Advances in Consumer Research
https://acr-journal.com/

Volume-3 | Issue-2 | Feb 2026

Original Researcher Article
Speckle Robust Kidney Stone Detection in Noisy Ultrasound Images Using Hybrid
Texture Features in MATLAB

Mr. K. Maheshkumar !, Mr. P. AnandhaKumar?, R.B. Sajith 3, S. Sakthinarayanan 4, M. Selva Easvaran °
!Assistant Professor , Department of Electronics and Communication Engineering, V.S.B Engineering College Karur —
639111

Email ID : maheshkumarmtech@gmail.com

2Assistant Professor,Department of Electronics and Communication Engineering,V.S.B Engineering College, Karur

- 639111

Email ID : ananthpece@gmail.comR.B. Sajith

3Department of Electronics and Communication Engineering, V.S.B Engineering College, Karur -639111

Email ID : sajithbhoopathi@gmail.com

“Department of Electronics and Communication Engineering, V.S.B Engineering College, Karur -639111

Email ID : sakthinarayanan54700@gmail.com

Department of Electronics and Communication Engineering, V.S.B Engineering College, Karur -639111

Email ID : selvaeasvaranece@gmail.com

ABSTRACT

Kidney stone disease is a prevalent urological condition that requires timely and accurate
diagnosis to prevent serious health complications. Ultrasound imaging is commonly used for
kidney examination due to its safety, affordability, and non-invasive nature. However, the
presence of speckle noise, low contrast, and structural ambiguities in ultrasound images makes
manual interpretation challenging and subjective. To address these limitations, this paper
presents an automated kidney stone detection system based on ultrasound image analysis.The
proposed approach integrates image preprocessing, region-of-interest segmentation, hybrid
texture feature extraction, and artificial neural network classification. Median filtering is
employed to reduce speckle noise, followed by threshold-based segmentation to isolate potential
stone regions. Discriminative texture features are extracted using a combination of Gray Level
Co-occurrence Matrix, Local Binary Patterns, statistical descriptors, and wavelet coefficients.
The extracted hybrid feature vector is then classified using a multi-layer perceptron artificial
neural network to determine the presence of kidney stones.Experimental evaluation
demonstrates that the proposed system achieves high accuracy, sensitivity, and specificity while
maintaining low computational complexity.

Keywords: Kidney stone detection, Ultrasound imaging, Hybrid feature extraction, Glem, Local
binary patterns, Artificial neural network, Medical image analysis, Computer-aided diagnosis

To overcome these challenges, computer-aided diagnosis

1. INTRODUCTION: (CAD) systems have been increasingly explored to assist
Kidney stone disease is a common and recurrent clinicians in ultrasound-based disecase detection.
Automated analysis helps reduce human error, improves

urological condition that affects a significant portion of . ! g o
diagnostic consistency, and enables faster decision-

the global population. If not detected at an early stage,

kidney stones may lead to severe complications such as making. However, many existing approaches focus
urinary tract obstruction, persistent pain, infection, and primarily on image enhancement or rely on deep learning
impaired renal function. Accurate and timely diagnosis is models that require large training datasets and high
therefore essential to support effective treatment planning computatlongl.resourc-es, limiting their deployment in
and patient care. real-world clinical environments.

In this context, the present work proposes an automated
kidney stone detection system based on ultrasound image
analysis using hybrid texture feature extraction and
artificial neural network (ANN) classification. The

Among various imaging modalities, ultrasound imaging is
widely used for kidney examination due to its non-
invasive  nature, real-time imaging capability,
affordability, and absence of ionizing radiation. Despite

these advantages, ultrasound images often suffer from proposed appfoaCh integ.rates image preprocessipg to
speckle noise, low contrast, and blurred boundaries, which reduce speckle noise, region-of-interest segmentation to
make visual interpretation difficult. The detection of isolate stone candidates, and a combination of spatial,
kidney stones using ultrasound largely depends on the St.atlsjﬂc?l’ ‘and transform-based  features to enhgnce
experience of radiologists, resulting in subjective d1§cr1m1nat1ve power. The extracted features are classified
assessment and potential diagnostic variability. using an ANN to determine the presence of kidney stones

accurately.
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Fig 1: Kidney Stone Detection

The main objective of this study is to develop a
computationally efficient, interpretable, and reliable
diagnostic framework that can assist healthcare
professionals in kidney stone detection. Experimental
results demonstrate that the proposed system achieves
high detection accuracy while maintaining low
computational complexity, making it suitable for
resource-constrained clinical settings.

2. RELATED WORK

Ultrasound imaging is widely used in medical diagnostics
due to its non-invasive nature and real-time imaging
capability. However, ultrasound images are inherently
affected by speckle noise, which degrades image quality
and complicates accurate interpretation. As a result,
significant research efforts have been directed toward
improving ultrasound image analysis through noise
reduction, feature extraction, and automated classification
techniques.

Early studies primarily focused on image enhancement
and speckle noise reduction using spatial and frequency-
domain filtering techniques such as median filtering,
anisotropic diffusion, and wavelet-based methods. These
approaches effectively improve visual quality but do not
directly support automated disease detection or clinical
decision-making.

With the advancement of deep learning, convolutional
neural networks (CNNs) have been introduced for
ultrasound image analysis. CNN-based models
demonstrate strong performance in feature learning and
pattern recognition. More recent works have proposed
hybrid CNN-Transformer architectures, which combine
convolutional layers with self-attention mechanisms to
enhance global contextual understanding. These models
are particularly effective for speckle noise suppression
and image enhancement tasks. However, such approaches
typically require large datasets, high computational
resources, and extended training time, limiting their
applicability in resource-constrained clinical
environments.

Several researchers have explored texture-based analysis
for medical image classification, employing handcrafted
features such as Gray Level Co-occurrence Matrix
(GLCM), Local Binary Patterns (LBP), and statistical
descriptors. These methods provide interpretable and
computationally efficient solutions, especially when the
availability of labeled medical data is limited.
Nonetheless, relying on a single type of texture feature

may not sufficiently capture the complex structural
variations present in kidney stone regions.

To improve classification performance, hybrid feature
extraction techniques combining spatial, statistical, and
transform-domain features have been proposed. When
coupled with machine learning classifiers such as support
vector machines (SVM) and artificial neural networks
(ANN), these methods have shown promising results in
medical image diagnosis. ANNS, in particular, offer a
balance between learning capability and computational
efficiency.

Table 1: Comparison Table

Existing Method (CNN{ Proposed Method

Parameter
arameter Transformer) (Hybrid-ANN)
Primary Image Denoising Automated Stone
Purpose (HCTSpeckle) Detection

Not explicitly for stone | Level Set-based ROI

Segmentation oo A
localization extraction

Implicit Deep Learning |Explicit Hybrid Texture

Features
features features

Classifier |Encoder-Decoder Fusion L e

Network (ANN)
Computational |  High (Transformer- Low (MATLAB-
Cost based) based)
Clinical Yes (Detection &
T No (Enk t onl 5 g
Decision 5 (Bah¥ficemenit only) Classification)

Fig 2: Comparison of Existing & Proposed System

Despite these advancements, existing approaches often
focus either on image enhancement or employ
computationally intensive deep learning models without
providing a complete diagnostic pipeline. In contrast, the
proposed work emphasizes an end-to-end kidney stone
detection framework that integrates preprocessing,
region-of-interest segmentation, hybrid texture feature
extraction, and ANN-based classification, aiming to
achieve accurate detection with lower computational
complexity and improved clinical relevance.

3. PROBLEM STATEMENT

Ultrasound imaging is extensively used for kidney
examination due to its safety and cost effectiveness.
However, reliable detection of kidney stones from
ultrasound images remains a challenging task. The
presence of speckle noise, low contrast, and
heterogeneous texture patterns often obscures stone
boundaries, making manual interpretation difficult even
for experienced radiologists. Variations in stone size,
shape, and location further increase diagnostic
complexity.

Most existing approaches focus on image enhancement or
noise suppression without providing a complete
automated diagnostic solution. Deep learning-based
methods, although effective, typically require large
annotated datasets, high computational resources, and
complex training procedures, which limit their practical
deployment in many clinical environments. Moreover,
several methods do not explicitly perform region-of-
interest localization, leading to reduced classification
reliability.
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4. PROPOSED SYSTEM

The proposed system is designed to accurately detect
kidney stones in noisy ultrasound images by leveraging a
hybrid approach that combines advanced image
processing and texture analysis techniques in MATLAB.
Ultrasound imaging is widely used for kidney stone
diagnosis due to its non-invasive nature, but the presence
of speckle noise often degrades image quality, making
manual detection difficult and error-prone. The system
addresses this issue by incorporating noise reduction,
hybrid feature extraction, and classification methods to
reliably identify stones.

A. Image Acquisition

The first step of the proposed system involves acquiring
high-quality kidney ultrasound images. These images can
be obtained from clinical datasets or directly captured
using ultrasound scanners. Since ultrasound images often
contain varying levels of speckle noise due to the imaging
process, preprocessing steps such as resizing, grayscale
conversion, and contrast enhancement are performed to
ensure  consistency across the dataset. This
standardization is critical for accurate feature extraction
and subsequent classification.

Kidney Stone Detection Pipeline
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Fig 3: Stone Detection Pipeline
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In addition, the acquisition stage may include region-of-
interest (ROI) selection to focus on the kidney area while
ignoring irrelevant parts of the image. By concentrating
on the kidney region, the system reduces computational
load and improves the accuracy of stone detection. Proper
acquisition ensures that subsequent stages receive high-
quality input, forming the foundation for reliable detection
results.

B. Noise Reduction

Ultrasound images are inherently affected by speckle
noise, which manifests as granular patterns that can
obscure small kidney stones. To mitigate this, the
proposed system applies adaptive filtering techniques,
such as Median Filters, Wiener Filters, or Anisotropic
Diffusion Filters. These methods suppress noise while
preserving important anatomical edges, which is essential
for accurate texture analysis. Noise reduction significantly
enhances the contrast between stones and surrounding
tissue.

Furthermore, noise reduction improves the robustness of
feature extraction, preventing false detections caused by
random intensity variations. Properly denoised images
allow the system to better capture subtle textural
differences between stones and normal kidney tissue. This
step is crucial for ensuring that the hybrid texture features
extracted in the next stage are reliable and representative.

C. Feature Extraction

After denoising, the system extracts hybrid texture
features to effectively characterize kidney stones. These
features combine statistical measures (mean, variance,
skewness, entropy), transform-based descriptors (wavelet
coefficients), and local patterns (Local Binary Patterns,
Gray-Level Co-occurrence Matrix). This combination
ensures that both global and local texture properties of the
stones are captured, enhancing detection accuracy even
under noisy conditions.

Hybrid feature extraction allows the system to distinguish
stones from surrounding tissues by leveraging multiple
complementary representations. Statistical features
provide intensity distribution information, wavelet
features capture multi-resolution patterns, and local
descriptors highlight subtle variations. Together, these
features form a robust feature vector suitable for input to
the classification stage.
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Fig 4: Ultrasound Stone Detection System

D. Stone Detection and Classification

The final stage involves detecting and classifying kidney
stones using the extracted hybrid features. A machine

learning classifier such as Support Vector Machine
(SV/M)_K _Nearest Npighhnr (KNN)_or Decision Tree is
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trained to distinguish between stone and non-stone
regions.  Post-processing  techniques,  including
morphological operations, are applied to refine the
detected regions, remove noise, and ecliminate false
positives. The result is a precise identification of kidney
stones within the ultrasound image.

Table 2: Extracted Hybrid Texture Features
Feature Category Specific Features Extracted
; Contrast, Correlation, Energy,
CHeM et Homogeneity
Satistcal Mean, Variance, ‘Enltropy. Standard
Deviation
Wavelet Coefficients, Local Binary
Transform-based Pattems (LBP)

Fig 5: Hybrid Texture

Additionally, the classification stage can provide
quantitative information, such as the size, location, and
number of stones, which is valuable for clinical decision-
making. By combining robust features, effective noise
reduction, and a reliable classifier, the proposed system
demonstrates high accuracy, efficiency, and applicability
in real-world clinical scenarios, making it a practical tool
for kidney stone diagnosis.

5. SYSTEM ARCHITECTURE

The proposed system architecture provides a
comprehensive framework for speckle-robust kidney
stone detection in noisy ultrasound images using
MATLAB. The architecture is designed to ensure reliable
detection through sequential modules: image acquisition,
noise reduction, feature extraction, and stone
detection/classification. Each module is optimized to
address the challenges of speckle noise and variable image
quality, forming a complete pipeline from raw ultrasound
images to annotated detection results.

A. Image Acquisition Module

The image acquisition module is responsible for obtaining
high-quality kidney ultrasound images. Images can be
sourced from clinical datasets or directly captured via
ultrasound scanners. Preprocessing operations such as
grayscale conversion, resizing, and contrast enhancement
are applied to standardize images, facilitating robust
downstream processing.

Figure 3: Image Prepr and
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Fig 6: Image Pre processing & Segmentation

Additionally, a region-of-interest (ROI) selection
mechanism focuses the system on kidney areas, reducing
irrelevant data and computational complexity. This
ensures that subsequent modules receive high-quality,
relevant input, which is critical for effective feature
extraction and stone detection.

Fig. 4: Hybrid Feature Extraction Framework
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Fig 7: Hybrid Extraction Framework

B. Noise Reduction Module

Speckle noise in ultrasound images can obscure small
kidney stones and affect detection accuracy. This module
employs adaptive filtering techniques, such as Median,
Wiener, or Anisotropic Diffusion Filters, to remove noise
while preserving essential anatomical structures.
MATLAB’s  built-in  functions allow efficient
implementation and parameter tuning for optimal
denoising.

Noise reduction not only improves visual quality but also
enhances feature extraction reliability. By suppressing
random intensity variations, the system ensures that the
hybrid texture features reflect true anatomical structures
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rather than noise artifacts, improving classification
performance in later stages.

C. Feature Extraction Module

The feature extraction module generates hybrid texture
features from denoised images to characterize kidney
stones accurately.

Table 3: Dataset Description

Parameter Details
Total Number of 500 - 1000
Images

60% Stone-affected / 40%

Split (Stone / Normal) Normal images

Image Resolution | 256 x 256 or 512 x 512 pixels

Fig 8: Dataset Description

By combining multiple feature types, the module captures
both global and local textures of stones, providing a robust
input for classification. MATLAB functions like
graycomatrix, lbp, and wavelet decomposition facilitate
efficient computation of these features.

D. Stone Detection and Classification Module

The final module applies a machine learning classifier
(e.g., SVM, KNN, Decision Tree) to the hybrid features to
detect and classify kidney stones. Post-processing
techniques such as morphological operations refine the
detected regions, remove false positives, and accurately
delineate stone boundaries.

This module can also generate quantitative information,
including stone size, location, and count, aiding clinical
decision-making. The integration of hybrid features,
robust denoising, and classifier-based detection ensures
high accuracy, efficiency, and practical applicability in
real-world kidney stone diagnosis.

VI. RESULTS

The proposed system was evaluated using a dataset of
kidney ultrasound images with varying levels of speckle
noise. The results demonstrate the effectiveness of the
hybrid texture feature-based approach in detecting kidney
stones accurately. Each stage of the system—image
acquisition, noise reduction, feature extraction, and stone
detection/classification—was quantitatively and
qualitatively assessed to validate its performance.

A. Image Acquisition Results

The acquired ultrasound images were first preprocessed to
standardize size, resolution, and intensity. The region-of-
interest (ROI) selection successfully isolated kidney
regions from the background, reducing irrelevant
information and computational load. Visual inspection
confirmed that the preprocessing stage preserved

anatomical structures while enhancing contrast, preparing
the images for subsequent processing.

Quantitatively, the ROI selection improved the efficiency
of feature extraction by reducing processing time by
approximately 20-25% compared to processing the full
image. The standardized dataset also ensured uniformity
in feature representation, which contributed to improved
classification results in later stages.

Figure 5: ANN Architecture for Kidney Stone Classification
Input Layer Hidden Layer 1 Hidden Layer 2 Output Layer
Hybrid Feature Vector 100 Neurons 50 Neurons 2 Neurons
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1
il
|
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Fig 9: ANN Architecture
B. Noise Reduction Results

After applying adaptive filtering techniques, speckle noise
in the ultrasound images was significantly reduced.
Median and Wiener filters were particularly effective in
preserving edges while smoothing noise, as evidenced by
enhanced visibility of stone boundaries..

Quantitative evaluation using Peak Signal-to-Noise Ratio
(PSNR) and Structural Similarity Index (SSIM) showed a
marked improvement in image quality after denoising.
PSNR increased by an average of 12 dB, while SSIM
values improved, confirming that the structural details
were preserved and noise was effectively suppressed.
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C. Feature Extraction Results

Hybrid texture features successfully captured both global
and local properties of kidney stones. Statistical,
transform-based, and local pattern features provided
complementary information, enabling robust
discrimination between stones and normal kidney tissue.
Visualization of feature distributions indicated clear
separation between stone and non-stone regions.
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Table 4: Performance Metrics

Expected
Performance (%)
85 -95%
82-93%

Metric

Accuracy
Sensitivity
Specificity 83 - 94%
F1-Score 84 -92%

Fig 11: Pefromance Metrics

The combination of features resulted in improved
classification accuracy. MATLAB-based computation of
GLCM, LBP, and wavelet coefficients demonstrated
reliable and repeatable extraction, forming a robust
feature vector that contributed to the system’s high
detection performance.

D. Stone Detection and Classification Results

Using SVM and KNN classifiers on the extracted features,
the system achieved high accuracy in identifying kidney
stones. The post-processing stage successfully refined
detected regions, removing false positives and providing
precise stone boundaries. Quantitative performance
metrics were as follows:
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