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ABSTRACT
Aim: The goal of this research is to use Gaussian maximum Like-
lihood classifier and Minimum distance to mean Classifier to 
predict and detect kidney stones. Materials and Methods: This 
investigation made use of a collection of data from Kaggle web-
site. Samples were collected (N=10) for normal kidney images 
and (N=10) for kidney with stone images. Total sample size was 
calculated using clinical.com. As a result the total number of 
samples 20 was considered for analysis. Using Matlab software 
and a standard data set collected from Kaggle website, the clas-
sification accuracy was obtained. Pretest G power 80, sample size 
calculation can be done through clinicalc.com. Results: The ac-
curacy (%) of both classification techniques are compared using 
SPSS software by independent sample t-tests. There is a statisti-
cal significant difference between Gaussian maximum Likelihood 
classifier and Minimum distance to mean Classifier. Comparison 
results show that innovative Gaussian maximum Likelihood clas-
sifiers give better classification with an accuracy of (81.34%) than 
Minimum distance to mean Classifiers (78.85%).There is a statisti-
cal significant difference between Gaussian maximum Likelihood 
classifier and Minimum distance to mean Classifiers. The Gauss-
ian maximum Likelihood classifier with p=0.022, p<0.05 hence 
significant and showed better results in comparison to Minimum 
distance to mean classifiers. Conclusion: The Gaussian maximum 
likelihood classifier appears to give better classification accuracy 
than the Minimum distance to mean Classifier
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INTRODUCTION
The study helps to develop a method for detecting 

kidney stones using Gaussian maximum Likelihood 
classifier and bayesian classifier (Ardon et al. 2015).
Ultrasound imaging is one of the available imaging 
techniques used for diagnosis of kidney abnormalities 
which may be like changing the n shape and position 
and swelling of limb. Kidney stones are small hard 
masses that form within the kidney. Kidney stone test-
ing uses one or more method. This order to help iden-
tify the cause of the stone and Where possible bro pre-
vent the formation of more stones (Serrat et al. 2017) 

Kidney stone disease is one of the major life threat-
ening ailments persisting worldwide. The stone dis-
eases remain unnoticed in the initial stage, which in 
turn damages the kidney as they develop. A majority 
of people are affected by kidney failure due to diabe-
tes mellitus, hypertension, glomerulonephritis, and so 
forth. Since kidney malfunctioning can be menacing, 
diagnosis of the problem in the initial stages is advis-
able. Ultrasound image is one of the currently available 
methods with noninvasive low cost and widely used 
imaging techniques for analyzing kidney diseases.

This study has been linked to 34 google scholar and 
150 science science direct articles (Schulsinger 2014). 
In recent years related to medical images many classi-
fication methods, and models utilizing machine learn-
ing have been reported with one of its performance 
measures as classification accuracy. An image ac-
cess through the performance measure of innovative 
Gaussian maximum likelihood classifier (81.5410%) 
and bayesian classifiers accuracy (71.1314%) has been 
encoded with machine learning which is the easiest 
and simplest method to form the detection of kidney 
stone.

MATERIALS AND METHOD
The study was conducted in a simulation lab at 

Saveetha School of Engineering and samples were 
collected from Kaggle website where ethical approval 
is not necessary. The samples are separated into two 
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groups and tested for kidney stone detection using 
parallel pipes and bayesian classifiers. Each group has 
a size of 20 samples. Pretest G power 80, sample size 
calculation can be done through clinicalc.com. The 
alpha error is 0.05 power: 85, Beta: 0.2 with 95% con-
fidence interval.

The study setting was conducted in the Saveetha 
School of Engineering simulation lab where ethical 
approval is not necessary. The samples are separat-
ed into two groups. Group 1 has kidney stone detec-
tion using Gaussian max likelihood classifier (Tam-
ilselvi 2017). Group 2 has kidney stone detection 
using Bayesian Classifiers. According to the sample 
Group 1 has 20 and Group 2 has 20 samples. Pretest 
power sample size calculation can be done through 
clinicalc.com, with alpha error: 0.05, power: 80, 
Beta:0.2, 95% confidence interval. Our team has 
extensive knowledge and research experience that 
has translate into high quality publications (Chel-
lapa et al. 2020; Lavanya, Kannan, and Arivalagan 
2021; Raj R, D, and S 2020; Shilpa-Jain et al. 2021; 
S, R, and P 2021; Ramadoss, Padmanaban, and Sub-
ramanian 2022; Wu et al. 2020; Kalidoss, Umapathy, 
and Rani Thirunavukkarasu 2021; Kaja et al. 2020; 
Antink et al. 2020; Paul et al. 2020; Malaikolundhan 
et al. 2020) 

The findings of both the algorithms are validated 
by statistical analysis. IBM SPSS software was used for 
statistical analysis. The independent variable correla-
tion was tested using an independent sample t-test. 
First, the input images were rescaled to 512x480 pix-
els. Following that, a Gaussian max likelihood classi-
fier and a bayesian classifier algorithms using Matlab 
software were used to extract features to classify kid-
ney stone images. In Matlab programming, the esti-
mated sample values are exported for statistical anal-
ysis. Then it is trained with features of all the images 
instead of individual images and while testing rather 
than the predicted label of the testing image a whole 
label of obtained features is predicted. If the image of 
the majority of features was matching with that of the 
expected image then it was a successful recognition. 
The performance of both algorithms was measured 
using the classification accuracy on kidney stone im-
ages. This parameter was calculated and evaluated to 
assess the method’s efficacy and comparison of results 
was done for both methods to find which algorithm 
performed significantly better results (Dinesh Peter et 
al. 2019).

Statistical Analysis
To validate the results of both algorithms, statisti-

cal analysis was done using IBM-SPSS software. As the 
two classifiers are independent to each other, indepen-
dent samples t-test was performed for the independent 
variable classification and detection. The accuracy is a 
dependent variable in this study.

RESULTS 
Table 1 represents the comparison of mean accu-

racy using Gaussian maximum Likelihood classifier 
and Minimum distance to mean Classifier of sample 
kidney stone images. Gaussian maximum Likelihood 
classifier was found to have better accuracy 81.34% in 
matlab programming Table 2 shows a group statistics 
comparison of minimum distance to mean classifiers 
and Gaussian maximum Likelihood classifier based 
on accuracy. The standard error of mean accuracy 
is low for Gaussian maximum Likelihood classifier 
(1.22345) and high (2.07399) for Minimum distance 
to mean classifier technique.

Table 1
Comparison of mean accuracy of Minimum distance to mean 
and Gaussian Maximum Likelihood Classifier 
Samples Classification Accuracy (%) 

Minimum distance to 
mean classifier

Gaussian Maximum 
Likelihood Classifier

1 90 82.23
2 62 78.3
3 71 90.3
4 73 75.2
5 69 80.3
6 80 81.53
7 62 80.2
8 80 75.6
9 72 72.9
10 90 90.3
11 90 81.6
12 88 89.3
13 82 82.6
14 70 85.21
15 90 79.1
16 80 75.2
17 80 91.2
18 80 81.53
19 91 80.6
20 77 75.6
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Table 2
Group statistics show a comparison of Minimum Distance to Mean 
Classifier and Gaussian Maximum Likelihood Classifier. Based on ac-
curacy. The mean value of accuracy is low at 78.85% for Minimum 
Distance to Mean Classifier and high at 81.34% for Gaussian Max-
imum Likelihood Classifier, The standard error of mean accuracy is 
high for Minimum Distance to Mean Classifier (2.07399) and low 
(1.22345) for Gaussian Maximum Likelihood Classifier technique

Group  N Mean  Std De-
viation

Std.
Error 
Mean

Accu-
racy

Minimum Dis-
tance to Mean 
Classifier

 10 78.85  9.27518 2.07399

Gaussian Maxi-
mum Likelihood 
Classifier

 10  81.34  5.47144 1.22345

Table 3 represents the independent sample t test 
which compares the two independent groups (Gauss-
ian maximum likelihood and Minimum distance to 
mean Classifier). The data was statistically significant 
between the two groups. It provides mean difference, 
significance value (2-tailed) standard error difference, 
and 95% confidence interval of the difference in both 
lower and upper levels for accuracy at equal variances 
assumed and not assumed. It portrays the mean and 
standard deviation of the two parameters, of t-test 
equality of variance and 95% confidence interval. This 
has different (N=20) samples, the mean difference in 
equal variances assumed and equal variances not as-
sumed the upper and lower (2.49) and the relation of 
std.error difference (2.40796) has also been consid-
ered with the correlation between t- test. 

Figure 1 represents Matlab simulation results of 
Gaussian maximum Likelihood classifier and minimum 
to mean algorithm (a) Input image (Kidney stone image) 
(b) Classification result of Gaussian maximum likeli-
hood classifier (c) Classification result of mean classifier.

Figure 2 represents bar graph comparison be-
tween two classifiers. The X-Axis represents the two 
classifiers used to classify kidney stone detection and 
Y-Axis represents the performance measure mean ac-

curacy of both techniques with (+ 2SD) with 95% CI. 
The comparison of Gaussian maximum Likelihood 
technique and minimum to mean classifier based on 
classification accuracy reflects the anticipated yield. 
In addition, t-test results show up to be a factually in-
consequential contrast in exactness between two strat-
egies. These discoveries have shown that Gaussian 
maximum likelihood technique can be foreseen more 
rapidly than the mean classifier.p y

Fig. 2. Bar chart representation of the comparison between Min-
imum Distance to Mean Classifier and Gaussian Maximum Like-
lihood Classifier. The X-Axis represents the two classifiers used to 
classify kidney stone detection and Y-Axis represents the mean 
accuracy of both techniques with (+ 2 SD) with 95% CI

Table 3
Independent Sample t test which shows comparison between Minimum distance to mean and Gaussian Maximum Likelihood 
Classifier. Both groups are statistically significant.

 Parameters Leven’s test for 
equality of variance

T-test for equality of variance  95 % of the confidence inter-
val of the difference

f  sig  t df One 
sided p 

Two 
sided p

Mean 
difference

std. Error 
Difference

 Lower upper

Accuracy Equal variances 
assumed

5.693 .022 1.034 38 <0.01 .308 2.49 2.40796 7.36466 2.38466

Equal variances 
not assumed

1.034 30.975 <0.01 .309 2.49 2.40796 7.40240 2.42240

Fig. 1. Matlab simulation results of Minimum Distance to Mean 
Classifier and Gaussian Maximum Likelihood Classifier algo-
rithm (a) Input image (Kidney stone image) (b) Classification 
result of Minimum Distance to Mean Classifier (c) Classification 
result of Gaussian Maximum Likelihood Classifier.
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As a result, this research has a lot of promise be-
cause manual forecasting can simply be converted to 
computerized production. There is a modification in 
algorithms for future better accuracy (100%). The out-
comes are influenced by the same and smaller sample 
size used for validation. If the sampling size and pro-
portion of the training data set are raised, the results 
will grow accordingly as well. It is sensitive to data 
structure and memory constraints on a local level.

DISCUSSION
There is a statistically significant difference in Gauss-

ian maximum Likelihood classifier p=0.022, p<0.05 
compared to the minimum distance to mean classifier in 
matlab programming. Many researchers have proposed 
a model based on ensemble techniques using a Gauss-
ian maximum Likelihood classifier, with the purpose of 
assessing the model’s accuracy. Within the hints of the 
study techniques, the classifier required the comparison 
of mean accuracy from Gaussian maximum Likelihood 
and Bayesian (Viswanath and Gunasundari 2014). This 
task was done with the help of a matlab tool. The per-
formance measure classification accuracy is compared 
to each other on the basis of successfully classified cas-
es (Noll, Li, and Wesarg 2014; Schwier and Hahn 2014). 
Gaussian maximum Likelihood classifier and Bayesian 
classifier-based kidney abnormal picture segmentation, 
artificial neural network-based classification, and op-
timization algorithm-based feature selections are dis-
cussed in another research (Ardon et al. 2015). Matlab 
was used to implement the Bayesian approach. Accuracy 
measures were used to evaluate the suggested method’s 
performance (Prevost et al. 2014, 2012). The suggested 
classifier is compared to a gaussian classifier, and the re-
sults demonstrated the effectiveness of the classification 
stage (Prevost et al. 2014). Similarly, the performance of 
the Gaussian maximum Likelihood classifier and the 
Bayesian classifier-based segmentation is examined with 
different functions (Noll, Li, and Wesarg 2014). The ex-
perimental results clearly showed the proposed method 
based segmentation achieves the maximum accuracy of 
81.34% attaining the better result. In future, to develop 
different types of disease segmentation and classification 
using different algorithms.

CONCLUSION
Gaussian maximum Likelihood classifiers and 

Minimum distance to mean classifiers were used to 
detect kidney stones. Gaussian maximum Likelihood 

classifier outperforms Minimum distance to mean 
classifiers in terms of classification accuracy for the de-
tection of kidney stones using Matlab programming. 
This research can be used to detect kidney stones in 
clinical settings such as hospitals and testing centers.
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