
© September 2024 | IJIRT | Volume 11 Issue 4 | ISSN: 2349-6002 

IJIRT 168103   INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY      1251 

Fusion-Based Deep Learning for Kidney Stone 

Detection Using Ultrasound, CT, and MRI 
 

 

Usha N1, Manjula K2, and Megha M3  
1,2,3Assistant Professor, GM University  

 

Abstract— Kidney stone detection using medical 

imaging techniques such as ultrasound (US) and 

computed tomography (CT) is a critical diagnostic task. 

Ultrasound is safe but lacks the contrast needed for 

reliable stone detection, while CT provides higher 

accuracy but exposes patients to radiation. In this study, 

we propose a multimodal learning approach that fuses 

data from both ultrasound and CT/MRI to improve 

detection rates, reduce false positives/negatives, and 

leverage the strengths of both imaging techniques. Our 

approach employs a dual-branch deep learning 

architecture, combining U-Net for ultrasound image 

segmentation with a ResNet-based model for CT/MRI 

data. We demonstrate that multimodal fusion 

significantly enhances kidney stone detection accuracy. 

I. INTRODUCTION 

Kidney stones are a common and painful urological 

disorder, affecting a significant portion of the 

population worldwide. Early detection and accurate 

segmentation of stones are crucial for successful 

treatment and prevention of complications, such as 

obstruction and infection. While CT imaging is the 

gold standard for kidney stone detection due to its 

high resolution and contrast, it exposes patients to 

ionizing radiation, making it less desirable for 

routine screening. On the other hand, ultrasound 

imaging is safer and non-invasive but suffers from 

lower contrast, leading to higher rates of false 

positives and negatives [1], [2]. 

Recent advances in deep learning have 

revolutionized medical image analysis, enabling the 

automatic detection and segmentation of anatomical 

structures and abnormalities. U-Net, a convolutional 

neural network architecture, has been particularly 

successful in medical image segmentation tasks [3]. 

However, existing models typically focus on single-

modality images, limiting their generalization to 

cases where image quality is suboptimal. In this 

paper, we explore a novel multimodal learning 

approach that combines the strengths of ultrasound 

and CT/MRI using a fusion architecture to improve 

kidney stone detection. 

II. LITERATURE SURVEY 

Study Methodology Findings Imaging 

Modalities 

Limitations 

Seitz et al. 

(2009) 

Compared 

ultrasound, 

CT, and MRI 

for kidney 

stone 

diagnosis. 

CT was 

found to 

have the 

highest 

sensitivity 

and 

accuracy 

for stone 

detection, 

while 

ultrasound 

was safer 

but less 

sensitive. 

CT, 

Ultrasound 

Ultrasound 

has low 

contrast and 

CT exposes 

patients to 

radiation. 

Litjens et 

al. (2017) 

Overview of 

deep learning 

applications 

in medical 

imaging, 

including 

segmentation 

tasks. 

U-Net was 

shown to 

be 

effective 

for 

medical 

image 

segmentati

on, 

improving 

accuracy 

in various 

medical 

imaging 

tasks, 

including 

ultrasound. 

CT, MRI, 

Ultrasound 

No focus on 

multimodal 

fusion for 

stone 

detection. 

Thamilaras

an et al. 

(2020) 

Implemented 

a deep 

learning-

based kidney 

stone 

detection 

using U-Net 

for 

ultrasound 

image 

segmentation

. 

U-Net 

successfull

y 

segmented 

ultrasound 

images of 

kidneys 

but 

struggled 

with small 

stone 

detection. 

Ultrasou

nd 

 

Ultrasound 

images are 

prone to 

noise and 

artifacts, 

reducing 

detection 

accuracy. 

Hounsfield 

et al. 

(2021) 

Proposed a 

multimodal 

deep learning 

approach 

combining 

CT and 

ultrasound 

images for 

kidney 

disease 

diagnosis. 

Multimoda

l learning 

improved 

detection 

accuracy 

and 

reduced 

false 

positives 

compared 

to single-

modality 

models. 

CT, 

Ultrasound 

Did not focus 

specifically 

on kidney 

stones. 
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Ghoshal et 

al. (2019) 

Fused MRI 

and 

ultrasound 

data using a 

hybrid deep 

learning 

model for 

tumor 

segmentation

. 

Multimoda

l fusion led 

to higher 

accuracy 

in 

detecting 

small 

tumors 

compared 

to 

individual 

modalities. 

MRI, 

Ultrasound 

Generalized 

to tumors; 

not specific 

to kidney 

stones. 

Patel et al. 

(2022) 

Implemented 

a hybrid 

CNN-RNN 

architecture 

for 

multimodal 

imaging data 

(CT and 

MRI) for 

detecting 

kidney 

abnormalities

. 

Improved 

localizatio

n of 

kidney 

structures 

using 

CT/MRI 

fusion, but 

lacked 

specific 

focus on 

kidney 

stone 

detection. 

CT, MRI Focused on 

kidney 

abnormalities

, not stones. 

Ronneberg

er et al. 

(2015) 

U-Net 

architecture 

developed for 

biomedical 

image 

segmentation

, including 

kidney 

structures. 

U-Net has 

become 

the 

standard 

for 

segmentati

on tasks in 

medical 

imaging, 

offering 

superior 

performan

ce with 

ultrasound. 

Ultrasound

, MRI 

U-Net alone 

may struggle 

with the low 

contrast of 

ultrasound 

images for 

small objects 

like kidney 

stones. 

Sun et al. 

(2023) 

ResNet-

based 

architecture 

was used for 

classifying 

kidney stones 

in CT scans. 

The deep 

ResNet 

model 

showed 

high 

accuracy 

but did not 

combine 

ultrasound 

and CT 

data for 

enhanced 

detection. 

CT Limited to 

CT data; did 

not explore 

multimodal 

fusion. 

 

III. RELATED WORK SUMMARY 

A. Ultrasound-Based Kidney Stone Detection 

Several studies have explored the application of 

deep learning to ultrasound images for kidney stone 

detection. Li et al. [4] developed a U-Net model 

tailored for ultrasound image segmentation, 

achieving a Dice coefficient of 0.85. However, the 

accuracy was limited by the inherent noise and low 

contrast of ultrasound images, leading to an 

increased number of false positives.  

 

B. CT-Based Kidney Stone Detection  

CT imaging provides much higher contrast, which is 

particularly beneficial for detecting small stones. 

Yildirim et al. [5] developed a deep learning model 

that detected kidney stones in CT images with a 

96.82% accuracy, but this modality requires high 

radiation doses, making it unsuitable for repeated 

screenings. 
 

C. Multimodal Learning in Medical Imaging  

Multimodal learning, where multiple types of data 

are integrated to improve model performance, has 

shown promise in various medical applications, 

including cancer detection [6]. However, little 

research has been done on combining ultrasound and 

CT/MRI data for kidney stone detection. This paper 

addresses this gap by proposing a multimodal fusion 

approach. 

IV. PROPOSED METHODOLOGY 

Our multimodal approach employs two separate 

deep learning models, each trained on a different 

imaging modality. A U-Net architecture is used for 

ultrasound images to capture fine details and 

segment kidney stones, while a ResNet-based model 

is applied to CT/MRI images to capture more 

complex features. 

A. U-Net for Ultrasound Segmentation 

The U-Net model processes ultrasound images and 

outputs a segmentation map identifying potential 

kidney stones. Due to the noisy nature of ultrasound 

images, we incorporate spatial attention mechanisms 

to focus on regions of interest, improving the 

segmentation accuracy [7]. 
 

B. ResNet for CT/MRI Analysis 

We employ a ResNet-50 model to process CT/MRI 

images. This model is pre-trained on ImageNet and 

fine-tuned on medical images to detect kidney 

stones by leveraging the high contrast of CT data. 

The output of the ResNet model is a probability map, 

indicating the likelihood of a kidney stone's presence 

[8]. 
 

C. Multimodal Fusion Architecture 

The outputs from both models are fused using a 

weighted sum approach, where the contribution of 

each modality is adjusted based on the confidence of 

the individual models. The combined output 

provides a more accurate and robust kidney stone 

detection result. 
 

V. EXPERIMENTS AND RESULTS 

A. Datasets 

We used two datasets: an ultrasound dataset 

containing 50 images of kidneys with annotated 
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stones, and a CT/MRI dataset with 30 annotated CT 

scans. Both datasets were split into training (70%) 

and testing (30%) subsets for cross-validation. 

 

B. Evaluation Metrics 

We evaluated the performance using standard 

metrics such as Dice coefficient, Intersection over 

Union (IoU), accuracy, and sensitivity.  

 

C. Results 

The results, shown in Table 1, demonstrate that the 

multimodal approach significantly outperforms 

single-modality methods in terms of Dice coefficient 

and IoU. The fusion model achieved a Dice 

coefficient of 0.90, compared to 0.85 for the 

ultrasound-only model and 0.88 for the CT-only 

model. 

Method Dice 

Coefficient 

IoU Accuracy 

U-Net 

(Ultrasound) 

0.85     0.80 87.4% 

ResNet 

(CT/MRI) 

0.88 0.83 91.3% 

Multimodal 

Fusion 

0.90 0.85 93.6% 

Table 1 

 

Fig 1, graphical demonstrate that the multimodal 

approach significantly outperforms single-modality 

methods 

VI. DISCUSSION 

The fusion of ultrasound and CT/MRI images 

significantly improves kidney stone detection, 

particularly in cases where ultrasound images alone 

provide insufficient contrast. The use of multimodal 

learning helps to leverage the strengths of both 

modalities, mitigating the weaknesses of individual 

techniques. Future work could explore other fusion 

strategies and apply this approach to other medical 

imaging tasks, such as tumor detection [9]. 

VII. CONCLUSION 

In this paper, we proposed a multimodal learning 

approach for kidney stone detection, combining 

ultrasound and CT/MRI images through a dual-

branch architecture. Our results show that this 

approach achieves higher detection accuracy and 

segmentation performance compared to single-

modality models. This work paves the way for more 

effective and safer kidney stone diagnosis, 

especially in clinical settings where repeated 

imaging is required. 
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