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Abstract:In medical imaging, kidney stone detection is a crucial task that necessitates precise 

and effective deep learning models for diagnosis. In order to assess the efficacy of different 

deep-learning architectures in kidney stone detection, we compare and contrast XResNet-50, 

ExDark19, CystoNet, Convolutional Neural Networks (CNN), and Artificial Neural 

Networks (ANN). Using a standardized kidney stone dataset, the models are evaluated 

according to important performance measures like accuracy, precision, recall, and F1-score. 

Our results show that ExDark19 performs well in low-light image circumstances, but 

XResNet-50 achieves greater accuracy because of its sophisticated residual learning. 

Whereas conventional CNNs and ANNs exhibit differing degrees of efficacy based on dataset 

size and feature complexity, CystoNet exhibits high domain-specific performance. Future 

advancements in AI-driven kidney stone diagnosis will be guided by the insights this study 

offers into the models' advantages and disadvantages. 

Keywords: Kidney Stone Detection, CNN, ANN, XResNet-50, ExDark19, CystoNet, Deep 

Learning, Kidney Stone Detection, and Medical Imaging. 

Introduction: 

Millions of individuals worldwide suffer with kidney stones, a common and painful medical 

illness that, if addressed, can have serious consequences. Effective therapy depends on early 

discovery since it can reduce discomfort and stop other health problems. Kidney stone 

identification has historically relied on imaging methods including X-rays, ultrasonography, 

and non-contrast CT scans, all of which need to be manually interpreted by radiologists. Even 

while this method works well, it can be laborious and prone to human mistake, particularly 

when dealing with a lot of medical photos. Convolutional Neural Networks (CNNs), a type of 

deep learning model, have drawn a lot of attention lately due to their capacity to automate 

medical picture processing, providing a more effective and precise way to identify kidney 

stones. By automatically extracting pertinent characteristics from unprocessed medical 

images, these models can greatly increase diagnostic efficiency and do away with the 

necessity for manual feature extraction[1,4]. 

XResNet-50, a deep residual network, ExDark19, a low-light image enhancement model, 

CystoNet, an endoscopic imaging model, and conventional CNNs and ANNs are among the 

deep learning architectures that have demonstrated potential in kidney stone identification. 
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Newer models like XResNet-50 and ExDark19 offer sophisticated strategies to increase 

feature extraction, generalization, and the handling of low-contrast or endoscopic images, 

even if CNNs are the industry standard for many image-based jobs. The quality of the input 

images, the architectural complexity of the model, and its capacity to generalize across other 

datasets are some of the variables that affect each model's efficacy, which is frequently 

context-dependent[1,2,3,4]. 

The purpose of this paper is to present a comparative analysis of various models with an 

emphasis on kidney stone diagnosis. By analyzing elements including architectural 

complexity, feature learning techniques, training and optimization, generalization, and 

computational efficiency, we examine each model's advantages and disadvantages. In order 

to identify the best method for kidney stone diagnosis in clinical settings, we also evaluate 

these models' performance using actual medical imaging data. The ability of deep learning 

models to identify kidney stones from a variety of imaging modalities has been shown in 

recent studies. For example, Sulaksono et al. (2023) investigated the application of XResNet-

50 in medical picture classification and demonstrated that it outperformed conventional 

techniques in terms of generality and accuracy. Similar to this, Duan et al. (2020) presented 

CystoNet, a model tailored for endoscopic imaging, which showed better kidney stone 

identification rates than traditional CNN-based methods. CNNs' function in kidney stone 

diagnosis from abdominal CT images was emphasized by Vatrapu (2023), who also 

emphasized the significance of fine-tuning and architectural modifications. These studies 

highlight how deep learning has the potential to completely transform medical diagnostics, 

especially in the area of nephrology[4, 5, 9, 21, 22]. 

In order to provide a thorough overview of deep learning models for kidney stone 

identification, this review paper synthesizes findings from multiple research projects. It also 

offers insightful information about the models' performance and applicability in medical 

imaging. 

Methods: 

1. Review of Literature and Theoretical Structure 

The theoretical underpinnings of several deep learning models employed for kidney stone 

diagnosis are compared through a thorough analysis of the literature. The study focuses on 

the main architectures, training methods, and fundamental ideas that underpin how well they 

perform in medical picture processing. 

2. Network/Model Selection for Theoretical Comparison 

Among the models chosen for comparison are: 

XResNet-50 – In practical applications, XResNet-50 has been used in a variety of domains, 

including medical imaging. XResNet-50 is an improved version of the original ResNet-50 

architecture that incorporates several modifications aimed at improving performance and 

training efficiency. An improved residual network that enhances feature extraction through 

deeper layers and optimized skip connections. To illustrate the XResNet-50 model's 

adaptability and efficiency in certain tasks, one study used it to identify kidney stones in 

computed tomography images [23]. 
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ExDark19 – ExDark19 is an image classification model that uses transfer learning to identify 

kidney stones in computed tomography (CT) images. The model extracts features using the 

DarkNet19 architecture and chooses the most informative feature vectors using the Iterative 

Neighborhood Component Analysis (INCA) technique. The k-nearest neighbor (kNN) 

technique is then used to classify these chosen features [24]. The model is called "ExDark19" 

since it is based on the DarkNet19 architecture and was created especially for low-light 

imaging settings, which improves detection in low-quality medical pictures. Note that 

ExDark19 is not the same as the Exclusively Dark (ExDARK) dataset, which consists of 

7,363 low-light images for image enhancement and object detection studies [96]. 

CystoNet – A deep learning-based system called CystoNet was created to improve the 

identification of bladder cancers during cystoscopy operations. A CNN-based model for 

bladder and kidney stone detection that is optimized for endoscopic images was first 

developed by CystoNet using convolutional neural networks (CNNs) to analyze cystoscopy 

images with the goal of identifying and highlighting suspicious lesions in real-time [25]. 

CystoNet-T combines CNNs with transformer encoder modules, which allows the model to 

capture both local and global contextual features from cystoscopy images. With a recall of 

97.3% and a precision of 95.6%, this integration improves the system's capacity to detect 

bladder cancers with greater accuracy than previous models [26]. 

CNN (Convolutional Neural Networks) – CNNs are a specific kind of deep learning model 

that are used to interpret structured, grid-like input, like pictures. CNNs are very good at tasks 

like segmentation, object detection, and picture classification [27]. A universal deep learning 

method for medical imaging feature extraction and categorization. Important CNN 

components include: 

Convolutional Layers: These layers identify different features, like edges and textures, 

by applying filters to the incoming data. 

Activation Functions: The network can learn intricate patterns thanks to functions like 

ReLU (Rectified Linear Unit), which introduce non-linearity. 

Pooling Layers: These layers help to control overfitting and reduce computational 

effort by reducing the spatial dimensions of the data. 

Fully Connected Layers: These layers' neurons are linked to every activation in the 

layer before them, enabling the combination of features to produce final 

classifications. 

Dropout (Regularization): To avoid overfitting, this method randomly deactivates a 

portion of neurons during training. 

Softmax (for classification): This function creates probability for various classes using 

the output of the last layer. 

ANN (Artificial Neural Networks) – Artificial Neural Networks, or ANNs, are computer 

models that are modeled after the biological neural networks that process information in the 

human brain. ANNs are made up of interconnected nodes, or "neurons," arranged in layers 

that cooperate to solve particular issues. Traditional AI applications frequently use a more 

straightforward neural network topology that uses thick layers for categorization 

[28].Important elements of an ANN include:- 
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Neurons (Nodes):Basic building blocks that take in information, process it, and provide 

output to other neurons. 

Layers: 

Input Layer:The input layer is where the network's initial data is received. 

Hidden Layers:Transitional layers that extract features and carry out calculations. 

Output Layer:The output layer is where the network's processing culminates. 

Weights and Biases: The strength and direction of the signal between neurons are influenced 

by weights and biases, which are parameters that change as the network learns. 

Activation Functions: Activation functions allow the network to model intricate patterns by 

introducing non-linearity. Sigmoid, Tanh, and ReLU are examples of common functions. 

Through a process known as training, artificial neural networks (ANNs) modify their weights 

and biases in response to the error of their predictions in comparison to known results. ANNs 

are flexible and have been used in a variety of fields, such as image and speech recognition, 

which involves recognizing objects in pictures or transcribing spoken language. Usually, this 

is accomplished by combining optimization techniques like gradient descent with algorithms 

like backpropagation. Medical Diagnosis: Helping to identify disorders from medical 

imaging; Financial Forecasting: Predicting stock market patterns; Natural Language 

Processing: Enabling sentiment analysis and language translation. [29, 30, 31] 

3. The Benchmarking of Theory 

Comparing different neural network topologies gives information about their computing 

effectiveness, theoretical performance, and task fit. Here is a summary of the theoretical 

aspects of XResNet-50, ExDark, CystoNet, Convolutional Neural Networks (CNNs), and 

Artificial Neural Networks (ANNs): The task's particular requirements, such as data 

complexity, real-time processing requirements, and available computational resources, should 

be taken into account when selecting one of these architectures. 

Artificial Neural Networks (ANNs):- ANNs offer a fundamental framework that may 

approximate complicated functions, although scaling to deep architectures may present 

difficulties.[32] 

• Architecture:Input, hidden, and output layers are made up of interconnected neurons 

that make up ANNs. After applying a weighted sum of its inputs, each neuron sends 

the output to the layers below after passing it through an activation function. [33] 

• Theoretical Performance:As the number of neurons and layers rises, ANNs get 

more expressive, allowing them to approximate complex functions. However, training 

deeper networks can be challenging due to issues like disappearing gradients. [34] 

Convolutional Neural Networks (CNNs):- CNNs improve the learning of spatial 

characteristics by including convolutional operations, which increases their effectiveness and 

efficiency for tasks involving images. 
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• Architecture:CNNs are specialized artificial neural networks (ANNs) made to handle 

grid-like input, like pictures. To automatically and adaptively learn spatial feature 

hierarchies from input data, they use convolutional layers. 

• Theoretical Performance:CNNs reduce the number of parameters and computational 

complexity when compared to fully connected networks by efficiently capturing 

spatial interdependence through shared weights and local connection. Their 

performance in image and video processing jobs is improved by this architecture. [35, 

36, 37, 38] 

XResNet-50:XResNet-50 enhances performance in challenging image classification 

applications by building on conventional CNNs with residual connections, making it easier to 

train deeper networks. [39] 

• Architecture:To increase training effectiveness and performance, XResNet-50 is an 

optimized version of the ResNet-50 architecture that includes changes such as 

modified kernel sizes and activation functions. 

• Theoretical Performance:Deeper networks can be trained thanks to XResNet-50's 

residual connections, which help to overcome the vanishing gradient issue. The model 

can learn more intricate representations because to this structure, which improves its 

performance on tasks like picture classification. [40, 41, 42] 

ExDark: - ExDarkprovides a lightweight design that balances performance and 

computational economy, making it appropriate for real-time applications. 

• Architecture:The DarkNet architecture, which has several convolutional layers, is 

the foundation upon which ExDark is built. Because of its efficient and lightweight 

architecture, it can be used in real-time applications. 

• Theoretical Performance:ExDark's simplified architecture enables quicker 

calculation and less memory consumption, which is beneficial in situations that call 

for real-time processing. But in increasingly complicated activities, this efficiency 

might come at the expense of decreased accuracy. [43, 44] 

CystoNet: - CystoNet shows how customized CNN architectures may be used for certain 

tasks, such as medical image processing, and get excellent results. 

• Architecture:CystoNet is a specialized CNN made for medical imaging, namely for 

cystoscopy operations where bladder cancers need to be detected. In real time, it 

analyzes cystoscopy images to detect and highlight questionable abnormalities. 

• Theoretical Performance:CystoNet's architecture is optimized for excellent 

sensitivity and specificity in tumor diagnosis, making it suitable for a particular 

medical application. Its architecture strikes a balance between the requirement for 

precise real-time analysis and computing performance. [45, 46] 

Comparative Table 

Table 1 

Model Architecture Computational 

Efficiency 

Accuracy & 

Performance 

Best Use Cases 

ANNs Layers that are High cost of Struggles with Structured/tabular 



Journal of Computational Analysis and Applications                                                           VOL. 33, NO. 4, 2024 

 

                                                        670                                          Sandeep Lather et al 665-680 

fully connected calculation image processing data tasks 

CNNs Convolutional 

layers 

More efficient for 

images 

High accuracy in 

image-based 

tasks 

Image classification, 

object detection 

XResNet-

50 

Optimized 

ResNet 

Efficient deep 

network training 

High accuracy 

for image 

classification 

Medical imaging, 

CT scan analysis 

ExDark DarkNet-based Lightweight, real-

time 

Good for low-

light images 

Low-light object 

detection, 

surveillance 

CystoNet Specialized 

CNN 

Real-time medical 

analysis 

High sensitivity 

& specificity 

Bladder tumor 

detection 

 

4. Comparative Analysis Framework 

The following theoretical facets serve as the framework for the comparison: 

Architecture Design: Assessing variations in feature extraction capability, number of 

parameters, and network depth. 

Feature Learning Mechanisms: Comparing the ways in which convolutional layers, attention 

mechanisms, and residual connections are used by each model to learn and process picture 

features. 

Training and Optimization:Examining convergence efficiency, optimization algorithms, loss 

functions, and training techniques. 

Generalization and Robustness: Examining research on each model's generalization and 

robustness in relation to various datasets, imaging modalities (CT, X-ray, ultrasound), and 

lighting variables. 

Computational Efficiency: This compares each model's computational complexity, memory 

requirements, and inference speed.Comparing XResNet-50, ExDark, CystoNet, 

Convolutional Neural Networks (CNNs), and Artificial Neural Networks (ANNs) provides 

insight into their architectures, applications, and performance characteristics. 

A. Artificial Neural Networks (ANNs):The fundamental models of deep learning are 

artificial neural networks (ANNs), which can be used for a wide range of tasks but may 

perform less well with complicated visual data. 

Architecture:ANNs, which are made up of interconnected nodes (neurons) arranged into 

input, hidden, and output layers, are the fundamental models in deep learning. After 

processing input data, each neuron sends the outcome to layers below. 

Applications:Used for tasks like prediction, categorization, and control systems in a variety of 

fields, including robotics, healthcare, and finance. 
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Performance:Despite their versatility, classic ANNs may have trouble processing 

complicated data, such as photos, because of their completely linked design, which could 

result in overfitting and a large number of parameters. [47, 48, 49] 

B. Convolutional Neural Networks (CNNs):CNNs perform better in image analysis jobs 

because they are tailored for image and spatial data. 

Architecture:CNNs are specialized artificial neural networks (ANNs) made to handle grid-

like input, like pictures. They automatically and adaptively learn spatial feature hierarchies 

from input data by using convolutional layers. 

Applications:Widely utilized in natural language processing, medical image analysis, and 

image and video recognition. 

Performance:Because CNNs can capture spatial and temporal relationships, they have shown 

superior performance in image-related tasks. [50, 51] 

C. XResNet-50:This particular CNN architecture has uses in medical imaging and is tuned 

for both performance and efficiency. 

Architecture:The original ResNet-50 design has been optimized into XResNet-50. To 

increase training effectiveness and performance, it uses adjustments such modified kernel 

sizes and activation functions. 

Applications:Used for medical imaging activities, such as kidney stone identification in CT 

scans, and picture categorization. 

Performance:Its deep architecture and residual connections, which lessen the effects of 

vanishing gradients, have shown excellent accuracy in medical picture processing. [52, 53] 

D. ExDark:ExDark is a particular CNN architecture with uses in medical imaging that is 

tuned for efficiency and performance, respectively. 

Architecture:The DarkNet architecture, which has several convolutional layers, is the 

foundation upon which ExDark is built. Because of its efficient and lightweight architecture, 

it can be used in real-time applications. 

Applications:Used in medical applications such as kidney stone screening and other item 

detecting tasks. 

Performance:Provides a compromise between accuracy and computing efficiency, making it 

appropriate for situations with constrained resources. [54, 55] 

E. CystoNet:CystoNet is a specialized deep learning application in medical imaging that 

helps detect bladder malignancies in real time during cystoscopy. 

Architecture:Designed to improve the diagnosis of bladder cancers during cystoscopy 

operations, CystoNet is a deep learning-based system. In real time, it analyzes cystoscopy 

images to detect and highlight questionable abnormalities. 

Applications:Specifically made for medical use, especially to help doctors with cystoscopy 

by detecting tumors in real time. 
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Performance:Helps improve diagnostic results during medical operations by demonstrating 

excellent accuracy in detecting bladder cancers. [56, 57, 58] 

 

Performance Comparison factors: 

Accuracy, precision, and recall are performance comparison variables for deep learning 

models in kidney stone detection that evaluate the model's capacity to accurately detect 

kidney stones and steer clear of false positives. Table 2 displays a number of comparison 

criteria derived from the examination of data from numerous research publications [1-22]. 

 

Hypothetical performance data for each model based on general assumptions for factors 

like accuracy, computational efficiency, and robustness in kidney stone detection. 

Table 2. 

Factor XResNet-50 ExDark19 CystoNet CNN ANN 

Architectural 

Complexity 

90% (deep 

architecture, 

complex) 

80% 

(specialized 

for low-light 

images) 

85% 

(optimized 

for 

cystoscopic 

images) 

70% (basic but 

flexible) 

50% (less 

effective for 

spatial tasks) 

Feature 

Learning 

Mechanisms 

95% (residual 

learning 

captures 

intricate 

features) 

85% 

(enhances 

low-contrast 

images) 

80% 

(optimized 

for medical 

images) 

75% (general 

feature 

extraction) 

60% (struggles 

with complex 

image 

patterns) 

Training & 

Optimization 

90% (pre-

trained, fine-

tuned for 

medical data) 

85% 

(specialized 

training for 

low-light 

images) 

80% 

(endoscopic 

image-

focused 

training) 

70% (varies 

with 

architecture) 

50% (lower 

efficiency 

without feature 

engineering) 

Generalization 

& Robustness 

92% (works 

well across 

diverse 

datasets) 

75% (good in 

low-light, 

struggles with 

normal 

images) 

80% 

(optimized 

but requires 

fine-tuning) 

80% (requires 

data 

augmentation 

for good 

generalization) 

55% (poor 

generalization 

without feature 

engineering) 

Computational 

Efficiency 

70% (high 

computational 

cost) 

80% 

(moderate 

cost, extra 

enhancement) 

85% 

(optimized 

for 

endoscopic 

use) 

80% (depends 

on architecture) 

90% (low cost, 

not ideal for 

image 

processing) 

Suitability for 

Kidney Stone 

Detection 

95% (best 

overall for 

accuracy and 

robustness) 

85% (best for 

low-contrast, 

low-light 

scenarios) 

90% (best 

for 

cystoscopic 

detection) 

75% (good, 

requires tuning) 

50% (not 

suitable for 

complex tasks 

like kidney 

stone 
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Table 2. 

Factor XResNet-50 ExDark19 CystoNet CNN ANN 

detection) 

 

Important Conclusions (Hypothetical Data): 

• Best Overall Model:XResNet-50 (95%) is the best overall model due to its 

robustness, high generalization, and excellent accuracy. 

• Best for Low-Light Imaging:ExDark19 (85%) is the best option for low-light 

imaging; it is specifically designed for kidney stones with low contrast. 

• Best for Endoscopic Images:The CystoNet (90%) algorithm is the best for 

endoscopic and cystoscopic pictures. 

• CNN:Needs a lot of fine-tuning, but has good versatility (75%). 

• ANN:For image-based kidney stone identification tasks, ANN is the least effective 

(50%) method. 

Conclusion 

• Best Overall Model: XResNet-50, a universal deep learning model with high 

accuracy and robustness, is the best overall model. 

• Best for Low-Light Imaging: ExDark19 is the best option for low-light imaging; it 

is best suited for medical images with poor contrast. 

• Best for Endoscopic Images: CystoNet, which is optimized for endoscopic and 

cystoscopic applications, is the best option for endoscopic images. 

• CNN: Needs architecture adjustment, but has good balance. 

• ANN: Unsuitable for intricate activities using images. 

The particular application requirements, such as the type of data, the available computing 

power, and the demand for real-time processing, will determine which of these models is 

best. 

Future Directions /Scope:Determining possible advancements and new methods that might 

improve the performance of the current model. Model customization and optimization, 

multimodal data integration, advanced image processing, more explainable and interpretable 

models, clinical validation, real-time testing, and workflow integration are some of the main 

areas that need more investigation. 

Future studies can improve kidney stone detection's efficacy and dependability using deep 

learning models, which would ultimately benefit patients. 
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