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ABSTRACT: The detection of chronic disease is always a major challenge in health care 

sectors. Early and accurate detection can help in fast recovery of these types of diseases. 

Several renal diseases such as cysts, tumors and stones may come in this category and can 

save life by early detection. The modern computational methods like machine learning 

and deep learning with smart medical imaging techniques may assist in reliable diagnosis, 

enhancing early detection of kidney illnesses and reducing diagnostic errors in the 

healthcare industry. In this study, the combination of convolutional architecture and 

optimized transfer learning techniques can improve diagnostic accuracy of kidney related 

diseases. A large dataset of 20077 CT images is used in the study, and the result shows 

optimal accuracy related to multi class kidney diagnostic classes including cyst, tumor, 

stone, and normal using FusionEffNet. The result of the study will defenetly improve the 

diagnosis process and treatment process in healthcare sectors. 

 

1.  INTRODUCTION 

Chronic kidney disease (CKD) is an illness where there is constant advancement of disability in kidney function over time. 

CKD is present in over 10% of the world's population, or around 800 million people. Incidence in India ranges geographically 

and is higher with more recent incidence figures ranging up to 17% in some areas. [1]. The increasing burden of CKD has been 

attributed to the meteoric rise in risk factors such as obesity, hypertension, diabetes, and other cardiovascular diseases [2]. 

Diabetes and hypertension together cause 40–60% of CKD cases in India [3]. The burden is also high due to the prevalence of 

these conditions, which is why CKD is common in the country. Early detection of kidney abnormalities is necessary to avoid 
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delays in treatment and management [4]. Traditional methods, however, are dependent on the clinician's expertise and skill and 

hence are likely to be inconsistent with a risk of treatment delay. Providing it with the use of high-resolution imaging devices 

like CT scans along with deep learning algorithms can deliver diagnosis more swiftly and accurately. Deep learning algorithms 

like convolutional neural networks (CNN), have demonstrated dominant performance in image analysis to detect complex 

patterns in medical images. With these technologies, human error can be reduced to a minimum and early diagnosis can be 

possible [5]. 

Delayed or missed diagnosis of kidney disorders can lead to severe and often irreversible consequences on patient’s health. 

Prompt diagnosis and early treatment are crucial in the treatment of kidney diseases. However, a significant proportion of cases 

remains undiagnosed or are diagnosed at a delayed period [6]. Thus, leading to poor clinical outcomes. Patients with late stages 

of CKD are more likely to "crash land" onto dialysis, which can cause the most disturbance to their daily lives, reduces their 

overall family income and harms physical as well as mental health. Moreover, delayed referral to nephrologists is associated 

with high early hospitalization and mortality [7, 8]. A study concluded that late-referred patients to nephrologists had greater 

mortality and high early hospitalization compared to the earlier-referred patients. Risks Associated with Misdiagnosis: Renal 

disease can remain undiagnosed, or diagnosed inaccurately, resulting in inappropriate treatment with dangerous consequences 

[9, 10]. For instance, incorrect diagnosis of kidney injury when the patient is dehydrated or vice versa has catastrophic 

interventions. Failure to treat dehydration in an emergency result in irreversible damage to kidneys, whereas over-rehydration 

in patients who have already suffered renal injury results in pulmonary edema because of fluid build-up in lungs [11, 12]. Further, 

CKD misstating can hinder the initiation of early intervention to slow disease progression and treat complications such as 

cardiovascular disease [13]. One study has found that stage 4 CKD can be correctly identified by primary care clinicians in only 

63% of test cases through a high difference between correct and incorrect diagnosis. Psychosocial and Economic Impact: The 

progression of CKD to kidney failure involves substantial economic burdens on patients in the form of reduced incomes as 

well as expensive frequent treatment [14]. Caregivers also experience guilt, further making it difficult for the patients to 

psychologically adjust. Strong social support was found to reduce patient delays in seeking treatment, leading to healthy 

behaviours and coping styles [15]. 

To receive effective treatment for kidney abnormalities, it is necessary to have a timely and accurate diagnosis. Different clinical 

tests suggested by specialists for detection of kidney abnormalities are Serum Creatinine, Urinalysis, Kidney Ultrasound and 

Kidney Biopsy [16]. These diagnostic methods are often used in combination to provide a comprehensive evaluation of kidney 

health. Which facilitates accurate diagnosis and helps in providing appropriate treatment strategies [17]. Deep learning 

technology helps in early detection of disease based on medical images and clinical data. The Methode makes a complex network 

architecture-based relation among the images and data [18]. 

2.  RELATED WORKS 

This paper dealt with the application CNNs to detect kidney stones in CT scans. In this study they found GrayNet-pretrained 

CNNs were superior and its achieved 95% accuracy and an AUC of 0.954. The model was cross validated on 535 CT scans. 

The research tackled how deep learning, or CNN-based transfer learning, enhances the sensitivity and robustness of stone 

detection while focusing on kidney stones as a homogeneous class [19].  

MSS U-Net, a high-performance multi-scale supervised deep learning network for renal and tumour segmentation from CT 

scans, was proposed in this paper. In contrast to widely used models, MSS U-Net improved segmentation accuracy with deep 

supervision and an improved loss function. The KiTS19 dataset, a well-established standard dataset for renal tumor 

segmentation, was used to test the model. It outperformed earlier segmentation approaches in terms of Dice coefficients of 

0.805 for tumor and 0.969 for renal segmentation [20].  

This study aimed to forecast early-stage CKD with the combination of deep learning and the Internet of Medical Things (IoMT). 

The proposed model used an adaptive hybridized deep CNN model that reduces feature complexity while achieving high 

classification accuracy. The system was developed for detecting CKD, where the process did not require constant human 

intervention. The model was evaluated against a large patient record database and categorized cases into two groups, which are 

CKD and healthy kidney. The results underlined the use of deep learning and IoMT based methods to transform kidney disease 

diagnosis through better efficiency [21].  
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In this research, it was tested whether radiomics and machine learning could be potential predictors of CKD. The authors 

retrospectively assessed CT scans from 50 abdominal radiation therapy treated patients and checked their kidney function 12 

months later. The authors derived 140 radiomic features from the kidney images and compared six different machine learning 

models. Of these, the Random Forest classifier had the highest accuracy (94%) and was therefore the best model to predict 

kidney damage. The study divided cases into two classes patients with radiation-induced CKD and patients with normal kidney 

function. The results indicated that radiomics-based AI models could assist physicians in detecting patients at risk of kidney 

injury much earlier than current methods [22].  

This paper introduced a deep learning system for the detection and classification of renal tumors based on a new database of 

8,400 CT images. The authors tried three models, which are CNN-6, ResNet50, and VGG16. Of the three, the top performance 

was by CNN-6 (97%), followed by ResNet50 (96%) and CNN-4 (92%). The data were split 20% for testing and 80% for 

training to evaluate them fairly. The study focused on two groups— cancer and normal kidneys and highlighted the possibility 

of deep learning in reducing radiologists' workload through auto-detection of tumors [23]. 

This paper investigated three different deep-learning-based segmentation techniques for kidney and kidney stone detection 

from CT scans. Five different deep segmentation networks were tried and compared in terms of architecture and performance 

for three different 2D and 3D segmentation tasks. The models presented used semantic segmentation techniques, which yielded 

precise segmentations of the kidney. The open-source abdominal CT database was used for testing and training the dataset to 

enable benchmarking of segmentation performance [24]. 

This paper introduced MSKd_Net, a multi-head attention-based Swin Transformer model, for accurate classification of kidney 

pathologies from CT scans achieved F1-scores of 0.97 (cyst), 0.99 (normal), 0.98 (stone), and 0.90 (tumor). The paper has four 

major classes of renal diseases are cysts, stones, tumors and normal [25].  

This paper suggested a deep learning based multi-class kidney detection model from computed tomography (CT) scans. 

Researchers created and annotated a dataset of 12,446 CT scans of four large classes kidney stones, cysts, tumors, and normal 

kidneys. The paper suggested a YOLOv8 based detection model, optimized for real-time clinical use. The overall performance 

of the model was evaluated with a global accuracy of 82.52%, precision of 85.76%, and recall of 75.28%. The paper 

demonstrated how AI based systems can help radiologists detect and classify kidney disease more effectively [26]. 

 This review is a testimony to the amazing progress of AI based detection of kidney disease, and it shows the direction in which 

the science has been progressing over the decades. Early research was going on CNN-based detection and segmentation models, 

which were still the backbone of computer-assisted kidney abnormality detection [27]. However, recent research focused on 

multi class classification models and real-time AI based platforms, optimizing the efficiency of the diagnosis. The transformer-

based models and YOLO models breakthrough in 2024 transformed real-time kidney disease detection to an even quicker, 

more precise, and highly reliable process for clinical application. Such technology may relieve radiologist workload, reduce 

diagnostic errors, and optimize early intervention, and hence improve patient outcome in nephrology and medical imaging [28]. 

The brief of the literature review are summarized in the table 1. 

Table 1. Summary of the Literature review. 

Ref. No Author Model 
Hyperparameter 

Tuning 
Preprocessing 

Data 

Balancing 
Limitations 

19 

Parakh et al., 

2019 

 

Cascaded 

CNNs, 

GrayNet-

pretrained 

CNNs 

Yes (different 

training methods) 
Not specified No 

Focusing on 

kidney stones 

as a 

homogeneous 

class 

20 
Zhao et al., 2020 

 
MSS U-Net Not specified 

Connected-

component-

based post-

processing 

technique 

No 

Focus on two 

crucial classes: 

kidneys and 

kidney tumors 
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21 
Chen et al., 

2020 

Adaptive 

hybridized 

deep CNN 

Not specified Not specified No 

Early-stage 

CKD 

prediction 

22 Amiri et al., 2021 

Random 

Forest 

classifier 

Not specified 

Radiomic 

feature 

extraction 

No 

Prediction of 

radiation-

induced CKD 

23 

(Alzu’bi et al., 

2022) 

 

CNN-6, 

ResNet50, 

VGG16, 

CNN-4 

Not specified 

Data split 

(80% training, 

20% testing) 

No 

Focus on two 

groups—

cancer and 

normal 

kidneys 

24 
(Li et al., 2022) 

 

Deep 

segmentation 

networks 

Not specified Not specified No 

Kidney and 

kidney stone 

detection 

25 

(Yan & 

Razmjooy, 2023) 

 

Deep Belief 

Network 

(DBN) 

Yes (optimized 

model) 
Not specified No 

Detection of 

kidney stones 

26 

(Abdimurotovich 

& Cho, 2024) 

 

Optimized 

YOLOv5 

Yes (optimized 

using SE block) 

Channel-wise 

recalibration 
No 

Real-time 

detection of 

kidney stones 

27 

(Sharen et al., 

2024) 

 

MSKd_Net: 

Multi-Head 

Attention-

Based Swin 

Transformer 

Not specified 
Hierarchical 

learning 
No 

Classification 

of kidney 

pathologies 

28 

(Pande & 

Agarwal, 2024) 

 

YOLOv8-

based 

detection 

model 

Yes (optimized 

for real-time 

clinical use) 

Dataset 

creation and 

annotation 

No 

Multi-class 

kidney 

pathology 

detection 

The comprehensive review of existing literature highlights significant advancements in the field of kidney abnormality detection 

utilizing deep learning and machine learning models. However, various research gaps remain unaddressed, which pave the way 

for further exploration and improvement. 

The majority of studies target primarily the diagnosis of specific diseases such as kidney stones but not the multi-class 

classification of multiple types of kidney tumors. A complete, multi-class classification scheme is under-developed. While hybrid 

approaches have been utilized by some researchers to achieve better accuracy, they only operate as black boxes with limited 

interpretability options. Ensemble methods that use several architectures (CNN, ResNet, Transformer models) have not been 

properly explored either. 

Although methods of data augmentation have been applied, imbalance of classes remains an issue. Existing research has not 

comprehensively exploited advanced methods of dataset augmentation. Experiments have infrequently compared head-to-head 

deep learning to conventional machine learning models (e.g., SVM, Random Forest) in a common experimental environment, 

limiting comprehensive understanding of model performance. 

3. PROPOSED WORK 

This study creates a deep learning framework that is reliable and effective for automatically identifying and classifying renal 

diseases into multiple classes from computed tomography (CT) scans. The suggested system uses convolutional neural 

networks' (CNNs') representational power and contemporary pretrained architectures' transfer-learning capabilities to reliably 

differentiate between cyst, tumor, stone, and normal renal conditions. 
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The traditional machine-learning models like Support Vector Machines (SVM) or K-Nearest Neighbors (KNN) are used 

manually to correlate the engineered features whereas CNN-based systems are capable of automatically learning from medical 

images and capturing variations that are essential for disease diagnosis. 

3.1 Dataset Collection 

This study used openly available dataset of four different types of CT kidney containing normal, cyst, tumor and stone collected 

from PACS (picture archiving and communication system) from diverse hospitals in Dhaka, and Bangladesh [29].  

3.2 Data Preprocessing 

3.2.1. Data Augmentation 

Data augmentation techniques are used to represent the different classes of the dataset like cyst, tumor, and stone, especially 

minimizing the biasing of the model due to the uneven distribution of classes. To create realistic image variations while 

maintaining diagnostic features, augmentation operations such as random rotation, flipping, brightness enhancement, contrast 

adjustment, and Gaussian blur filtering were carried out using the torchvision library by increasing the sample size to 5000 

images per class. It helps to balance the dataset. The class-wise augmented distribution is shown in Table 2 and the augmented 

images are shown in Figure 1. 

Table 2. Sample Distribution. 

 Cysts Tumor Stone Normal 

Before Augmentation 3709 2283 1377 5077 

After Augmentation 5000 5000 5000 5077 

 

 

Fig. 1. Augmented samples. 

3.2.2. Image Normalization and Rescaling 

Several preprocessing techniques were carried out to enhance the input data quality before feeding the CT scan images into the 

CNN model. The pixel value normalization uses the transformation as shown in equation (1) to rescale pixel values from the 
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original [0,255] range to a normalized [-1,1] scale. This was applied to each image to bring the intensity values to a common 

range [30]. 

                                                                      𝐼′ =
𝐼

127.5
− 1                                         (1)               

Where, I = original pixel value (0 to 255) and I′= normalized pixel value (mapped to -1 to +1) 

This normalization guarantees that all input channels contribute consistently to gradient updates and improves convergence 

during training. In order to make it computationally efficient and preserve important anatomical details, all images were also 

uniformly rescaled to 192 × 192 pixels.  

3.2.3. Image Filtering 

As part of the preprocessing pipeline, Gaussian blur filtering was used to further increase the model’s accuracy and reduce the 

excessive noise in the image. High-frequency fluctuations, which are caused by motion artifacts, scanner noise, or low-contrast 

textures were frequently found in the CT scans. Decreasing these fluctuations smoothen the image. The two-dimensional 

Gaussian function [31], which can be expressed mathematically as shown in equation (2). 

                                                                       𝐺(𝑥, 𝑦) =
1

2𝜋𝜎2 ⋅ 𝑒
−

𝑥2+𝑦2

2𝜎2            (2) 

Where, G(x,y) is the value of the Gaussian function, x and y are the horizontal and vertical distances from the origin and σ is 

the standard deviation. 

CNN ignores small differences that have no bearing on classification accuracy using this method. Analysis is done on 

key structural patterns. Filtering techniques were frequently overlooked in earlier kidney CT classification studies. To increase 

precision and effectiveness, the suggested model incorporates Gaussian denoising. Generalization across CT 

scans acquired under various conditions is improved by this addition as shown in the Figure 2. 

 

Fig. 2 Gaussian Blur Representation. 

3.3 Training Phase 

A dual-path architecture is used to extract features from image samples during training. The core feature extractor for its 

compound scaling technique is EfficientNetB0. High accuracy at low computational cost is achieved by balancing network 

depth, width, and resolution. EfficientNetB0 optimizes all three dimensions simultaneously, in contrast to conventional CNNs 

that scale each one independently. When real-time inference is needed and resources are scarce, medical imaging can benefit 

from this efficiency. EfficientNetB0 can capture hierarchical features at various scales thanks to the inverted residual blocks 

with squeeze and excitation mechanisms. Significant structural and subtle pathological changes are identified in the kidney CT 

images. 
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3.3.2 EfficientNet B0 as the Feature Extractor 

Feature extraction is performed through a framework pretrained with a transfer learning approach based on the EfficientNetB0 

architecture [32]. The method uses EfficientNetB0 as a frozen convolutional backbone to retain its hierarchical feature 

representation with minimal computation [33]. Unlike traditional CNNs, EfficientNetB0 applies compound scaling to balance 

depth, width, and resolution for higher accuracy. The model suits medical image analysis where small intensity differences hold 

diagnostic importance. Fine-grained texture patterns in CT images are effectively captured. Global Average Pooling is applied 

to the EfficientNet output feature maps to achieve global feature aggregation. The extracted features accurately represent high-

level kidney structure semantics. 

3.3.3 Dual-Path Fusion Strategy 

By combining local fine details with global contextual information about the kidney, the suggested dual-path feature extraction 

system improves discriminative performance [34]. In the first path, spatial information is compressed into a compact 

global representation by Global Average Pooling, while normalization preserves steady gradient flow [35]. The pretrained 

EfficientNetB0 features are refined for CT-specific features in the second path using L2 regularization, ReLU activation, and 

additional convolutional layers with 1×1 and 3×3 kernels. Sensitivity to minor pathological areas, such as early lesions 

or slight structural alterations, is increased by this route [36]. A comprehensive feature vector that depicts both macro-level 

kidney structures and micro-level abnormalities is produced by combining the outputs of both paths. Figure 3 displays 

comprehensive model architecture. 

 

Fig. 3. CNN Model Architecture. 
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3.3.4 Model Training 

A balanced dataset of 20,077 CT scan images from four distinct diagnostic classes cyst, tumor, stone, and normal was used to 

train the suggested architecture. The dataset was divided into 70% training and 30% testing, with 20% from the training data 

used for the validation. The AdamW optimizer was used for training, with an initial learning rate of 3 × 10⁻⁴ [37]. A custom 

“LearningRateScheduler” callback was employed to implement a staged warm up and exponential decay schedule to achieve 

gradual stability [38]. Every input image was fed in mini batches of 16 after being resized to 192 × 192 × 3 and normalized 

using EfficientNet preprocessing [39]. Data augmentation was also used to maximize generalization and reduce biasness 

between different classes. This included rotation (30°), width and height shifts (0.3), shear and zoom (0.2) and brightness 

variation (20 percent).  

Accuracy and sparse categorical cross-entropy loss were used to compile the model network. While Dropout (0.5) and L2 

regularization (1 × 10⁻²) helped in reducing overfitting. Batch Normalization was incorporated throughout the model to 

stabilize gradient propagation. “ModelCheckpoint” callbacks were used during training to maintain both the final and best 

performing weights. To avoid out of memory errors during training on the NVIDIA Tesla P100 GPU, GPU memory growth 

was specifically controlled. Every epoch the model's performance was monitored on the validation set. The finished model is 

stored as “kidney_disease_model.h5” demonstrated stable convergence behavior with a test accuracy of over 98%. Reliable 

multi-class classification was confirmed by performance evaluation using precision, recall, F1-score, and confusion matrix 

analysis. Detailed CNN architecture is illustrated in Table 3. The total parameters are 4,556,903 in this study in which the 

trainable parameters are 503,876 and Non-trainable parameters are 4,053,027. 

Table 3. Layered Structure CNN architecture. 

Layer (type) Output Shape Param # Connected to 

input_layer_1 (InputLayer) (None, 192, 192, 3) 0 - 

efficientnetb0 (Functional) (None, 6, 6, 1280) 4,049,571 input_layer_1 

conv2d (Conv2D) (None, 6, 6, 128) 163,968 efficientnetb0 

batch_normalization 

(BatchNormalization) 

(None, 6, 6, 128) 512 conv2d 

conv2d_1 (Conv2D) (None, 6, 6, 128) 147,584 batch_normalization 

global_average_pooling2d 

(GlobalAveragePooling2D) 

(None, 1280) 0 efficientnetb0 

batch_normalization_1 

(BatchNormalization) 

(None, 6, 6, 128) 512 conv2d_1 

batch_normalization_2 

(BatchNormalization) 

(None, 1280) 5,120 global_average_pooling2d 

global_average_pooling2d_1 

(GlobalAveragePooling2D) 

(None, 128) 0 batch_normalization_1 

concatenate (Concatenate) (None, 1408) 0 batch_normalization_2, 

global_average_pooling2d_1 

dropout (Dropout) (None, 1408) 0 concatenate 

dense (Dense) (None, 128) 180,352 dropout 

batch_normalization_3 

(BatchNormalization) 

(None, 128) 512 dense 
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dropout_1 (Dropout) (None, 128) 0 batch_normalization_3 

dense_1 (Dense) (None, 64) 8,256 dropout_1 

batch_normalization_4 

(BatchNormalization) 

(None, 64) 256 dense_1 

dropout_2 (Dropout) (None, 64) 0 batch_normalization_4 

dense_2 (Dense) (None, 4) 260 dropout_2 

 

3.3.2.1 Loss Function 

The Categorical Cross-Entropy loss was employed in this study which quantifies the difference between the model’s predicted 

probability distribution 𝑦 = (𝑦1, … , 𝑦𝐶). The loss for a single sample is defined formally as shown in equation (3). 

                                                                  𝐿𝐶𝐶𝐸(𝑦, 𝑝^) =  − ∑ 𝑦𝑖
𝐶
𝑖=1  𝑙𝑜𝑔(𝑝𝑖̂).                                (3) 

where the ground-truth class is denoted by 𝑦𝑖 ∈ {0,1} and the predicted probability for class 𝑖 is denoted by 𝑝𝑖̂. Reducing this 

loss motivates the network to give the right class a high probability [40]. 

3.3.2.2 Regularization 

To prevent overfitting and stabilize training, L2 regularization was employed. The model formed smoother decision boundaries 

and decreased reliance on noisy CT features as a result of penalizing large weight magnitudes. Through empirical testing, a 

weight-decay coefficient of 1×10⁻² was chosen. While lower values resulted in slight overfitting, higher values slowed 

convergence. The application of L2 regularization to convolutional and dense layers enhanced generalization to previously 

unseen kidney CT images while maintaining balanced parameter growth. When combined with dropout and the AdamW 

optimizer, the method increased robustness in the classification of medical images [41]. 

3.3.2.3 Optimizer 

The Adam optimizer's decoupled weight decay variant, AdamW, is used in this study because of 

its better generalization capabilities in deep neural networks. In contrast to the conventional Adam optimizer, which uses 

weight decay to indirectly apply L2 regularization through the gradient update, AdamW separates weight decay from the 

moment-based gradient updates [42]. Adam generally over-adapts to noisy gradients and tends to accumulate stale momentum, 

which leads to weaker generalization on unseen data and less than ideal convergence. In contrast, AdamW improves robustness 

in high-capacity feature extraction backbones such as EfficientNetB0 by directly penalizing large weights, thereby preventing 

unchecked weight growth. The AdamW parameter update at step t for each parameter θ is given by equation (4). 

                                                                        𝜃𝑡+1 = 𝜃𝑡 − 𝛼 (
𝑚𝑡̂

√𝑣𝑡̂+𝜖
+ 𝜆𝜃𝑡)                                           (4)        

where, 𝑚𝑡 is 1st moment (momentum term), 𝑣𝑡 is 2nd moment (variance term), 𝑚𝑡̂ , 𝑣𝑡̂ are bias-corrected estimates, α is learning 

rate, λ is weight decay coefficient and ϵ is numerical stability constant 

4. HYPERPARAMETERS 

Using an NVIDIA Tesla P100 GPU for training and evaluation, the suggested renal disease classification model 

was developed in Python. Using heuristic methods, hyperparameter tuning was accomplished by testing various configurations 

and selecting the final values based on the highest validation accuracy and the most stable training behavior. Learning rate of 

0.0003 found to yield the most stable training and validation accuracy. After evaluating multiple learning rates heuristically. 

Initial tests of larger batch sizes produced much slower convergence and increased GPU memory usage. Using batch sizes of 

16 helped in making the model more computationally efficient and a more stable gradient update. After noticing that lower 

rates caused overfitting. Using, slightly larger probability such as 0.5 resulted in balanced regularization and increased model 

learning capacity.  
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5. RESULTS 

The suggested CNN model underwent evaluation on a balanced dataset consisting of 20,077 CT scan images and was trained 

for 100 epochs employing the AdamW optimizer with categorical cross-entropy loss. In the Figure 4 and 5 has shown a gradual 

decrease in loss, and consistent enhancement in accuracy during Training and validation phase of the model, that ultimately 

reduces the possibility of overfitting. In the study, normalized confusion matrix appears excellent precision and recall for all 

four classes cyst, tumor, stone, and normal.  Most misclassifications occur between cyst and tumor due to having analogous 

morphological characteristics. The model having 98% validation accuracy and precision, recall and F1-score 0.95 across the 

class. 

 

  

Fig 4. Accuracy Curve Fig 5. Loss Curve 

 

5.1 Evaluation Metrics: 

The TensorFlow Keras API was used to develop and test the model, which was trained on using a Nvidia Tesla 4 GPU and 16 

GB of RAM. Several metrics, such as precision, recall, F1-score, and the confusion matrix, were used to assess the model's 

performance. These metrics offered a thorough evaluation of precision and practical efficacy. Table 5 displays the numerical 

results. The following is a list of the evaluation metrics that were employed. 

Equation (5) defines precision as the percentage of correct positive predictions among all positive outputs.  

                                                                    Precision = 
𝑇𝑃

𝑇𝑃+𝐹𝑃
                                   (5) 

Equation (6) defines recall as the percentage of correctly identified positive cases among all actual positive cases. It shows how 

well all pertinent positive examples are found.  

                                                                       Recall = 
𝑇𝑃

𝑇𝑃+𝐹𝑁
                  (6) 

Equation (7) defines the F1-Score, which has values between 0 and 1 and is the harmonic mean of precision 

and recall. It offers a fair assessment of classification accuracy as well as the capacity to reduce the number of missed 

positive cases. 

                                                               F1-score = 2 ∗
1

1

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛
+

1

𝑅𝑒𝑐𝑎𝑙𝑙

                                      (7) 

Table 4. Values of different evaluation metrics. 

 Precision Recall F-1 score Support 

Cyst 0.97 0.99 0.98 1478 

Normal 0.99 0.98 0.99 1557 

Stone 0.97 0.96 0.96 1484 

Tumor 0.97 0.97 0.97 1505 
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Confusion Matrix This is an N × N table, where N is the number of classes, or categories, the model is trying to predict. It can 

be seen in Figure 6. Four key terms to consider are True Positives (TP): Where the model said Yes and it was indeed Yes.  True 

Negatives (TN): Where the model said No and it was in fact No. False Positives (FP): Where the model said Yes but it was No.  

False Negatives (FN): Where the model said No and it was Yes. 

 

Fig. 6. Confusion Matrix. 

6. COMPARATIVE ANALYSIS: 

In general, models like MSKd_Net and transfer learning techniques like VGG16 and ResNet50 rely heavily on massive pre-

existing datasets and complex initialization. This reduces the bias of the datasets produce due to irrelevant datasets like 

ImageNet. About 15.6 million parameters are used in this study with optimal feature extraction capacity in reduced processing 

power. The result shows fast convergence and higher validation accuracy compared to standard Adam optimizer without weight 

decay. In table 6, the detailed comparison of all the different models is listed below. The reason behind the superior performance 

of the proposed model lies with the dual path fusion architectural design of the model.  The architecture obtained the global 

spatial features using  the average pooling layer with the inclusion of  an extra convolution operation. This combination of 

layers helped to capture the robust features before the classification decision. The Gaussian blur filter eliminates the high 

frequency noise from the image sample to make it suitable for clinical usecase solutions. During training, AdamW improves 

optimization by decoupling weight decay from the gradient update, which can provide better regularization and reduce 

overfitting compared with conventional Adam, while the learning-rate scheduler progressively adjusts the learning rate, allowing 

faster learning during the initial stages and more stable fine-tuning near convergence.        

Table 5. Comparison of different parameters used in different studies. 

Ref. No.  Model Used Accuracy 

19 CNN 95 

20 U-Net 96 

21 Adaptive Hybridized Deep CNN 97 

22 Random Forest 94 

23 VGG16 and Restnet50 97 

24 DenseAUXNet201 90 

25 Deep Belief Network 97 

26 YOLO 81 

27 MSKd_Net Swin Transformer  90 

28 YOLOv8 82 

FusionEffNet (Proposed Model) 98 
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7.  CONCLUSION 

In this work for categorizing different types of kidney disease condition, a custom neural network-based framework is used. 

The CT scan images are used for diagnosis of normal, cyst, tumor, and stone classes. The main intension behind the use of CT 

scan image in this research is its high reliability for medical use cases. The sample count is enhanced using augmentation 

techniques for enhancing the model performance. Gaussian filtering image rescaling and normalization techniques are 

performed during preprocessing to improve the efficiency of the model. The model performance is evaluated using accuracy, 

precision, recall and F-1 score.  The important hyperparameter of the model is tuned using heuristic Methode to get the 

optimum performance of the model. The diagnosis accuracy shown by the proposed model is 98 %, which is better than all the 

referred literature.  This promising performance of the model has proved its real time implication and reliable detection of the 

kidney abnormalities. This will speed up diagnosis processes and clinical decision making in the health care sector. 
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