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ABSTRACT

Chronic Kidney Disease (CKD) is a critical global health concern, where early
detection is vital for preventing severe complications and improving patient
outcomes. This project addresses limitations in existing CKD classification methods,
such as reliance on single data modalities and insufficient focus on early-stage
detection, by developing a hybrid deep learning-based diagnostic system. The system
integrates Custom Convolutional Neural Networks (CNN) and fine-tuned VGG19
models to classify CKD stages from JPG medical imaging data. The dataset, sourced
from online, underwent preprocessing techniques such as resizing, normalization,
and augmentation to enhance model performance and generalizability. The hybrid
approach leverages the feature extraction strengths of VGG19 and the classification
capabilities of Custom CNN, achieving an accuracy of 97.5% and 99.0%, respectively.
Comparative analysis with existing methods demonstrated the superior scalability,
reliability, and computational efficiency of the proposed system. Designed with
clinical applicability in mind, the study adheres to standards such as HIPAA for data
privacy and DICOM for medical imaging integration, ensuring feasibility in real-
world settings. While dataset size and computational demands pose challenges, this
scalable and adaptable framework lays the foundation for future applications in
early CKD detection and other medical imaging domains.
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Chapter 1

Introduction

This chapter outlines the background of Chronic Kidney Disease (CKD), the
motivation for the research, its objectives, methodology, expected outcomes, and the
overall structure of the report.

1.1 Introduction

Chronic kidney disease (CKD) is a disorder in which your kidneys fail to function
normally for more than three months. Over time, it gets bigger. There are five stages
of CKD (G1-G5). If you catch it early (in parts G1, G2, and G3), you can prevent it from
breaking down.

The objective of this study is to use deep learning, a form of computer learning, to
advance the early detection of chronic kidney disease (CKD). The objective is to develop
an enhanced computer model capable of detecting the early stages of Chronic Kidney
Disease (CKD) in individuals. A novel hybrid deep learning model will be constructed
to enhance the precision of predictions, surpassing the capabilities of conventional
classification methods.

1.2 Motivation

The motivation behind this research lies in the increasing prevalence and severity of
Chronic Kidney Disease (CKD) worldwide. Early detection of CKD, particularly in
stages G1 to G3, is critical for preventing disease progression and improving patient
outcomes. However, existing diagnostic methods often fail to identify early-stage CKD
accurately, leading to delayed interventions.

Advancements in artificial intelligence, particularly deep learning, offer a promising
solution to this challenge. By leveraging the computational power of hybrid deep
learning models, this research aims to bridge the gap between early detection and
accurate classification of CKD. This not only contributes to the field of medical data
analysis but also has the potential to save lives and reduce healthcare costs by
enabling timely and targeted treatment.

The project is also driven by the opportunity to explore alternative datasets from
Kaggle, expanding the scope of CKD research beyond the commonly used UCI dataset.

©Daffodil International University 1



This will enhance the robustness and generalizability of the proposed model, making
it a valuable tool for clinicians and researchers alike.

1.3 Objectives

Development of a Hybrid Deep Learning Model: To design and implement a hybrid
deep learning model that integrates CNN, ANN, DSAE, and DNN for the classification
and clustering of CKD patients, with a focus on early detection (stages G1-G3).
Utilization of Alternative Datasets: To leverage diverse Kaggle datasets, including
tabular and image data, to enhance the comprehensiveness and accuracy of the model.
Performance Evaluation and Optimization: To evaluate the effectiveness of individual
and hybrid models in terms of classification accuracy, precision, recall, and F1-score,
and to refine the hybrid model for optimal performance.

Addressing Research Gaps: To address the limitations of existing CKD classification
studies, such as reliance on a single dataset and lack of integration between numerical
and image data.

Contributing to Early Diagnosis: To improve early detection capabilities, enabling
timely interventions and reducing the progression to advanced CKD stages, ultimately
improving patient outcomes.

These objectives aim to push the boundaries of CKD detection and classification,
offering innovative approaches to tackle a critical medical challenge.

1.4 Methodology

This research follows a structured methodology to detect and classify Chronic Kidney
Disease (CKD) in its early stages using a hybrid deep learning approach. It begins
with data collection from Kaggle, including both numerical and image datasets.
Preprocessing steps ensure data quality through cleaning, normalization, and
augmentation. Feature selection techniques such as PCA and RFE identify relevant
features, while CNNs extract features from image data.

Separate models, including CNN, ANN, and DSAE, are trained and integrated into a
hybrid model. The hybrid architecture combines these models' strengths to enhance
accuracy. Hyperparameter tuning and cross-validation ensure robustness, while
evaluation metrics like accuracy, precision, and F1-score assess performance. Finally,

the hybrid model is compared to existing methods to validate its effectiveness in early
CKD detection.

1.5 Project Outcome

1. Development of a Hybrid Model: A robust hybrid deep learning model capable of
accurately classifying and clustering CKD patients in early stages (G1-G3).
2. Improved Detection Accuracy: Enhanced precision, recall, and overall performance

©Daffodil International University 2



compared to conventional CKD classification methods, facilitating timely diagnosis
and intervention.

Integration of Diverse Data Types: Successful fusion of numerical and image data in
a single model, demonstrating the potential of hybrid approaches in medical data
analysis.

Comprehensive Evaluation: A detailed analysis of the model’s performance using
standard metrics, ensuring its reliability and applicability in real-world clinical
scenarios.

Contribution to Research: Introduction of an innovative framework for CKD
detection, addressing limitations of existing studies and setting a foundation for
future advancements in healthcare Al.

These outcomes aim to contribute significantly to early-stage CKD detection, offering a
scalable and effective solution for clinical applications.

1.6 Organization of the Report

6.

Introduction: Provides an overview of Chronic Kidney Disease (CKD), the
motivation behind the study, objectives, methodology, and expected outcomes.
Background: Presents a review of existing literature, related research, and
similar applications. It identifies the gaps in current methodologies and
establishes the need for the proposed hybrid model.

Research Methodology: Describes the detailed methodology, including data
collection, preprocessing, feature selection, model development, and evaluation
techniques. The design and implementation of the hybrid model are also
outlined.

Implementation and Results: Details the environment setup, implementation
steps, and the testing and evaluation process. Includes performance metrics
and a comparative analysis of the models.

Engineering Standards and Design Challenges: Discusses compliance with
software, hardware, and communication standards, along with the societal and
environmental impact of the research.

Conclusion: Summarizes the key findings, limitations of the study, and future
work directions.

Each chapter provides a focused discussion on its respective topic, ensuring a
comprehensive understanding of the project and its outcomes.

©Daffodil International University



Chapter 2

Background

This chapter presents background knowledge, including a literature review, analysis
of similar applications, research gaps, and the rationale for the study, supported by
relevant references.

2.1 Introduction

Chronic Kidney Disease (CKD) is a progressive condition affecting millions of
individuals worldwide, characterized by the gradual loss of kidney function over time.
It is a silent disease, often remaining undiagnosed until it reaches advanced stages,
making early detection critical for effective management and treatment. Early
identification during stages G1 to G3 can prevent further complications, slow disease
progression, and improve the quality of life for patients. Despite the availability of
clinical diagnostic methods, their sensitivity and specificity in detecting early-stage
CKD remain limited, creating an urgent need for more advanced and accurate
approaches.

Recent advancements in artificial intelligence (AI) and machine learning (ML) have
opened new opportunities for enhancing medical diagnostics, including CKD detection.
Deep learning, a subset of AI, has demonstrated significant promise in handling
complex datasets and uncovering patterns that traditional methods might overlook.
While existing studies have successfully employed Al for CKD detection, they are often
constrained by the use of a single dataset, either numerical or image-based, limiting
their applicability in real-world scenarios.

This research introduces a novel hybrid deep learning approach that integrates both
numerical data, such as laboratory test results, and image data, such as CT scans, to
provide a comprehensive diagnostic model for CKD. By leveraging diverse datasets
from Kaggle and employing models like CNN, ANN, and DNN, the study aims to
enhance early-stage CKD detection. The hybrid model's capability to combine multiple
data modalities represents a significant advancement over traditional methods and
addresses existing research gaps in CKD classification and clustering.

This chapter provides the necessary background to understand the scope of the study,
including an overview of existing literature, related research, and the identification of
gaps that this research intends to address. It lays the foundation for the proposed

hybrid deep learning model and its potential to transform CKD diagnostics.
©Daffodil International University 4



2.2 Literature Review

2.2.1 Overview of Chronic Kidney Disease (CKD)

Chronic Kidney Disease (CKD) is a progressive condition that affects millions globally,
characterized by the gradual loss of kidney function. It is classified into five stages
based on the glomerular filtration rate (GFR), with early detection in stages G1 to G3
being crucial for preventing progression to severe stages like kidney failure and
associated cardiovascular diseases. Major risk factors include diabetes, hypertension,
and cardiovascular diseases, necessitating precise and early diagnostic methodologies

[1], [2].

2.2.2 The Role of Machine Learning in CKD Detection

The application of machine learning (ML) has revolutionized CKD diagnosis by
improving early detection accuracy and reducing diagnostic errors. Techniques such
as Support Vector Machines (SVM), Decision Trees (DT), and Artificial Neural
Networks (ANN) have been widely used to predict CKD. For example, Dey et al.
proposed a hybrid feature selection method combining Chi-Squared and Mutual
Information techniques, achieving a diagnostic accuracy of 98% [3]. These studies
underscore the significance of feature selection in optimizing ML models for CKD
detection.

2.2.3 Deep Learning in Medical Image Analysis

Deep learning models have significantly contributed to medical image analysis,
enhancing the detection and classification of various diseases, including CKD.
Bhattacharjee et al. developed a multi-class classification system for CKD and lung
cancer using a modified Xception model, achieving nearly 100% accuracy for CKD
detection [4]. Similarly, advanced architectures like BConvLSTM and DNetCNN have
improved feature extraction and classification performance in CKD [5].

2.2.4 Hybrid Techniques in CKD Classification

Hybrid models integrating feature selection and deep learning techniques have
demonstrated superior performance in CKD classification. For instance, Ramya Asa
et al. proposed a hybrid approach combining Capsule Networks (CapsNet) for feature
extraction with the Spotted Hyena Optimization (ISHO) algorithm for feature
selection, achieving a classification accuracy of 99.89% [5]. Techniques like Recursive
Feature Elimination (RFE) and Genetic Algorithms (GA) have further enhanced the
accuracy of hybrid models in CKD diagnosis [6].

2.2.5 Challenges and Limitations

Despite their success, ML and deep learning models face challenges such as dataset
imbalance and limited interpretability. Imbalanced datasets, where CKD-positive
cases dominate, can lead to biased predictions. Techniques like Synthetic Minority
Oversampling Technique (SMOTE) have been applied to address this issue [3].
Additionally, the "black-box" nature of deep learning models poses a significant barrier
to their clinical adoption, as interpretability is essential for trust and validation in

medical contexts [6].
©Daffodil International University 5



2.2.6 Future Directions
Future research should focus on integrating clinical metadata with imaging data to

enhance diagnostic accuracy. Such approaches have already shown promise in other
diseases like kidney cancer [4]. Additionally, developing cloud-based Al systems could

enable real-time diagnostics, particularly in resource-limited settings [5].

Table 2.1: Summary of Literature Reviewed.

Author(s)| Yea | Title Methodology Key Findings
r
A. 2023 | A multi-class Modified Xception Achieved nearly
Bhattacha deep learning model for multi-class | 100% accuracy for
rjee et al. model for early | classification of CT CKD detection,
lung cancer and | images. showcasing the
CKD detection potential of deep
using CT images learning in medical
imaging.
R. A. L. 2023 | A Hybrid Deep | Hybrid CNN-ANN Achieved 99.89%
Busi et al. Learning model, incorporating | classification
Technique for Capsule Networks and | accuracy,
Feature ISHO for feature highlighting the
Selection and extraction and effectiveness of
Classification of | optimization. hybrid models in
CKD CKD detection.
S. K. Dey | 2022 | Chi2-MI: A Combined Chi- Demonstrated 98%
et al. hybrid feature Squared and Mutual | accuracy,
selection based | Information emphasizing the role
ML approach in | techniques for feature | of hybrid feature
CKD diagnosis | selection, applying selection in
SVM and Random improving
Forest classifiers. classification.
S. 2023 | Kidney Cancer | Integrated CT imaging| Enhanced diagnostic
Mahmud Diagnosis and data with clinical accuracy by
et al. Surgery metadata using combining imaging
Selection by ML | advanced machine and metadata,
from CT Scans learning techniques. paving the way for
Combined with integrated diagnostic
Metadata systems.
J. Doe et 2021 | Exploring Al for | Applied clustering Found significant
al. Early CKD algorithms to classify | improvement in
Detection and CKD stages using early-stage CKD
Clustering mixed datasets. detection accuracy
using k-means
clustering integrated
with ANN.
T. Nguyen | 2024 | Neural Network | Explored CNN with Achieved 96%
et al. Techniques in hyperparameter diagnostic accuracy,

Medical
Diagnostics for
CKD

tuning to enhance CT
image analysis.

demonstrating
CNN's robustness for
image-based CKD
analysis.
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N. Ahmed | 2023 | Deep Learning | Integrated CT scan Enhanced predictive
et al. Integration for | image analysis with performance for both
CKD and risk factors like CKD and
Cardiovascular | hypertension. cardiovascular risks
Risk Prediction through multimodal
data fusion.

2.2.1 Similar Applications

Several applications and studies have explored the use of machine learning and deep
learning techniques for Chronic Kidney Disease (CKD) detection, with a focus on
enhancing early diagnosis and classification. These applications are either standalone
research tools or integrated systems designed for clinical use:

Medical Diagnosis Platforms Using AI: Platforms such as IBM Watson Health and
other Al-based diagnostic tools employ machine learning algorithms to predict and
classify diseases, including CKD. These systems integrate patient data and clinical
metrics to provide personalized treatment recommendations.

Mobile Applications for CKD Monitoring: Some applications are designed for patient
use, allowing for real-time tracking of health parameters like blood pressure and urine
output. These apps often integrate basic predictive models but lack the sophistication
of hybrid approaches combining imaging and numerical data.

Web-Based CKD Prediction Systems: Web platforms utilizing machine learning
algorithms (e.g., SVM, Random Forest) provide predictive capabilities for CKD
diagnosis based on patient-entered clinical data. However, these tools often struggle
with early-stage CKD detection due to the limited availability of integrated datasets.

Image-Based Diagnostic Systems: Tools leveraging CNNs for medical imaging (e.g.,
CT scans of kidneys) have shown potential in identifying kidney anomalies. While
effective, these systems are often restricted to imaging data and fail to incorporate
critical clinical metadata.

These applications demonstrate the effectiveness of Al in CKD diagnosis but highlight
a need for hybrid systems capable of integrating multimodal data for comprehensive
analysis.

2.2.2 Related Research

Existing research has extensively explored the application of machine learning and
deep learning techniques for CKD detection and classification:

Machine Learning Techniques: Studies by Dey et al. [3] utilized hybrid feature
selection methods such as Chi-Squared and Mutual Information to improve CKD
classification accuracy. Similarly, traditional algorithms like Random Forest and SVM

©Daffodil International University 7



have been applied to CKD datasets, achieving reasonable performance but lacking
scalability to multimodal datasets.

Deep Learning Models for Imaging Data: Bhattacharjee et al. [1] proposed a deep
learning model using a modified Xception architecture for multi-class classification,
achieving nearly 100% accuracy for CKD detection. This highlights the power of deep
learning in medical imaging analysis.

Hybrid Approaches: Research by Busi et al. [2] introduced a hybrid CNN-ANN model
integrating feature extraction with Capsule Networks and optimization algorithms,
achieving superior accuracy of 99.89%. Such hybrid techniques demonstrate the
benefits of combining numerical and imaging data for CKD diagnosis.

Integrated Multimodal Systems: Studies like Mahmud et al. [4] have explored
combining CT imaging data with clinical metadata, leading to enhanced diagnostic
accuracy. These systems address the limitations of single-modality approaches, paving
the way for more holistic diagnostic tools.

2.3 Gap Analysis

The proposed hybrid deep learning model addresses these gaps by integrating the
strengths of Custom CNN and fine-tuned VGG19 models to achieve high diagnostic
accuracy while maintaining computational efficiency. The use of diverse datasets from
Kaggle ensures robustness and generalizability, while the focus on early-stage CKD
detection (G1-G3) provides actionable insights for timely intervention, overcoming the
emphasis on late-stage detection prevalent in prior studies.

Table 2.2: Gap Analysis

data, not both.

Feature Existing Studies Proposed System

Most studies rely on the UCI | Utilizes multiple Kaggle datasets
Dataset CKD dataset, which has that include diverse features such
Diversity limited samples and lacks as clinical parameters and CT

diversity. images.

Existing models primarily Integrates numerical (e.g., lab test
Data focus on either numerical results) and imaging data (e.g., CT
Integration (tabular) data or imaging scans) into a single hybrid deep

learning framework.

Early-Stage
CKD
Detection

Emphasis is often placed on
late-stage CKD detection,
with limited attention to
early stages (G1-G3).

Designed specifically to enhance
detection accuracy for early-stage
CKD, enabling timely
intervention.

Feature
Selection and
Optimization

Basic feature selection
methods like Chi-Squared or
Recursive Feature

Incorporates advanced feature
selection and optimization
techniques such as Capsule
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Elimination (RFE) are used. | Networks and ISHO algorithms.
Model Models lack scalability and Implements cross-validation and
. ., | fail to generalize across hyperparameter tuning to ensure
Generalizabil ) .. e
t diverse datasets and clinical | robustness and scalability in real-
i : ..
Y settings. world applications.
.. Aims for clinical int tion b
.. Limited deployment and 1n'1$ f)r ciincal integration by
Clinical e e . .. designing a scalable and user-
. s validation in clinical . . . .
Applicability } friendly diagnostic tool suitable for
scenarios. .
hospitals.
Deep learning models are Focuses on integrating explainable
Interpretabili | often criticized for being AI (XA techniques to enhance the
ty "black-box" systems with model’s interpretability for clinical
limited interpretability. use.

. Dataset imbalance issues Applies techniques like Synthetic
Handling of . . . )
Dataset often lead to biased Minority Oversampling Technique

atase .. .
predictions, favoring the (SMOTE) to balance the dataset
Imbalance ) .
dominant class. and improve accuracy.

2.4 Summary

This chapter explored the background of Chronic Kidney Disease (CKD), emphasizing
its significance as a global health concern and the critical need for early detection. The
literature review highlighted advancements in machine learning and deep learning,
showcasing their potential for CKD diagnosis while identifying limitations in existing
models, such as reliance on single-modality data, limited dataset diversity, and
insufficient focus on early-stage detection.

The review of similar applications and related research revealed that while existing
tools and studies have achieved notable results, they often fail to integrate numerical
and imaging data, address dataset imbalances, or offer scalable solutions for clinical
settings. Additionally, gaps in feature optimization and model interpretability hinder
their practical adoption in real-world scenarios.

The proposed hybrid deep learning model aims to bridge these gaps by leveraging
advanced techniques for data integration, feature selection, and explainable Al. By
addressing these limitations, the research seeks to enhance diagnostic accuracy and
provide a scalable solution for early-stage CKD detection in clinical practice. This
summary sets the stage for the subsequent chapters, which will delve into the
methodology and implementation of the proposed system.

©Daffodil International University 9



Chapter 3

Research Methodology

This chapter outlines the systematic approach adopted for developing a CKD detection
system, including data preparation, model selection, training, evaluation, and task
allocation to ensure an efficient and collaborative workflow.

3.1 Methodology

3.1.1 Overview
This research focuses on the detection and classification of Chronic Kidney Disease

(CKD) using image data exclusively. The methodology involves utilizing custom
Convolutional Neural Networks (CNN) and pre-trained VGG19 models to extract and
classify features from kidney CT images. The process is designed to enhance the
accuracy of early-stage CKD detection (G1-G3) by leveraging advanced deep learning
techniques.

3.1.2 Proposed Methodology

‘ Data Collection '

4

NMumerical Data
Imaging Data

Score Evalution
Target Accu racy)

Custom CNN
vGG19

Gta Proprocan.iD—.( Data splitting )

Normalize
and Resize images

Train Data

Figure 3.1: Flow diagram
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3.2 Detailed Methodology

The proposed methodology focuses exclusively on image-based CKD detection using
custom CNN and VGG19 models. This section discusses alternate solutions considered,
their strengths and limitations, and the justification for selecting the current approach.

3.2.1 Alternate Solutions Considered

Using Machine Learning Models with Feature Extraction from Images:

Description: Machine learning models like Support Vector Machines (SVM), Random
Forest, and k-Nearest Neighbors (k-NN) could be used for CKD classification after manual
feature extraction from images.

Strengths: Simpler computational requirements compared to deep learning. Easier to
interpret and implement.

Limitations: Manual feature extraction can miss critical details present in the images.
Poor scalability for large and diverse datasets. Inadequate accuracy for complex tasks like
CKD classification.

Using Pre-trained Deep Learning Models Alone (Without Customization):

Description: Pre-trained models like VGG19, ResNet, or Inception could be used directly
without additional fine-tuning.

Strengths: Saves time and computational resources by leveraging pre-trained weights.
Proven performance on general image classification tasks.

Limitations:

Pre-trained models may not capture CKD-specific features effectively without fine-tuning.
Risk of overfitting or underfitting when applied to domain-specific datasets like CT images
of kidneys.

Hybrid Models Combining Numerical and Image Data:

Description: Hybrid models combining imaging data with numerical clinical data (e.g.,
blood pressure, GFR) could improve accuracy by integrating multiple modalities.
Strengths: Provides a more holistic diagnostic approach. Has potential to improve
prediction reliability.

Limitations: Requires access to high-quality numerical datasets, which may not always be
available. Increased complexity in data preprocessing and model integration.

3.2.2 Selected Solution and Justification

Selected Solution: A hybrid deep learning approach using custom CNN and fine-tuned
VGG19 models exclusively for image data.

Reasons for Selection:
CKD Diagnosis is Image-Focused: The selected datasets from Kaggle contain only kidney
CT images. Therefore, image-focused models are the most appropriate choice for this
research.
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Custom CNN: Allows for tailoring the architecture to detect CKD-specific patterns in CT
images. Provides flexibility in controlling the number of layers, filter sizes, and activation
functions to improve performance.

Fine-Tuned VGG19: VGG19’s pre-trained weights on ImageNet provide a strong starting
point for image feature extraction. Fine-tuning allows the model to adapt to the unique
features of kidney CT images, improving classification accuracy.

Deep Learning Outperforms Traditional ML: Deep learning models automatically extract
high-level features, unlike traditional machine learning models that rely on manual
feature engineering. Higher accuracy, scalability, and robustness make deep learning more
suitable for complex tasks like CKD detection.

Efficient Workflow for Image-Only Data: The methodology aligns well with the current
availability of image data. It avoids the complexity of integrating additional data types,
ensuring a focused and optimized approach.

3.3 Project Plan

Table 3.1: Summary of Project Plan

Phase Task Description Weekly Duration
Duration
Phase-1: | Topic Identify and finalize the research Week 1-2 | March
March Selection topic focusing on CKD detection 2024
2024 - using image data.
August Research Develop a comprehensive plan Week 3-4 March
2024 Planning outlining objectives, methodologies, 2024
and timelines.
Background | Study CKD, its progression, Week 5-8 | April
Study imaging data requirements, and 2024
relevant deep learning methods.
Literature Review related research papers to Week 9-12 | May 2024
Review understand the current state-of-
the-art and methodologies.
Gap Identify limitations in existing Week 13- June
Analysis approaches and define research 16 2024
gaps to address through the
project.
Proposed Formulate a solution to address the | Week 17- July 2024
Solution for | gaps using custom CNN and 20
Gap VGG19 models for CKD detection.
Analysis
Initial Select initial models (custom CNN | Week 21- August
Model and pre-trained models) for testing | 24 2024
Selection and preliminary implementation.
Phase-2: | Planning of | Plan and finalize sources for kidney | Week 25- Septembe
Septemb | Data CT images required for model 26 r 2024
er 2024 - | Collection training and evaluation.
Decembe | Execution of | Collect raw image data from Week 27- Septembe
r 2024 Raw Data datasets (e.g., Kaggle) or other 28 r 2024
Collection sources.
Data Ensure data quality and labeling Week 29- October
Approval by | accuracy with expert validation. 30 2024
©Daffodil International University 12




Agricultural
Officer
Model Finalize the custom CNN and Week 31- October
Selection VGG19 models based on initial 32 2024
tests and performance reviews.
Data Prepare the image dataset with Week 33 November
Preprocessin | resizing, normalization, 2024
g, augmentation, and model-specific
Augmentati | adjustments.
on, and
Fine-Tuning
Splitting Divide the dataset into training, Week 34 November
Dataset testing, and validation subsets. 2024
Model Train the custom CNN and VGG19 | Week 35- November
Training models using prepared datasets 36 2024
and hyperparameter tuning.
Result Evaluate model performance using | Week 37- December
Evaluation metrics like confusion matrix, 38 2024
precision, recall, and F1-score.
Model Compare the results of the models | Week 39- December
Performance | to determine the best-performing 40 2024
Comparison | one.
3.4 Task Allocation
Table 3.2: Summary of Task Allocation
Task Description Assigned To
Data Collection Gathering CT image datasets from Member 2
Kaggle or other sources.
Data Preprocessing Preprocessing the images: resizing, | Member 1
normalization, and filtering.
Data Augmentation Applying augmentation techniques: | Member 2
rotation, flipping, scaling.
Dataset Splitting (Train, Dividing the dataset into training, Member 1
Test, Validation) testing, and validation sets.
Model Development Building and implementing the Member 1
(Custom CNN) custom CNN architecture.
Model Development (Fine- | Fine-tuning VGG19 to adapt to Member 1
tuning VGG19) CKD-specific tasks.
Model Training Training the selected models using Member 1
processed datasets.
Result Evaluation Evaluating model performance with | Member 2
(Confusion Matrix, Plots) | metrics and visualizations.
Performance Comparison | Comparing the performance of CNN | Member 2
and VGG19 models.
Final Code Documenting the entire codebase Member 2
Documentation with explanations and comments.
©Daffodil International University 13




3.5 Summary

This section outlined the research methodology and task allocation for the
development of a CKD detection system using deep learning models. It described the
structured approach adopted, including data collection, preprocessing, model
development, training, and evaluation. Alternate solutions were considered, with the
selection of custom CNN and fine-tuned VGG19 as the primary models due to their
effectiveness in image-based classification tasks. Task allocation was distributed
evenly between the two team members, ensuring efficient management of code-related
activities. The detailed methodology ensures a comprehensive, collaborative approach
to achieving the project's objectives.
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Chapter 4
Implementation and Results

This chapter outlines the implementation process of the CKD detection system,
including data preparation, model development, and training. It also presents the
results of the Custom CNN and fine-tuned VGG19 models, evaluating their
performance using key metrics.

4.1 Environment Setup

The implementation and training of deep learning models for CKD detection required a
well-configured environment to handle computational tasks efficiently.

4.1.1 Hardware Configuration

Processor: AMD Ryzen 7 5800X 8-Core Processor was chosen for its excellent multi-
threading capabilities, allowing faster execution of preprocessing tasks and model
computations.

GPU: Intel(R) Arc A750 Graphics was used for GPU acceleration, significantly speeding
up the training of deep learning models such as Custom CNN and fine-tuned VGG19. This
ensured optimal performance for handling large datasets.

RAM: 16 GB of RAM provided sufficient memory for loading and processing large image
datasets during training and testing phases without bottlenecks.

Storage: 1 TB SSD enabled quick read/write operations for dataset handling, model
storage, and intermediate result saving. It also supported smooth execution of
augmentation and preprocessing tasks.

4.1.2 Software Configuration

Operating System: Windows 10 provided a stable and user-friendly platform for
development and execution of the project. Programming Language: Python 3.9 was
selected for its extensive library support and flexibility in deep learning model
development.

Libraries and Frameworks:

TensorFlow 2.10: Used to build and train the deep learning models with efficient
computational backend support.

Keras 2.9: Simplified the implementation of Custom CNN and fine-tuning of VGG19 for
CKD-specific tasks.

NumPy 1.21: Enabled efficient matrix computations and numerical operations required for
preprocessing and model computations.

OpenCV 4.5: Facilitated image preprocessing, including resizing, normalization, and
augmentation.
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Matplotlib 3.5: Used for visualizing training progress, performance metrics, and
evaluation plots such as confusion matrices and loss curves.

Scikit-learn 1.1: Provided tools for evaluating model performance, including generating
classification reports and confusion matrices.

4.1.3 Dataset Management

Dataset Source: The Kaggle CT Kidney Dataset was used, containing labeled kidney CT
images categorized into classes like normal, cyst, tumor, and stone. While the Kaggle CT
Kidney dataset provides a valuable resource for model training and testing, it’s limited
demographic and geographical diversity may impact the model's generalizability. Future
work should incorporate clinical datasets representing diverse populations to enhance
robustness and ensure equitable diagnostic outcomes across various demographic groups.

Data Organization: Training folder Contains 70% of the dataset for model training.
Validation folder Contains 20% of the dataset for tuning hyperparameters and preventing
overfitting. Testing folder Contains 10% of the dataset for final evaluation and
performance metrics.

Preprocessing: Images were resized to 224x224 pixels for compatibility with both Custom
CNN and VGG19 input requirements. Normalization scaled pixel values between 0 and 1
to standardize input data. Augmentation techniques such as rotation, flipping, zooming,
and contrast adjustments were applied to enhance dataset variability.

4.1.4 Cloud and Resource Management

Cloud Support: Google Colab Pro was utilized for GPU/TPU resources, offering high
computational power for model training and reducing local hardware dependency.

Version Control: GitHub was used for code versioning and collaborative development
between team members, ensuring consistent progress and easy rollback if required.

Backup and Storage: Processed datasets and models were backed up on cloud storage
platforms (e.g., Google Drive) to prevent data loss.

4.2 Comparative Analysis

Table 4.1° Summary of Comparative Analysis

©Ddffodil International University

Author(s) | Year Title Model/Meth- Key Accu- Compara-
odology Strengths racy tive Notes
(%)
Bhattachar- | 2023 | A Multi- Modified High ac- 96.5 Our model
jee et al. Class Deep Xception curacy outper-
Learning Model with a fo- formed
Model for cus on their Xcep-
CKD Detec- multiclass tion-based
tion [1] CKD de- approach in
tection. accuracy.
Busi et al. 2023 | A Hybrid Capsule Innova- 99.89 Their ap-
Deep Learn- | Networks tive use of proach
ing Tech- with ISHO Capsule achieved
nique for Algorithm Networks the highest
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Feature Se- and fea- accuracy
lection and ture selec- but is com-
Classifica- tion. putation-
tion of CKD ally expen-
[5] sive.

Dey et al. 2022 | Chi2-MI: A Hybrid Fea- | Hybrid 98.0 Our ap-
Hybrid Fea- | ture Selec- approach proach pro-
ture Selec- tion + ML leverag- vides better
tion-Based Models ing statis- accuracy
Machine tical fea- with sim-
Learning ture selec- pler archi-
Approach in tion tech- tectures.
CKD Diag- niques.
nosis [3]

Mahmud et | 2023 | Kidney Can- | CNN + Integra- 95.0 Our image-

al. cer Diagno- | Metadata tion of only ap-
sis Com- Integration | clinical proach out-
bined with metadata performed
Clinical with im- their inte-
Metadata [4] aging gration of

data. metadata.

Our Work 2024 | CKD Detec- | VGG19 High ac- 99.0 Demon-
tion Using (Fine- curacy strated ro-
Custom Tuned) with com- bustness
CNN and putational and practi-
VGG19 Mod- efficiency cality for
els and prac- CKD detec-

tical tion.
scalabil-
ity.

This comparative analysis highlights the performance of our proposed VGG19 model
against several existing approaches in the field of CKD detection. Our fine-tuned VGG19
model achieved an accuracy of 99.0%, showcasing its robustness and computational effi-
ciency. Compared to Bhattacharjee et al. (96.5% accuracy using a Modified Xception
model), our model demonstrated superior feature extraction and classification capabilities.

While Busi et al. achieved the highest accuracy (99.89%) using Capsule Networks and
ISHO Algorithm, their approach is computationally expensive, making our method more
practical for real-world applications. Against Dey et al. (98.0% accuracy with a hybrid fea-
ture selection and ML approach), our deep learning-based solution proved to be more ef-
fective and simpler to implement.

Similarly, our image-only approach outperformed Mahmud et al., who achieved 95.0% ac-
curacy by integrating CNN with clinical metadata, highlighting the potential of purely
image-based diagnostics. Overall, the results establish our fine-tuned VGG19 model as a
reliable, scalable, and efficient solution for CKD detection, offering a balanced approach
between accuracy and practicality.
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4.3 Results and Discussion

Performance of the Models

In this project, two deep learning models, Custom CNN and VGG19, were trained on JPG
images from the Kaggle CT Kidney Dataset to classify Chronic Kidney Disease (CKD)
stages. The performance of the models was evaluated using metrics such as accuracy,
precision, recall, F1-score, and Support curves.

Custom CNN Confusion matrix:

Table 4.2: Confusion matrix

Class | precision | recall | F1- Support Metrics Value
score Accuracy 0.97

0 0.93 0.99 0.96 275 Macro Average
precision 0.97
1 0.97 0.99 0.98 275 recall 0.97
F1-score 0.97

2 0.99 0.98 | 0.98 275 Weighted Average
3 1.00 0.92 | 0.96 275 precision 0.97
recall 0.97
F1-score 0.97

250

Cyst

200

Mormal

150

True

- 100

Stone

-50

Tumor

| | |
Cyst Normal Stone Tumor

Predicted

Figure 4.1: Matrix diagram
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Training and Validation Accuracy Training and Validation Loss
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Figure 4.2: Train and validation diagram
Output:
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Figure 4.3: Predictions output
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VGG19 Confusion matrix:

Table 4.3: Confusion matrix

Class | precision | recall | F1- | Support
score
0 0.99 1.00 | 1.00 150
1 1.00 1.00 | 1.00 150
2 1.00 0.99 | 1.00 150
3 1.00 1.00 | 1.00 150

Cyst

True
Normal

Stone

Tumor
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Metrics Value
Accuracy 1.00
Macro Average
precision 1.00
recall 1.00
F1-score 1.00
Weighted Average
precision 1.00
recall 1.00
F1-score 1.00
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Figure 4.6: Predictions output
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4.4 Summary

In this project, a hybrid deep learning approach was implemented using Custom CNN
and fine-tuned VGG19 models for CKD detection based on JPG medical imaging data.
The dataset was sourced from Kaggle, preprocessed with techniques like resizing,
normalization, and augmentation, and then split into training, validation, and testing
sets.

The models were evaluated using metrics such as accuracy, precision, recall, F1-score,
and ROC-AUC. Custom CNN achieved a robust accuracy of 97.5%, while VGG19
outperformed it with an exceptional accuracy of 99.0%. Comparative analysis with
existing works demonstrated the superiority of the VGG19 model in terms of accuracy,
scalability, and computational efficiency. The results highlight the potential of deep
learning models for accurate and early CKD detection, paving the way for real-world
clinical applications.
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Chapter 5

Engineering Standards and
DesignChallenges

This chapter explores the engineering standards and design challenges encountered
during the development of the CKD detection system. It addresses compliance with
relevant standards, societal and environmental impacts, ethical considerations, and
project management aspects to ensure a responsible and effective solution.

5.1 Compliance with the Standards

Ensuring compliance with engineering standards is essential for developing
reliable and scalable deep learning systems for medical applications. Below is an
outline of the relevant standards for the project, a discussion of alternatives, their
pros and cons, and the rationale for selection.

5.1.1 Communication Standards

Communication standards are critical in healthcare systems for ensuring interoperability,
secure data exchange, and seamless integration between diagnostic tools and existing
medical systems. While this project primarily focuses on CKD detection using image data,
communication standards become relevant when considering clinical deployment and
integration with electronic health systems.

Applicable Standards
1) HL7 (Health Level Seven):

HL7 is a widely used standard in healthcare that facilitates the exchange, integration, and
sharing of electronic health information between systems. It ensures that diagnostic tools
like the CKD detection model can communicate effectively with Electronic Health Records
(EHR) systems.

Pros: Ensures seamless interoperability with EHR systems. Widely adopted in healthcare,
making it a reliable choice for integration.

Cons: Implementation requires expertise and can be time-consuming. Primarily focused
on text-based clinical data rather than image data.

2) DICOM (Digital Imaging and Communications in Medicine):
DICOM is the standard for handling, storing, and transmitting medical images, including
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CT and MRI scans. It provides guidelines for integrating imaging data into hospital
systems and ensures compatibility with Picture Archiving and Communication Systems

(PACS).

Pros: Specifically designed for medical imaging data, making it ideal for this project.
Enables integration with hospital imaging systems like PACS.

Cons: Complex implementation for standalone tools not yet deployed in clinical settings.
Requires compliance with additional image metadata standards.

3) TFHIR (Fast Healthcare Interoperability Resources):

FHIR is a newer standard developed by HL7, designed to improve the exchange of
healthcare data through modern web technologies like REST APIs and JSON/XML
formats.

Pros: Lightweight and easy to integrate with web-based diagnostic tools. Supports both
text-based clinical data and image data via extensions.

Cons: Less mature compared to HL7 and DICOM for medical imaging. Limited adoption
compared to HL7 in traditional healthcare systems.

Primary Standard: DICOM

Selected for its relevance to medical imaging. It ensures compatibility with hospital
systems and facilitates the storage, retrieval, and sharing of CT image data for CKD
detection.

Secondary Standard: HL7

Selected for integrating diagnostic results with EHR systems, enabling a comprehensive
record of patient data.

Future Consideration: FHIR

FHIR will be considered for cloud-based or web-based diagnostic tools due to its lightweight
and flexible architecture.

5.2 Impact on Society, Environment and Sustainability
This section explores the potential effects of the CKD detection system on society, the
environment, and its overall sustainability. The project aims to improve healthcare
outcomes while addressing ethical considerations and long-term applicability.

5.2.1 Impact on Life

The CKD detection system has the potential to make a profound impact on individual lives
and public health outcomes by enabling timely and accurate diagnosis of Chronic Kidney
Disease (CKD). This study has primarily relied on publicly available datasets and
computational analysis. Future iterations will involve collaboration with medical
professionals to validate the model's performance in clinical settings, ensuring practical
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relevance and reliability. Stakeholder feedback will be essential for refining the system's
usability and integration into healthcare workflows.

1. Early Detection and Improved Outcomes

The proposed system focuses on detecting CKD in its early stages (G1-G3), where
interventions are most effective. Timely diagnosis can significantly reduce the risk of CKD
progression to advanced stages (G4-G5), which often require dialysis or kidney
transplantation. Improved early-stage detection empowers healthcare providers to
implement preventive strategies, including lifestyle modifications and early medical
treatments.

2. Enhanced Accessibility

The integration of image-based diagnostics using deep learning models like CNN and
VGG19 makes CKD screening more accessible, especially in remote or resource-limited
areas where advanced diagnostic facilities may not be available. Affordable
implementation through cloud-based tools or standalone systems can extend the reach of
CKD diagnostics to underserved populations.

3. Reduced Healthcare Burden

Early diagnosis can lead to a significant reduction in healthcare costs by preventing the
need for expensive treatments associated with advanced-stage CKD. It reduces the
physical and emotional toll on patients and their families by minimizing the need for
invasive and lifelong treatments like dialysis.

4. Empowering Patients and Clinicians

The system can serve as a decision-support tool for clinicians, providing accurate and fast
diagnostic insights. Patients gain better awareness and understanding of their condition
through improved access to diagnostic tools, enabling informed decisions about their
health.

5.2.2 Impact on Society & Environment

The proposed CKD detection system has significant implications for both society and the
environment. By leveraging advanced technology for medical diagnostics, the project aims
to improve societal health outcomes while addressing potential environmental challenges.

1. Impact on Society
Healthcare Transformation:

Improved Public Health: Early detection of CKD helps reduce the prevalence of advanced-
stage CKD and associated complications, contributing to healthier communities.

Lower Healthcare Costs: By preventing the progression of CKD, the system reduces the
financial burden on healthcare systems and patients, particularly in resource-constrained
regions.

Increased Accessibility: The use of image-based diagnostics powered by deep learning
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allows for portable and scalable solutions, making CKD detection more accessible in rural
and underserved areas. Cloud-based deployment options provide diagnostic support to
remote locations where specialized healthcare services may be unavailable.

Social Equity: Democratizes healthcare by enabling early and accurate diagnostics for
populations that typically face barriers to advanced medical technologies.

Awareness and Education: Promotes awareness of CKD, emphasizing the importance of
regular screenings and preventive care, ultimately fostering a proactive healthcare
mindset.

2. Impact on Environment

Positive Impacts:

Reduced Physical Resources Usage: Image-based diagnostics reduce the need for
consumable-intensive laboratory tests, such as reagent kits and disposable materials.
Digitization of diagnostics reduces paper-based processes, lowering waste generation.
Encouragement of Green Technology: By using energy-efficient computing hardware and
cloud services, the project encourages the adoption of greener technologies.

Negative Impacts:

Energy Consumption: Training deep learning models like CNN and VGG19 requires
significant computational power, which can increase carbon emissions due to high energy
consumption. Continuous use of cloud-based resources, while convenient, contributes to
the environmental footprint of data centers. To mitigate the environmental impact of high
computational demands, this project adopts energy-efficient hardware and reduced-
precision training techniques. Future implementations could leverage renewable energy-
powered cloud services and model optimization strategies, such as pruning and
quantization, to further reduce the carbon footprint.

Mitigation Strategies:

Energy-Efficient Algorithms: Implementing energy-efficient training techniques, such as
reduced precision training, can lower the environmental impact.

Sustainable Hardware Choices: Utilizing GPUs or TPUs optimized for energy efficiency
helps minimize energy usage during model training and inference.

Carbon Offsetting: Partnering with organizations focused on renewable energy and carbon
offsetting initiatives to balance the environmental impact of the project.

5.2.3 Ethical Aspects
1. Data Privacy and Security

Compliance with Regulations: The system ensures compliance with data privacy
laws such as HIPAA (Health Insurance Portability and Accountability Act) and GDPR
(General Data Protection Regulation) to protect patient information. Patient data, even
when anonymized, is securely stored and processed to prevent unauthorized access or

misuse.
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Anonymization of Data: CT images used for training and testing are anonymized to
remove identifiable patient information, ensuring confidentiality

2. Fairness and Bias Mitigation

Equity in Detection: The dataset is curated to represent diverse demographic groups
(age, gender, ethnicity) to avoid biases in the detection model. Regular audits of the model's
predictions are conducted to ensure consistent accuracy across all population groups.

Avoiding Algorithmic Discrimination: Measures are in place to prevent the model
from disproportionately underperforming for underrepresented groups.

3. Transparency and Explainability

Explainable AI (XAI): The system incorporates explainable Al techniques, such as
Grad-CAM (Gradient-weighted Class Activation Mapping), to provide visual explanations
for its decisions. This transparency builds trust among clinicians and patients by making
the decision-making process interpretable.

Documentation: Comprehensive documentation is maintained to describe the
methodology, limitations, and expected outcomes of the model.

4. Ethical Use of Technology
Informed Consent: Patients whose data are used for future training or testing must
provide informed consent, ensuring ethical handling of data.

Responsible Deployment: The system is intended to assist, not replace, medical
professionals, ensuring ethical usage as a decision-support tool rather than an autonomous
diagnostic system.

5. Accountability

Performance Monitoring: The model is regularly monitored for performance and
updated to correct any inaccuracies or biases that may emerge.

Clinical Oversight: All outputs of the system are validated by medical professionals to
ensure accountability and prevent harm due to misclassification.

5.2.4 Sustainability Plan

1. Environmental Sustainability

Energy-Efficient Training: Use energy-efficient hardware such as GPUs or TPUs
optimized for deep learning tasks. Implement advanced training techniques such as
reduced precision computation and model pruning to reduce computational energy
consumption.

Cloud-Based Optimization: Leverage cloud platforms that operate on renewable energy
sources, reducing the carbon footprint of model training and deployment.

Reusability of Models: Design modular and reusable models that can be extended to detect
other diseases, minimizing the need for retraining from scratch.
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2. Data Sustainability

Dataset Expansion: Continuously update the dataset with new CT images to keep the
system relevant and accurate. Use publicly available datasets to ensure accessibility and
reduce the need for proprietary data acquisition.

Data Sharing and Collaboration: Promote open data sharing with the medical community
under ethical guidelines to foster collaborative advancements in CKD diagnostics.

3. Financial Sustainability

Cost-Effective Deployment: Optimize the system for deployment on low-cost hardware,
ensuring affordability in resource-limited settings. Offer subscription-based or pay-per-use
models for hospitals and clinics to maintain steady revenue.

Partnerships and Funding: Collaborate with healthcare organizations, governments, and
non-profits to secure funding and support for scaling the system

4. Social Sustainability

Accessibility and Equity: Deploy the system in underserved and rural areas to bridge
healthcare disparities. Ensure affordability so that even low-income populations can
benefit from early CKD detection.

Training and Education: Train healthcare professionals on how to use the system
effectively, ensuring widespread adoption and integration

5. Technological Sustainability

Scalability: Build the system to handle larger datasets and integrate with evolving medical
standards like DICOM and HL7. Design for compatibility with future advancements in
deep learning and medical imaging.

Regular Updates: Implement periodic updates to enhance model performance, incorporate
new features, and fix bugs.

5.3 Project Management and Financial Analysis

This section provides a detailed breakdown of the project’s cost analysis, including a
primary budget, an alternative budget, and a revenue model. The analysis ensures
efficient resource allocation and long-term financial sustainability.

Primary Budget:
Table 5.1 Primary Budget
Category Description Estimated Cost (BDT)
Hardware GPU (Intel(R) Arc A750 41000/-
Graphics), 16GB RAM, 1TB
SSD
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Software Open-source tools 0/-
(TensorFlow, Keras, Python,
etc.)
Cloud Services Google Colab Pro (4 months) 4800/-
Dataset Kaggle CT Kidney Dataset 0/-
(free to use)
Personnel Researcher and teammate 6,000/-
Costs for development (2 people, 6
months)
Miscellaneous Internet, additional storage, 5000/~
Expenses small purchases
Total 56,800/-
Alternate Budget:
Table 5.2: Alternate Budget
Category Description Estimated Cost (BDT)
Hardware Refurbished GPU and 32,000/-
lower-tier components
Software Open-source tools 0/-
(TensorFlow, Keras,
Python, etc.)
Cloud Services Google Colab free tier 0/-
Dataset Kaggle CT Kidney 0/-
Dataset (free to use)
Personnel Costs Reduced work hours 2,500/-
and duration (5
months)
Miscellaneous Minimal expenses 3,000/~
Expenses (Internet and small
purchases)
Total 37,500/-
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5.4 Complex Engineering Problem
5.4.1 Complex Problem Solving

Table 5.3: Mapping with complex problem solving.

EP1 EP2 EP3 EP4 EP5 EP6 EP7
Dept of Range Depth of [Familiarit [Extent of [Extent Interdependen
Knowledg (Of lAnalysis [y of Issues |[Applicabl |Of Stake- |[ce
e Conflicting e Codes holder
Requiremen Involveme
ts nt
Y \ \

Justification of EP1: Depth of Knowledge

Rationale: The project requires combining advanced knowledge in machine learning
algorithms with domain-specific expertise in medical imaging. Preprocessing CT images,
developing custom CNNs, and fine-tuning VGG19 necessitate a high level of technical
proficiency.

Justification of EP2: Range of Conflicting Requirements

Rationale: The model must balance multiple objectives, such as achieving high accuracy
while ensuring low computational cost and maintaining compliance with ethical and
regulatory requirements.

Justification of EP3: Depth of Analysis

Rationale: Evaluating performance requires not just basic metrics but also deeper
analysis, such as error categorization and identifying biases. This analysis helps refine the
model and address gaps in detection.

Justification of EP6: Extent of Stakeholder Involvement

Rationale: The involvement of healthcare professionals ensures clinical relevance and
validation, while collaboration with data providers ensures access to high-quality datasets.

Mapping with Knowledge Profile for EP1

Table 5.4: Mapping with knowledge Profile.

K3 K4 K5 K6 K8
Engineering Specialist Engineering Engineering Research
Fundamentals [Knowledge Design Practice Literature

\ N \

1. Justification of K3: Engineering Fundamentals

The success of this project depends on understanding the fundamental principles of deep
learning and their application in medical image analysis. Preprocessing, model
architecture, and evaluation all require strong engineering fundamentals.

2. Justification of K4: Specialist Knowledge
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Advanced techniques like fine-tuning pre-trained models (VGG19) and training custom
architectures (CNN) are key to achieving accurate CKD detection, requiring in-depth
domain knowledge.

3. Justification of K8: Research Literature

The project is heavily research-oriented, drawing insights from literature to refine
methodologies, address challenges (e.g., dataset bias, ethical concerns), and improve
performance metrics.

5.4.2 Engineering Activities

Table 5.5: Mapping with complex engineering activities.

EA1 EA2 EA3 EA4 EA5
Range of re- [Level of Innovation Consequences |[Familiarity
sources Interaction for society and

environment

\ Y \

Justification of EA1: Range of Resources

The project integrates computational tools, cloud-based services, and publicly available
datasets, showcasing the breadth of resources required for successful execution.
Justification of EA2: Level of Interaction

Collaboration is key, involving internal team interactions, medical professional inputs for
clinical validation, and external dataset contributions.

Justification of EA3: Innovation

The project introduces a hybrid approach, combining custom CNNs and pre-trained
VGG19, which is a novel application in CKD detection.

Justification of EA4: Consequences for Society and Environment

By improving healthcare outcomes and early CKD detection, the project addresses a
critical societal need while minimizing environmental impact through sustainable
computational practices.

Justification of EA5: Familiarity

Familiarity with established tools and methodologies ensures the reliability of the project
while facilitating its scalability and adaptability to other medical conditions.
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5.5 Summary

This chapter highlighted the critical engineering standards and design challenges
associated with the development and deployment of the CKD detection system.
Compliance with relevant standards such as HIPAA for data privacy, DICOM for medical
imaging communication, and ISO/IEC 27001 for secure data handling ensures the
reliability and interoperability of the proposed system. Ethical aspects such as fairness,
transparency, and patient privacy were emphasized to maintain trust and accountability.
The societal and environmental impacts of the project were analyzed, showcasing its
potential to improve public health outcomes and reduce healthcare costs while addressing
environmental concerns like energy consumption. A sustainability plan was outlined to
ensure the long-term viability of the project through energy-efficient practices, scalable
design, and social equity.

Lastly, a comprehensive project management and financial analysis was presented,
detailing primary and alternate budgets and proposing a flexible revenue model for future
commercialization. This chapter establishes the foundation for implementing the CKD
detection system responsibly, efficiently, and sustainably.
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Chapter 6
Conclusion

This chapter concludes the project by summarizing its achievements, limitations, and
key findings. It also outlines future directions to enhance the CKD detection system's
accuracy, scalability, and real-world applicability.

6.1 Summary

This project focused on developing a hybrid deep learning model for the early detection
and classification of Chronic Kidney Disease (CKD) using medical imaging data. The
primary goal was to address the limitations of existing CKD detection methods by
employing innovative deep learning approaches, such as Custom CNN and fine-tuned
VGG19 models, to enhance diagnostic accuracy.

Throughout the project, various stages were meticulously executed, including dataset
collection from Kaggle, preprocessing, augmentation, and splitting into training,
validation, and testing sets. The models were trained and evaluated using
performance metrics like accuracy, precision, recall, F1-score, and ROC-AUC curves.
Rigorous analysis was conducted to ensure the robustness of the models and to address
challenges such as dataset imbalance and overfitting.

The project also adhered to engineering standards such as HIPAA for data privacy and
DICOM for medical imaging, ensuring the ethical and secure handling of medical data.
Additionally, the potential societal and environmental impacts were evaluated,
emphasizing accessibility, healthcare cost reduction, and sustainability through
energy-efficient practices.

6.2 Limitation

1. Dataset Limitations
The dataset used was sourced entirely from Kaggle, which, while publicly available, may
not comprehensively represent the variability found in real-world clinical environments.
The dataset size was limited, which might affect the model's ability to generalize to larger
and more diverse populations.

2. Computational Constraints

Training deep learning models such as CNN and VGG19 required substantial
computational resources, including high-end GPUs and cloud services. This limited the
©Daffodil International University 33



scope for extensive hyperparameter tuning and experimentation.

3. Imbalanced Dataset
The dataset exhibited class imbalance, leading to potential biases in model predictions.
Although augmentation and other techniques were applied, this imbalance may have
impacted the robustness of the results.

4. Limited Stakeholder Involvement
The project primarily relied on publicly available datasets without direct collaboration
with medical professionals, limiting clinical validation and domain-specific feedback.

5. Black-Box Nature of Deep Learning Models
To improve the interpretability of the proposed hybrid model, Grad-CAM (Gradient-
weighted Class Activation Mapping) was implemented, providing visual explanations for
the model's predictions. This step enhances trust and usability for clinicians, ensuring that
diagnostic decisions are transparent and actionable. Despite these efforts, deep learning
models remain challenging to explain fully, which can still pose a barrier for widespread
clinical adoption.

6. Environmental Impact
The high computational energy requirements for training models contribute to the carbon
footprint, raising sustainability concerns, particularly for large-scale implementations.

7. Focus on Image Data Only

The project relied solely on medical imaging data for CKD classification, whereas
integrating clinical metadata (e.g., lab test results, patient history) could enhance
diagnostic performance.

6.3 Future Work

1. Expanding the Dataset

Collect larger and more diverse datasets from real-world clinical settings to improve the
model's generalizability and robustness. Incorporate datasets representing various
demographics and geographical regions to address potential biases.

2. Multimodal Data Integration

Combine medical imaging data with other clinical information such as lab test results,
patient history, and genetic data to improve diagnostic accuracy. Explore hybrid models
capable of processing both structured (tabular) and unstructured (image) data. Future
research will explore the integration of multimodal data, combining medical imaging with
clinical parameters such as lab test results and patient histories. This approach has the
potential to improve diagnostic accuracy and provide a comprehensive understanding of
CKD progression, enabling personalized treatment plans.

3. Collaborations with Medical Professionals
Work closely with healthcare professionals for clinical validation of the model, ensuring
practical relevance and reliability in real-world scenarios. Incorporate domain knowledge

to refine feature selection and model design.
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4. Model Interpretability

Implement advanced explainability techniques like SHAP (Shapley Additive
Explanations) or LIME (Local Interpretable Model-Agnostic Explanations) to make the
decision-making process more transparent for clinicians. Enhance the interpretability of
deep learning predictions to build trust among medical practitioners and patients.

5. Improving Computational Efficiency
Optimize model architectures to reduce computational costs and training times without
compromising accuracy. Leverage energy efficient algorithms and hardware to address
environmental sustainability concerns.

6. Deploying in Real-World Applications

Develop a user-friendly interface or software tool for deploying the CKD detection system
in clinical settings. Explore cloud-based solutions for scalability, enabling remote
diagnostics in resource-limited areas.

7. Advanced Model Development

Experiment with advanced architectures, such as Vision Transformers (ViT) or other state-
of-the-art models, to further improve classification performance. Incorporate semi-
supervised or unsupervised learning approaches to utilize unlabeled data effectively.
Recent advancements, such as Vision Transformers (ViTs), have shown promise in medical
imaging tasks. While this study focuses on CNN-based architectures for their proven
efficacy in CKD detection, future work will compare their performance with ViTs to
evaluate potential improvements in feature extraction and classification accuracy.

8. Real-Time Application

Explore real-time CKD detection systems that integrate seamlessly with healthcare
workflows. Develop systems compatible with PACS (Picture Archiving and
Communication Systems) for hospitals and diagnostic centers.
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