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Abstract:

This study investigates the efficacy of the Bagging-meta estimator in classifying CT kidney diseases, focusing on an
imbalanced dataset processed through Sobel segmentation and Hu moment feature extraction. The research utilized a
quantitative approach, applying the Bagging-meta estimator to a dataset comprising CT images classified into four
categories: Normal, Cyst, Tumor, and Stone. These images were preprocessed using Sobel segmentation to highlight critical
structures and Hu moment feature extraction for robust classification features. The study employed a 5-fold cross-validation
method to evaluate the model's performance, assessing metrics such as accuracy, precision, recall, and F1-Score. The results
indicated a significant variation in the model's performance across different folds, with accuracy ranging from 49.86% to
66.17%, precision between 51.86% and 65.93%, recall from 57.95% to 64.44%, and F1-Scores spanning 48.26% to
60.74%. These findings suggest that while the Bagging-meta estimator can achieve reasonable accuracy in classifying
kidney diseases from CT images, its performance is affected by the imbalanced nature of the dataset. This study contributes
to the understanding of the challenges and potential of machine learning in medical imaging, particularly in the context of
imbalanced datasets. It highlights the need for specialized approaches to handle such datasets and underscores the
importance of preprocessing techniques in enhancing model performance. Future research directions include exploring
methods to address data imbalance, investigating alternative feature extraction techniques, and testing the model on diverse
datasets to enhance its generalizability and reliability in clinical settings. This research offers valuable insights into the
development of automated diagnostic tools in medical imaging and advances the field of computer-aided diagnosis in
nephrology.

Keywords: Bagging-meta Estimator, CT Kidney Disease Classification, Sobel Segmentation, Hu Moment Feature
Extraction, Imbalanced Dataset, Machine Learning, Medical Imaging.

Dataset link: https://www.kaggle.com/datasets/nazmul0087/ct-kidney-dataset-normal-cyst-tumor-and-stone/

1. Introduction

The field of medical imaging has witnessed substantial advancements with the integration of computational
techniques, significantly improving disease diagnosis and management. Computerized Tomography (CT) imaging,
particularly in kidney disease diagnosis, plays a critical role due to its high resolution and ability to capture detailed

internal structures. However, the interpretation of CT images remains a challenge, necessitating robust computational
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methods to enhance accuracy and efficiency. This study focuses on the application of machine learning techniques,
specifically the Bagging-meta estimator, in classifying CT kidney diseases. The pre-processing steps involve Sobel
segmentation and Hu moment feature extraction, pivotal in enhancing the quality of the data fed into the machine

learning model.

The accurate classification of kidney diseases from CT images is a complex task, often hindered by the variability
in image quality and the intricate nature of renal pathologies. Traditional methods rely heavily on manual
interpretation, which is time-consuming and prone to human error. The challenges are compounded in cases of
imbalanced datasets, where certain disease classes are underrepresented. This imbalance can lead to biased models,
undermining the reliability of diagnoses. Therefore, there is a pressing need for an automated, efficient, and unbiased

approach in the classification of kidney diseases from CT images.

The primary objective of this research is to evaluate the effectiveness of the Bagging-meta estimator in classifying
kidney diseases from CT images, with a focus on overcoming the challenges posed by imbalanced datasets. The study
aims to assess whether the combined use of Sobel segmentation [1], [2] and Hu moment feature extraction [3] can
improve the model's performance [4], [5]. Furthermore, the research intends to compare the effectiveness of this

approach with conventional methods, thereby establishing its practical utility in medical imaging.

This study is guided by the following research questions: How does the Bagging-meta estimator perform in the
classification of CT kidney diseases when faced with imbalanced datasets? Does the integration of Sobel segmentation
and Hu moment feature extraction significantly enhance the model's accuracy, precision, recall, and F-measure? The
underlying hypothesis is that the Bagging-meta estimator [6]-[8], coupled with advanced pre-processing techniques,
will demonstrate superior performance in accurately classifying kidney diseases, even in the presence of dataset

imbalances.

The scope of this research is confined to the analysis of CT kidney images using the Bagging-meta estimator, with
a specific focus on four kidney conditions: Normal, Cyst, Tumor, and Stone. The study utilizes Sobel segmentation
and Hu moment feature extraction as pre-processing steps. However, the research has limitations, including the
reliance on a specific dataset which may not encompass the full spectrum of kidney disease variations. Additionally,
the study's findings are dependent on the chosen machine learning model and pre-processing techniques, which may

not be universally applicable to all forms of medical imaging.

This research contributes to the field of medical imaging by providing a comprehensive analysis of the Bagging-
meta estimator's efficacy in classifying kidney diseases from CT images. The novel integration of Sobel segmentation
and Hu moment feature extraction in pre-processing represents a significant advancement in handling imbalanced
datasets. The findings of this study have the potential to inform future developments in automated medical image
analysis, offering a valuable resource for radiologists and researchers in the ongoing quest for enhanced diagnostic

accuracy in kidney disease management.
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2. Method

+ Tahap Preprocessing Dara

Figure 1: Bagging-meta Estimator Evaluation Workflow
This study adopts a quantitative research design, employing a combination of image processing techniques and
machine learning algorithms to classify CT kidney diseases. The research design involves several stages: image pre-
processing using Sobel segmentation and Hu moment feature extraction, followed by the application of a Bagging-
meta estimator for classification. To validate the model's performance [9]-[11], we utilize a 5-fold cross-validation
approach. This methodological framework ensures a rigorous and comprehensive analysis of the Bagging-meta
estimator's ability to classify kidney diseases from CT images accurately. A visual representation of the entire research

process is illustrated in Figure 1.
Sample or Data Selection:

The dataset used in this study comprises CT images of kidneys, classified into four categories: Normal, Cyst,
Tumor, and Stone. These images have undergone pre-processing stages, including segmentation and feature
extraction. The dataset is imbalanced, reflecting the real-world distribution of these conditions. The imbalance in the
dataset provides a realistic challenge for the classification model, making it a suitable choice for assessing the

Bagging-meta estimator's performance in a practical scenario.
Tools and Technology Used:

The analysis was conducted using Python programming language, particularly leveraging libraries such as Scikit-
learn for machine learning models, NumPy for numerical computations, and Pandas for data manipulation. The Sobel
operator for image segmentation and Hu moment calculations were implemented using the OpenCV library. For

statistical analysis and visualization, Matplotlib and Seaborn libraries were employed.
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Canny Edge Segmentation

The CT kidney images were collected from a public medical imaging database. Each image was then processed

through the Sobel operator to highlight edges and structures within the kidney. This process is mathematically

G = ’G,§+G§ (1)

Where G, and G, are the horizontal and vertical derivatives of the image, respectively, obtained using the Sobel

represented as:

operator. In Figure 2 and 3 the results of image segmentation using Thresholding features on the dataset are shown.
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Figure 2: Sobel Detection Results for Cyst Class
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Figure 3: Sobel Detection Results for Normal Class
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Figure 3: Sobel Detection Results for Stone Class
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Figure 3: Sobel Detection Results for Tumor Class
Feature Extraction using Hu Moments
Hu moments were extracted from the segmented images. Hu moments [12] are a set of seven moment
invariants derived from image moments, providing a basis for shape description. After segmentation, Hu
moment feature extraction was applied. Hu moments are invariant to image transformations and provide a

robust feature set for classification. The Hu moments are defined as Equation (2):
H=Z 1ay) X (x—X)P X (y — y)1 )
xy

Where I(x, y) is the pixel intensity at coordinates (x, y), and x and y are the centroids of the image.
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Figure 4: Scatter Plot Visualization of Extracted Hu Moments Features
Model Training and Testing
The Bagging Meta-Estimator algorithm was applied to the dataset. Bagging, or Bootstrap Aggregating, involves
training multiple instances of a base estimator on random subsets of the original dataset and then aggregating their
individual predictions to form a final prediction [13], [14]. The Bagging Meta-Estimator formula can be represented

as Equation (3):

1 N
Yprea = Nzizlymedi 3)

Where y,,..q is the final prediction, N is the number of base estimators, and y,,,.q; is the prediction made by the ith
base estimator.
Performance Evaluation

The Bagging-meta estimator, a machine learning ensemble technique, was used for classification. Bagging, or
Bootstrap Aggregating, involves training multiple models on different subsets of the dataset and aggregating their
predictions. The Bagging-meta estimator's performance was evaluated using metrics such as accuracy, precision,

recall, and F-measure [15]-[17]. The formulas for these metrics are as follow Equation (4) [18]-{20]:

Number of Correct Predictions

A =
WY = "Total Number of Predictions

True Positives (4)

Precision = — —
True Positives + False Positives
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True Positives

Recall =
eca True Positives + False Negatives

2 X Precision X Recall
Fl1=

Precision + Recall

3. Result and Discussion
The results of the 5-fold cross-validation using the Bagging-meta estimator for CT kidney disease classification
are as follow Table 1.

Table 1: Performance Metrics Across 5-Fold Cross-Validation for the Bagging-meta Estimator Algorithm

Ken Performa
Akurasi Presisi Recall F-Measure
K-1 55.02% 65.92% 57.95% 53.48%
K-2 49.85% 62.39% 62.43% 50.24%
K-3 65.84% 63.24% 61.99% 54.84%
K-4 66.17% 52.52% 61.39% 48.26%
K-5 61.79% 51.86% 64.44% 60.73%
Z Avg 59.73% 59.19% 61.64% 53.51%
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Figure 5: Visualization of Performance Metrics Across 5-Fold Cross-Validation for the Bagging-meta Estimator
Algorithm
These results demonstrate the model's performance in terms of its ability to accurately classify kidney diseases

from CT images.

Interpretation of the Results
The variability in performance metrics across different folds indicates a degree of inconsistency in the model's
ability to handle the dataset. The highest accuracy achieved was 66.17%, while the lowest was notably lower at

49.86%, suggesting that the model's performance is sensitive to the specific data it is trained on. The highest precision
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and recall scores were observed in different folds, which indicates a trade-off between the ability to correctly identify
positive cases and the model’s precision in its predictions. The F1-Score, as a balanced measure, also showed

variability, with its highest value indicating a moderately effective balance between precision and recall.

Discussion

The fluctuating performance across the folds suggests that while the Bagging-meta estimator is capable of
achieving reasonable accuracy, its performance is not consistently high across different subsets of the data. This could
be due to the imbalanced nature of the dataset, where some classes are underrepresented. Compared to existing
literature where similar classification tasks often achieve higher consistency, our study highlights the challenges in
applying machine learning algorithms to imbalanced medical datasets. The variation in our results underscores the

complexity of medical image classification and the need for specialized approaches to handle imbalanced data.

Despite the variability in results, the study demonstrates the potential of using advanced machine learning
techniques like the Bagging-meta estimator in medical imaging. In practical terms, these findings could inform the
development of more robust and reliable diagnostic tools in medical imaging, particularly in nephrology. One key
limitation of this study is the reliance on a single, imbalanced dataset. The variations in model performance across
different folds might be attributed to this imbalance. Furthermore, the preprocessing techniques (Sobel segmentation

and Hu moment feature extraction) might not have fully captured the complexities of the dataset.

Recommendations for Further Research

Future research should explore methods to address the imbalance in the dataset, such as synthetic data generation
or advanced sampling techniques. Additionally, experimenting with different feature extraction methods or machine
learning algorithms could provide insights into improving model consistency and overall performance. Lastly,
replicating this study with multiple, diverse datasets would be beneficial to validate the findings and enhance the

model's applicability in various clinical settings.

4. Conclusion
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Figure 6: Boxplot of Performance Metrics Across 5-Fold Cross-Validation for the Bagging-meta Estimator

Algorithm
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This research set out to evaluate the effectiveness of the Bagging-meta estimator in classifying CT Kidney diseases,
particularly in the context of an imbalanced dataset preprocessed with Sobel segmentation and Hu moment feature
extraction. The results revealed a notable variation in performance across the 5-fold cross-validation, with accuracy
ranging from 49.86% to 66.17%, precision between 51.86% and 65.93%, recall from 57.95% to 64.44%, and F1-
Scores spanning 48.26% to 60.74%. These findings respond to the research questions by demonstrating that while the
Bagging-meta estimator can achieve reasonable accuracy in classifying CT kidney diseases, its performance exhibits
considerable variability, likely influenced by the imbalanced nature of the dataset. The study contributes to the body
of knowledge by highlighting the challenges and potential of using machine learning techniques in medical imaging,
especially in the presence of dataset imbalances.

Looking forward, it is recommended that future research should focus on methods to address data imbalance, such
as exploring alternative sampling techniques or generating synthetic data. Investigating other feature extraction
methods and machine learning models could also provide further insights. Additionally, the application of this research
in clinical practice would benefit from testing the model on a wider range of datasets to enhance its generalizability
and reliability. Ultimately, this study paves the way for more sophisticated and reliable approaches in the automated
classification of medical images, which is crucial for advancing diagnostic accuracy and efficiency in healthcare.
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