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Abstract 
Renal cell carcinoma is one of the most serious health issues around the globe: it is assumed that 

90 percent of all malignancy in the kidneys, and 434,840 new cases of the disease are estimated to 

occur all over the world in 2022, resulting in 155,953 deaths. Early diagnosis and proper multi-

classification are very vital in the enhancement of survival rates in the occurrence of metastatic 

disease. Nevertheless, the process of interpreting computed tomography (CT) scans manually is 

time-consuming, susceptible to inter-observer discrepancies, and is difficult due to overlapping 

imaging appearances of subtypes. 

The main goals are to develop a powerful deep learning framework incorporating multiphase data 

to extract features more effectively, perform multi-class subtype distinction, measure performance 

using such metrics as accuracy, sensitivity, specificity, AUC, and test the applicability of the 

method to clinical data. These contributions are a new explainable model based on attention 

mechanisms to reduce black-box problems, better management of preprocessing artifacts, and 

possible ability to decrease unnecessary interventions.
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1. Chapter 1: Introduction and Overview 

1.1 Overview 
A significant health of concern in the world is kidney tumors and it encompasses a great 

number of benign lesions or very aggressive malignancies. Most of the renal malignancy is the 

renal cell carcinoma (RCC) the most common malignant renal tumor in adults that constitutes 

approximately 90% of all the malignant cases [1]. It has subtypes like the transitional cell 

carcinoma, Wilms tumor in children and benign ones which include the oncocytomas and the 

angiomyolipoma [2]. There has been obviously increase in the incidence of kidney tumors, which 

is impute the rising rates of obesity, smoking, and high blood pressure, as well as continuous 

improvements in diagnostic imaging techniques [3]. Also according to current epidemiological 

statistics there is approximately 434,840 new cases diagnosed of kidney cancer over the world in 

2022, which is the 14th most frequently occur cancer in general; 10th in men and 13th in women 

[1]. Mortality rate is also high with about 155, 953 people dying of kidney cancer which is quite 

deadly unless it is prevented and treated at tender age [4]. 

Kidney tumors are not geographically and socioeconomically evenly distributed. The rate 

of the disease has been found to be higher in the income countries, particularly the North American 

and European countries because of availability of diagnostic tools and screening, and the age-

standardized incidence rate (ASIR) is up to 15.60 per 100,000 as in the such countries as Argentina 

[1]. On other hand, the mortality rate is differ between low and middle income countries, the 

inequality due to late diagnosis and inefficient health facilities. Indicative it is estimated that by 

the year 2050, the cases and deaths will increase by 72 and 96 percent respectively; that is why 

creation of improved diagnostics methods is extremely needed [5]. The survival rate directly 

depends on the stage of diagnosis; the survival rates average 78.6% in the United States with an 

average of above 90 of localized tumors and a significantly lower rate of less than 15 with 

metastatic disease [6]. That’s why early diagnosis definitely is improving the outcomes. 

Computed Tomography (CT) scans have emerged as the core in the diagnosis of kidney 

tumors because it offers high resolution images that could be used in the accurate visualization of 

the tortoise features of the tumor with regard to size, shape, location and the pattern of 

enhancement [7]. Multi-detector CT protocols include non-contrast, arterial, venous and by doing 
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this the case can be correctly staged by assessing vascular involvement, lymph node metastasis, 

and distant spread and the accuracies of detection have been reported as in excess of 99 % [8]. 

Manual determination of CT scans is however time consuming and subject to variation particularly 

in the determination of minute differences between tumors subtypes. 

The appearance of artificial intelligence (AI) and deep learning (DL) models there was a 

revolution in medical imaging profession through automatization tumor classification and 

detection. Convolutional neural networks (CNN) in the frameworks have been found to be more 

efficient in the analysis of CT scans of various types of cancers and kidney tumor is not an 

exception [9]. These models learn hierarchical features in large scale data sets, such that they can 

perform multiclass classification not only between benign and malignant tumors, but also between 

particular subtypes, which is the secret to individual approach in the treatment planning [10]. 

Multi-class classification is most significant in the situation of kidney tumors as it can be 

concluded to either apply active surveillance of the benign lesions or treatment of the malignancies 

which will lead to a decreased number of unnecessary procedures and better life of the patients. 

The thesis is directed to building a monitored DL system that would identify and classify 

kidney tumors and cancer with assistance of CT scans. Its mission is to enhance the quality of 

diagnosis such as through decreasing inter-observer variability, time-sparing, and as a result 

reducing the rate of mortality caused by kidney tumors by overcoming the deficiencies of manual 

diagnosis. Bringing DL into the clinical practice sphere may be regarded as a shift in paradigm to 

precision medicine, where the knowledge of radiologists will be complemented with the help of 

the AI-based tools, which will lead to more effective and fair healthcare delivery. 

1.2 Problem Definition 
Although there has been an improvement in imaging technologies, kidney tumors diagnosis 

and classification are still fraught with challenges. Manual detection is more than dependent on 

the professional skills of radiologists to interpret CT scans, which is a subjective process likely to 

commit errors. Among subtypes, the similarity of appearances of the tumors, blurry limits, and 

overlapping imaging characteristics can be among the most perplexing issues, resulting in wrong 

classification. Moreover, small renal masses (SRMs) are usually ambiguous to differentiate cystic, 

solid benign, and malignant maladies. 
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Incidental findings during routine imaging have risen all over the world leading to an 

increase in the workload of the radiologist which has added to the fatigue-based mistakes among 

radiologists. The inter-observer variability is experienced especially in multi-phase CT 

interpretations whereby the enhancement patterns should be carefully evaluated to determine the 

presence of vascular invasion or metastasis. The scarce access to skilled radiologists in low-

resource environments also cause a further delays of diagnoses, which leading to increase the death 

rates in that areas which has limitations in such of skilled professions. 

Multi-class classification further complicates the picture since proper identification of 

subtype (e.g. clear cell RCC versus papillary or chromophobe) is essential to prognosis and 

treatment. The most aggressive subtype (clear cell RCC) needs immediate treatment, whereas the 

indolent subtypes might not need treatment and could just be monitored. This granularity is a 

challenge of manual techniques that may require biopsy which has dangers, such as bleeding or 

seeding. 

Above issues necessitate the use of automated systems. where Machine learning methods 

involve manual features extraction where restricting systems to a wider use of CT datasets. Deep 

learning provides better approach where its able to automatically learn all features, but the current 

systems do not have the robustness over multi-center data or is not able to effectively combine 

multi-phase information. This thesis fills these gaps with the suggestion deep learning structure 

that will improve the sensitivity of the detection and the accuracy, reduce the weaknesses of 

manual diagnosis and open the way to AI-integrated clinical practice. 

1.3 Thesis Objectives 
This thesis overall aim to develop and evaluate a deep learning system that can identify 

and classify kidney tumors on CT scans images automatically, This model will improve the 

diagnostic efficiency, accuracy of diagnosing, early intervention, and customized treatment. 

The objectives are: 

1. To discuss existing deep learning (DL) models to the medical imaging domain generally 

and paying particular attention to models used for kidney tumor identification and 

classification, also determining the advantages and shortcomings of the existing 

methodologies. 

6

61

Page 21 of 71 - Integrity Submission Submission ID trn:oid:::2945:401899738

Page 21 of 71 - Integrity Submission Submission ID trn:oid:::2945:401899738



 

 

2. To develop deep learning architect that combine the data of multi-phases CT to extract 

more learning features and identify tumor locations.. 

3. In order to develop multi-class classification functionality, to be able to differentiate 

between benign (e.g., oncocytoma, angiomyolipoma) and malignant subtypes (e.g., clear 

cell, papillary, chromophobe RCC), to underline the clinical significance of subtype-

specific prognosis. 

4. To assess performance of framework in comparison to manual radiologist ratings based on 

accuracy, sensitivity and area under the ROC curve (AUC). 

5. To determine framework clinical applicability, by validating framework on actual 

radiology workflow, and explore ways to integrate it with current radiology workflow to 

minimize diagnoses time and errors. 

Through the accomplishment of these aims, the thesis aims to make contributions to the domain 

of AI-driven oncology and eventually positively affect the patient outcomes in the 

management of kidney tumors. 

 

 

1.4 Thesis Contribution 
This thesis contributes to the field of medical imaging and AI in kidney tumor diagnosis as a 

following: 

1. Deep learning model that detect and simultaneously classify the objects into multi classes 

with high rates of accuracy on CT datasets. 

2. Enhance subtype differentiation and reduce false positives in the benign-malignant 

classification. 

3. Multi-center validation, which is resistant to differences in imaging regimes and patient 

demographics, which is a common limitation in earlier studies. 

4. Possible impact on the real world by providing such of tool that could decrease the 

workload on radiologists, decrease unnecessary interventions, and helps the precision 

medicine in management of kidney cancer. 
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Such a contributions, facilitate the development in the field of integration for deep learning in 

the field of oncology, offering a universal solution to the global challenges encountered in 

healthcare. 

 

1.5 Thesis Organization 
The thesis is organized in the following way: 

•  Chapter 2 is a review of background literature about kidney tumors, imaging modalities, and 

applications of DL in medical imaging. 

•  Chapter 3 describes the suggested DL framework, its architecture, pre-processing of data, 

and training strategies. 

•  Chapter 4 is the results of the experiment, performance analysis, and the comparison with 

the benchmark. 

•  Chapter 5 ends with discussions, limitations and future directions of work. 

This organization facilitates a rational flow of the initial ideas to the application and 

analysis of the ideas. 
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2. Chapter 2: Background and Related Work 
 

2.1 Introduction 
 

The chapter provides the basic background of automated renal diagnosis. It introduces with clinical 

and pathological aspects of target abnormalities and physical principles of CT imaging. This 

discussion follows the history of computational diagnostics starting with the traditional machine 

learning that is rigid, and moving to modern deep learning structures. Lastly, the chapter reviews 

the fifteen latest studies, most of which are run against the same Kaggle data, namely, CT KIDNEY 

DATASET: Normal-Cyst-Tumor and Stone. The comparative analysis of how various research 

groups were able to utilize the same data to perform multi-class classification allows us to easily 

identify the strong points of the methodology, the weaknesses, and the scientific and clinical need 

that this thesis fulfills. 

 

Figure 2.1 CT-KIDNEY from DATASET 
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2.2 Background 
 

Kidneys are complex retroperitoneal glands that have a role of filtering blood, eliminating 

metabolic waste, and homeostasis of fluids and electrolytes. In the case of structural abnormalities 

developing, they usually belong to a number of different categories. As the benchmark dataset and 

the current study suggest, four clinically relevant states are of interest, which include: Normal, 

Cyst, Stone, and Tumor [8]. 

 

Figure 2.2 CT-KIDNEY from DATASET 

  

Although ultrasound provides screening with radiation free and MRI with best contrast of soft-

tissues, Computed Tomography has become the backbone of kidney tumor diagnosis because of 

its level of spatial resolution, fast acquisition, and characterization of masses [7]. 

Artificial Intelligence is an engineering which focuses on developing solutions that able to 

simulate human intelligence and it’s falling under computer since, Where Machine Learning is a 

branch of artificial intelligence defined as a science of programming computers so they can learn 

from data and gives computers the ability to learn without being explicitly programmed [25]. 

 

Early computer-aided diagnostic systems were based on a classical machine learning where 

features were constructed manually. Researchers established definite regulations to identify 

shapes, textures (e.g., through Gray Level Co-occurrence Matrix), or certain Hounsfield 

thresholds. These hard techniques were fragile, and could not tolerate biological variation- tumors 

hardly ever develop ideal geometries and lesions have broad morphological heterogeneity [9]. 
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 Deep Learning (DL) is a branch from artificial intelligence and a subset of machine learning 

(figure2.3), it’s based on multi-layered neural networks to 

learn patterns by automatically analyzing medical image data, 

including CT scans. Deep learning can enhance a kidney 

cancer diagnosis with higher accuracy by revealing disguised 

tumor features not necessarily visible to a human being. It 

facilitates the detection, classification and risk evaluation of 

renal tumors at early stage which helps to improve clinical 

outcomes. The rising number of cancer cases of the kidneys 

in the world has found deep learning critical towards helping 

to increase efficiency in the diagnosis process and subsequently lower the number of deaths [1]. 

The breakthrough was gained with the introduction of deep learning, especially Convolutional 

Neural Networks (CNNs). 

 

 

Convolutional Neural Networks (CNNs) are a popular method of kidney tumor detection 

because this type of neural networks can extract spatial features of medical images. They include 

convolutional, pooling and fully connected layers which detect features like shape and texture of 

tumors. CNN-based models have been proven to be very effective in identifying renal 

abnormalities, such as tumors, cysts, and stones [9]. They are a core method of automated kidney 

disease diagnosis systems because their effectiveness in medical imaging. Within a CNN, the 

initial convolutional layers process gradients and edges and other basic components with the help 

of filters. These are gradually absorbed into higher-level representations, e.g. clustered tumor  

  

Figure2.3 
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textures or the edges of kidney stones. Pooling reduces the number of spatial dimensions to lessen 

the computational load but maintain the information of significance. Last fully connected layers 

generate probability distributions of classes [21]. 

 

Figure 2.3 CNN Architect 

 

DenseNet-121 is a neural network structure that enhances propagation of features, each layer 

linked with every other layer. The structure decrease redundancy and increase efficiency in 

learning process. DenseNet-121 can be useful in kidney tumor classification because it plays an 

important role in generating detailed features of the CT images, which result a high degree of 

accuracy. It is often used in addition to other models for better performance in multi-class tumor 

classification tasks [18]. 

 

Figure 2.4 Architecture of the DenseNet121 model www.researchgate.net 

 

 

U-Net is a type of deep learning architecture, which is designed for a particular purpose to solve 

the issue of clinical images segmentation. It uses an encoder and decoder design to precisely locate 

and marks kidneys tumor areas in CT images. This strict localization is indispensable to diagnosis 

and planning of treatment. Alternated U-Net architectures demonstrated better results in the 
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segmentation of kidney structures and abnormalities in small datasets. The fact that they can 

produce high-quality segmentation maps also makes them very useful in the analysis of medical 

images [24]. 

 

Figure 2.6 Architecture of the U-Net www.researchgate.net 

 

Deep network training is associated with an enormous challenge, with severe class imbalance 

prevalent in medical data being the most notable. Naive training leads to models preferring 

majority classes (e.g., Normal) to reduce the total loss. Mitigation can be used with other deep 

learning techniques which can disproportionately punish errors of minority classes (stones and 

tumors) and encourage equal predictive accuracy in all categories.  

16

16

Page 28 of 71 - Integrity Submission Submission ID trn:oid:::2945:401899738

Page 28 of 71 - Integrity Submission Submission ID trn:oid:::2945:401899738



 

 

2.3 Related Work 
 

The chapter provides a review of fifteen recent studies, most of which provided their own 

methodology to the same KIDNEY DATASET on Kaggle: normal-cyst-tumor and stone [1–15]. 

We can easily be able to pinpoint the strengths and weaknesses of methods used by comparing 

how various research papers used the same data to classify multi-class. The scientific and clinical 

gap to be filled in the present thesis is directly expressed through this analysis. 

 

Yildirim et al. (2021) suggested a kidney stone detection automated binary deep learning 

system of an in-house collection of cross-sectional computer tomography (CT) dataset established 

at Elazig Fethi Sekin City Hospital, Elazig, Turkey, of 1,799 cross-sectional CT images of 433 

participants. The data was categorized into two (stone available / stone unavailable) and 80/20 

training and testing, respectively, and produced 1,453 and 346 training and test images, 

respectively. To overcome the overfitting of the small clinical dataset, the authors adopted a 

modified XResNet-50 model that was augmented with data-enhancing techniques. Standard 

optimization procedures were used to train the model and it was tested on the held-out test set. The 

deep learning model that is proposed achieved an accuracy of 96.82 and a sensitivity of 95.76 on 

the 346 test cases, which indicates the detection of even the low size kidney stones. Nevertheless, 

the researchers only studied binary classification and not the differentiation of cysts, tumors, and 

normal tissue, which restricted the scope of the study to stone detection only [13]. 

 

Islam et al. (2022) delved into the notion of transfer learning on the basis of VGG-16 and ResNet-

50 models that are trained on ImageNet and frozen on the first layers and fine-tuned on the final 

classification layers on the Kaggle CT KIDNEY DATASET (12,446 images: Normal, Cyst, Tumor 

and Stone). The approach quickly converged on learned features and ResNet-50 skip connections 

of about 96% accuracy per classification, though ImageNet training on colour images was non-

optimal on grayscale CT texts and the number of parameters was excessive to be used in clinical 

practice. Vision transformer architectures such as EANet, CCT and Swin Transformer were also 

tested in the same research with the Swin Transformer scoring the highest score of 99.30% 

accuracy showing the new strength of attention-based models over the traditional CNN in medical 
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image classification. However, the fact that transformer architectures have high computational and 

training requirements is still a practical obstacle to implementation in resource-limited clinical 

setting [11]. 

 

Alzu’Bi et al. (2022) introduced two-stage kidney tumour detection and classification framework 

tested on a new institutional dataset, which was gathered at King Abdullah University Hospital 

(KAUH) in Jordan, consisting of 8,400 CT scan images of 120 suspected renal masses patients. 

The data were categorized to 80/20 train and test sets. During the first stage (tumour detection), 

the authors compared three 2D-CNN architectures with a custom six-layers CNN (CNN-6), 

ResNet50, and VGG16. During the second stage (tumour type classification), a custom four-

layered CNN (CNN-4) was used. CNN-6 and ResNet50 models provided accuracy rates of 97% 

and 96% respectively, and VGG16 had an accuracy rate of 60%, whereas CNN-4 classification 

model was able to provide an accuracy of 92 percent. The VGG16 detection rate of 60% and the 

relatively low classification rate of 92% demonstrated the difficulty of network training on 

comparatively small, single institution datasets, and the need of the volume and diversity of data 

to obtain clinically acceptable performance [12]. 

 

Baygin et al. (2022) proposed ExDark19, which is a new method of deep feature 

generation that can be used to detect kidney stones automatically on the same dataset of public 

coronal CTs established at Elazig Fethi Sekin City Hospital, Elazig, Turkey (1,799 images of 433 

participants) utilized by Yildirim et al. (2021). The authors did not use end-to-end deep learning 

but instead used DarkNet19 as a pre-trained backbone to obtain exemplar feature representations 

and applied Iterative Neighbourhood Component Analysis (INCA) to select the most 

discriminative feature vectors, and then used them to obtain classifications via a k-nearest 

neighbour (KNN) classifier with ten-fold cross-validation and hold-out validation to classify. The 

proposed ExDark19 system was found to be 99.22% accurate when using ten-fold cross-validation 

and 99.71% accurate when using the hold-out method when compared to the XResNet-50 baseline, 

which only achieved 96.82 on the same dataset. Nevertheless, like any research based on the use 

of the given dataset, the area of classification was limited to binary (stone / no stone) and did not 

reach the level of multi-class differentiation of renal pathology [17]. 
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Bhandari et al. (2023) came up with a lightweight, custom CNN model that classifies 

kidney CTs (four classes: Normal, Cyst, Tumor and Stone) on CT KIDNEY DATASET (12,446 

images). The model was created as a fresh start, as opposed to other heavier methods of transfer 

learning, to reduce computational expenses without compromising diagnostic performance. 

Another significant characteristic of the study was the employment of explainability methods, 

namely, LIME (Local Interpretable Model-Agnostic Explanations) and SHAP (SHapley Additive 

exPlanations), to give the radiologist visualizations of the decision areas of the model on CT 

images that can be understood. Although the lightweight CNN had an accuracy of 99.52, this result 

shows that custom small architectures can compete with pre-trained models on large benchmark 

datasets. The authors admitted, however, that the explainability methods incurred inference 

overhead and the model was not tested on external clinical datasets, so the performance of 

generalization had not been tested [21]. 

 

Bingol et al. (2022) on the CT KIDNEY DATASET (12,446 images: Normal, Cyst, Tumor 

and Stone), trained a 29-layer deep CNN architecture with Relief-based feature selection to 

classify kidney CT images in four classes. The hybrid model proposed obtained feature maps using 

two intermediate convolutional layers (convolution-6 and convolution-7) and concatenated the 

feature maps before subjecting them through the Relief feature selection algorithm to keep the 

most informative features and finally feeding them into a wide neural network classifier. 

Compared to eight typical standard pre-trained architectures, it was indicated that the highest 

performance of the pre-trained model was 87.75% and that the proposed hybrid model performed 

at 99.37% accuracy indicating that there was a significant improvement in performance by the 

Relief-guided feature fusion strategy. The paper has indicated that off-the-shelf transfer learning 

designs that do not involve feature selection based on the domain can perform much worse on 

medical image tasks, which supports the usefulness of feature optimisation pipelines [22]. 

 

Sabuncu et al. (2023) In their study, suggested a deep learning classification architecture 

to identify kidney stones in axial CTs taken in Near East University Hospital, Cyprus, based on an 

original set of true clinical CTs taken on patients during their regular urological examination. 

Preprocessing methods used in the pipeline, such as Watershed segmentation and Otsu binarisation 

thresholding used to improve kidney delineation and isolate stone areas to the surrounding tissue 
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before classification. InceptionV3 architecture has been used as the central model in classification 

whereby it utilizes its multi-scale convolutional filters to identify heterogeneous stone textures in 

different images at different levels of resolution. The accuracy of the test results of the model was 

98.52, and the authors highlight that it was able to detect small-sized kidney stones that were 

clinically significant. These limitations were a small authentic clinical dataset, which was not 

publicly disclosed, binary range of classification (stone present / absent), and no benchmarking to 

other renal pathology datasets [15]. 

 

Qian et al. (2024) used a densely connected convolutional network (DenseNet121) with 

feature reuse in all the previous layers to classify four classes of kidney CT on CT KIDNEY 

DATASET (12446 images: Normal, Cyst, Tumor and Stone). DenseNet121 ties all of the layers 

to all of the other layers in a feed-forward style, allowing gradient flow across the network and 

allaying the vanishing gradient problem that afflicts deeper networks. Although these models have 

these theoretical benefits, their accuracy of 93.51% was significantly lower than more recent works 

on the same dataset, which implies that basic methods of DenseNet121 can be too basic to 

differentiate between visually similar kidney pathologies, including cysts and tumours. The 

outcome highlights that model depth and model connectivity alone cannot ensure high 

performance and task-specific adaptation (augmentation tuning, hyperparameter optimisation, 

attention mechanisms, etc.) is needed [18]. 

 

Almuayqil et al. (2024) presented an idea of KidneyNet a new eight-layer CNN 

architecture that is directly trained to perform automated four-class kidney CT classification on 

the CT KIDNEY DATASET (12,446 images: Normal, Cyst, Tumor and Stone). KidneyNet was 

built according to a compact sequential architecture comprising of convolutional, batch 

normalisation, pooling, dropout and fully connected layers, in a way that it optimised the model 

complexity versus accuracy of its classification. Its architecture did not require the large number 

of parameters that large transfer learning models have, which also makes it more practical to 

implement in the resource-constrained healthcare setting. The accuracy and precision of 

KidneyNet were 99.88 and 99.92, respectively, which is among the best benchmark results at the 

time of publication. The authors also pointed out that the model was trained and evaluated only on 
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the Kaggle data and the extent to which it works in a real clinical setting with heterogeneous 

scanner protocols and patient demographics was not tested [20]. 

 

Pimpalkar et al. (2025) performed a comparative study of four transfer learning 

architectures VGG16, ResNet50, CNNAlexNet, and InceptionV3 with hyperparameter 

optimisation being applied to the CT KIDNEY DATASET (12,446 images: Normal, Cyst, Tumor 

and Stone). In the study Watershed segmentation was used to delineate the kidney regions and 

binarisation thresholding, based on Otsu, was used to improve the clarity of the image before 

inputting it into the model. Learning rate, batch size, and dropout parameters were tuned to each 

architecture separately by a systematic grid search. InceptionV3 was reported to be the most 

accurate at 99.96% and VGG16 took the lead at 100% in the validation set, implying that when 

paired with powerful preprocessing, it is practically separable on the benchmark dataset. The 

assessment was however based only on the Kaggle benchmark and the analysis did not discuss 

behaviour of models in distributional shift, class imbalance in clinical population, or real-time 

inference latency which are important in clinical application [14]. 

 

Obaid et al. (2025) on the CT KIDNEY DATASET (12,446 images: Normal, Cyst, Tumor 

and Stone), suggested multi-model fusion with DarkNet53 Four-class kidney CT classification. 

DarkNet53, which was initially designed as a core of the YOLOv3 object detection architecture, 

was used as a feature extractor and merged with predictions of related models through the 

ensemble fusion mechanism that aims to tie up complementary discriminative patterns that may 

not be discovered by individual models. The architecture of fusion incorporated the use of 

predictions at the decision level to generate a consensus classification result. The proposed system 

was very accurate (99.69), so the ensemble-based methods are proved to be better than the single-

model classifiers in the medical image classification issues. The authors admitted that the 

computational cost of executing several parallel networks at the same time adds to the inference 

time that can limit its use in real-time diagnostic processes with turnaround times [16]. 

 

El-Hag et al. (2025) The issue of reflections and image artefact in CT scans was solved by 

introduced a specular-free preprocessing pipeline before deep learning classification on the CT 

KIDNEY DATASET (12,446 images: Normal, Cyst, Tumor and Stone). Preprocessing stage used 
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reflection removal and contrast normalisation to decrease the noise and enhance uniformity of 

features across the dataset, and the classification with EfficientNet-B2 a model with compound-

scaled network that reduces network width, depth, and resolution. EfficientNet-B2 was chosen 

because it is one that has good trade-off both in accuracy and computational cost among the family 

of EfficientNets. The preprocessing-classification pipeline obtained an accuracy of 98.27, a score 

that is lower than some of the competing methods using the same benchmark, but it showed that 

artefact suppression methods could be used to gain quality learned representations. The authors 

observed that the preprocessing pipeline added more steps of calculations and the effect of the 

approach on real, noisy clinical CT data of heterogeneous scanner types needed more consideration 

[19]. 

 

Maçin et al. (2025) proposed KidneyNeXt, a custom lightweight CNN model that uses 

depthwise separable convolutions on the CT KIDNEY DATASET (12,446 images: Normal, Cyst, 

Tumor and Stone) with a standardized input resolution of 224x224 pixels. Depthwise separable 

convolutions break standard convolution down into a depthwise spatial convolution (filter) and a 

pointwise channel mixing step, greatly reducing the number of parameters and floating-point 

operations at no cost to feature extracting performance. KidneyNeXt reached an accuracy of 99.96, 

corresponding to much heavier architectures at a fraction of the computational cost, and thus 

matched it especially well to run on edge devices or in low resource clinical environments. The 

authors proved that the architecture was very high in both sensitivity and specificity in all the four 

classes (including the diagnostically challenging stone class) which is characterized by small 

hyperattenuating lesions that can be easily confused in calcifications in the surrounding tissue [9]. 

 

Khan et al. (2025) suggested a ConvNeXt and EfficientNetV2B0 dual-architecture 

transfer learning strategy on the CT KIDNEY DATASET (12,446 images: Normal, Cyst, Tumor 

and Stone) to classify 4 classes in kidney CT. One of the most important methodological 

contributions was the adoption of selective data trimming to achieve inter-class imbalance before 

training, eliminating redundant samples of the over-represented classes to ensure that the model 

does not develop a bias towards the higher representation classes, like the Normal one. ConvNeXt, 

a convolutional network that has been modernised using methods influenced by Vision 

Transformers, was combined with EfficientNetV2B0 at the feature-level in an ensemble to 
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combine the complementary strengths of the two architectures. The ensemble was found to be 

accurate at 99.73 with just 6.2 million parameters, proving that well-thought-out data 

preprocessing and well-informed choice of architecture can provide state-of-the-art results without 

using architecturally complicated and computationally intense models. The authors indicated that 

the study had some limitations such as the use of only one benchmark dataset and the necessity to 

further verify it on multi centers CT cohorts [23]. 

 

Murillobouzon et al. (2025) did not concentrate on classification but rather on semantic 

segmentation by presenting a new purpose-specific dataset named KSSD2025 (Kidney Stone 

Segmentation Dataset 2025) that consists of 838 annotated abdominal CT scans with pixel-level 

binary segmentation labels showing a bi-polar location of kidney stones and normal tissue. All 

models achieved mean Disc scores above 95% . KSSD2025 also includes whole-abdomen CT 

slices in their natural clinical format, annotated by radiologists, whereas the CT KIDNEY 

DATASET only contains cropped and pre-isolated kidney images, which does not ensure quality 

ground truth. The U-Net segmentation architecture was used as the main model as it utilizes an 

encoder-decoder form and skip connection that can locate and define stone edges at the pixel level. 

The analysis covered the clinically significant issue of stone localization and burden quantification 

instead of class-level diagnosis that offers spatial data that supplements classification methods. On 

the downside, it had a relatively small size of dataset (838 images), used binary segmentation 

masks, as they do not differentiate between stone subtypes, and a single-center institutional image 

corpus [24]. 
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2.4 Synthesis, Gap Analysis 
 

The above fifteen reviewed studies show a growing trend on the CT KIDNEY DATASET 

in terms of high classification accuracy with reported values of 92% and up to 99.96. The following 

table will give a systematic summary of all the fifteen studies reviewed in Section 2.3: Table 2.1 

below gives a summary of the dataset, technique, the accuracy obtained, the venue of publication 

as well as whether the work will be used to derive a comparison with the proposed framework in 

this thesis. 

Table 2.1 Summary of fifteen reviewed studies on deep learning for kidney CT classification. 

Ref Author Year Dataset Technique Used Accuracy 

[13] Yildirim et al. 2021 Private   NCCT (1,799 CT, 
Turkey) 

XResNet-50 + data 
augmentation 

96.82% 

[11] Islam et al. 2022 CT KIDNEY DATASET VGG-16, ResNet-50, 
Swin Transformer 
(transfer learning) 

96% (ResNet-
50); 99.30% 
(Swin) 

[12] Alzu’Bi et al. 2022 Institutional (KAUH Jordan, 8,400 
CT) 

CNN-6, ResNet50, 
VGG16 detection; CNN-
4 classification 

92% 
classification 

[17] Baygin et al. 2022 Private   NCCT (1,799 CT, 
Turkey) 

DarkNet19 + INCA 
feature selection + KNN 
(ExDark19) 

99.22%-99.71% 

[21] Bhandari et al. 2023 CT KIDNEY DATASET Lightweight custom 
CNN + LIME + SHAP 
explainability 

99.52% 

[22] Bingol et al. 2023 CT KIDNEY DATASET 29-layer CNN + Relief 
feature selection 

99.37% 

[15] Sabuncu et al. 2023 Clinical axial CT (Near East Univ. 
Hospital, Cyprus) 

InceptionV3 98.52% 

[18] Qian et al. 2024 CT KIDNEY DATASET DenseNet121 (standard, 
no augmentation) 

93.51% 

[20] Almuayqil et al. 2024 CT KIDNEY DATASET KidneyNet (8-layer 
custom CNN) 

99.88% / 
99.92% 
precision 
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Ref Author Year Dataset Technique Used Accuracy 

[14] Pimpalkar et al. 2025 CT KIDNEY DATASET VGG16, ResNet50, 
InceptionV3 with 
hyperparameter 
optimisation 

99.96% 
(InceptionV3) 

[16] Obaid et al. 2025 CT KIDNEY DATASET DarkNet53 + multi-
model ensemble fusion 

99.69% 

[19] El-Hag et al. 2025 CT KIDNEY DATASET EfficientNet-B2 + 
specular-free 
preprocessing 

98.27% 

[9] Maçin et al. 2025 CT KIDNEY DATASET 
 

KidneyNeXt (depthwise 
separable CNN, 
224×224) 

99.96% 

[23] Khan et al. 2025 CT KIDNEY DATASET ConvNeXt + 
EfficientNetV2B0 + 
selective data trimming 

99.73% (6.2M 
params) 

[24] Murillobouzon et 
al.  

2025 KSSD2025 (838 annotated 
abdomen CT) 

U-Net pixel-level 
segmentation 

97.06% (Dice 
score) 
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3. Chapter 3: Methodology 

3.1 Introduction 
This chapter outlines the methodology developed to meet the identified gaps from Chapter 

2.The proposed architecture is composed of three main components: 

 Model backbone is used for extracting the features. 

 Convolutional Block Attention Module CBAM attention module. 

 Custom classification head. 

 The proposed system is based on the ResNet-50 model as described in Figure 3.1 and compared 

to two other models: EfficientNet-B4 and MobileNetV3. The aim was to create an accurate, 

efficient, and interpretable deep learning model to classify kidney CT images into four classes: 

Normal, Cyst, Tumor, and Stone. 

 
Figure 3.1 Proposed Kidney CT Image Classification Framework  
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3.2 Dataset 
In this research, CT images are taken from Kaggle CT KIDNEY DATASET (Normal–

Cyst–Tumor–Stone) which contains 12,446 CT images in four classes as described in Table 3.1 

and Figure 3.2. 

 

Table 3.1. Class distribution of Dataset. 

Class Number of 
Images 

Percentage of 
Dataset 

Clinical Description 

Normal 5,077 40.8% Healthy kidney parenchyma; no lesions or 
calcifications 

Cyst 3,709 29.8% Fluid-filled renal cysts of varying size 

Tumor 2,283 18.3% Solid renal masses including Renal Cell Carcinoma 
(RCC) subtypes 

Stone 1,377 11.1% Calcified hyperattenuating lesions; smallest class 

Total 12,446 100% Mixed axial and coronal CT acquisitions 

 

 

Figure 3.2 Class Distribution Per-Class Visualization 

There is a huge imbalance of the classes in the dataset: the Normal is 40.8 percent of all 

images (5,077 samples), whereas the Stone is 11.1 percent (1,377 samples) only, which is about 

3.7:1. This imbalance is typical in clinical practice of radiology. The dataset consists of both 

axial and coronal CT reconstruction images and has both contrast-enhanced and non-contrast 

studies, therefore. All the pictures are of JPEG format (figure 3.3), and difference in original 

residential spatial space of the picture before standardized in preprocessing. 
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Figure 3.3 Sample Images per Class from Dataset 

 

 

3.3 Data Preprocessing Pipeline 
All images go through a standard four-stages preprocessing pipeline before being fed into the 

model: 

 Grayscale to RGB Conversion: CT images are single-channel. They are converted 

to three channels by duplicating the grayscale values so that pre-trained models like 

EfficientNet-B4 and ResNet-50 can be used. 
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 CLAHE (Contrast Limited Adaptive Histogram Equalization): Applied with clip 

limit = 2.0 and tile grid size = 8×8 to improve visibility of small lesions and 

stones figure. 

 Resizing: Images are resized to 380×380 pixels (matching EfficientNet-B4 input 

size) and 224×224 pixels (matching ResNet-50 input size) using bilinear 

interpolation. 

 Normalization: Pixel intensities are normalized using ImageNet mean and 

standard deviation values. 

 

3.4 Data Augmentation Strategy 
 

The concept of data augmentation is implemented only to the training set in order to artificially 

increase diversity potential and decrease overfitting. Validation or test sets are not augmented in 

any way but only undergo preprocessing transformations as outlined in above section 3.3. All the 

augmentations used are in Table 3.2. 

Table 3.2. Data augmentation operations applied to the training set. 

Augmentation Technique Parameters 

Random horizontal flip p = 0.5 

Random rotation ±15° 

Random brightness / contrast jitter factor 0.2 

Random resized crop scale 0.85–1.0 

Random erasing (Cutout) p = 0.1, scale 0.02–0.1 
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3.5 Train, Validation, and Test Split Protocol 
The 12446 images are further divided into training, validation and test subsets with 

stratified split to preserve the class distribution across three subsets. The division of the ratio will 

be between 70/10/20 in which the total number of images they arrive at 8, 712 training images, 

1,244 validation images and 2,490 test images Table 3.3. 

 

Table 3.3. Image count in each subsets 

Subset Images counts 

Training set 8,712 images 

Validation set 1,244 images 

Test set 2,490 images 

Train Split class distribution Cyst: 2596, Normal: 3554, 'Stone: 964, Tumor: 1598 

Validation Split class distribution Cyst: 371, Normal: 507, Stone: 138, Tumor: 228 

Test Split class distribution Cyst: 742, Normal: 1016, Stone: 275, Tumor: 457 
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3.6 Proposed Deep Learning Architecture: 

3.6.1 Classification Models: 
The three deep learning models evaluated for kidney CT images classification are: 

EfficientNet-B4, ResNet-50 and MobileNetV3. The same preprocessing, data augmentation and 

classification head were used to ensure fair comparisons across all models. 

ResNet-50 was chosen as the primary proposed model achieved an excellent overall accuracy on 

the test set. 

 

3.6.1.1 EfficientNet-B4 
 

 

Figure 3.4 EfficientNet-B4 Architecture illustrating 

 

The models of EfficientNet rely on the scaling approach of compounds that is founded on the 

single set of coefficient 1 akin to depth and width of networks, which scale together with input 

resolution. The equation of compound scaling is following: 

depth: d = α^φ,  width: w = β^φ,  resolution: r = γ^φ 
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An EfficientNet-B4 model on 380 x 380 optimal input resolution and 4.2 billion floating-point 

operations per forward step is obtained in the instance of EfficientNet-B4, which allows it to 

compete with significantly lower computational cost than MobileNet-V4, ResNet50. 

EfficientNet-B4 backbone loaded with pretrained ImageNet-1K weights, early seven MBConv 

blocks (stages 0-6) kept frozen, and later two blocks (stages 7 - 8) with final convolutional layer 

(the 1 × 1 pointwise convolution that produces 1792 feature channels) unfrozen and shared with 

the classification head.  

The two-stage fine-tuning model, where early layers encoding low-level edge and texture image 

features are frozen during ImageNet pretraining and later stages descriptors of the semantic 

features are learned to be specialized to the kidney CT domain, is convenient with the existing 

best practices in medical image transfer learning [26]. 

 

3.6.1.2  ResNet-50 (Strong Comparative Model) 
 

 

Figure 3.5 ResNet50 Architecture illustrating 

 

ResNet-50 is a very deep residual network, it has 50 layers of bottlenecks with 1×1, 3×3, and 
1×1 convolutions (figure 3.5). ResNet-50 addresses vanishing gradient problem in very deep 
networks by adding skip connections (residual blocks) and learn residual function F(x) instead of 
learning a direct mapping H(x): 

𝑯(𝒙) = 𝑭(𝒙) + 𝒙 

ResNet-50 was pre-trained on ImageNet-1K and fine-tuned on the kidney CT data set with input 
resolution of 224×224. Early layers (up to stage 3) were frozen to preserve general low-level 
features and later layers (stage 4 and classification head) were fine-tuned. This model attained 
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the best test accuracy, which shows that it has good feature extraction ability for medical images. 
Because of its depth, accuracy and training stability, ResNet-50 was chosen as the main proposed 
model for clinical deployment [28]. 

 

3.6.1.3  MobileNet V3 
 

MobileNetV3 is an extremely efficient architecture for mobile and embedded 

applications. It employs hard-swish activation functions, squeeze-and-excitation (1) blocks and 

depth wise separable convolutions (2) to lower the computational cost while retaining high 

accuracy.  

𝒔 = 𝝈 ቀ𝑾𝟐 𝜹൫𝑾𝟏 ⋅ 𝑮𝑨𝑷(𝒙)൯ቁ    

{𝑪𝒐𝒔𝒕}൛{𝒅𝒆𝒑𝒕𝒉𝒘𝒊𝒔𝒆}ൟ =  𝑫𝒌
𝟐 ⋅ 𝑴 ⋅ 𝑫𝒇

𝟐 +  𝑴 ⋅ 𝑵 ⋅ 𝑫𝒇
𝟐 (2) 

The model was pre-trained on ImageNet and trained with the 224×224 size images. It is a 

lightweight option for resource-limited clinical settings. It is fast to infer and has low parameters, 

but has relatively poor performance compared to ResNet-50 and EfficientNet-B4 on the minority 

Stone class. 
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3.6.2 Convolutional Block Attention Module (CBAM) 
 

 

Figure 3.6 CBAM Attention Refinement Module 

A CBAM is incorporated between the convolutional output and global averaging pooling 

layer [27]. CBAM applies two consecutive attention tasks of channel attention and subsequently 

spatial attention of the now generated feature map, which has undergone EfficientNet-B4 

performing backbone on 380 x 380 inputs, while ResNet50 and MobileNetV3 on 224 x 224 

inputs. 

Channel Attention: Considering the feature map F O CxHW, the channel attention will 

produce a 1-dimensional feature map graspcer M c O C, which represents the significance of 

every channel of features. The two spatial dimensions are fed independently on the global 

average pooling and the global max pooling, resulting in two C-dimensional vectors which are 

independently fed into a single two-layer multilayer perceptron(MLP) with a reduction ratio of r 

= 16, which then has a resultant representation size of C/16 = 112 then projected back to C = 

1792. The channel attention map is obtained with the help of the two MLPs and the output of one 

of them by a sigmoid activation: 

M_c(F) = σ( MLP(AvgPool(F)) + MLP(MaxPool(F)) ) 

Spatial Attention: The mrefined channel-based feature map F F 5 (F ) F F is once more 

conveyed to the spatial attention sub-module. The channel dimension is averaged and maximized 

to come up with two H x W Descriptor maps, which are combined together and convoluted with 

a 7 x 7 convolutional filter to come up with the spatial attention map M s ∈ ℝ (H W): 
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M_s(F') = σ( Conv₇ₓ₇( [AvgPool_c(F'); MaxPool_c(F')] ) ) 

The final CBAM output is F'' = M_s(F') ⊗ F'. A serial channel-then-space attention 

refinement process is employed to delineate the serial channels of the irrelevant background 

tissue, and emphasis the attention on the space components of the CT image that elicit the most 

discriminative knowledge on the classification of kidney pathology the region out of interest 

(ROI) shared by a CT scan as examined by a radiologist. Despite that CBAM is adding small 

parameters (less than 1% to 2%) it remains lightweight and end to end trainable just like the rest 

of the network [27]. 

 

3.6.3 Classification Head 
 

After global average pooling is applied to the refined feature map, there is 2048 

dimensional feature vector in the ResNet50 model that is passed through a custom classification 

head consists of the following sequential components: 

 Dropout layer with a rate of 0.50. 

 Fully connected layer reducing the feature vector from 2048 to 512 dimensions. 

 Normalization to stabilize the activation distribution. 

 ReLU. 

 Second dropout layer with a rate of 0.30. 

 Output: 4‑classes logits (Normal, Cyst, Tumor, Stone). 

 

 

 

 

 

 

31

35

83

Page 47 of 71 - Integrity Submission Submission ID trn:oid:::2945:401899738

Page 47 of 71 - Integrity Submission Submission ID trn:oid:::2945:401899738



 

 

3.7 Training Protocol 
All the training hyperparameters and their reasoning are illustrated in Table 3.3. 

Table 3.3. Training hyperparameters and justification for each design choice. 

  Hyperparameter Value 

Input image size for EfficientNet-B4 380 × 380 px 

Input image size for ResNet50 and MobileNetV3 224 × 224 px 

Batch size 32 

Initial learning rate 1 × 10⁻⁴ 

Optimizer AdamW 

Weight decay (L2) 1 × 10⁻⁵ 

LR scheduler Cosine Annealing with Warm Restarts 

Phase 1  epochs 5 

Phase 2  epochs Upto 8 

Dropout (head, layer 1) 0.50 

Dropout (head, layer 2) 0.30 

Focal loss gamma (γ) 2.0 

FC hidden dimension 512 

Class weight strategy Inverse frequency 

 

The training process done in two phases. Phase 1 (5 epochs), only the custom classifier head and 

CBAM block were trained, while the whole ResNet-50 architecture was frozen. This phase 

provided adaptation of the new layers without changing any pretrained convolutional filters in 

lmageNet. In Phase 2 (8 epochs), the last two residual layers of ResNet-50 (layer3 and layer4) 
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were unfrozen along with CBAM block and the classifier head, which allows joint fine-tuning at 

a smaller learning rate. Phase 2 started from a 5 epoch linear warm-up stage when the learning 

rate was smoothly increased up to its maximum value. AdamW optimizer with a weight-decay 

coefficient equal to of 1 × 10 -5 was used. The early stopping approach was applied with respect 

to the validation loss and a patience of 8 epochs, in case of absence of improvement during 8 

consecutive epochs, training was stopped, and the network was evaluated on the checkpoint with 

the lowest validation loss. 

Also, during the training loss function and class imbalance was handled as following: 

- Class weight. The weight assigned to each class based on the frequency of occurrence 

of class in the training set: w_c = N_total / (N_classes × N_c) 

- Focal loss. based on the class-weighted cross-entropy, the formula down weights of 

easy examples that are correctly identified, and focusing the training on hard examples 

that are incorrectly identified:  FL(p_t) = −α_t (1 − p_t)^γ log(p_t) 

 

3.8 Evaluation Metrics 
The held-out test set (2,490 images) is used to evaluate the final model as a part of the 

evaluation approach, which includes accuracy, precision, recall, F1 score, Cohen's Kappa score, 

AUC-ROC (one-vs-rest) score and a confusion matrix to visualize class-wise performance in 

below: 

3.8.1 Overall Accuracy 
Overall accuracy provides a simplified global view on how model classify correct results 

across all classes. Accuracy alone in imbalanced medical datasets can be misleading; because it 

may hide poor performance on minority classes. For multi-class classification following equation 

will be used: 

𝑂𝑣𝑎𝑟𝑎𝑙𝑙 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
∑ 𝐶𝑜𝑟𝑟𝑒𝑐𝑡 𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛𝑠(𝑖)௄

௜ୀଵ

∑ 𝑇𝑜𝑡𝑎𝑙 𝑆𝑎𝑚𝑝𝑙𝑒(𝑖)௄
௜ୀଵ
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3.8.2 Precision 
Precision measures how the model reliable in positive classification, while per-class 

precision measures positive classification for each class. High precision means the model rarely 

mislabels provided images, it calculated via the following equation: 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  
𝑇𝑃

𝑇𝑃 +  𝐹𝑃
  

3.8.3 Recall (Sensitivity) 
Recall or sensitivity measures how the model detects each condition. High recall is 

considered as FN (false negative) can be far more harmful than a false alarm. 

𝑅𝑒𝑐𝑎𝑙𝑙 =  
𝑇𝑃

𝑇𝑃 +  𝐹𝑁
  

3.8.4 Macro F1-Score 
Macro F1-Score treats all classes equally, regardless of how many samples each class 

has. Macro F1 Score useful when evaluating imbalanced datasets to ensuring minority classes 

received equal attention: 

𝑀𝑎𝑐𝑟𝑜 𝐹1 =  
1

𝐾
 ෍ 𝐹1(𝑖)

௄

௜ୀଵ

   

Where each class F1 is: 

𝐹1 (𝑖) = 2 ×  
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛(𝑖) × 𝑅𝑒𝑐𝑎𝑙𝑙(𝑖)

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛(𝑖) + 𝑅𝑒𝑐𝑎𝑙𝑙(𝑖)
 

3.8.5 Weighted F1-Score 
Weighted F1-Score measured based on how many samples each class has it adjusts 

contribution of that certain class. This will prevents small classes from dominating the evaluation 

and give more realistic results of overall performance. 

𝑊𝑒𝑖𝑔ℎ𝑡𝑒𝑑 𝐹1 = ෍ 𝑤(𝑖). 𝐹1(𝑖)

௄

௜ୀଵ

 

Where:   𝑤(𝑖) =  
ௌ௨௣௣௢௥௧ (௜)

∑ ௌ௨௣௣௢௥௧ (௜)಼
಺సభ
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4. Chapter 4: Results and Discussion 
ResNet-50 achieved an excellent 99.88% overall accuracy on the test set. This 

demonstrates the strong performance and reliability of ResNet-50 for this task and overall 

medical imaging classifications. EfficientNet-B4 was tested as strong balance of accuracy and 

computational efficiency through compound scaling of depth, width, and resolution. 

MobileNetV4 was tested as a lightweight alternative but showed lower performance, particularly 

on the minority Stone class. 

4.1 Preprocessing Results 
Preprocessing is essential step to ensure that input data are corrected and efficient to be 

fed into deep learning system, it prepares the raw CT images to be clean, consistent, and reliable 

before fed into the model. As shown in below figure sample that visualize sample images before 

and after applying preprocessing mechanize used in proposed framework: 

 

Figure 4.1 Sample Images before and after preprocessing 
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Figure 4.2 Sample Images before and after CLAHE 

 

4.2 Classification Performance 
In the designed deep learning architecture, the performance of EfficientNet-B4, 

MobileNetV3 and ResNet-50 along with CBAM attention block is assessed for classifying the 

kidney CT images. The reason behind selecting these models is that they are good at extracting 

features and have been proved efficient for the classification of medical images. For 

EfficientNet-B4, compound scaling was employed, which helps in balancing the depth, width 

and resolution of the network and hence makes it effective in terms of computation. 

MobileNetV3-Large has been selected for its light weight nature along with its architecture 

having depthwise separable convolution and squeeze-and-excitation blocks. Finally, ResNet-50 

along with CBAM has been selected because of the stability offered by residual learning and also 

because CBAM is useful in focusing on clinically important areas of CT scan. 

 

4.2.1 ResNet-50 with CBAM.  
The proposed ResNet-50 architecture with CBAM and trained with class weighted focal 

loss (γ = 2.0) resulted in excellent performance on the test set. As shown in Table 4.1.Model's 

accuracy was 99.88% when tested, showing it to be very well generalizable across all 4 kidney 

classes.  

Per Class Classifications Metrics: The performance of the proposed Kidney-Net model 

for the four categories of kidney disease (Cyst, Normal, Stone and Tumor) is detailed in the per-

class evaluation of metrics presented in Table 4.1 and visualized in Figure 4.3. These include 

measures such as precision, recall (sensitivity), F1-score and support. In the overall classification 
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results, the precision, recall and F1 scores were essentially high for all categories with almost 

perfect classification results, which shows the strong balance between sensitivity and specificity. 

The Tumor class had a perfect performance, with a precision of 1.0000, a recall of 1.0000 and an 

F1 score of 1.0000 because all the tumors cases were correctly identified, with no false positive 

or false negative. The Normal class also performed well, with a precision of 0.9971 and a recall 

of 1.0000, which means that it identified all cases of Normal with a few false positives.The 

model had a precision and recall of 1.0000 for the Cyst class indicating that all cases predicted 

were correct, but only a very small number of cyst samples were wrongly classified as other 

classes. Again, the Stone class did well with a precision of 1.0000 and a recall of 0.9964. The 

F1-scores for all classes are still very high (0.9982 – 1.0000), indicating a good balance of 

precision and recall. The support values also indicate that the distribution of the dataset was used 

in a realistic and imbalanced way for the evaluation, so that the performance is not skewed 

towards the majority classes. Generally, these results confirm the high, stable and clinically 

accurate classification results obtained by the proposed ResNet-50 + CBAM framework, while 

causing the least misclassification for all the kidney disease categories. 

Table 4.1 Per-Class Classification Metrics for the ResNet-50 and CBAM 

Class Precision Recall F1-score Support 

Cyst 1.0000 0.9973 0.9987 742 

Normal 0.9971 1.0000 0.9985 1016 

Stone 1.0000 0.9964 0.9982 275 

Tumor     1.0000 1.0000 1.0000 457 

Accuracy   0.9988 2490 

Macro Avg 0.9993 0.9984 0.9988 2490 

Weighted Avg 0.9988 0.9988 0.9988 2490 
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Figure 4.3 Per Class Classifications Metrics 

 

Confusion Matrix: The confusion matrix represents the classification accuracy of the 
new Kidney-Net (ResNet-50 + CBAM) model for the held out test set expressed in absolute 
terms as well as normalized. The outcomes show that the predictive performance is very accurate 
and well balanced for all four kidney classes (Cyst, Normal, Stone, Tumor). 

 The model was able to correctly classify most of the test samples in the count-based 

confusion matrix. There was no misclassification in Normal class with 1,016 predictions made 

correctly. Likewise, the Tumor class classification had also a perfect result with 100% of the data 

correctly classified, showing good discriminative capability of the malignant cases, as well. 

Within the Cyst class, 740 samples were correctly classified and 2 samples were misclassified as 

Normal (very little confusion between benign renal tissues). The Stone class had 274 correct 

answers, and just 1 answer was misclassified as Normal, meaning that the accuracy of the 

detection of the Stone class was high, but with some interference from similarity with the other 

classes, notably low intensity regions in CT scans. These results are further supported by the 

normalized confusion matrix which demonstrates almost perfect diagonal dominance, with 

almost 1 recall value for Cyst, Normal, Stone and Tumor respectively. The results show that the 

model is very sensitive in all categories and the loss in classification between classes is 

negligible. Overall, the confusion matrix shows a high level of robustness of the proposed 

architecture, excellent class separability, and little misclassification, especially for clinically 

relevant tumor detection (no false negative in the test set). 
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Figure 4.4 Confusion Matrix for ResNet50 Model 

Training Curves As shown in below from training history plots figure 4.4, the 

Kidney‑Net network shows well defined convergence characteristics over both training and 

validation curves. As seen in the graph depicting focal loss, there is a clear and constant 

reduction in loss during training and validation phase, with little divergence between the two, 

suggesting that the model learns efficiently without overfitting. In addition, the plot of accuracy 

over the epochs clearly shows an increasing trend over time with little difference in training and 

validation accuracy, thus depicting good generalization of the model on unseen data. The plot of 

learning rate schedule reinforces this phenomenon, demonstrating a gradual warming up and 

decay phase of learning. Through below graphs, it can be seen that the Kidney-Net network 

achieves balanced learning characteristics in both phases of training. 

 

Figure 4.5 Training History for ResNet50 Model 
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ROC-Curves Per-Class: A Receiver Operating Characteristic (ROC) curve that is 
depicted. To demonstrate the diagnostic performance of the proposed Kidney-Net model (ResNet-
50 + CBAM), the classification approach is adopted as one-vs-rest for each kidney disease 
classification: Cyst, Normal, Stone, and Tumor. It is clearly seen from the results that there is a 
perfect separation of all the classes as the value of AUC is almost 1.0000, meaning it has a near-
ideal classification performance. All four ROC curves are close to the top left corner of the graph, 
indicating a very high sensitivity (true positive 
rate) and a very low false positive rate for all 
decision thresholds. The Tumor class ROC 
curve is of special interest because it has no 
overlap with any other class and is a perfect 
discriminator, meaning that the model is very 
useful to distinguish tumors from other classes. 
The same is true of the Normal class, which is 
also separated perfectly, thus showing that the 
healthy kidney is always separated from the 
pathological cases.  The Cyst and Stone classes 
are usually overlapping and more difficult to 
differentiate radiographically, and also yield 
perfect AUCs, demonstrating that the CBAM-based feature refinement has a significant impact on 
facilitating the model's ability to pick out subtle variations in texture and intensity within CT 
images. Overall, it was found that the proposed model can classify the different classes of kidney 
tumors with excellent class separability, high sensitivity, and very small misclassification rates, 
making it a very suitable model for the clinical diagnostic support of kidney tumor classification. 

 

4.2.2 Comparison between Proposed Models 
The comparative study for the three deep learning models (ResNet-50, EfficientNet-B4, 

and MobileNetV3) is presented in Table 4.2 based on various evaluation metrics such as 

accuracy, computational efficiency, feature extraction, and clinical deployment. The proposed 

ResNet-50 model results in the highest test accuracy of 99.88%, which was better than 

EfficientNet-B4 (98.35%) and MobileNetV3 (98.84%). The results show that the proposed 

approach of residual learning and CBAM attention has a great effect in the discriminative feature 

learning of kidney CT image classification. In terms of input resolution, EfficientNet-B4 has a 

higher resolution of 380 × 380, which can capture more detailed spatial information, whereas 

ResNet-50 and MobileNetV3 are based on 224 × 224 resolution. Although it is not as high a 

resolution, ResNet-50 is still superior in accuracy, which leads to its high representational power. 

Figure 4.6 Per-Class ROC Curves 
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In terms of complexity, ResNet-50 has around 25.6 million parameters, while EfficientNet-B4 

has around 19 million parameters and MobileNetV3 has around 5.4 million parameters. The 

lightest and most efficient variant of MobileNet is MobileNetV3, but in return it has lower 

classification performance, especially in more complicated scenarios like fine discrimination of 

cyst vs tumor. 

On the high-resolution feature extraction scenario, efficientNet-B4 is very efficient 

thanks to compound scaling, whereas on the clinical classification scenario, it is slightly less 

robust than ResNet-50. In terms of deployment, MobileNetV3 is found to be the most 

appropriate solution for edge and resource-constrained environments as it has high speed of 

inference and low computational requirements. Its shallow feature extraction ability, however, 

makes it unsuitable for high precision medical diagnosis. In the CBAM compatibility analysis, 

both ResNet-50 and EfficientNet-B4 are good with attention mechanisms, whereas MobileNetV3 

is moderate because of its light structure. Overall, the comparison shows that ResNet-50 (with 

CBAM) yields the best accuracy-stability-clinical reliability trade-off and is the most appropriate 

main model for kidney CT classification, while EfficientNet-B4 and MobileNetV3 are good 

comparative and lightweight options. 

 

Table 4.2: Comparison of Deep Learning Models for Kidney CT Classification 

Metric EfficientNet-B4 + CBAM MobileNetV3 + CBAM ResNet-50 + CBAM 

Accuracy 98.35% 98.84% 99.88% 

Macro F1 0.9794 0.9868 0.9988 

Best Val Loss 0.0318 0.0075 0.0006 

Support 2490 2490 2490 

Macro AUC-ROC 0.9997 0.9998 1.0000 
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4.2.3 Overall Comparative Analysis  
All three models were compared with each other in the form of a summary presented in 

Table 4.2(Comparison of Deep Learning Models for Kidney CT Classification).The results in 

show that ResNet-50 with CBAM always achieves a better performance than EfficientNet-B4 

and MobileNetV3 in all the metrics. CBAM greatly improves feature discrimination by 

emphasizing clinically relevant regions in the CT scans, as well as decreasing the amount of 

misclassification and increasing sensitivity for subtle abnormalities.  

In general, the results indicated that the proposed ResNet-50 + CBAM classification 

framework is the most reliable and clinically applicable one for multi-class kidney tumor 

classification, where it achieved high diagnostic accuracy, and exhibited strong generalization 

capability on all the evaluation metrics Table 4.3. 

Table 4.3 Comparative Analysis with Kaggle CT KIDNEY DATASET (Normal–Cyst–Tumor–Stone) 
classification work 

Author Technique Used Accuracy 

[11] Islam et al. VGG-16, ResNet-50, Swin Transformer 96% (ResNet-50); 
99.30% (Swin) 

[21] Bhandari et al. Lightweight custom CNN + LIME + SHAP 
explainability 

99.52% 

[22] Bingol et al. 29-layer CNN + Relief feature selection 99.37% 

[18] Qian et al. DenseNet121 (standard, no augmentation) 93.51% 

[20] Almuayqil et al. KidneyNet (8-layer custom CNN) 99.88% / 99.92% 
precision 

[14] Pimpalkar et al. VGG16, ResNet50, InceptionV3 with hyperparameter 
optimisation 

99.96% 

[16] Obaid et al. DarkNet53 + multi-model ensemble fusion 99.69% 
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Author Technique Used Accuracy 

[19] El-Hag et al. EfficientNet-B2 + specular-free preprocessing 98.27% 

[9] Maçin et al. KidneyNeXt (depthwise separable CNN, 99.96% 

[23] Khan et al. ConvNeXt + EfficientNetV2B0 + selective data 
trimming 

99.73% 

Proposed ResNet-50  ResNet-50 + CBAM 99.88 % 
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4.3 Explainability using (Grad-CAM):  
Gradient-weighted Class Activation Mapping (Grad-CAM) was used to visualize the areas of the 

CT images that strongly influenced the predictions made by the Kidney-Net model to make the 

model more interpretable. The visual results show that the model is able to precisely target 

clinically relevant regions of the kidney structure, especially those which are prone to cyst 

formation. The regions of high activation (shown in red and yellow) correspond to the regions of 

abnormality in the kidney, whereas the regions of low activation (shown in blue) represent the 

irrelevant background tissues. 

In every sample displayed, the model makes correct classification, which is confirmed by the 

overlay drawings “Correct.” The highlighted activation regions are always grouped around the 

borders of the renal lesions, showing that the model is not learning from irrelevant image artifacts, 

but rather important pathological characteristics. The results of this explainability analysis agree 

that the use of CBAM attention mechanisms alongside the feature extraction using ResNet-50 

improves the model's focus on the spatial aspects of the images, helping to identify the relevant 

regions for the disease. The results of the alignment of activations from Grad-CAM with 

radiological structures further confirm the reliability of the proposed system in a clinical context. 

The results of Grad-CAM indicate that the model is transparent, interpretable, and clinically 

trustworthy, critical to its use in medical decision-support systems in real-world applications. 
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Figure 4.7 Generating Grad-CAM for class: Cyst 

 
Figure 4.8 Generating Grad-CAM for class: Normal 
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Figure 3.9 Generating Grad-CAM for class: Stone 

 
Figure 4.10 Generating Grad-CAM for class: Tumor 
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Figure 4.11 Generating Grad-CAM for Misclassified class: Cyst 

 

 

Figure 4.12 Generating Grad-CAM for Misclassified class: Stone 
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4.4 Discussion  
The experimental results prove that the proposed ResNet-50 + CBAM deep learning framework 

outperforms the state-of-the-art algorithms on CT KIDNEY DATASET. It is consistently superior 

to other models, including EfficientNet-B4 and MobileNetV3, demonstrating the highly successful 

application of Residual Learning and Attention Mechanisms for Medical Image Classification. 

The achieved results demonstrate the overall accuracy of 99.88%, macro F1 of 0.9988 and Cohen's 

Kappa of 0.9983, which are very close to the perfect result. The results are comparable to recent 

studies reviewed in the Chapter 2, which typically yield high accuracy model between 98% to 

99.96%. The proposed model, however, is performed with a more stable and interpretable 

architecture, which is more suitable for clinical use. An important component of this high 

performance is the use of CBAM attention modules, which help represent features in the CT scans 

by attending to the diagnostically relevant regions. Therefore, it is especially crucial for 

differentiating between classes of images that are similar in appearance, like a cyst vs. a tumor, 

when there are small differences in intensity. The confusion matrix shows this improvement with 

near perfect classification with very few misclassifications between the Cyst and Stone classes. 

The results of ROC-AUC further confirm the robustness of the model, as the AUC is equal to 

1.000 for all classes, which means an ideal separability in the feature space. The performance in 

this case indicates that the feature representations learned are very discriminative and generalizable 

in the distribution of the training set. The proposed framework outperforms or is comparable to 

ensemble-based models, transformer-based architectures and hybrid CNN models when compared 

with the prior studies. The proposed model is designed to be balanced from a multi-dimensional 

perspective, including accuracy, computational efficiency, and interpretability, all of which are 
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crucial for medical applications in the real world, as opposed to complex ensemble systems. 

However, one drawback of these impressive findings is the use of a single public dataset (Kaggle 

CT KIDNEY DATASET) that may not accurately reflect how CT scans are performed in a clinical 

setting, with variations in scanner types, imaging protocols, or patient demographics. This 

underscores the importance of multi-centre clinical datasets to be validated in the future for 

generalizability. In general, the discussion confirms that the suggested system overcomes the 

drawbacks reported in literature and offers a practical solution to classify kidney tumors that is 

reliable, accurate and clinically meaningful. 
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5. Chapter 5: Conclusion:  

5.1 Conclusion 

This thesis proposed an automatic detection and classification of kidney tumours from computed 

tomography (CT) images with a deep learning approach. The main goal was to build a strong and 

precise system with the ability to classify four kidney diseases: Normal, Cyst, Stone and Tumor, 

making the system easy to understand and avoid burden for radiologists in the diagnosis process. 

A complex pipeline was created, consisting of data preprocessing (CLAHE, normalization, 

resizing), data augmentation, and stratified splitting of the dataset to ensure good input data for the 

models. To ensure a fair comparison among the three models, they were tested in a controlled 

experimental setup which included ResNet-50, EfficientNet-B4, and MobileNetV3, and three deep 

learning architectures. 

The ResNet-50 enhanced with CBAM attention mechanism yielded the highest overall accuracy 

of 99.88% and exhibited close to perfect accuracy in precision, recall, F1-score and AUC scores 

as well. The results showed that the model could effectively extract highly discriminative features 

from CT images and make accurate classification of kidney disease classes, which verified the 

feasibility and validity of the model. Explainability was also achieved using Grad-CAM 

visualisation, which revealed that the model is focused on clinically relevant areas of the kidneys, 

and not on non-relevant background areas. This enhances trustworthiness and facilitates potential 

clinical adoption. In addition, the proposed framework has been compared with the existing 

literature and has been found to be either competitive or better than some of the recent state-of-

the-art models with the simplicity and efficiency of the architecture. 
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5.2 Future Work 

The results are very promising, but the following can be done to improve the results: 

  The model has been validated in multi-centre clinical data to enhance generalisation. 

 Expansion of the system to multi-phase CT scans (arterial, venous, delayed phases). 

 Incorporating segmentation models (e.g., U-Net) into localization of lesions 

 Implementation of the model in an actual clinical decision support system (CDSS) 

 Investigating hybrid architectures using transformers for additional performance 
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