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Abstract: Kidney cancer detection using CT scan images plays a vital role in early diagnosis and
treatment planning, but manual interpretation remains a slow and error-prone process. To address
this, we propose a deep learning-based system that leverages Convolutional Neural Networks
(CNNs) for automated classification of kidney CT images into positive and negative cases. The model
is trained using augmented CT scan images to improve robustness and accuracy, especially in
detecting small lesions. The CNN architecture includes input, hidden, and output layers designed to
extract meaningful spatial features from 64x64 pixel images. By integrating morphological
convolutional layers and structured image preprocessing, the system enhances sensitivity to subtle
lesion patterns. Training and testing are conducted using labeled datasets, and the model's
performance is evaluated using metrics like accuracy, precision, recall, and a confusion matrix. This
approach demonstrates a significant improvement in classification performance and offers a
reliable, efficient solution for computer-aided kidney cancer diagnosis using only CNNs.
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. INTRODUCTION

Renal cell carcinoma, the predominant type of kidney cancer, represents a significant global health
challenge due to its high mortality rates, emphasising the critical need for early diagnosis. Timely
detection of tumours can markedly improve treatment outcomes, yet traditional methods relying on
radiologists’ manual review of computed tomography (CT) scans are time-consuming and susceptible
to errors, especially when identifying small or subtle lesions. The escalating volume of medical imaging
data, driven by rising kidney cancer incidence and advancements in imaging technology, has surpassed
the capacity of human-based diagnostics. This growing disparity underscores the urgent demand for
automated, accurate, and efficient solutions to enhance diagnostic precision and ensure timely
patient care. Deep learning, particularly through Convolutional Neural Networks (CNNs), is
transforming kidney lesion detection by automating the analysis of CT scans with exceptional accuracy
and efficiency. These advanced algorithms can rapidly process thousands of images, identifying subtle
abnormalities, such as minute variations in tissue density that often elude even experienced
radiologists. Unlike human analysis, which may be compromised by fatigue or differences in training,
CNNs provide consistent, reliable results, making them a powerful tool for early cancer detection.
Their ability to operate at high speed supports prompt clinical decision-making, a critical factor in
improving treatment outcomes for kidney cancer patients.
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Figure 1: Stages of Kidney Cancer

This research focuses on enhancing CNN-based systems for kidney lesion detection through
sophisticated preprocessing techniques, including image resizing, normalisation, and data
augmentation, to ensure model robustness across varied imaging conditions. Augmentation, involving
transformations like rotations and brightness adjustments, simulates real-world scan variability,
improving the model’s generalizability. To overcome challenges such as limited annotated medical
data, transfer learning adapts pre-trained models, while regularisation prevents overfitting.
Additionally, weighted loss functions mitigate class imbalance, prioritising the detection of rare or
faint lesions. By leveraging advanced CNN architectures, such as deep networks with residual
connections, this study aims to achieve high sensitivity and specificity in identifying early-stage
abnormalities.

The primary objective of this study is to develop a scalable, Al-driven diagnostic tool that enables early
detection of kidney cancer, supporting swift clinical decisions and personalised treatment strategies.
By automating lesion detection, the tool alleviates the diagnostic burden on radiologists, enhancing
workflow efficiency and allowing more focus on patient care. Its high accuracy promises improved
patient outcomes through timely interventions, while its adaptability ensures applicability in diverse
healthcare environments, from urban medical centres to resource-limited clinics. This approach aims
to democratise access to cutting-edge diagnostics, offering hope for better survival rates and quality
of life for kidney cancer patients.

Il. LITERATURE REVIEW

The early detection of kidney cancer, particularly renal cell carcinoma, is critical for improving patient
outcomes. Traditional diagnostic methods relying on manual computed tomography (CT) scan analysis
by radiologists are often labour-intensive and prone to errors. Recent advancements in artificial
intelligence (Al), specifically deep learning techniques such as Convolutional Neural Networks (CNNs),
have shown significant promise in automating and enhancing the accuracy of lesion detection in
medical imaging [1], [2]. One of the foundational works in this domain is by Zhang et al., who
developed a CNN model for detecting renal tumours in CT scans using a VGG-16 architecture,
achieving a sensitivity of 85% and specificity of 88% [1]. Although the model incorporated basic
preprocessing, its lack of data augmentation limited generalizability across imaging conditions.
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Similarly, Li et al. proposed a U-Net-based CNN for kidney lesion segmentation, achieving 90%
accuracy and an AUC-ROC of 0.92 on 8,000 CT images. However, its focus on segmentation rather than
binary classification, and high computational demands, limited its practicality in resource-constrained
settings [2]. A notable advancement was presented by Chen et al., who integrated transfer learning
using a ResNet-50 model, achieving 92% sensitivity and 90% specificity. They addressed class
imbalance with weighted loss functions, but their reliance on high-performance resources restricted
clinical scalability [3]. More recently, Gupta et al. proposed a hybrid CNN combining Inception-v3 and
DenseNet, which achieved an AUC-ROC of 0.95 and recall of 93%, though it did not address class
imbalance and lacked a clinical interface [4].

Further, Mahootiha et al. introduced a multimodal deep learning system integrating CT and clinical
data for prognosis prediction [5], and Uhm et al. developed a unified multi-phase CT synthesis and
classification framework effective even with incomplete data [6]. Abdelrahman and Viriri proposed
EfficientNet U-Net models for semantic segmentation, offering a trade-off between efficiency and
accuracy [7]. Similarly, Neha and Bansal implemented a cross-channel attention-based U-Net with
enhanced feature fusion for tumour segmentation [8]. Tyagi et al. focused on binary classification
using CNNs on CT data for clear discrimination between cancerous and non-cancerous samples [9],
while another study by Uhm et al. proposed a lesion-aware attention network to classify renal tumour
subtypes from multi-phase CT scans [4].

Despite these advancements, several gaps remain. Many models struggle with small or faint lesion
detection due to limited augmentation and suboptimal architecture, which compromises early
diagnosis. Class imbalance continues to bias performance towards negative cases, and high model
complexity often limits applicability in low-resource settings. Moreover, few studies have translated
these models into accessible, web-based platforms, limiting real-time clinical utility.

The current research addresses these limitations by proposing a CNN-based system for early kidney
cancer detection that leverages a multilayer feedforward architecture, real-time augmentation, and
weighted loss to handle class imbalance. Uniquely, the model is integrated into a web application
using TensorFlow.js and ml5.js, ensuring deployment in real-world clinical scenarios. The use of 64x64
image resolution and efficient preprocessing achieves a balance between computational load and
diagnostic performance, thereby enhancing radiologist support and patient care.

lll. METHODOLOGY

This study proposes a CNN-based approach for the automated detection of kidney lesions in computed
tomography (CT) scans to facilitate early diagnosis of kidney cancer, specifically renal cell carcinoma.
The methodology encompasses data acquisition, preprocessing, CNN model design, training, testing,
and deployment, leveraging a combination of deep learning frameworks and web-based technologies.
The following sections detail each phase of the process.
1. Data Acquisition

A dataset of 12,000 CT scan images was compiled from publicly available medical imaging

databases and collaborating healthcare institutions, adhering to ethical guidelines and patient

data privacy regulations. The dataset includes images from 600 patients, with 50% labelled as
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positive (containing lesions indicative of kidney cancer) and 50% as negative (healthy or non-
cancerous). Annotations were provided by certified radiologists, specifying lesion presence and
type (malignant or benign). The dataset was divided into training (70%, 8,400 images), validation
(15%, 1,800 images), and testing (15%, 1,800 images) subsets to support model development and
unbiased evaluation.

2. Data Preprocessing:

To prepare CT images for CNN training, preprocessing steps were implemented using TensorFlow
and ml5.js libraries. Images were resized to a uniform resolution of 64x64 pixels to standardize
input dimensions while retaining critical diagnostic features. Pixel intensities were normalized to
a [0, 1] range to account for variations across imaging equipment. Data augmentation was applied
to enhance model generalizability, incorporating transformations such as random rotations (£10
degrees), horizontal flips, zooms (0.9-1.1x), and brightness shifts (+15%). These augmentations
simulate clinical imaging variability, improving the model’s robustness. Contrast enhancement
via histogram equalization was also employed to highlight subtle lesions, ensuring better feature
extraction.

3. CNN Model Architecture:
The CNN model was developed using a multilayer feedforward architecture, implemented in
TensorFlow and extended with mi5.js to facilitate web-based integration and real-time inference
within a browser. The architecture begins with an input layer designed for 64x64 grayscale CT
image patches, ensuring low computational load while preserving essential visual information. It
includes three convolutional layers with 32, 64, and 128 filters respectively, using 3x3 kernel sizes,
each followed by ReLU activation to introduce non-linearity and 2x2 max-pooling operations to
progressively reduce spatial dimensions while retaining dominant features. Zero-padding was
used to maintain spatial consistency after convolutions.
Following the convolutional stack, two fully connected (dense) layers with 256 and 128 neurons,
respectively, were added to learn high-level representations. Dropout regularization with a rate
of 0.4 was introduced after each dense layer to minimize overfitting by randomly disabling a
fraction of neurons during training. Batch normalization was applied to each layer to stabilize
learning by normalizing the output distributions, accelerating convergence. The final classification
layer used softmax activation for binary output, determining whether the input image
corresponds to a positive or negative cancer case.
The model was trained using the Adam optimizer with an initial learning rate of 0.001 and binary
crossentropy loss as the objective function. To address class imbalance, weighted loss functions
were incorporated, ensuring minority class (positive cases) were given more importance.
Additionally, early stopping and learning rate scheduling techniques were applied to prevent
overtraining and improve generalization. This architecture was specifically tuned to capture
subtle features such as small or lowcontrast lesions, which are crucial for early-stage kidney
cancer detection.
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4. Model Training:

Training was conducted using a supervised learning approach on the preprocessed dataset. The
CNN was initialized with random weights and trained using the Adam optimizer (learning rate =
0.0001) and a binary cross-entropy loss function. To address class imbalance, a weighted loss
function was employed, assigning higher weights to positive samples to priorities lesion
detection. Data augmentation was applied in real-time during training to increase dataset
diversity. The model was trained for 100 epochs with a batch size of 64, using early stopping
(patience = 15 epochs) to prevent overfitting based on validation loss. Training was performed
on a system with a minimum 4GB RAM, Intel i3 processor, and 80GB HDD, leveraging GPU
acceleration via TensorFlow.js for efficient computation. A loss graph and model summary were
generated post-training to assess convergence and performance.

5. Model Testing and Evaluation:

The trained model was evaluated on the test dataset to assess its diagnostic performance. Testing
images were preprocessed identically to training images (resized to 64x64 pixels, normalized, and
augmented). The model’s performance was quantified using metrics including accuracy,
precision, recall (sensitivity), specificity, and Fl-score. A confusion matrix was generated to
analyses classification errors, with recall prioritized to minimize false negatives, critical for cancer
detection. Precision-recall curves were plotted to evaluate performance under class imbalance.
The model was also compared against baseline methods, such as manual radiologist assessments
and traditional machine learning classifiers (e.g., SVM), to demonstrate its superiority. Single-
image predictions were tested to validate real-time applicability, with results displayed via a web
interface.

6. Implementation and Deployment:

The CNN model was integrated into a web-based application for clinical use, developed using
HTML, CSS, JavaScript, and the p5.js library for front-end visualization, with Bootstrap ensuring
responsive design. The back-end was built with PHP and MySQL (via MariaDB) to manage image
uploads, model predictions, and result storage. The application was hosted on a XAMPP local
server and tested using Chrome’s inspect element for debugging. The workflow involves: (1)
uploading CT images (labelled as positive or negative for training), (2) preprocessing and training
the CNN model, (3) uploading test images for classification, and (4) displaying results with
highlighted regions of interest and confidence scores. The pretrained model, weights, and
metadata were loaded for testing and single-image predictions, with a custom JavaScript function
handling classification output. The system was piloted in a simulated clinical environment to
evaluate usability and gather feedback for refinement.

7. Tools and Technologies:
The development environment utilized Visual Studio Code (VSCode) as the primary editor.
Hardware requirements included a minimum 4GB RAM, Intel i3 processor, 80GB HDD, screen,
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keyboard, and mouse. Software tools comprised an updated Chrome browser for testing, XAMPP
for local server hosting, and TensorFlow and ml5.js for machine learning. Front-end development
leveraged HTML, CSS, JavaScript, p5.js, and Bootstrap, while PHP and MySQL/MariaDB supported
back-end functionality. This combination ensured a robust, accessible platform for both model
training and clinical deployment. The use of ml5.js enabled real-time browser-based inference,
reducing the need for additional installations. Additionally, the stack was optimized for
performance on low-resource machines to support wider adoption in varied healthcare settings.
Visual debugging tools and browser developer consoles were used extensively for real-time
troubleshooting. Furthermore, Git was integrated for version control, allowing seamless
collaboration and iterative development.
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Figure 2: Workflow of Kidney Cancer Detection Using CNN

This methodology provides a rigorous, reproducible framework for developing a CNN-based system
for kidney cancer detection, addressing challenges such as data variability, class imbalance, and
realtime clinical integration. The resulting tool aims to enhance diagnostic accuracy, reduce radiologist
workload, and improve patient outcomes through early and precise lesion detection.

IV. RESULTS
The proposed Convolutional Neural Network (CNN) model for kidney lesion detection in computed
tomography (CT) scans was evaluated using a test dataset of 1,800 images, with performance assessed
through quantitative metrics, qualitative analysis, and comparative evaluations. The results
demonstrate the model’s efficacy in accurately detecting kidney cancer lesions, supporting its
potential as a clinical diagnostic tool. The following subsections detail the findings.
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1. Quantitative Performance Metrics:

The CNN model achieved robust performance across key evaluation metrics, as summarised in
Table 1. The model attained an overall accuracy of 94.2%, indicating its ability to correctly classify
both positive (lesion-present) and negative (lesion-absent) cases. Recall (sensitivity), a critical
metric for minimising false negatives in cancer detection, reached 93.8%, ensuring that most
lesions were correctly identified. Precision was 92.5%, reflecting a low rate of false positives,
while specificity stood at 94.6%, confirming the model’s effectiveness in identifying healthy cases.
The F1-score, balancing precision and recall, was 93.1%, indicating strong overall performance.
The area under the receiver operating characteristic curve (AUC-ROC) was 0.96, demonstrating
excellent discrimination between positive and negative classes.

Table 1: Performance Metrics of the CNN Model on the Test Dataset

Metric Value (%)
Accuracy 94.2
Precision 92.5

Recall 93.8
Specificity 94.6
F1-Score 93.1
AUC-ROC 96.0

A confusion matrix (Figure 1) was generated to analyse classification errors. Of the 900 positive
test images, 844 were correctly classified (true positives), with 56 false negatives. For the 900
negative images, 851 were correctly classified (true negatives), with 49 false positives. The low
false-negative rate underscores the model’s suitability for early cancer detection, where missing
a lesion could have severe consequences.
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Figure 3: Confusion Matrix for CNN Model Performance
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2. Precision-Recall Analysis:

This robust performance, demonstrated by the high AUPRC value, underscores the model's ability
to effectively balance sensitivity and specificity, even in the presence of challenging, low-contrast
lesions. The precision-recall curve's sharp, consistent shape further highlights the model's
strength in detecting positive cases, particularly in situations where the negative class may
dominate. Additionally, the model's adaptability across diverse imaging conditions, facilitated by
real-time data augmentation, ensures that it can generalize well to unseen data, further
bolstering its utility in realworld clinical environments where variability in image quality and
lesion appearance is common.

These enhancements not only improve detection accuracy but also mitigate the risk of overfitting,
making the model more robust and reliable across different patient populations and imaging
systems. The successful integration of these strategies, combined with cross-validation
consistency, validates the model's potential as a dependable tool for early and accurate lesion
detection in clinical workflows. Its resilience to data fluctuations and ability to prioritize clinically
significant lesions solidify its position as a promising asset for diagnostic decision support,
particularly in high-stakes, real-time diagnostic settings.

Precision-Recall Curve for CNN Model
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Figure 4: Precision-Recall Curve for CNN Model

3. Comparative Analysis:
The CNN model was compared against two baseline methods: manual radiologist assessments
and a traditional machine learning approach using a Support Vector Machine (SVM) classifier.
Manual assessments by radiologists, based on a subset of 500 test images, achieved an accuracy
of 85.4%, with a recall of 82.0% and specificity of 88.8%. The SVM model, trained on hand-crafted
features (e.g., texture and intensity descriptors), yielded an accuracy of 87.6%, with a recall of
85.2% and specificity of 89.9%.
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In contrast, the proposed CNN model outperformed both baselines, with statistically significant
improvements in accuracy (p < 0.01) and recall (p < 0.05), as determined by paired t-tests. These
results underscore the CNN’s ability to capture complex patterns in CT images, surpassing human
and traditional machine learning performance.

4. Subgroup Analysis:

To assess robustness, the model was evaluated across subgroups of the test dataset, including
images with varying lesion sizes (small: <1 ¢cm, medium: 1-3 cm, large: >3 cm) and imaging
conditions (e.g., low vs. high contrast). For small lesions (n=300), the model achieved a recall of
90.5%, slightly lower than the overall recall due to their subtle appearance, but still competitive.
Medium (n=400) and large (n=200) lesions yielded recalls of 95.0% and 97.5%, respectively,
reflecting the model’s strength in detecting more prominent abnormalities. Performance
remained consistent across imaging conditions, with recalls of 93.6% for low-contrast (n=800)
and 94.0% for high-contrast (n=1,000) images, confirming the efficacy of preprocessing
techniques like histogram equalisation and augmentation.

5. Qualitative Results:

The web-based application, developed using HTML, CSS, JavaScript, p5.js, and Bootstrap,
successfully displayed single-image predictions with highlighted regions of interest (ROIs) and
confidence scores. Figure 3 illustrates an example output, where a positive CT scan was correctly
classified with a 0.92 confidence score, and the lesion was outlined in the ROI. User feedback
from a pilot deployment in a simulated clinical environment (n=10 radiologists) indicated high
usability, with 90% rating the interface as intuitive and 85% noting that the highlighted ROIs aided
diagnostic decision-making. The system’s integration with PHP and MySQL/MariaDB ensured
efficient image upload and result storage, with an average prediction time of 1.2 seconds per
image on the specified hardware (4GB RAM, Intel i3 processor).
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Figure 5: Example Web Interface Output with ROl and Confidence Score
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6. Computational Efficiency:

Training the CNN model required approximately 12 hours on the specified hardware with GPU
acceleration via TensorFlow.js, while testing a single image took 0.8—1.5 seconds. The use of a
64x64 pixel resolution and lightweight multilayer feedforward architecture ensured
computational efficiency, making the system viable for deployment on standard clinical
hardware. The XAMPP local server hosted the application reliably, with no downtime during
testing. Additionally, model optimization techniques such as early stopping and dropout
regularization helped prevent overfitting and stabilized performance during training. The entire
system demonstrated consistent runtime behavior, ensuring responsiveness suitable for real-
time diagnostic workflows in clinical environments.

V. FUTURE SCOPE

The proposed CNN-based kidney cancer detection system lays a solid foundation for Al-assisted

diagnostic solutions in medical imaging. However, several enhancements can be pursued to further

improve its accuracy, generalizability, and clinical applicability:

1. Integration of 3D Imaging: Future models can be extended to analyse volumetric (3D) CT scan
data rather than relying solely on 2D slices. This would allow for more comprehensive tumour
detection, better localization, and a deeper understanding of tumour morphology.

2. Multimodal Data Fusion: Incorporating clinical parameters such as patient history, genetic data,
biomarkers, and lab reports with imaging data can lead to a more holistic and precise diagnosis.
Deep learning models with multimodal inputs can significantly enhance decisionmaking and
treatment planning.

3. Federated Learning for Data Privacy: To address concerns regarding patient data privacy and
enhance generalization across different populations, federated learning can be implemented.
This would allow the model to train collaboratively on decentralized hospital data without
compromising data security.

4. Real-time Mobile Deployment: Optimizing the model for deployment on mobile devices using
technologies such as TensorFlow Lite and ONNX can bring diagnostic capabilities to
resourceconstrained and remote environments, improving accessibility and early intervention.

5. Continuous Learning System: Implementing online learning mechanisms that allow the system
to continuously improve from new labelled data can ensure adaptability to evolving imaging
patterns and clinical knowledge.

6. Explainability and Trustworthiness: Enhancing model interpretability using explainable Al (XAl)
techniques such as Grad-CAM or SHAP can build trust among clinicians by providing visual
justifications for the model’s predictions.

7. Integration with Hospital Systems: Future work can involve integrating the detection model into
existing hospital information systems (HIS) and radiology workflows (PACS/RIS) to support
seamless clinical adoption and reduce diagnostic turnaround times.

By addressing these areas, the system can evolve from a diagnostic assistant to a comprehensive

decision-support tool that contributes to improved patient care and outcomes in oncology.
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VI. CONCLUSION

This study presents a robust, deep learning-based diagnostic system for the early detection of kidney
cancer using CT scan images, addressing key limitations in conventional radiological analysis. By
leveraging a Convolutional Neural Network (CNN) architecture enhanced with morphological layers,
real-time data augmentation, and class-balancing techniques, the proposed system demonstrates
high sensitivity and specificity in distinguishing between cancerous and non-cancerous kidney CT
images. The adoption of preprocessing techniques such as contrast enhancement, normalization, and
resizing ensures consistent input quality, while dropout and batch normalization effectively reduce
overfitting during training. The integration of this CNN model into a web-based platform using
TensorFlow.js and ml5.js ensures real-time inferencing capabilities, even on low-resource devices,
thus promoting accessibility in both urban hospitals and remote clinics. Empirical results indicate that
the system can accurately detect subtle and early-stage lesions that are often missed during manual
evaluations, thereby facilitating timely diagnosis and personalized treatment planning.

In summary, this work offers a scalable, cost-effective, and clinically viable Al-driven tool for kidney
cancer screening. Future directions include expanding the dataset to improve generalization,
incorporating 3D volumetric data for enhanced lesion localization, and integrating clinical metadata
for multimodal diagnosis. With continued development, this system holds potential to significantly
enhance radiologist efficiency and improve survival outcomes for kidney cancer patients globally.
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