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Abstract

Garment factory workers are at high risk for health hazards due to their regular exposure
to synthetic dyes and harmful chemicals, which can lead to various skin diseases. This
study introduces a machine learning-based visual health monitoring system to address
these challenges. The system employs advanced image processing techniques to analyze
images of workers’ skin, allowing for the detection and evaluation of the stage and severity
of any condition. In addition to image analysis, a short survey will be conducted with
garment workers to collect information about their symptoms, pain levels, and how severe
they perceive their skin problems. The image analysis and the survey responses will
then be combined into a robust machine learning framework. To improve the reliability
of diagnosis, the research utilizes convolutional neural networks (CNNs) and Transformer
models, which help address potential variations in image quality. For training the models, a
diverse dataset of skin disease images has been gathered from sources such as HAM10000,
Kaggle, and various other online platforms. These data sets are a solid foundation for
creating reliable models for accurate detection. In addition, the research includes creating
a mobile application designed to support real-time diagnostics and monitoring. This study
aims to improve early skin disease detection and establish an effective health monitoring
system for garment factory workers, ultimately contributing to their overall health and
well-being.

Keywords: skin disease detection, machine learning, CNN, Transformer models, garment
workers, health monitoring.
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Chapter 1

Introduction

Employee well-being has become a major concern for organizations in this fast-moving
business world. As technology continues to advance, numerous innovative solutions have
emerged to improve workplace safety. One notable innovation is the Visual Monitoring
Health System (VMHS) [1], which is specifically made to address the health issues faced
by garment manufacturing workers. With the state-of-the-art AI technology integrated
into VMHS, employees’ health is monitored in real-time with an early warning for health
risks and better health management. The latest image recognition technology is used to
analyze the collection of visual data at multiple industrial monitoring points [2]. Ma-
chine learning algorithms are deployed to detect early symptoms of fatigue, heat stress,
and repetitive strain injuries, which are frequent problems for garment factory workers.
VMHS takes it even further, providing real time surveillance, prescriptive recommenda-
tions, and insight into regulatory measures based on employee health profiles to enable
proactive health programs [3]. With constant monitoring of worker health and attempts
to maximize preventive care, VMHS can greatly limit the scope of workers coming down
with illnesses that can be traced back to the workplace. Therefore, it influences a healthier
work environment and enhances employee productivity and morale [4]. In an age of rapid
technological change, VMHS is a great example of how AI can transform workplace safety
and worker well-being in industries.

1.1 History of Garment Workers’ Diseases Caused
by the Garment Factory

Workers in the garment industry face various health problems due to the rigorous con-
ditions they undergo in the factories. The workers in textile mills during the Industrial
Revolution faced respiratory conditions caused by long exposure to cotton dust, and this
is what the garment workers are experiencing today [4]. In addition, many garment work-
ers suffer from skin-related problems due to constant exposure to chemicals in the fabric
dyeing and finishing processes. Those engaged in repetitive tasks, like stitching, are also
at risk for developing musculoskeletal injuries [5]. Despite the wealth of industrial laws
and rules concerning workplace safety, several problems continue to exist due to ignorance.
These include respiratory illnesses because of the lack of adherence to safety rules and the
development of mental health problems brought about by the adverse conditions of work.
The countries that host garment workers must keep their promises to develop what is
known as a safe working place, enforcing, and ensuring compliance with safety protocols
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that also involve structural control over the manufacturing of garments in restraint of
possible injury or mishap [6].

1.2 Statistics on Losses Due to the Diseases of the
Workers

The health issues of garment workers have consequences on individuals and are reflected in
a wider economic impact. Although the overall financial loss resulting from worker illness is
impossible to quantify from purely statistical data, several components form the sum of this
burden. The first of the direct impacts is loss of productivity caused by employees being
absent from work for infections and occupational diseases. As a result, whenever workers
fall sick and fail to come to work, the result is disrupted production schedules, delayed
orders, and increased overheads. A firm’s reputation could also be damaged if such delays
consistently cause inconvenience to customers. Even the workers who go to work despite
sickness will work poorly hence further affecting overall productivity [5]. In addition to
productivity losses, the financial burden of occupational diseases encompasses medical
expenses for affected employees, including consultation fees, diagnostic tests, medications,
and hospitalization costs. These expenses can add up quickly, particularly for chronic or
severe conditions that require ongoing treatment. In some instances, employment contracts
may obligate garment manufacturers to cover specific medical costs, which adds to the
financial pressure on businesses. The economic impact also includes workforce turnover,
as frequent illness-related absences can lead to higher costs for replacement and training.
Increased turnover rates compel companies to invest in hiring and taking in new employees,
further straining their resources [4]. However, financial losses could be countered through
strategies for occupational health and safety measures. Healthcare strategies, in particular,
have proved helpful to garment manufacturers and have decreased the rate of absenteeism
while cost-effectively raising productivity, thereby guaranteeing a healthier and sustainable
workforce.

1.3 Treatment and Prevention in Different Stages
of Diseases

According to the type and stage of the disease, various strategies need to be emphasized
on either prevention or management of diseases in garment factories. Early identification
and timely interventions are critical in ensuring that proper treatment is administered to
the concerned workers [6]. Diagnosis and preventive measures in workplace health policies
should go together to take care of their working staff. A bit of prevention is worth more
than a cure, which underlines the need for actions aimed at minimizing health risks before
they become a serious condition [4]. Preventive measures include supplying protective gear
like masks and gloves to limit workers’ exposure to dust and harmful chemicals. Regular
health screenings and ergonomic training can also help reduce the risk of musculoskeletal
disorders (MSDs) and repetitive strain injuries (RSIs) by teaching workers proper posture
and movement techniques during their tasks. Upholding high hygiene standards and
ensuring adequate ventilation are essential in preventing respiratory illnesses linked to
dust and chemical exposure. The awareness campaigns on workers’ lifestyle health and
early reporting, together will make a cultural shift toward employee well-being. Workplace

2



assessment regularly, and strict adherence to safety regulations, are very much necessary to
save garment factories from the spread of occupational diseases. Safety measures enforced,
early treatment, and healthier work conditions could help garment manufacturers reduce
work-related illnesses by as much as in other sectors of industry, which would have the
effect of increasing workplace safety [1].

1.4 Problem Statement

The handling, bleaching, and coloring of textile materials with the use of chemical dyes
in garment factories often lead to skin diseases of the workers. Even with existing safety
protocols, identifying skin diseases resulting from long-term chemical exposure continues to
be a significant challenge [5]. Delayed diagnoses can lead to deteriorating health conditions,
increased medical costs, and a decrease in the quality of life for workers. This calls for
an immediate need for the development of a continuous monitoring and detection system
that gives early signs of skin diseases arising among factory employees [1]. The proposed
system will integrate various advanced imaging with machine learning algorithms that can
continuously provide real-time data and alert the appearance of skin abnormalities, thus
enabling their timely medical interventions and treatment according to [7].

The system will be trained on a comprehensive dataset that includes images of various
skin diseases at different stages. When a new image is analyzed, it will be compared to
the dataset to accurately identify the type and seriousness of the disease, suggest possible
causes, and recommend suitable treatments [8]. Through preemptive work like this, health
risks are lowered, disease progression is reduced, i.e., absenteeism is reduced, and workers’
productivity increased [5]. Furthermore, the main objective of the system is to fill the
gaps in health management that are caused by healthcare facilities’ lack of equipment and
poor workplace health management.

1.5 Research Objective

The main objective of this study is to create a system that minimizes health risks, espe-
cially skin diseases encountered by garment factory workers. The research will start with
an examination of prevalent skin health issues among workers and the collection of data
regarding the types and stages of diseases they face [1]. Skin images from workers will
be captured and analyzed for this purpose using advanced techniques in image processing
methods [8]. The images are further processed and classified to bring out an accurate de-
tection and classification of the various skin conditions [7]. Workers will also be surveyed
on their personal experiences of these health conditions and their feelings about them.

After collecting the data, it will be analyzed using machine learning frameworks to better
understand the prevalence and severity of these health concerns [9]. The research will also
explore the causes of skin diseases and suggest several prevention strategies that might
bring down these complications in the future. Ultimately, the research aims at promoting
better health and safety at the workplace in garment factories by offering comprehensive
information about the health problems that workers experience and developing remedies
that promote better health outcomes for enhanced productivity, and improving working
conditions [3].
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1.6 Research Question

The objective of this study is to gain a total understanding of health issues, specifically
skin diseases, that garment factory workers endure. To achieve this, the study will address
the following key research questions:

1. What are the most common skin diseases among garment factory workers
and how do they evolve?

2. How do these skin conditions affect workers health, well-being and pro-
ductivity?

3. What are the workplace factors (e.g. chemical exposure, working condi-
tions, job roles) that contribute to skin diseases?

4. What is the level of efficiency concerning the already-developed safety
measures and prevention arising from these identified health hazards?

5. What can we do to prevent skin diseases and improve their workers’
health?

So that these questions can be explored, the study will employ a mixed methods approach,
like a combination of qualitative and quantitative research methods. We will also listen
to first-hand insights from workers, through interviews, to understand how they view
skin diseases and the struggles they encounter. Averaging the prevalence and severity of
these conditions across different levels of jobs and factory environments will be one of our
quantitative data analyses. To examine the relationship between workplace factors and
skin disease incidence and to evaluate the use of existing preventive measures, statistical
techniques such as regression analysis will be used.

By integrating both qualitative and quantitative methods, this research will provide a
’comprehensive view’ of the health challenges that garment factory workers encounter.
The results will assist in formulating targeted interventions and policy recommendations
aimed at improving workplace health and safety, ultimately boosting workers’ well-being
and productivity.
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Chapter 2

Literature Review

2.1 Related Work

This study focuses on creating a thorough health monitoring system specifically for gar-
ment factory workers, taking into account their distinct occupational challenges. These
workers encounter significant health risks, especially in developing countries such as Bangladesh.
The research combines insights about health monitoring, diagnostic innovations, and oc-
cupational health frameworks.

2.1.1 Occupational Health Challenges in Garment Factories:

Garment factory workers often face various occupational health hazards due to harmful
chemical exposure, poor working conditions, and the absence of safety measures. The
incidence of ailments such as respiratory diseases, musculoskeletal disorders, skin diseases,
and other occupational diseases has been documented in several studies.

For instance, a cross-sectional study in Ethiopia [1] revealed that 66% of garment work-
ers reported being diagnosed mainly for respiratory diseases, musculoskeletal disorders, or
injuries. Major respiratory problems stemmed from exposure to endotoxins and inhalable
cotton dust during textile processing. Similarly, repetitive manual labor and heavy ma-
chinery caused traumatic injuries and MSDs. Research in Kasur, Pakistan [3], noted that
long-term exposure to cotton dust increased workers’ risk of respiratory and pulmonary
diseases by 5-6% annually. Skin conditions such as contact dermatitis, allergic reactions,
and infections were linked to poor hygiene and a lack of protection gear.

In Bangladesh, many reports indicated high rates of musculoskeletal pain, headaches, and
body pain [10], driven by long working hours and a lack of ergonomic support. Surveys
conducted with workers in combination with clinical assessments indicated that more
than 74% of workers suffer from injuries, such as cuts and pricks from unsafe working
environments [11]. A total of 162 female garment workers participated in a cross-sectional
survey that was done in Tumkur, India, about their health and QOL using WHO-QOL
and GHQ-28 questionnaires. High prevalence of musculoskeletal disorders, 23.4% back
pain, 8.6% joint pain, and stress-related tension headaches were seen at a rate of 41.9%
[12].

The methods of data collection differed from one study to another, including interviews of
workers, clinical diagnosis, and factory-level surveys. Some analysis techniques like SPSS
and descriptive statistics were used in analyzing the factors that influence health out-
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comes. The research highlighted the critical need for implementing Occupational Safety
and Health Management Systems (OSHMS) [13] and enhancing safety measures to reduce
these risks. The garment factories are in dire need of effective improvement of work-
place conditions, good ventilation, use of protective gear, and access to health facilities as
possible mitigation measures for these occupational hazards [6].

2.1.2 Advancements in Skin Disease Diagnostics:

Newly diagnosed skin diseases increasingly rely on advanced image processing and machine
learning methods that allow more accurate identification. Many have researched the effect
of these promising approaches for skin disease diagnosis, employing a variety of methods
for feature extraction, classification, and segmentation.

Deep learning models, particularly Convolutional Neural Networks (CNNs), have become
popular for diagnosing skin diseases automatically. Research has shown that CNNs can
classify skin conditions with impressive accuracy [9]. For example, the MobileNet model
was utilized for diagnosing skin diseases on mobile devices, featuring lightweight architec-
tures that allow for quicker processing. Hybrid models that merge CNNs with advanced
methods, such as Error Correcting Output Codes (ECOC) and Social Spider Optimization
(SSO), have achieved remarkable accuracy rates of over 97% [14]. ResNet-50 and AlexNet
were able to achieve better diagnostic performance using transfer learning on datasets
like ISIC 2018 [15]. Classification frameworks have also incorporated machine learning
algorithms, such as Random Forests, Support Vector Machines (SVM), and K-Nearest
Neighbors (KNN) [7], achieving accuracies up to 97% on dermoscopic image datasets like
HAM10000 [16]. These approaches emphasize early detection and precise classification of
conditions like melanoma, contact dermatitis, and other skin disorders. An automated
image-based method for the diagnosis of skin diseases using CNNs for feature extrac-
tion and a softmax classifier for classification was proposed in a research paper [17]. The
Xiangya-Derm-based dataset yielded an 87% accuracy for the model, manifestly exhibiting
a faster and more reliable alternative to traditional dermatological diagnostic methodolo-
gies.

Major image processing techniques were used, including contrast enhancement, noise re-
duction, Otsu thresholding, and DeepLabv3+, enhancing the quality of the input images,
and hence improving model performance. Hair removal, Gaussian filtering, and feature
extraction techniques involving LBP and Gray Level Co-occurrence Matrix have been
pivotal. One of the studies found the technique of both intensity-based registration meth-
ods, with mutual information as the similarity metric, to overlay thermal infrared and
visual images for improved diagnostics clinically [18]. Segmentation methods, including
the Grabcut algorithm and K-means clustering, have been used to accurately define lesion
boundaries [19]. These strategies enhance the accuracy of diagnostic tools and minimize
variability caused by image artifacts. Another study focused on extracting the mean and
standard deviation of color channels, creating histograms, and applying a custom Sobel
operator for edge detection to analyze and segment skin lesion images [20]. We also discov-
ered a study that examines advanced non-machine-learning image processing methods for
detecting skin lesions [21]. This research focuses on automated skin lesion detection, using
techniques like CLAHE for enhancing contrast, Otsu’s thresholding, and active contour
segmentation to accurately identify lesions. It applied the ABCD rule for feature extrac-
tion and utilized a rule-based classification system for detecting melanoma skin cancer.

Various researchers have targeted analyzing the health and issues of garment factory work-
ers via surveys and questionnaires. For example, a geographically extensive survey was
carried out of over 1100 employees in Bangladesh to determine their health and satisfaction
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with their work [4]. This study came out with important findings such as the existence of
musculoskeletal pain, headaches, and the lack of appropriate health insurance. Another
study [6] focused on seeking healthcare behavior and knowledge of health insurance of 486
employees and found low awareness of healthcare rights and access to health services. Fol-
lowing the same trend, a questionnaire designed to evaluate the low back pain reported by
garment workers showed that over 90% of respondents complained of pain at some stage
in their work lives [22]. Such a survey provides a good starting point to target root causes
of health issues prevalent among workers which is a good base for designing appropriate
interventions and policy recommendations. A survey on DL and AI in COVID-19 detec-
tion [23] noted that they can be used as an adjunct to traditional diagnostic procedures
like RT-PCR tests and achieve similar accuracy (82% to 86%) and better sensitivity (92%
to 95%). In addition to existing surveys, diagnostic methods are employed in this study
to fill the gap in monitoring the health of garment factory workers.

2.1.3 Machine Learning Techniques in Health Monitoring:

Machine learning has largely brought much-needed improvement in health monitoring
systems, giving a new perspective toward a novel early diagnosis and intervention solution.
This section discusses the ML methods that transcend deep learning models, insights from
existing health-monitoring systems and their operational deficiencies, and proposals for
further improvements to the existing systems.

Traditional machine learning algorithms, including Support Vector Machines, Random
Forests, and Decision Trees, have been widely applied in health monitoring. For example,
the SVMs showed very high accuracy, up to 95% in skin disease classification on datasets
like ISIC and HAM10000, which underlines their robustness and simplicity [7]. Random
Forest classifiers were used for the classification of health conditions like respiratory and
musculoskeletal disorders, which showed reliable results in occupational health studies [24].

In some cases, K-Nearest Neighbors (KNN) and Naive Bayes classifiers have helped to spot
specific health risks for workers such as injuries from poor posture. These methods work
well with smaller sets of data [25]. Methods that use [26] multiple weak classifiers together,
like Gradient Boosting and AdaBoost, look promising. They can boost the prediction
power of health monitoring systems [27]. Techniques to pull out key features and reduce
data size such as Principal Component Analysis (PCA) and Linear Discriminant Analysis
(LDA), have also been used. These methods clean up and improve the data that goes
into ML models, leading to better sorting results [28]. Numerous studies even mention the
importance of AI in enhancing the reliability of diagnoses and improving patient outcomes
in skin cancer detection. One of them confirms that artificial intelligence (AI) prediction
models can effectively diagnose skin cancer through dermoscopy images [5]. The presented
models automate the diagnosis process, enhancing early detection rates to improve patient
care and point out the great benefit to society from AI applications in dermatology. AI
techniques, like transfer-learning, are used for the detection of retinal disorders in the
study [29], yielding expert-level accuracy tested on a dataset of more than 100,000 retinal
images.

Most of the health monitoring systems currently available are not accessible, scalable, and
integrated with multimodal data. There is a shortage of an effective [30] health monitoring
system in the RMG sector of Bangladesh due to problems such as insufficient lighting
and ventilation, dust exposure, accidents, and safety measures, affecting the health and
overall satisfaction of the workers [11]. Many experts have pointed out problems with
tracking health in real-time [31] and the limited use of AI-based answers in places with
few resources. The lack of full health records and reliance on collecting data by hand make
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these systems less effective. For instance, a study on [32] garment workers in Bangladesh
showed how hard it is to keep an eye on muscle and bone problems and other job-related
health risks. This is because of poor ergonomic measures and no digital health records
[33]. Also, current systems can’t predict problems well, which limits taking action to lower
health risks. Workers have little access to good healthcare, with most turning to local drug
sellers and not knowing about health insurance [6]. There can also be a system focusing
on diagnostic techniques, that shows how thermal and visual imaging combinations can
deliver more precise medical imaging and diagnostics [34].

It has been suggested by researchers that integrating machine learning frameworks with
wearable sensors and IoT devices can allow real-time health tracking and predictive an-
alytics. Authors in [35] proposed IoT-based systems integrated with ML algorithms to
enhance remote health monitoring. Integrating traditional ML models with AI-driven an-
alytics may overcome scalability issues and improve the diagnostic accuracy of existing
systems. Other recommendations include the use of mobile applications to capture self-
reported health data, as in [4], which highlighted the use of questionnaires in capturing the
health condition of workers. The implementation of automated diagnostic tools using ML
may reduce reliance on manual monitoring, thus making health systems more efficient and
accessible. Addressing these limitations and incorporating machine learning techniques
in health monitoring will contribute to increasingly effective, scalable, and user-centric
solutions for workplace health and well-being improvement.

2.1.4 Applications of Deep Learning in Disease Detection:

Deep learning has emerged as one of the methodology paradigms that is changing the
face of disease detection, especially in dermatology, where most practices are performed
through CNN, and Transformer models are commonly employed for image classification
and diagnosis.

Most of the CNN models, including ResNet50, VGG16, InceptionV3, EfficientNet, and
DenseNet, have shown outstanding performance in diagnosing skin diseases. For example,
works using ResNet and InceptionV3 have reported high accuracy in detecting melanoma,
based on deep feature extraction and transfer learning from their respective pre-trained
models [14]. VGG16 and DenseNet were utilized for their ability to extract hierarchical
features, which allowed for accurate classification of dermoscopic images [35]. In another
study, some of the above-mentioned models and VGG19 are also used to classify skin
cancer images, with InceptionV3 obtaining the best diagnostic performances. In a few
cases, these beat dermatological specialists in accuracy and hence, image augmentation
could improve generalization and early melanoma detection [36].

The use of CNN-based methods has been demonstrated to be useful in both disease di-
agnosis and classification across various fields, according to several studies. A research
study emphasized the effectiveness of CNNs, including an InceptionV3-based classifier, in
dermoscopy image classification to identify skin diseases with an 83% accuracy and aid
tumor diagnosis [37]. An article cited in [22] also revealed that methods utilizing CNNs
with high accuracy, up to 99.04% of detection rates, were found to be effective in detect-
ing soybean leaf diseases, with more robust techniques like data augmentation, transfer
learning, and hybrid models that utilized both CNN technology and shallow classifiers,
particularly for large or very small datasets. A separate study emphasized the importance
of segmentation in enhancing CNN-based disease detection, with one experiment using
S-CNN to achieve higher accuracy (98.6%) and confidence levels than F-PNN models [38].

Recent advancements in transformer-based models have greatly enhanced the classifica-
tion and segmentation of skin diseases. Vision Transformers (ViTs) are among the most
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powerful and majestic architecture that have been used to classify complex skin lesions. A
new lightweight Vision Transformer, known as SkinDistilViT, was developed for classifying
skin lesions and achieved impressive accuracy (82.34%) on the ISIC 2019 dataset, all while
maintaining computational efficiency through knowledge distillation [32]. The unique fea-
ture of being capable of capturing global dependencies within the images guarantees them
to have a strong place among other CNNs. Hybrid models are proposed as combining CNN
and Transformer architectures, where CNNs will offer strength in feature extraction and
transformers are their high-performance modeling in long-range dependency [31]. Such a
realization will boost diagnostic accuracy and robustness, especially over a larger dataset.
Different architectures of transformers were compared by another study [30], where the
DinoV2 achieved state-of-the-art accuracy of 96.48% on the 31-class skin diseases dataset,
further showcasing the probable possibility of diagnostic enhancements with transformers.
HMT-Net, a hybrid model that utilized Transformers and MLP-based modules, provided
an edge in segmentation tasks on datasets like ISIC2018, particularly when dealing with
segments of irregular shape and occlusions [26]. These studies indicate that transformer-
based approaches in dermatology are both versatile and effective.

The datasets utilized in various studies include HAM10000, ISIC 2018, and even agri-
cultural datasets from Kaggle. The HAM10000 dataset, featuring over 10,000 labeled
dermoscopic images, has been fundamental for training deep learning models. Further-
more, other works have made use of augmentation techniques and pre-trained models for
better performance in disease classification [39]. ISIC datasets have been vital in bench-
marking, providing heterogeneous and high-quality images [24]. Some have incorporated
datasets created by combined results from online repositories and clinical environments.
Similar to our study, a study [40] proposed a LeNet-based technique for 10000 image
datasets for plant disease detection, getting 95% accuracy, higher compared to traditional
CNN methods.

Deep learning models have shown impressive accuracy in detecting diseases. ResNet50
and EfficientNet surpassed 95% accuracy on the ISIC and HAM10000 datasets, highlight-
ing their effectiveness [15]. The CNN-based DeepLabv3+ model reached a 90% detection
rate for pathogenic agents and malignancies in cases of atopic dermatitis, successfully seg-
menting skin images into distinct regions for precise classification. The performance of the
model was hence comparable to manually cropped images by dermatologists and therefore
proved to be reliable in skin disease diagnosis [2]. While equivalent performances were
sometimes performed, transformer-based models such as ViTs and CNN-Transformer hy-
brids outperformed traditional CNNs in handling such imbalanced datasets. For example,
a hybrid CNN-Transformer model utilizing Focal Loss attained an accuracy of 89.48% on
the ISIC 2018 dataset, underscoring its potential for clinical use [31].

The introduction of deep learning models into mobile and smartphone applications has
facilitated easier diagnosis of skin diseases. Systems like [41] have developed Android ap-
plications using CNN models that were fed large datasets like HAM10000 that achieved
almost 99% accuracy in the 7 classes of skin diseases. Lightweight models such as Mo-
bileNet were used to facilitate real-time diagnosis on resource-constrained devices, which
in turn enhances usage when addressing the needs of far-flung areas or those with fewer
services [9]. On the other hand, there was an ensemble machine classification approach for
targeted IoT-based systems in detecting skin diseases remotely [35]. This evidence estab-
lished that deep learning model deployment is very feasible on mobile platforms; hence,
there has been a narrowing of the gap from development to clinical applications. This
therefore implies the need for coming up with a complete and scalable skin lesion detec-
tion system, incorporating CNNs, transformers, and mobile applications, hence agreeing
with developments in the subject area.
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The literature reviewed emphasizes the urgent need for better occupational health mea-
sures and the transformative capabilities of machine learning and deep learning in health
monitoring and disease diagnostics. By bringing together insights from various studies,
this review establishes a foundation for developing advanced, technology-driven solutions
to tackle health issues faced by garment factory workers and others.
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Chapter 3

Work Plan

3.1 Work Plan Diagram

Figure 3.1: Modeling enhancement and validation procedures
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3.2 Work Plan Description:

This is the work plan of the proposed research as captured in Figure 3.1. The thesis
project follows a sequential workflow in developing an AI-based system for detecting skin
diseases among garment workers. First of all, there is a clear outline for carrying out a
literature review to study the research publications on the subject of skin disease detection
using the deep learning method. After this, data collection requires the collection of
different types of images of skin diseases. The images will be preprocessed and then will
undergo data splitting into training, validation, testing sets, and data augmentation for
enabling generation in models. Since the data needs to be as accurate as possible, getting
a dermatologist’s expertise in the identification of the diseases will further strengthen the
reliability of the dataset.

The next part presents the development of the models: studying and testing the CNN
models for their performance in classifying images and then finally selecting the mod-
els. After that comes Transformer-based models, which are optimized in terms of their
performance for detecting features in skin disease images. Then both models have been
decided upon, and training and testing against the prepared dataset needs to be done.
Furthermore, the research is directed to the combination of both approaches through the
development of an integrated hybrid model using CNN and Transformer architecture. The
performances of individual models using CNN and Transformer are assessed separately,
and then the accuracy testing of the hybrid model is done to validate its efficacy. On the
other hand, the comparative analysis in terms of accuracy and efficiency of the already
existing CNN model, Transformer model, and hybrid approach ensures the selection of an
appropriate model suitable for real-world applications.

A survey is designed for this study, under the dermatologist’s supervision, for validation
of the system in realistic settings; thus, gathering original responses from the garment
workers becomes feasible. Approval is sought beforehand from authorities dealing with
garments, for both ethics and organizational policy purposes. Workers’ responses provide
information about workers’ exposure to chemicals, work conditions, and experiences of
their health effects relating to skin-related issues. In addition, a comparison of experiences
in the workplace will be made against clinical observations by medical officers. Survey data
will be processed and analyzed to unveil trends and risk factors leading to occupational
skin diseases.

With the final model and inclusion of survey information, the application development
is proceeded with. Application Interface Development - Creating a friendly application
interface by implementing the deducted logic from the hybrid model so that garment
workers can identify skin health by uploading images related to disease detection along
with expert suggestions for its prevention or treatment.

Final report writing and reporting aims at the acquisition of the overall performance of the
proposed system. By merging AI-driven diagnostics with real-world data from garment
workers, this study seeks to improve occupational health and provide a practical approach
to reducing skin disease risks in the garment industry.
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Chapter 4

Survey and Field Work Analysis:

4.1 Survey Methodology

In our study, on the development of a healthcare care system for garment factory em-
ployees, we used a questionnaire survey and analyzed the field work being exposed to
serious health risks, especially skin diseases. In particular, we interviewed the workers
concerning their work situations, getting near dangerous chemicals, and the health effects
the working population faces. Further, the interviewing of the doctor appointed at the
factory was done to support a medical standpoint for health problems generally being
confronted by these workers. We surveyed the garment factory, interviewing about 70
workers from different departments, including cutting, sewing, dyeing/printing, and fin-
ishing. The questionnaire covered demographic information, working conditions, health
issues, and possible improvements. We scored and analyzed the answers, identifying key
trends and challenges. At the end of the survey, we asked the garment factory workers if
we could take pictures of their skin disease. Some agreed we could, some did not.

4.1.1 Demographic Overview:

• Age Distribution: Most respondents (45.5%) were in the 26-35 age range, with 36.4%
being under 18. The presence of underage workers raises potential child labor issues.

• Gender Distribution: The workforce was mainly male (77.3%), with females making
up 22.7%, which points to a gender disparity.

• Work Experience: A notable number of workers (31.8%) had 4-6 years of experience,
while 21.2% had 6-10 years.

• Education Level: The majority of workers (53%) had completed higher secondary
education, whereas 13.6% had no formal education, indicating limited opportunities
for advancement.
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4.1.2 Working Conditions:

• Job Roles- The job of dyeing /printing work was mostly performed (45.5%) and
other included finishing (21.2%)

• Working Hours- The average working hours for 45.5% were 8-10 hours. 40.9% worked
less than 6 hours, reflecting a difference in their working schedules.

• The Environment of Work Satisfaction- Quite a large number of respondents (69.7%)
rated their work as satisfactory with ratings of 4 or 5, while a small percentage rated
it as unsatisfactory (4.5%).

• Ventilation & Air Quality- Opinions ranged from 31.8% giving it as neutral to 27.3%
considering it as good, with 10.6% rating it poor.

• Exposure to Chemicals and Dust- Reports on exposure include 40.9% occasional
exposure and 16.7% continuous exposure leading to health problems.

Figure 4.1: Garments Factory
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Figure 4.2: Garments Factory

15



4.1.3 Health Issues:

• Frequency of Health Problems: 36.4% of the participants reported health problems
often, and 30.3% always faced them.

• Skin Problems: The prevalence of skin problems was always 65.2% and frequently
24.2%.

• Types of Skin Issues: Workers mentioned rashes, itching, blisters, dry skin, infections
most likely because of chemical exposure.

4.2 Workers’ Understanding of Health & Safety

Some of the common complaints from a large number of workers were unbearable heat,
very poor ventilation systems, working with chemicals, and the need for protective gear
against such elements. A significant section of workers also describes their distress due
to working conditions that entail long hours that are not supportive of safety. Some
access to medical consultations was there, but many would not even go near a doctor or
hospital, time or money being at the forefront of their minds. Their main suggestions
included better ventilation, increased protective gear, shorter working hours, cleanliness,
and regular check-ups for health. Their main suggestions for improvement included better
ventilation, upgraded protective gear, shorter working hours, improved cleanliness, and
regular health check-ups. Although 55.4% of the workers felt neutral about the idea of a
structured health monitoring system, 23.1% strongly agreed, and 21.5% agreed, indicating
a favorable attitude towards the concept.
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Figure 4.3: Garments Factory Worker’s Skin Diseases
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4.3 Consultation with the Factory-Appointed Doc-
tor

The factory’s designated doctor shared important insights into the health issues faced by
workers, especially concerning skin conditions like scabies, eczema, psoriasis, and taenia-
sis, a fungal infection. The doctor noted that these ailments are common due to extended
exposure to dust, chemicals, and poor hygiene practices. A common problem observed is
that workers in most cases visit the hospital too late, probably after trying medications
from local chemists, so that they wait for the ailments to disappear from their systems.
This innate tendency results in aggravation and makes treatment hard to handle. Another
major shortcoming was observed in the improper awareness among laborers about com-
municable skin-related diseases, the result of which was the widespread occurrence among
others. Other conditions also included sexually transmitted diseases amongst workers,
which again were not related to factory conditions but a result of the lack of education
and awareness regarding sexual hygiene and health. The doctor claims that timely med-
ical aid, routine check-ups, and increased awareness are necessary to improve the overall
health conditions of workers.

In the analysis of our survey and fieldwork, serious health hazards came to light, especially
skin diseases due to exposure to chemicals and poor hygiene in garment factory workers.
The environments in factories, long working hours, and lack of protective means are what
push these workers to the front of health perils. To safeguard their health, it is essential
to implement a thorough health monitoring system, enhance workplace safety protocols,
and educate workers about these risks.

Accordingly, our results strengthen the notion of a more active approach toward embedding
AI-based health monitoring gadgets in the factory and create an area for proposing system
development.
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Chapter 5

Data

After consulting with two dermatologists and the doctor at the garments factory, we
narrowed down 6 skin diseases, mostly infecting garment workers. Based on that, we
collected a dataset of those 6 diseases from Kaggle and other sources, since we were not
able to find the data on all of these diseases in one place we had to merge 3 datasets [42]
[43] [44] to make the dataset we would be using to conduct our experiment, and then we
performed data augmentation on the train and validation data to increase the quantity
and balance the dataset equally. Lastly, to run the CNN models efficiently, we split the
data into Train = 70%, Test = 10%, and Validation = 20% ratios. Finally, we got our
expected dataset. More details are explained below with figures.

5.1 Data Splitting

The dataset was divided into three subsets: Training, Validation, and Testing. The
splitting process followed these steps:

5.1.1 Train-Test Split

The first action divided the dataset into a Training set along with Validation + Test
set portions. The Training set received 70% of the available data for training purposes
yet validation and testing both took 30%. The split process for the dataset required the
train_test_split() function from sklearn.model_selection. To achieve consistent splitting
the random_state parameter was established with a constant value (random_state=42).
The random state process maintains a consistent data split pattern every time the proce-
dure runs.

Validation and Test Split

After performing the first division 30% of data underwent another split to produce Val-
idation and Test sets from it. The second distribution of data assigned 50% to each
subset from remaining data which yielded 15% of data for Validation and 15% for testing
purposes. The train_test_split() function performed this second split of data while ran-
dom_state determined the reproducible results. The specified proportions were preserved
during the random distribution of the validation and test sets.
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The final distribution of the dataset was as follows:

• Training Set: 70% of the total dataset

• Validation Set: 15% of the total dataset

• Test Set: 15% of the total dataset

The use of both random_state parameters removes ambiguity from data division while
ensuring consistency across evaluations and training processes.

Figure 5.1: Data Splitting Original
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5.2 Data Augmentation and Balancing

After splitting we augmented our data to balance them out. Our initial dataset consisted
of 5686 images divided into 6 classes. Each class contained a different number of images.
First, to increase the data, we augmented only the train and validation classes separately.
We augmented the data so that most of the classes in train and validation had the same
amount of data, and we left the test data untouched. After augmentation, we obtained a
total of 8819 images. Essentially, we increased the dataset by 55.1% compared to the orig-
inal dataset. The figure below provides a clearer understanding of the data augmentation
process.

5.2.1 The below methods are used for Data Augmentation-

Data augmentation functions by modifying existing samples from a dataset to grow its
overall size through new versions of data. The process requires researchers to randomly
apply flipping, rotating, cropping and brightness adjustment to original images. By apply-
ing these alterations to the data the model becomes more powerful at recognizing various
patterns across multiple conditions. Using data augmentation methods allows the pro-
duction of various image versions which helps prevent model overfitting and enhances its
ability to determine new untested patterns particularly valuable with small datasets.

1. Horizontal Flip (HorizontalFlip):

The purpose of this transformation is to horizontally reverse images which imitates orien-
tation modifications. This transformation contains a chance of 50% that the image will
receive a horizontal flip (p=0.5). The transformation enables object recognition under any
orientation condition.

2. Vertical Flip (VerticalFlip):

This transformation creates a vertical image flip comparable to a top-to-bottom inver-
sion. According to p = 0.3, the probability of image flipping is 30%. The effect helps
process images whose top-bottom orientation changes between pictures (such as aerial or
underwater captures).

3. Rotation (Rotate):

The function rotates images at random degrees inside defined parameter boundaries. The
angle of rotation for the image does not exceed ±30 degrees. The image rotation process
has a probability of 0.7, which translates to a 70% likelihood of image rotation. Rotating
images according to this operation allows the model to become insensitive to rotational
changes that frequently appear across real-world data sets with different object orienta-
tions.
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4. Random Brightness and Contrast Adjustments (RandomBrightness-
Contrast):

Adjusts the brightness and contrast of the image randomly. The brightness control extends
from 0.2 to 0.4 wherein it allows a maximum 20% brightness change. The settings allow
users to change contrast values between +20% to -20% through the contrast limit of 0.2.
The application of brightness and contrast adjustments has a 60% chance according to
the value of p set at 0.6. The model becomes more resistant to diverse exposure levels
because of this exposure adjustment simulation.

5. Random Crop (RandomCrop):

The function performs random cropping of images, maintaining a selected portion. This
modification selects parts of the image that measure less than the actual dimensions by
fifty pixels across length and width. The probability level stands at 0.4, which indicates
that cropping of the image will happen in 40% of cases. This method allows the model
to pay attention to different structural elements in various parts of the image through
position manipulation.

6. Gaussian Blur (GaussianBlur):

The purpose of this code is to apply Gaussian blur for image-blurring effects that look
like out-of-focus or noisy images. Blur limit: A random blur between 3 and 5. The
probability (p) stands at 0.5 which indicates a blurring occurrence in half the cases. With
this method,d the model becomes more resilient to images of different sharpness levels or
images taken with imperfect camera focus.

7. CLAHE (Contrast Limited Adaptive Histogram Equalization) (CLAHE):

The goal of this process generate improved image contrast through histogram equalization
application. Clip limit: 2.0 — controls the contrast enhancement. Local contrast adjust-
ment tiles measure (8, 8) represent the dimensions used for particular contrast modifica-
tions in the grid pattern. The probability (p) stands at 0.5 in the process which indicates
a 50% chance for CLAHE enhancement application. The transformation process enhances
image contrast distribution throughout various image areas particularly when dealing with
lighting unevenness.

8. Random Gamma Correction (RandomGamma):

The procedure randomly adjusts the image brightness levels through gamma correction.
Random selection determines the gamma value from 0.8 to 1.2. The probability of applying
gamma correction stands at 0.5 which indicates a 50 percent chance for this process to
occur. This adjustment operates to create lighting variations similar to real-life changes
which affect particularly underexposed and overexposed sections of images.
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Figure 5.2: Data Comparison (After Augmentation)

Figure 5.3: Data Splitting (After Augmentation)
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Figure 5.4: Data Splitting (All Classes Together Original)

Figure 5.5: Data Splitting (All Classes Together Augmented)
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Acne Cellulitis
Eczema

Psoriasis
Shingles

Tinea
Total

Original Data 1833 247 1609 1809 293 1369 7160

Train Original 1283 172 1126 1266 205 958 5010

Validation Original 275 31 241 271 44 205 1067

Test 275 38 242 272 44 206 1077

Validation Augment 275 277 283 271 308 277 1691

Train Augment 1025 1025 1025 1025 1025 958 6083

Augmented Data 1575 1348 1550 1568 1377 1441 8819

Increase -258 1101 59 -241 1084 72 1817

Table 5.1: Dataset Distribution and Augmentation Summary
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Chapter 6

Model Implementations And
Analysis:

6.1 Deep Learning Models:

Convolutional Neural Networks (CNNs) use deep learning techniques to examine images
through hierarchical convolutional layers which enable automatic detection of spatial fea-
tures from edges up to complex patterns following filter and pooling applications and
activation functions. Among prominent models, InceptionV3 optimizes multi-scale fea-
ture capture via parallel convolutions, ideal for detecting nuanced textures in medical
images; ResNet50 uses residual blocks with skip connections to enable ultra-deep net-
works, mitigating vanishing gradients for robust hierarchical learning; DenseNet enhances
feature reuse via dense inter-layer connections, improving efficiency in data-limited scenar-
ios; MobileNet employs depth wise separable convolutions for lightweight, edge-device de-
ployment without sacrificing diagnostic accuracy; Xception extends Inception with deeper
separable convolutions, excelling in spatial and depthwise feature disentanglement; and
VGG16, despite its simplicity and computational heft, offers reliable baseline performance
via stacked 3x3 convolutions. The combination of CNNs demonstrates utility in disease
discovery through their ability to pinpoint minute anatomical signs (e.g. tumors and le-
sions) in radiological imaging while optimizing their structural complexity for divergent
clinical requirements and image data types.

The deep learning architecture Transformers started life focusing on sequential data such
as text before developers adapted self-attention mechanisms to deal with visual input and
help capture global context. The Vision Transformer (ViT) divides images into smaller
grid sections after which it represents the tiles as sequences while applying pure attention
capabilities to determine distant relationships so it becomes effective at recognizing com-
plete graphical structures (such as expansive tissue damage). With its hierarchical shifted
windows framework, Swin Transformer provides efficient coordination between local de-
tails and broad context understanding which works exceptionally well with medical image
resolution matrices. The DeiT approach uses knowledge distillation techniques to train
effectively with limited data since medical imaging has minimal labeled datasets avail-
able. The diagnostic accuracy of disease detection achieves new heights as transformers
match CNNs through their ability to detect complex non-local patterns and scale-specific
attributes and their adaptability to broad spatial relationships making them optimally
suitable for professional diagnosis across radiology and pathology fields.
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Model Name Batch Size Accuracy (%) Epoch Early Stop

MobileNET V3 08 74.63 100 N/A

Inception V3 08 71.31 100 N/A

DenseNET 121 08 58.40 100 6

ResNET 50 08 26.04 100 29

XceptionNet 08 53.64 100 6

VGG16 08 39.74 100 14

MobileNET V3 16 73.35 100 N/A

Inception V3 16 73.98 100 N/A

DenseNET 121 16 62.32 100 7

ResNET 50 16 26.04 100 26

XceptionNet 16 54.66 100 5

VGG16 16 48.23 100 14

MobileNET V3 32 76.42 100 N/A

Inception V3 32 70.75 100 N/A

DenseNET 121 32 59.47 100 7

ResNET 50 32 26.04 100 27

XceptionNet 32 56.82 100 6

VGG16 32 Did not Run 100 13

Table 6.1: CNN Models - Accuracy Comparison

Table 6.1 shows the comparison of the CNN models of MobileNet V3, Inception V3,
DenseNet 121, ResNet 50, XceptionNet, and VGG16 on account of their performances
during the training of the three different batch sizes of 8, 16, and 32 for 100 epochs.
MobileNet V3 is singled out as the model exhibiting the best performance, that is, the
model attaining higher accuracy over the three batch sizes with the highest being 76.42%
for a batch size of 32. This indicates MobileNet V3 is a model well adapted for the task
all probability due to its being lightweight and efficient, which probably makes it easy to
train and also minimizes its chances of overfitting; this also makes it the best performer
when making apps that rely on image detection. Inception V3 could be said to have
performed well as it achieved accuracies in the range of 70.75% to 73.98%. Slightly lower
than MobileNet V3, this concerns the fact that it enjoys capturing features at multiple
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scales, thereby recognizing complex patterns in the data. DenseNet 121 has moderate
performance in the range of 58.40% to 62.32%. It seems to benefit somehow from larger
batch sizes, which is not too much to say. Since lower performance may be expected due
to overfitting or slow training arising from the reuse of features in its dense connections,
exceeding low performance is not worth expecting from it here, compared to MobileNet
V3 or Inception V3. XceptionNet gives an accuracy between 53.64% and 56.82%, which
was far from the expected value we had predicted. Maybe its intricate design is to blame,
as it may need either delicate adjustment, more fine-tuning, or a more massive dataset to
perform nicely. VGG16, a classic deep learning model, performs poorly, with accuracies
ranging from 39.74% to 48.23%, and it fails to run at a batch size of 32. This is likely
because VGG16 is a very deep and simple model, which might not be well-suited for this
specific task or dataset. Finally, ResNet 50, which is known for its residual connections
that help train very deep networks, surprisingly has the lowest accuracy 26.04% across all
batch sizes. This could be due to overfitting, insufficient training, or a mismatch between
the model’s complexity and the dataset’s size or complexity.
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Model Name Batch Size Accuracy (%) Epoch Early Stop

Vision Transformer 08 79.39 50 6

Swin Transformer 08 79.29 50 6

Data Efficient Image Transformer 08 76.42 50 8

Vision Transformer 16 79.02 50 6

Swin Transformer 16 80.04 50 6

Data Efficient Image Transformer 16 78.92 50 6

Vision Transformer 24 80.59 50 6

Swin Transformer 24 79.92 50 6

Data Efficient Image Transformer 24 81.15 50 6

Vision Transformer 32 80.78 50 6

Swin Transformer 32 81.06 50 7

Data Efficient Image Transformer 32 80.41 50 8

Vision Transformer 64 77.99 50 6

Swin Transformer 64 84.77 50 6

Data Efficient Image Transformer 64 83.10 50 6

Table 6.2: Transformer Models - Accuracy Comparison

Table 6.2 demonstrates how Vision Transformer (ViT) Swin Transformer and Data-Efficient
Image Transformer (DeiT) perform under different batch sizes while showing their accu-
racy levels together with their epoch counts and early stopping epochs. At a batch size
of 64 Swin Transformer delivers the optimal accuracy level of 84.77% while performing
better than both ViT (77.99%) and DeiT (83.10%) under similar conditions. At batch 64
ViT shows a performance decrease from its previous peak while showing accuracy growth
through small batch sizes below 32. This indicates possible platform errors emerging
at extremely big batch numbers. DeiT maintains accuracy growth using larger batch
sizes because of its data-efficient methods including knowledge distillation techniques that
boost scalability. The hierarchical architecture of Swin Transformer uses local and global
attention mechanisms that enable stable performance while achieving peak results with
the maximum batch size because memory restrictions decrease and feature extraction
improves.
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Model Acne
Cellulitis

Eczema
Psoriasis

Shingles
Tinea

Accuracy
Macro
Avg

Weighted
Avg

DenseNet (8) 0.83 0.50 0.71 0.70 0.88 0.70 0.79 0.79 0.76

DenseNet (16) 0.81 0.50 0.69 0.68 0.86 0.69 0.78 0.78 0.76

DenseNet (32) 0.82 0.56 0.70 0.69 0.87 0.70 0.79 0.79 0.76

Inception (8) 0.91 0.71 0.74 0.73 0.92 0.72 0.80 0.80 0.77

Inception (16) 0.91 0.72 0.74 0.73 0.92 0.72 0.81 0.81 0.77

Inception (32) 0.91 0.74 0.75 0.74 0.93 0.73 0.81 0.81 0.77

ResNet (8) 0.48 0.59 0.59 0.62 0.72 0.55 0.76 0.76 0.75

ResNet (16) 0.48 0.59 0.58 0.61 0.71 0.54 0.75 0.75 0.75

ResNet (32) 0.10 0.10 0.20 0.15 0.18 0.12 0.30 0.30 0.30

MobileNet (8) 0.93 0.82 0.75 0.68 0.90 0.72 0.81 0.81 0.81

MobileNet (16) 0.93 0.82 0.75 0.68 0.90 0.72 0.81 0.81 0.81

MobileNet (32) 0.93 0.82 0.76 0.69 0.91 0.73 0.81 0.81 0.81

Xception (8) 0.78 0.58 0.68 0.65 0.87 0.64 0.79 0.79 0.79

Xception (16) 0.79 0.59 0.69 0.66 0.88 0.65 0.80 0.80 0.80

Xception (32) 0.80 0.60 0.70 0.67 0.89 0.66 0.80 0.80 0.80

VGG16 (8) 0.87 0.60 0.70 0.67 0.89 0.66 0.80 0.80 0.80

VGG16 (16) 0.70 0.60 0.70 0.67 0.89 0.66 0.80 0.80 0.80

VGG16 (32) 0.69 0.61 0.71 0.68 0.90 0.67 0.81 0.81 0.81

ViT (8) 0.95 0.79 0.69 0.71 0.95 0.66 0.79 0.79 0.76

ViT (16) 0.96 0.84 0.76 0.72 0.94 0.77 0.81 0.83 0.81

ViT (32) 0.95 0.82 0.73 0.73 0.95 0.77 0.80 0.82 0.80

ViT (64) 0.94 0.86 0.76 0.78 0.94 0.78 0.83 0.85 0.83

Swin (8) 0.91 0.82 0.74 0.68 0.95 0.66 0.76 0.79 0.76

Swin (16) 0.95 0.84 0.76 0.72 0.94 0.77 0.81 0.83 0.81

Swin (32) 0.95 0.82 0.73 0.73 0.95 0.77 0.80 0.82 0.80

Swin (64) 0.97 0.87 0.76 0.78 0.94 0.78 0.83 0.85 0.83

DeiT (8) 0.91 0.82 0.74 0.68 0.95 0.66 0.76 0.79 0.76

DeiT (24) 0.95 0.84 0.76 0.72 0.94 0.77 0.81 0.83 0.81

DeiT (32) 0.95 0.82 0.73 0.73 0.95 0.77 0.80 0.82 0.80

DeiT (64) 0.97 0.87 0.76 0.78 0.94 0.78 0.83 0.85 0.83

Table 6.3: F1 Scores Across Different Models
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6.2 Comparative Analysis:

Deep learning model performance depends fundamentally on batch size, specific archi-
tectural choices, and proper regularization techniques per a comparative evaluation of
transformer-based versus CNN-based models. Large batch processing benefits Swin Trans-
former because its hierarchical local-global attention system allows for better memory man-
agement and feature extraction capabilities, leading to superior scalability results (84.77%
accuracy at batch 64). The accuracy of Vision Transformer (ViT) reaches its maximum of
80.78% at batch 32 but dips sharply when using batch 64 possibly due to limited regular-
ization and gradient noise control in large experimental conditions. Data Efficient Image
Transformer (DeiT) delivers smooth accuracy improvements with increasing batch size
(81.15% accuracy at batch 24) as a result of its optimized training performance. Early
stopping patterns further differentiate these models: The DeiT model demonstrates swift
convergence during training (8 epochs at batch 8) probably because it is more susceptible
to overfitting although ViT and Swin exhibit better early stability as evidence of their
resilient architecture. The responsiveness of CNN models to different batch size configura-
tions shows diversity when compared to other models. Despite their structure simplicity
and anti-overfitting characteristics MobileNet V3 with Inception V3 operate robustly at
peak accuracy levels throughout their training process. DenseNet 121 and XceptionNet
show minor improvements with larger batches due to enhanced generalization but re-
quire early stopping (e.g., epoch 6 for DenseNet) to mitigate overfitting. Both ResNet
50 as well as VGG16 show limited progress at 26.04% accuracy for ResNet while caus-
ing memory consumption issues at batch 32 because they fail to efficiently utilize bigger
batches without adapting their design patterns. These disparities underscore the neces-
sity of model-specific tuning: Characteristic attention functioning benefits transformers
Swin along with DeiT but MobileNet V3 CNN maintains its lead by being efficient with
parameters. To maximize the benefits of larger batch processing, underperforming models
ResNet and VGG16 require gradient noise reduction memory optimization, or advanced
regularization techniques including dropout and weight decay. Ultimately, the interplay
between architecture, batch dynamics, and training protocols dictates model success, em-
phasizing the need for customized optimization to get a more accurate result from both
language models.

The superior architecture along with efficient training strategies coupled with large batch
scalability made transformer models better than CNNs for skin disease detection in med-
ical imaging applications. The hierarchical attention architecture of transformers like
Swin implements local window-based attention features to detect fine textures yet also
incorporates global context modeling functions to identify distribution patterns among
lesions — capabilities required to diagnose diverse skin conditions across different le-
sion dimensions. The precision of VGG16 at 48.23% and ResNet 50 at 26.04% stands
in contrast to Mixer-based Swin Transformers as the convolutional layers of those net-
works have rigid structures and fixed receptive fields that limit their ability to process
irregular lesion boundaries and long-range dependencies. The optimized memory usage
enabled by Swin’s shifted window mechanism delivered peak accuracy of 84.77% during
batch 64 while DeiT’s knowledge distillation method improved accuracy to 83.10% by
using pre-trained teachers and remaining more data efficient than XceptionNet (56.82%).
When using transformers to process large batches they excel at gradient regularization
while Swin Transformer’s hierarchical structure minimizes redundancy and ViT suffers
accuracy loss at batch 64 (77.99%) because of inadequate regularization strategies. This
challenge remains difficult for ResNet 50 to resolve because of its excessive parameteriza-
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tion and vanishing gradient issues. CNNs like DenseNet 121 (62.32%) and MobileNet V3
(76.42%) show moderate performance but are limited by architectural constraints: The
mobile application efficiency and the lightweight performance of MobileNet V3 also limit
its ability to match transformer power and DenseNet’s connection architecture struggles
with overfitting between epochs 6 and early-stop activation. Transformers demonstrate
their ability to resist overfitting naturally since they maintain training stability without
requiring aggressive early stopping methods. Transformers excel over CNNs because of
their dual capabilities to scale operational size effectively (DeiT reaches 81.15% at batch
24) and efficiently consume memory while developing dynamic features that adapt better
to medical tasks that require precision on heterogeneous data compared to CNNs which
are restricted by inflexible structure and memory limitations (VGG16 stops operation at
batch 32) and suboptimal batch utilization behaviors. New combinations of CNN and
Transformer functionality to boost performance show evidence that Transformer systems
yield superior results in challenging medical image processing tasks with limited available
data.
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6.3 Custom Model:

6.3.1 Introduction to TransNet-X

The innovative TransNet-X hybrid model unites Convolutional Neural Networks (CNNs)
with Transformer-based architectures for performing skin disease detection. The classi-
fication of skin diseases requires achieving both optimal measurement precision and op-
erational speed. MobileNet V3 demonstrates high operational efficiency along with light
architecture but it fails to detect complex skin disease patterns and long-distance de-
pendencies in medical diagnosis. The Transformer-based Swin Transformer succeeds at
spotting complex patterns yet it needs large computational resources to operate.

The solution provided by TransNet-X solves the accuracy-complexity dilemma through
knowledge distillation implementation. By using the Swin Transformer as its teacher
model the system extracts advanced high-level features which monitor detailed image
characteristics within a broad global network structure. The student network MobileNet
V3 uses rich features extracted by the teacher to both reproduce teacher results and
keep its compact design for efficient execution. The combination of CNN efficiency with
Transformer model capabilities allows TransNet-X to reach outstanding results for skin
disease detection.
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6.3.2 Why choosing MobileNetV3 & Swin Transformer-

Convolutional Neural Networks (CNNs) - MobileNet V3

Accuracy 76.42%

Overview:

MobileNet V3 is a lightweight CNN designed for mobile and em-
bedded devices. It is known for its speed and efficiency, making
it suitable for real-time applications. The detection system per-
forms poorly when analyzing intricate and delicate disease patterns
present in Psoriasis and Eczema because its capability to identify
extended dependencies and refined features is restricted.

Strengths:

Efficiency: The fast inference operation combined with low mem-
ory requirements makes MobileNet V3 suitable for devices with
restricted resources.

Speed: It is quick, making it ideal for applications where fast
processing is essential.

Limitations:

Limited Feature Extraction: The device cannot capture essen-
tial skin details needed for the precise identification of complicated
skin diseases.

Lack of Long-Range Dependency Modeling: Because of its
limitations, MobileNet V3 tends to overlook essential spatial rela-
tionships between image areas that should be evaluated for diag-
nostic purposes.

Table 6.4: Performance Analysis of MobileNet V3
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Transformers - Swin Transformer

Accuracy 84.77%

Overview:

The Swin Transformer presents itself as a superior architecture de-
signed for tasks needing deep image relationship understanding.
Swin Transformer demonstrates superior performance at perceiving
delicate image elements together with distant relationship patterns
that establish crucial conditions for precise skin disease identifica-
tion. The self-attention mechanism of Swin Transformer directs its
attention toward significant image features that exist throughout
different sections of the image.

Strengths:

Long-Range Dependencies: It is capable of capturing global
relationships between distant regions of the image.

Better Feature Extraction: The self-attention mechanism al-
lows it to focus on the most relevant parts of the image, improving
classification performance.

Limitations:

Computationally Expensive: The complexity of the model leads
to reduced processing speed together with increased resource de-
mands.

Slower Inference: Due to its strong attention mechanism, the
processing requires a longer time than what MobileNet V3 requires
for lightweight processing.

Table 6.5: Performance Analysis of Swin Transformer
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6.3.3 Details of TansNet-X (Hybrid Model):

Overview-

TransNet-X implements a teacher-student framework that unites CNNs and Transformers
effectively. The Swin Transformer functions as the teacher system that delivers strong fea-
ture analysis together with long-range relationship handling abilities. Through knowledge
distillation, MobileNet V3 retrieves information from Swin Transformer which allows it to
conduct computational operations at reduced costs while preserving performance levels.
TransNet-X uses this combination of efficiency-accuracy balancing to achieve its results.
Accuracy: 80.5

Working Mechanism of TransNet-X Works:

• Teacher-Student Setup: The Swin Transformer functions as a teaching model
to process images and obtain advanced complex features. The features of the Swin
Transformer process fundamental information for both disease identification and
classification.

• Knowledge Distillation: MobileNet V3 (student) adopts the teaching approach
from its teacher model through pattern output analysis. MobileNet V3 can access
the teacher’s deep learning through this process while remaining free from executing
the sophisticated operations of Swin Transformer.

• Loss Function: The training process uses two components:

– Cross-Entropy Loss: This helps in correctly classifying skin diseases.

– Distillation Loss (KL Divergence): This encourages the student model
to align its predictions with the teacher’s, ensuring that the student learns to
replicate the teacher’s decision-making process.

Inference: After training, the student model (MobileNet V3) is used for inference, en-
suring that predictions are made quickly and efficiently while maintaining high accuracy.

TransNET-X Architecture

1. Dataset Loading and Preprocessing

• Transforms:

– Resizing: Images are resized to 224x224 pixels.

– Normalization: The images undergo normalization using standard mean and
standard deviation values which are commonly applied to ResNet and Swin
Transformer pretrained models.

• Dataset Loading:

– The datasets.ImageFolder function is used to load the dataset from the speci-
fied directories for training, validation, and testing.

– DataLoader: This utility creates an iterable dataset from the input data by
dividing it into batches and manages both shuffling and multi-threaded loading
operations.
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2. Model Architecture

Teacher Model: Swin Transformer The Swin Transformer (Teacher Model) is
used to generate soft targets (predictions) that will guide the student model.

• Patch Embedding: The input image is split into patches, which are then embed-
ded into a feature space (768-dimensional in this case).

• Swin Transformer Blocks:

– The model uses multiple Swin Transformer blocks, which are based on
shifted window attention. This allows the model to focus on local patches
of the image while also maintaining the ability to capture global relationships
between features.

– Each block applies multi-head self-attention within local windows and
feed-forward networks (FFN).

• Classification Head: A linear layer (nn.Linear(768, num_classes)) transforms the
last output to generate class prediction results.

Student Model: MobileNetV3 The MobileNetV3 (Student Model) delivers light
processing with great efficiency thus making it ideal for all mobile and edge-based applica-
tions. This architecture receives enhancement through added layers together with batch
normalization procedures which enhance overall performance and generalization capability.

• Initial Convolution Layer: A 3x3 convolution layer with stride 2 reduces the
image size from 224x224 to 112x112.

• Bottleneck Blocks:

– The model uses depth-wise separable convolutions, Each of these stages
begins with depthwise convolutions that operate on single input channels be-
fore uniting the produced results through pointwise convolutions.

– Each block is followed by Squeeze-and-Excitation (SE) blocks, which help
recalibrate the feature maps.

• Global Average Pooling: After the bottleneck blocks, the model uses Global
Average Pooling, which reduces each channel to a single value.

• Fully Connected Layers:

– The features learned by the network are refined through two added fully con-
nected layers. After the layers come ReLU activations which are paired with
dropout layers to reduce overfitting.

– The final layer (nn.Linear(512, num_classes)) outputs the class predictions.

3. Knowledge Distillation

The core of this hybrid model is Knowledge Distillation. The student model learns from
authentic labels as well as relaxed targets which come from the teacher model. During
learning the student attempts to match the probabilities the teacher produces as it learns
to correctly classify items
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Teacher Predictions: The teacher model (Swin Transformer) generates soft targets
using softmax probabilities.

Student Predictions: The student model (MobileNetV3) generates its logits (raw class
scores).

The distillation loss is calculated by combining:

• KL Divergence Loss: Measures the difference between the softmax outputs of the
teacher and the student, encouraging the student to mimic the teacher’s predictions.

• Cross-Entropy Loss: Standard classification loss that compares the student’s
predictions to the true labels.

The total loss is:

Loss = α× KL Divergence Loss + (1− α)× Cross-Entropy Loss

Where T is the temperature (controls the softness of the targets), and α is the weight that
balances the two loss components.

4. Training Process

The model is trained using the following steps:

1. Optimization:

• SGD optimizer is used with a learning rate of 0.01, momentum of 0.9, and
weight decay for regularization.

• Cosine Annealing Learning Rate Scheduler adjusts the learning rate
during training.

2. Mixed Precision Training: torch.cuda.amp.GradScaler is used to enable
mixed precision training, which speeds up training and reduces memory usage
without compromising model accuracy.

3. Loss and Accuracy Calculation:

• During each epoch, the loss and accuracy are calculated for both the training
and validation datasets.

• Backpropagation: The loss is backpropagated through the student model,
and the weights are updated using the optimizer.

4. Early Stopping: EarlyStopping monitors the validation loss and stops training
early if the validation loss does not improve for a given number of epochs (pa-
tience=10).

5. Model Evaluation

After training, the model’s performance is evaluated:

• Evaluate Loss: Through the evaluate_loss() function the loss gets calculated by
comparing predicted outputs against true labels using Cross-Entropy Loss on the
validation dataset.
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• Evaluate Accuracy: Accuracy computation through the evaluate_model() func-
tion depends on matching predicted class with actual class labels. It calculates
accuracy by totaling correct predictions while splitting the result by total samples.

6. Summary of the Architecture

• Swin Transformer (Teacher): A pretrained transformer-based model that gen-
erates soft targets for training the student model.

• MobileNetV3 (Student): A lightweight convolutional model trained with knowl-
edge distillation to match the teacher’s soft targets while learning the true labels.

• Knowledge Distillation: The student model learns from both the teacher’s soft
predictions (via KL Divergence) and the true labels (via Cross-Entropy Loss).

• Optimization and Training: The model is trained with the SGD optimizer,
using mixed precision for efficiency and early stopping to prevent overfitting.
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Figure 6.1: Model Architecture of TransNet-X
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Chapter 7

Results:

7.1 CNN Models Result:

7.1.1 DenseNet

DenseNet Results Description: A batch size of 8 achieves the highest accuracy but
also the highest loss, indicating potential overfitting even in the presence of an early stop
function. Batch sizes 16 and 32 show lower accuracy and loss, with 32 having the lowest
loss but also the lowest accuracy, suggesting a trade-off between stability and performance.

• DenseNet Batch-32

Figure 7.1: DenseNet Batch-32 Confusion Matrix (Left) and ROC Curve (Right)
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7.1.2 InceptionV3

InceptionV3 Results Description: Research shows that Inception V3 consistently
demonstrates classification accuracy regardless of the batch sizes tested (8, 16, 32) because
its AUC values exceed 0.85 while Shingles reaches 1.00. The accuracy achieved with batch
size 8 shows some superiority for particular classes, yet training efficiency improves most
effectively when using batch sizes 16 or 32, which produce nearly equivalent prediction
outcomes. Batch size 8’s accuracy performance is slightly better, yet batch sizes 16 and
32 provide a balance of performance quality with computational efficiency.

• InceptionV3 Batch-32

Figure 7.2: InceptionV3 Batch-32 Confusion Matrix (Left) and ROC Curve (Right)
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7.1.3 MobileNet

MobileNet Results Description: The MobileNet models operate efficiently across var-
ious batch sizes from 8 to 32 to deliver AUC results higher than or equal to 0.87 for every
class. The AUC values indicate Shingles provide perfect classification while Psoriasis ex-
hibits the lowest performance (AUC=0.87–0.89). Smaller batch sizes including 8 improved
diagnostic outcomes in some specific classes such as Acne and Tinia while the diagnostic
performance average (micro-average AUC=0.96) remained unaffected by such changes.

• MobileNet Batch-32

Figure 7.3: MobileNet Batch-32 Confusion Matrix (Left) and ROC Curve (Right)
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7.1.4 Xception

Xception Results Description: The Xception model delivers steadfast high-performance
identification for most of the classes through all batch size configurations (AUC=0.95–0.99).
Moreover, it shows perfect classification results (AUC=0.99 at batches 16 and 32) for pso-
riasis. The AUC score increases step by step from eczema: 0.71→0.72→0.75 and Shingles.
Model robustness indicators show an upward trend in the micro-average AUC score which
begins at 0.86 at batch 8 and reaches its peak of 0.88 at batch 32. Data from Class 2
demonstrates no variation in reliability (AUC=0.80 across all batches) and the model’s
stability grows slightly better with bigger batch sizes leading to optimal performance be-
tween class-specific accuracy and systematic consistency.

• Xception Batch-32

Figure 7.4: Xception Batch-32 Confusion Matrix (Left) and ROC Curve (Right)
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7.1.5 VGG16

VGG16 Results Description: The VGG16 model displays variable class results when
operating with different batch sizes between 8 and 16. ACNE and SHINGLES scores
improve under Batch 16 through better precision along with recall enhancement (both F1
scores rise from 0.58 to 0.69 and from 0.50 to 0.72) but Tinia completely vanishes (F1
score drops from 0.44 to 0.00) due to class imbalance. F1 scores of both Psoriasis and
Eczema show variable results throughout the experiment (F1=0.04→0.21 for Psoriasis and
F1=0.28→0.50 for Eczema). Data distribution and model applicability appear to cause
performance challenges because metric values show only marginal growth (0.36 F1 to 0.42
F1 and 0.39 accuracy to 0.46). The system’s performance may benefit from dealing with
class-specific distribution issues while studying different network designs.

• VGG16 Batch-16

Figure 7.5: VGG16 Batch-16 Confusion Matrix (Left) and ROC Curve (Right)
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7.1.6 ResNet50

ResNet50 Results Description: The results of ressnet50 appear to be horrendous as
it is only able to properly detect one class and fumbles for the rest, batch size seems to
have no significant effect on the results.

• ResNet Batch-16

Figure 7.6: ResNet Batch-16 Confusion Matrix (Left) and ROC Curve (Right)
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7.2 Transformer Models Result:

7.2.1 Deit

Deit Results Description: Deit performs very well across all of the batch sizes, and
it seems to provide the best output when the batch size is 32. However, it struggles to
differentiate between Eczema and Psoriasis.

• Deit Batch-32

Figure 7.7: Deit Batch-32 Confusion Matrix (Left) and ROC Curve (Right)

• Deit Batch-64

Figure 7.8: Deit Batch-64 Confusion Matrix (Left) and ROC Curve (Right)
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7.2.2 Swin

Swin Results Description: Swin similar to Deit performs well across all batch sizes
and gives the beat output when batch size is the greatest, however, it has a better output
than Deit as Swin gives a max accuracy of 85% while triggering the early stop function.

• Swin Batch-32

Figure 7.9: Swin Batch-32 Confusion Matrix (Left) and ROC Curve (Right)

• Swin Batch-64

Figure 7.10: Swin Batch-64 Confusion Matrix (Left) and ROC Curve (Right)
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7.2.3 ViT

ViT Results Description: the performance of Vit is on par with Deit with not much
difference in their results across the batch sizes or in their outputs as per the ROC curve
in F1 scores. It also triggers the early stop function relatively early like Swin.

• ViT Batch-32

Figure 7.11: ViT Batch-32 Confusion Matrix (Left) and ROC Curve (Right)

• ViT Batch-64

Figure 7.12: ViT Batch-64 Confusion Matrix (Left) and ROC Curve (Right)
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7.3 Custom Model Results:

7.3.1 The Experimental report of TransNet-X is given be-
low:

• Confusion Matrix -

Figure 7.13: TransNet-X (Custom Model) Confusion Matrix

The confusion matrix demonstrates performance measurement of six skin types including
Acne, Cellulitis, Eczema, Psoriasis, Shingles, and Tinea. The model shows strong per-
formance through diagonal values mainly in Acne (266 true positives) Eczema (197) and
Shingles (44). The model displays both accurate and inaccurate results in its classification
process: Acne receives confusion from four alternative diagnoses including Cellulitis and
three other conditions (9 total errors) whereas Cellulitis (33 correct) shows only three
minor misdiagnoses to Acne, Eczema and Tinea (5 errors). Eczema (197 correct) faces
notable confusion with Psoriasis (28) and Tinea (14). Both Psoriasis (189 correct) and
Tinea (138 correct) experience major misidentification by healthcare staff because they
repeatedly confuse Eczema (46 or 33) or Psoriasis (23). Shingles (44 correct) show min-
imal errors, with only 4 misclassifications to Psoriasis. Acne and Cellulitis and Shingles
classifications remain suitable while the model displays limitations when attempting to
classify Psoriasis and Tinea primarily because of erroneous assignments between Eczema
and Psoriasis as well as Eczema and Tinea classification errors. These results indicate the
need to improve the distinction between these skin class categories.
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• ROC Curve -

Figure 7.14: TransNet-X (Custom Model) ROC Curve

The ROC Curve above shows TransNet-X’s performance in classifying different skin dis-
eases. The x-axis represents the False Positive Rate (FPR), and the y-axis represents the
True Positive Rate (TPR).

• Class Acne (AUC = 0.99) and Class Cellulitis (AUC = 0.97) have high AUC values,
indicating excellent performance in distinguishing these diseases from others.

• Class Shingles (AUC = 1.00) has a perfect score, meaning the model can perfectly
classify Shingles.

• Class Psoriasis (AUC = 0.91), Class Eczema (AUC = 0.93), and Class Tinea (AUC
= 0.93) also show good performance, though with slightly lower AUCs compared to
the top-performing classes.

The model generally performs well across all classes, with AUC values close to 1.0, demon-
strating high accuracy in skin disease detection.
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• Classification Report-

Condition Precision Recall F1-Score Support

Acne 0.93 0.97 0.95 275
Cellulitis 0.75 0.87 0.80 38
Eczema 0.71 0.81 0.76 242
Psoriasis 0.78 0.69 0.74 272
Shingles 0.88 1.00 0.94 44
Tinia 0.78 0.67 0.72 286

Accuracy 0.81 1077
Macro Avg 0.80 0.84 0.82 1077
Weighted Avg 0.81 0.81 0.80 1077

Table 7.1: TransNet-X F1 Score Table

The Classification Report for TransNet-X shows the following:

• Acne is detected with high accuracy (precision: 0.93, recall: 0.97, F1-score: 0.95).

• Shingles has perfect recall (1.00), but slightly lower precision (0.88), leading to an
F1-score of 0.94.

• Cellulitis, Psoriasis, and Tinea show decent performance, but with some room for
improvement, particularly in recall for Tinea (0.67).

• Eczema has the lowest precision (0.71) and recall (0.81), showing moderate perfor-
mance.

• Overall Accuracy is 81%, with a macro average F1-score of 0.82 and weighted average
F1-score of 0.80, indicating balanced performance across classes.

In summary, TransNet-X performs well overall but could be improved, especially for
Eczema and Tinea.
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7.3.2 Advantages and Disadvantages of TransNet-X:

Advantage

Improved Accuracy: The accuracy rate of TransNet-X reaches 80.5%,
surpassing MobileNet V3 (76.42%) and standing close to Swin Transformer
(84.77%). Our model demonstrates continuous performance enhancement while
handling a wide range of skin conditions, particularly in the diagnosis of ad-
vanced illnesses such as Psoriasis and Eczema.

Efficiency: The TransNet-X model achieves both performance excellence
through Swin Transformer and computing efficiency via MobileNet V3. The
Swin Transformer functions as an educational figure that analyzes high-level
patterns across large data ranges, while MobileNet V3 acts as a student through
information distillation. The combination of MobileNet V3 with Swin Trans-
former allows TransNet-X to reach high accuracy levels while consuming min-
imal computational resources, thus enabling real-time mobile use. The system
achieves high performance without compromising its functional capabilities.

Scalability: TransNet-X benefits from the Swin Transformer’s ability to scale
with larger datasets while still maintaining the efficiency of MobileNet V3 for
deployment on resource-constrained devices.

Disadvantage

Implementation Complexity: Combining two different architectures (Swin
Transformer and MobileNet V3) and using knowledge distillation adds complex-
ity to the model. This requires advanced skills in model implementation and
tuning.

Training Time: Although MobileNet V3 is a lightweight model, the distillation
process can still increase training time due to the need for both models to
interact during the learning process.

More Complex to Train: The process of knowledge distillation requires ad-
ditional time and effort to implement and fine-tune the model. Training the
teacher and student models together also requires more computational resources
during the training phase.
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Why TransNet-X is Better than MobileNet V3 and Swin Transformer?

TransNet-X provides a high overall accuracy of 80% by integrating the computational
efficiency of MobileNet V3 with Swin Transformer’s accuracy capabilities (84.77%) thus
achieving better performance than MobileNet V3 (76.42%) while maintaining significantly
reduced computation expenses. A key advantage of this model consists of Acne (0.99 AUC)
and Cellulitis (0.97 AUC) and Shingles (1.00 AUC) alongside enhanced AUC detection of
complex conditions such as Eczema (0.93) and Psoriasis (0.91). Precision and recall metrics
for Acne reached 0.93 precision alongside 0.97 recall yet Shingles obtained 1.00 recall
while Eczema demonstrated balanced yet moderate results with 0.71 precision and 0.81
recall. The number of misclassifications in TransNet-X for Psoriasis and Tinea remains
lower than what was observed in MobileNet V3. The integration of Swin Transformer’s
feature extraction depth into MobileNet V3’s compact architecture creates TransNet-X
which provides swift operation in mobile and real-time conditions while retaining excellent
performance.
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Chapter 8

Approach

An interactive interface of the app is designed which can give a real-time experience of
how the hybrid model is going to be incorporated into skin disease detection. It is also
going to show how the test cases will be stored in a dataset and the admin can access the
dataset.

Now a dummy overview is given of how the app will be operated –

8.1 User Login

• Sign Up: Choose your industry’s name.

• User Login: Open the app and log in with your username and Department name.

Figure 8.1: Workers’ Sign Up
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Admin Login

Admins can log in with their admin credentials (Admin ID and password). Access is
granted to the backend features for managing the system.

Figure 8.2: Admin Login
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8.2 Skin Analysis (User Functionality)

Scanning Process

Once logged in as a user, you will be directed to the camera interface to begin scanning
your skin.

• Open the Camera: The app will prompt you to focus the camera on the area of
your skin you want to analyze. Ensure the skin is well-lit for best results.

• Take a Photo: Tap the camera button to capture a photo of the skin. The app
will automatically focus and capture the area.

Figure 8.3: Infected Skin Capture Through Mobile Camera
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8.3 Viewing Results

Once the scan is completed, the app analyzes the skin and displays the results.

• Color-Coded Indicators: Red indicates a potential problem area, green means
healthy and yellow might suggest further monitoring.

• Open the Camera: The app may provide a percentage (e.g., “87% Likely to be
Acne”) and a description of the skin condition.

Figure 8.4: Infected Skin Capture Through Mobile Camera
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8.4 Admin Features

Admin Login

Admins can log in to access and manage the system. Upon logging in, the app provides
access to the admin dashboard for overseeing various tasks.

Figure 8.5
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8.5 Managing Databases

The admin dashboard allows admins to access and manage databases, such as sewing,
dyeing, knitting, cutting, and finishing.

• Task Monitoring: The app displays the real-time progress of tasks in each de-
partment.

• Color-Coded Updates: Each department shows status updates, indicating whether
tasks are

8.6 Sitemap of the APP -

Figure 8.6
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8.7 User Flow for Worker and Admin

Figure 8.7: User flow of Worker

Figure 8.8: User flow of Administration
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Chapter 9

Conclusion

This study has pursued health challenges faced by garment workers, with a key focus on
skin diseases resulting from chemical exposure within the factory environment. We con-
sulted with dermatologists and identified six common skin that usually occur with garment
workers. We also surveyed 2 garment factories so that we could have some one-on-one in-
teraction with the workers and get to know what health issues they suffer from and what
sort of health facilities they are currently receiving, we also consulted the doctor of the gar-
ment factory so that we know what issues his patients are mainly suffering from. We then
individually found out the datasets related to each disease and constructed our dataset.
We then split that data into the training set, test set, and validation set in a ratio of 70%,
10%, and 20%, respectively, for effective model training. For expanding our dataset, we
use a data augmentation on only the train and validation class to balance them out. The
CNN models for predicting skin diseases are DenseNet, ResNet50, VGG16, MobileNet,
InceptionV3 and Xception, along with 3 Transformer models that include Vit, Swin and
DeiT. We then took the best performing CNN and Transformers which were MobileNet
and Swin Transformer and then made a hybrid model that was better performing than
all the CNN models and was more efficient and lightweight than the Transformers, this
ensured that the model would work very well in mobile-based applications due to it being
very light.
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