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Abstract
Renal cancer is amid the several reasons of increasing mortality rates globally, which can be reduced by early detection 
and diagnosis. The classification of lesions is based mostly on their characteristics, which include varied shape and texture 
properties. Computed tomography (CT) imaging is a regularly used imaging modality for study of the renal soft tissues. 
Furthermore, a radiologist’s ability to assess a corpus of CT images is limited, which can lead to misdiagnosis of kidney 
lesions, which might lead to cancer progression or unnecessary chemotherapy. To address these challenges, this study presents 
a machine learning technique based on a novel feature vector for the automated classification of renal lesions using a multi-
model texture-based feature extraction. The proposed feature vector could serve as an integral component in improving the 
accuracy of a computer aided diagnosis (CAD) system for identifying the texture of renal lesion and can assist physicians in 
order to provide more precise lesion interpretation. In this work, the authors employed different texture models for the analy-
sis of CT scans, in order to classify benign and malignant kidney lesions. Texture analysis is performed using features such 
as first-order statistics (FoS), spatial gray level co-occurrence matrix (SGLCM), Fourier power spectrum (FPS), statistical 
feature matrix (SFM), Law’s texture energy measures (TEM), gray level difference statistics (GLDS), fractal, and neighbor-
hood gray tone difference matrix (NGTDM). Multiple texture models were utilized to quantify the renal texture patterns, 
which used image texture analysis on a selected region of interest (ROI) from the renal lesions. In addition, dimensionality 
reduction is employed to discover the most discriminative features for categorization of benign and malignant lesions, and 
a unique feature vector based on correlation-based feature selection, information gain, and gain ratio is proposed. Different 
machine learning–based classifiers were employed to test the performance of the proposed features, out of which the random 
forest (RF) model outperforms all other techniques to distinguish benign from malignant tumors in terms of distinct perfor-
mance evaluation metrics. The final feature set is evaluated using various machine learning classifiers, with the RF model 
achieving the highest performance. The proposed system is validated on a dataset of 50 subjects, achieving a classification 
accuracy of 95.8%, outperforming other conventional models.

Keywords  Renal cancer · Analysis of texture · Lesion classification · Texture analysis · CT images · Machine learning · 
Feature selection

Introduction

Kidney or renal cancer is amid the most common forms 
of cancers, and as per the report published by the Ameri-
can Cancer Society (ACS), new kidney cancer cases and 
deaths are expected to reach 81,610 and 14,390 respectively, 
in 2024 [1]. The appropriate treatment of kidney cancer 
depends on early diagnosis [2, 3], and distinct types of imag-
ing modalities such as ultrasound (US), computed tomogra-
phy (CT), magnetic resonance imaging (MRI), and positron 
emission tomography (PET) are commonly utilized for non-
invasive diagnostic imaging procedures [4–6]. Among all 
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imaging techniques, CT imaging generates high-resolution 
images and is considered a standard imaging modality for 
the classification of renal lesions as compared to other medi-
cal imaging modalities [7–14]. The categorization of renal 
lesions using CT images is more challenging due to more 
complexity and ambiguity, as well as the fact that the pixel 
values in medical images are somewhat equivalent. Further, 
the conventional manual analysis of voluminous medical 
data for the classification of renal lesions is tedious, labori-
ous, and time-consuming due to the similarity in medical 
images. Moreover, traditional techniques of detecting kidney 
abnormalities using manual analysis are susceptible to inter 
or intrasubject variabilities. Thus, there is need to develop 
a computer aided diagnosis (CAD) system for classification 
of renal lesions using CT images, which can serve as a sec-
ond opinion for doctors for performing lesion classification. 
Moreover, the computerized texture analysis of CT images is 
significant because it reveals important features that would 
otherwise be arduous to identify through visual inspection 
of CT scans. As it is clearly visible from Fig. 1, how the 
texture patterns for benign and malignant lesion varies, and 
this information about image texture could play a significant 
role in performing classification of renal lesions.

Over the last few decades, different machine learning 
and deep learning techniques have been employed for per-
forming medical disease diagnosis, such as brain tumor 
segmentation, skin disease detection, Parkinson’s disease 
detection, and many other disorders [15–17]. Thus, there is 
a wider scope to improve the diagnosis results for different 
medical issues by deploying computerized systems based 
on machine learning and deep learning. In case of renal 
lesion classification, the ability of the radiologist to perceive 
changes in image textural features and link them to patho-
logical outcomes is often used as a visual criterion for rec-
ognizing kidney lesions. Despite widespread disagreement 
among trained radiologists on the interpretation of renal 
lesions using CT visual analysis, particularly in borderline 
scenarios, the reported diagnosis accuracy is around 79% 
for classification of renal lesions using CT visual analysis 
[18]. Due to the restricted accuracy of visual inspection, an 

impartial technique for lesion detection that relies on meas-
urable texture analysis is necessary. As a result, computer-
assisted medical image categorization is desirable in order 
to perform reliable image interpretation and aid doctors in 
disease diagnosis. As a result, there is a higher demand for 
accurate CAD systems that can simplify and speed up CT 
image interpretation. These technologies can be extremely 
helpful in diagnosing and treating patients. According to 
the literature, limited research work has been reported that 
explores the varied texturing models’ capabilities for select-
ing best feature vector for renal lesion classification. In order 
to determine the accuracy and reliability of renal lesion clas-
sification, an effort has been made in this research work to 
suggest a classification approach employing a new feature 
vector by utilizing different feature selection techniques that 
include correlation-based feature selection (CFS), informa-
tion gain, and gain ratio strategy. First, a fixed-size ROI is 
chosen in order to extract features utilizing texture models 
that have been explored in this study. Then, using the con-
sidered feature selection techniques, an ideal feature vec-
tor with different texture features is selected. As a result, 
the proposed feature was vectorized and fed into a different 
machine learning classifier to discriminate among cancer-
ous and non-cancerous cases. Moreover, a crucial aspect of 
classification is choosing the best features. To that end, this 
research lays out a strategy for renal lesion categorization 
based on a novel set of hybrid features extracted from sepa-
rate texture models.

The core research problem addressed in this study is the 
lack of an accurate and automated method for distinguish-
ing benign and malignant renal lesions in CT scan images. 
Existing approaches often rely on limited features extracted 
from very few texture models, which can hinder clinical 
adoption. This study aims to solve this issue by proposing 
a hybrid feature-based technique that combines multiple 
texture analysis models and optimized feature selection 
strategies to enhance classification performance and sup-
port clinical decision-making. This study introduces a novel 
hybrid feature vector, optimized via advanced feature selec-
tion techniques, for improved classification of kidney lesions 

Fig. 1   Illustration of sample renal lesion images where a, b characterize the texture patterns of benign lesion whereas c, d represent the texture 
patterns of a malignant lesion
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from CT images. The proposed feature vector could serve 
as an integral component in improving the accuracy of the 
computer-aided diagnosis (CAD) system for identifying the 
texture of renal lesions and can assist physicians to provide 
more precise lesion interpretation.

The rest of the article is structured as follows: the exist-
ing work reported in the same field has been mentioned in 
“Related Work”. “Methodology” specifies the details related 
to the proposed methodologies and approaches that were 
used to conduct this research. “Experimental Results and 
Discussion” presents and discusses the outcome of the inves-
tigation as well as examination of the envisaged categoriza-
tion technique in terms of distinct performance evaluation 
metrics. Lastly, “Clinical Relevance and Practical Applica-
tion” concludes the outcomes of the conducted study.

Related Work

Different researchers have been working for recognition 
and identification of renal lesions in the previous decade, 
and they may be separated based on the retrieved charac-
teristics and classifier utilized for categorization. Linguraru 
et al. [19] created a computerized diagnostic tool for kidney 
tumor categorization using support vector machine (SVM). 
They utilized histogram-based curvature features with inten-
sity and enhancement descriptors to characterize hereditary 
renal lesions. Kidney lesions from CT images of 43 persons 
were used to test the tool’s performance. Raman et al. [20] 
recently published a pilot study that used random forests to 
classify renal masses using computed tomography texture 
analysis (CTTA). In order to identify the renal cancer, CTTA 
assessed texture features which include entropy, mean gray-
level intensity, the standard deviation, and skewness and 
kurtosis and further used a random forest (RF) model for 
lesion categorization. The study had one flaw: it only looked 
at four types of common renal masses. Other lesions, such 
as poor lipid angiomyolipoma, hyperdense cysts, and chro-
mophobe RCCs, would almost certainly be justified in a big-
ger validation study. Furthermore, only four texture features 
were examined in this work, and the classification skills of 
multiple texture models were not examined. Liu et al. [21] 
suggested a computerized technique for detecting renal prob-
lems. Recently, QH et al. [22] proposed an ensemble classi-
fier for the categorization of cystic renal lesions by employ-
ing radiomics features and reported an accuracy equivalent 
to 90.5%. However, the study was limited as they considered 
only first-order statistics, shape features, and second-order 
features. Further, Xu et al. [23] proposed a framework based 
on machine learning for the classification of renal lesions 
where they utilized both clinical and radiomic features. The 
investigation demonstrated that the use of machine learning 
models with CT scans and clinical data shows potential for 

accurately categorizing the likelihood of kidney cancer. Mis-
kin et al. [24] also used machine learning methods based on 
CT scan textures to distinguish between benign and malig-
nant cystic kidney tumors. The authors compared the perfor-
mance or RF, logistic regression, and SVM, and out of the 
considered three classifiers, RF outperformed with reported 
specificity equivalent to 0.87. Han JH et al. [25] present a 
fully automated deep learning system using 3D U-Net and 
random forest classifiers for segmentation and classification 
of renal tumors on CT scans. Trained on 561 CT scans, it 
achieved a Dice coefficient of 0.83 for tumors >4 cm and 
0.65 for those <4 cm. Classification accuracy reached 0.77 
for RCC subtypes and 0.85 for benign vs. malignant tumors. 
According to the literature, limited research work has been 
reported that explores the varied texturing models’ capabili-
ties for selecting the best feature vector for renal lesion clas-
sification. In order to determine the accuracy and reliability 
of the renal lesion classification, an effort has been made 
in this research work to suggest a classification approach 
employing a new feature vector by utilizing some different 
feature selection techniques that include correlation-based 
feature selection (CFS), information gain, and gain ratio 
strategy. This study introduces a novel hybrid framework 
that integrates statistical texture analysis with random forest-
based classification, optimized via advanced feature selec-
tion techniques, for improved classification of kidney lesions 
from CT images.

Methodology

Proposed Technique

The simulation model developed in this study integrates 
feature extraction, selection, and classification in a modular 
and automated workflow. The fundamental objective of this 
work is to suggest a set of hybrid features for performing 
computer-assisted diagnosis of kidney lesions using hidden 
texture information. Features derived from several texture 
models have been merged together to improve classification 
accuracy. It processes CT images by extracting texture fea-
tures using multiple models (e.g., first-order statistics (FoS), 
spatial gray level co-occurrence matrix (SGLCM), gray level 
difference statistics (GLDS), Fractal), reduces dimensional-
ity using three selection techniques (CFS, Information gain 
(IG), gain ratio (GR)), and evaluates classification perfor-
mance using various machine learning algorithms.

Because subjective visual assessment is tedious and it 
takes a lot of time, the primitive aim of this study paper 
is as follows: (i) categorize renal lesions based on the cat-
egorization on features related to texture, (ii) evaluate the 
capability of several textural models in representing renal 
tissue, (iii) use the feature selection strategy for improving 
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the classifier’s performance, and (iv) use numerous feature 
selection and classification techniques, for evaluating the 
performance of a proposed hybrid set of features. Fig. 2 
displays the main stages of the proposed classification 
approach, which comprise operations such as segmentation 
of the region of interest, extraction of texture features, selec-
tion of dominating features, and classification, which are 
detailed in the following sub-sections.

The underlying physical basis for utilizing texture analy-
sis in renal lesion classification stems from the heterogeneity 
in tissue composition between benign and malignant lesions. 
Malignant renal tumors often exhibit irregular vasculariza-
tion, necrosis, and cellular density variations, which manifest 
as complex and coarse textures in CT images. In contrast, 
benign lesions typically present with more homogeneous 

and smooth intensity patterns. Texture features such as con-
trast, entropy, and fractal dimensions quantitatively capture 
these variations in pixel intensity and spatial distribution, 
reflecting the physical differences in tissue microstructure. 
Therefore, the application of texture models provides a 
measurable, image-based biomarker that correlates with 
clinically relevant morphological characteristics, enabling 
more accurate lesion categorization.

ROI Extraction

To avoid any distortions, a region of interest of is manu-
ally picked from the lesion in the image’s center. The small 
region of interest (ROI) size was chosen to take into account 

Fig. 2   Illustration of the proposed classification system’s phases
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small lesions, and it includes adequate space to capture 
diverse features from different texture models.

Feature Extraction

The image’s texture elements aid in identifying essential 
details about the image’s content. The gray level intensities 
of renal tissues differ between renal lesions that are benign 
and malignant. Texture analysis has been widely employed 
for the purpose of obtaining information regarding the tex-
ture of various medical images for classification [26, 27]. 
Because image texture offers data related to the spatial distri-
bution of the values of the pixels as well as brightness level 
variations, these texture models can present picture content 
in a variety of ways, making it beneficial for diagnosing 
renal lesions. To extract information from a specific area of 
interest, in the course of this research, eight distinct varie-
ties of well-known texture models were utilized that namely 
SGLCM [28], GLDS [29], FoS [30], Law’s texture energy 
measures (TEM) [31], Fourier power spectrum (FPS) [32], 
statistical feature matrix (SFM) [33], fractal features [34], 
and neighborhood gray tone difference matrix (NGTDM) 

[34]. Overall, 44 features were recorded, all of which were 
normalized before performing classification. Distinct models 
for texture analysis along with corresponding features are 
listed in Table 1.

SGLCM  SGLCM features are the commonly employed fea-
tures for quantifying image textures. In matrix generated 
by SGLCM, the number of quantized gray levels, Ng, is 
equivalent to columns and rows in an image. To determine 
the frequency with which two gray levels exist in a clear 
correlation, co-occurrence matrices are utilized. This spatial 
association is a measured using the distance (D) and angular 
relationship θ among the nearby pixel values [28, 29]. Con-
sider Ng signifies the quantity of quantized grayscale levels, 
and for a fixed value of D and θ, the size of the GLCM 
matrix is Ng × Ng and is defined as:

P(x, y, D, θ) = Count of pixels placed at pixel distance D 
and direction θ, such that the gray value of first pixel in the 
pixel set is x and that of second pixel is y. The most com-
mon choices for θ are 0°, 45°, 90°, and 135°, and their cor-
responding equations are mentioned as Eqs. 1 to 4 respec-
tively. Thus,

(1)P
(
x, y,D, 0

◦
)
= #{((p, q), (r, s))ε I such that p − r = 0, |q − s | = D, I(p, q) = x, l (r, s) = y}

(2)P
(
x, y,D, 45

◦
)
= #{((p, q), (r, s))ε I such that p − r = D, q − s = −D, I (p, q) = x, l (r, s) = y}

(3)P
(
x, y,D, 90

◦
)
= #{((p, q), (r, s))ε I such that |p − r| = D, q − s = 0, I (p, q) = x, l (r, s) = y}

(4)P
(
x, y,D, 135

◦
)
= #{((p, q), (r, s)) ε I such that p − r = D, q − s = D, I (p, q) = x, l (r, s) = y}

Table 1   Shows various texture models and their obtained features

Model of Texture Feature names that were extracted

SGLCM (F1–13) Second angular moment, inverse difference moment, correlation, contrast, entropy, squared sums, the sum of the 
averages, the sum of the variances, and the sum of the difference variance, difference entropy, and sum entropy 
correlation information measure 1, correlation information measure 2

GLDS (F14–18) Mean, energy, homogeneity, entropy, contrast
FoS (F19–23) Mean, median, variance, skewness, kurtosis
Law’s TEM (F24–29) LL, LS, EE, ES, LE, SS
FPS (F30–31) Angular sum, radial sum
SFM (F32–35) Coarseness, periodicity, contrast, roughness
Fractal (F36–39) Hurst coefficient at different resolutions (H1, H2, H3, H4)
NGTDM (F40–44) Coarseness, contrast, busyness, complexity, and strength are some of the characteristics that can be found in a design
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Here, # signifies how many components are in the set. 
Using a single co-occurrence matrix with a selected distance 
D = 1, the present research uses a set of 13 characteristics. 
For directions θ = 0°, 45°, 90°, and 135°, four different val-
ues are computed for every attribute, and the mean value is 
used for more detailed analysis. The symbolizations utilized 
to estimate these attributes are mentioned as below:

Symbols Explanation

P(x,y) The likelihood that x and y gray 
levels combination occur in 
sequence

p(x,y) (x,y)th record in a normalized 
matrix

= P(x,y)
R

 where R is normalizing 
constant

Pu(x) = 
∑Ng

x=1
P(x, y) , attained by adding 

the rows of p(x,y)
Ng Number of different grayscales 

that are present in the quantized 
image

pv(x) = 
∑Ng

y=1
p(x, y) , obtained by adding 

the columns of p(x,y)
𝑝(𝑢 + 𝑣)(𝑘) = 

∑Ng

x=1

∑Ng

y=1
p(x, y) , x + y = k, k = 

2, 3…, 2Ng
𝑝(𝑢 − 𝑣)(𝑘) = 

∑Ng

x=1

∑Ng

y=1
p(x, y) , |x − y| = k, k 

= 0, 1, 2, 3…….., Ng − 1

Here, 𝜇𝑢, 𝜇𝑣, 𝜎𝑢, and 𝜎𝑣 represent the means and standard 
deviations of 𝑝𝑢 and 𝑝𝑣.

The mathematical details of the calculated Haralick fea-
tures are as follows [28]:

(a)	 Angular second moment: Texture homogeneity is meas-
ured by it. It is calculated by adding up all the squared 
values of SGLCM, as given in Eq. 5:

Due to the small number of gray levels in a homogene-
ous image, SGLCM has larger values of P(x, y), resulting in 
large ASM values.

(b)	 Contrast: Over the whole image, it quantifies the inten-
sity contrast differences between a certain pixel and its 
neighbors, calculated using Eq. 6:

(5)ASM =

Ng∑
x=1

Ng∑
y=1

[
p(x, y)

]2

(6)Contrast =

Ng−1�
n=0

n2
⎛⎜⎜⎝

Ng�
x=1

Ng�
y=1

p(x, y) ⋅ δ(�x − y� − n)

⎞⎟⎟⎠

The objects in the image are clearly separated by high 
contrast levels.

(c)	 Correlation: It measures the correlation of a pixel with 
its neighboring pixels in the entire image, and com-
puted using Eq. 7:

(d)	 Inverse difference moment: This indicates that the ele-
ments’ distributions in the GLCM matrix are fairly 
close to the major diagonal, as determined by Eq. 8. 
If the high values of the matrix are close to the major 
diagonal, then this property becomes quite valuable. 
Image homogeneity is indicated by an elevated value:

(e)	 Variance: It calculates the deviation of pixel values 
from the average value of SGLCM, computed using 
Eq. 9:

(f)	 Sum average: The brightness of the image is measured 
using this feature, and its values are high for an image 
with high brightness. It can be calculated using Eq. 10:

(g)	 Entropy: This is used to measure the degree of ran-
domness in a given image, as mentioned in Eq. 11. Its 
value is high for a homogenous image and low for the 
heterogeneous image:

(h)	 Sum entropy: The utilization of this feature helps to 
measure the entropy of vector Pu + v, and it has low 
value as compared to entropy, estimated using Eq. 12:

(7)Correlation =

∑Ng

x=1

∑Ng

y=1

�
x − μx

��
y − μy

�
p(x, y)

σxσy

(8)Inverse Difference Moment =

Ng∑
x=1

Ng∑
y=1

p(x, y)

1 + (x − y)2

(9)Variance =

Ng∑
x=1

(x − μ)2 px(x)

(10)Sum Average =

2Ng∑
x=2

x pu+v(x)

(11)Entropy = −

Ng∑
x=1

Ng∑
y=1

p(x, y) log p(x, y)
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(i)	 Sum variance: This has a low value for a highly con-
trasted image since it measures the dispersion of the 
Px + y elements concerning the sum entropy. This can 
be calculated using expression given in Eq. 13:

(j)	 Difference entropy: This feature measures entropy vec-
tor Pu − v whose weight rises as one move away from the 
diagonal. Its value is computed using Eq. 14:

(k)	 Difference variance: This is used to identify the devia-
tion of vector elements of Px − y from difference entropy 
by utilizing Eq. 15:

(l)    Information measure of correlation (IMC) 1: The value 
of this feature is low for a homogenous image, and its values 
are computed using expression mentioned in Eq. 16:

Here, HX and HY represent entropies of px and py:

	(xiii)	 IMC 2: The information measure for correlation 2 
declines for images with higher energy levels, cal-
culated using Eq. 17:

(12)Sum Entropy = −

2Ng∑
x=2

pu+v(x) log pu+v(x)

(13)Sum Variance =

2Ng∑
x=2

(x − Sum Entropy)2 pu+v(x)

(14)Difference Entropy = −

Ng−1∑
x=0

p|u−v|(x) log p|u−v|(x)

(15)

Difference Variance =

Ng−1∑
x=0

(x − Difference Entropy)2 p|u−v|(x)

(16)IMC1 =
HXY − HXY1

max
(
HX ,HY

)

HXY = −

Ng∑
x=1

Ng∑
y=1

p(x, y) log (p(x, y))

HXY1 = −

Ng∑
x=1

Ng∑
y=1

p(x, y) log
�
pu(x)pv(y)

�

HXY2 = −

Ng∑
x=1

Ng∑
y=1

pu(x)pv(y) log
�
pu(x)pv(y).

�

(17)IMC2 =

√
1 − exp

[
−2

(
HXY2 − HXY

)]

GLDS  The GLDS are estimated using the absolute differ-
ences among the pairs of gray to extract the five different 
texture measures, which include homogeneity, contrast, 
mean, energy, and entropy [29, 30]. Consider that image 
pixel values are random variables that can take discrete val-
ues i = 0, 1,…. 𝑁g − 1, where 𝑁g is the number of gray 
levels. Let the pairs of gray levels be separated by a distance 
ẟ = (∆x, ∆y). For a given displacement ẟ = (∆x, ∆y), the 
difference image 𝑓ẟ(𝑥, 𝑦) is defined using Eq. 18:

A gray level histogram is represented by the symbol 
𝑝ẟ, which stands for the probability density of (𝑥, 𝑦) for m 
gray levels. A number of different texture features that were 
retrieved from 𝑝ẟ are

(a)	 Homogeneity: This denotes the similarity in gray level 
intensities, calculated using Eq. 19:

(b)	 Contrast: The value of this feature is estimated using 
Eq. 20, as it identifies gray level intensity difference 
among neighboring pixels:

(c)	 Mean: It is a measure of the mean intensity of grayscale 
levels in a specific region of a picture, defined by using 
Eq. 21:

(d)	 Energy: This attribute stands for the magnitude of gray-
scale values; its value is estimated using Eq. 22:

(e)	 Entropy: The dispersion of grayscale intensities in a 
specific region is quantified by the entropy and is cal-
culated using Eq. 23:

FoS  The first-order statistical features rely on the individual 
pixel values, and they do not consider any association with 

(18)f�(x, y) = |f (x, y) − f (x + Δx, y + Δx)|

(19)Homogeneity =

∑
p�(i)

1 + i

(20)Contrast =

2∑
i

p�(i)

(21)Mean =

1
∑
i

p(i)

m�

(22)Energy =
∑

p�(i)
2

(23)Entropy = −
∑

p�(i) log p�(i)
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their nearby pixels. The features are computed by employing 
the normalized histogram of a considered image. Consider-
ing into account the fact that the pixel values of the image 
are random variables that might take on discontinuous vari-
ations i = 0, 1,….Ng − 1, where Ng is the number of gray 
levels; the normalized histogram is defined using Eq. 24:

The four first-order statistical features computed using 
image histogram includes mean, median, skewness, and 
kurtosis [30, 31].

(a)	 Mean: The average intensity level of an image can be 
determined by using the mean, calculated using Eq. 25:

(b)	 Median: It is estimated by initially arranging the pixel 
values into ascending order and then exchanging the 
considered pixel value with the middle (median) value.

(c)	 Skewness: A histogram’s skewness indicates how 
asymmetrical it is, and its value is calculated using 
Eq. 26:

(d)	 Kurtosis: The dispersion of grayscale values around the 
mean is known as kurtosis, whose value is estimated 
using Eq. 27:

For a Gaussian-shaped histogram, an integer constant of 
3 is used in Eq. 27 to normalize 𝜇4 to 0.

TEM  This approach quantifies image texture by utilizing 
convolution with specific filters relying upon Laws masks, 
on a predetermined scale in order to quantify changes in 
surface texture [31, 32]. This involves the use of three initial 
vectors, mentioned in Eqs. 28, 29, and 30 that resemble the 
center-weighted local averaging (L5), edge detection (E5), 
and spot detection (S5):

(24)p(i) =
Number of pixels with intensity i

Total number of pixels
, i = 0, 1,… ,Ng − 1

(25)� =

Ng−1∑
i=0

i ⋅ p(i)

(26)Skewness = �3 = �−3

Ng−1∑
i=0

(i − �)3 p(i)

(27)Kurtosis = �4 = �−4

Ng−1∑
i=0

(i − �)4 p(i) − 3

(28)L5 = [1 4 6 4 1]

(29)E5 = [−1 − 2 0 2 1]

(30)S5 = [−1 0 2 0 − 1]

Using the 1-D convolution kernels mentioned in Eqs. 28–
30, by merging a horizontal 1-D kernel with a vertical 1-D 
kernel, nine separate 2-D kernels are produced, and differ-
ent combination of obtained 3 × 3 kernel are mentioned as 
follows:

𝐿5𝐿5 𝐸5𝐿5 𝑆5𝐿5
𝐿5𝐸5 𝐸5𝐸5 𝑆5𝐸5
𝐿5𝑆5 𝐸5𝑆5 𝑆5𝑆5

Subsequently, after performing the convolution with the 
specific kernel, the texture energy measures are calculated 
by adding the pixel values in the local neighborhood. The 
digital image with a dimension of N × M is convoluted 
through each of these nine kernels, resulting in the genera-
tion of a nine grayscale images. The windowing process is 
carried out in a local neighborhood by utilizing Eq. 31:

Since L5L5 is the only convolutional kernel that has a 
zero mean, L5L5T is utilized as a normalizing image, and 
after performing normalization, the L5L5T image is deleted. 
The rotation-invariant features may be created by combin-
ing features that have similarities in both the horizontal and 
vertical axes with one another. This investigation makes use 
of the six TEM characteristics which includes LL, EE, and 
SS texture energies from L5 × L5, E5 × E5, and S5 × S5 
kernels, respectively, and LE, ES, and LS represent mean 
texture energies from L5 × E5 and E5 × L5 kernels, E5 
× S5 and S5 × E5 kernels, and L5 × S5 and S5 × L5 ker-
nels, respectively. The image convolution is performed with 
Law’s masks and parameters to quantify the ROI texture are 
acquired by calculating statistics from filtered image.

FPS  This model provides the details about the texture direc-
tionality, coarseness, and texture contrast of the image. The 
spatial techniques are unable to describe repetitive global 
texture patterns, so discrete Fourier transform (DFT) is 
employed for quantifying texture [32, 33] which calculates 
the angular sum and radial sum of the DFT for texture analy-
sis. The power spectrum in the frequency domain is used for 
calculating the FPS characteristics, represented by Eq. 32:

Here, F(u,v) represents the image Fourier transform and 
F*(u,v) denotes the complex conjugate of image Fourier 
transform. Further, in a polar coordinate system, the spectral 
features are expressed to form a function S(r,θ), where for 
every direction θ, S(r,θ) might be articulated as 𝑆𝜃(𝑟) and 
likewise, for every frequency r, S(r,θ) might be articulated as 

(31)NEW (x, y)
)
=

7∑
i=−7

7∑
j=−7

|OLD(x + i, y + i)|

(32)|F(u, v)|2 = F(u, v) ⋅ F∗(u, v)
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𝑆𝑟(𝜃). The values of 𝑆𝜃 and 𝑆𝑟 are calculated using Eqs. 33 
and 34, respectively:

where 𝑅0 is the circle radius centered at the origin. Here, 
two distinct characteristic feature values 𝑆𝑟 and 𝑆𝜃 are com-
puted, representing the degree of texture orientation.

SFM  These texture features highlight about the statistical 
characteristics of the pixels at different distances inside a 
specific image, to calculate features which include coarse-
ness, periodicity, contrast, and roughness [30–32]. This 
model utilizes a matrix. Msfm of dimensions (𝐿𝑟 + 1) × (2𝐿𝑐 
+ 1). The component located at position (i,j) in the matrix of 
elements signifies d, where d = (j − Lc, i) in which an inter-
sample spacing distance vector for i = 0, 1,……..Lr and j 
= 0, 1,……2Lc. Here, Lr and Lc are the constants to decide 
the largest inter-spacing distance. Further, two such matri-
ces are constructed namely contrast matrix (Mcon) and the 
dissimilarity matrix (𝑀𝑑𝑠𝑠). A statistical feature, denoted 
as ẟ, provides a feature of an image I characterized by the 
inter-sample dispersion distance, represented by a vector ẟ 
= (∆x, ∆y).

ẟcontrast and ẟdissimilarity are defined by employing 
Eqs. 35 and 36, respectively:

The expectation operation is denoted by the letter E (.). 
In the image, the four texture features that were retrieved 
are as follows:

(a)	 Coarseness: It quantifies the prevalence of comparable 
grayscales in a specific region and serves as an indica-
tor for primitive size; its value is computed by employ-
ing Eq. 37.

Here, c represents the normalization factor, which is 
assumed to be equal to 100, and 𝑚𝑐𝑟𝑠 is the average of all 
the elements of the matrix (𝑀𝑑𝑠𝑠), which is computed by 
applying the expression given in Eq. 38:

(33)S� =

�∑
�=0

S�(r)

(34)Sr =

R0∑
r=0

Sr(�)

(35)
δcontrast ∶ CON(�) ≡ E

{[
I(x, y) − I(x + Δx, y + Δy)

]2}

(36)
δdissimilarity ∶ DSS(�) ≡ E

{[
I(x, y) − I(x + Δx, y + Δy)

]}

(37)Coarseness = c
/
mcrs

Here, the set of displacement vectors is denoted by the 
symbol 𝑁𝑟, while the total number of elements in the matrix 
is denoted by the symbol n.

(a)	 Contrast: This feature measures the difference in gray 
level intensities for a specified neighborhood, estimated 
using Eq. 39:

(b)	 Periodicity: This characteristic is a measurement of the 
frequency with which certain patterns appear in a spe-
cific picture, computed by employing Eq. 40:

where Mdss is mean of all elements of 𝑀𝑑𝑠𝑠.

(c)	 Roughness: It calculates the dissimilarity between the 
neighboring pixels, given by Eq. 41:

When the displacement vectors (0, ∆y) and (∆x, 0) are 
taken into consideration, the fractal dimensions Dh

f
and Dv

f
 are 

determined in the horizontal and vertical directions, respec-
tively. Further, the Df can be computed using the Eq. 42:

Here, H is estimated using a dissimilarity matrix as the (i, 
j + Lc)th element of dissimilarity matrix is E{| ∆l| } with ẟ = 
(j, i). The relationship between H and E{| ∆l| } is represented 
by using Eq. 43:

(38)mcrs =
∑

(i, j∈Nr)

DSS(i, j)∕n

(39)Contrast =

⎡
⎢⎢⎣
∑1�

2
(i, j∈Nr)

CON(i, j)∕4

⎤
⎥⎥⎦

(40)Periodicity =
Mdss −Mdss

Mdss

(41)Roughness =
(
Dh

f
+ Dv

f

)
∕2

(42)Df = 3 − H

(43)E{�Δl�} = C‖�‖H

Table 2   Calculation of distinct 
parameters required for 
NGTDM feature estimation

i ni pi si

1 6 0.375 13.35
2 2 0.125 2.00
3 4 0.25 2.63
4 0 0.00 0.00
5 4 0.25 10.075
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Thus, it is necessary to calculate H in a separate manner 
for both the horizontal and vertical directions, using the dis-
similarity matrix as described in Eq. 43 by taking into 
account the displacements of (∆x, 0) and (0, ∆y) accord-
ingly. Dh

f
and Dv

f
 are computed by utilizing Eq. 42, and lastly, 

the value of roughness can be obtained by employing Eq. 41. 
This research study calculated the SFM features by taking 
Lr = Lc = 4.

Fractal Features  Fractals are utilized to define the object 
appearance and shape which possess the properties of 
scale-invariance and self-similarity. Fractal dimensions are 
employed to estimate the degree of surface roughness or 
boundary irregularities. In this model, Hurst coefficients, 
denoted by (H(k)), are calculated at distinct image resolu-
tions, to describe texture surface. The large values of param-
eter H(k) represent smooth texture surface, and the small 
value specifies a rough texture [33, 34]. This research work 
estimated the value of Hurst coefficient at two different 
resolutions: an original image with dimensions of N × M 
is referred to as H1, while an original image that has been 
scaled by a factor of 1/2 and is of dimensions N/2 × M/2 
is referred to as H2. The value of Hurst coefficient H, for 
an image I under consideration, can be computed using the 
relationship mentioned in Eq. 44:

Here, E(.) denotes the expectation operator, ∆𝐼 ≡ 𝐼(𝑥2, 
𝑦2) − 𝐼(𝑥1, 𝑦1),

Hurst coefficients at two different resolutions are esti-
mated using Eq. 45 to represent the image texture:

NGTDM  A neighboring gray tone difference matrix quanti-
fies the difference between a gray value and the average gray 
value of its neighbors within distance δ [33, 34]. The sum of 
absolute differences for gray level i is stored in the matrix. 
Let Xgl be a set of segmented voxels and xgl(jx,jy,jz)∈Xgl 
be the gray level of a voxel at position (jx,jy,jz), then the 
average gray level of the neighborhood is calculated using 
Eq. 46:

where (kx, ky, kz) ≠ (0,0,0) and xgl (jx + kx, jy + ky, jz + kz) 
€ xgl, Here, W is the number of voxels in the neighborhood 
that are also in Xgl. As a two-dimensional example, let the 
following matrix I, given as Eq. 47, represent a 4 × 4 image, 

(44)E ∣ Δl ∣= k(Δr)H

Δr ≡
‖‖‖
(
x2, y2

)
−
(
x1, y1

)‖‖‖ is a spatial distance and k = E(|Δl|)Δr=1

(45)logE ∣ Δl ∣= logk + Hlog(Δr)

(46)
Ai = Ai

�
jx, jy, jz

�
=

1

W

∑�

kx=−�

∑�

ky=−�

∑�

kz=−�
xgl

�
jx + kx, jy + ky, jz + kz

�

having five discrete gray levels, but no voxels with gray level 
4:

The following NGTDM can be obtained using Table 2
6 pixels have gray level 1, therefore:

For gray level 2, there are 2 pixels, therefore:

Similar for gray values 3 and 5:

Consider Ni be the number of voxels in Xgl with gray 
level i, Nv,p be the total number of voxels in Xgl and equal 
to ∑ni (i.e., the number of voxels with a valid region; at 
least 1 neighbor). Nv,p ≤ Np, where Np is the total number 
of voxels in the ROI. Here, pi is the gray level probability 
and equal to ni/Nv:

where si represents the sum of absolute differences for 
gray level i as mentioned in Eq. 48; Ng is the number of 

(47)I =

⎡⎢⎢⎢⎣

1 2 5 2

3 5 1 3

1 3 5 5

3 1 1 1

⎤⎥⎥⎥⎦

s1 =∣ 1 − 10∕3 ∣ + ∣ 1 − 30∕8 ∣

+ ∣ 1 − 15∕5 ∣ + ∣ 1 − 13∕5 ∣

+ ∣ 1 − 15∕5 ∣ + ∣ 1 − 11∕3 ∣= 13.35

s2 =∣ 2 − 15∕5 ∣ + ∣ 2 − 9∕3 ∣= 2

s3 =∣ 3 − 12∕5 ∣ + ∣ 3 − 18∕5 ∣ + ∣ 3 − 20∕8 ∣ + ∣ 3 − 5∕3 ∣= 3.03

s5 =∣ 5 − 14∕5 ∣ + ∣ 5 − 18∕5 ∣ + ∣ 5 − 20∕8 ∣ + ∣ 5 − 11∕5 ∣= 1 0.075

(48)si =

{
ni
|||i − Ai

||| for ni ≠ 0

0 for ni = 0

Table 3   Discriminating features ranked by considered feature selec-
tion techniques

S. no. Features Ranks

CFS Information 
Gain

Gain ratio

1 Median 1 1 2
2 Sum entropy 2 2 1
3 Strength 3 8 8
4 Hurst coefficient 3 4 4 7
5 Entropy 5 5 5
6 Angular sum 6 6 6
7 Radial sum 7 7 9
8 Kurtosis 8 3 10
9 Skewness 9 9 4
10 Coarseness 10 10 3
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discrete gray levels, and Ng,p is the number of gray levels 
where pi ≠ 0,

Feature Selection

Some of the 44 characteristics extracted from different tex-
ture models as given in Table 1 may provide less informa-
tion for classification; thus, discriminative features must 
be chosen to improve classifier accuracy. The basic goal 
of feature selection methods is to find all favorable feature 
combinations for a given dataset so that a subset of features 
with high prognostic power may be identified. This can be 
performed by selecting the most important traits with the 
highest discriminating power and excluding the irrelevant or 
redundant ones [35]. In this study, three different techniques 
for selecting features have been utilized.

Correlation‑Based Feature Selection (CFS)  In this, features 
are chosen using a CFS approach [35], which is a convenient 
filtering technique that employs heuristic functions based on 
correlation to identify important picture features. The promi-
nence of a subset of features is calculated using the CFS 
technique, which considers two factors: each image feature’s 
predictive ability and the extent of redundancy associated 
with it. All subsets prefer feature subsets that have a better 
correlation with the class and lower inter-correlation. The 
CFS evaluation function for obtaining a feature subset is 
specified in Eq. 49:

Merite signifies merit of a feature subset e that comprises 
M features. The average feature–feature correlation is (cjj), 
while the average feature–feature inter-correlation is (cjj) 
(cij). The best initial search approach is used to study the 
search space, which involves frontward selection with exit 
condition of five consecutive completely extended non-
improving subsets. Begin your exploratory search with a 
0.0 merit empty set. Each subset’s worth is estimated using 
a heuristic function, and the subset possessing elevated 
merit is informed. In this experimental study, the value cor-
responding to the best subset was reported as 0.482, and the 
feature subsets selected using the CFS approach are median, 
sum entropy, strength, hurst coefficient 3, entropy, angular 
sum, radial sum, kurtosis, skewness, and coarseness, and the 
ranks of the same are given in Table 3.

IG  Information gain quantifies the amount of information or 
decrease in entropy (i.e., uncertainty of a random feature) 
for the projected class when considering the distribution of 
distinct features inside the associated class [36]. Consider-
ing set SX having ith variable of sample xi, a value of IG is 
measured by employing Eq. (50):

(49)Merite =
Mcij√

M +M(M − 1)cjj

(50)IG
(
SX , xi

)
= H

(
SX

)
−

∑
v∈values(xi)

|||SXxi=v

|||
||SX||

H
(
SXxi=v

)

Fig. 3   Bar plot of feature based 
on average rank
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Here, H(S) signifies entropy measured by utilizing Eq. 51 

and 
|||Sxi=�

||||SX|  is the proportion of the ith variable in the sample:

p+(S) indicates the likelihood of a sample in set S being 
either negative or positive.

In this case, we only keep the 10 features that have a score 
above 0.312 and ignore those with lower scores. Therefore, 
the discriminant features as per information gain score are 
median, sum entropy, strength, hurst coefficient 3, entropy, 
angular sum, radial sum, kurtosis, skewness, and coarseness, 
and the ranks of the same are given in Table 3.

Gain Ratio (GR)  An improvement of information gain, GR 
eliminates bias caused by feature selection at every node. 
The set “Sx” is being considered, along with examples that 
represent i different classes [37]. To categorize a sample, the 
following data is required to get information using Eq. 52:

Here, pi indicates the probability of a randomly selected 
subset. Now, the entropy is calculated by utilizing Eq. 53 for 
sample A, taking into account v different values:

Additionally, the gained information can be calculated 
using Eq. 54, and the obtained information can further be 
normalized using Eq. 55:

Lastly, Eq. 56 can be employed to estimate the final value 
of GR:

Likewise IG, in this case as well, only those 10 features 
with a high score of 0.31 are retained, while those with 
scores lower than that are eliminated. Therefore, the discri-
minant features as per information gain score are median, 
sum entropy, strength, hurst coefficient 3, entropy, angular 
sum, radial sum, kurtosis, skewness, and coarseness, and the 
ranks of the same are given in Table 3.

To mitigate these limitations, we compared results across 
the three techniques and selected features that consistently 
ranked highly across multiple methods. Additionally, we 
applied cross-validation and feature importance analysis 

(51)H(S) = −p+(S)log2p+(S) − p−(S)log2p−(S)

(52)I
(
SX , xi

)
= −

∑
pilog2

(
pi
)

(53)H(S) =
∑

I
(
SX

)Si
S

(54)Gain(S) = I
(
SX

)
− H(S)

(55)SplitInfoS
(
SX

)
= −

∑(|Si|∕|SX|
)
log2

(|Si|∕|SX|
)

(56)GR(S) =
Gain(S)

SplitInfoA
(
SX

)

from ensemble models (e.g., random forest) to validate the 
selected features and reduce overfitting risk. This multi-
pronged approach aimed to ensure a balanced selection that 
enhances model performance while maintaining generaliz-
ability. The feature importance analysis, based on average 
ranking across as shown in Fig. 3, correlation-based feature 
selection (CFS), information gaiN, and gain ratio, highlights 
that median and sum entropy are the most influential fea-
tures in distinguishing benign from malignant renal lesions. 
These first-order statistical descriptors effectively capture 
the central intensity tendencies and the degree of random-
ness within lesion textures, which are critical for accurate 
classification. Features like hurst coefficient and entropy also 
rank highly, indicating the relevance of fractal characteristics 
and textural disorder in renal tissue. Mid-ranking features 
such as angular sum and strength reflect spatial frequency 
and structure, contributing moderately to the model’s dis-
criminative power. Conversely, features like skewness, radial 
sum, and coarseness are relatively less important, though 
they may still provide complementary value when combined 
with higher-ranked features. Overall, the ranking validates 
the effectiveness of integrating a diverse set of statistically 
robust features to enhance classification performance and 
support clinical decision-making

While the combination of correlation-based feature 
selection (CFS), information gain (IG), and gain ratio (GR) 
enhances the robustness of feature selection, each method has 
its own limitations. CFS favors features that are highly corre-
lated with the target class and minimally correlated with each 
other, effectively reducing multicollinearity; however, it may 
discard relevant features that exhibit interdependence, poten-
tially leading to information loss. Information gain, which 
ranks features based on their ability to reduce class entropy, 
tends to favor attributes with a large number of distinct values. 
This bias can result in overfitting, particularly when applied 
to categorical variables with high cardinality. Gain ratio, an 
improvement over IG, addresses this bias by normalizing with 
split information but may undervalue informative features that 
display low variability across samples. These limitations were 
considered when combining the outputs of all three techniques 
to select the most discriminative features, ensuring a balanced 
trade-off between relevance and redundancy.

Classification

A prognostic model for renal lesions classification is cre-
ated using a different classifier. This machine learning meth-
odology integrates a number of self-contained prediction 
algorithms with decision points, such as classification and 
regression trees. Machine learning classifiers may provide 
the benefits of high generalization and adaptability to big 
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medical datasets, as well as speedy training and predic-
tion. These machine learning algorithms are fed feature 
data together with the known labels based on the patho-
logical findings or radiographical appearance of each lesion. 
For the relevant classification problem, an ideal tuning of 
parameters was done through rigorous inquiry, and five-fold 
cross-validation was used to offer classification results. Once 
the features have been retrieved, they are given scores and 
passed on to classifiers so that they can be classified as either 
normal or abnormal cases. An approach to decision-making 
that involves identifying features from images and assigning 
labels to those features is called classification. Classification 
without supervision and supervised classification are the two 
primary categories that it falls under during this process. A 
classification that is unsupervised is one that relies on the 
results without any pre-defined (human) input used. On the 
other hand, supervised classification depends on input that 
has been pre-defined by experts. Here is a brief description 
of the classifiers that were utilized in this research:

1.	 Naive Bayes (NB): When it comes to the area of health-
care diagnostics through the use of artificial intelli-
gence, naive Bayes comes under the category of basic 
probabilistic classification. This classification method 

operates based on the Bayes’ theorem and makes a 
strong assumption that the features are independent of 
one another. Since NB assigns a label to instances of a 
problem in vectors of features and labels derived from a 
finite set, it is necessary for a learning problem to have 
several linear parameters for it to function properly. 
In addition to this, it necessitates a limited amount of 
training data in order to estimate the key parameters for 
classification [38]. In addition to this, it is included in 
the category of conditional probabilities, such as a vec-
tor x = (x1, ………, xn) with n features is assigned prob-
abilities t(CCk|x1………, xn) for “k” possible outcomes 
or CCk classes. Therefore, following Bayes’ theorem, 
the formulation of conditional probability is as follows 
(Eq. 57):

It can be seen from Eq.  57 that denominator is not 
dependent on CC and is thus effectively constant. Addition-
ally, the combined likelihood model’s numerator is the same 
as its denominator t(CCk, x1, ………, xn) which can be writ-
ten as given in Eq. 58 using the chain rule for applications 
of conditional probability [34].

(57)t
(
CCk|x

)
=

t
(
CCk

)
t
(
x||CCk

)
t(x)

(58)t
(
CCk, x1,……… , xn

)
= t

(
x1,……… , xn,CCk

)
= t

(
x1
||x2 ,…… , xn,CCk

)
t
(
x2,…… , xn,CCk

)
=⃜

=⃜

= t
(
x1
||x2 ,……… , xn,CCk

)
t
(
x2
||x3,…… , xn,CCk

)
……… t

(
xn−1

||xn, CCk

)
t
(
xn
||CCk

)
t
(
CCk

)

Now, take into consideration the fact that each feature xi is 
assumed to be conditionally independent of the other feature 
xj for j ≠ i, in the category. CCk means that t(xi|xi +1,………, 
xn, CCk) = t(xi|CCk). Thus, the joint model is given in Eq. 59:

Here, α indicates proportionality. Also, under the independ-
ent assumptions, conditional probability distribution over class 
variable C is given in Eq. (60):

Here, Z = t(x) =
∑

k t
�
Ck

�
t
�
x��Ck

�
 is the scaling factor 

dependent on x1, ……, xn.
Finally, the Bayes’ classifier that marks a label ŷ = Ck for 

some k ∈ {1, ……, K} is calculated using Eq. 61:

(59)

t
�
CCk

��x1,…… , xn
� at

�
CCk, x1,…… xn

�
= t

�
CCk

�
t
�
x1
��CCk

�
t
�
x2
��CCk

�
t
�
x3
��CCk

�
= t

�
CCk

�∏n

i=1
t
�
xi
��CCk

�
,

(60)t
(
CCk

||x1,…… , xn
)
=

1

Z
t
(
CCk

) n∏
i=1

t
(
xi
||CCk

)

2.	 Support vector machine (SVM): Support vector 
machines make use of an ideal linear hyperplane, as 
a means of partitioning a dataset into a feature space. 
Finding the optimal hyperplane involves finding the 
maximum margin between two sets. Therefore, the 
support vectors, which serve as training patterns of 
borders, determine the final hyperplane. First, it per-
forms a nonlinear mapping of the input vector into a 
high-dimensional feature space that is concealed from 
both the output and the input. This is one of its primary 
processes. The second step involves the selection of 
the best hyperplane design for feature separation [39]. 
Therefore, the following are the steps to create a support 
vector machine:

(61)ŷ = argmaxt
(
Ck

) n∏
i=1

t
(
xi
||Ck

)
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Step 1: Define hyperplane acting as decision surface using 
Eq. 62:

where K(x, xi) = φT(x)φ(xi) signifies the products of the 
internal vector in the feature space using input pattern xi and 
vector x for the ith feature with dimension mo. It is referred to 
as an internal kernel product, where

Here, φj(x)  for  j = 1,,, m1 represents non-linear 
transformations and φo(x) = 1 for every x, while wo signi-
fies the bias b. αi and di represent the Lagrange coefficient 
and target output.

Step 2: The Mercer’s theorem must be satisfied in order 
for the kernel K(x, xi) mentioned in Eq. 65 to perform its 
purpose, which is selected as polynomial

Step 3: The Lagrange multipliers {αi} for i = 1, ……10 
in order to optimize the function Q(α), abbreviated as α0, i 
is given as

Further, it follows the constraints given in Eqs. 68 and 
69:

Step 4: To finish, the vector wo with linear weight sig-
nifies that the optimal values of Lagrange multipliers are 
given in Eq. 70 as

Here, φ(xi) signifies the image in the feature space due 
to xi. On the other hand, wo indicates the ideal bias bo.

3.	 Random forest (RF): Random forest is an ensemble method 
that computes by constructing a multitude of decision trees 

(62)
N∑
i=1

�idiK
(
x, xi

)
= 0

(63)w =

N∑
i=1

�idi�
(
xi
)

(64)�(x) =
[
�o(x),�1(x),…… ,�m1

(x)
]T

(65)K
(
x, xi

)
=
(
1 + xTxi

)

(66)Q(�)

N∑
i=1

= �i −
1

2

N∑
i=1

N∑
j=1

�i�jdidjK
(
xi, xj

)

(68)
N∑
i=1

�idi = 0

(69)0 ≤ �i ≤ C for i = 1, 2,…… ,N

(70)wo

N∑
i=1

�0,idi�
(
xi
)

during training and outputs the class based on the mean or 
mode of the classes. The decision tree is a widely used method 
in machine learning that combines the ability to learn with the 
capability to serve as a ready-made mechanism for data min-
ing [40]. The training algorithm for RF utilizes the common 
approach of bagging, also known as bootstrap aggregation, 
to facilitate the learning process of the individual trees [36]. 
Hence, for a given training set X = x1, ……, xn with labels 
Y = y1, ……, yn, the iterative bagging involves randomly 
selecting an instance by interchanging the training set and fit-
ting trees to the samples, as shown; thus, for b = 1, ……, B:

(a)	 Sample with interchanging n training example Xb, Yb 
for X, Y.

(b)	 Train a classifier tree fb for Xb, Yb.

After training of x′ samples, predictions are built by com-
puting the mean of individual classifier tree predictions on 
x′ and are represented as mentioned in Eq. 71:

This further leads in reduction of the variance and sen-
sitivity without enlarging the bias, as long as the trees are 
non-interacting. Additionally, for uncertainty estimate, pre-
dictions can be formed using the standard deviation derived 
from multiple individual predictions using Eq. 72:

K Nearest Neighbor (k‑NN):

Nearest neighbor is the common approach used for the rec-
ognition of statistical patterns which form finite partition of 
sample space for any observation x′ classified into jth class 
[41]. For a point x′ in the dth dimensional space of feature, 
function fx : ℝd ⟶ ℝ is computed based on Euclidean dis-
tance fx(x) = ‖x − x′‖. Further, the entire training set compris-
ing X samples are ordered with respect to x′ corresponding to 
function r�

x
∶ {1,…… ,N} ⟶ {1,……N} which reorders 

the indexing of N training points. Thus, the function is recur-
sively defined using Eq. 73:

(71)f̂ =
1

B

B∑
b=1

fb
(
x�
)

(72)𝜎 =

�∑B

b=1

�
fb(x

�) − f̂
�2

B − 1

(73)

rx� (1) = argmin
i

fx�
(
xi
)

with i ∈ {1,……N}

rx� (j) = argmin
i

fx�
(
xi
)

with i ∈ {1,……N}

i ≠ rx� (1)……… , i ≠ rx� (j − 1) for j = 2,…… ,N
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Here, xrx� (j) is point on set X in position j from x′ known as 
jth nearest neighbor, while fx�

(
xrx� (j)

)
=
‖‖‖xrx� (j) − x�

‖‖‖ is the 
d i s t ance  f rom x ′ ,  which  can  be  s t a ted  as 
j < k ⇒ fx�

(
xrx� (j)

)
≤ fx�

(
xrx� (k)

)
 . Hence, the decision rule for 

k-NN classifier to perform binary classification is stated 
using the rule mentioned in Eq. 74:

Here, class labels in the ith nearest sample for the training 
set are represented by the symbol yrx(i) ∈ {−1,+1}.

4.	 Neural network (NN): A computational method that 
is based on the structure and operation of biological 
neurons is called a neural network. It contains informa-
tion from NN structure so network learns from input 
and output. Nonlinear statistical data with complicated 
input-output relationships is often modeled using this 
paradigm [41]. A multilayer perceptron (MLP) has three 
interconnected layers: initial input, primary hidden, 
and final output. Each node or neuron uses a non-linear 
activation function and supervised learning to train the 
classifier. Sigmoids are the activation functions that are 
utilized, and they are represented using Eq. 75:

One of the activations that is utilized in this context is the 
hyperbolic tangent, whose range is set between −1 and 1, 
while the other activation is the logistic function, with the 
range varying from 0 to 1. Here, yi indicates ith node output 
and vi denotes weighted summation of input connections. As 
a result of the fact that MLP is a highly connected design, 

(74)kNN(x) = sign

(
k∑
i=1

yrx (i)

)

(75)y
(
vi
)
= tanh

(
vi
)
and y

(
vi
)
= (1 + e−vi)−1

every single node in a single layer is connected to the nodes 
of the layer below it by means of weight wij.

Lastly, the learning process is carried out by adjusting the 
weights based on the corrections that are designed to reduce 
the amount of inaccuracy in the overall output using Eq. 76:

Additionally, the change in weight during gradient 
descent can be expressed using Eq. 78:

:

The study of the change in weights for hiding layers, on 
the other hand, is rather complicated; hence, the derivative 
can be written using Eq. 79:

Here, ϕ′ signifies the activation function. The initiation 
parameters that were utilized for classification are demon-
strated in Table 4.

Experimental Results and Discussion

This section explains the experimental platform that was 
utilized during the assessment of presented texture mod-
els, as well as the detailed results and findings of different 
experimental setups. The proposed technique for categoriza-
tion of renal lesions has been tested on CT datasets acquired 

(76)�(n) =
1

2

∑
j

e2
j
(n)

(78)−
��(n)

�vj(n)
= ej(n)�

�
(
vj(n)

)

(79)−
��(n)

�vj(n)
= ��

(
vj(n)

)∑
k

−
��(n)

�vk(n)
wkj(n)

Table 4   Details of parameter settings used for the considered classifiers

S. No. Classifier Details of parameter settings utilized

1 Naive Bayes With kernel estimation function
2 SVM Sequential minimal optimization with c = 1.0, epsilon = 1.0 e−12, tolerance = 0.01
3 Random forest With 100 iterations
4 K-NN Using the Euclidean distance function and by taking 2 as value for k
5 Neural network MLP with learning rate = 0.4, momentum = 0.3, and validation threshold = 25

Fig. 4   Some examples of ROI 
considered in this study where 
a, b represent benign lesion c, d 
are malignant lesions
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from 50 subjects using different performance assessment 
metrics. For further performance evaluation, five-fold cross 
validation was utilized, with four-fifths of the relevant data-
set being used for training and the remaining one-fifth being 
used for testing. To eliminate any sampling bias, the same 
procedure was done five times with each fold picked at ran-
dom. The accuracy obtained for numerous rounds is aver-
aged to calculate total classifier accuracy.

Dataset Details

The experimentation dataset was made out of CT scans 
received from PGIMER Chandigarh, India. On a Windows 
10 system with a CPU speed of 2.3 GHz and 6 GB of mem-
ory, the proposed technique was tested using MATLAB. 
This study looked at CT images acquired from 50 patients. 
The 128-slice SIEMENS CT-scanner with slice thickness 
varying from 0.6 to 1 mm is used to capture abdominal CT 
images in non-contrast-enhanced arterial, venous, portal 
venous, and delayed phase. Fig. 4 depicts some of the image 
examples considered in this study. The goal of this study was 
to determine the applicability of the texture models under 
consideration by evaluating their capabilities on a variety 
of images.

Metrics for Performance Assessment

The proposed method’s competence in categorization of 
renal lesions is assessed using different metrics which are 
discussed in this section. The following are some of the 
terms used to calculate them:

True positive (TP): a lesion that has been classified as 
cancerous but is not actually cancerous.

True negative (TN): a benign lesion that is not genu-
inely benign.

False positive (FP): a benign lesion that has been clas-
sified as cancerous.

False negative (FN): a benign lesion that turns out to 
be cancerous.

Sensitivity  Sensitivity relates to a technique of characteriza-
tion of capacity to identify a large proportion for true posi-
tive instances, or people with the condition, and it is calcu-
lated using Eq. 80. All positives are projected as positives 

with 100% sensitivity, which indicates malignant lesions are 
classified as malignant:

Specificity  This relates to a characterization technique’s 
capacity to detect a higher number of negative cases, i.e., 
individuals who do not have disease or benign lesions are 
categorized as benign, and it is calculated using Eq. 81:

Accuracy  It is used to assess a classifier’s ability to catego-
rize a large number of images, and it is calculated using 
Eq. 82. A high accuracy value indicates that the classifier 
is doing well:

Roc‑AUC​  The area under the receiver-operating character-
istic (ROC-AUC) is a statistic used to evaluate the classifier 
capability. AUC measures an experiment’s precision; a value 
near 1 indicates more specificity and sensitivity.

F score: The F score is a weighted average of recall and 
precision that can be used to assess classification accuracy.

The F-score is a number between one and zero, with one 
being the best and zero being the worst.

Results and Discussion

This section examines the classification results obtained 
by combining the features from various texture models 
for categorizing benign and malignant renal lesions to 
establish each model’s capabilities. A total of 44 features 
were extracted individual texture models’ classification 
results are shown in Table 1. Each texture model contrib-
utes for classification of renal lesions, although each one 
of them has their associated limitations and benefits. The 
FoS texture model works by ignoring image pixel interac-
tion and merely predicting the attributes of different pixel 
values. The SGLCM model, on the other hand, evaluates 
image attributes using second-order statistics that look at 

(80)Sensitivity =
TP

TP + FN

(81)Specif icity =
TN

TN + FP

(82)Accuracy =
TP + TN

TP + FP + TN + FN

Table 5   Performance 
comparison of distinct 
classifiers by considering all 
features (no. of features = 44)

Classifier Sensitivity (%) Specificity (%) Accuracy (%) ROC-AUC​ F-score (%)

K-NN 83.33 89.7 88.5 0.840 0.834
NN 88.88 90.4 58.6 0.789 0.801
SVM 86.66 88.2 80.4 0.717 0.856
RF 90.88 92.4 90.7 0.889 0.889
Naïve bayes 76.38 85.7 85.5 0.764 0.764

1707



Journal of Imaging Informatics in Medicine (2025) 39:1692–1714

the combined probability distribution of pixel pairings. 
In terms of tonal variations, the malignant lesion differs 
from the benign lesion, and the SGLCM model has been 
found to perform better in determining the difference 
between benign and malignant lesions by evaluating tonal 
variations. Furthermore, the FPS model takes into account 
the energy distribution in the image Fourier transform’s 
power spectrum, which evaluates texture directionality 

and coarseness of texture patterns. Other texture mod-
els’ performance results are unsatisfactory because they 
may be unable to evaluate texture features for the pho-
tos in question efficiently. Furthermore, different feature 
selection techniques have been employed to choose the 
most discriminating features for dimensionality reduction. 
While comparing to all features obtained from different 
texture models, the selected set of 10 features mentioned 

Fig. 5   ROC curve comparison 
of different machine learning 
classifiers with 44 features

Fig. 6   Confusion matrix of different machine learning classifiers with 40 features

Table 6   Performance 
comparison of distinct 
classifiers by considering most 
discriminant features (no. of 
features = 10)

Classifier Sensitivity (%) Specificity (%) Accuracy (%) ROC-AUC​ F-score (%)

K-NN 90.66 91.7 92.1 0.917 0.916
NN 91.44 92.4 70.2 0.851 0.844
SVM 90.22 91.2 88.4 0.874 0.872
RF 94.44 93.4 95.8 0.951 0.944
Naive Bayes 89.65 89.7 90.7 0.897 0.791
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in Table 3 produces better classification performance when 
examined, according to empirical evidence acquired after 
executing numerous trials. Moreover, in comparison to 
the separate texture models, the performance of the clas-
sifier improves when all the features derived from distinct 
texture models are combined to generate a feature vector 
consisting of 44 features. Combining all texture features, 
alternately, increases dimensionality of the feature vector, 
which increases the computational rate. To overcome this 
issue, the authors used three feature selection techniques, 
namely CFS, IG, and GR, to choose the best discriminat-
ing characteristics to be utilized to categorize malignant 
and benign renal lesions in order to reduce feature vector 
dimensionality. Table 3 shows the set of selected feature 
vectors by different feature selection techniques from a col-
lection of 44 features, and this proposed feature vector has 

demonstrated good classification results. The dimension-
ally reduced feature vector was passed to the considered 
classifiers for classification. The classifiers were trained 
and validated using training and testing data using the 
fivefold cross-validation technique. For classifier genera-
tion, the training set has 10 selected features and a class 
label, whereas the testing set only contains the feature vec-
tor and no class label. To determine various performance 
measures, the outcomes of the classifier model for the test 
dataset were compared to the real class labels. The initial 
feature vector and proposed feature vector’s performance 
were assessed using the various assessment metrics stated 
in the preceding section, including sensitivity, accuracy, 
specificity, ROC-AUC, and F-score. Table 5 shows the 
performance of different classifiers using all 44 features 
for classification in terms of various evaluation metrics.

Fig. 7   ROC curve comparison 
of different machine learning 
classifiers with 10 features

Fig. 8   Confusion matrix of different machine learning classifier with 10 features
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Additionally, the performance of five classifiers namely 
K-nearest neighbors (K-NN), neural network (NN), support 
vector machine (SVM), random forest (RF), and naive Bayes 
was evaluated using ROC-AUC curves as shown in Fig. 5 
and confusion matrices on a dataset comprising 2500 sam-
ples (1250 positive and 1250 negative) as shown in Fig. 6. 
The ROC curve provides a graphical representation of the 
trade-off between the true positive rate and the false posi-
tive rate across various thresholds. As illustrated in the ROC 
plot, random forest demonstrated the highest area under the 
curve (AUC = 0.889), indicating superior discriminative 
power. K-NN and NN followed with AUC scores of 0.840 
and 0.789, respectively. SVM showed moderate perfor-
mance with an AUC of 0.717, while naive Bayes yielded 
the lowest AUC of 0.764, suggesting limited classification 
effectiveness.

Additionally, confusion matrices were generated to 
examine each model’s classification ability in terms of 
true positives (TP), true negatives (TN), false positives 
(FP), and false negatives (FN) as shown in Fig. 6. Random 
forest achieved the best results with 1136 TP and 1155 
TN, reflecting its high sensitivity (90.88%) and specific-
ity (92.4%). K-NN and NN also performed well, although 
NN had slightly higher false negatives. SVM displayed 
balanced performance but incurred more misclassifica-
tions compared to RF and K-NN. Naive Bayes, in con-
trast, showed the poorest outcomes with a higher number 
of FP (179) and FN (295), corroborating its lower AUC. 
The ROC curve also includes a reference diagonal known 
as the random guess line (AUC = 0.5) which represents 
a model with no discriminative capability. All classifiers 
evaluated in this study performed well above this baseline, 

Fig. 9   Comparison of different 
classifiers in terms of accuracy 
using different feature sets

Fig. 10   Comparison plots of sensitivity and specificity for distinct classification techniques
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indicating learned patterns beyond random chance. These 
results clearly establish Random forest as the most robust 
and reliable model for the given dataset.

Further, the classification performance of five machine 
learning models, including K-NN, neural network (NN), 
support vector machine (SVM), random forest (RF), and 
naive Bayes, was re-evaluated using the 10 most discrimi-
nant features as reported in Table 6. Moreover, the ROC 
curves, shown in Fig. 7, illustrate improved true positive vs. 
false positive trade-offs for each classifier. Random forest 
achieved the highest AUC (0.951), signifying excellent over-
all discriminative power. K-NN (AUC = 0.917), SVM (AUC 
= 0.874), and naive Bayes (AUC = 0.897) also demonstrated 
strong performance. The NN model, despite showing high 
sensitivity (91.44%) and specificity (92.4%), yielded a rela-
tively lower AUC (0.851), possibly due to inconsistent per-
formance at different thresholds.

The confusion matrices as shown in Fig. 8 further elucidate 
classifier behavior across a dataset of 2500 samples (1250 posi-
tive and 1250 negative cases). Random forest outperformed 
others with 1181 true positives and 1168 true negatives, 

reflecting its superior sensitivity (94.44%) and specificity 
(93.4%). K-NN and SVM also showed robust results with high 
TP and TN values, indicating balanced classification. Naive 
Bayes, while yielding relatively high TP and TN counts, had 
slightly more false predictions compared to RF and K-NN. 
The NN classifier recorded 1143 TPs and 1155 TNs, yet had 
performance limitations likely due to overfitting or threshold 
sensitivity. Overall, the use of top-ranked features significantly 
enhanced the performance of all classifiers, with random forest 
emerging as the most reliable model.

Random Forest algorithm has the ability to handle high-
dimensional data and mitigate overfitting through ensemble 
learning, which likely contributed to its superior perfor-
mance in our study. On the other hand, SVM struggled with 
scalability and required intensive parameter tuning, while 
naive Bayes made strong independence assumptions that 
did not hold true for our feature set, leading to suboptimal 
performance. The highest accuracy among all the machine 
learning classifiers was obtained by RF classifier equivalent 
to 95.8%, as shown in Fig. 9 by employing a discriminating 
feature set consisting of 10 features.

Fig. 11   Comparison plots of 
AUC and F1 Score for distinct 
classification techniques

Table 7   Comparison with 
existing studies on classification 
of renal lesions

Reference Feature vector Classifier Accuracy

Linguraru et al. [19] Histogram curvature features Random forest 90.5%
SP Raman et al. [20] Entropy, standard deviation, skewness and kurtosis Random forest 91.2%
QH et al. [22] First-order and second-order statistics Ensemble model 

based on decision 
trees

90.5%

Xu et al. [23] FoS, GLCM, GLRM Random forest 93.2%
Han JH et al. [25] Radiological (HU) and radiomic features Random forest 85.0%
Miskin et al. [24] Mean, SD, entropy, skewness, and kurtosis Random forest 89.2%
Proposed method Selected 10 features Random forest 95.8%
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Further, Fig. 10 illustrates the comparison of sensitivity 
and specificity values by considering both feature vectors 
consisting of 44 features and 10 features, and it is clearly 
evident that feature vector consisting of 10 features performs 
better as compared to others. The F-score and AUC results 
were also produced to evaluate classification performance as 
shown in Fig. 11, providing the weighted average of recall 
and precision, and the highest value of F-score and AUC 
was reported by RF model by considering the selected 10, 
making it more suitable for real-time classification tasks of 
renal lesions

The favorable values of sensitivity and specificity of 
the proposed feature set combination are 94.4% and 93.4% 
reported by employing a random forest classifier, respec-
tively, and estimating the likelihood of the negative and posi-
tive labels being correct. Thus, the observed results show 
that the suggested feature vector consisting of 10 features 
performs better in the categorization of renal lesions from 
CT images in terms of all evaluated metrics. Further, the 
comparative analysis of the proposed methodology with the 
existing approaches for categorizing renal lesions has been 
highlighted in Table 7 which shows how the proposed clas-
sification technique performs better as compared to other 
state-of-the-art methods. Thus, based on experimental analy-
sis, it can be found that reducing the number of features 
and creating a new hybrid optimal feature improved the 

performance of classification. Also, among the classifiers 
used, namely k-NN, NN, SVM, RF, and naive Bayes, the 
performance of RF is found to outperform others with accu-
racy of 95.8%. The performance parameters were analyzed 
using the same dataset, yielding reliable results. However, 
the suggested approach is more accurate in categorizing 
renal lesions than other current research on the same data-
base, as evidenced by performing different experimental 
trials and also by the values given in Table 7 and Fig. 12.

The proposed feature vector for the classification of renal 
lesion offers several significant advantages over traditional 
approaches. Firstly, by integrating diverse texture models, it 
captures both global and local spatial patterns, enhancing the 
characterization of renal lesion tissue heterogeneity. Secondly, 
the use of advanced feature selection methods—correlation-
based feature selection, information gain, and gain ratio—
enables the identification of the most discriminative features, 
thereby reducing computational complexity while maintaining 
high diagnostic accuracy. Thirdly, the random forest classifier, 
due to its ensemble nature, provides robust and generalizable 
performance even with limited data, achieving a notable accu-
racy of 95.8%. Lastly, the hybrid feature design employs less 
computational power by reducing the feature dimensionality, 
making the model more suitable for clinical decision sup-
port and real-time diagnostic applications. Further, reducing 
dimensionality in classification tasks offers several significant 

Fig. 12   Comparison of proposed technique with exiting approaches in terms of accuracy
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advantages. It helps minimize overfitting by eliminating irrel-
evant or redundant features, allowing the model to generalize 
better to unseen data. This reduction also leads to improved 
model performance, as many classification algorithms operate 
more efficiently with fewer, more meaningful features. Addi-
tionally, it lowers computational cost by reducing memory 
usage and speeding up both training and inference times.

Clinical Relevance and Practical Application

The proposed hybrid feature-based classification frame-
work has significant potential for integration into a com-
puter-aided diagnosis (CAD) tool in real-world clinical set-
tings. By leveraging texture features from CT images and 
using widely accepted machine learning algorithms, the 
model can serve as a reliable CAD tool to assist radiolo-
gists in distinguishing benign from malignant renal lesions. 
Its relatively low computational complexity and compati-
bility with standard DICOM image formats make it feasible 
for deployment within existing radiology workflows. Fur-
thermore, the use of meaningful features enhances clinical 
trust, which is essential for adoption in healthcare envi-
ronments. With further validation using larger and diverse 
patient datasets, the system could be embedded into PACS 
(Picture Archiving and Communication Systems) or radiol-
ogy software to provide a valuable second opinion during 
routine kidney cancer screening or diagnosis.

Conclusion

This study introduces a machine learning–based technique 
based on novel hybrid feature vector for classifying benign 
and malignant renal lesions. The suggested feature vector 
combines multiple texture models—FoS, GLDS, SGLCM, 
NGTDM, Law’s TEM, FPS, SFM, and Fractal—to capture 
diverse structural and statistical characteristics of renal tis-
sue. Unlike previous studies that rely on limited or single-
type feature representations, the proposed method leverages 
a hybrid feature vector, by extracting the information from 
eight different texture models for renal lesion classification. 
To enhance model efficiency and reduce computational 
complexity, three robust feature selection techniques—
information gain, gain ratio, and correlation-based selec-
tion—were applied to derive a compact set of the most 
discriminative 10 features. The experimental results dem-
onstrated that by employing reduced hybrid feature set con-
sisting of 10 features for texture analysis; classification per-
formance has been substantially improved. The accuracy of 
the suggested technique is reported to be 95.8% by using 
Random Forest Classifier, which is higher as compared to 
the existing technique. The results highlight the potential 

of the proposed feature vector in supporting CAD systems 
for renal cancer. By effectively combining multiple texture 
descriptors and machine learning, the model demonstrates 
promising utility as a second-opinion tool for radiologists, 
subject to further clinical validation.
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