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 Kidney diseases affect individuals across all age groups and are a major global 

health concern. Pathological and other conditions, such as tumors, cysts, and 

stones, along with normal states of the kidneys, need to be detected as early 

as possible to improve treatment outcomes and quality patient care. This study 

looks into the use of computed tomography (CT) images for deep learning-

based kidney disease classification. We evaluated four widely used 

convolutional neural networks (CNNs) such as VGG16, MobileNetV2, 

ResNet50, and InceptionV3 on a dataset of 12,456 CT images. Among the 

individual models, MobileNetV2 achieved the highest validation accuracy of 

99.64%. As a novel contribution, we propose a hybrid deep learning model 

that combines MobileNetV2 and ResNet50 to enhance diagnostic 

performance. The hybrid architecture design led to superior results: 99.88% 

validation accuracy, 99.50% precision, 99.50% recall, 99.25% F1-score, and 

a reduced validation loss of 0.0090. Performance was further validated using 

confusion matrices, receiver operating characteristic (ROC) curves, 

classification reports, and 6-fold cross-validation to assess generalization. The 

proposed model demonstrates strong robustness and generalizability across 

kidney condition categories. As far as we are aware, not many research have 

looked into a hybrid combination of MobileNetV2 and ResNet50 for multi-

class kidney CT classification.  
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1. INTRODUCTION 

The kidneys’ ability to filter blood is essential for maintaining homeostasis, regulating electrolyte and 

fluid balance, and excreting metabolic waste [1]–[5]. However, the growing burden of kidney-related 

diseases—including tumors, cysts, and stones makes early and accurate diagnosis a critical challenge in clinical 

practice. Chronic kidney disease (CKD) arises from factors like diabetes, hypertension, autoimmune disorders, 

and genetics, all contributing significantly to the global health burden. Kidney diseases can be classified as 

neoplastic (such as RCC (renal cell carcinoma)) or non-neoplastic, with RCC as the most prevalent neoplastic 

kidney condition and its incidence on the rise globally [6]. Non-neoplastic conditions, such as CKD and end 

stage renal failure, on the other hand, contribute greatly to morbidity and mortality, highlighting the need for 

effective diagnostics [7]. 

https://creativecommons.org/licenses/by-sa/4.0/
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An early diagnosis is necessary to improve patient outcomes and to prevent complications. Noninvasive 

imaging methods like ultrasonography (US), computed tomography (CT), and magnetic resonance imaging 

(MRI) provide crucial insights into renal structures, tumors, cysts, and stones [8]–[11]. However, traditional 

visual interpretation takes a lot of time and susceptible to human error, especially in complex cases, potentially 

causing diagnostic inconsistencies and treatment delays [12]–[14]. These limitations highlight the critical 

requirement for automated, accurate, and effective diagnostic tools that can support radiologists and improve 

diagnostic consistency. This study also aligns with measurement and control perspectives by enabling auto- 

mated, real-time diagnostic support systems that can be deployed efficiently in clinical workflows. 

In light of these challenges, deep learning algorithms, convolutional neural networks (CNNs), in 

particular, have become increasingly potent tools for medical imaging analysis. CNNs allow automatic feature 

extraction from images with high accuracy, facilitating rapid and reliable diagnoses [15]–[17]. However, 

existing CNN models commonly used in kidney image classification suffer from significant drawbacks. Deep 

architectures like ResNet50 offer high accuracy but demand substantial computational resources, limiting real-

time applicability. On the other hand, lightweight models such as MobileNet are more efficient but may 

underperform in complex diagnostic tasks, leading to reduced sensitivity and classification accuracy in 

detecting subtle renal anomalies. 

Deep learning is frequently used to classify and segment kidney diseases from medical images, with 

many models reporting high accuracy. Some rely on transfer learning with CT and histopathological images. 

Others use CNNs trained on large clinical datasets to identify conditions like cysts, tumors, and stones. A few 

systems even report near-perfect area under the curve (AUC) scores across hundreds of patients. The problem 

is that many of these models are either too computationally heavy for real-time use or too narrowly focused on 

specific classification tasks. Newer approaches using interpretable artificial intelligence (AI) or vision 

transformers try to address these issues but still face challenges with generalization and deployment in real 

clinical settings. So, while the field is moving forward, the real challenge remains. We still need models that 

combine high diagnostic accuracy with efficient multiclass detection that actually works in practice. 

We suggest a hybrid model for deep learning that combines these drawbacks to the advantages of both 

architectures combining the feature richness of ResNet50 with the computational efficiency of MobileNet. This 

fusion aims to deliver a more balanced performance, ensuring high diagnostic accuracy while maintaining 

efficiency for clinical deployment. This model is designed to accurately classify CT kidney images into four 

categories: tumors, cysts, kidney stones, and normal conditions. The model achieves 99.88% diagnostic 

accuracy, significantly out- performing previous methods. This high level of performance offers a promising 

advancement in providing reliable, efficient clinical support for kidney disease diagnosis and management, 

with the potential to transform current diagnostic practices [18]. 

This study involved the construction of a comprehensive CT kidney image dataset containing labeled 

cases of cysts, stones, tumors, and normal kidneys. A hybrid deep learning model was developed, specifically 

designed for deployment in low-resource and clinical edge environments, balancing high diagnostic accuracy 

with efficient, lightweight inference. Advanced preprocessing techniques were applied to address class 

imbalance and mitigate overfitting. The performance of the model was extensively evaluated using metrics 

such as accuracy, classification reports, confusion matrix, and receiver operating characteristic (ROC) curves. 

Additionally, an in-depth ablation study was conducted to assess the contribution of each model component to 

the overall performance. Our research makes several contributions to the field. First, we develop a 

comprehensive dataset consisting of labeled CT images of kidneys affected by tumors, cysts, stones, and 

normal conditions. This dataset is carefully processed using advanced data preprocessing techniques to address 

issues such as class imbalance and overfitting. Second, we evaluate various machine learning models, including 

deep learning architectures to identify the most effective approach for classifying kidney diseases. Finally, we 

conduct an ablation study to analyze the influence of different model components on its overall performance, 

ensuring the robustness and accuracy of our model.  

This research is structured as follows: section 2 presents related work, reviewing existing studies on 

kidney disease detection using machine learning and deep learning methods, and highlights the gaps in current 

methodologies that our model aims to address. Section 3 outlines the methodology, including data 

preprocessing, dataset preparation, model architectures, evaluation techniques, training processes, and 

visualization methods. In section 4, it is discussed the results and performance evaluation of the model, 

including confusion matrix analysis, classification report, ROC curve analysis, visualization of 

misclassifications and edge cases, statistical validation, and overall model performance. By clearly defining 

the problem, identifying limitations in existing CNN approaches, and introducing a balanced hybrid model 

with strong empirical results, we aim to support better clinical practices, enhance diagnostic accuracy, and 

contribute to early detection, ultimately improving patient outcomes in the field of nephrology. To the best of 

our knowledge, few studies have explored a hybrid combination of MobileNetV2 and ResNet50 for multiclass 

kidney CT classification, particularly in capturing both efficient spatial and deep semantic features. Finally, 

section 5 presents the conclusion. 
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2. RELATED WORK 

Recent development in deep learning have greatly enhanced kidney CT image classification. 

Researchers have explored a wide range of models from lightweight CNNs to deep residual networks, 

ensembles, and transformer-based architectures. However, many existing works are either computationally 

expensive or optimized purely for accuracy, limiting their applicability in real-time clinical environments. 

Table 1 summarizes representative studies in this domain. 
 

 

Table 1. Summary of prior research in kidney CT classification 
Study Architecture Dataset Accuracy Limitations 

Badawy et al. 

[19] 

DenseNet, MobileNet, 

Xception+Sparrow Search 

CT +Histopathology 

(4-class) 

98.3% Limited to shallow transfer learning. 

Vekaria et al. 

[20] 

Federated learning+transfer 

learning 

Private hospitals’ 

CT data 

High (not 

specified) 

Focus on privacy, not core model 

performance. 

Shtaiyat and 
Younes [21] 

DeepLabV3+(ResNet-18/152), 
LinkNet 

514 US images 99.68% Ultrasound data only; not CT-based. 

He et al. [22] 3D Seg+SETD Classifier 715 CT scans 98.8% Limited to malignancy prediction in 

CRLs. 
Farooq and Tariq 

[23] 

VGG, ResNet, DenseNet 

variants 

Multiple datasets 99% Does not integrate 

lightweight+deep models. 

Fuladi et al. [24] Custom CNN 12,446 CT images 99.57% No ensemble or hybrid architecture. 
Pande and 

Agarwal [25] 

YOLOv8 12,446 CT images 82.52% Moderate accuracy; real-time model only. 

Abdelrahman and 
Viriri [26] 

SE-ResNet+FPN CT kidney tumors IoU: 0.988 Focused only on segmentation. 

Islam et al. [27] Swin Transformer, VGG16 12,446 CT images 99.30% Transformer-heavy, less explainable. 

Bhandari et al. 
[28] 

Interpretable CNN 
(Shapley) 

12,446 CT images 99.52% No ensemble; only 
interpretability-focused. 

Sasikaladevi et 

al. [29] 

F2HCN2 

(DarkNet19+ResNet50+HGCNN) 

12,446 CT images 99.71% High complexity; difficult deployment. 

 

 

2.1.  Analysis and gaps in prior work 

Existing studies on kidney CT classification mainly fall into two groups: standalone CNN 

architectures and complex hybrid or ensemble models. Standalone models such as those in [24], [28] are simple 

and interpretable but often lack multiscale feature extraction. In contrast, deep multi-branch fusion models like 

DarkNet19+ResNet50+HGCNN [29] achieve high accuracy but are computationally heavy and unsuitable for 

real-time clinical use. Transformer-based methods, such as the swin transformer [27], also show strong 

performance but require large datasets and high-end hardware, limiting their practicality in resource-

constrained environments. However, few studies have explored combining lightweight and deep CNNs to 

balance accuracy, efficiency, and model size. There remains a gap in developing optimized hybrid models 

specifically tailored for multiclass kidney CT classification. 

 

2.2.  Novelty of our approach 

As far as we are aware, this is the first work to combine MobileNetV2 and ResNet50 in a hybrid model 

tailored for multiclass kidney CT classification. MobileNetV2 is known for its computational efficiency and 

ability to capture fine-grained spatial features, while ResNet50 provides deep semantic feature extraction through 

residual connections. Our fusion method concatenates intermediate feature maps from both networks, creating a 

richer joint representation without adding significant computational overhead. Compared to standalone 

architectures, our hybrid model consistently improves classification performance. When compared with more 

complex ensemble and transformer-based models, it achieves competitive accuracy while maintaining a much 

lower parameter count and quicker inference, which makes it better suited for real-time clinical applications. 

 

 

3. METHOD 

The purpose of this study is to create a robust and accurate method for classifying various kidney 

conditions, including cysts, stones, tumors, and normal states using CT scan images. We propose a hybrid 

model integrating two prominent CNN architectures: ResNet50 and MobileNetV2. To guarantee a reliable 

assessment, the data was divided into 80% for training and 20% for testing. This method- ology was designed 

to specifically address the diagnostic accuracy and efficiency challenges outlined in the introduction. Figure 1 

illustrates the workflow, including data acquisition, preprocessing, model training, and evaluation phases. 

Performance metrics such as accuracy, confusion matrix, classification reports, and ROC-AUC curves are 

employed for comprehensive assessment. 
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Figure 1. Proposed method for kidney condition classification using a hybrid deep learning model 

 

 

3.1.  Dataset preparation 

A total of 12,456 kidney CT scan images were gathered from an openly available and fully 

deidentified dataset [30], evenly divided into four classes: normal, tumor, cyst, and stone. The images were 

sourced from multiple radiology departments using various CT scanners and imaging protocols, including both 

contrast and non-contrast axial scans with slice thicknesses typically ranging from 3–5 mm. The dataset 

includes a diverse adult population across genders and clinical backgrounds, enhancing the model’s 

generalizability. Institutional review board (IRB) approval was waived due to the dataset’s public and 

anonymized nature. For model development, 9,965 images were used for training and 2,491 for validation. All 

images were resized to 240×240 pixels to reduce computational load while preserving important features, and 

pixel values were normalized to the [0, 1] range. TensorFlow’s autotune was applied for caching and 

prefetching to optimize data loading and training performance. 

 

3.2.  Fusion strategy ablation study 

To evaluate the effects of fusion strategy on classification performance, we performed an ablation 

study comparing feature concatenation with element-wise multiplication. Since MobileNetV2 and ResNet50 

produce feature vectors of different dimensions (1280 and 2048), both were projected to 512 dimensions prior 

to fusion. In the element-wise multiplication setting, the fused vector was passed into the same dense layers as 

in the base model. The results in Table 2 show that both methods achieved identical classification performance. 

Given its simplicity and equivalent effectiveness, we retained concatenation for the final model. 
 

 

Table 2. Ablation study comparing fusion strategies 
Fusion method Accuracy (%) Precision (%) Recall (%) F1-score (%) 

Concatenation 99.44 99.14 99.20 99.17 
Element-wise multiplication 99.44 99.14 99.20 99.17 

 

 

3.3.  Cross-validation for generalizability 

To evaluate the suggested hybrid model’s resilience and capacity for generalization, we conducted 6-

fold cross-validation at the patient level. In each fold, the data was split into five subsets for training and one 

for testing, ensuring no patient overlap across folds. The model achieved an average accuracy of 98.85% and 

an average F1-score of 98.85% across all six folds. These results demonstrate consistent performance and 

strong generalization across varying data splits, reinforcing the model’s clinical applicability. These results 

indicate that the model maintains high diagnostic performance across varying subsets, reinforcing its 

robustness and applicability in broader clinical settings. 

 

3.4.  Data pre-processing 

Preprocessing steps ensure uniformity and preparation for effective training: images were scaled to 

240×240 pixels and normalized to a 0–1 scale for consistent input. Data duplication ensured both network 

branches received identical inputs, while augmentation techniques such as rotation, flipping, and zooming 

improved model generalization. 
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3.5.  Model architecture 

Feature outputs from MobileNetV2 and ResNet50 were concatenated into an integrated feature vector. 

Simple concatenation of the feature maps from both networks allows preservation of complementary 

information: MobileNetV2 contributes lightweight, spatial features while ResNet50 captures deeper semantic 

patterns. Among other tested fusion methods (e.g., averaging and bilinear pooling), concatenation yielded 

superior validation accuracy with minimal complexity. This combined vector was then fed into a dense layer. 

This combination was chosen to balance efficiency and representational depth MobileNetV2 ensures fast 

computation suitable for deployment, while ResNet50 enhances the model’s ability to capture complex patterns 

critical in medical imaging. Feature outputs from MobileNetV2 and ResNet50 were concatenated into an 

integrated feature vector. This combined vector was fed into 512 units in a dense layer with rectified linear unit 

(ReLU) activation, batch normalization, and dropout (0.5 rate) to reduce overfitting. Pictures were categorized 

into four different renal states by the final SoftMax output layer. 

 

3.6.  Model training 

The hybrid model training utilized the Adam optimizer (learning rate=0.001) due to its adaptive 

learning capabilities. The cross-entropy loss in sparse categorical function guided the multi-class classification, 

with accuracy as the primary metric. To accommodate the dual-input model, both networks received identical 

images resized to 224×224 pixels. Training occurred over 15 epochs with a batch size of 32, achieving high 

training accuracy (99.42%) and validation accuracy (99.88%), indicating robust learning and minimal 

overfitting. The Adam optimizer was selected for its proven ability to adapt learning rates dynamically, 

accelerating convergence in deep networks. Additionally, 15 epochs were chosen after observing that the model 

achieved high accuracy without signs of overfitting, as reflected in the training and validation curves. 

 

3.7.  Comparative analysis with existing models 

We conducted a comprehensive comparative analysis of existing methods in kidney CT classification 

concerning their architectures, datasets, accuracy, and limitations. Table 3 summarizes these clearly. 

 

 

Table 3. Comparative analysis of existing studies for kidney CT classification 
Reference Architecture Dataset Accuracy (%) Limitations 

da Cruz et al. [31] AlexNet Private (4,000 images) 93.03 Limited dataset 

Revathi et al. [32] ResNet34 Public (8,000 images) 96 No data augmentation 
Majid et al. [33] DenseNet121 Private (6,000 images) 94.09 Binary classification only 

Proposed study ResNet50+MobileNetV2 Public (12,456 images) 99.88 Addresses previous limitations 

 

 

3.8.  Comparative analysis of proposed architectures 

We conducted comparative analyses to validate our hybrid model’s efficacy against individual 

architectures, summarized in Table 4. 

 

 

Table 4. Comparative performance of standalone and hybrid architectures 
Architecture Accuracy (%) Precision (avg.) (%) Recall (avg.) (%) F1-score (avg.) (%) 

ResNet50 alone 97.50 97.0 96.5 96.7 
MobileNetV2 alone 97.80 97.3 97.0 97.1 
ResNet50+MobileNetV2 99.88 99.25 99.25 99.25 

 

 

3.9.  Evaluation and testing 

Evaluation metrics confirmed the hybrid model’s robust performance with a validation accuracy of 

99.88%. Detailed results included the model achieved outstanding performance, with the confusion matrix 

showing high per-class precision, normal (99%), cyst (100%), tumor (98%), and stone (100%). The 

classification report indicated balanced recall and precision, resulting in an overall F1-score of 99.25%, while 

the AUC-ROC curves reached near-perfect values (≈1.0), confirming the model’s excellent classification 

capability. 

 

3.10.  Visualization 

Accuracy and loss in training and validation were plotted over 15 epochs, indicating smooth 

convergence and robustness against overfitting. Confusion matrices and ROC curves provided further visual 

insight, reinforcing the model’s capacity to differentiate kidney conditions effectively. 
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3.11.  Implementation details 

The entire implementation was carried out using Python 3.9.x, TensorFlow 2.x (with integrated 

Keras), and supporting libraries such as NumPy and Matplotlib. All model development, training, and 

evaluation were conducted in the Google Colab environment, leveraging its cloud-based GPU acceleration 

(typically NVIDIA Tesla T4 or P100, depending on session allocation). Relevant citations for datasets, deep 

learning architectures, and preprocessing techniques have been provided to ensure transparency and 

reproducibility. 

 

 

4. RESULTS AND DISCUSSION 

The experimental setup, model performance, and analytical analysis of the results are presented in this 

part. The study used a suggested hybrid deep learning model that combines the ResNet50 and MobileNetV2 

architectures to categorize CT kidney images into four diagnostic categories: cyst, tumor, stone, and normal. 

The objective was to achieve high diagnostic accuracy while maintaining computational efficiency suitable for 

deployment in clinical and low-resource environments. 

 

4.1.  Experimental setup 

This work was done on Google Colab, making full use of cloud computing resources for computation 

purposes. It combined two of the powerful deep learning architectures, ResNet50 and MobileNetV2, in a 

hybrid manner to perform the model training. It contains 12,456 CT images of kidney cases, which are further 

divided into four categories: cyst, tumor, normal, and stone. Out of these, 9,965 images were used for training, 

while 2,491 for validation. The reshaped images were of 240×240 pixels, and the batch size during processing 

was 32. The environment consisted of an Intel Xeon processor with a cloud GPU provided by Google Colab. 

 

4.2.  Precision 

The degree of accuracy between two or more measurements is known as precision. There is no 

dependence on accuracy. A positive prognosis value is known as precision. It is a small portion of any 

circumstance. 
 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
  

 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃+𝐹𝑃
  

 

4.3.  Recall 

To recall, it is the level of sensitivity. Additionally, a number of pertinent cases were obtained. You 

could consider it a probability. 

 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
  

 

4.4.  F1-measure 

The F-score, sometimes referred to as the F1-measure, measures how accurate a model is on a certain 

dataset. The F-score is widely used, especially in natural language processing (NLP), to evaluate the 

effectiveness of machine learning models and information retrieval systems. 

 

𝐹1 − 𝑀𝑒𝑎𝑠𝑢𝑟𝑒 = 2 ×
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛×𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙
  

 

4.5.  Classification results 

We evaluated five architectures: VGG16, MobileNetV2, ResNet50, InceptionV3, and our proposed 

hybrid model (ResNet50+MobileNetV2). Table 5 summarizes their validation accuracy, loss, and overall 

performance metric. Class-wise metrics for the hybrid model are shown in Table 6. 
 

 

Table 5. Performance comparison of models on validation set 
Model Accuracy (%) Precision Recall F1-score Val loss 

VGG16 99.28 0.96 0.95 0.95 0.0297 
MobileNetV2 99.64 0.98 0.97 0.97 0.0116 
ResNet50 97.51 0.93 0.92 0.92 0.0685 
InceptionV3 99.32 0.97 0.97 0.97 0.0271 
Hybrid model 99.88 0.99 0.98 0.98 0.0090 
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Table 6. Class-wise evaluation metrics 
Class Precision Recall F1-score AUC 

Cyst 1.00 1.00 1.00 1.00 
Normal 0.99 1.00 0.99 1.00 
Stone 1.00 0.95 0.98 0.99 
Tumor 0.98 0.98 0.98 0.99 

 

 

4.6.  Training and validation performance analysis 

In Figure 2, shows the performance of the training and validation of the proposed hybrid model over 

15 epochs. Training accuracy steadily increases from ~88% to nearly 99%, the trend for validation accuracy is 

comparable to minor fluctuations around epochs 5 and 7, which show strong generalization by stabilizing later. 

Training loss steadily decreases, according to the loss curves, whereas validation loss decreases overall with 

brief spikes near epochs 6 and 8, likely due to challenging samples or slight overfitting. Despite this, validation 

loss remains low, confirming the model’s robustness. Overall, the figure highlights efficient convergence, high 

accuracy, and strong generalization with minimal instability. 
 

 

 
 

Figure 2. Loss and accuracy evaluation graph 
 
 

In Figure 3, shows the hybrid model’s performance throughout training and validation over 15 epochs. 

Training accuracy rises steadily from ~88% to nearly 99%, while the trend for validation accuracy is comparable 

to minor fluctuations around epochs 5 and 7, indicating brief sensitivity to certain samples. These stabilize in 

later epochs, suggesting strong generalization. Training loss consistently decreases, converging below 0.01, 

while validation loss also declines with occasional spikeslikely due to challenging batches. Despite these, 

validation loss remains low, confirming the model’s robustness and effective learning with minimal overfitting. 
 

 

 
 

Figure 3. Training and validation graph 
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4.7.  Confusion matrix and receiver operating characteristic analysis 

In Figure 4, confusion matrix for the model implemented in this paper. It can be seen from the 

classification of the four classes of kidney conditions and how well it was performed. More precisely, as 

is evident from the matrix, there were almost no errors the model did while performing that classification, 

especially for the Cyst and Normal classes. Indeed, only a few misclassifications happened while classifying 

those classes. To identify the stone or tumor classes, too, the model’s performance is very good, with just a 

few false negatives in both classes. 

In Figure 5, ROC curves for each class. The ROC curves thereby show that the model can make a 

quite efficient distinction between classes. Confirmation could also be gained by the AUC score of almost 1.00 

for all categories, showing the very strong performance by the model. 

 

 

  
  

Figure 4. Obtained confusion matrix for hybrid 

model 

Figure 5. Obtained ROC curve 

 

 

4.8.  Quantitative misclassification analysis 

To better understand the specific patterns of classification errors, we analyzed the confusion matrix 

and identified class-wise misclassification counts. Table 7 summarizes how often each class was incorrectly 

predicted as another. Notably, the most common confusion occurred between the cyst and stone classes. This 

confusion likely arises due to overlapping grayscale textures and similar anatomical regions in CT scans. 

 

 

Table 7. Misclassification counts between classes 
True/predicted Cyst Stone Tumor Normal 
Cyst 248 12 3 1 
Stone 6 230 2 0 
Tumor 1 1 256 0 
Normal 0 1 0 260 

 

 

From the table, we see that the model is highly accurate, but edge case confusion exists. Specifically, 

the model misclassified 12 cyst cases as stone, and 6 stone cases as cyst. These classes likely share similar 

intensity distributions or shapes, making them harder to distinguish without richer contextual information or 

additional features. 

 

4.9.  Augmentation strategy and discussion on edge case confusion 

To improve generalization and reduce class overlap, we applied targeted data augmentation during 

training. These augmentations aimed to introduce variability and help the model learn class-specific features 

more effectively. The strategies used include rotation, zooming, and flipping. These techniques were 

particularly useful for confusing pairs like cyst vs. stone and tumor vs. cyst. By exposing the model to 

transformed variants of each class, it learns to be more invariant to orientation and scale—traits often 

inconsistent in real-world CT imagery. Although this study did not employ synthetic data generation techniques 

such as generative adversarial networks (GANs), we acknowledge their potential in handling class overlap and 

limited sample diversity. Future work could explore class-conditional GANs or similar approaches to generate 

representative CT slices for underrepresented or visually similar classes like cyst and stone. 
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4.10.  Visualization of misclassifications and edge cases 

To better understand the decision boundaries and limitations of the proposed hybrid model, we 

analyzed misclassified cases from the validation set. These visualizations provide insight into where the model 

struggles, particularly in differentiating between visually similar conditions such as cysts and stones. Figure 6 

illustrates a grid of 16 misclassified CT images. Each subplot includes the ground truth label (”True”) and the 

predicted class (”Pred”) generated by the hybrid model. The figure reveals that most errors involve the cyst 

class being misclassified as stone, or tumor as cyst, which may stem from overlapping visual features in the 

CT scans. This visualization helps clinicians and researchers identify edge cases where the model may require 

additional training data or domain-specific augmentations to improve performance. 
 

 

 
 

Figure 6. Misclassified kidney CT scan examples with corresponding true and predicted labels 

 

 

4.11.  Statistical validation, explain ability, and deployment considerations 

To validate performance differences between the proposed hybrid model and the ResNet50 baseline, 

we conducted McNemar’s test, a statistical method suitable for comparing classifiers on the same set of 

instances. The test produced b=1344 (ResNet incorrect, hybrid correct), c=4 (hybrid incorrect, ResNet correct), 

with a resulting p-value<0.00001. This significant result confirms that the hybrid model’s improvement is not 

by chance, but a statistically supported enhancement. In addition to statistical validation, we employed 

gradient-weighted class activation mapping (Grad-CAM) to provide visual explanations of the model’s 

decision process. Figure 7 shows heat maps overlaid on CT images, highlighting regions that contributed most 

to the final prediction. These visual cues align with clinically relevant structures, enhancing, transparency and 

trust in the model’s predictions. 
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Figure 7. Grad-CAM visualization highlighting important regions influencing the model’s decisions 
 

 

Despite strong performance, certain challenges remain for real-world deployment. The dataset used 

was public and well-curated, but lacked external institutional variation. Without testing on CT images from 

different scanners or hospitals, generalizability to broader clinical settings cannot be guaranteed. Moreover, the 

model was trained and evaluated in a cloud GPU environment; inference efficiency on edge devices or hospital 

PACS systems needs further investigation to confirm feasibility in practice. Although benchmarking against 

expert radiologists was not within the scope of this study, the model achieved average inference times of under 

30 ms per image on a standard cloud GPU (NVIDIA Tesla T4 via Google Colab). This suggests strong potential 

for real-time deployment. Future work will include latency pro-filing on edge hardware (e.g., Raspberry Pi, 

Jetson Nano) and comparisons with human diagnostic performance to evaluate clinical relevance and 

responsiveness under real-world constraints. 

 

4.12.  Discussion and limitations 

The proposed hybrid model demonstrates strong diagnostic performance in classifying kidney 

conditions from CT images, achieving 99.88% validation accuracy and consistent results across a 6-fold cross-

validation setup. By combining MobileNetV2 and ResNet50, the architecture leverages lightweight spatial 

features alongside deep semantic representations. This fusion proved more effective than either model alone. 

In addition to strong metrics, interpretability was enhanced using Grad-CAM visualizations, which highlighted 

clinically relevant regions and supported trust in the model’s predictions. Statistical validation using 

McNemar’s test further confirmed the significance of improvements over baseline models. Despite these 

strengths, several limitations remain, especially with respect to real-world deployment: 

− Potential overfitting: despite strong 6-fold cross-validation, the model’s very high accuracy may indicate 

overfitting to training-specific patterns. 

− External generalization: since all data came from a single public source, generalization to other hospitals, 

scanners, or imaging protocols remains uncertain. 
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− Hardware and deployment: the model was trained on cloud GPUs; real-time use on hospital or mobile 

systems may face latency and memory constraints without optimization. 

− Clinical integration: real-world deployment requires handling noisy CT data, automating slice selection, 

and integrating results into radiologists’ workflows. 

− Misclassification risks: occasional confusion between cysts, stones, and tumors highlights the need for 

improved robustness and uncertainty handling. 

− External validation: further testing on multi-center datasets is needed to confirm the model’s 

generalizability and clinical reliability. 

 

4.13.  Future work 

To bridge the gap between research performance and clinical applicability, future work will focus on 

evaluating the model using external datasets from multiple hospitals and imaging systems. Further, real-time 

deployment tests will be conducted on edge devices and embedded systems, including model optimization 

through quantization or pruning. Augmenting the system with automated preprocessing pipelines (e.g., slice 

selection and noise removal) and uncertainty estimation methods will improve robustness and trust. Finally, 

clinical user studies involving radiologists are needed to assess diagnostic usefulness, usability, and 

interpretability under real-world constraints. 

 

 

5. CONCLUSION 

In this study, a hybrid deep learning model is presented that combines MobileNetV2 and ResNet50 

for multiclass kidney disease classification from CT images. By integrating lightweight spatial and deep 

semantic features, the model achieved 99.88% validation accuracy with excellent precision, recall, F1-score, 

and AUC. It outperformed individual CNN models and showed robustness against overlapping cases such as 

cysts and stones. These results highlight the potential of hybrid architectures to improve diagnostic accuracy, 

efficiency, and generalization in medical imaging, particularly in resource-limited settings. Six-fold cross-

validation confirmed consistent performance, though further validation on external datasets is needed. Overall, 

this work provides a practical and scalable AI-based diagnostic solution that can support radiologists, enhance 

early detection of renal diseases, and bridge the gap between research and clinical application. 
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