision-making capabilities for treatment 

recommendations, limiting their practical applications in 

clinical settings. 

To enhance diagnostic decision-making, Markov 

Decision Processes (MDPs) have been introduced as 
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mathematical models for sequential decision-making 

under uncertainty (Puterman, 1994). In healthcare, 

MDPs have been applied to treatment optimization, 

disease progression modeling, and personalized 

medicine (Doshi-Velez et al., 2016). Recent studies have 

investigated MDPs for skin disease treatment, improving 

diagnostic confidence and patient management (Zhang et 

al., 2020). 

A more comprehensive diagnostic system can be 

developed by integrating CNNs for disease classification 

with MDPs for decision-making. While previous 

research has explored hybrid AI approaches, studies 

specifically focusing on CNN-MDP integration for skin 

disease detection remain limited (Patel et al., 2022). This 

research aims to bridge that gap by leveraging CNNs' 

image analysis capabilities alongside MDPs' decision-

making power to improve the accuracy and effectiveness 

of skin disease diagnosis.. 

III. METHODOLOGY 

ARCHITECTURE DIAGRAM  

Skin Disease Dataset: The project begins with a 

collection of labeled skin disease images, which serve as 

the foundational data for training and testing the 

machine learning model. This dataset typically includes 

various skin disease types to teach the model to 

differentiate among them. Quality and diversity within 

the dataset are critical for achieving robust and accurate 

predictions. 

Pre-Processing: Pre-processing is an essential step to 

prepare the raw images for the machine learning model. 

This includes operations such as Resizing, Rescaling and 

Data Augmentation that help in formation of image in 

uniform way. 

Processed Dataset: After pre-processing, the images 

form a refined dataset, known as the processed dataset. 

This dataset is optimized and ready for the next steps of 

model training and testing. 

Feature Extraction: Feature extraction involves 

identifying and isolating unique characteristics from the 

images that are relevant for distinguishing different types 

of skin diseases. This step helps to highlight key aspects 

of each image (such as color patterns, texture, and 

shapes) which the model can use to make accurate 

predictions. 

Dataset Splitting: The processed dataset are splitimg into 

two parts: 

Training Set: Used to train the machine learning model 

by allowing it to learn from labeled examples. 

Testing Set: A separate subset used to evaluate the 

model’s performance after training, ensuring it can 

generalize to unseen data. Model Training: During 

model training, the machine learning algorithm is 

exposed to the training set, where it learns to recognize 

patterns associated with each skin disease category. The 

model adjusts its parameters over numerous iterations to 

minimize prediction errors. Through training, the model 

develops the ability to classify images based on learned 

patterns. 

Image Classification: Image classification is the core 

task where the model assigns a label (skin disease type) 

to each input image. This is based on the features it has 

learned during training. Classification is performed 

whenever a new image is introduced to the system, 

helping to identify the type of skin disease present. 

Disease Detection: Disease detection is the ultimate 

output of the system. It indicates whether a skin disease 

is present in a new image and, if so, specifies the type of 

disease. This final detection result is intended to assist 

healthcare professionals or users in identifying potential 

skin conditions for further analysis or intervention. 

 

Fig. 1 Architecture Diagram 

A Convolutional Neural Organize (CNN) can be a sort 

of significant learning illustrate arranged for taking care 

of organized cross section data, such as pictures. It 

works by removing basic highlights from an picture and 

utilizing them to classify or recognize plans. The CNN 

comprises of different layers, each performing specific 

errands. The essential layer is the convolutional layer, 

which applies channels to recognize edges, surfaces, and 

shapes. These channels slide over the picture, making 

highlight maps that highlight imperative subtle elements. 

Following comes the actuation work (like ReLU), which 

incorporates non-linearity to help the orchestrate learn 

complex plans. The pooling layer at that point reduces 

the spatial degree of the highlight maps, making 
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computation more capable and reducing the chances of 

overfitting. This handle of convolution and pooling is 

repeated various times to remove higher-level highlights. 

At final, the removed highlights are passed through a 

totally related layer, which makes the extreme 

classification choice based on learned plans. CNNs are 

broadly utilized in restorative imaging, address area, and 

facial affirmation due to their capacity to subsequently 

learn and distinguish plans from rough picture data. 

Markov Choice Shapes (MDPs) are a logical framework 

for modeling decision-making issues where comes about 

are to some degree self-assertive and not entirely 

underneath the control of a decision-maker. They are 

broadly utilized in regions like bolster learning, 

operations ask almost, and money related things. An 

MDP comprises of a number of key components. States 

(S) talk to all conceivable circumstances in which an 

administrator can find itself, while Exercises (A) 

characterize the choices open to the administrator in 

each state. Move Probabilities (P) choose the likelihood 

of moving from one state to another given a particular 

action. The Compensate Work (R) consigns incite 

rewards for state moves, and the Markdown Figure () 

chooses the centrality of future rewards . 

The fundamental objective in MDPs is to find a 

approach that maximizes the expected add up to 

compensate over time. The Regard Work measures the 

expected return from a given state, though the Q-

Function surveys the expected return from taking a 

specific action in a given state a few time as of late 

taking after the course of action. Courses of action can 

be deterministic, where a specific movement is chosen 

for each state, or stochastic, where exercises are chosen 

probabilistically. 

To understand an MDP, one must choose the perfect 

approach. This may be done utilizing Enthusiastic 

Programming (DP) or Bolster Learning (RL). DP 

methodologies join Regard Accentuation, which 

overhauls the regard work iteratively utilizing the 

Bellman condition, and Course of action Accentuation, 

which substitutes between surveying a approach and 

advancing it until joining. When move probabilities and 

rewards are darken, RL procedures like Q-Learning and 

SARSA are utilized to memorize the perfect approach 

through natural with the environment. MDPs have 

different applications over distinctive ranges. In robot 

course, they offer help choose perfect ways while 

keeping up a key separate from obstacles. In finance, 

they offer assistance in optimizing hypothesis methods. 

In healthcare, they offer assistance in arranging 

treatment approaches for unremitting ailments. 

IV. MODULES 

 

The proposed system for skin disease detection and 

diagnosis consists of multiple interconnected modules, 

each playing a crucial role in ensuring accurate 

classification and decision-making. The integration of 

Convolutional Neural Networks (CNNs) for image 

analysis and Markov Decision Processes (MDPs) for 

decision-making enhances the overall effectiveness of 

the model. Below is a detailed explanation of each 

module: 

 

M1. Data Acquisition 

The first step in the system involves gathering dermal 

images and patient-related data. Image collection is 

carried out by sourcing images from dermatology 

databases like HAM10000, ISIC Archive, or clinical 

imaging tools, ensuring a diverse dataset for model 

training. Alongside image data, patient information such 

as age, gender, lifestyle factors, medical history, and 

reported symptoms is collected. This additional 

information helps improve the classification accuracy by 

incorporating non-visual diagnostic factors, enabling a 

more personalized and accurate diagnosis. 

 

M2. Data Preprocessing 

Preprocessing plays a key role in standardizing input 

data to ensure better learning by the model. Image 

preprocessing involves resizing images to a fixed 

dimension, adjusting brightness and contrast, and 

filtering noise to enhance quality. Normalization is 

performed to bring consistency between image data and 

patient records, ensuring that the input features maintain 

uniform scales and distributions. Additionally, data 

augmentation techniques like rotation, scaling, flipping, 

and contrast adjustments are applied to increase dataset 

diversity, preventing overfitting and making the model 

more robust in recognizing skin disease variations. 

 

M3. Feature Extraction 

Once preprocessing is completed, the system extracts 

important features from both images and patient data. 

CNNs are utilized to extract features from skin images, 

identifying critical patterns such as texture, color, shape, 

and lesion size, which are indicative of skin diseases. 

Additionally, non-visual features such as patient 

demographics, medical history, and symptoms are 

analyzed to extract meaningful patterns. These extracted 

features serve as the primary input for the classification 

and decision-making modules, ensuring a 

comprehensive approach to diagnosis. 
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M4. MDP State Management 

The Markov Decision Process (MDP) framework is 

integrated to enhance decision-making by defining states 

that represent different skin disease stages, symptoms, 

and extracted image features. This structured approach 

enables the model to simulate disease progression and 

potential outcomes. Transition probability estimation is 

performed using historical patient data, determining how 

a disease may progress over time or how different 

diagnostic actions impact a patient’s condition. This 

statistical approach helps in predicting the next probable 

state based on the patient's current symptoms and test 

results. 

 

M5. Action Management 

This module defines the set of possible diagnostic or 

treatment actions that can be taken at each state. The 

action set includes steps like “Recommend additional 

imaging,” “Proceed with test X,” or “Diagnose as 

disease Y” based on the patient’s condition. Each action 

is evaluated using previous patient data, associating it 

with rewards or penalties based on its effectiveness. This 

approach ensures that the most optimal actions are 

recommended to healthcare providers, reducing 

unnecessary tests and improving diagnostic accuracy. 

 

M6. Reward System 

The reward system is a crucial component of the MDP, 

ensuring that the model learns from past diagnostic 

outcomes. Rewards are assigned for accurate diagnoses, 

while penalties are imposed for misdiagnoses or 

unnecessary medical tests. This structured approach 

helps in continuously improving the decision-making 

process. The reward structure is regularly updated based 

on new patient data and feedback, ensuring that the 

system remains dynamic and adaptable to changing 

clinical trends and advancements. 

 

M7. Classification Module 

This module integrates Machine Learning (ML) models 

such as CNNs, Support Vector Machines (SVMs), or 

Decision Trees to classify skin diseases based on the 

extracted features. The classification results are further 

refined and validated within the MDP framework, 

ensuring that the predictions align with optimal 

diagnostic recommendations. This multi-step approach 

improves the accuracy of disease classification, reducing 

the risk of false diagnoses. 

 

M8. User Interface 

The final module involves designing an interactive user 

interface (UI) that displays diagnostic results and 

recommendations. The MDP model generates diagnostic 

recommendations, which are presented to the user 

(dermatologist or medical professional) in an 

understandable format. Additionally, the UI includes a 

feedback collection mechanism, allowing users to 

provide input on diagnostic accuracy. This feedback is 

used to fine-tune the system parameters, ensuring 

continuous improvement. 

 

V. RESULT & DISCUSSION 

The Skin Disease Detection and Decision Support 

System effectively integrates Convolutional Neural 

Networks (CNNs) for image classification with Markov 

Decision Processes (MDPs) for treatment 

recommendations, providing an advanced diagnostic tool 

for dermatology. The CNN model achieved high 

accuracy in classifying various skin conditions using 

datasets like HAM10000 and ISIC Archive, 

demonstrating its capability in recognizing patterns such 

as lesion shape, texture, and color. The preprocessing 

techniques, including normalization and augmentation, 

further enhanced model robustness, allowing it to 

generalize well across diverse skin images. 

 

The MDP module played a crucial role in refining 

diagnosis by analyzing disease severity and 

recommending optimal treatment paths. By leveraging 

historical patient data, the system successfully provided 

personalized recommendations, improving diagnostic 

confidence. Additionally, the feedback mechanism 

enabled continuous learning, allowing the model to 

adapt to evolving medical insights and real-world 

clinical scenarios. 

 

However, the system's performance is influenced by 

dataset diversity, highlighting the need for expanding 

dermatological images to enhance model accuracy 

across a broader range of skin diseases and demographic 

variations. Future enhancements should focus on real-

time processing, integrating genetic and environmental 

factors, and clinical validation in healthcare settings to 

further improve practical usability and patient outcomes. 

 

VI. CONCLUSION 

The Skin Disease Detection and Decision Support 

System integrates CNNs for image classification with 

MDPs for treatment recommendations, enhancing 

dermatological diagnostics. Users can upload skin 
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images via an intuitive interface, enabling accurate 

classification and personalized treatment suggestions 

based on disease severity and patient history. A feedback 

mechanism ensures continuous improvement with real-

world data. 

To enhance accuracy, expanding the dermatological 

dataset and refining the MDP module for complex 

decision-making is essential. Real-world testing is 

crucial for validation and usability. Future enhancements 

include real-time processing, incorporating patient-

specific factors (genetic, lifestyle), and integration with 

healthcare platforms to streamline clinical workflows, 

ultimately improving patient care and resource 

allocation. 
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