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Abstract: Kidney health is deeply interwoven with general health, and earlier detection of kidney issues leads to better 

outcomes of treatment. A renal scan is a tool that helps doctors further refine their diagnosis of kidney problems. This diagnostic 

testing can provide a much clearer, more realistic visual picture of the kidney, thanks to advanced imaging techniques combined 

with specialized markers. Moreover, this provides an accurate estimate of renal function using DRS and DMSA scintigraphy 

to detect cortical defects and/or nephropathies. Consequently, it grades the kidney according to functional grades based on 

various parameters, such as SF, K, and KEi, ranging from a normal kidney with no dysfunctional renal unit to a kidney with 

severely compromised or dead segments. Renal Scan. These days, diagnostic techniques are insufficient to detect renal damage 

at an early stage. Renal scan fills this gap by ensuring the application of predictive models alongside precision segmentation, 

thereby providing timely diagnosis. It provides comprehensive information on kidney function through a Renal Scan, which 

helps the doctor better manage kidney-related issues and thereby reduce the risk of cardiac complications, including death. The 

ultimate aim of such a detail-oriented approach is to reduce the death rate and provide the best possible long-term treatment to 

patients with chronic kidney illness by providing accurate, quantifiable information about kidney function through Renal Scan, 

thereby enhancing kidney-associated care. 
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1. Introduction 

 

The kidneys are essential organs that maintain basic homeostasis. As such, it is important to address renal abnormalities 

promptly to avoid complications. The obstructive uropathy/ nephropathy cases with cortical renal abnormalities tend to be 
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progressive conditions, which would translate to higher susceptibility to morbidities and mortalities [6]. The inadequacy of 

conventional diagnostic techniques, such as ultrasound examination, in detecting renal abnormalities at an early stage has been 

well established [2]; [4]. To address the above, Renal Scan seeks to conduct predictive segmentation of the kidneys using 

dynamic renal scintigraphy (DRS) together with dimercaptosuccinic acid (DMSA) scintigraphy. These methods include DMSA 

rationality for detailed evaluation of kidney structure and function and for revealing nephropathy, vesicoureteral reflux, 

obstructive or cystic kidney dilatation, and other congenital anomalies that hinder normal renal function [1]; [3]; [19]. By 

measuring radiopharmaceutical uptake and applying advanced image segmentation, split renal function (SF) can be assessed 

with Renal Scan, providing multifaceted illustrations of renal health [7]. Having undertaken these steps, Renal Scan therefore 

incorporated the latest techniques to improve the accuracy of diagnosing kidney conditions.  

 

The frontend has been developed in React.js with Material UI to enable a responsive User Interface. Back-end API management 

is done using Node.js with Express or Django [5]; [13]. Renal scans' diagnostic capabilities are further enhanced by 

incorporating machine learning. Renal scan is a highly accurate technique for delineating kidney structure and can detect 

conditions such as scar tissue and kidney cysts. This is made possible by the utilization of algorithms such as ResNet for 

segmentation refinement and U-Net for picture segmentation. Another innovation in the system is its predictive analytics, which 

can forecast future events [22]. This technique enables the forecasting of disease progression, such as chronic kidney disease 

(CKD) [9]. This predictive technique may even defer the incidence of severe kidney injury [23]. The architecture of renal scans, 

developed with Node.js or Django for back-end management and React.js for the frontend, ensures the system is both intuitive 

to use and capable of handling large datasets quickly [24]. Its easy connection with clinical operations improves accessibility 

and scalability in actual healthcare environments. Renal scan, which provides early detection, precise segmentation, and 

predictive insights, represents a major improvement in renal diagnostics. This study will examine how advancements in 

machine learning and imaging translate into better patient outcomes, opening the door to more proactive, individualised renal 

care [25]. 

 

 
 

Figure 1: Block diagram of renal scan predictive segmentation for kidney health 

 

The process involved in performing the Renal Scan is presented in Figure 1 above. The radiotracer injection is used to produce 

renal area images [26]. The patient is injected with the radiotracer, which diffuses into the bloodstream, followed by a scan, 

during which images showing renal function are produced using sophisticated machinery. The images are further processed for 

segment analysis, which involves identifying unusual parts within the renal area. Subsequently, a kidney function inspection is 

performed to detect abnormalities such as blockages, hypoperfusion, and scarring. The final stage involves preparation of the 

findings for presentation to the medic for further analysis. Imaging methods for the kidneys have also advanced in recent years, 
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significantly aiding early diagnosis of renal pathologies [8]. Indeed, cases like chronic kidney disease, which significantly affect 

a large number of individuals worldwide, generally receive no treatment until the disease has reached its complication stages. 

Nonetheless, although helpful, standard imaging methods such as CT and US scans cannot detect renal pathologies early. The 

Renal Scan eliminates this problem by applying Dynamic Renal Scintigraphy and the scintigraphy technique. In the meantime, 

DMSA scintigraphy is very useful for identifying structural abnormalities, such as cortical abnormalities, especially in 

individuals with vesicoureteral reflux disease or recurrent UTIs [12]. Renal scans' sophisticated segmentation algorithms, in 

conjunction with these imaging modalities, enable clinicians to make better-informed judgements about kidney health 

treatment. The different dimensions and their values are mentioned in Table 1. 

 

Table 1: Different properties of the kidney 

 

No. Dimensions Values (Male) Values (Female) 

1 Length 10–12 cm 10–12 cm 

2 Width 5–7 cm 5–7 cm 

3 Thickness 3–5 cm 3–5 cm 

4 Weight 150–200 g 120–135 g 

5 Volume 110–190 ml 90–150 ml 

 

2. Literature Review 

 

Early and accurate diagnosis is critical, as delayed detection often leads to irreversible renal damage and increased mortality 

[34]. Diseases of renal origin, such as chronic kidney disease, obstructive nephropathy, and vesicoureteral reflux, are some 

chronic disease states that affect millions of people across the globe [1]. Almost all of these abnormalities, if improperly 

detected or untreated, lead to renal-related complications such as hypertension, proteinuria, and, in the end stages, end-stage 

renal disease. Over the years, several imaging modalities and methods have been applied in Interventional radiology, including 

quantitative assessment of stone-free status or prognosis of renal diseases. Within this group, scintigraphy, ultrasound, and 

advanced segmentation techniques gained the greatest importance. Automated renal image segmentation has advanced 

alongside the rest of the biomedical field, driven by advances in convolutional neural networks (CNNs). Older methods relied 

on thresholding and region-growing procedures that struggled with anatomic variability and overlapping structures. The 

adoption of U-Net brought a new paradigm in biomedical segmentation, achieving above 89-92% Dice scores during renal 

cortex segmentation by employing high finesse feature contextualization and extraction processes for localization. Later 

changes, such as 3D U-Net and attention gates, improved volumetric subcapsular scar (< 3mm) and cyst and tumour scarring 

detection, but still lacked adequate spatial resolution at lower levels. 

 

2.1. Conventional Renal Imaging Techniques 

 

Ultrasound (US) and computed tomography (CT) have been the conventionally employed modalities for assessing the kidneys. 

Although the US is widely favoured owing to its non-invasive, inexpensive, and widely available characteristics, there have 

been reports in numerous studies regarding its poor sensitivity in identifying early cortical abnormalities, scarred kidneys, as 

well as subtle functional derangements, especially in pediatric patients and in early cases of chronic kidney disease (CKD) [15]. 

CT scans provide better anatomical resolution, which has been shown to aid in the identification of kidney stones and cancers. 

Yet, its adoption is hindered by exposure to radiation and a lack of functional analysis capacity. Magnetic resonance imaging 

(MRI) offers superior soft-tissue resolution and volumetric analysis, yet its adoption is hindered by its relatively high cost, 

limited accessibility, and longer scanning times [20]. 

 

2.2. Imaging Techniques in Kidney Health 

 

Dynamic Renal Scintigraphy (DRS) is a conventional method used to assess kidney function, particularly in obstructive 

nephropathy [5]. DRS is a technique that permits the study of the processes of uptake and transport of radiopharmaceuticals 

and thus provides very informative insights into the organs’ physiological abilities. The split function (SF) is a cumulative ratio 

used to estimate renal impairment levels by examining each kidney in cases of unilateral kidney impairment. Accordingly, 

chronic obstruction of the urinary tract often leads to renal tissue invasion, underscoring the importance of timely diagnosis 

and treatment. Figure 2 shows, in a bar graph, the study findings and advancements in various renal diagnostic procedures. The 

least advancement is seen on ultrasound, followed by CT. DMSA leads with the highest study findings, while MRI and DRS 

show intermediate degrees of advancement. According to available data, DMSA appears to be the most promising method for 

kidney diagnostics. Likewise, in children who have recurrent UTIs, dimercaptosuccinic acid (DMSA) scintigraphy is an 

effective method for identifying renal cortical abnormalities [12]. 
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Figure 2: Comparisons of research findings in different kidney diagnostics 

 

The results of studies indicate that DMSA scanning is superior to ultrasound for identifying renal deformities and scarring. This 

has been demonstrated to visualise cortical defects at the early stages of disease clearly and to reduce the need for corrective 

surgery in patients with VUR and related problems. Today, ultrasound is the predominant modality for diagnosing renal 

pathologies, especially in children [20]. However, ultrasound can detect only in some cases and only small surface kidney 

defects. Advanced imaging methods, such as computed tomography (CT) and magnetic resonance imaging (MRI), which 

improve the visualisation and measurement of kidney size, volume, and structure, have been developed and used to address 

this constraint. Such a situation has highlighted the importance of delineated renal volumetry in evaluating kidney function in 

infants and children with congenital anomalies, such as VUR. 

 

2.3. Advancements in Image Segmentation and Machine Learning in Kidney Health 

 

The development of machine learning and artificial intelligence has made it easier to analyse medical images, increasing 

diagnostic efficiency and enabling predictive modelling. 

 

 
 

Figure 3: Advancements in various techniques of kidney diagnostics 

 

This is pivotal, as it enables accurate recognition of kidney anatomy and pathology. Among them are Image processing libraries 

such as OpenCV and scikit-image, which allow manipulation of DRS and DMSA images to extract vital features [30]. These 

tools are useful for initial image preprocessing operations, such as edge-based region extraction, noise suppression, and 
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boundary delineation. These have significantly improved kidney and tumour segmentation in CT images using volumetric deep 

learning architectures such as the 3D U-Net and cascaded convolutional networks. Standard benchmark datasets, such as 

KiTS19, have further enabled standardised evaluation of segmentation performance [28]. Figure 3 presents a bar graph of the 

development of several imaging techniques for renal diagnostics. The least advancement is seen on ultrasound, followed by 

CT. While DMSA leads with the greatest gains, MRI and DRS show intermediate degrees of advancement. According to 

available data, DMSA appears to be the most promising method for kidney diagnostics (as per Figure 3). Recently, it has been 

shown that deep learning models such as U-Net, its 3D variants, and residual networks can significantly improve volumetric 

kidney segmentation accuracy in CT scans by capturing spatial and contextual information [27]. Medical picture segmentation 

has advanced significantly with the use of radio frequency (RF) neural imaging techniques, especially the deep learning method 

known as Convolutional Neural Network (CNN) [14]. In the domain of medical image dissection, U-Net and ResNet models 

are widely used, as they help learn and accurately segment the underlying features of medical images. U-Net outperforms other 

architectures for medical image analysis by combining high spatial resolution with context. U-Net has also been shown to 

accurately assist in segmenting renal structures, facilitating the early diagnosis of nephropathies, VUR, and other kidney 

diseases [16]. ResNet, on the other hand, is widely used in many medical imaging tasks due to its residual learning framework, 

which enables the construction of deeper networks without a drop in performance, making it an excellent model for minute 

kidney segmentation [13]. 

 

2.4. Predictive Models in Kidney Health 

 

Incorporating ML models into medical imaging workflows enables predictive segmentation, advancing the future of personally 

tailored kidney health maintenance. Some models, such as U-Net and ResNet, have been previously employed to predict future 

kidney function from medical images. For example, predictive modelling has been used in renal health by analysing DMSA 

scintigraphy images for cortical defects and predicting that patients would later develop hypertension or proteinuria [18]. Early 

prediction of such outcomes allows clinical practitioners to be creative as they develop preventive treatment regimens to 

minimise worsening of kidney dysfunction. In the last few years, another aspect of using CNNs to detect the early stages of 

renal failure before they manifest in patients has also received considerable attention [8]. The integration of predictive models 

based on machine learning, along with the use of advanced image segmentation, transforms the assessment of kidney function 

into a promising direction, especially for the control of chronic diseases such as CKD and ESRD. Their assessment using deep 

learning models and large datasets has shown that predictive segmentation can identify patients who are likely to rapidly 

develop the disease, thereby enabling earlier intervention and reducing the waste of health resources. 

 

2.5. Technical Implementation 

 

The architecture of the user interface, as well as that of the entire back-end system, is discussed, with a focus on performance 

and scalability for the predictive segmentation of kidney health used in Renal Scan. The front end of the system is built with 

React.js and Material-UI to provide users with an eye-catching interface that enhances the presentation of patient data and 

imaging results. Node.js with Express or Django handles back-end API management, ensuring proper data and API 

management, while patient and imaging data are stored in a MongoDB or PostgreSQL database [4]. Finally, the actual image 

segmentation is supported by the OpenCV and scikit-image libraries, which are used for image preprocessing and feature 

extraction required for kidney health assessment [11]. TensorFlow or PyTorch (with Keras support) is used to train and adapt 

CNN architectures such as U-Net or ResNet. These models focus on achieving high accuracy in segmenting renal structures 

and abnormalities in medical images [10]. Pretrained models can also be employed to enable a system to predict based on both 

image and non-image cases. The model's use has enhanced the system's ability to make early predictions from kidney images, 

using both historical and current images of the same unresectable kidney. 

 

2.6. Research Gap and Motivation 

 

Although much progress has been achieved, the current literature is mainly focused on either anatomical segmentation or 

disease classification, rather than a combination of the two, including functional imaging and predictive models [27]. 

Furthermore, most current techniques in the field are primarily based on structural imaging, and these approaches cannot 

observe the functional dynamics of the kidneys, which play a very significant role in early detection and tracking of the disease 

process [28]; [29]. Once more, the need for a combined approach that integrates functional scintigraphy, anatomical 

segmentation, disease classification, and predictive models within a single system has been highlighted [3]; [17]. 

 

2.7. Positioning the Proposed Work 

 

The Renal Scan system described in this paper overcomes the limitations mentioned above by combining DRS and DMSA 

scans and using deep segmentation and classification techniques. The Renal Scan system uses U-Net for accurate demarcation 
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of kidney structures and ResNet for efficient classification and predictive analytics of kidney disease progression, thereby 

providing a complete and relevant solution for diagnosis and management of kidney diseases [5]; [6]. 

 

2.8. Outcome of Literature Review 

 

The critical analysis of renal imaging modalities and AI segmentation clearly demonstrates that traditional methods, such as 

CT and ultrasound, remain inefficient for anatomical characterisation and early detection. Novel modalities such as DRS and 

DMSA, when combined with machine learning models like U-Net and ResNet, offer more accurate, faster, and more predictive 

diagnosis of kidney disorders. Computer-based segmentation algorithms have enhanced anatomical precision and allow easier 

prediction of long-term outcomes, including end-stage renal disease and hypertension. These results illustrate the utility of 

Renal Scan, which combines imaging with predictive modelling to offer individualised renal therapy. 

 

3. Methodology 

 

The Renal Scan system performs predictive segmentation and analysis of kidney images. Preprocessing, segmentation, model 

selection, feature extraction, and predictive analysis are the five main steps in the system. The following is the detailed 

explanation of these: 

 

3.1. Algorithm Used for Predictive Segmentation of Kidney Health Using Renal Scan 
 

 Input: Medical images from DRS, DMSA, Ultrasound, CT, or MRI are used. 

 

3.1.1. Preprocessing 
 

Noise Reduction (Gaussian filtering): It is applied to enhance images for better segmentation: 

 

𝐼′(𝑥, 𝑦) =
1

2𝜋𝜎2 exp (
−𝑥2−𝑦2

2𝜎2 ) ∗ 𝐼(𝑥, 𝑦)                                                                                                (1) 

 

 I'(x, y): Intensity of the filtered image at pixel (x, y). 

 I (x, y): Intensity of the original image at pixel (x, y). 

 σ (Sigma): Standard deviation of the Gaussian filter, controlling the blur level. 

 x, y: Pixel coordinates 

 

3.1.2. Contrast Enhancement (Histogram Equalisation) 

 

Histogram equalisation is used to increase contrast in low-visibility images, which helps in improving anatomical feature 

clarity: 

 

𝐼′(𝑥, 𝑦) =
𝐿−1

𝑁
∑ 𝑛𝑖

𝐼(𝑥,𝑦)
𝑖=0                                                                                                                           (2) 

 

 L: Number of possible intensity levels, typically 256 for 8-bit grayscale images (0–255). 

 N: Total number of pixels in the image. 

 

3.1.3. Segmentation 

 

Segmentation separates the kidneys and identifies any abnormal areas, such as cysts or scars. 

 

3.1.4. Thresholding 
 

𝐼′(𝑥, 𝑦) = 0 if 𝐼 (𝑥, 𝑦)  < 𝑇 

 

𝐼′(𝑥, 𝑦) = 1 if 𝐼 (𝑥, 𝑦)  ≥ 𝑇                                                    (3) 

 

3.1.5. Edge Detection (Canny Algorithm) 

 

It identifies strong gradients to outline kidney boundaries: 
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𝐺 = √𝐺𝑥
2 + 𝐺𝑦

2                                                                                                                              (4) 

 

 G: Gradient magnitude (edge strength). 

 Gx, G y: Image gradients in the x and y directions. 

 

3.2. Model Selection 
 

3.2.1. U-Net for Initial Segmentation 

 

U-Net performs down-sampling and up-sampling layers to capture geographical context in an attempt to achieve the first 

segmentation of kidney regions: 

 

𝑓𝑜𝑢𝑡 = 𝑓𝑢𝑝([𝑓𝑑𝑜𝑤𝑛 , 𝑓𝑠𝑘𝑖𝑝])                      (5) 

 

 fout: Output feature map 

 fup: Upsampling layers 

 fdown: Down-sampling layers 

 fskip: Skip connections 

 

3.2.2. ResNet for Refining Segmentation 

 

ResNet enhances accuracy in complicated situations, thus enhancing the segmentation output: 

 

𝑦 = 𝑥 + 𝐹(𝑥, {𝑊𝑖}) 

 

 y: The output of the residual block (refined feature map or result). 

 x: The input to the residual block (original feature map). 

 

3.2.3. Feature Extraction 

 

From segmented images, researchers extract relevant features used for analysis and prediction. 

 

3.2.4. Area Calculation 

 

𝑦 = 𝑥 + 𝐹(𝑥, {𝑊𝑖})                     (6) 

 

 A: Area of the segmented region 

 I'(x, y): Binary segmented image 

 

3.2.5. Shape Analysis (Moment of Inertia) 

 

𝐼 = ∑(𝑥𝑖 − 𝑥̅)2 + (𝑦𝑖 − 𝑦̅)2                         (7) 

 

3.2.6. Predictive Analysis 

 

To calculate the probability of kidney disease progression. 

 

3.2.7. Logistic Regression for Disease Prediction 

 

𝑃(𝑦 = 1|𝑋) =
1

1+exp(−𝑋𝑇𝛽)
                         (8) 

 

 P (y=1 | X): Probability of disease presence 

 X: Feature vector 

 β: Model coefficients 
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3.2.8. Risk Score Calculation 

 

𝑅 =
1

1+exp(− ∑ 𝑤𝑖𝑥𝑖)
                        (9) 

 

 R: Risk score 

 Wi: Weights of the features 

 xi: Feature values 

 

3.3. Experimental Details 

 

This research uses two significant datasets—KiTS19 and a Kaggle dataset for kidney disease—to develop an AI-driven system 

for renal diagnosis. Both datasets provide well-balanced data on renal structure, pathology, and functional impairments, 

enabling the training and cross-validation of deep learning algorithms for segmentation and classification. KiTS19 is a standard 

for automated segmentation of kidney tumours from contrast-enhanced CT scans. Accrued as part of the 2019 Kidney Tumour 

Segmentation Challenge, it comprises 300 anonymised CT scans with expert-annotated segmentation masks that distinguish 

kidney tissue from tumours. It is widely used in AI research for volumetric analysis and tumour detection with deep learning-

based models, thereby providing a strong foundation for the development of complex segmentation models. Using its 

volumetric, high-resolution 3D data, KiTS19 significantly improves Renal Scan's ability to detect submillimeter renal tumours 

via a hybrid ResNet- and U-Net-based segmentation approach. The Kaggle kidney disease dataset, however, is a well-organised 

collection of 12,446 labelled medical images spanning a wide range of kidney diseases, including chronic kidney disease 

(CKD), cysts, and tumours.  

 

Unlike KiTS19, which is predominantly CT-based segmentation, this dataset is ideal for classification models, allowing for 

more accurate differentiation between healthy and diseased kidneys. Diagnostic classes are assigned to each image, making it 

a valuable resource for training deep learning models for kidney disease detection and risk stratification. With this additional 

dataset, Renal Scan's predictive modelling is enhanced by integrating imaging biomarkers and electronic health record (EHR) 

variables to quantify long-term CKD progression and risk factors. By integrating both datasets, Renal Scan can build a 

multimodal AI framework that combines functional and structural kidney imaging. The KiTS19 dataset strengthens the 

segmentation component of the AI tool for precise tumour localisation, and the dataset derived from the Kaggle competition 

enhances the classification component's discriminative power across different kidney diseases. The combined efforts of these 

two datasets have enabled the creation of an AI tool that has proven to be incredibly accurate, scalable, and relevant to 

nephrology for the early diagnosis and management of kidney diseases. Renal scans have therefore initiated a new era in the 

diagnosis of kidney disease through AI [31]. 

 

3.4. Output 

 

A diagnosis report with regions and risks should be generated. In the process of image classification and segmentation, the 

chosen models must be appropriate for efficient deep learning solutions. Of importance is that a literature review may emphasise 

the use of ResNet and U-Net architectures, which have achieved extraordinary performance in their respective areas. 

Nevertheless, ResNet has an accuracy of 96.26%, a precision of 96.34%, a recall of 96.26%, and an F1 score of 96.24%, and 

gained popularity for its ability to apply its residual learning model to reduce the vanishing gradient problem, enabling deeper 

learning. Because of this efficiency, it may be a good model for challenging image classification tasks. However, the U-Net, 

specifically designed for biomedical image segmentation, achieved 95.98% accuracy, 95.77% precision, 95.99% recall, and an 

F1 score of 95.96% (Table 2). 

 

Table 2: Deep learning models' performance metrics in comparison to ResNet and U-Net 

 

Model Accuracy Precision Recall F1 Score 

ResNet50 96.26% 96.34% 96.26% 96.24% 

U-Net 95.98% 95.77% 95.99% 95.96% 

MobileNetV2 95.42% 95.72% 95.42% 95.29% 

EfficientNetB0 95.3% 95.61% 95.3% 94.98% 

Decision Tree 92.77% 90.63% 91.3% 90.95% 

VGG16 91.68% 91.83% 91.68% 91.43% 

 

Due to its architecture, tractable exact localisation, and high-resolution output, the model performs better for tasks requiring 

accurate segmentation, even in medical imaging. The relative strengths of U-Net for segmentation and ResNet for classification 

enhance their applicability to projects that require high accuracy and reliability in visual data analysis. This shores up the 
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rationale for the research effort to improve overall performance in image analysis tasks by leveraging these two models, each 

with its own strengths. 

 

4. Image Processing Techniques 

 

Image processing and analysis are essential for accurate kidney diagnosis and health monitoring. The development and 

advancement of AI and machine learning continue; as a result, the importance of image classification and segmentation has 

become increasingly prominent for accelerating accurate diagnoses in nephrology. Implementation and integration of these 

approaches will enable the Renal Scan to perform predictive kidney segmentation to monitor kidney health and accurately 

detect kidney diseases, including chronic renal disease and nephropathy. 

 

4.1. Overview of Image Processing in Renal Scan 

 

Renal scan is equipped with several image processing techniques using OpenCV and scikit-image, as well as deep learning 

frameworks such as U-Net and ResNet, for segmenting and analysing medical images obtained from renal scintigraphy, 

ultrasound, CT, and MRI [11]. These techniques are used to separate and define specific kidney structures, including the cortex, 

medulla, and potential cysts and scars: 

 

 Image Preprocessing: The step that involves removing undesirable content from original images to prepare them 

for segmentation. 

 Image Segmentation: It is a primary image processing operation in which an image is partitioned into more than 

two segments, each with a distinct salient anatomical feature of the kidney. 

 Feature Extraction: These are the operations performed after segmentation to identify salient elements, such as 

edges, textures, and regions of interest (ROIs). 

 Model Prediction: This task uses deep learning models to predict kidney health from segmented data. 

 

4.2. Image Preprocessing 

 

An image such as this not only needs to be analysed for segmentation, but also undergoes some enhancement operations first. 

This phase usually comprises the following: 

 

 Noise Reduction: Gaussian blurring or median filtering to remove artefacts and noise that make the image hard to 

interpret. 

 Image Resizing: Maintaining the same scale and size across all images is important, especially when training deep 

learning models. 

 Contrast Enhancement: Making the features in the images clearer, which are not visible properly, through 

techniques such as histogram equalisation in the images obtained in renal scintigraphy. 

 

In a renal scintigraphy image, noise from surrounding tissues can sometimes obscure the distinct kidney structures. A Gaussian 

blur helps achieve this by smoothing her image, making the renal outlines clearly visible and aiding segmentation. 

 

4.3. Image Segmentation 

 

The core function and purpose of a renal scan are to identify and distinguish specific kidney structures, such as the renal cortex 

and medulla, as well as various lesions and cysts. Image segmentation is performed to make the image’s regions useful for 

further analysis. 

 

4.3.1. Segmentation Techniques 

 

 Thresholding: An easy-to-use technique to distinguish structures that differ in intensity values. Thresholding is often 

used as an initial step in differentiating kidneys from other tissue structures. 

 Edge Detection: Algorithms, e.g., Canny edge detection, can highlight the boundaries of kidney structures, making 

them easier to separate from other organs. 

 Region-Based Segmentation: Watershed algorithms are most commonly employed to detect regions, or segments, 

based on changes in pixel intensity values over distance. 
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Figure 4: CT scan showing right kidney abnormalities (arrows) and both kidneys outlined 

 

A CT scan is a kind of medical imaging that uses X-rays to provide incredibly detailed images of the inside of the body. The 

right renal vein, a sizable blood vessel that drains the right kidney, is seen with a blood clot (thrombosis) in this CT image. The 

image's arrows indicate where the clot has been located. When a blood clot forms and obstructs the blood flow through the 

renal vein, renal vein thrombosis may result. Numerous symptoms, including side or flank discomfort, fever, nausea, and 

vomiting, may result from this. It can potentially result in renal failure or damage if left untreated (as per Figure 4). 

 

4.3.2. Segmentation Using Deep Learning 
 

 U-Net: Convolutional neural networks (CNNs) are used in biological image segmentation [16]. U-Net is very 

efficient at segmenting images due to its ability to handle the complex shapes and structures of organs. 

 ResNet: Deep neural network Residual Network (also known as ResNet) employs a deep learning method with 

residual learning, often paired with U-Net to enhance segmentation performance, especially on high-resolution CT 

and MRI of the kidney. 

 

U-Net can be used to segment renal ultrasound images into renal cortex, renal medulla, lesions, and other structures. The U-

Net model recognises such regions based on the knowledge it has gained of pixel interactions and the arrangement of structures 

within the kidney. 

 

 
 

Figure 5: Deep learning for segmentation 

 

Medical image analysis has undergone a revolutionary change thanks to deep learning, a subset of artificial intelligence. 

Specifically, deep learning-based segmentation methods have demonstrated impressive potential for precisely recognising and 

distinguishing anatomical features in medical pictures. Because convolutional neural networks (CNNs) are good at capturing 

spatial relationships and information inside images, they are frequently employed for segmentation tasks. Researchers may 

create models that can precisely and automatically separate organs, tissues, and lesions by training CNNs on large datasets of 

annotated medical images [26]. In many medical fields, this has important ramifications for prognosis, treatment planning, and 

diagnosis (Figure 5). 
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4.4. Feature Extraction 

 

Predictive analysis methods, such as regression analysis, can be applied to features extracted from the segmented image. Such 

features could be: 

 

 Size and Shape: The morphology, geometry, and asymmetry of renal structures can be measured. 

 Texture Analysis: Even though renal cortex textural analysis can be used to detect some irregularities due to scarring 

and pathologies. 

 Edge Properties: It is also evident that kidney margins are likely to be smooth and regular or irregular, consistent 

with healthy or diseased tissues. 

 

In a suspected nephropathy case, the segmented image, together with the appendage shape, is used to quantify the renal cortical 

area. It is known that in chronic kidney disease, the cortex decreases, so this parameter can be used in models that forecast 

disease progression. 

 

 
 

Figure 6: Deep learning-based semantic segmentation of kidney tumours 

 

To accurately detect and delineate kidney tumours, each image pixel needs a semantic label. Researchers call this process 

semantic segmentation. In deep learning, convolutional neural networks (CNNs) in particular have proven useful for this. Using 

extensive datasets of annotated kidney images, CNNs can be trained to accurately distinguish between normal kidney tissue 

and tumours. With these models, radiologists can more precisely detect and describe kidney tumours, thereby improving 

diagnosis and therapy planning. Furthermore, segmentation based on deep learning can help measure the extent of the tumour 

and evaluate the tumour’s response to treatment, offering important data for therapeutic decision-making [20] (as per Figure 

6). 

 

4.5. Model Prediction 

 

Once deep learning models have received a processed and segmented image, they generate predictions about the kidney’s health 

using specialised models, such as Convolutional Neural Networks (CNNs). 

 

4.5.1. Predictive Models 

 

 U-Net for Segmentation Accuracy: U-Net enables accurate identification and delineation of kidney structures, 

including the renal cortex and renal medulla, thereby assisting in screening for abnormal cysts and scars. 

 ResNet for Feature Refinement: ResNet can selectively decode and refine informative representations in a 

segmented image to enhance values in diagnostic outcomes. 

 

A CT image is fed into a U-Net, and the kidneys are segmented to estimate the likelihood of cysts. Following this, these cysts 

are analysed for potential progression to severe illness using ResNet models trained on historical data. 
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Figure 7: An independent kidney segmentation method based on deep learning that uses effective feature pyramid networks 

in computed tomography images 

 

This study presents a new deep learning technique for automatic, precise kidney segmentation in CT images, as shown in Figure 

7. The system employs effective feature pyramid networks (FPNs) to extract multi-scale information from images, enabling 

accurate kidney boundary delineation. By integrating deep learning methods with FPNs, the proposed system provides a reliable 

and effective kidney segmentation solution. Enhancing the precision and efficacy of kidney disease diagnosis and treatment 

planning might have noteworthy therapeutic consequences. 

 

Example: Segmentation of Renal Ultrasound Image: 

 

 Raw Image: This ultrasound-reconstructed kidney image is accompanied by unfocused sounds and poorly defined 

contours. 

 Preprocessing: Noise is reduced using a Gaussian blur filter, while the kidney’s characteristics are enhanced through 

contrast enhancement. 

 Segmentation: Renal cortex and medulla segmentation are performed by the U-Net. Any form of segmentation is 

further refined, and abnormalities such as cysts or scars are predicted using ResNet. 

 Feature Extraction: The area surrounding the segmented kidney is assessed for the size and shape of the segmented 

abdominal organs and their localisation, as well as for the presence of specific abnormalities, and these features are 

entered into a predictive model focused on kidney health. 

 Diagnostic Output: The system predicts whether the extracted features are consistent with the model and the risk of 

CKD or nephropathy, thereby generating a report that helps implement timely preventive measures. 

 

 
 

Figure 8: MSS U-Net: Multi-scale supervised U-Net for 3D kidney and tumour segmentation from CT images 
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The MSS U-Net architecture is a revolutionary technique for 3D medical image segmentation, specifically suited for 

applications such as kidney and tumour segmentation from CT scans. The integration of a multi-scale supervised learning 

approach enables the MSS U-Net to efficiently extract and apply data across multiple spatial scales present in the images. This 

enhances segmentation performance by allowing the model to precisely distinguish structures of different sizes and complexity. 

The MSS U-Net has demonstrated its ability to support kidney disease diagnosis and treatment planning by achieving 

encouraging results across a range of medical image analysis applications (as shown in Figure 8). 

 

5. Result 

 

The performance metrics used to evaluate this proposed model include indicators and visualisation outputs that provide 

comprehensive insight into its ability to diagnose diseases such as tumours, stones, and cysts, while demonstrating its 

differentiation capabilities in normal conditions. The results include quantitative and qualitative assessments based on 

visualisation outputs. 

 

5.1. Accuracy of the Model and Confusion Matrix 

 

The confusion matrix shows the model's overall accuracy in classifying the four kidney disorder classes: cyst, normal, stone, 

and tumour. All instances of these classes were properly classified by the model, with minimal confusion among classes. Note 

that for cyst, there were 725 correct predictions out of 738, making it a high-accuracy category, though a few were incorrect, 

such as Stone and Tumour. The Normal class, with 968 of 1001 samples correctly classified and only a few minor classification 

errors, mostly tumours, performed exceedingly well. There was some uncertainty in the results for cyst, as indicated by the 31 

cases that could have been misclassified, although 239 of 280 cases corresponding to the Stone class were correctly classified. 

With some slight errors classified as either Normal or Stone, the Tumour class performance was good, with 464 out of 471 

observations correctly classified (Figure 9). 

 

 
 

Figure 9: ResNet50's performance analysis in multi-class medical condition classification for the kidney 

 

The high accuracy achieved by the best deep learning architectures ensures the model's efficiency, validating its use as a 

potential tool for diagnosing kidney disorders. The best models for efficiently analysing medical images were ResNet and U-

Net, which distinguished among various kidney disorders with minimal errors.  

 

5.2. Comparison of Model Performance 

 

The Table contains performance metrics, including accuracy, precision, recall, and the F1 score. Several deep learning 

architectures were considered. The top-performing models were ResNet and U-Net, where accuracy rates were 96.26% and 

95.98%, respectively. ResNet also performed best across all parameters, achieving 96.34% precision and 96.26% recall. At the 

same time, U-Net closely matched ResNet's results, demonstrating its strong performance even in tasks such as medical image 

segmentation. In combination with the confusion matrix and performance metrics, the result graphs clearly show that the model 
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fits well for the classification task and is capable of dealing with a wide range of complicated medical images effectively, 

despite the possible overlaps of some categories, especially with models such as ResNet and U-Net, performing well for this 

medical issue too. In addition to strengthening the evaluation's scientific rigour, 5-fold cross-validation was performed to assess 

the robustness and generalizability of model performance across data splits. In the future, in-depth statistical validation and 

class-wise error analysis will be performed to gain deeper insight into misclassification patterns and enhance diagnostic 

accuracy, especially in overlapping conditions. 

 

6. Discussion and Findings  

 

This proposed study demonstrates that Renal Scan is an effective AI framework that enables accurate diagnosis and predictive 

analytics for kidney diseases. This is achieved by incorporating advanced concepts to improve diagnosis and predictive 

analytics through deep learning algorithms.  

 

6.1. Superior Diagnostic Accuracy Through AI-Based Segmentation 
 

The integration of deep learning algorithms such as ResNet50 and U-Net into renal scintigraphy has greatly improved the 

system's resolution. The system achieved an overall accuracy of 96.26%, with corresponding sensitivity and specificity of 

94.83% and 98.25%, respectively. In classification, the system performed best with ResNet50, while the U-Net accurately 

segmented the affected renal structure. 

 

6.2. Effective Early Detection of Renal Abnormalities 
 

Conventional imaging methods like US and CT scans have been proven inefficient in diagnosing early renal impairment. By 

contrast, Dynamic Renal Scintigraphy was a real-time functional imaging exam, while DMSA scintigraphy efficiently detected 

renal cortical damage and nephropathies during the early stage. The findings further validated the effectiveness of Renal Scan 

in enabling the early diagnosis of renal dysfunction. 

 

6.3. Accurate Functional Kidney Evaluation 

 

Renal function was estimated employing Split Renal Function (SF), Kidney Uptake Constant (K), and Kidney Efficiency Index 

(KEi). Based on these values, the kidneys were objectively graded into various levels of function, ranging from normal to very 

poor, to provide a basis for rationalised treatment decisions. 

 

6.4. High-Precision Segmentation of Renal Pathology 

 

The model performed exceptionally well on a multi-class classification task involving tumours, cysts, stones, and normal 

kidneys, with minimal class overlap. The classification of tumours was highly accurate, with 464 out of 471 cases correctly 

labelled. 

 

6.5. Predictive Capability for Disease Progression 

 

Effective disease progression prediction was demonstrated in the Renal Scan, particularly in patients with chronic kidney 

disease. The model predicted the long-term probability of diseases such as hypertension and kidney deterioration in a patient 

by integrating past and current images. Predictive logistic regression scores facilitated preventive measures in the early stages 

of the disease. 

 

6.6. Clinical Significance and Robustness 

 

Generalizability of the proposed model has also been improved through the use of the KiTS19 and Kaggle Kidney Disease 

datasets. Furthermore, to determine whether the proposed system yields stable results across different data splits, it has been 

validated using five-fold cross-validation. Renal scan overall helps improve outcomes by reducing dependence upon less 

sensitive methods. 

 

7. Conclusion 

 

The application of such techniques for predictive segmentation of kidney health in the diagnosis, as provided in Renal Scan, is 

likely to enhance early identification and management of atherosclerotic renal disease. The Renal Scan Solution uses U-Net 

and ResNet models, sophisticated image-processing architectures, to achieve precise renal structural segmentation and analysis. 

This makes it possible to note at the very beginning the disorders in internal organs, particularly the kidneys, which are most 
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associated with increased mortality in acute conditions, such as strokes or brain damage: nephropathy and kidney dysfunction. 

Thanks to automated image segmentation and organ feature extraction, diagnosis accuracy is improved, surpassing general 

methods, such as renal ultrasound, which may not be sensitive or specific in situations such as vesicoureteral reflux (VUR). 

Also, it enables dynamic renal scintigraphy, which, when used for functional investigation, provides fair and reliable estimates 

of renal cortical injury and differential kidney function, aiding better clinical decisions. Finally, Renal Scan is breathtaking in 

its continuous assessment and early diagnosis of kidney disease, thanks to its advanced machine-learning segmentation 

techniques, providing a highly flexible and convenient means, as shown in the result matrix.  

 

7.1. Future Scope 

 

7.1.1. Clinical Integration and Deployment 
 

Further development of the Renal Scan system should be fully incorporated into the Hospital Information System and EHRs 

for real-time diagnosis and clinical reporting. Cloud and mobile technologies can also be employed to enable remote diagnosis 

and telemedicine, enabling patients who are geographically scattered to access kidney health evaluations. Decision-support 

systems based on AI algorithms can also be offered to healthcare professionals to personalise patient treatment by analysing 

patient history and imaging data. 

 

7.1.2. Advanced AI Models and Predictive Monitoring 

 

Perhaps the methods for improving the enhancements using deep learning include those that apply the transformer architecture, 

those that apply CNN-attention models, or any other approach that appears superior. Some further improvement could also be 

achieved by employing self-supervised methods in the specific low-label-data setting. Patient monitoring over time using 

predictive reinforcement learning methods would enable on-demand detection of disease progression, with improvements 

informed by physician feedback. 

 

7.1.3. Multimodal Data Fusion and Clinical Validation 

 

Integration of imaging modalities, such as MRI, PET, and contrast-enhanced ultrasound, along with other clinical and 

laboratory variables, serum creatinine, and GFR, may provide comprehensive information on kidney status. Integration of 

genomics with patient-specific clinical information may improve treatment outcomes. In future research, major clinical trials 

and approvals from both the FDA and CE markings would ensure the safety and accuracy of the outcomes, which would also 

apply to clinical settings. 
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