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ABSTRACT ____

BACKGROUND: Nephrolithiasis (stone in kidney) is the most frequently encountered problem in urology, which
affects around 10 percent of people during their lifetime. Non-contrast computed tomography (CT) is the gold standard
for diagnosis; however, its manual reading is very time-consuming, subjective and dependent on different readers.
The aim of this study was to design a fully automated machine learning pipeline for classifying CT images into two
classes, i.e., Normal and Stone. OBJECTIVE: For the development of an interpretable machine learning framework
that uses manually designed texture features to identify kidney stones in CT scan images and its diagnostic efficiency
on comparison with different classical classification techniques. METHODS: An openly accessible Kaggle data set
of 4,114 CT images (3,274 Normal and 840 Stone) was utilized. Synthetic Minority Oversampling Technique (SMOTE)
was used to balance the class ratio to 3.9:1. A 69-dimensional feature vector was created from 1st order features
(mean, variance, standard deviation, entropy, skewness, kurtosis), 2nd order features extracted from GLCM (contrast,
correlation, energy, homogeneity) and 59-bin LBP histogram. The five machine learning algorithms selected were
Decision Tree, Random Forest, Logistic Regression, Support Vector Machine, and K-Nearest Neighbor. The models
were developed and validated by performing stratified 5-fold cross-validation and then finally evaluating the model
on test set (n=823). RESULTS: Random Forest Classifier attained the highest performance, having obtained an
accuracy of 99.73%, and a precision, recall, and F1 score of 1.00. On the other hand, Decision Tree attained an
accuracy of 99.18%. Logistic Regression and Support Vector Machine did worse (78.72% and 80.34% respectively),
which suggests that the decision boundary is not linear. GLCM features alone had the highest single-family accuracy
(99.93% by Random Forest). CONCLUSION: The use of texture features crafted manually, the application of SMOTE
to tackle the problem of data imbalance, and classification using an ensemble approach enables near perfect detection
accuracy of kidney stones at a small fraction of the computational expense compared to deep learning algorithms.
Keywords: Kidney calculi; Tomography, X-ray computed; Machine learning; Image processing, computer-assisted;
Random forest.

Introduction ____

The condition of kidney stones, or nephrolithiasis, is complications such as obstruction of the urinary tract,
considered one of the most prevalent disorders of the hydronephrosis, infections, renal dysfunction, and
urinary tract with the global lifetime prevalence rate of recurrence of the disease in 50% cases within five years
1.7% to 14.8%.1 Untreated or inadequately treated from the first episode.1.2

nephrolithiasis often leads to the development of Non-contrast CT scan of the kidneys, ureters, and
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bladder (NCCT-KUB) is still considered the gold standard
technique in the diagnosis of urolithiasis due to its high
sensitivity and specificity and capability to identify small
stones below 3 mm that usually cannot be detected
using ultrasound.3 Nevertheless, visual analysis of
NCCT-KUB images is highly subjective and time-
consuming and prone to observer variability under the
conditions of heavy workload. Thus, there is a need for
the development of reliable CAD systems.

Deep learning models such as VGG 16, ResNet, and
InceptionV3 have been reported to exhibit good results
on medical image classification applications,45 yet they
require large labeled databases and powerful compu-
tational facilities which are not always available at the
low-resource clinical sites. On the other hand, hand-
crafted feature-based machine learning methods are
computationally inexpensive, straightforward and can
produce comparable results if the selected features
represent discriminative textural characteristics of
diseased tissue.

This research proposes a comprehensive approach to
automated kidney stones detection from CT images
based on three sets of handcrafted features - first order
statistics features, second order GLCM features, and
LBP histograms, together with handling the problem of
imbalanced classes using SMOTE.

Lit [ R .
Earlier methodologies to detect kidney stones were
based on classical image processing techniques.
Akkasaligar et al.6 used level set segmentation for CT
images, while Viswanath and Gunasundari” used Gabor
filtering and histogram equalization, followed by level
set segmentation and a Multi-layer Perceptron classifier
and achieved 98.8% accuracy on ultrasound images.
Akshaya et al.8 used a back propagation network with
principal component analysis and fuzzy c-means clus-
tering.

However, with the advent of deep learning, Baygin et
al.9 have come up with the ExDark19 framework by
employing DarkNet-19 along with INCA feature selection
and a KNN classifier. Islam et al.4 evaluated six deep
learning architectures for kidney stones from 12,446
CT kidney images and found that Swin Transformer
resulted in an accuracy of 99.30%. Huang et al.3 deve-
loped a two subsystem architecture where Inception
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Resnet V2 was used for classification and a ResNet
based U-Net for segmentation.

Class imbalance correction was also investigated.
Fattima and Suprapto!? evaluated SMOTE, data
augmentation, and random oversampling techniques
in combination with DenseNet-121, whereas Alghamdi
and Amoudi2 integrated SMOTE technique with
Random Forest for non-invasive stone detection from
lab data with 99% accuracy. Also, handcrafted feature-
based methods have produced impressive results;
Ghaderzadeh et al.13 reached more than 99% accuracy
with Adaptive LBP in conjunction with ensemble
classifiers, whereas Siddiqui et al.14 proved that GLCM
and entropy features could be successfully used for
stone classification with 97% accuracy. Finally, Cui et
al.1s achieved 96.3% accuracy for stone composition
classification using Raman spectroscopy with PCA,
KNN, and SVM.

Despite the rich research background, there is no
literature review where researchers use first order,
GLCM, and LBP features in one study along with class
imbalance correction techniques.

Methods ____

Study Design and Dataset

The retrospective observational study employed a public
dataset of de-identified CT kidney images made available
via Kaggle. The original source is Ramoliya Fenil of
Nirma University, Ahmedabad, India (2024). Two cate-
gories of datasets were used: Normal (normal kidneys,
n = 3,274) and Stone (kidney with stones, n = 840),
making a total of 4,114 grayscale CT images (JPEG
format) (Tab.1). There was no collection of any primary
patient information in this study; only publically available,
fully de-identified images were used.

Image Preprocessing

Each image was subjected to the following pre-
processing steps: (i) normalization of pixel intensities
to range [0, 1]; (ii) contrast limited adaptive histogram
equalization (CLAHE) to improve structural visibility;
(iii) conversion to grayscale; and (iv) uniform resizing
to 128 x 128 pixels.

Class Imbalance Correction
In the case of our data, there was an imbalance of 3.9:1
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between normal and stone classes. In order not to have
a biased classifier trained on the majority class data,
SMOTE16 technique was used only on the training
feature vectors after splitting the data into training and
testing sets.

Feature Extraction

A total of 69 dimensional feature vector for each image
was obtained, including three sets of features:

e First order statistical features (6 features): mean,
variance, standard deviation, entropy, skewness and
kurtosis of the pixel intensity distribution.

» Second order GLCM features (4 features): contrast,
correlation, energy and homogeneity at four different
angles (0°, 45°, 90° and 135°).

e Local Binary Pattern features (59 features): an 8
neighbors’ radius 1 uniform Local Binary Pattern repre-
sentation (LBP), represented by 59 bin histogram.
Feature set ablation studies were also conducted where
the individual contribution of each of the feature families
was investigated.

Classification Models

The five algorithms used for classification were:

* Decision Tree: using recursive partitioning using Gini
impurity measure.

* Random Forest: having an ensemble of 100 decision
trees that use majority voting.

* Logistic Regression: using regularised linear model
using L2 regularization.

* Support Vector Machine (SVM): using RBF kernel, C
= 1.0, gamma = scale.

* K-Nearest Neighbors (KNN): K = 5, Euclidean distance.

Statistical Analysis

The data was divided in an 80-20 proportion to form a
training (n=3,291) and a test (n=823) sets via stratified
random sampling. The application of SMOTE on the
training set resulted in a balanced training dataset with
roughly 5,238 instances. Cross-validation through
stratified 5-folds was used in the selection of the model
and robustness testing. Accuracy, precision, recall, and
F1 score were measured using standard formulae of
binary classification for Stone as the positive class. The
experiment was conducted using Python 3.10 with
scikit-learn 1.3, scikit-image, imbalanced-learn, and
OpenCV.
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Ethical Considerations

The current study involved only secondary de-identified
images and no primary data was collected by the authors
from either human or animal subjects. ERC clearance
document to the effect that no formal approval was
necessary for the use of this publicly available data set
has been obtained and provided along with this
submission.

B-e_s_u'l't's__

For the feature set combining both sets, when using
SMOTE, the best performance was obtained by Random
Forest model which gave an accuracy of 99.73% along
with precision, recall and F1-score all equal to 1.00
(Tab.2). The Decision Tree performed second with an
accuracy of 99.18%. In contrast, the accuracy of the two
linear models - Logistic Regression and SVM - was
relatively low (78.72% and 80.34%, respectively).

Class Number of images Percentage
Normal 3,274 79.6%
Stone 840 204%
Total 4114 100%

Table 1: Dataset class distribution

Model Accz;:’)acy Precision Recall F1-Score
KNN 8743 0.90 0.87 0.87
Logistic Regression|  78.72 0.79 0.79 0.79
SVM 80.34 0.81 0.80 0.80
Decision Tree 99.18 0.98 0.98 0.98
Random Forest 99.73 1.00 1.00 1.00

Table 2: Classification performance - Combined features with
SMOTE (Test Set)

The ablation study done using each of the feature sets
individually revealed that first-order statistics gave an
excellent result using the Random Forest classifier
(99.66% accuracy; see (Tab.3), whereas the GLCM
feature set provided the best result among all the
individual feature sets (99.93% accuracy using Random
Forest; see (Tab.4). The use of LBP feature set on its
own gave relatively low accuracy (98.04% using Random
Forest; see (Tab.5).
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Figure 1: Representative normal and stone CT images from the dataset

Model Accz:zr)acy Precision Recall F1-Score DLS_C_U_S_S_LQD__
KNN 98.92 0.99 0.9 0.99 These results prove that a combination of handcrafted
Logistic Regression|  68.99 0.69 0.69 0.69 texture features along with proper class imbalance
SVM 71.15 071 0.71 0.71 mitigation technique yields nearly perfect kidney stones
Decision Tree 99.32 0.99 0.99 0.99 detection. The superiority of tree-based ensemble
Random Forest 99.66 100 100 100 algorithms (Random Forest, Decision Tree) to linear

classification techniques (Logistic Regression, SVM)

Table 3: Classification performance - First-order features only on all combinations of features shows that the decision

(Test Set) ) ’
boundary between Stone and Normal class is non-linear,
which has practical meaning for choosing models in

Accuracy -
Model (%) Precision Recall F1-Score this field.
KNN 99.80 1.00 1.00 1.00 It should be stressed that the application of SMOTE is
Logistic Regression| ~ 65.41 066 065 065 extremely important because without applying class
SUM 65.41 0,66 065 065 balance technique a trivial algorithm which would
i i (¢}
Decision Tree 9960 0% 099 100 f:lassﬁy all cases gs Normal' will reach 79.6% accurgcy
just due to the difference in classes number, which
Random Forest 99.93 1.00 1.00 1.00 L .
could lead to a wrong clinical conclusion. The Stone

Table 4: Classification performance - GLCM features only (Test class recall (which is more important metric than

Set) accuracy because missing kidney stone is more
dangerous than false positive) is maximized by using
Model Accuracy Precision Recall F1-Score
(%) SMOTE.

KNN 76.62 0.84 076 075 Feature ablation demonstrated a clear hierarchy of
Logistic Regression|  70.14 070 070 070 informativeness with .GL'CM pemg the stronge'st single
Yy 926 070 069 089 group of fgatures. Th|§ is logical from the cllnlcaI. pfar-
spective since the spatial co-occurrence characteristics

Decision Tree 90.88 0.90 0.90 0.91 . - .
of calcified renal calculi differ significantly from those
Random Forest 9804 098 098 098 of healthy parenchyma by providing high contrast and
Table 5: Classification performance - LBP features only (Test Set) low homogeneity. Statistics of first order demonstrated
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First-Order features: Mean: 22.51, Variance: 2027.75, Entropy: 2042.47, Std Dev: 45.03, Skewness: 2.27,
Kurtosis: 8.40
GLCM Features: Contrast: 0.39, Correlation: 818.41, Energy: 0.66, Homogeneity: 2041.96

First-Order features: Mean: 19.09, Variance: 1825.42, Entropy: 1736.47, Std Dev: 42.72, Skewness: 2.68,
Kurtosis: 10.80
GLCM Features: Contrast: 0.45, Correlation: 932.01, Energy: 0.70, Homogeneity: 1842.66

Figure 2: lllustrates extracted first-order and GLCM feature values
overlaid on two representative Stone-class CT images,
demonstrating the quantitative basis for classification

good results as well, while LBP histogram, being the
least informative separately, still provided a useful
contribution to 69 dimensions fusion.

As compared with the deep learning solutions described
in the literature, the handcrafted feature approach
proposed provides three main advantages: first of all,
it has significantly lower computational complexity,
making it possible to run on the common CPU; second,
complete interpretability of both feature extraction and
decision-making procedures; third, its ability to work
under conditions when big annotated dataset is not
available.

However, this paper suffers from some limitations. Firstly,
this study uses only one single open-access database
that has been acquired from one institute and the
validation for the same is not done from other centers
using various scanners. Secondly, no clinical metadata
such as stone size, localization, and composition was
considered in the database, which could limit the
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generalizability of the model. Further research could
include exploring a hybrid approach using both hand-
crafted descriptors and convolutional neural network
features, three-dimensional volumetric segmentation,
explainable Al algorithms (e.g., SHAP, Grad-CAM), etc.

Conclusion ____

A 69-dimensional hand-crafted feature vector incor-
porating first-order statistics, GLCM features, and LBP
histograms along with class imbalance correction using
SMOTE and a Random Forest model has yielded an
accuracy of 99.73% with perfect precision, recall, and
F1 scores for the classification problem of kidney stones
on CT scans. This model serves as an efficient and
understandable substitute for deep learning-based
methods to computer-assisted kidney stone iden-
tification.
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