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ABSTRACT

The Kidney is an important organ that filters waste, toxins, and excess fluids from the blood
and removes the waste in the urine. Kidney disease is a condition that occurs when it becomes
damaged or impaired. In this study, a model was proposed using a convolutional neural net-
work (CNN) and ML technology, which were trained on a dataset of 306 kidney ultrasound
images. This development included Canny extraction methods, grey level co-occurrence matrix
(GLCM), and principal component analysis (PCA) to obtain kidney abnormalities detection
features. Additionally, the new method created was called Canny Grey Principal Component
Analysis Pattern (CGPCAP). This CGPCAP method was developed to achieve better results in
feature extraction and classification multi detection kidney used scale invariant feature trans-
form (SIFT) to detect extreme, low-contrast, and edge areas in kidney images. Following this
discussion, CGPCAP was tested on an image retrieved from the database, with a set of 16 fea-
tures extracted. CGPCAP achieved high classification accuracy through the experimental use
of a CNN classifier. Other objectives included performing feature extraction and classifica-
tion between normal kidneys and kidney abnormalities. In this study, multi detection kidney
was used to detect extreme, low-contrast, and edge areas in kidney images. CNN was used
to classify kidney images based on the feature extraction results. Relating to this discussion,
the results of the proposed method were compared with automatic feature extraction using
Canny, GLCM, SIFT, and PCA. The extracted features were inputted to the CNN classifier, which
achieved the highest accuracy of 97.5% compared to other abnormality detection methods.
This suggests that the CGPCAP algorithm not only improves the model’s ability to make a
more accurate prediction but is also more efficient at handling more complex data. Overall,
the use of CGPCAP with the CNN test algorithm provides better results in the context of renal
abnormality detection.
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1  INTRODUCTION

The kidney is a bean-shaped organ in the urinary system of the body, with the main
function of removing waste products from the bloodstream in the form of urine [1],
[2]. Kidney stones are small, solid crystal growths that can stick to the ureter or pass
through it, depending on the size of the stone. Additionally, causes of kidney stones
include diet, obesity, certain medical treatments, and dehydration [3], [4]. Kidney cysts
are often found in people with advanced chronic kidney disease (CKD). These cysts
are a common condition, which is more common in older people. The median prev-
alence of simple renal cysts varies depending on the study population and imaging
method used [5], [6], [7]. When a kidney stone grows larger than five millimeters, it
can block the ureter, leading to severe pain in the abdomen or lower back. Moreover,
permanent kidney failure or even cancer can occur when treatment is delayed.

Artificial intelligence (AI) technology provides the necessary tools to address kid-
neyissues. Therefore, this study presents a methodology based on deep learning (DL),
specifically for the segmentation, detection, and classification of kidney diseases [8].
Detecting kidney stones becomes easier as the automated detection process reduces
operator noise and helps to identify as well as classify existing stones [9], [10]. This
result, which was inspired by previous studies, has motivated further investigation
into the detection and classification of kidney abnormalities [11]. The study aims to
support general practitioners in treating patients in the community, in outpatient
clinics, and in emergencies, even in the absence of a nephrologist.

Convolutional neural network (CNN) is a type of ML algorithm that is well-suited
to computer vision tasks. Modeling CNN is becoming an attractive architectural
option for addressing medical imaging problems, creating clinical adjuncts that
help doctors train, characterize, and evaluate difficult diagnostic cases [12], [13].
Since most of the ultrasound waves are reflected in the transducer, kidney stones
appear brighter and hyperechoic on ultrasound images. The deep convolutional net-
work architecture enables hierarchical feature extraction, enabling DL to become a
major focus of Al Ultrasound (US) imaging is an imaging modality that has many
advantages, including affordability, non-radioactivity, non-invasiveness, and real-
time, allowing it to be very popular in various radiological applications [14], [15].

Adjusting the parameters across a range of values shifts the result from an under
segmented image to an over segmented image in the Canny method. The optimal
result is achieved at the center of this range, where the image is most accurately
segmented [16], [17]. Following the discussion, ordered edge detection methods such
as the Canny algorithm aim to detect edges in images and objects without requiring
prior information. For example, this algorithm uses Gaussian filters to improve edge
detection accuracy [18], [19]. When using multiple directions to compute gradient
magnitude, the adaptive Canny algorithm improves its path edge detection by add-
ing adaptive median filtering and morphological closure operations [20], [21], [22].

Grey level co-occurrence matrix (GLCM) extracts feature points by signifying the
spatial characteristics in ultrasound images. The model is widely used in ultrasound
image analysis as it uses the correlation between the brightness values of neighboring
pixels and the current pixel [23], [24]. Additionally, the GLCM method statistically
describes the relationship between two adjacent pixels in a specific area, across
the area, or the grey level of pixels in a certain distance [25], [26]. The model classi-
fication method is a step in training classifiers whose main function is to extract
texture features from images [27]. Haralick defined 14 statistical features of the
GLCM for texture classification, and these features are highly correlated [28], [29].
Followingthis discussion, a total of eight features, including energy, entropy, homogeneity,
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entropy sum, variance, dissimilarity, and average sum, are extracted from the image of
the machine surface using GL.CM to form a data set. For texture classification, the model
features extracted from the machine surface image are used as inputs to ML classifiers.
GLCM is a statistical image analysis method for examining the pixel shape of an image
as a grey level matrix, also called a grey level spatial co-occurrence matrix.

Identifying and grouping objects based on features is part of the object recognition
process. The extraction stage is the phase where information is gathered from the fea-
tures for recognition [30], [31]. Moreover, modern CNN classification algorithms can
improve diagnostic performance for pathologists outside the capabilities of conventional
CAD architectures, as shown by the success in various classification tasks for diagnos-
ing kidney disease [32], [33]. A comprehensive study of CNN has enabled the develop-
ment of various CNN architectures based on Lenet, Faster R-CNN, ResNet, and VGGs [34].
Additionally, convolution, pooling, activation, and fully connected layers are the most
commonly used layers [35]. In a CNN, the merging layer combines the outputs of several
groups of neurons located in the same kernel map [36], [37]. Clustering involves dividing
a set of data points into groups (clusters) based on their similarities, with each observa-
tion acting as a prototype for the cluster [38]. Several performance measures, including
accuracy, sensitivity, specificity, confusion matrix, and positive predictive value, were
used to assess the performance of the study [39]. ML is the process of training machines
to predict diseases using large amounts of data [40], [41].

2  METHODOLOGY

During the study, classification of renal ultrasound images into normal kidney
and abnormal kidney images was proposed, where the abnormal kidney was clas-
sified into kidney stone, cyst, cancer, and tumor. Figure 1 showed the proposed
research framework.
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Fig. 1. The proposed research framework
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Figure 1 shows the proposed research framework, which consists of several
stages. The proposed research framework is the steps that will be taken to solve the
problem to be discussed, including:

1. The first is the collection of renal ultrasound image data, which is used as a test
image for further analysis.

2. The second stage is the segmentation stage, including thresholding, morpho-
logical operations, and calculation of MSE and PSNR values. Previous methods
focused on two or three class problems, but the author developed a classification
system to detect five categories of kidney images, such as normal, cyst, stone,
cancer, and tumor.

3. Previous methods use feature extraction only with Canny or only with GLCM; no
one has combined feature extraction with Canny, GLCM, and principal component
analysis (PCA) methods. The third stage included the feature extraction stage phase,
which represented the contribution (novelty) of the study by developing methods to
identify ultrasound images for the detection and classification of kidney abnormal-
ities. In this stage, the value of shape feature extraction using Canny based on area
and perimeter was determined. The texture features were also determined using the
GLCM method, which included variables such as energy, contrast, correlation, sum
of squares, homogeneity, and sum mean. Other parameters included sum variance,
sum entropy, entropy, difference variance, difference entropy, information measure
of correlation 1, information measure of correlation 2, and maximum correlation
coefficient. After obtaining three shape feature values from Canny and 14 texture fea-
tures from GLCM, the variables were used as feature values for standardization. The
features of the kidney image were extracted using PCA followed by a CNN classifier.

4. Following the discussion, the fourth stage was the detection phase, which included
several processes, namely extreme, low contrast, and edge detection. The previ-
ous detection was SVM, SIFT, and calculating the key point value with a formula
so that the key point image output is obtained. While the detection that the author
will develop is extreme detection, then low-contrast detection, and finally edge
detection, where the output is image detection.

5. Thelast stage included the classification stage of the kidney ultrasound image, which
consisted of the ultrasound image detecting stones, cysts, cancer, and tumors. In the
classification stage, CNN was used to train kidney data in the learning program. This
process enabled the model to detect kidney image objects by forming layers, apply-
ing pooling, and using the dropout method to achieve object detection results accord-
ing to the objectives of the study. While previous methods focused on two-class or
three-class problems, this investigation developed a classification system to detect
five categories of kidney images, namely normal, cyst, stone, cancer, and tumor.

3  RESULT
The testing in this study was conducted in several stages according to the study
framework using input images in the form of renal ultrasound images. In addition,

Matlab R2023 software was used to create programs and test images obtained from
renal ultrasound images.

3.1 Image preprocessing

Pre-processing was essential for image development, as poor contrast affected
accuracy. The process included hybrid contrast stretching, which used cropping,
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contrast improvement, and median filtering. Relating to the discussion, the prepro-
cessing is shown in Table 1.

Table 1. Preprocessing result

Image Contrast

Patients = Image Input USG  Image Cropping Enhancement

Image Median Filter

1

10

The preprocessing stage included cropping, which comprised the trimming
image to obtain the area of interest and eliminate noise outside the area.

3.2 Image segmentation

Image segmentation aimed to simplify the representation of kidney images,
allowing it to be more meaningful and easier to analyze. The segmentation grouped
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object pixels into areas that represented specific structures. This stage consisted of
Otsu thresholding, morphological operations, and the calculation of MSE and PSNR
values. During the process of the examination, a limit called the threshold was used.
Image intensity values greater than or equal to the threshold were converted to
white (1), while image intensity values less than the threshold were converted to
black (0). Therefore, the output of the thresholding result was a binary image, and
the outcomes of image segmentation were shown in Table 2 Segmentation of kid-

ney images.
Table 2. Segmentation of kidney images

Patients Image Kidney  Thresholding Otsu  Morphological Operations MSE  PSNR
1 0.609 | 15455

2 0.727 | 15592

3 0.684 | 17.632

4 0.865 | 18.319

5 0.754 | 18.680

6 0.981 | 19.623

7 0.781 | 18.197

8 0.785 | 20.107

9 0.829 | 22.588

10 0.513 | 16478

Table 2 shows that as the MSE value reduced, the segmentation results of the renal
ultrasound image became better. The results also signified that the closer image was
to the original image after processing. Consequently, as the PSNR value increased,
the segmented image became closer to the original image.

iJOE | Vol. 21 No. 4 (2025)
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3.3 Image extraction (CGPCAP)

Feature extraction relied on the local texture property for each image pixel, leading
to many statistics. However, studies had developed several hybridization methods to
achieve superior results in feature extraction and classification. In the literature, the
combination of Canny, GLCM, and PCA methods had not been previously explored.
Therefore, this study proposed a new method by combining the three main models for
texture feature extraction. Feature extraction relied on the local texture property for
each image pixel, leading to many statistics. However, studies had developed several
hybridization methods to achieve superior results in feature extraction and classifi-
cation. A hybrid approach called Canny Grey Principal Component Analysis Pattern
(CGPCAP), which combines Canny, GLCM, and PCA to improve the accuracy of feature
extraction and increase classification accuracy, outperforms conventional approaches
using previous algorithms to extract features from kidney ultrasound images.

Canny edge detection was applied initially to extract two parameters, namely area
and perimeter, in this image extraction stage. The Area which was a variable in Canny
edge detection, was a measure of the area occupied by an object in the image. This
variable was a basic and commonly used shape feature in object recognition. The
area provided information about the relative size of objects in the image. Moreover,
the perimeter in this investigation was the length of the line that formed the boundary
of the object. The variable provided information about the complexity of the object
or the sharpness of the edges. In addition, objects with longer perimeters had more
complex contours. The results of Canny shape feature values are shown in Table 3.

Table 3. Canny edge result image

Canny

Patients Image Canny
Perimeter

1 26.50 26.03
2 67.26 61.30
3 56.71 52.76
4 46.21 41.80
5 36.70 34.69
6 38.35 34.87

(Continued)
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Table 3. Canny edge result image (Continued)

) Canny
Patients Image Canny
Perimeter
7 55.44 51.07
8 60.50 54.31
9 53.69 46.99
10 69.25 63.02

Table 3 shows that Canny shape feature extraction produced two feature param-
eter values, namely area and perimeter. The area was a scalar value that deter-
mined the actual number of pixels. Following the discussion, the difference in values
was due to variations in the pattern of the pixels. The Canny operator followed a
sequence of steps, which started by taking a grayscale image as input and gener-
ating an image that showed the position of the intensity discontinuity. Other steps
included applying a Gaussian-derived kernel to eliminate noise in the original image
and using a hysteresis threshold to distinguish between true and false edges.

The GLCM process was used to characterize the texture of the image by calculat-
ing the frequency of pairs of pixels with specific values and spatial relationships. This
process led to the formation of GLCM, from which various statistical measures were
then extracted. GLCM had several texture features that were extracted from the image
and used to distinguish the image of a particular class from other classes. These fea-
tures included energy, contrast, correlation, sum of squares, homogeneity, and sum
average. Other variables included Sum Variance, Sum Entropy, Entropy, Difference
Variance, Difference Entropy, Correlation1 Information Measure, Correlation2
Information Measure, and Maximum Correlation Coefficient. Table 4 presents the
results of GLCM parameters, namely energy, contrast, correlation, and homogeneity.

Table 4. GLCM result image
GLCM

Image GLCM
Energy Contrast Correlation Homogeneity

1 0.996 0.002 0.783 0.999
2 0.961 0.009 0.912 0.997
3 0.913 0.018 0.920 0.995

(Continued)
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Table 4. GLCM result image (Continued)

GLCM
Image GLCM

Energy Contrast Correlation Homogeneity

4 0.981 0.007 0.878 0.998 -
5 0.989 0.008 0.820 0.998 -
6 0.976 0.006 0.910 0.998 -
7 0.986 0.004 0.916 0.999 -
8 0.981 0.005 0.911 0.998 -
9 0.981 0.005 0.911 0.998 -
10 0.961 0.015 0.867 0.996 -

Table 4 showed that the GLCM method was proposed as a statistical method for
extracting texture features from images. The method was developed by calculating the
transition between pairs of two pixels. Following the discussion, energy, which was a
parameter in GLCM, was used to measure the uniformity of the texture. The energy
was high when the pixel values were similar, and when the energy was low, it signified
that the values of the normalized GLCM were heterogeneous. Moreover, the maximum
value of the energy was 1, showing that the distribution of pixels was in a constant state
or periodic form (not random). As the image became more homogeneous, the energy
value became higher. During the study, contrast measured the spatial frequency of the
image and the difference in GLCM moments. This measurement was the difference
between the height and depth of a pixel. The contrast was 0 when neighboring pixels
had the same value. In this study, homogeneity was called Inverse Difference Moment,
which was a measure of the homogeneity of the image. This variable was very sensi-
tive to the values around the main diagonal; it had a high value when all pixels had
the same variable. Homogeneity was different from contrast, showing a high value
when all pixels had the same value, provided the energy remained constant. Relating
to the process, linearity (joint probability) of pairs of pixels was measured. The dimen-
sion of the resulting matrix was equal to the maximum value of the original image. In
addition, GLCM relied on two parameters, namely distance and angle.

Principal component analysis was a statistical method that aimed to reduce
the dimensionality of a dataset while preserving the structure and important
information. The method preserved information by projecting high-dimensional
data onto a low-dimensional subspace, facilitating the identification of the most
important patterns and features in the data. In this study, PCA operated through five
main stages, including the first stage, which was known as standardization, where
all variables were standardized. The process allowed each variable to have the same
contribution in the analysis. The second step was calculating the covariance matrix
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to identify the relationship between the variables from the input set. The third stage
included calculating the eigenvalues and vectors of the covariance matrix. This
study aimed to identify the principal component, as the analysis continued with
the feature vectors. By calculating the eigenvalues and vectors, the result showed
which components were less significant and could be discarded (components with
low eigenvalues). The remaining vector matrix was called the feature vector, and
the analysis was then completed by resampling along the principal component axis.
Relating to the discussion, Table 5 presents the PCA results of the study.

Table 5. PCA result image

Characteristics PCA
Patients
PC2
1 -3.778 0.834 0.224
2 2.581 -1.768 —0.465
3 7.360 0.596 0.674
4 -0.452 -0.680 0.083
5 -1.612 0.8239 -0.259
6 0.146 -0.992 1.139
7 -0.689 —2.364 0.525
8 0.044 -2.112 -0.016
9 -0.384 -0.531 -0.398
10 2.968 —0.024 -1.725

Table 5 showed that PCA captured the essence of the data in a few principal com-
ponents representing the most variation in the dataset. Firstly, the PCA plot showed
sample grouping based on individual similarities. Secondly, the loading plot signified
the strength of each characteristic’s influence on the principal components. These
vectors were pinned to the PC origin (PC1 =0 and PC2 = 0). The individual projected
value in each PC showed how much weight the vectors had. Thirdly, PCA biplot =
PCA score plot + loading plot; this PCA biplot simply combined the regular PCA plot
with the loading plot. The arrangement included bottom an axis representing the
PC1 score, a left axis for the PC2 score, a top axis showing the load on PC1, and a right
axis comprising the load on PC2. Fourthly, the scree plot showed how much variation
each principal component captured from the data. Consequently, the scree plot was
a diagnostic tool to check how effectively PCA represented the data. The comparison
results of PC1, PC2, and PC3 values in PCA were shown in the loading plot, signifying
the extent to which each characteristic influenced the principal component.

3.4 Image detection

The detection stage comprised several stages, including extreme, low contrast,
and edge detection. In extreme detection, maximum or minimum points were iden-
tified in the difference of Gaussian space. After obtaining the extrema points, the
positions were refined with sub-pixel accuracy using the second-order Taylor expan-
sion of the scale space function to obtain the true extremum position. Moreover,
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the low contrast image had minimal difference between the light and dark parts,
allowing it to be difficult to distinguish where the object boundary began and the
scene background as well. Images that were inadequate for image processing flow
were programmatically detected using low-contrast image detection. Following this
discussion, edge tracking was an operation used to identify distinct local intensity
changes in the image. Gradient was produced by measuring changes in this intensity
function, and the image was viewed as a collection of continuous intensity patterns.
Relating to the discussion, Table 6 showed the detection result image.

Table 6. Detection result image

Patients Local Extreme Detection Low Contrast Detection Result Edge Detection

According to Table 6, an edge was described as a rapid or significant change
in the gray level intensity over a short distance. Edge detection in the image was
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used to identify and mark the edges to show image details. This method helped to
clarify blurred image detail, which came from errors or limitations during image
acquisition. A point (%, y) was said to be an edge of the image when the point had a
high difference from its neighbors. Following the discussion, an edge detection oper-
ator was a tool used to modify the grey value of a point based on the grey value of the
points around it (convolution/neighborhood operation). In the neighborhood opera-
tion, points were assigned weights based on the specific operation being performed.
Moreover, the number of points used varied, with configurations such as 2 x 2, 3 x 3,
5x 5,7 x7,and others.

3.5 Image classification

When feature extraction focused on mapping patterns based on the features of
the image, classification aimed to the identify image by classifying these features. The
classification was used as the process of finding a model or function that described
or distinguished concepts or classes of data. This process aimed to estimate the class
of an object whose label was unknown. Classification process was divided into two
phases, including the learning and testing phases. In the learning phase, a portion of
the data of a known class was fed to form an approximate model, while in the test
stage, the model that had been formed was tested with some other data to determine
the accuracy. When the accuracy was sufficient, the model was used to predict the
class of the unknown data. This method classified new data by using previously cat-
egorized data to calculate the distance between the features of the template image
and the input image.

4  DISCUSSION

The purpose of using CNN in measuring accuracy to evaluate the performance of
the CGPCAP result model from a renal ultrasound image.

4.1 Architecture of CNN

The architecture of CNN for detecting kidney abnormalities used a kernel (or
filter) specifically designed to analyze kidney images. In addition, the filter was a
randomly generated vector in the network consisting of weights and biases. The
same weights and biases were shared between the different neurons in CNN, rather
than unique weights and biases for each neuron. Many filters were generated, with
each filter capturing an exceptional feature of the input. After the convolution
step during this study, the ReLLU activation function was applied. ReLU was the
most commonly used activation function that allowed neural networks to model
non-linear relationships effectively. In a specified matrix (x), ReLU set all negative
values to zero and kept all other values constant. The CNN architecture consists
of eight layers, including five convolutional layers and five fully connected layers.
The features presented in the ultrasound kidney image were extracted using the
pre-trained AlexNet CNN, which consisted of an input value of 16, including eight
convolutional layers and five fully connected (FC) layers. Following this discussion,
convolutional, pooling, and FC layers were the five main layers in CNN architecture,
as shown in Figure 2.
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Input Citra

Feature Extraction Classification

Fig. 2. Architecture of CNN for detecting kidney abnormalities

Figure 2 showed detection and classification of kidney abnormalities with
5 classes, namely normal, stone, cyst, cancer, and tumor. The resulting shape in the
CNN architecture is shown in Figure 3.

Fig. 3. Architecture CNN

Figure 3 CNN Architecture explains that the proposal of a hybrid approach called
CGPCAP, which combines Canny, GLCM, and PCA to improve the accuracy of feature
extraction and increase the classification accuracy, provides better results than con-
ventional approaches that use previous algorithms to extract features from kidney
ultrasound images.

4.2 Testing detection results with CNN

During the study, the image was grouped according to the file used. The pur-
pose of using CNN in this investigation was to develop a system that automatically
identified patterns or special features in kidney images to detect certain medical
conditions. Following the process, the features analyzed included energy, contrast,
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correlation, and homogeneity. The main purpose of CNN was to perform the task of
feature and pattern recognition to classify kidney abnormalities. This process was
achieved through the convolutional layer, which enabled the network to effectively
extract important features from the image, supporting accurate classification based
on the extracted and detected features. In the classification stage, the results of the
selected renal ultrasound image were shown in Table 7.

Table 7. Classification result image of patient 1 to 10

Patients
Feature Value

Area 26.500 67.266 56.714 46.210 36.705 38.350 55.444 60.500 53.692 69.259
Perimeter 26.039 61.305 52.764 41.808 34.691 34.878 51.076 54.315 46.997 63.027
Energy 0.996 0.961 0.913 0.981 0.989 0.976 0.986 0.981 0.985 0.961
Contrast 0.002 0.009 0.018 0.007 0.008 0.006 0.004 0.005 0.009 0.015
Correlation 0.783 0.912 0.920 0.878 0.820 0.91 0.916 0.911 0.862 0.867
Sum of squares 0.979 1.086 1.230 1.029 1.014 1.049 1.019 1.031 1.030 1.090
Homogeneity 0.999 0.997 0.995 0.998 0.998 0.998 0.999 0.998 0.998 0.996
Sum average 2.005 2.062 2.139 2.030 2.021 2.041 2.025 2.032 2.028 2.063
Sum variance 3.982 4.005 4133 3.999 4.010 4.019 4021 4.008 4.027 4.013
Sum entropy 0.014 0.1142 0.222 0.059 0.040 0.073 0.044 0.059 0.052 0.114
Entropy 0.015 0.1209 0.236 0.062 0.042 0.077 0.044 0.062 0.055 0.122
D. Variance 0.002 0.009 0.018 0.007 0.008 0.006 0.004 0.005 0.009 0.015
D. Entropy 0.005 0.0267 0.046 0.0171 0.016 0.017 0.008 0.014 0.017 0.035
IMC1 —0.687 | —0.8352 | -0.8397 —0.7744 -0.709 -0.825 | -0.8357 | -0.818 -0.764 | -0.755
IMC 2 0.127 0.398 0.538 0.27 0.212 0.320 0.249 0.287 0.256 0.372
MCC 0.998 0.980 0.955 0.990 0.994 0.988 0.993 0.990 0.992 0.9803
Results Cysts Normal Normal Cysts Normal Cysts Tumors Cysts Tumors | Tumors

Table 7 showed that classification of renal ultrasound images was divided into
five classes, namely normal kidney, stone, cyst, cancer, and tumor. In addition,
classification results were acquired from the results of the data stored in net.mat.
Following the discussion, CNN model training results are shown in Table 8.

Table 8. CNN model training results

Epoch  Iteration Time Elapsed Mini-Batch Accuracy Mini-Batch Loss Base Learning

1 1 00:00:01 28.12% 1.5824 0.0010
100 500 00:00:14 46.88% 1.1656 0.0010
200 1000 00:00:24 65.62% 0.9026 0.0010
300 1500 00:00:40 68.75% 0.7076 0.0010
400 2000 00:00:55 68.75% 0.7442 0.0010
500 2500 00:01:09 81.25% 0.4817 0.0010
580 2900 00:01:20 96.88% 0.2870 0.0010
990 4950 00:02:19 90.62% 0.3089 0.0010

1000 5000 00:02:20 97.5% 0.2953 0.0010
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Table 8 reveals that the model experienced a significant performance improve-
ment from the beginning to the end of training, with the validation accuracy con-
tinuously increasing and the validation loss continuously decreasing, indicating
that the model is getting better at generalizing the validation data. The learning rate
remains constant throughout the training process at 0.0010, indicating that a small
learning rate is used to achieve optimal convergence.

The Training Progress Monitor was a tool used to track the progress of training
when using custom training loops. This study used the progress monitor object to
animate custom and record custom metrics during training. The tool also showed
and recorded training information, stopped training early, and tracked training
progress along with elapsed time. More information on configuring the training
progress window and an example of how to generate this image was shown in mon-
itoring custom training loop progress. Following the discussion, CNN classification
started with training progress as shown in Figure 4.

4] Training Progress (02-)

Results

Training Progress (02-Jun-2024 02:55:19)

Validation accuracy: NA
Training finished: Max epochs completed

Training Time
Start time: 02-Jun-2024 02:55:19
Elapsed time: 4 min 26 sec

Training Cycle

Epoch 1000 of 1000
Iteration: 5000 of 5000
5

5000

Accuracy (%)

NIA

100 200 300 400 500 600 700 800 900 Other Information

0 500 1000 1500 2000 2500 3000 3500 4000 4500 5000 Hardware resource: Single GPU
Iteration

Learning rate schedule:  Constant
Leaming rate: 0.001

B} Exportasimage| [FlLearnmore

Accuracy

Training (smoothed)
300 400 500 Traning

0 500 1000 1500 2000 2500 3000 3500 4000 4500 5000 — -®— - Validation
lteration

Fig. 4. CNN model training result graph

Figure 4 showed the results of CNN progress, specifically signifying the valida-
tion accuracy in the training command window. The training progress monitor in
MATLAB was an object used to track the progress of training and to plot the training.
Additionally, training accuracy referred to the accuracy obtained when a model was
applied to training data. When the model was tested, the training data was used to
generate predictions based on the input features. These predictions were then com-
pared to the original labels to measure accuracy. The representation of the training
progress graph consisted of several parts, including Epoch, which was the number
of times the model passed through all the training data. During the study, iteration
represented the number of times the model had updated its parameters or weights
based on a portion of the training data. Increasing the number of iterations allowed
the model to learn more quickly. However, iterations also raised the risk of over-
shooting the optimal solution, potentially leading to instability. The mini-batch size in
the study was expressed as the amount of data used in the iteration, which affected
the speed and quality of model learning. Base Learning Rate described the size of the
large number of times the model changed its parameters or weights in an iteration, as
the rate affected the speed and quality of model learning. The results obtained in the
training process signified that the accuracy value was 95.625%, as shown in Figure 5.
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Training finished: Max epochs completed.
====== PELATIHAN ======
Jumlah Data : 160

Presisi : 93.75 %
Recall : 93.75 %
Fl Score : 93.75 %
Akurasi : 97.5 %
Sensitivitas : 93.75 %
Spesifitas : 98.4375 %

Fig. 5. Training accuracy

Figure 5 showed the training accuracy associated with the development of ultra-
sound extraction for kidney detection and abnormalities, signifying a validation
accuracy of 97.5%. The training data was used to train CNN. As the training data of a
model increased, the model made better predictions. During the study, the test data
was used to evaluate the performance of the model, which learned from the train-
ing data and improved its predictions. Training finished is Max epochs completed.
Total data: 160, accuracy: 93.75, recall: 93.75%, F1 score: 93.75%, accuracy: 97.5,
sensitivity: 93.75, and specificity: 98.4375.

In order to measure the performance of a classification model, an evaluation
metric for determining accuracy is required. Accuracy is defined as the ratio of the
number of correct predictions to the total number of predictions made by the model.
Correct predictions include two categories: true positive (TP) and true negative (TN).
TP refers to true positive predictions, while TN refers to true negative predictions.
On the other hand, there are two types of incorrect predictions, namely false posi-
tive (FP) and false negative (FN), where FP is when the model incorrectly predicts
a positive for a class that should be negative, and FN is when the model incorrectly
predicts a negative for a class that should be positive.

Akurasi = IP+IN x100% @D
TP+TN + FP+ FN

The process is also presented in the form of a confusion matrix, precision, recall
and F1 score as a more comprehensive form of evaluation. The prediction results
are analyzed using the Confusion Matrix, which provides a detailed overview of the
correct and incorrect predictions for each class labeled on each test data. Based on
this confusion matrix, important metrics such as recall (the model’s ability to detect
all positive classes), precision (the model’s accuracy in predicting positive classes),
and F1 score (the harmonic mean between recall and precision) are calculated to
provide a more accurate evaluation of the model’s performance, especially on the
dataset used in this study, which consists of 160 training images and 40 test images,
each labelled according to the conditions of normal kidney, kidney stone, kidney
cyst, kidney tumor, and kidney cancer.

4.3 Confusion matrix

The process is also presented in the form of a confusion matrix, precision, recall
and F1 score as a more comprehensive form of evaluation. The prediction results
are analyzed using the Confusion Matrix, which provides a detailed overview of
the correct and incorrect predictions for each class labeled on each test data. Based
on this confusion matrix, important metrics such as recall, precision, and F1 score
are calculated to provide a more accurate evaluation of the model’s performance,
especially on the dataset used in this study, which consists of 160 training images
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and 40 test images labeled according to the conditions of normal kidney, kidney
cyst, kidney stone, kidney tumor and kidney cancer, as shown in Figure 6.
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Fig. 6. Confusion matrix

Figure 6 shows the confusion matrix of the results of the five image classes tested,
such as normal kidney, kidney stone, kidney cyst, kidney tumor and kidney cancer.
The confusion matrix provides an overview of the performance of the model in dis-
tinguishing the five classes.

4.4 Receiver operating characteristic

The receiver operating characteristic (ROC) graph shows the relationship between
True Positive Rate (TPR) and False Positive Rate (FPR) at different class thresholds. TPR,
also known as sensitivity or recall, describes the proportion of positives that are cor-
rectly classified, while FPR describes the proportion of negatives that are incorrectly
positioned as positives. The calculation process performed in ROC is to determine
the TPR value. This process is performed to measure how well the model correctly
identifies positive samples. TPR (recall) or sensitivity is expressed using equation 2.

TP+ FN

The results of the model testing process based on predetermined classes on the
training and test data by visually displaying the ROC in Figure 7.
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Fig. 7. ROC
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Figure 7 shows ROC; based on the results obtained, each class is correctly identi-
fied, and there is no overlap between classes. This shows that the CNN model used
has optimal performance in the process of predicting images in each of the existing
classes, as shown in Figure 8.
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Fig. 8. AUC for each class

Figure 8 shows the AUC (area under the curve) values for the five classes of nor-
mal kidney, kidney stone, kidney cyst, kidney tumor, and kidney cancer as a result of
the analysis using the ROC curve. This high AUC is a strong indication that the model
has good generalizability and can handle the variability in the data very well.

5 CONCLUSION

In conclusion, automated classification methods were very useful for kidney
abnormalities detection. The use of pre-trained CNN networks performed well for
feature extraction on small data sets. Moreover, automatic feature extraction with
Canny, GLCM, SIFT, and PCA methods led to a higher classification rate with an accu-
racy of 97.5%. This suggests that the CGPCAP algorithm not only improves the mod-
el’s ability to make a more accurate prediction but is also more efficient at handling
more complex data. Overall, the use of CGPCAP with the CNN test algorithm provides
better results in the context of renal abnormality detection.
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