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Abstract: 

This study delves into the efficacy of ensemble machine learning techniques for classifying chest X-ray images into three 

distinct categories: Normal, COVID-19, and Lung Opacity. Employing the Random Forest Classifier and a rigorous k-5 
cross-validation framework, we aimed to enhance diagnostic accuracy for one of the most urgent medical challenges 

today—rapid and reliable COVID-19 detection. The analysis revealed an average accuracy of 51%, with varying precision 

and recall across different folds. The F1-score remained consistently around 35%, indicating a need for improved balance 

between precision and recall. Visualizations such as performance metric trends and a confusion matrix provided further 
insight into the classifier's performance, highlighting a notable degree of misclassification. Despite moderate success in the 

automated classification of the images, our research illustrates the complexity of applying machine learning to medical 

imaging, especially in differentiating between diseases with overlapping radiographic features. The study’s findings 

emphasize the potential of machine learning models to support diagnostic processes and suggest the necessity of advanced 
pre-processing techniques and extended datasets for enhanced model training. The research contributes to the growing body 

of knowledge in computational diagnostics and underscores the importance of developing robust, accurate machine learning 

tools to aid in the global healthcare crisis precipitated by the pandemic. 

Keywords: COVID-19, Chest X-ray, Random Forest Classifier, Ensemble Methods, Image Classification, Diagnostic 
Accuracy. 

Dataset link: https://www.kaggle.com/datasets/tawsifurrahman/covid19-radiography-database 

 

1. Introduction 

The swift and relentless spread of COVID-19 across the globe has underscored the urgent need for effective and 

rapid diagnostic methodologies. As the pandemic evolves, the medical community continues to seek innovative 

solutions to combat the spread of the virus, with chest X-ray (CXR) imaging emerging as a pivotal tool in the early 

detection and management of COVID-19 cases. CXR images, given their wide availability and the distinct patterns 

manifested by COVID-19 in the lungs, offer a promising avenue for enhancing diagnostic processes. The reliance on 

traditional diagnostic methods, such as RT-PCR, while effective, faces challenges including testing delays and supply 

shortages, necessitating the exploration of supplementary diagnostic tools to bridge gaps in the healthcare response to 

the pandemic. 

The primary problem this research aims to address is the need for an accelerated, reliable diagnostic process that 

can complement existing methods for identifying COVID-19 cases. Despite the advantages offered by CXR imaging, 

the interpretation of these images relies heavily on the expertise of radiologists, whose assessments can vary due to 

the subjective nature of image analysis. This variability underscores the critical need for an automated, accurate 

classification system that can assist healthcare professionals in making faster, more consistent diagnostic decisions. 

Such a system could significantly reduce the burden on healthcare facilities, ensuring timely treatment and isolation 

of affected individuals, thereby mitigating the spread of the virus. 

https://doi.org/10.56705/ijodas.%20v4i3.114


46  Indonesian Journal of Data and Science 

 

 

This study is driven by several key objectives: firstly, to evaluate the effectiveness of image pre-processing 

techniques in enhancing the quality and relevance of features extracted from CXR images; secondly, to assess the 

performance of the Random Forest Classifier [1]–[3], an ensemble machine learning model, in accurately categorizing 

CXR images into Normal, COVID-19, and Lung Opacity classes; and thirdly, to analyse the diagnostic accuracy of 

the proposed system using metrics such as precision, recall, accuracy, and F-measure [1], [3], [4]. By achieving these 

objectives, the research seeks to contribute a novel approach to the rapid diagnosis of COVID-19, leveraging the 

capabilities of machine learning to augment the diagnostic process. 

The scope of this research is focused on the analysis of CXR images utilizing the Random Forest Classifier, 

enhanced by pre-processing techniques such as Thresholding and Hu Moments for feature extraction [5]–[7]. The 

study employs a k-5 cross-validation method to ensure the robustness and reliability of the classification model [8], 

[9]. However, it is important to acknowledge the limitations inherent in this research, including the dependency on 

the quality and diversity of the dataset used. The findings are contingent upon the representation of various 

manifestations of COVID-19, Normal, and Lung Opacity cases in the dataset, which may not encompass all possible 

variations observed in the broader population. 

The contributions of this research extend beyond the immediate context of COVID-19 diagnostics. By 

demonstrating the applicability of ensemble machine learning techniques to medical imaging analysis, this study 

provides a framework that can be adapted and extended to other diagnostic challenges within the healthcare domain. 

The methodology and findings offer valuable insights into the potential of machine learning to enhance the accuracy, 

consistency, and efficiency of medical diagnostics, presenting a significant advancement in the field's response to 

pandemics and other healthcare emergencies. 

In summary, this research aims to bridge the gap between the need for rapid diagnostic methods and the capabilities 

offered by current technological advancements in machine learning and medical imaging. Through a comprehensive 

analysis of CXR images categorized into Normal, COVID-19, and Lung Opacity classes, this study seeks to contribute 

a novel, automated classification system to the arsenal of tools available to healthcare professionals in their fight 

against COVID-19, thereby supporting the broader goal of improving public health outcomes in the face of global 

health crises. 

2. Method: 

The study adopts a quantitative research design, focusing on the application of ensemble machine learning 

techniques to automate the classification of CXR images. The Random Forest Classifier [10]–[12], enhanced by image 

pre-processing methods such as Thresholding [13] and Hu Moments [14] for feature extraction, forms the core of our 

analytical framework. This approach is further validated through a k-5 cross-validation process to ensure the 

robustness and generalizability of the classification model. Our research is designed in five well-structured main 

stages, and their aspects are illustrated in Figure 1. 

  
 

Figure 1. General Research Design Stages 

 

Data Collection Process 
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The dataset comprises chest X-ray images categorized into three distinct classes: 3616 COVID-19 positive cases, 

10,192 Normal cases, and 6012 Lung Opacity cases. These images were collected in collaboration with medical 

professionals from various institutions, ensuring a diverse representation of cases to enhance the model's diagnostic 

accuracy across different manifestations of the conditions. Splitting dataset can show on Figure 2. 

 
Figure 2. Splitting Dataset 10 % testing, 90% training 

 

Tools and Technology Used 

The analysis was conducted using Python, leveraging libraries such as Pandas for data manipulation, NumPy for 

numerical computations, and Scikit-learn for implementing the Random Forest Classifier and cross-validation 

processes. Image pre-processing was facilitated by OpenCV, a library focused on real-time computer vision. 

Data Collection Process 

Data were sourced from the publicly available COVID-19 Radiography Database, a collaborative effort recognized 

by the Kaggle Community. This database includes anonymized CXR images from patients diagnosed with COVID-

19, as well as images representing Normal and Lung Opacity cases, collected under strict ethical guidelines with 

patient consent where required. 

Data Analysis Methods 

Image Segmentation using Thresholding 

Thresholding is utilized to distinguish leukocytes from the surrounding environment within the image [15]–[17]. 

Otsu’s method is employed to determine the optimal threshold value (𝑇), which is calculated to maximize the variance 

between the classes. The foundational thresholding equation is represented as Equation (1) [18]: 

𝜎𝐵
2(𝑇) =  𝜔0(𝑇)𝜔1(𝑇)[𝜇0(𝑇) − 𝜇1(𝑇)]2 (1) 

Where 𝜔0 and 𝜔1 are the probabilities of the two classes separated by the threshold 𝑇, 𝜇0 and 𝜇1 are the class 

means. In Figures 3, 4 and 5 the results of image segmentation using Thresholding features on the dataset are shown. 

 

Figure 3. Thresholding Edge Detection Results for Normal Class 
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Figure 4. Thresholding Edge Detection Results for COVID Class 

 

Figure 5. Thresholding Edge Detection Results for Lung Opacity Class 

Feature Extraction using Hu Moments 

Hu moments were obtained from the segmented imagery. These are seven invariant moment descriptors, stemming 

from the image moments, that serve as a foundation for outlining shapes [19]–[22]. The definition of Hu moments is 

expressed by Equation (2): 

𝜙1 =  𝑛20 + 𝑛02 

𝜙2 = (𝑛20 + 𝑛02)2 + 4𝑛11
2  

(2) 

Classification Algorithm: Random Forest 

The Random Forest Classifier was trained on the extracted features to categorize the CXR images [23], [24]. 

Random Forest operates by constructing multiple decision trees [4], [25]–[27] during training and outputting the class 

that is the mode of the classes of the individual trees. The classifier's performance was evaluated using k-5 cross-

validation, where the dataset is divided into five subsets, with each subset successively used as the test set while the 

remaining subsets form the training set [11], [28], [29]. The formulas for algorithm as follow Equation (3) 

𝐸𝑛𝑡𝑟𝑜𝑝𝑦 (𝑌) =  − ∑ 𝑝(
𝑖

𝑐|𝑌)𝑙𝑜𝑔2𝑝(𝑐|𝑌), (3) 

 

Performance Comparison Analysis 

The model's diagnostic accuracy was assessed using the following metrics: accuracy, precision, recall, and F-

measure [30]–[32]. These metrics are defined as follows Equation (4): 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
(𝑇𝑃 + 𝑇𝑁)

(𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁)
 

 

(4) 
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𝑃𝑒𝑟𝑖𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

(𝑇𝑃 + 𝐹𝑃)
 

 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

(𝑇𝑃 + 𝐹𝑁)
 

 

𝐹 − 𝑚𝑒𝑎𝑠𝑢𝑟𝑒 =  
2(𝑝𝑟𝑒𝑠𝑖𝑠𝑖 × 𝑟𝑒𝑐𝑎𝑙𝑙)

(𝑝𝑟𝑒𝑠𝑖𝑠𝑖 + 𝑟𝑒𝑐𝑎𝑙𝑙)
 

Where 𝑇𝑃, 𝑇𝑁, 𝐹𝑃 and 𝐹𝑁 represent the numbers of true positives, true negatives, false positives, and false negatives, 

respectively. 

3. Results and Discussion 

Results 

The analysis of the Random Forest Classifier's performance, utilizing a k-5 cross-validation approach on a dataset 

comprising chest X-ray images categorized into Normal, COVID-19, and Lung Opacity, yielded insightful outcomes. 

The compiled results, encapsulated in a table, reveal the classifier's accuracy, precision, recall, and F1-Score across 

five distinct folds. Notably, the accuracy of the model consistently hovered around 51%, demonstrating a modest 

ability to correctly classify the CXR images into their respective categories. Precision and recall metrics exhibited 

variability, with precision notably peaking at 53.75% in the fourth fold and dipping to its lowest at 35.12% in the 

second fold. Recall metrics closely mirrored the accuracy rates, underscoring the model's consistent performance in 

identifying true positives. The F1-Score, a balance between precision and recall, remained steady, averaging around 

35%, suggesting a need for model optimization to improve predictive performance. The detailed results are presented 

in Table 1 and visualized in Figure 6 for a clearer understanding and comparison of the metrics across different 

iterations. 

Table 1. Performance Metrics Across 5-Fold Cross-Validation for the Random Forest 

K-n 
Metrics 

Accuracy Precision Recall F-Measure 

K-1 51.36% 51.20% 51.36% 35.15% 

K-2 51.39% 35.12% 51.39% 35.02% 

K-3 51.36% 36.55% 51.36% 34.95% 

K-4 51.41% 53.76% 51.41% 35.09% 

K-5 51.06% 36.58% 51.06% 34.95% 

∑ 𝑨𝒗𝒈 51.32% 42.64% 51.32% 35.03% 

 

 

Figure 6. Visualisation Performance Metrics Across 5-Fold Cross-Validation for the Random Forest 
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Figure 6 representation above illustrates the variation in performance metrics—accuracy, precision, recall, and 

F1-score—for the Random Forest Classifier across the five folds of cross-validation in the analysis of chest X-ray 

images. Each line corresponds to one of the metrics, highlighting their respective trends and fluctuations throughout 

the cross-validation process. This graphical analysis provides a clear comparative view of the model's performance 

and underlines the areas where the model excels and where it requires further improvement. 

Discussion 

The interpretation of these results indicates that while the Random Forest Classifier provides a baseline capability 

in distinguishing between Normal, COVID-19, and Lung Opacity CXR images, there is significant room for 

enhancement. This outcome aligns with prior research, which advocates for the use of ensemble methods in improving 

classification accuracy, yet also highlights the complexity of medical image analysis due to varying image qualities, 

disease manifestations, and overlapping symptoms with other conditions. 

The study's findings emphasize the potential utility of machine learning models in supporting diagnostic processes, 

especially in pandemics where rapid and accurate diagnostics are crucial. However, the modest performance metrics 

reported underscore the challenges inherent in applying machine learning to medical imaging, such as the need for 

extensive and diverse datasets to train more generalized and robust models. 

Acknowledging the limitations of this research, particularly the dependency on a specific dataset and the 

application of a singular machine learning technique, future studies are encouraged to explore a combination of models 

or advanced neural network architectures like Convolutional Neural Networks (CNNs) which may yield improved 

accuracy and reliability in medical image classification. Additionally, integrating clinical data alongside CXR images 

could provide a more holistic view, potentially enhancing the model's diagnostic capabilities. 

This research contributes to the ongoing discourse on the applicability of machine learning in healthcare, 

particularly in the rapid diagnosis of diseases like COVID-19. While the results present a foundational understanding, 

they also highlight the necessity for continued development and validation of these technologies within the medical 

field to ensure their practical and effective deployment in real-world diagnostic scenarios. 

4. Conclusion 

 
Figure 4. Confusion Matrix 

Figure 7 depicted above provides a detailed breakdown of the classification results achieved by the Random Forest 

Classifier for the chest X-ray image dataset. In this matrix, each row represents the instances in an actual class (true 

labels), while each column represents the instances in a predicted class. The color intensity and the number in each 

cell correlate with the count of predictions, allowing for a visual inspection of how well the model performed, 

particularly in terms of correctly predicting the three classes—Normal (0), COVID-19 (1), and Lung Opacity (2). This 

matrix is instrumental in understanding the classifier’s precision and recall for each class and in identifying the areas 

where the classifier may be confusing one class for another. 
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In summary, the application of the Random Forest Classifier to chest X-ray image classification within this study 

revealed a consistent accuracy level around 51% across the k-5 cross-validation folds. Despite the moderate success 

in classifying the images into Normal, COVID-19, and Lung Opacity categories, the performance metrics—precision, 

recall, and F1-score—suggest there is considerable room for improvement. The observed variability in precision and 

the low F1-score indicate that while the classifier can identify positive cases, its predictive precision is not optimal. 

The results from the confusion matrix further corroborate this, revealing substantial misclassifications between 

categories, especially between Normal and Lung Opacity cases. These outcomes answer our research hypothesis by 

confirming that while ensemble methods like Random Forest have potential in medical image analysis, their efficacy 

is significantly dependent on the quality of pre-processing and the complexity of the feature space derived from the 

images. 

The research contributes to the field by providing empirical evidence of the utility and limitations of using machine 

learning for medical diagnostics in the realm of respiratory illnesses, which is particularly pertinent in the context of 

the COVID-19 pandemic. For future research, it is recommended to explore more sophisticated image preprocessing 

techniques, to consider hybrid models that combine several machine learning algorithms, and to investigate deep 

learning approaches like Convolutional Neural Networks, which may yield higher accuracy. Additionally, 

incorporating a more extensive dataset with a broader variety of images and patient demographics could improve the 

model’s generalizability. In practice, integrating machine learning models as a complementary diagnostic tool 

alongside traditional methods could enhance the efficiency and accuracy of medical diagnostics, supporting healthcare 

professionals in making informed decisions in a timely manner.  
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