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ABSTRACT 

Kidney hydronephrosis is a common condition characterized by the dilation of the renal pelvis and 

calyces due to obstruction in the urinary tract. In, today, where multiple scanned images are 

obtained for each patient, the current hydronephrosis stage classification is time-consuming, 

depends on the knowledge and the mood of the radiologist, and is susceptible to variability in 

classification between and among observers. Deep learning techniques can be utilized for kidney 

hydronephrosis stage classification. Utilizing deep learning in kidney hydronephrosis stage 

classification reduces the workload of radiologists and increases diagnosis accuracy. In this thesis, 

we explore the use of deep learning models, specifically VGG16, ResNet50, and InceptionV3, 

combined with image preprocessing techniques like noise reduction, image resize, augmentation, 

segmentation, feature extraction, and image normalization to improve model performance. 

Additionally, we conduct comparative analyses to assess the robustness and generalization 

capabilities of the fine-tuned models across kidney CT-scanned datasets.  A  total of 7400 CT 

scanned images are used to build the model with 80% of the dataset used for training, 10 %  for 

validation, and 10% for testing.  Features from kidney CT images are extracted using transfer 

learning with pre-trained VGG16, ResNet50, and InceptionV3 models and fed into fully connected 

layers for stage classification. The performance of each model is evaluated using model evaluation 

metrics of accuracy, f1 score, and recall. The accuracy score of ResNet50, VGG16, and 

InceptionV3 is 79%,91%, and 74% respectively, 87%,86% and,63% recall, 85%,86%, and 67% f1 

scores. Comparing those values VGG16 has higher accuracy, recall, and f1 score, and is larger and 

is the best model for kidney hydronephrosis stage classification from CT scanned images. 

Misclassifications occurred due to the similar structure of kidney  images at each level that caused 

hydronephrosis. Future work should address these challenges. This research contributes to the 

advancement of automated kidney hydronephrosis stage classification by using deep learning and 

image processing techniques. The findings highlight the potential of VGG16 as a powerful model 

for accurate and efficient classification of kidney hydronephrosis stages. 

 

Keywords: Features Extraction, Kidney hydronephrosis, InceptionV3,  ResNet50, Transfer 

learning, VGG16
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CHAPTER ONE 

INTRODUCTION 

1.1. Background 

Human disease is an abnormal condition affecting an individual's body, leading to dysfunction or 

discomfort. Diseases can affect any part of the body and range in severity from mild and temporary 

to severe and chronic. Nephrolithiasis, another name for kidney stones, is a common and 

excruciating urological illness that impacts millions of people worldwide [2]. It is typified by the 

accumulation of solid mineral deposits in the kidneys or urinary tract. Solid mineral and salt 

deposits that accumulate in the kidneys are known medically as renal calculi [3]. If treatment is 

not received, these tiny, hard mineral deposits that develop in the kidneys can cause excruciating 

pain, interfere with daily activities, and result in serious consequences. They can vary in size and 

shape, from tiny crystals to larger, more complex structures. These stones develop when there is 

an imbalance in the substances that make up urine. All kidney stones can grow to damage areas of 

normal kidney tissue if left untreated, which could lead to disability and possibly be fatal. 

Kidney stones are becoming more common [4]. According to the Ethiopian Public Health 

Association hundreds of thousands of visits to dialysis services, and kidney implants [5]. Several 

factors contribute to kidney stone formation. The buildup of mineral and salt crystals that are 

expelled in urine and eventually turn into stones is the cause of kidney stone disease. A 

combination of environmental and genetic factors is also responsible for their cause [6]. 

Dehydration is a major risk factor because it concentrates minerals in the urine. In addition, 

smoking, drinking too little water, being overweight, eating a poor diet, getting too little sleep, and 

many other things can contribute to it. An excessively salty, protein-rich, and oxalate-rich diet can 

also raise the risk of kidney stones. Kidney stones can be more common in people with specific 

medical conditions, such as hyperparathyroidism, urinary tract infections, and a family history of 

the disease [7]. All racial, cultural, and geographic groups are affected by kidney stones. 

Artificial Intelligence (AI) is revolutionizing various fields by enabling machines to perform 

tasks that typically require human intelligence[8]. AI comprises a variety of technologies, such 
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as machine learning, deep learning, natural language processing, and computer vision. These 

technologies enable AI systems to analyze massive volumes of data, identify patterns, and make 

conclusions without any human participation. 

Artificial intelligence, renal disease, and health are converging to change the way that medicine is 

provided[9]. AI-driven technologies are increasingly being used to enhance the early classification, 

detection, and management of kidney disease. By analyzing patient data, machine learning 

algorithms are able to forecast the course of diseases, and detect risk factors,  

Hydronephrosis is the swelling of the kidney due to the backup of urine caused by an obstruction 

in the urinary tract [10]. This obstruction can occur at any point in the urinary tract, impeding the 

normal drainage of urine from the kidneys to the bladder. Common causes include kidney stones, 

tumors, or congenital abnormalities. The increased pressure within the kidneys can lead to kidney 

damage over time, potentially resulting in renal impairment if left untreated. Diagnosis typically 

involves imaging studies such as ultrasounds or CT scans, and management varies depending on 

the underlying cause, ranging from conservative approaches to surgical interventions aimed at 

relieving the obstruction and restoring normal urinary flow.  

Since there is a rapid growth in digital image processing and computer vision it is important to 

develop an improved computer-based stage classification system that can reduce the current 

kidney stone hydronephrosis stage classification. 
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Figure 1. 1 Structure of Kidney[11] 

1.2. Motivation 

We live in a world dominated by technology on a significant scale, major network coverage, high-

end smartphones, machine learning, Deep Learning, and discoveries and improvements in AI. 

Deep learning models have been increasingly applied in disease detection, classification, and 

image feature extraction. Technology development in recent years has led to the widespread 

adoption of machine learning and deep learning approaches for disease diagnosis[12]. These 

methods provide a reliable tool for making definitive diagnostic decisions that require long and 

complex processes because both the diagnostic accuracy and diagnosis time are shortened by them.  

Kidney hydronephrosis is a prevalent urological condition that impacts millions of people globally, 

causing significant pain and potentially leading to severe complications. Early and accurate stage 

classification of kidney hydronephrosis is crucial for effective patient management and treatment 

planning. 
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Among many other killer diseases, kidney hydronephrosis is the most severe cause of death in the 

world, which affects the kidney part of the human body [13]. Medical professionals can currently 

classify the stage of kidney hydronephrosis using CT scans, ultrasound, and magnetic resonance 

imaging. The potential to improve patient outcomes, lower healthcare costs, and increase the 

overall effectiveness of healthcare systems are some of the driving forces behind research into 

kidney hydronephrosis stage classification and machine learning-based hydronephrosis stage 

classification. The key factors that initiate the conduct of studies on hydronephrosis stage 

classification are: 

➢ Kidney hydronephrosis is a killer disease so timely and accurate classification of its 

severity helps to take appropriate medical treatment based on the stage of the disease. 

➢ Early hydronephrosis prevention, and stage classification: timely prevention and 

classification of hydronephrosis based on its severity can aid in preventing irreversible 

kidney damage. 

➢ Diagnosing problems leads healthcare professionals to provide incorrect medical 

treatment, which may aggravate the problem.   

1.3. Statement of the Problem 

Kidney hydronephrosis disease may pose a serious threat to life. Consequently, kidney 

hydronephrosis must be diagnosed as soon as possible. Sometimes kidney hydronephrosis is 

difficult to identify with the naked eye due to the low quality of the images, which might cause 

false alarms.  Today, where multiple scanned images are obtained for each patient, the current 

hydronephrosis stage classification is time-consuming and susceptible to variability in 

classification between and among observers. The rate of errors in clinical radiology practices is 

4%. Even though 4% might not seem like much, when we take into account all of the scans that 

are done globally, it adds up to a substantial number of errors [14]. It is a very time-consuming 

and tedious task. Hence, it is associated with many challenges, such as the depth of knowledge 

that the radiologist possesses, and the mood of the radiologist. Existing methods for kidney 

hydronephrosis stage classification often rely on manual interpretation of medical imaging, which 

can be time-consuming, subjective, and error-prone. Therefore, there is a pressing need for 

advanced computer-aided techniques to enhance the process of kidney hydronephrosis stage 

classification. 
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Diseases are diagnosed in medicine using the expertise of medical professionals [15]. This study 

proposed better and more reliable results for patients so that more patients can be diagnosed and 

cured. In line with this, early identification of kidney hydronephrosis is very useful in encouraging 

a good chance of patient recovery. The primary problem to be addressed in this study is the 

development of a robust and efficient model for kidney hydronephrosis stage classification.  

By addressing these aspects, this study aims to contribute to the improvement of kidney 

hydronephrosis stage classification and management, ultimately enhancing patient care and 

reducing the burden of kidney hydronephrosis-related complications on healthcare systems and 

individuals. 

1.4. Research Questions  

➢ Which image preprocessing techniques are suitable for kidney CT 

hydronephrosis images? 

➢ Which transfer learning model performs best for kidney hydronephrosis image 

classification? 

➢ Which Deep learning technique model achieves the best result for kidney 

hydronephrosis stage classification? 

➢ To what extent does the developed model classify the kidney hydronephrosis 

stage? 

1.5. Objectives 

1.5.1. General Objective 

The general objective of this study is to develop a kidney hydronephrosis stage classification 

model using deep learning and image processing techniques.  

1.5.2. Specific Objective 

To achieve the general objective, the following specific objectives are identified: 

➢ To select a suitable preprocessing technique for kidney CT scanned image. 

➢  To determine appropriate deep learning pre-trained feature extraction techniques 

for hydronephrosis stage classification model development. 
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➢ To determine which deep learning pre-trained model achieves the best result for 

kidney hydronephrosis stage classification. 

➢  To evaluate the performance of the developed models. 

1.6. Scope and Limitations of the Study  

The focus of this research is to design and create a model for kidney hydronephrosis stage 

classification using kidney-scanned images(only computed tomography (CT) scanned) as input, 

image preprocessing, and Deep learning. However, it does not include samples taken from 

laboratory blood and urine tests and does not classify hydronephrosis caused by women’s 

pregnancy, kidney tumors, or other conditions. 

1.7. Significance of the Study 

In today’s where multiple scanned images are obtained for each patient, the manual classification 

of kidney hydronephrosis in laborious is susceptible to variability between and among observers. 

The rate of errors in clinical radiology practices is 4%. Even though 4% might not seem like much, 

when we take into account all of the scans that are done globally, it adds up to a substantial number 

of errors [14]. It is a very time-consuming and tedious task, and hence it is associated with many 

challenges, such as the depth of knowledge that the radiologist possesses, the mood of the 

radiologist, and the accuracy of the machine. 

In most fields of medicine that require specialized knowledge, radiology is among the top therefore 

there is a need for a kidney hydronephrosis model that can assist the physicians in reading the 

images. In addition, even though radiologists’ manual methods of detecting, classifying, and 

analyzing scanned images are reliable, with no doubt it is tedious, laborious, time-consuming, and 

highly subjective. Automation of the kidney hydronephrosis stage classification process is 

therefore highly desired. The proposed study has the following significance in the medical area. 

1. Using deep learning techniques lowers risk and improves classification accuracy while 

lightening the workload for doctors. 

2. Improve patient outcomes: Ultimately, the use of deep learning in kidney hydronephrosis 

stage classification can lead to better patient outcomes by enabling earlier intervention and 

accurate diagnosis.  



7 

 

3. The use of deep learning in medical imaging, such as CT scans improves diagnostic 

accuracy and reduces the possibility of human errors across a wide range of medical areas. 

1.8. Thesis Organizations 

The thesis is organized into five chapters in each chapter there is an organized sub-topic to describe 

the chapter topic roles in detail explanations. The first chapter describes the background, study 

area, problem to be solved, significance, scope, aim of the study, and limitation of the study are 

included. Chapter two discusses literature reviews on mechanisms of data collection, processing 

techniques, feature extraction techniques, and how models are developed to classify accurately the 

stage of kidney hydronephrosis diseases. Chapter three represents the selected techniques starting 

from data collection to model building including research flow, and system model architecture of 

kidney hydronephrosis stage classification. The experiment results and discussions as well as 

model performance are presented in chapter four of the study. The thesis, conclusion, 

contributions, and recommendations for future work are discussed in the last chapter which is in 

chapter five. 
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CHAPTER TWO 

LITERATURE REVIEW 

2.1. Introduction 

In this Chapter, an overview of kidney hydronephrosis, medical imaging techniques, and several 

previous research works that have been done related to automated kidney hydronephrosis stage 

classification systems using different approaches have been reviewed. Then different techniques 

of digital image processing (image acquisition, image preprocessing, feature extraction, 

segmentation, and classification), and deep learning are discussed in detail. Many proposed 

techniques have been introduced by different researchers for kidney disease with Computer-Aided 

Systems. The field of focus and the gap, results of these thesis works are also presented and 

discussed. 

2.2. Human Health 

Health is a broad notion that includes physical, mental, and social well-being [1]. It is not just the 

absence of disease or disability, but also an overall approach to sustaining a healthy lifestyle. 

Proper nutrition, regular physical activity, adequate sleep, and mental health care are essential 

components of a healthy lifestyle. Several diseases destroy human normality or health status. One 

of them is kidney disease which causes the loss of proper functionality on the kidney organ. One 

of the diseases is kidney stone which leads to hydronephrosis. 

2.3.  Kidney Stone and Hydronephrosis 

The urinary tract’s anatomy consists of a bladder, two ureters, and two kidneys [16]. The kidney 

is an organ with the shape of a double bean that can process 200 quarts of blood and produce two-

quarters of urine, which is made up of water and waste particles. Urine travels via the ureter tubes 

from the kidney to the bladder [17]. When a person urinates, the bladder fills with urine and 

releases it. Stones are formed in the urinary bladder, ureter, or kidney due to the collection of 

chemical substances[18]. 

Hydronephrosis is a medical condition marked by the swelling or enlargement of one or both 

kidneys due to the accumulation of urine[7]. This occurs when urine cannot flow properly from 
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the kidney to the bladder, resulting in an obstructive backup. The primary cause of hydronephrosis 

is obstruction within the urinary tract, often attributed to conditions such as kidney stones, tumors, 

blood clots, or congenital abnormalities. Additionally, structural issues like vesicoureteral reflux 

and ureterocele can contribute to the condition. Even pregnancy may induce hydronephrosis as the 

growing uterus exerts pressure on the ureters, impeding the normal flow of urine. 

The symptoms of hydronephrosis are typically noticeable and include flank pain, urinary 

frequency, urgency, discomfort during urination, and in severe cases, nausea, vomiting, and 

fever[20]. 

The diagnosis involves various imaging studies such as ultrasound, CT scans, or MRI to visualize 

the kidneys and urinary tract, urodynamic studies, and blood/urine tests. Early identification and 

classification are crucial to prevent complications, such as kidney damage or recurring infections.  

Treatment strategies involve addressing the underlying cause, which may include surgery to 

remove obstructions or repair abnormalities, pain management, antibiotics for associated 

infections, and sometimes the placement of a ureteral stent to facilitate urine flow. 

The prognosis for hydronephrosis varies based on the underlying cause, the promptness of 

diagnosis, and the extent of kidney damage. Timely intervention is essential to prevent irreversible 

harm to the kidneys and ensure a more favorable outcome[21]. Overall, hydronephrosis 

underscores the importance of a comprehensive approach in identifying and managing both the 

symptoms and the root causes of urinary obstruction to preserve kidney function and promote 

overall well-being. If an individual suspects hydronephrosis or experiences related symptoms, 

consulting with a healthcare professional is crucial for an accurate diagnosis and appropriate 

treatment  [22]. 

In recent years, the occurrence of kidney hydronephrosis has been on the rise [18]. Unfortunately, 

many of these are classified too late, after symptoms appear. It is much easier and safer to remove 

a small stone than a large one.  More percent of hydronephrosis starts as a lower-grade stage. 

However, mild hydronephrosis becomes severe hydronephrosis. Once symptoms appear, it is 

generally too late to treat the kidney stone. 
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Based on the severity of the condition hydronephrosis can be categorized into mild, moderate, or 

severe based on imaging studies. 

2.3.1. Mild Hydronephrosis 

In the mild stage of hydronephrosis, there is typically slight dilation of the renal pelvis, which is 

the part of the kidney where urine collects before flowing into the ureter and eventually the bladder 

[23]. This dilation indicates some degree of urinary obstruction, causing a backup of urine within 

the kidney. Despite this mild dilation, kidney function is generally preserved, and individuals may 

not experience significant symptoms. In some cases, mild hydronephrosis may be asymptomatic 

and only discovered incidentally during imaging studies conducted for unrelated reasons. 

2.3.2.  Moderate Hydronephrosis  

In the moderate stage of hydronephrosis, there is a more significant dilation of the renal pelvis 

compared to the mild stage[23]. This increased dilation suggests a more pronounced obstruction 

in the urinary tract, leading to a greater accumulation of urine within the kidney. As a result, 

individuals with moderate hydronephrosis may experience more noticeable symptoms, including 

flank pain, urinary urgency, and discomfort during urination. While kidney function is often still 

preserved at this stage, there is an increased concern for potential complications and a need for 

more active management. 

2.3.3.  Sever Hydronephrosis  

In the severe stage of hydronephrosis, there is a substantial and often dramatic dilation of the renal 

pelvis, signifying a significant obstruction in the urinary tract[23]. At this advanced stage, the 

swelling of the kidney is profound, and individuals may experience severe symptoms, including 

intense flank pain, frequent urination, and potential complications such as nausea, vomiting, and 

fever[20]. There is an increased risk of damage to kidney function, and urgent medical attention is 

essential to address the underlying cause and prevent further deterioration. 

The location, composition, and size of kidney hydronephrosis stones all affect how they are treated. 

With more fluid intake and pain relief, small stones may pass naturally. Larger kidney stones might 

need to be treated with ureteroscopy, shock wave lithotripsy, or percutaneous nephrolithotomy [2]. 
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Preventive measures include eating a balanced diet, staying hydrated, and taking care of any 

underlying medical conditions. 

Depending on the kind of kidney stone and its cause, there are different approaches to treating 

hydronephrosis. 

1. Hydronephrosis with minimal symptoms. 

The majority of hydronephrosis with minimal symptoms can be treated non-invasively. A tiny 

stone might be able to go through: 

Drinking water: up to two to three quarts (1.8 to 3.6 liters) of fluid per day will keep urine diluted 

and may help avoid the formation of stones. 

Pain relievers: tiny stones can be uncomfortable to pass. A doctor might suggest taking naproxen 

sodium (Aleve) or ibuprofen (Advil, Motrin IB, and other brands) to treat mild pain. 

Medical therapy: a medication to help pass kidney stones may be prescribed by doctors. By 

relaxing the ureter's muscles, this kind of medication known as an alpha-blocker allows to pass 

kidney stones more quickly and with less discomfort. Tamsulosin (Flomax) and the medication 

combination dutasteride and tamsulosin (Jalyn) are examples of alpha-blockers. 

2. Hydronephrosis with more symptoms. 

More intensive treatment may be necessary for kidney stones that are too big to pass on their own 

or that result in bleeding, kidney damage, or persistent urinary tract infections. Procedures could 

consist of: 

Using sound waves to break up stones: Extracorporeal shock wave lithotripsy (ESWL) is a 

procedure that doctors may recommend for specific kidney stones, depending on their size and 

location. By producing powerful vibrations known as shock waves, ESWL breaks up stones into 

small fragments that can be excreted in urine [24]. Patients may be given light anesthesia or be 

sedated during the 45–60-minute procedure, which has the potential to cause moderate pain. 

Surgery to remove very large stones in the kidney: - A kidney stone can be surgically removed 

during a procedure known as a percutaneous nephrolithotomy. Small telescopes and instruments 

are inserted through a tiny incision in the patient's back.  
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2.4.  Medical Imaging Diagnosis Techniques 

Visual representations of internal organs are produced for clinical studies through medical 

imaging[20]. The conventional diagnosing method for hydronephrosis varies from one medical 

organization to another. It depends on the medical center. According to the American Urological 

Association, the current gold standard for confirming kidney stones is a non-contrast CT of the 

abdomen and pelvis [25]. However, by incorporating machine learning and Digital Image 

Processing, it is possible to make a classification of hydronephrosis. This can be implemented 

using a computer-aided system. Computer-aided systems and technology show that Computer-

aided systems can help to improve the hydronephrosis stage classification accuracy of radiologists, 

lighten the burden of increasing workload, reduce errors missed due to fatigue, overlooked or data 

overload, and improve inter and intrareader variability [26]. 

Medical images nowadays play an essential role in the detection and diagnosis of numerous 

diseases [26]. There are various types of medical imaging acquisition techniques and the most 

common are X-ray, Ultrasound, CT scan, and MRI. These imaging modalities have been used to 

train deep learning (DL) models that are accurate and robust enough to aid doctors in diagnosing 

conditions like cardiac abnormalities, COVID-19, prostate cancer, kidney stones, brain tumors, 

breast cancers, and skin cancers. 

A. X-rays, or Radiography: is a form of electromagnetic radiation, just like light waves and radio 

waves [27]. They are a widely used medical imaging technique that plays a crucial role in the 

diagnosis of various diseases and conditions. It involves the use of a small amount of ionizing 

radiation to create images of the inside of the body. X-ray images, also known as radiographs, 

help healthcare professionals visualize the structure and condition of bones, organs, and 

tissues. X-rays are a simple method and cost-effective. 

B. CT scan, or a Computed Tomography Scan, is a medical imaging technique that uses X-rays 

and computer processing to create detailed cross-sectional images of the body. It is one of the 

most common imaging models used to identify kidney stones by clinical experts [20]. It 

provides more detailed information than traditional X-rays and is commonly used in disease 

diagnosis and treatment planning. During a CT scan, a patient rests on a table that slides into a 

large, tunnel-shaped scanner [24]. Some exams require that a contrast dye be injected into a 

vein before the procedure. 
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C. Ultrasound scan, also known as sonography, is a non-invasive medical imaging technique that 

utilizes high-frequency sound waves to create real-time images of internal body structures [28]. 

It is commonly employed to visualize organs, tissues, and blood flow patterns, aiding in 

diagnosing various medical conditions, including pregnancy monitoring, abdominal disorders, 

and cardiovascular diseases. Unlike X-rays, ultrasound does not involve ionizing radiation, 

making it safe for use during pregnancy and repeated examinations. Additionally, its portability 

and versatility make it a valuable tool in diverse medical settings, offering quick and detailed 

insights into the body's anatomy and function. 

D. MRI is a type of medical imaging that creates finely detailed images of the body's internal 

structures by using radio waves and a strong magnetic field[24]. An MRI does not use ionizing 

radiation, in contrast to CT or X-ray scans. Rather, it depends on specific atoms' magnetic 

characteristics that are found in the body, usually hydrogen atoms found in water molecules. 

The gold standard method for kidney stone hydronephrosis detection, size measurement, and 

localization is a non-contrast CT (NCCT) scan of the kidneys, ureters, and bladder [29]. In the 

past years, medical imaging has seen significant advancements for diagnosis disease. Currently, 

diagnosis of disease are effective on the use of existing technology which is artificial intelligence 

(AI) . AI has major roles in the health sector for different approaches such as disease epidemic 

prediction, and classification using various ways of data representation. These advancements 

have improved the accuracy, efficiency, and overall outcomes of diagnostic procedures. The field 

of AI which have advantageous on the health field are Machine learning and Deep Learning. 

Using of deep learning in the large dataset have outperformed result than traditional machine 

learning. 

2.5. Deep Learning 

Deep learning(DL) is a subset of Machine Learning that follows a multi-layered strategy that aids 

in performing better classification functions like identifying anomalies and irregularities in 

medical images, patient clustering based on similar characteristics and levels of severity, or finding 

the interrelation between outcomes and disease-related symptoms[25]. 

In DL, artificial neural networks with multiple layers between the input and output layers are used 

to model high-level abstractions in data. These networks are capable of learning from large 
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amounts of labeled or unlabeled data, automatically discovering intricate patterns and features that 

are difficult to capture with traditional machine-learning techniques. 

Deep learning has been successfully applied to various tasks such as image recognition, speech 

recognition, natural language processing, and more. Some popular deep learning architectures 

include convolutional neural networks (CNNs) for image-related tasks, recurrent neural networks 

(RNNs) for sequence data and transformer models for natural language processing tasks like 

language translation and text generation. 

2.5.1. Transfer Learning 

Transfer learning is the process by which the information/knowledge obtained while resolving a 

particular problem can be applied to solve another problem on similar lines[47]. Transfer Learning 

is an approach to adapt and apply the knowledge acquired on another related task to the task at 

hand. A model is developed to solve tasks and transfer the knowledge of the model to related tasks 

to solve the same problems in the image recognition task. However, it is difficult to train the 

convolutional neural network from scratch due to the required large image data. 

2.5.2.  Convolutional Neural Network 

Convolutional Neural Networks (CNNs) represent a class of deep learning models specifically 

designed for processing structured grid data, such as images [32]. CNNs have computer vision 

tasks by effectively capturing hierarchical features in an image through a series of convolutional 

and pooling layers. The most important and unique component of a convolutional neural network 

over other neural networks is the convolution layer. The convolutional layers apply filters to detect 

patterns and features in local regions of the input, while pooling layers reduce spatial dimensions, 

preserving essential information. This architecture enables CNNs to automatically learn and 

extract meaningful representations, making them highly effective for tasks like image 

classification, object detection, and facial recognition. 
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Figure 2. 1  Convolutional neural network architecture [48]. 

Convolutional Neural Networks (CNNs) consist of several key components that enable them to 

process and analyze images effectively. 

Convolutional layers: - The convolutional layer is the first layer in Convolutional Neural 

Networks. The convolution layer performs mathematical operations of convolutions on the input 

images for the classification task using a set of filters (kernels) to extract feature maps [49]. The 

kernels have dimensions of N * N * D, where N * N is the size of the kernel and D is the number 

of channels that correspond to the channels in the images convolved. The filters slide over the 

input, capturing local patterns and features. Convolutional layers help the network automatically 

learn hierarchical representations.  In this layer, a set of filters is applied to the image to identify 

and extract specific features, such as edges, corners, and textures. 
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             Figure 2. 2 Convolutional operation 

Activation functions: the activation function of a convolutional neural network determines which 

output neuron, out of the inputs from a particular set of nodes, should be activated [50]. Introduce 

non-linearity to the model, allowing it to learn complex relationships in the data. Common 

activation functions used in CNNs include:  

1. ReLU (Rectified Linear Unit): - ReLU is one of the most widely used activation functions 

in CNNs. It introduces non-linearity by setting all negative values to zero and leaving 

positive values unchanged. Mathematically, it is given by this simple expression in the 

equation below. 

𝑅(𝑥) = {
0, 𝑥 < 0
𝑥, 𝑥 ≥ 0

       or      R(𝑥)=𝑚𝑎𝑥 (0, 𝑥) 
…………….…………………..…………………(2.1) 

                                      

       Where   (x) is the input to the function, 

                    R(x) is the output. 
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Figure 2. 3 Relu Activation Function.[51] 

2. A Sigmoid function is a mathematical function that has a characteristic S-shaped 

curve[52]. Sigmoid functions have the property that they map the entire number line into a 

small range such as between 0 and 1, or -1 and 1, so one use of a sigmoid function is to convert 

a real value into one that can be interpreted as a probability. Mathematically, it is described by 

the formula, 

     𝛼(𝑥)= 
1

1+e−x
 ……………………………..…………………….………………(2.2) 

         Where     (x) represents the input to the function, 

                    𝛼(𝑥) is the output and 

                 𝑒 represents Eulers’s number which is approximately equal to 2.71828. 

 

Figure 2. 4 Sigmoid activation function [53] 

 

3. Softmax:- In the output layer of CNNs, softmax is frequently utilized for multi-class 

classification tasks. It assures that the total of the probabilities equals one by 
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normalizing the output into a probability distribution across several classes. 

Mathematically, it is described by using the formula:- 

    
𝑒𝑧𝑖

∑ 𝑒𝑧𝐽𝐾
𝑖=0

 
………………………………….………………………………………..(2.3) 

 

Where  (z_i) is the input to the softmax function for class(i). 

             (K )is the total number of classes. 

             𝑒 represents Eulers’s number which is approximately equal to 2.71828. 

            (z_j) is the input to the softmax function for class(j). 

Pooling layers: To lower the dimension of the feature map while preserving the information 

required to minimize the number of network parameters and the computational cost of the network, 

a pooling layer is inserted between two convolutional layers[49]. The pooling layer reduces the 

size of the input image by combining the features of neighboring pixels into one feature value. 

Downsample the spatial dimensions of the input data, reducing its resolution. Max pooling, for 

example, selects the maximum value from a group of neighboring pixels, helping to retain essential 

information while reducing computational complexity [48]. 

 

Figure 2. 5 Max and average poling [54] 
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Fully connected layers: The fully connected layer is the last in CNN architecture [49].  These layers 

connect every neuron from one layer to every neuron in the next layer. The result from the last 

pooling or convolutional layer is the input to the dense or fully connected layer, in which it is 

flattened and provided to the fully connected layer. Fully connected layers are typically used in the 

later stages of the network to combine high-level features and make final predictions. 

Flattening: Before connecting to fully connected layers, the output from the convolutional and 

pooling layers needs to be flattened into a one-dimensional vector. Creates a vector that is needed 

as input to the artificial neural network. It is needed because ANN requires a long vector. 

This process retains the spatial relationships learned by the convolutional layers. Creates along 

vector that is needed as input to the neural network. 

 

Figure 2. 6 Flattening [55] 

2.6. Feature Extraction 

Features are said to be properties that describe the whole image. Feature selection in image 

processing refers to the process of choosing a subset of relevant features (attributes or 

characteristics) from the original set of features in an image [56].  

Feature extraction aims to reduce the dimensionality of the data by retaining only the most 

discriminative and significant features, thereby speeding up processing algorithms and enhancing 

the overall performance of image processing systems. 

Deep learning offers powerful feature extraction techniques that have revolutionized various 

fields, from computer vision to natural language processing[57]. One of the key strengths of deep 

learning lies in its ability to automatically learn intricate and hierarchical representations directly 
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from raw data. Convolutional Neural Networks (CNNs), a type of deep learning architecture 

widely used in image analysis, excel at extracting meaningful features from images. These 

networks consist of multiple layers that learn progressively complex features, starting from simple 

edges and textures to high-level object representations. CNNs have been instrumental in tasks like 

image classification, object detection, and image segmentation due to their feature extraction 

capabilities. 

Another noteworthy deep-learning technique for feature extraction is Transfer Learning. Transfer 

learning leverages pre-trained models, such as VGG, ResNet, or Inception, that have been trained 

on large-scale datasets like ImageNet. By utilizing these pre-trained models, researchers can 

benefit from the learned features without needing to train the entire network from scratch. Transfer 

learning is particularly useful when working with limited datasets or when computational 

resources are constrained. It allows practitioners to fine-tune pre-trained models on specific tasks, 

facilitating rapid development and deployment of deep learning solutions. 

The selected features should ideally capture the essential information needed for a specific task, 

such as object recognition, classification, or segmentation while minimizing redundancy and 

irrelevant details [58]. Techniques for feature selection include statistical methods, information-

theoretic measures, machine learning algorithms, and conventional neural network pre-trained 

models that evaluate the contribution of each feature to the overall task. By focusing on the most 

relevant features, feature selection helps improve the accuracy, reduce computational complexity, 

and enhance the interpretability of image processing systems. 

2.7.  CNN Model Architectures 

A. VGG16 

VGG is popular because of its simplicity and uniform architecture, making it easy to understand 

and implement. The VGG16 architecture consists of 16 convolutional and fully connected layers. 

The convolutional layers are stacked one after the other, and they use small 3x3 filters. Max-

pooling layers with 2x2 filters are used to downsample the spatial dimensions. 

The VGG16 architecture strictly uses 3 by 3 convolution kernels with intermediate max-pooling 

layers for feature extraction and a set of three fully connected layers toward the end for 
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classification. Each convolution layer is followed by a ReLU layer in the VGGnet architecture. 

The design choice of using smaller kernels leads to a relatively reduced number of parameters, and 

therefore efficient training and testing [48]. 

 

Figure 2. 7 VGG16 -architecture[48] 

B. GoogLeNet  

The Inception Module is another name for the GoogleNet architecture. The 2014 ILSVRC winner 

is The Inception Module [48]. Less computation complexity and fewer parameters characterize the 

Inception block. The GoogLeNet architecture has 22 layers and fully connected layers. It has only 

5 million parameters.  

 

 

Figure 2. 8 GoogLeNet architecture [48] 

C. ResNet50  

ResNet50  is a widely-used deep learning architecture, part of the ResNet (Residual Network) 

family, developed to address the challenges of training very deep neural networks. ResNet consists 

of layers, primarily composed of residual blocks that allow for the training of exceptionally deep 

networks without encountering vanishing gradient problems. The key innovation is the inclusion 
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of skip connections, or shortcuts, that enable the gradient to flow more directly through the network 

during backpropagation [59]. This design facilitates the training of deeper networks, leading to 

improved accuracy in image classification and other computer vision tasks. ResNet50 has become 

a popular choice for various applications, especially when a robust and deep feature extractor is 

required  

 

Figure 2. 9 ResNet50 architecture[60] 

D. InceptionV3 

InceptionV3 is a type of convolutional neural network architecture intended for object detection 

and classification. It is a member of the Google-developed Inception model family, which has 

become famous for making effective use of computational resources. InceptionV3 introduces the 

concept of "Inception modules," which are blocks containing multiple parallel convolutional layers 

with different filter sizes[59].This allows the network to capture features at various scales. The 

architecture also incorporates factorized convolutions and global average pooling to reduce the 

number of parameters and computations. InceptionV3 achieved state-of-the-art performance on 

the ImageNet Large Scale Visual Recognition Challenge (ILSVRC) and is often used for transfer 

learning in computer vision applications due to its versatility and efficiency in extracting 

meaningful features from images. 



23 

 

 

Figure 2. 10 Architecture  of InceptionV3 

 

 

 

 

2.8. Digital Image Processing 

An image can be defined as a two-dimensional function f (x, y), where x and y are spatial (plane) 

coordinates [26]. We refer to an image as a digital image when it contains finite, discrete values 

for x, y, and the amplitude value of (f) at any pair of coordinates (x, y) is called the intensity of the 

grey level of the image at that point. 

Mathematically a digital image is a two-dimensional matrix representation made up of a finite 

number of point cell elements, also known as pixels (picture elements, or pixels). Numerical values 

are used to represent each pixel in an image. In grayscale images, this is usually limited to a single 

value that indicates the pixel's intensity, which falls between 0 and 255. In color images, however, 

three values are stored, each of which represents the amount of red (R), green (G), and blue (B). 

An image is referred to as binary if it contains just two intensities. 

Digital image processing is the process of using a digital computer to process digital images[26]. 

It is a multidisciplinary field that involves the manipulation of digital images using computer 

algorithms. Images are captured through devices such as cameras or generated through various 

means, and digital processing techniques are then applied to enhance, analyze, or extract 

information from these images. The overarching goal is to improve the visual quality of images, 

making them more suitable for specific applications across diverse industries. Digital image 

processing is important in a wide area of mathematical and computational methods to address 
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challenges such as noise reduction, image sharpening, and the extraction of meaningful features, 

contributing to advancements in fields like medicine, computer vision, and remote sensing. 

Most Digital image processing application for image classification follows similar steps such as 

image acquisition, image preprocessing, segmentation, feature extraction, and classification [26]. 

2.8.1.  Image Acquisition 

Image acquisition refers to the process of capturing visual information or data from the real world 

to create a digital image[30]. This process involves the use of imaging devices, such as cameras or 

sensors, to convert optical information into a digital format that can be stored and processed by 

computers. The quality and characteristics of the acquired image depend on the properties of the 

imaging device, the environmental conditions, and the nature of the scene being captured. 

Image acquisition is the initial step in the digital image processing pipeline, involving the capture 

or generation of digital images through devices like cameras and collecting medical data (MRI, 

CT scanner, ultrasound). Image acquisition sets the foundation for subsequent processing tasks, 

such as enhancement, restoration, and analysis, and is a critical component in various fields, 

including medicine, surveillance, astronomy, and computer vision. The quality and characteristics 

of the acquired images significantly impact the effectiveness of the overall image-processing 

workflow. before any video or image processing can commence an image must be captured by the 

camera and converted into a manageable entity [31]. 

2.8.2. Image Preprocessing 

Image preprocessing is a crucial step in computer vision and image analysis, involving the 

application of various techniques to enhance the quality and relevance of digital images before 

further analysis [32]. This preparatory stage aims to address challenges such as noise reduction, 

contrast enhancement, and normalization to ensure that subsequent algorithms and models can 

effectively extract meaningful features. Common preprocessing methods include resizing, 

cropping, and color normalization, along with more advanced techniques like histogram 

equalization and edge detection. By optimizing image data through preprocessing, the accuracy, 

and efficiency of subsequent image-based tasks, such as object recognition or segmentation, are 

significantly improved [3]  
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2.4.3. Noise Reduction 

In image processing and computer vision, noise represents unwanted information which 

deteriorates image quality [33]. They are unwanted random variations in brightness or color that 

can degrade the quality of an image. It is often considered an undesirable artifact because it can 

obscure the true details of the image and reduce its overall clarity. Medical image analysis requires 

the pre-processing of the image, because, the noise may be added to the scanned images due to 

imaging device malfunction, signal interference, and patient maladjustment [26].  

2.4.3.1.Types of Noise 

Knowing the type of noise present in an image is important to remove the noise. The following are 

types of noise present in an image. 

A. Poisson Noise 

Poisson noise arises from the random nature of photon arrival in image acquisition processes such 

as X-ray imaging and astronomical imaging. It is characterized by its variance being equal to its 

mean intensity. Can be present in a wide range of images, especially those captured under low-

light conditions or involving the detection of low-intensity signals. In such scenarios, the random 

nature of photon arrival or the counting of weak signals can lead to variations in pixel intensity, 

resulting in the presence of Poisson noise. Studies [34] claimed that Poisson noise is common in 

Astronomical Images, Biomedical Images, and Microscopy Images 

B. Gaussian Noise 

It is a type of additive noise that follows a Gaussian distribution. Gaussian noise is commonly 

encountered in electronic sensors and communication channels[35]. Gaussian noise is often 

introduced unintentionally during image acquisition or transmission, leading to a degradation in 

image quality. 

C. Salt and Papper Noise 

This type of noise appears as randomly occurring white and black pixels, resembling grains of salt 

and pepper. It often occurs in images captured in low-light conditions or due to transmission 

errors[36]. 
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D. Speckle Noise 

Speckle noise is multiplicity noise that affects homogeneous regions in an image, creating a grainy 

appearance. It is common in ultrasound and synthetic aperture radar(SAR) images[37]. 

2.8.3. Noise Reduction Technique   

In image processing, various techniques are used to reduce noise and enhance image quality. 

A. Median Filter 

The median filter operates by replacing each pixel in an image with the median value of its local 

neighborhood [36]. First, for each pixel in the image, a local neighborhood is defined. This 

neighborhood is typically a square or rectangular region around the pixel. Then pixel intensity 

values within the local neighborhood are sorted in ascending order. This sorting process arranges 

the pixel values numerically. After that, the median value is determined by selecting the middle 

value in the sorted list of pixel intensities. If the neighborhood size is even, the median is usually 

calculated as the average of the two middle values. Finally, the original pixel value at the center of 

the neighborhood is then replaced with the calculated median value. 

The median filter operates by iteratively going pixel by pixel across the image and substituting the 

median value of adjacent pixels for each value. The "window" refers to the pattern of neighbors 

that moves pixel by pixel across the entire image. To calculate the median, first arrange all of the 

window's pixel values numerically, and then swap out the pixel under consideration for the middle 

(median) pixel value [26].  

B. Gaussian smoothing 

Gaussian smoothing is a low-pass filtering technique that reduces Gaussian noise by convolving 

the image with a Gaussian kernel [35]. 

C. Non-local Means (NLM)  filters 

NLM filtering averages similar patches from different parts of the image, effectively reducing 

various types of noise while preserving image details[38]. 
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2.8.4. Scaling (Normalization) 

The process of scaling /normalization involves the conversion of such pixel values into a standard 

format in the range of 0-1. The major advantage of such an approach is that it reduces the time 

taken to train the deep-learning models[25]. The normalization is achieved using decimal scaling by 

dividing each pixel value using the value 255 and this is performed for all channels. The 

ImageDataGenerator function in Keras API has been used to achieve the normalization of the pixel 

values. 

2.8.5. Image Resizing 

Image resizing is the process of changing the dimensions (width and height) of an image. Resizing 

an image reduces the computational load during both the training and testing. Smaller images often 

require less memory and computational resources, enabling more efficient processing. 

In the Convolutional Neural Networks (CNNs) model we resize the image, because CNN is a 

common architecture for image-related tasks, and requires a fixed input size[39]. Resizing ensures 

that the input to the network is consistent, facilitating the design and training of the neural network. 

2.8.6. Image Augmentation 

Deep Learning needs thousands of datasets for the model performance and handles the problem of 

overfitting, and class imbalance in training the model [40]. Image augmentation is a crucial 

technique in deep learning for improving model performance and generalization by artificially 

expanding the training dataset through transformations applied to the original images. 

Transformations like rotation, flip, scaling, translation, shearing, and zooming are applied to the 

existing images [41]. The goal is to introduce diversity and variability into the dataset, allowing 

machine learning models to generalize better to unseen data. 

2.8.7. Image Segmentation 

 

In computer vision, image segmentation is the process of dividing a digital image into several 

meaningful segments or regions according to specific attributes like texture, color, or intensity. 

Segmentation is the process of separating foreground from background or clustering regions of 

pixels based on similarities in color or shape [42]. The primary objective of image segmentation 
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is to simplify the representation of an image or make it more meaningful for analysis, enabling 

computers to understand and interpret visual information effectively [43]. This technique plays a 

crucial role in various applications, including medical image analysis, object recognition, and 

scene understanding, as it allows for the isolation and identification of specific objects or structures 

within an image, facilitating more accurate and detailed analysis in fields where precise delineation 

of regions of interest is essential. 

1. U-Net  

U-Net is a convolutional neural network (CNN) architecture designed for image segmentation 

tasks, particularly in biomedical image segmentation[44]. U-Net is characterized by a U-shaped 

architecture, featuring a contracting path for capturing context and a symmetric expansive path for 

precise localization. This network is particularly effective for segmentation tasks where the 

detailed delineation of objects or structures is crucial. 

U-Net architecture works by combining both contracting and expanding paths in a U-shaped 

configuration, allowing it to capture context at various scales while maintaining fine spatial 

information.  

On the left there is a contracting path(encoder) in which the input image is processed through a 

series of convolutional layers, downsampling the spatial resolution and increasing the number of 

feature channels. There is also a max pooling layer that is used to reduce the spatial dimensions 

while retaining the most salient features. Also, on the right side, there is an expanding 

path(decoder). The decoder consists of upsampling layers, which increases the spatial resolution 

of features. Skip connections directly link layers from the contracting path to the expanding path, 

allowing the network to retain detailed information during the upsampling process. In this 

architecture the convolutional layers in the expanding path refine the segmented output, capturing 

both local and global context. The final layer called the output layer employs a softmax activation 

function to produce a probability map, where each pixel in the input image is assigned a probability 

of belonging to a particular class or segment.  
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Figure 2. 11 Structure of U-net [45] 

2. Watershed image segmentation 

Watershed image segmentation is a technique employed in computer vision to partition an image 

into distinct regions based on the topographical analogy of a watershed [19]. In this method, pixel 

intensities are treated as elevation values, and flooding is simulated to identify boundaries between 

different objects or regions. The process begins by identifying markers that represent the initial 

points of flooding, often derived from intensity gradients or user-defined inputs. As the flooding 

progresses, watershed lines emerge, delineating the segmented regions. While watershed 

segmentation is effective in capturing intricate details and separating objects with well-defined 

boundaries, it may be sensitive to noise and can lead to over-segmentation. Careful marker 

selection and preprocessing are crucial for achieving accurate and meaningful segmentation results 

in diverse applications, including medical imaging, remote sensing, and biological image analysis. 
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3. Threshold-based image segmentation 

Threshold-based image segmentation is a fundamental technique in image processing and 

computer vision, where the goal is to partition an image into regions or objects based on intensity 

values[46]. The process involves setting a threshold value and classifying each pixel in the image 

as belonging to either the foreground or background based on whether its intensity is above or 

below the threshold. First, the suitable threshold value is selected, and each pixel in the image is 

compared to this threshold. Pixels with intensities above the threshold are classified as foreground, 

while those below are classified as background. 

2.9. Related Works 

According to the author in [5] the researcher developed kidney stone detection and classification 

using endoscopy images. The researcher used five 3D-CNN models for kidney stone identification 

and classification. Less computation complexity and fewer parameters characterize the Inception 

block. The first three models are used to detect kidney stones; each model has an eight-layer 

convolutional neural network (CNN-8), while the final two models use a six-layer convolutional 

neural network (CNN-6) to classify kidney stones. A novel dataset of 1000 images has been 

collected from various hospitals in Ethiopia. A training set of 0.8 and a testing set of 0.2 were 

formed from the dataset. The accuracy scores for the 3D-CNN models were 0.985. The limitation 

of this research work is since the researcher used a deep learning algorithm it requires more amount 

of data but, small numbers of data images, and is used only for training and testing cases. 

In [47] The presence or absence of kidney stones in CT scan images has been determined using 

four distinct deep-learning techniques. The four algorithms that are employed are InceptionNetV3, 

ResNet50V2, MobileNetV2, and VGG16. These kidney stone detection models were constructed 

using a dataset of 1799 kidney CT scan images. A combination of accuracy, precision, and recall 

metrics was used to evaluate each of the four models' classification performance. For classification, 

the InceptionNet neural network yielded the best results in terms of recall, accuracy, and precision. 

It yielded a recall of 0.8331, precision of 0.866, and accuracy of 0.862. These measurements are, 

respectively, 11%, 10.5%, and 2.9% higher than the corresponding values for the other three 

models. 
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An efficient deep learning technique for kidney stone detection is the convolutional neural 

network.[61]. According to the author, the CNN algorithm has been applied especially to the 

detection of kidney stones. Unwanted obstructions called ureteric stones develop in the ureters, 

which are elongated, muscular tubes that carry urine from the kidneys to the bladder. They are 

about ten meters in length. 465 male and female CT scan images were used to create the 

proposed model. Using a pixel/voxel-based machine learning approach, the method learns directly 

from raw data, bypassing the need for extracted features. The connected components approach was 

used for pre-processing, and the sensitivity was found to be 100%. The connected components 

approach consists of two steps namely the binarization and then the grouping of all pixels. The 

primary drawback of this approach is that the model was trained using a dataset that contained no 

images free of ureteral stones. Due to the absence of significant real-time data subsets in the source 

data, the performance metric appears to be skewed. The main finding of this study is that it focuses 

only on ureteral stones, which are more difficult to detect than kidney stones because their target 

area is smaller. This makes the research particularly noteworthy. 

In [62] kidney stone localization and detection from CT images were accomplished using the 

XResNet-50 deep neural network. Kidney stone detection is accomplished by a cross-residual 

network, which is comprised of the XResNet-50 algorithm. Furthermore, augmentation methods 

like rotation and zooming are used to get around the overfitting issue that arises when a model 

learns to memorize the input data. The parameters of the XRestNet-50 model were also adjusted 

using the Adam Optimizer and the Cross-Entropy Loss Function. 1800 photos of more than 500 

patients in two distinct classes kidney stone and normal with 790 and 1009 photos respectively in 

each category make up the dataset that was used to train the model. Sensitivity and Specificity, 

which were determined to be 95% and 97%, respectively, were two metrics used to assess the 

model's performance. Four normal images were incorrectly classified as having kidney stones by 

the model. The kind of scan images that were used to model the data is the primary cause of the 

misclassification. Because the images were of the coronal CT type, the scan also included images 

of the abdomen, thorax, and pelvis, among other parts. By segmenting the source image data to 

concentrate more on the kidney region in the source CT scan, the performance of this classification 

method could have been further improved. 
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In [63] after speckle noise was removed using the median filter, the Artificial Neural Network 

algorithm was used to identify kidney stones. Furthermore, to reduce complexity and increase 

classification accuracy, a specialized optimization algorithm known as the crow search 

optimization algorithm has been used. One hundred ultrasound pictures make up the dataset that 

was used to create the model. The model achieved 100% sensitivity, 90% specificity, and 93.45% 

accuracy in classification. The lack of a large number of images to train the model is the main 

disadvantage of this approach. Given the overfitting factor and the use of only 100 images, the 

classification accuracy is questionable. 

[2] describes a method for classifying kidney stone composition using a point-of-care image 

recognition system that combines smartphone microscopy and deep convolutional neural networks 

(CNNs). Surgically extracted kidney stones were imaged using a smartphone microscope, and a 

novel CNN architecture was built to classify the stones into four types: calcium oxalate (CaOx), 

cystine, uric acid (UA), and struvite. The model's performance was evaluated using accuracy, 

positive predictive value, sensitivity, and F1 scores, achieving high accuracy and F1 scores for 

each stone type. 

Table 2. 1 Summary of related work 

No Authors Title 

 

Dataset Techniques Gap 

1 Yildirim  The deep learning 

model for automated 

kidney stone 

detection 

1800 XResNet-50 • images contain another part 

such as the abdomen, or 

thorax. 

2 Cui et al. Automatic Detection 

and Scoring of 

Kidney Stones 

625 Deep 

Learning and 

Thresholding 

Methods 

• kidney images with 

significant anomalies were 

excluded 

3 Nithya et 

al. 

Kidney disease 

detection and 

segmentation 

100 ANN and 

multi-kernel 

k-means 

clustering 

• few datasets 
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4 Kristian 

M. Black 

et al. 

Deep learning 

computer vision 

algorithm for 

detecting kidney 

stone 

63 human 

kidney stones 

deep (CNN), 

ResNet 

• only 63 human kidney 

stones are taken. 

5 Alper 

Caglayan 

et .al 

Deep learning 

model-assisted 

detection of kidney 

stones on CT 

455 CT 

images 

xResNet50 

CNN 

architecture 

 

• The model trained on a 

small number of data 

6 Längkvist 

et .al 

Computer-aided 

detection of ureteral 

stones in thin slice 

CT volumes using 

CNN 

465 male and 

female CT 

scan 

CNN • The model was trained 

using a dataset that 

contained no images free of 

ureteral stones. 

 

In the above table (2.1) there are some gaps considered which are addressed in this study. This 

study focused on preprocessing techniques, collecting more CT images than the previous study for 

the robest classification model. While none of the conducted research addresses kidney stone 

hydronephrosis stage classification. 
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CHAPTER THREE 

DESIGN AND  METHODOLOGIES   

3.1. Overview 

The goal of this chapter is to give an overall description of this research methodology proposed 

for the kidney hydronephrosis stage classification model. The study passes through different steps; 

such as image acquisition, preprocessing, feature extraction, segmentation, and classification of 

kidney hydronephrosis stage to identify the given CT scanned image based on the disease level 

type. In this chapter, the research workflow and the general architecture of the system for the 

kidney hydronephrosis stage classification model are also described. The research process is 

defined as a framework of strategies and methods chosen by a research worker to mix various 

components of research in a reasonably logical to solve research problems. For the research to be 

completed, choosing an appropriate research design methodology is crucial. At this point in the 

analysis, the choice of research methods is crucial to the quality of the conclusions that will be 

made from the data. Thus, an experimental research design is chosen. Since the overall approach 

was numerical and the performance result of the expected outcome from this study is expressed in 

percentage. 

3.2.  Research Flow 

To perform this study, we start by identifying the problem and reviewing articles and previous 

research that were conducted using deep learning and traditional machine learning related to the 

study to gain a deep and clear understanding of the research domain. The kidney hydronephrosis 

stage classification model is proposed using the Deep learning pre-trained model and image 

processing techniques. Image preprocessing is applied to the image dataset and the proposed deep 

learning model is applied to the training, testing, and validation datasets. 
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Figure 3. 1 Research flow to build model. 

 

3.3. System Architecture  

The system architecture model for kidney hydronephrosis stage classification(KHSC) is described 

below in Figure 3.2. The model shows the hydronephrosis stage classification of kidney stone 

images using a deep learning pre-trained model.  
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Figure 3. 2 System Architecture 

The design typically provides a preview of the entire procedure used to assign a particular input 

image to one of the four classes. First input images are imported for preprocessing. Preliminary 

image processing techniques like resizing by bilinear interpolation, noise reduction by Gaussian 

with median filter, segmentation by u-net, augmentation, and feature extraction are applied to the 

CT image to increase the accuracy of the model. As in the figure, the system consists of three 

distinct phases. The training phase, validation, and test phase. Pre-trained model is built and trained 

on the training and validation dataset, and then the model is evaluated based on model evaluation 

metrics. After all the best classification model is selected and saved for unseen kidney CT scanned 

hydronephrosis image dataset. 
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3.4. Domain Expert 

In this research, a domain expert guide to collect and label data having more than five years of 

experience in radiology identified CT scanned images of kidney stone patients from Dilla 

University Specialized Hospital and Selam General Hospital. The domain experts determine the 

kidney hydronephrosis stage based on imaging results obtained from patients and are specialized 

in the radiologist department. Kidney CT scanned images are analyzed by the specialized 

radiologist to provide the result of the patient which is (mild, moderate, severe, or stone with 

hydronephrosis). 

3.5.  Image Preprocessing 

The collected image has some noise and different sizes therefore needs preprocessing techniques. 

Selecting the best techniques depends on the types of image application. In this study, different 

preprocessing techniques such as image resizing, normalization, noise reduction, segmentation, 

feature extraction, and image augmentation are used as an image preprocessing technique. The 

techniques used as preprocessing in this study are described as follows. 

3.5.1. Image Acquisition 

In this study, different organizations of diagnosis centers located in Dilla Ethiopia for kidney stone 

hydronephrosis stage classification are asked to get medical images using a letter written from 

Hawassa University. We presented the objective of images taken from patients and then asked for 

oral assent and consent before the pictures were taken. We collected kidney hydronephrosis (Mild, 

Moderate, and Severe) and kidney stones with no hydronephrosis from Dilla University 

specialized hospital, Selam General Hospital in Dilla City, and the online image data 

repositories(kaggel.com). CT-scanned images are taken from each class. Besides these image 

aquation for quantity and quality of classification model image augmentation is applied to the 

original images. 

During image acquisition, the Specialized doctors of the hospitals were guided very well in 

identifying and labeling the human kidney stone hydronephrosis stage. So, we have collected a 

total of 4,815 original images from four classes and to increase the number of image datasets we 

used data augmentation techniques.  
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3.5.2. Noise Reduction: Median Filter with Gaussian 

In image processing pipelines, noise reduction plays a vital role by enhancing image quality, 

improving feature visibility, and ensuring the accuracy and reliability of image analysis results. 

Different noise filtering techniques are applied based on the noise type on the image. The image 

dataset in this study is CT medical images, so for such images, there are different noise reduction 

methods are used, and select the suitable one using image quality evaluation metrics value from 

experimental results. CT medical images suffer from salt and paper noise leads to very high or low 

intensity caused by transmission errors or faults in image sensors. Such noise can be handled using 

a median filter. The median filter is the most common de-noising method used to reduce salt and 

paper noise and improve the quality of an image while preserving the edges and textures of the 

images [64].  The median filter is a powerful technique in digital image processing that reduces 

noise without compromising the sharpness of essential image features. Unlike traditional filters, 

such as the mean filter, which uses the average of neighboring pixels, it calculates the middle value 

within a local neighborhood. By doing so, it effectively removes outliers while preserving crucial 

details in the image. The median filter works by sliding window or kernel moves across the image 

pixel by pixel. At each position, the pixel intensities within the window are sorted, and the median 

value is selected as the new intensity for the central pixel. The median value represents the middle 

value in a sorted list of pixel intensities and is resistant to extreme values, making it an excellent 

option for noise removal. 

 

When confronted with irregular extreme noise values like salt-and-pepper noise, the median filter 

excludes these outliers when determining the median value. As a result, it can effectively address 

noise that would otherwise interfere with the performance of alternative filtering methods. 

1 11 15 22 23 32 35 70 321 
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3.5.3. Image Resize    

In this study when we collect datasets from hospital and online image repositories images have 

different sizes ranging from length of 391 to 512 pixels and width of 320 to 512 pixels and their 

was size incompatablity. The images are resized to 224 by 224 image width and height of matrix 

pixels. When we resize an image from larger size to smaller, and from smaller to larger information 

loss may happen. To remove information loss, we use a technique called interpolation.  

 

 

Original image                                    

 

Resized 224 by 224 image 

 

 

Figure 3. 3 Images after and before resized 

3.5.4. Image Rescaling/ Normalization 

Collected images have different ranges of pixel values. To standardize the input data, making it 

easier for the model to learn and converge faster during training.  We rescale the input images to 

pixel values in the range of 0 to 1. The normalization is achieved using decimal scaling by dividing 

each pixel value using the value 255. Normalizing an image is important for reducing the training 

time. 

3.5.5. Train-Test Dataset Split 

The preprocessed image datasets are arranged into four folders which are mild, moderate, severe, 

and stone with no hydronephrosis dataset images to train the proposed CNN pre-trained  model 
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algorithms. The total number of datasets is 7400 CT images. From this 80% of images are used for 

training,10% for validation, and 10% for testing, to evaluate the proposed model during training 

time.  

   

Figure 3. 4 Mild hydronephrosis images 
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Figure 3.5 Moderate hydronephrosis images 

   

Figure 3. 6 Severe hydronephrosis images 

 

 

 

 

 

 

Figure 3. 5 Kideny with stone but no hydronephrosis images. 

3.5.6. Image Augmentation 

In this study to increase the number of image training datasets artificially and to avoid class 

imbalance augmentation is used. We used a Python library called Keras and ImageDataGenerator, 

which helps with the transformation of images in different formats. ImageDataGenerator class is 

used, and transformation like Rotate_range: which is used to randomly rotate the original image 

from a degree range 0 to 180, Width_shift_range which: shows the infraction of total width and is 

used for random horizontal shift, Height_shift_range: the same as the Width_shift_range, but it 

works with height, Zoom_range: which used for random zooming of an image, Horizontal_flip: 
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used for random flipping of image horizontally, vertical_flip: used for random flipping of image 

vertically are used are applied to the given images. 

 

Figure 3. 6 Image Augmentation 

3.5.7. Image Segmentation 

 

U-Net image segmentation is favored for biomedical datasets due to its hierarchical feature 

extraction capabilities, preserving spatial information through skip connections, and its 

adaptability to limited annotated data common in biomedical imaging. Biomedical datasets often 

encompass diverse modalities, and U-Net's ability to be fine-tuned for different modalities while 

maintaining state-of-the-art performance makes it a versatile and effective tool for tasks like cell 

segmentation, organ detection, and various biomedical image analysis tasks. Its track record of 

achieving high accuracy, even with limited data, and its ability to capture details at different scales 

contribute to its widespread adoption among researchers and practitioners in the biomedical field. 
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Original image 
 

Image segmented by U-net 

 

Figure 3. 7  U-net Image Segmentation 

3.5.8. Feature Extraction 

Convolutional Neural Networks (CNNs) extract features from image datasets by applying 

learnable filters, also known as kernels or feature detectors, to the input image[65]. Through this 

convolution operation, the filters identify various patterns and features within the image, including 

edges, textures, corners, shapes, and object parts. Pretrained CNN models like VGG16, 

InceptionV3, and ResNet extract features from image data like general CNNs [66]. These pre-

trained models follow the standard CNN architecture, which involves convolutional layers, non-

linear activation functions, pooling layers, and fully connected layers. However, their key 

advantage lies in their prior training on extensive datasets, such as ImageNet, which enables them 

to learn highly meaningful and discriminative features from images. 

Pretrained models receive an input image, usually of a predefined size, as their input. The input 

image undergoes a sequence of convolutional layers, where each layer employs a collection of pre-

learned filters [67]. These filters have been trained to recognize diverse patterns and features in 

the input image, enabling the model to capture a wide range of visual concepts. On the 

convolutional layer nonlinear activation function is applied to introduce nonlinearity into the 

network to enhance complex relationships between the features. From the extracted feature less 

important information is discarded by the pooling layer [68]. After these, the feature maps are 

flattened into a one-dimensional vector and connected to fully connected layers. These layers, with 
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a large number of neurons, learn to classify the extracted features into different classes or 

categories. The output layer produces the final predictions or probabilities for the different classes 

present in the dataset. 

Feature extracted by VGG16: consists of several convolutional layers stacked on top of each 

other, with small 3x3 filters and a fixed stride of 1 [69]. This design choice allows VGG16 to learn 

a large number of filters, capturing both low-level and high-level features in the input image. The 

depth of VGG16 is what sets it apart, with a total of 16 weight layers, including 13 convolutional 

layers and 3 fully connected layers. 

Feature extracted by inceptionV3: the main difference between InceptionV3 and traditional 

CNNs lies in the design of the inception modules [70]. Inception modules are comprised of 

multiple parallel convolutional operations with different filter sizes (e.g., 1x1, 3x3, 5x5) and 

pooling operations. These parallel operations are then concatenated to form a unified set of 

features. By using a combination of different filter sizes in parallel, InceptionV3 can capture 

features at various spatial resolutions. The 1x1 filters help reduce the dimensionality of the input, 

allowing the network to process information more efficiently. The larger filters (3x3 and 5x5) 

capture more complex and high-level features that span larger regions of the input. Additionally, 

InceptionV3 incorporates the concept of "bottleneck layers" that further reduce computational 

complexity [65].  Bottleneck layers use 1x1 convolutions to reduce the number of input channels 

before applying more computationally expensive operations. This allows InceptionV3 to strike a 

balance between capturing intricate features and maintaining computational efficiency. Overall, 

InceptionV3 leverages the power of inception modules with parallel operations, different filter 

sizes, and bottleneck layers to extract features from images. This architecture enables the network 

to capture features at multiple scales and levels of abstraction, leading to improved performance 

in tasks such as image classification and object recognition. 

Feature extracted with ResNet50:   its key distinction from traditional CNN architectures lies in 

the inclusion of residual connections, which mitigate the problem of vanishing gradients during 

training [65]. In conventional CNNs, deep networks can encounter challenges with vanishing 

gradients, meaning the gradients become extremely small as they propagate through the layers. 

This issue hinders effective learning. ResNet50 tackles this problem by introducing residual 

connections, also known as skip connections. These connections allow the network to bypass one 
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or more layers and establish direct connections from earlier layers to later ones. By doing so, 

ResNet50 ensures a smoother flow of gradient signals during training, thereby helping the network 

learn deep representations more successfully[67]. 

In this study, we build a trained end-to-end model for kidney hydronephrosis stage classification. 

Pre-trained models perform feature extraction and classification. CT-scanned image features are 

extracted by the pre-trained model and fed to the top layer of the model for classification. 

3.6. Transfer learning 

Transfer learning is a machine learning technique where a model developed for a specific task is 

reused as the starting point for a model on a second, related task[71]. This method employs the 

knowledge from a large, pre-trained model on a new but related problem. For example, image 

classification with models like VGG16, ResNet, or InceptionV3 trained on ImageNet. The 

importance of transfer learning lies in its ability to significantly reduce the time and computational 

resources required for training, enhance model performance, and achieve better generalization, 

especially when dealing with limited labeled data. In many medical imaging tasks, such as kidney 

hydronephrosis stage classification, collecting a large annotated dataset can be challenging and 

time-consuming. 

3.7. Software Tools 

1. TensorFlow 

TensorFlow is the most famous library used in production for deep learning models. TensorFlow 

allows users to define, train, and deploy deep learning models efficiently, supporting a range of 

applications such as image and speech recognition, natural language processing, and more. 

TensorFlow has played a pivotal role in advancing the field of deep learning, providing researchers, 

developers, and data scientists with a powerful and accessible tool for creating and deploying 

sophisticated AI models. It implements standard mathematical operations on tensors, as well as 

many operations specialized for machine learning, and supports Multidimensional-array-based 

numeric computation, GPU and distributed processing, Automatic differentiation, Model 

construction, training, and export. It has a lot of classes Modules and functions [72]. 

2. Keras 
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Keras is a high-level API built on TensorFlow (also on Theano). It is more user-friendly than 

TensorFlow and allows researchers to quickly build and test networks with minimal effort.  

Keras is an open-source deep-learning library written in Python that serves as a high-level neural 

networks application programming interface (API). Originally developed as a user-friendly 

interface on top of other deep learning frameworks, Keras has become an integral part of 

TensorFlow since TensorFlow version 2.0. One of Keras' key strengths lies in its simplicity and 

user-friendly design, allowing both beginners and experienced researchers to quickly prototype 

and build neural network models. It provides a high-level abstraction for defining and training 

complex neural networks, enabling users to focus on model architecture and experimentation 

rather than low-level implementation details [72]. 

3. Google Colab 

Google Colab, short for Google Colaboratory, is a cloud-based platform that provides a free and 

accessible environment for running and developing machine learning and data science projects. 

Hosted on Google Drive, Colab allows users to create and share Colab Notebooks which are 

interactive documents combining code, text, and visualizations. One significant advantage of 

Google Colab is its provision of free resources, enabling faster computations and more efficient 

training of machine learning models. This feature is particularly beneficial for researchers who 

have access to high-performance hardware locally. 

Colab’s Notebook looks like the famous Jupyter Notebook with an additional bonus feature:  

➢ Access to GPU and  

➢ Stored data in Google Drive 

➢ Has a huge library for machine learning, and deep learning.  

 

4. Mendeley  

Mendeley is a comprehensive reference management tool that facilitates efficient organization, 

collaboration, and citation of academic research materials. Mendeley allows users to create a 

centralized digital library where they can store, organize, and annotate scholarly articles, papers, 

and other reference materials. One of Mendeley's key features is its ability to automatically extract 

metadata from imported documents, simplifying the process of adding and categorizing references. 

Furthermore, Mendeley offers powerful citation management capabilities. It integrates with 
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popular word processing software, such as Microsoft Word and LaTeX, allowing users to easily 

insert citations and generate bibliographies in various citation styles. The platform also provides a 

plugin for web browsers, making it convenient to save and organize references directly from online 

sources. Mendeley's user-friendly interface, extensive database, and collaborative features make it 

a valuable tool for researchers, academics, and students alike, streamlining the often-complex 

process of managing and citing references in scholarly work. 

3.8. Model Building 

After all the proposed image preprocessing is applied in the kidney CT medical dataset 

classification model is developed using different convolutional neural network deep learning 

architectures. 

1. VGG16 Model 

Pretrained models are typically trained on large datasets like ImageNet and have learned rich 

feature representations. In this case, we select VGG16 and we load the pre-trained model without 

the top layers (i.e., the fully connected layers used for classification). Then we Freeze the layers 

of the pre-trained model to prevent them from being trained again during feature extraction. Based 

on our interest we added dropout, Batch normalization, and new layers on top of the pre-trained 

model to perform feature extraction or classification based on your specific task. 

2. ResNet50 Model 

Pretrained models are typically trained on large datasets like ImageNet and have learned rich 

feature representations. In this case, we select ResNet50 and we load the pre-trained model without 

the top layers (i.e., the fully connected layers used for classification). Then we Freeze the layers 

of the pre-trained model to prevent them from being trained again during feature extraction. Based 

on our interest we added dropout, Batch normalization, and new layers on top of the pre-trained 

model to perform feature extraction or classification based on your specific task. 

3. InceptionV3 Model 

In this case, we select InceptionV3 and we load the pre-trained model without the top layers (i.e., 

the fully connected layers used for classification). Then we Freeze the layers of the pre-trained 



48 

 

model to prevent them from being trained again during feature extraction. Based on our interest 

we added dropout, Batch normalization, and new layers on top of the pre-trained model to perform 

feature extraction or classification based on your specific task. 

 

3.9. Image Quality Metrics 

1. Mean Square Error (MSE) 

The MSE (Mean Square Error) subtracts the input image from the output images to determine the 

image quality. It calculates the square errors of the input images and output images. 

Mathematically it is described by the equation 

MSE= 
1

𝑚𝑛
∑ ∑ [𝐴(𝑖, 𝑗) − 𝐵[𝐼, 𝐽)]𝑛−1

𝑗=0
𝑚−1
=0 2 

 

……………………..…………………(3. 1) 

                     Where: 

                     mn is the dimension of the image 

                     A (i, j) and B(i,j) represent the pixel values at location (i,j)in the original (reference) 

image and the distorted image, respectively. 

2. Peak to signal noise ratio (PSNR)  

Peak to-signal noise ratio evaluates the quality of the images between the input and the 

reconstruction images. Mathematically it is described by the equation. 

PSNR =      10log(
𝑀𝐴𝑋2

𝑀𝑆𝐸
) 

……...……………….…………..……………………(3. 2) 

 

        Where MAX represents the maximum possible pixel value of the image 

3.10. Performance Measurement Parameters 

The comparison of classification is done based on classification performance parameters. The 

performance measurement parameters are computed from the confusion matrix. This study model 

performance is measured using the following performance measurement parameters. 
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Figure 3. 8  Confusion matrix[73] 

True positive(TP): refers to a case where the model correctly predicts a positive class for an image, 

and the actual ground truth label for that image is also positive. 

False positive(FP): in image classification refers to a situation where the model incorrectly predicts 

a positive outcome when the actual outcome is negative. 

False negative(FN): in image classification occurs when the model incorrectly predicts a negative 

outcome when the actual outcome is positive 

True negative (TN): refers to a correctly predicted negative instance. 

Precision: measures the proportion of true positive predictions among all positive predictions made 

by the model. It focuses on the correctness of positive predictions. 

Mathematically  Precision= 
𝑇𝑃

𝑇𝑃+𝐹𝑃
 ……………….……………………………………….(3.3) 

 

Recall: measures the proportion of true positive predictions among all actual positives in the 

dataset.  It is all about correct results.  It focuses on the model's ability to correctly identify positive 

instances. 
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Mathematically Recall=
𝑇𝑃

𝑇𝑃+𝐹𝑁
 ……………………………………………………….(3.4) 

          

Accuracy: measures the overall correctness of the model's predictions. It is calculated as the ratio 

of correctly classified samples to the total number of samples. 

Mathematically Accuracy=
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝐹𝑃+𝑇𝑁+𝐹𝑁
 …………………….……………….………….(3.5) 
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CHAPTER FOUR 

EXPERIMENT AND RESULT DISCUSSION 

4.1. Overview 

This chapter discusses the detailed implementation procedure, dataset preparation, and 

experimental results on kidney hydronephrosis stage classification at the training, validation, and 

testing dataset. This section provides an explanation and presentation of the developed model's 

results using the study's pre-trained model. So, different experiment results are explored for the 

proposed CNN pre-trained models. The best performance model is selected from the CNN pre-

trained models (InceptionNet, ResNet50, and VGG 16) models. 

4.2.Dataset Preparation 

In this study, we collect datasets (mild, moderate, severe, and kidney stone with no hydronephrosis) 

for training, validation, and testing datasets from the Dilla University referral hospital, Selam 

General Hospital at Dilla City, and the Kaggle online free dataset repository. Images are labeled 

by domain experts(radiologists). The kidney hydronephrosis stage classification model is 

developed by conducting different experiments. Experiments are conducted starting from the 

preprocessing stage to the model development and evaluation step. Finally, the best result is 

selected based on model selection evaluation criteria. 

4.2.1. Image Preprocessing 

Noise reduction 

CT-scanned images are subjected to salt and paper noise as well as Gaussian noise. In our study 

we conduct Gaussian smoothing, non-local means denoising,  median filter, and adaptive median 

with Gaussian filtering techniques.  The results of the filtered images are compared with image 

evaluation metrics value by PSNR and MSE. The results of the evaluation are represented in the 

table below. 
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Table 4. 1 Comparison of image  quality after noise reduction 

Evaluation 

metrics 

Gaussian mean median Gaussian with 

median 

PSNR 25.36 22.06 23.57 24.16 

MSE 189.15 404.82 285.80 213.73 

As shown in the above table the noise removal technique image quality we get good results on 

Gaussian and median filter but we have selected Gaussian with median filter because of the nature 

of our CT image. 

 
 

Figure 4. 1 Comparison of the original and image filtered by the median with Gaussian filter. 

Image Resizing 

In our study collected images have different sizes ranging from the length of 391 to 512 pixels and 

width of 320 to 512 pixels. Since the pre-trained model requires a fixed image size of 224 by 224 

images are resized to 224 by 224 image width and height of matrix pixels. We have applied four 

interpolation techniques to resize the given collected image. These techniques are the Bicubic, 

Bilinear, nearest neighbor, and Lanczos interpolation techniques with an aspect ratio of 0.87. The 

result of the resized images is selected based on image quality evaluation metrics value. we have 
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selected bilinear interpolation techniques according to the similarity of the resized image to the 

original image.   

Augmentation 

To overcome the problem of class imbalance and limited dataset we use an augmentation 

technique. Augmentation is applied to the mild, moderate, severe, and kidney stones with no 

hydronephrosis class of the training dataset with the following augmentation parameters and their 

corresponding value. 

Table 4. 2 Image augmentation parameters and values 

Augmentation Parameter Value 

vertical_flip  True 

horizontal_flip  True 

zoom_range  0.2 

rotation_range  45 

Height_shift_range 0.2 

Width_shift_range 0.2 

 

During the augmentation process, a total of 2585 images are augmented from a four-class image 

dataset using the above list of augmentation parameter techniques in Table(4.2). After 

augmentation total of 7400 image datasets are stored for the classification model development.  

Also, the collected images from online and offline have different image extensions(PNG, JPEG). 

we change the image types of all images to JPEG image types to remove incompatibility. 
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Table 4. 3 Number of Original images and images generated by augmentation 

Class name Number of original 

images 

Number of 

augmented images 

Image extension 

Mild  1210 640 JPEG 

Moderate  1158 692 JPEG 

Sever  927 923 JPEG 

No-hydronephrosis 1520 330 JPEG 

Total image  4815 2585 

Image Segmentation  

In our study, for segmenting the images u-net-based image segmentation is applied after a 

comparison of different segmentation techniques such as threshold-based image, and watershed 

segmentation techniques. From the three segmentation techniques in this classification model 

development u-net-based segmentation performed best according to the characteristics of the CT  

kidney stone medical images.  

4.3. Image Dataset Split Ratio 

From the total collected 7400 images, we have trained the model using three split ratios. The 

splitting techniques are 10%-10%-80%, 10%-20%-70%, and 15%-15%-70% of the total image 

data for testing, validation, and training respectively. The number of instances in each ratio is 

represented in the table(4.4) below. The number of instances in each class differs according to the 

ratio listed in the illustrated table below. The model was developed based on the split ratio to select 

the best one from the list depending on the experimental result which tells the number of correct 

classifications.  
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Table 4. 4 Dataset Partition 

Split-Ratio(test, 

validation, train) 

Number of instances 

 (test, validation, train) 

Total Number of images  

10%-10%-80%, 740,740,5920  

 

                   7400 10%-20%-70%, 740,1480, 5180 

15%-15%-70% 1110,1110,5180 

 

4.4. Hyper-parameter Setup 

Hyperparameters are a parameter in deep learning whose value is set before the learning process 

starts. There are no standard rules to choose the best hyperparameters for the given problems. The 

hyperparameters are chosen by trial and error by conducting a different experiment on the 

Proposed CNN pre-trained model that gives the best performance of the models. To optimize the 

model's performance, a hyper-parameter setup process was conducted. The techniques compare 

and set the optimal parameter values as shown in Table (4.5) below.  

Table 4. 5 layers and parameters added to the pre-trained model. 

No. Hyperparameter 

 

Value 

1 Epoch 20,30,50 

2 Batch Size 16, 32,64 

3 Activation Function Relu for feature extraction, SoftMax for 

classification 

4 Unit 256,512,1024 

5 Learning rate 0.001,0.01 

6 Dropout 0.3, 0.5, 0.8 

7 Optimizer Adam 
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4.5. Experiment and Results of the Proposed Pre-trained Models 

In this study, different experiments are performed by freezing and fine-tuning different layers of 

the three pre-trained models. Freezing a pre-trained model prevents the weights of its layers from 

being updated during training. The pre-trained layers retain their learned features and are used as 

fixed feature extractors. To retain the extracted features layers are frozen. The following figure shows 

the general architecture of Freezing and fine-tuning layers in our pre-trained models. 

 

Figure 4. 2 Fine-tuned  architecture  

Then to make classification on the kidney CT scanned input image dataset new layers are added.  

4.5.1. VGG16  

The pre-trained VGG16 model has 13 convolutional layers, 5 pooling layers, and 3 fully connected 

layers, and also has 138 million parameters. The model is modified because it has 138 million 

parameters that train on the ImageNet Large Scale Visual Recognition Challenge (ILSVRC) and 

requires a lot of image datasets and 1000 classes, requiring large memory storage and 

computational powers. Images are converted to RGB image format because VGG16 pre-trained 
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models require RGB image format with dimensions of  224×224×3. However, in this study, the 

number of image datasets is limited to four classes, so,  it needs the output layer reshaped to four 

layers for classification with a softmax activation function. 

In our thesis, the VGG16 model without the fully connected layers has a feature map size of 

7x7x512 after the final convolutional layers. The GlobalAveragePooling2D layer then computes 

the average of each feature map across its spatial dimensions, resulting in a feature vector with a 

dimension of 512. The feature vector dimension for the VGG16 model in our model is 512, 

representing the output of the GlobalAveragePooling2D layer applied to the feature maps produced 

by the VGG16 convolutional layers. 

The following figure(4.3) shows a snapshot of the experiment conducted using the optimizer 

parameter ADAM, freezing all layers and making classification on the last block.  

  

 

Figure 4. 3 Freezing all layers of VGG16 and making classification on the last block. 
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The model is trained with four epoch values(20, 30, 40)  with bach size (16, 32, 64) from the 

trained iteration 40 epochs with 32 batch size has a better result. On such bach and iteration, the 

model trained with Adam optimizer and learning rate (0.01, 0.001, 0.0001) with a split ratio of 10%-

10%-80%, 10%-20%-70%, and 15%-15%-70%. The model achieved good classification results on 

a 0.001 learning rate of 10%-10%-80% dataset split ratio. 

The classification model achieved 91% train accuracy, 83% validation accuracy, and 86% test 

accuracy with a loss value of 0.6. Figure (4.4)below shows the train and validation accuracy-loss 

graph.  

 

Figure 4. 4 Train and validation accuracy -loss graph  for VGG16. 

The train and validation accuracy increases when the number of epochs increases. The validation 

accuracy is smaller than train accuracy after 30 iterations but till this epoch, the two tend to same 

values as indicated in the graph and overlap each other. The loss graph also represents the same 

report because it the complementary to the accuracy graph. The accuracy and validation are far 

away when the iteration increases. 

The model classification report on the test dataset is represented on the following confusion matrix 

as shown in (4.5) below. 
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Figure 4. 5 Confusion matrix for VGG16. 

As the figure above illustrates from the total number of 740 test sets 636 instances were correctly 

classified on the correct classes while the remaining 104 instances were misclassified. In the test 

set the number of instances correctly classified in each class are different. The model most probably 

did not correctly learn specifically the severe and mild classes.  

4.5.2. ResNet50  

In this experiment, the ResNet50 base model is obtained using the Keras API, and new layers are 

added to the base model. The model is trained with four epoch values(10,30, 35)  with bach size 

(16, 32, 64) from the trained iteration 35 epochs with 32 batch size has a better result. On such 

bach and iteration, the model trained with Adam optimizer and learning rate (0.01, 0.001, 0.0001) 

with a split ratio of 10%-10%-80%, 10%-20%-70%, and 15%-15%-70%. The model achieved 

good classification results on a 0.001 learning rate of 10%-10%-80% dataset split ratio. 

The ResNet50 model without the fully connected layers has a feature map size that depends on the 

input image size and the architecture of the ResNet50 model. The dimension of the feature vector 

in our ResNet50 model is the number of channels in the last convolutional layer of ResNet50, 

which is typically 2048. This means the feature vector would have a dimension of 2048, capturing 

high-level features extracted by the ResNet50 mode 
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The classification model achieved 79% train accuracy, 73% validation accuracy, and 81% test 

accuracy with a loss value of 0.58. Figure (4.6)below shows the train and validation accuracy-loss 

graph.  

 

Figure 4. 6 Train and validation accuracy -loss graph  for ResNet 50  

As shown in the above figure (4.6) the gap between validation and train accuracy is higher in the 

iteration from  10 to 35 compared to the other iteration 

The model classification report on the test dataset is represented on the following confusion matrix 

as shown in Figure (4.7) below. 
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Figure 4. 7 Confusion matrif for ResNet50 

As the figure above illustrates from the total number of 740 test sets 602 instances were correctly 

classified on the correct classes while the remaining 138 instances were misclassified.  

4.5.3. InceptionV3 

In this experiment, the InceptionV3 base model is obtained using the Keras API, and new layers 

are added to the base model. This model typically has a GlobalAveragePooling2D layer with 2048 

channels before the classification layers. Therefore, the feature vector dimension of 2048. The 

model is trained with four epoch values(20, 30, 50)  with bach size (16, 32, 64) from the trained 

iteration 100 epochs with 32 batch size have a better result. On such bach and iteration, the model 

trained with Adam optimizer and learning rate (0.01, 0.001, 0.0001) with a split ratio of 10%-10%-

80%, 10%-20%-70%, and 15%-15%-70%. The model achieved good classification results on a 

0.001 learning rate of 10%-10%-80% dataset split ratio. 
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In the InceptionV3 model, the feature vector dimension depends on the architecture of the 

InceptionV3 model and the layer at which the feature extraction is performed. In Our  InceptionV3 

model, the last layer before the classification layers is the GlobalAveragePooling2D layer, which 

outputs a feature vector with a dimensionality equal to the number of channels in that layer.  

Our  InceptionV3 model typically has a GlobalAveragePooling2D layer with 2048 channels before 

the classification layers. Therefore, the feature vector dimension in this case would be 2048 

The classification model achieved 63.46% train accuracy, 63.65% validation accuracy, and 65.54% 

test accuracy with a loss value of 0. 8429. Figure (4.8)below shows the train and validation 

accuracy-loss graph.  

 

Figure 4. 8 Train and validation accuracy -loss graph  for InceptionV3  

As shown in the above figure (4.8) the validation accuracy is higher than the train accuracy in all 

iterations. 

The model classification report on the test dataset is represented in the following confusion matrix 

as shown in Figure (4.7) below 
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Figure 4. 9 Confusion matrix for InceptionV3 model 

As the figure above illustrates from the total number of 740 test sets 485 instances were correctly 

classified on the correct classes while the remaining 255 instances were misclassified.  

4.6. Error Analysis  

1. Which preprocessing techniques are suitable for kidney CT hydronephrosis images? 

2. Which Deep feature extraction (transfer learning) method performs best for kidney 

hydronephrosis image classification? 

3. Which Deep learning technique model achieves the best result for kidney hydronephrosis 

stage classification? 

4. To what extent does the developed model classify the kidney hydronephrosis stage? 

Research questions are answered as described below in this study 

1. Which preprocessing techniques are suitable for kidney CT hydronephrosis images? 

Image datasets are enhanced with different preprocessing techniques for the model performance. 

Image resizing by bilinear interpolation and noise reduction by a median with Gaussian achieve 
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good results with an experimental comparison of various techniques using image quality 

evaluation metrics values before and after the experiment applied to the image. The number of 

collected images is balanced by augmentation. 

2. Which feature extraction techniques are suitable for kidney hydronephrosis stage 

classification? 

The feature extraction technique used for the model is features extracted using pre-trained deep-

based features extracted using CNN architectures (VGG16). The selection of these feature 

extraction techniques was based on the comparison of experiments on how deep learning pre-

trained classification models are developed for kidney hydronephrosis stage classification. 

3. Which deep learning pre-trained model achieves the best result for kidney hydronephrosis 

stage classification? 

The Deep learning pre-trained model was developed.VGG16 pre-trained models achieved good 

result compared to other to classifiy kidney hydronephrosis CT images to. 

4. To what extent does the developed model classify the kidney hydronephrosis stage? 

We evaluate the performance of the developed model using several metrics. These metrics 

provide a comprehensive understanding of the model's effectiveness in classifying kidney 

hydronephrosis stages. 

Error analysis is an essential tool in identifying areas where the deep-learning pre-trained model 

may be making mistakes, thereby aiding in the improvement of overall model performance. By 

analyzing errors in pre-trained learning models, several advantages can be gained, including a 

deeper understanding of model performance, the ability to assess data quality, identification of 

weak base learners, guidance for model updates, and the creation of a feedback loop for iterative 

model improvements. The proposed deep learning model, which was developed using both 

VGG16, ResNet50, and InceptionV3 pre-trained models, exhibited promising performance. The 

evaluation results for the pre-trained models model, using specific hyper-parameters such as a 

learning rate of 0.001, the Adam optimizer, ReLu as the activation function in the hidden layers, 

softmax as the output layer activation function, a dropout value of 0.5, and 32 batch size on 50 

epochs, are provided below. 
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Table 4. 6 Performance of each model 

Performance of VGG16 model 

Traning accuracy:-91% Traning loss:-22% 

Validation accuracy:-86% Validation loss:-48% 

Test accuracy:-83% Test loss:-57% 

Performace of ResNet50 model 

Traning accuracy:-79% Traning loss:-28% 

Validation accuracy:-83% Validation loss:-32% 

Test accuracy:-81% Test loss:-44% 

Performance of InceptionV3 model 

Training accuracy:-63.38% Training loss:-88.91% 

Validation accuracy:-64.86% Validation loss:-84.22% 

Test accuracy:-64.20% Test loss:-86.79% 

 

The VGG16 pre-trained classification model achieved high accuracy, correctly classifying 5458 

instances of training images, 643 validation images, and 648 testing images. However, the model 

misclassifies 462 images in the training dataset, 97 images in the validation dataset, and 92 images 

in the testing dataset. 

The majority of errors and misclassifications in the training, validation, and test data were due to 

mild classes as shown in Figure 4.5. The model often mistook mild images as moderate and normal 

images. Another error occurred with severe classes, where severe images were learned as mild, 

and moderate. To improve the model's accuracy and robustness, the researcher suggested 

correcting images that look like other classes and finding additional feature extraction techniques 

that can differentiate them. Additionally, the InceptionV3 pre-trained model exhibited weaker 

classification ability compared to VGG16 and ResNet50. 

4.7. Discussion   

This kidney hydronephrosis stage classification study uses three CNN pre-trained models which 

are  VGG16, InceptionV3, and  ResNet50. For all models, we have achieved better results on a 
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10%-10%-80% ratio with 32 bach size and 50 itration. The image dataset suffers from salt and 

paper noise and they are different sizes during collection and further preprocessing is needed. To 

reduce the noise, we have used four filtering techniques are used. From these due to the nature of 

the image and image quality evaluation metrics results in median with Gaussian and bicubic 

interpolation techniques are used for filtering and resizing respectively. features were extracted 

using pre-trained models( VGG16, ResNet50, and InceptionV3).In the developed model VGG16 

learns some of the severe and mild image instances as moderate and normal images but not as a 

class of them. The model achieved 91%, 83%, and 86% accuracy for training, validation, and 

testing respectively. The classification report represented in Figure (4.4) validation and accuracy 

graph separate speed as the iteration increases which suggests that the model is not generalizing 

as effectively to new data. The second pre-trained model(ResNet50) learns some mild images as 

moderate and normal, and severe as moderate. ResNet50 achieved 79%, 73%, and 81% accuracy 

for training, validation, and testing respectively. The third model(InceptionV3) pre-trained model 

learns some of the mild hydronephrosis images as severe, moderate, and normal. InceptionV3 

achieved 63.46% train accuracy, 63.65% validation accuracy, and 65.54% test accuracy. According 

to the classification report, the VGG16 model is the best one selected for our data set. According to 

the classification report, the VGG16 pre-trained model is the best one and selected for our data set.  
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CHAPTER FIVE 

CONCLUSION AND RECOMMENDATION 

5.1. Conclusion  

In conclusion, this study aimed to develop a model for classifying kidney hydronephrosis stages 

using deep learning and image processing techniques. For classification model datasets were 

collected from Dilla University General Hospital, Selam General Hospital, and a free online 

dataset repository(Kaggle.com). Dataset labeling was performed by radiologist domain experts. 

Basic preliminary image processing techniques were applied to the CT image datasets. Each 

preprocessing techniques were evaluated based on evaluation metrics and the best technique was 

selected for model development.  

The models employed in this research included VGG16, ResNet50, and InceptionV3, which are 

widely recognized for their capabilities in image classification tasks. Through extensive 

experimentation and evaluation, it was observed that VGG16 consistently outperformed ResNet50 

and InceptionV3 in terms of accuracy This superior performance can be attributed to VGG16's 

deep architecture with sequential connection pattern is common in traditional convolutional neural 

network (CNN) architectures, where each layer processes the input data step by step, gradually 

extracting higher-level features within the kidney images associated with different hydronephrosis 

stages. 

Moreover, the integration of image processing techniques such as preprocessing, feature 

extraction, and segmentation contributed significantly to enhancing the models' performance and 

interpretability. 

The results obtained in this study demonstrate the potential of deep learning and image processing 

approaches in medical image analysis, particularly in the context of kidney hydronephrosis stage 

classification. Future research directions may involve exploring ensemble methods and 

incorporating advanced deep-learning architectures to further improve classification accuracy and 

generalization across diverse datasets. 
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5.2. Contribution  

The study has made significant contributions to the field of kidney stone analysis, specifically in 

the areas of hydronephrosis stage classifications and data preprocessing techniques. The 

contributions of this study are summarized as follows:  

1. We have contributed a total of 7400 CT kidney hydronephrosis images with varying 

degrees of severity. This dataset, consisting of annotated images provides researchers with 

a valuable resource for training and validating their detection algorithms.  

2. We have contributed preprocessing techniques that have proven to be highly effective in 

improving the quality and reliability of kidney hydronephrosis data. In the preprocessing 

phase, techniques are chosen based on image quality evaluation metrics value to assess the 

impact of preprocessing techniques. 

3. By sharing our dataset and expertise in preprocessing techniques, we have facilitated the 

development of more accurate and comprehensive classification algorithms and have 

contributed to the broader understanding of kidney hydronephrosis. The potential 

implications of our work extend to healthcare professionals, enabling them to make more 

informed decisions in classification and treating kidney hydronephrosis patients. We 

remain committed to furthering research and are eager to collaborate with fellow 

researchers in advancing our collective understanding of this prevalent condition. 

5.3. Recommendation  

The proposed kidney stone hydronephrosis stage classification holds potential for stage 

classification using a CT image dataset.  However, several aspects require further investigation 

and improvement of the developed model. This section highlights key points that need further 

investigation. According to the additional investigation, we have suggested the following key 

points. 

Firstly it is recommended to use an additional dataset as the model is a deep learning-based model 

that needs a large dataset for model robustness. In a second way, we recommended that future 

researchers ensemble different pre-trained models for accurate classification. In the third 

recommendation, future investigators can build a hydronephrosis diagnosis model using the 
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collected CT images. In the last, we suggest that develop a machine learning or deep learning 

model for recommending health care and medical information to the patient. 
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APPENDIX I Customized VGG16 model Python code for hydronephrosis stage 

classification 

import os 

import cv2 

import numpy as np 

from sklearn.model_selection import train_test_split 

from keras.models import Sequential 

from keras.layers import Conv2D, MaxPooling2D, Flatten, Dense, Dropout 

from keras.preprocessing.image import ImageDataGenerator 

import matplotlib.pyplot as plt 

from sklearn.metrics import confusion_matrix, classification_report 

# Constants 

image_directory = "/content/drive/MyDrive/80 by 20 final dataset" 

classes = ["mild", "moderate", "normal", "sever"] 

num_classes = len(classes) 

img_size = 224  # VGG16 input size 

# Load and preprocess the images 

def load_images(): 

    images = [] 

    labels = [] 

    for class_label, class_name in enumerate(classes): 

        path = os.path.join(image_directory, class_name) 

        for image_name in os.listdir(path): 

            image_path = os.path.join(path, image_name) 

            image = cv2.imread(image_path) 

            image = cv2.resize(image, (img_size, img_size)) 

            images.append(image) 
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            labels.append(class_label) 

    return np.array(images), np.array(labels) 

 

# Split the data into training, validation, and testing sets 

def split_data(images, labels): 

    X_train, X_temp, y_train, y_temp = train_test_split(images, labels, test_size=0.2, 

random_state=42) 

    X_val, X_test, y_val, y_test = train_test_split(X_temp, y_temp, test_size=0.5, 

random_state=42) 

    return X_train, X_val, X_test, y_train, y_val, y_test 

# Build the VGG16 model 

def build_model(): 

    model = Sequential() 

    model.add(Conv2D(64, (3, 3), activation='relu', padding='same', input_shape=(img_size, 

img_size, 3))) 

    model.add(Conv2D(64, (3, 3), activation='relu', padding='same')) 

    model.add(MaxPooling2D((2, 2))) 

    model.add(Conv2D(128, (3, 3), activation='relu', padding='same')) 

    model.add(Conv2D(128, (3, 3), activation='relu', padding='same')) 

    model.add(MaxPooling2D((2, 2))) 

    model.add(Conv2D(256, (3, 3), activation='relu', padding='same')) 

    model.add(Conv2D(256, (3, 3), activation='relu', padding='same')) 

    model.add(Conv2D(256, (3, 3), activation='relu', padding='same')) 

    model.add(MaxPooling2D((2, 2))) 

    model.add(Conv2D(512, (3, 3), activation='relu', padding='same')) 

    model.add(Conv2D(512, (3, 3), activation='relu', padding='same')) 

    model.add(Conv2D(512, (3, 3), activation='relu', padding='same')) 

    model.add(MaxPooling2D((2, 2))) 
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    model.add(Conv2D(512, (3, 3), activation='relu', padding='same')) 

    model.add(Conv2D(512, (3, 3), activation='relu', padding='same')) 

    model.add(Conv2D(512, (3, 3), activation='relu', padding='same')) 

    model.add(MaxPooling2D((2, 2))) 

    model.add(Flatten()) 

    model.add(Dense(1024, activation='relu')) 

    model.add(Dropout(0.5)) 

    model.add(Dense(1024, activation='relu')) 

    model.add(Dropout(0.5)) 

    model.add(Dense(num_classes, activation='softmax')) 

    model.compile(optimizer='adam', loss='sparse_categorical_crossentropy', metrics=['accuracy']) 

    # Display model summary 

    model.summary() 

    return model 

# Train the model with data augmentation 

def train_model(model, X_train, X_val, y_train, y_val): 

    train_datagen = ImageDataGenerator( 

        rotation_range=20, 

        width_shift_range=0.2, 

        height_shift_range=0.2, 

        shear_range=0.2, 

        zoom_range=0.2, 

        horizontal_flip=True, 

        fill_mode='nearest' 

    ) 

    val_datagen = ImageDataGenerator()  # Validation data generator without augmentation 

    train_generator = train_datagen.flow(X_train, y_train, batch_size=32) 
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    val_generator = val_datagen.flow(X_val, y_val, batch_size=32) 

    history = model.fit(train_generator, epochs=100, validation_data=val_generator, verbose=1) 

    return history 

# Evaluate the model 

def evaluate_model(model, X_test, y_test): 

    loss, accuracy = model.evaluate(X_test, y_test, verbose=1) 

    print("Test Loss:", loss) 

    print("Test Accuracy:", accuracy) 

    y_pred = np.argmax(model.predict(X_test), axis=-1) 

    # Plot confusion matrix 

    plot_confusion_matrix(y_test, y_pred) 

    report = classification_report(y_test, y_pred, target_names=classes) 

    print("Classification Report:") 

    print(report) 

# Plot the confusion matrix 

def plot_confusion_matrix(y_true, y_pred): 

    cm = confusion_matrix(y_true, y_pred) 

    plt.imshow(cm, interpolation='nearest', cmap=plt.cm.Blues) 

    plt.title('Confusion Matrix') 

    plt.colorbar() 

    tick_marks = np.arange(len(classes)) 

    plt.xticks(tick_marks, classes, rotation=45) 

    plt.yticks(tick_marks, classes) 

    plt.xlabel('Predicted Label') 

    plt.ylabel('True Label') 

    thresh = cm.max() / 2.0 

    for i, j in itertools.product(range(cm.shape[0]), range(cm.shape[1])): 
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        plt.text(j, i, format(cm[i, j], 'd'), horizontalalignment="center", color="white" if cm[i, j] > 

thresh else "black") 

    plt.tight_layout() 

    plt.show() 

# Main function 

def main(): 

    # Load and preprocess the images 

    images, labels = load_images() 

    # Split the data into training, validation, and testing sets 

    X_train, X_val, X_test, y_train, y_val, y_test = split_data(images, labels) 

    # Build the model 

    model = build_model() 

    # Train the model 

    history = train_model(model, X_train, X_val, y_train, y_val) 

    # Evaluate the model 

    evaluate_model(model, X_test, y_test) 

if __name__ == '__main__': 

    main() 

APPENDIX vv  Customized ResNet50 model Python code for hydronephrosis stage 

classification. 

import os 

import cv2 

import numpy as np 

from sklearn.model_selection import train_test_split 

from keras.models import Model 

from keras.layers import Input, Conv2D, MaxPooling2D, GlobalAveragePooling2D, 

BatchNormalization, Activation, Dense 

from keras.optimizers import Adam 
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from keras.callbacks import ModelCheckpoint, EarlyStopping 

import matplotlib.pyplot as plt 

from sklearn.metrics import confusion_matrix, classification_report 

# Constants 

image_directory = "/path/to/dataset" 

classes = ["mild", "moderate", "normal", "sever"] 

num_classes = len(classes) 

img_size = 224  # ResNet50 input size 

# Load and preprocess the images 

def load_images(): 

    images = [] 

    labels = [] 

    for class_label, class_name in enumerate(classes): 

        path = os.path.join(image_directory, class_name) 

        for image_name in os.listdir(path): 

            image_path = os.path.join(path, image_name) 

            image = cv2.imread(image_path) 

            image = cv2.resize(image, (img_size, img_size)) 

            images.append(image) 

            labels.append(class_label) 

    return np.array(images), np.array(labels) 

# Split the data into training, validation, and testing sets 

def split_data(images, labels): 

    X_train, X_temp, y_train, y_temp = train_test_split(images, labels, test_size=0.2, 

random_state=42) 

    X_val, X_test, y_val, y_test = train_test_split(X_temp, y_temp, test_size=0.5, 

random_state=42) 

    return X_train, X_val, X_test, y_train, y_val, y_test 
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# Build the customized ResNet50 model 

def build_model(): 

    input_shape = (img_size, img_size, 3) 

    input_tensor = Input(shape=input_shape) 

    # Initial Convolutional Layer 

    x = Conv2D(64, (7, 7), strides=(2, 2), padding='same')(input_tensor) 

    x = BatchNormalization()(x) 

    x = Activation('relu')(x) 

    x = MaxPooling2D((3, 3), strides=(2, 2), padding='same')(x) 

    # Residual Blocks 

    x = residual_block(x, 64) 

    x = residual_block(x, 128) 

    x = residual_block(x, 256) 

    # Global Average Pooling 

    x = GlobalAveragePooling2D()(x) 

    # Dense Layers 

    x = Dense(512, activation='relu')(x) 

    x = BatchNormalization()(x) 

    x = Dense(num_classes, activation='softmax')(x) 

    model = Model(inputs=input_tensor, outputs=x) 

    model.compile(optimizer=Adam(lr=0.001), loss='sparse_categorical_crossentropy', 

metrics=['accuracy']) 

    model.summary() 

    return model 

# Residual Block 

def residual_block(input_layer, filters, strides=(1, 1)): 

    x = Conv2D(filters, (3, 3), strides=strides, padding='same')(input_layer) 

    x = BatchNormalization()(x) 
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    x = Activation('relu')(x) 

    x = Conv2D(filters, (3, 3), padding='same')(x) 

    x = BatchNormalization()(x) 

    # Shortcut Connection 

    shortcut = Conv2D(filters, (1, 1), strides=strides, padding='same')(input_layer) 

    shortcut = BatchNormalization()(shortcut) 

    x = keras.layers.add([x, shortcut]) 

    x = Activation('relu')(x) 

    return x 

# Train the model 

def train_model(model, X_train, X_val, y_train, y_val): 

    checkpoint = ModelCheckpoint('resnet50_custom.h5', monitor='val_loss', 

save_best_only=True, verbose=1) 

    early_stop = EarlyStopping(monitor='val_loss', patience=10, restore_best_weights=True) 

    history = model.fit(X_train, y_train, epochs=100, batch_size=32, validation_data=(X_val, 

y_val), callbacks=[checkpoint, early_stop]) 

    return history 

# Evaluate the model 

def evaluate_model(model, X_test, y_test): 

    loss, accuracy = model.evaluate(X_test, y_test, verbose=1) 

    print("Test Loss:", loss) 

    print("Test Accuracy:", accuracy) 

    y_pred = np.argmax(model.predict(X_test), axis=-1) 

    # Plot confusion matrix 

    plot_confusion_matrix(y_test, y_pred) 

    report = classification_report(y_test, y_pred, target_names=classes) 

    print("Classification Report:") 

    print(report) 
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# Plot the confusion matrix 

def plot_confusion_matrix(y_true, y_pred): 

    cm = confusion_matrix(y_true, y_pred) 

    plt.imshow(cm, interpolation='nearest', cmap=plt.cm.Blues) 

    plt.title('Confusion Matrix') 

    plt.colorbar() 

    tick_marks = np.arange(len(classes)) 

    plt.xticks(tick_marks, classes, rotation=45) 

    plt.yticks(tick_marks, classes) 

    plt.xlabel('Predicted Label') 

    plt.ylabel('True Label') 

    thresh = cm.max() / 2.0 

    for i, j in itertools.product(range(cm.shape[0]), range(cm.shape[1])): 

        plt.text(j, i, format(cm[i, j], 'd'), horizontalalignment="center", color="white" if cm[i, j] > 

thresh else "black") 

    plt.tight_layout() 

    plt.show() 

# Main function 

def main(): 

    # Load and preprocess the images 

    images, labels = load_images() 

    # Split the data into training, validation, and testing sets 

    X_train, X_val, X_test, y_train, y_val, y_test = split_data(images, labels) 

    # Build the model 

    model = build_model() 

    # Train the model 

    history = train_model(model, X_train, X_val, y_train, y_val) 

    # Evaluate the model 
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    evaluate_model(model, X_test, y_test) 

if __name__ == '__main__': 

    main() 

APPENDIX III Comparison of the watershed,u-net, and threshold-based image segmentation 
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