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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.
[bookmark: _Toc223743384]1. Chapter 1: Introduction and Overview
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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]. The world has continuously experienced the steady increase in kidney tumors and this has been as a result of the improvement in the diagnostic imaging techniques, ageing and nurturing of the risk factors like obesity, smoking and high blood pressure [3]. According to the current epidemiological statistics, approximately 434840 new cases of kidney cancer occurred in the world in 2022, which is the 14th most frequently occurring cancer in general, the 10th in men, and the 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 the other hand, the mortality burden in low- and middle-income countries is unequal and largely due to late diagnosis and ineffective health facilities. Indicative is the fact that it is estimated that by the year 2050, the cases and deaths will increase by 72 and 96 percent respectively, which is why the creation of improved detection measures is extremely urgently 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]. This kind of difference creates the significance of early diagnosis in 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 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) has revolutionized the medical imaging profession through tumor classification and detection automatization. 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 at building a monitored DL system that would identify and classify kidney tumors and cancer using the 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.
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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.
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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.
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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.
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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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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 [11].
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.
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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.
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 [11].




[bookmark: _Toc223743393]Review of Related Works
Islam et al. (2022) explored the concept of transfer learning based on VGG-16 and ResNet-50 models, which have been trained on ImageNet and then frozen at the initial layers and fine-tuned at the last classification layers on the Kaggle CT KIDNEY DATASET (12,446 images: Normal, Cyst, Tumor and Stone). The method found a quick convergence with pre-learned features and ResNet-50 skip connections reaching around 96% accuracy per classification, but ImageNet training on color images was suboptimal on grayscale CT texts and the number of parameters was too large to implement in clinical practice [11].

Almuayqil et al. (2024) developed Kidney Next, which is an eight-layer CNN on the Kaggle CT KIDNEY DATASET. The light model achieved a 99.88 percent accuracy and 99.92 percent precision on the tumor, thus performing inference quickly, but exhibited slight confusion between the stones and the calcified tumor [12].

Maçin et al. (2025) proposed Kidney NeXT which is a lightweight CNN that uses depth wise separable convolutions in the Kaggle CT KIDNEY DATASET, but does not rely on heavy augmentation of the images, which are resized to 224x224. The model demonstrated 99.96% accuracy and low computational footprint to execute in real-time on a desktop computer which is a significant advance to clinical practicability, but intensive down-sampling removed fine textures required to detect tumors at an early stage, and the model also performance can depend on the dataset [9].

Bhandari et al. (2023) covered a somewhat different direction as they paid much attention to model interpretability and classification. A CNN was constructed by them, but customized to be lightweight and identify cysts, stones and tumors on the Kaggle CT KIDNEY DATASET and was capable of reaching a 99.52% accuracy. The most interesting aspect of this study is that they combine both LIME and SHAP in order to describe the decision-making process of the AI. Although the high accuracy is definitely encouraging, it may be stated that the real value of this is in the fact that they tried to make the black box of deep learning more transparent to clinicians, even though it is still somewhat difficult to obtain perfect results in terms of translating pixel-level attribution to complex renal pathology [13].
Pimpalkar et al. (2025) optimized VGG16, ResNet50, and InceptionV3 on the Kaggle CT KIDNEY DATASET on four-class classification. Models that were hyperparameter-optimized achieved 98.8% accuracy with high generalization, yet they took up a lot of tuning and were still confused between complex cysts and necrotic tumors [14].

Hossain et al. (2025) On the Kaggle CT KIDNEY DATASET proposed an automated CNN pipeline. The end-to-end method had a high accuracy of 99.3 and F1-score of 99.1, which are superior to baselines, but did not offer multi-stage integration or explanations to clinical staging [15].

Obaid et al. (2025) used a DarkNet53 and multi-model fusion on Kaggle CT KIDNEY DATASET. The method achieved a high accuracy of 99.69 percent on tumors in four classes with high accuracy and precision, but it had high computational demands limiting its use in low-resource environments [16].

Dhanabal et al. (2025) used personalized CNN on the Kaggle CT KIDNEY DATASET. The model was very accurate with strong tumor detection at 98.7 per cent but lacked the bias of class imbalance without advanced focal loss [17].

Qian et al. (2025) used the DenseNet121 on the Kaggle CT KIDNEY DATASET. The technique had an accuracy of 93.51 percent with dense connectivity providing good feature propagation but training that is memory intensive and worse performance in minority tumor classes [18].

El-Hag et al. (2026) suggested a two-stage architecture having a specular-free image and EfficientNet-B2 on the Kaggle CT KIDNEY DATASET. The method achieved a 98.27% accuracy with better contrast on tumors, but preprocessing increased latency that could not be used in real time [19].


[bookmark: _Toc223743394]References

[1] Bray, F., Laversanne, M., Sung, H., Ferlay, J., Siegel, R. L., Soerjomataram, I., & Jemal, A. (2024). Global cancer statistics 2022: GLOBOCAN estimates of incidence and mortality worldwide for 36 cancers in 185 countries. CA: A Cancer Journal for Clinicians, 74(3), 229-263. https://doi.org/10.3322/caac.21834
[2] Tanaka, T., Uehara, S., Ishii, T., et al. (2020). Differentiation of small (≤ 4 cm) renal masses on multiphase contrast-enhanced CT by deep learning. American Journal of Roentgenology, 214(3), 605-612. https://doi.org/10.2214/AJR.19.22074
[3] Padala, S. A., Barsouk, A., Thandra, K. C., et al. (2020). Epidemiology of Renal Cell Carcinoma. World Journal of Oncology, 11(3), 79-87. https://doi.org/10.14740/wjon1279
[4] Sung, H., Ferlay, J., Siegel, R. L., et al. (2021). Global cancer statistics 2020: GLOBOCAN estimates of incidence and mortality worldwide for 36 cancers in 185 countries. CA: A Cancer Journal for Clinicians, 71(3), 209-249. https://doi.org/10.3322/caac.21660
[5] World Cancer Research Fund International. (2024). Kidney cancer statistics. https://www.wcrf.org/preventing-cancer/cancer-statistics/kidney-cancer-statistics/
[6] National Cancer Institute. (2025). Cancer stat facts: Kidney and renal pelvis cancer. Surveillance, Epidemiology, and End Results (SEER) Program. https://seer.cancer.gov/statfacts/html/kidrp.html
[7] Dai, C., Xiong, Y., Zhu, P., et al. (2024). Deep learning assessment of small renal masses at contrast-enhanced multiphase CT. Radiology, 311(2), e232178. https://doi.org/10.1148/radiol.232178
[8] Uhm, K. H., Jung, S. W., Choi, M. H., et al. (2021). Deep learning for end-to-end kidney cancer diagnosis on multi-phase abdominal computed tomography. npj Precision Oncology, 5(1), Article 54. https://doi.org/10.1038/s41698-021-00195-y
[9] Maçin, G., Genç, F., Taşcı, B., Dogan, S., & Tuncer, T. (2025). KidneyNeXt: A lightweight convolutional neural network for multi-class renal tumor classification in computed tomography imaging. Journal of Clinical Medicine, 14(14), 4929. https://doi.org/10.3390/jcm14144929
[10] Abdeltawab, H., Alksas, A., Ghazal, M., et al. (2026). A deep learning ensemble framework for multi-subtype renal tumor classification using contrast-enhanced CT. Scientific Reports, 16(1), Article 37283. https://doi.org/10.1038/s41598-026-37283-7
[11] Islam, M. N., Hasan, M., Hossain, M. K., Alam, M. G. R., Uddin, M. Z., & Soylu, A. (2022). Vision transformer and explainable transfer learning models for auto detection of kidney cyst, stone and tumor from CT-radiography. Scientific Reports, 12(1), Article 11440. https://doi.org/10.1038/s41598-022-15634-4
[12] Almuayqil, S. N., Abd El-Ghany, S., Ahmed, A. E., & Elmogy, M. (2024). KidneyNet: A Novel CNN-Based Technique for the Automated Diagnosis of Chronic Kidney Diseases from CT Scans. Electronics, 13(24), 4981. https://doi.org/10.3390/electronics13244981 
[13] Bhandari, M., Yogarajah, P., Subash Muthu, K., & Condell, J. (2023). Exploring the Capabilities of a Lightweight CNN Model in Accurately Identifying Renal Abnormalities: Cysts, Stones, and Tumors, Using LIME and SHAP. Applied Sciences, 13(5), Article 3125. https://doi.org/10.3390/app13053125
 [14] Pimpalkar, A., Saini, D. K. J. B., Shelke, N., Balodi, A., Rapate, G., & Tolani, M. (2025). Fine-tuned deep learning models for early detection and classification of kidney conditions in CT imaging. Scientific Reports, 15(1), Article 94905. https://doi.org/10.1038/s41598-025-94905-2
[15] Hossain, M. N., Bhuiyan, E., Miah, M. B. A., Sifat, T. A., Muhammad, Z., & Masud, M. F. A. (2025). Detection and Classification of Kidney Disease from CT Images: An Automated Deep Learning Approach. Technologies, 13(11), 508. https://doi.org/10.3390/technologies13110508
[16] W. Obaid, A. Hussain, T. Rabie, D. H. Abd, and W. Mansoor, "Multi-model deep learning approach for the classification of kidney diseases using medical images," Informatics in Medicine Unlocked, art. no. 101663, 2025.
[17] R. Dhanabal, B. Nikeel Ram, and L. Karthikeyan, "Classification of Kidney Abnormalities in CT Images using Deep Learning," in Proc. 4th Int. Conf. Sensors Related Netw. (SENNET), 2025. 
[18] G. Qian, "Renal CT Image Classification Based on Densely Connected Convolutional Networks," in Proc. 2nd Int. Conf. Data Anal. Mach. Learn. (DAML), 2024, pp. 115-119.

[19] El-Hag, N. A., El-Shafai, W., Abd El-Hameed, H. A., Soliman, N. F., Algarni, A. D., & Abd El-Samie, F. E. (2025). A two-stage deep learning framework for kidney disease detection using modified specular-free imaging and EfficientNetB2. Scientific Reports, 15(1), Article 4606. https://doi.org/10.1038/s41598-025-04606-z
10
image1.png




