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[bookmark: _Toc223129913][bookmark: _Toc223132705]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.

Result plus techniques
[bookmark: _Toc223132706]Chapter 1: Introduction and Overview
[bookmark: _Toc223132707]1.1 Overview
The significant health problem of concern in the world is kidney tumors and a significant number of neoplasms are benign lesions or extremely aggressive malignancies. Most of the renal malignancies include renal cell carcinoma (RCC), the most common malignant tumor of the kidney in adults representing approximately 90 percent of all cases (Bray et al., 2024). They have subtypes, including transitional cell carcinoma, Wilms tumor in children, and benign, including oncocytomas and angiomyolipoma’s (Tanaka et al., 2020). Kidney tumors have steadily increased their rate of occurrence all over the world, partly because of the enhanced diagnostic imaging capabilities, aging, and rising rates of predisposing conditions including obesity, smoking, and high blood pressure (Padala et al., 2020). The latest epidemiological data show that, in 2022, the world had nearly 434,840 new cases of kidney cancer, which is the 14 th most common cancer overall, the tenth in men and the 13 th in women (Bray et al., 2024). The mortality rate is also quite high since there were around 155,953 deaths within the same year, and this indicates that kidney cancer is very fatal unless it is detected and treated in its initial stages (Sung et al., 2021).
Kidney tumors are not evenly distributed both with geographical and socioeconomic factors. The incidence rates are higher in high-income countries and particularly in North America and Europe because they have more access to diagnostic tools and screening and the age-standardized incidence rate (ASIR) is high in countries, such as Argentina (15.60 per 100,000) (Bray et al., 2024). On the other hand, the mortality rate is out of proportion in low- and middle-income countries, mostly due to the late diagnosis of the disease and a lack of medical facilities. It is estimated that the number of new cases and deaths will increase by 72% and 96% by 2050 respectively, which highlights the importance of better detection strategies (World Cancer Research Fund International, 2024). The point of diagnosis directly correlates with survival, and in the United States, the five-year relative survival rates are about 78.6% in general, 90% in localized tumors, but less than 15% in a metastatic disease (National Cancer Institute, 2025). This sharp contrast indicates that early diagnosis is extremely significant to enhance patient outcomes.
Computed Tomography (CT) scans have gained dominance in kidney tumor diagnosis with high resolution images capable of providing accurate visualization of tumor characteristics in terms of size, shape, location, and the enhancement patterns (Dai et al., 2024). Non-contrast, arterial and venous protocols that are used in multidetector CT can accurately stage the tumor as they assess vascular engagement, lymph node metastasis, and distant disease spread, with staging accuracy exceeding 99% in tumor detection (Uhm et al., 2021). But the traditional manual approach of interpreting CT scans is not only time-consuming, but also inter-observer, especially in the ability to detect the slightest differences in tumor subtypes.
With the adoption of artificial intelligence (AI) and deep learning (DL), the medical imaging industry has been revolutionized with significant aspects of the process including tumor detection and classification being automated. DL frameworks have proven to be more effective in the analysis of CT scans of different types of cancer, such as kidney tumors (Maçin et al., 2025). These models acquire hierarchical characteristics based on large-scale data, allowing them to perform classification not only between benign and malignant tumors but also between defined subtypes determining which a key element in individual treatment planning (Abdeltawab et al., 2026). classification is particularly relevant in the situation with kidney tumors since it will help to decide whether active surveillance should be used in benign lesions or the surgical intervention is needed in the case of malignancies and help to reduce the number of unnecessary operations and enhance the quality of life of patients.
This thesis proposal seeks to come up with a deep learning model that will be used in detecting and classifying kidney tumors through CT scans. The overall goal is to improve the quality of diagnosis through minimizing the inter-observer variability, to save time, and finally, to reduce the rates of mortality of kidney tumors by overcoming the drawbacks of the manual diagnosis. Deep learning in clinical practice is a paradigm shift to precision medicine, in which AI-based solutions can help enhance the expertise of radiologists, leading to more effective and fair healthcare provision.

[bookmark: _Toc223132708]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.
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 already scarce access to skilled radiologists in low-resource environments also further delays diagnoses, leading to increased death rates in the areas 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.
These issues necessitate the use of automated systems. Machine learning methods involve manual extraction of features, thus restricting their flexibility to a wide range of CT datasets. Deep learning provides an answer in that it is able to automatically learn 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.
[bookmark: _Toc223132709]1.3 Thesis Objectives
The overall aim of this thesis is to design and test a deep learning system to identify and classify kidney tumors on CT scans in an automated manner. This model will enable the enhancement of the diagnostic efficiency and accuracy of diagnosing, early intervention, and customized treatment.
The specific objectives are:
1.	To discuss and examine the available DL applications to the medical imaging domain, paying particular attention to kidney tumor identification and classification, determining the advantages and shortcomings of the existing methodologies.
2.	To develop a more powerful deep learning architecture that incorporates the multi-phase CT data to extract more features and identify the location of the tumor.
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.	In order to assess the performance of the framework based on various data, such as accuracy, sensitivity, specificity, and area under the ROC curve (AUC) in comparison to manual radiologist ratings and the state-of-the-art framework.
5.	To determine the clinical applicability of the framework by validating it on actual CT scans, investigate ways to integrate it with current radiology procedures to minimize the time and errors in diagnoses.
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.


[bookmark: _Toc223132710]1.4 Thesis Contribution
This thesis contributes to the field of medical imaging and AI in kidney tumor diagnosis in a number of important ways:
1.	Deep learning model to detect and simultaneously classify objects into multiple 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, providing a tool that could decrease the workload of radiologists, decrease the number of unnecessary interventions, and aid in precision medicine in the management of kidney cancer.
Such contributions facilitate the development of the field of integration of DL in the field of oncology, offering a universal solution to the global challenges encountered in healthcare.



[bookmark: _Toc223132711]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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[bookmark: _Toc223036892][bookmark: _Toc223037695][bookmark: _Toc223132713]2.1 Introduction 
	When radiologists look at a Computed Tomography (CT) scan, it is not merely a photograph that they are looking at, but a multidimensional image of the human body coded in thousands of subtle gray tones. The decades-long diagnosis relied solely on the human eyesight with years of special education. Hundreds of cross-sectional slices would be carefully examined by a clinician in search of subtle abnormalities in the texture, which might indicate a developing disease. Human expertise remains the gold standard in terms of patient care but with the explosion of data provided by contemporary multidetector CT scanners it has led to a deep diagnostic bottleneck. Visual fatigue is a physiological necessity and in high volume clinical practice, the slightest of lesions are likely to go undetected against the mass of work.
This has continued to be a challenge that has sparked an outburst of computer science research aimed at automating aspects of the radiological workflow. The mission is simple: create machines that will recognize signs of a disease with a high degree of accuracy and provide physicians with a second opinion that will not tire them. Nevertheless, it is still very hard to transform the complex and changing biology of the kidney into reliable mathematical models. Deleted previously mentioned
The chapter forms the necessary background on automated renal diagnosis. It starts with a discussion of the clinical and pathological conditions of the target abnormalities and the physical principles of CT imaging. It is impossible to make any attempt at an algorithmic solution without understanding the biological and technical problem. The history of computational diagnostics development is followed next, starting with the inflexible classical machine learning methods and moving to the modern deep learning systems. Lastly, the chapter provides a critical review of four more recent studies, all of which provided their own methodology to the same KIDNEY DATASET on Kaggle: normal-cyst-tumor and stone. 
We can easily be able to pinpoint the strengths and weaknesses of methods used by comparing how various research groups 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.  references
[bookmark: _Toc223036893][bookmark: _Toc223037696][bookmark: _Toc223132714]2.2 The Biological Landscape of Renal Abnormalities 
	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 (Uhm et al., 2021).
Normal kidney has a smooth and distinct outer contour and distinct internal differentiation between the cortex (where there is filtration) and medulla (where there is urine concentration). The normal class is the fundamental standard; and all successful algorithms must deal in the first place with the broad range of physiological variability, such as variations in size, shape, and density, dependent on age, body habitus, and hydration, before it may safely detect actual pathology.
Renal cysts are highly common especially among the elderly. Simple cysts are benign fluid-filled masses that hardly need intervention. Nonetheless, complex cysts may have thick walls, interior septations or calcifications, which form imaging characteristics that are similar to necrotic or hemorrhagic tumors. Such visual overlap is one of the main challenges of automated multi-class classification, and both humans and machines are unable to distinguish harmless fluid collections and the possible malignant lesions.
The signature of kidney stones (nephrolithiasis) is significantly different. They are crystallized, mineralized concretions which develop in the collection system. Large stones are hyperdense and bright white on CT and once such are relatively easy to identify. The situation is more complicated with smaller calculi or the ones that are located in the renal pelvis, where it is necessary to use high sensitivity to differentiate between them and the surrounding skeletal structures, like the ribs or the vertebrae.
Renal tumors are a wide range of solid masses, beginning with benign tumors and oncocytes up to malignant tumors such as renal cell carcinoma (Tanaka et al., 2020). Tumors interfere with normal renal structure, distort periphery, tissue invasion and often irregular neovascularization is seen. Proper multi-class differentiation is of clinical necessity: a benign cyst might be left to be observed, a blocking stone needs urgent treatment, and a cancerous mass demands urgent oncologic examination and management. The binary classification plans (normal vs. abnormal) are not as fine-grained as they need to be to be administered to the patients properly. Not specialization
[bookmark: _Toc223036894][bookmark: _Toc223037697][bookmark: _Toc223132715]2.3 The Mechanics and Physics of Computed Tomography 
	Although ultrasound provides screening with radiation free and MRI with best contrast of soft-tissues, Computed Tomography has become the backbone of renal imaging because it is fast, spatially resolved and capable of defining the nature of the lesions (Dai et al., 2024).
A CT scanner creates the images after passing a thin beam of X-ray through the patient as an X-ray tube spins at high speed around the body. Contrasting detectors record the extent of beam attenuation by the various tissues. These measurements are reconstructed as finer-scale slices cross-sectionally producing an accurate topographic map of internal density in sophisticated back-projection algorithms.
The modern CT guidelines in the renal area use intravenous iodinated contrast to highlight the vascularity and enhancement patterns. The process of scanning is performed in several periods:
· Non-contrast phase: the best type of phase to use to identify the presence of calcified stones and baseline densities.
· Arterial (corticomedullary) phase: records early increase in hyper vascular tumors.
· Venous (nephrographic) phase: best tumor-to-parenchyma contrast.
· Delayed (excretory) stage: assesses the work of the collecting system.
This multiphase approach provides dynamic information that is rich but significantly increases the number of images that an AI system needs to process, requiring strong processing power (Uhm et al., 2021). Although it has a powerful diagnostic ability, CT exposes patients to ionizing radiations, which might bring about contrast induced nephropathy and inter-observer variations in perception of borderline cases.          Not specialization

[bookmark: _Toc223036895][bookmark: _Toc223037698][bookmark: _Toc223132716]2.4 The Evolution of Algorithmic Diagnostics in Radiology
	Early computer aided diagnostic systems relied on the classic machine learning whereby manual feature engineering was necessary. 	These methods were fragile, incapable of dealing with the natural variation and disorder of biological materials, tumors are rarely geometrical, and cysts are highly morphologically diverse.
The breakthrough was gained with the introduction of deep learning, especially Convolutional Neural Networks (CNNs), which made it possible to learn features automatically with the help of supervised learning (Maçin et al., 2025). 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 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.
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 aggressive data augmentation, a class-weighted loss, or a focal loss which can disproportionately punish errors of minority classes (stones and tumors) and encourage equal predictive accuracy in all categories.

added to introduction in related work
[bookmark: _Toc223036896][bookmark: _Toc223037699][bookmark: _Toc223132717]2.5 The Benchmark Dataset: A Critical Foundation Related work 
	Comparable analysis of methodologies requires similar data. The literature review will be limited to the studies that have been carried out regarding the popular Kaggle model that is called CT KIDNEY DATASET: Normal-Cyst-Tumor and Stone (Islam et al., 2022).
The dataset consists of 12,446 CT images with the following distribution: 5,077 Normal, 3,709 Cyst, 2,283 Tumor and 1,377 Stone, which represents the realistic clinical prevalence and the lack of balance. It uses axial and coronal reconstructions, contrast-enhanced and non-contrast studies, which adds a significant real-world variability. This variety also makes models acquire generalized representations instead of scanner-specific artifacts.
The imbalance of the classes between the images of Stones and those of Normals is dramatic, as the first is almost four times more common than the last. Any effective framework should be able to take care of this disparity effectively without producing artificial biases that undermine clinical validity.   In dataset section
[bookmark: _Toc223036897][bookmark: _Toc223037700][bookmark: _Toc223132718]2.6 Critical Review of Related Works Utilizing the Benchmark Dataset
[bookmark: _Toc223036898][bookmark: _Toc223037701][bookmark: _Toc223132719]2.6.1 The Standard Convolutional Baseline: Transfer Learning Architectures 
	Islam et al. (2022) examined transfer learning on VGG-16 and ResNet-50 that were trained on ImageNet. The initial layers were frozen and the last classification layers only fine-tuned with the Kaggle dataset? name.   one paragraph, start with reference
Pros: The convergence is extremely fast because of already learned general visual features; skip connections in ResNet-50 are effective in overcoming vanishing gradients. Obtained an approximate accuracy of 96% in four classes.
Cons: ImageNet-pretraining has been optimized to sharp-bound natural colored image that does not match the smooth gradations of grayscale CT scans. The old architectures are still parameter intensive and computationally expensive to allow feasible deployment in resource constrained clinical settings.
[bookmark: _Toc223036899][bookmark: _Toc223037702][bookmark: _Toc223132720]2.6.2 Maximizing Feature Propagation: Densely Connected Networks 
	Rahman et al. (2023) used DenseNet121, which relies on dense connectivity in which all layers get feature maps of all the layers before them. To antagonize overfitting, aggressive data augmentation (rotation, zoom, shear) was used.
Pros: Better preservation and reuse of low- and high-level features; much more parameter-efficient than ResNet. Accuracy reported to be 98.2 with significant enhancement in recall and accuracy on the minority Stone class.
cons: Dense connection has high requirements in terms of GPU memory. Excessive augmentation may create non-physiological distortions that may teach the models false patterns rather than true body characteristics.  Dataset?   one paragraph, start with reference
[bookmark: _Toc223036900][bookmark: _Toc223037703][bookmark: _Toc223132721]2.6.3 Prioritizing Practical Clinical Deployment: Lightweight Architectures 
	Kidney Next, a single-author lightweight CNN based on depth wise separable convolutions, was the proposal by Maçin et al. (2025) to cut the number of parameters by a significant margin. The input images were not augmented with great care, and their size was reduced to 224x224.
Pros: Kaggle test accuracy of 99.96% is excellent; and it has low computational demands, so can run in real-time on regular clinical workstations. Gifts a significant step towards deployable clinical tools.
Disadvantages: Aggressive down-sampling causes the textural features at high frequencies required to identify early or small lesions to be removed. The almost flawless performance could be database specific and less robust to the subtle pathology which can be faced in real-world scans which are not curated. Dataset?  , one paragraph, start with reference

[bookmark: _Toc223036901][bookmark: _Toc223037704][bookmark: _Toc223132722]2.6.4 Capturing Global Context: Hybrid Feature Fusion Architectures 
	Chen et al. (2024) constructed a two-branch hybrid network that integrates a conventional CNN to extract local texture features with a Vision Transformer to gain knowledge of the overall context using self-attention among image patches.
Pros: Strengthens the local receptive field drawback of the pure CNNs; proves to be better at recognizing overlapping appearances between complex cysts and tumors. Had a high level of cross-class robustness and achieved about 99.1 precision.     Dataset?   one paragraph

[bookmark: _Toc223036902][bookmark: _Toc223037705]Cons: Vision Transformers are computationally expensive and data-intensive, putting more risk of overfitting on small datasets. Absence of clear explainability the attention maps are not clinically interpretable, which severely limits physician confidence and adoption.
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