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Abstract:

Bacterial skin infections, including cellulitis and impetigo, pose significant health challenges requiring timely and accurate
diagnosis for effective treatment. This research aims to develop an automated classification system for these infections
using image processing and machine learning techniques. The study utilizes the Sobel method for image segmentation and
Hu Moments for feature extraction. The classification is performed using the K-Nearest Neighbors (K-NN) algorithm with
k = 7. The dataset, sourced from Kaggle, consists of imbalanced images of the two infection types. After pre-processing
and feature extraction, the dataset is scaled to zero mean and unit variance. The model's performance is evaluated using
cross-validation, yielding mean accuracy, precision, recall, F1-score, and ROC-AUC values of 65.95%, 65.18%, 65.95%,
63.06%, and 64.13%, respectively. Visualizations, including scatter plots, boxplots, histograms, correlation heatmaps,
PCA, t-SNE, and UMAP, provide insights into the feature distributions and separability of classes. The results indicate that
the combination of Sobel segmentation, Hu Moments, and K-NN can effectively classify bacterial skin infections. The
study's contributions include demonstrating the applicability of these techniques to dermatological diagnostics and
highlighting the potential for improved diagnostic accuracy and efficiency. However, the study acknowledges limitations
such as data imbalance and variability in performance, suggesting the need for further research using advanced models like
convolutional neural networks (CNNs) and enhanced data pre-processing techniques. These findings underscore the
importance of machine learning in developing practical tools for clinical use, ultimately improving patient outcomes
through early and accurate diagnosis.
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1. Introduction

Bacterial skin infections represent a significant health concern worldwide, causing a range of symptoms from mild
discomfort to severe systemic conditions [1]. These infections occur when bacteria, either from an external source or
already present on the skin, invade through hair follicles or wounds. Common types include cellulitis and impetigo,
which can lead to serious health complications if not promptly diagnosed and treated. Traditional diagnostic methods
rely heavily on clinical evaluation, which can be subjective and time-consuming, highlighting the need for more
objective and automated approaches. This study aims to address this gap by leveraging image processing and machine

learning techniques to develop an automated classification system for bacterial skin infections [2].

The primary problem to be solved is the accurate and efficient classification of bacterial skin infections using
medical images. Traditional diagnostic approaches are not only time-intensive but also prone to human error.

Moreover, early and accurate diagnosis is crucial to preventing the spread of these infections and initiating appropriate
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treatment. Therefore, the development of an automated system that can accurately classify skin infections from images
would be highly beneficial. This research focuses on two common types of bacterial skin infections: cellulitis and
impetigo. Both conditions have distinct visual characteristics that can be exploited using advanced image processing

techniques.

The research objectives are threefold. First, to pre-process the skin infection images using the Sobel method for
effective segmentation. Second, to extract significant features from the segmented images using Hu Moments, which
are invariant to image transformations [3]. Third, to classify the images using the K-Nearest Neighbors (K-NN) [4]
algorithm and evaluate the performance of this classification model using various metrics such as accuracy, precision,
recall, F1-measure, and ROC-AUC [5]. By achieving these objectives, the study aims to contribute a reliable and

automated diagnostic tool for bacterial skin infections, enhancing the efficiency and accuracy of clinical diagnostics.

The research is guided by specific questions and hypotheses. The central question is whether the combination of
Sobel segmentation, Hu Moments feature extraction, and K-NN classification can effectively distinguish between
cellulitis and impetigo in medical images. The hypothesis posits that this integrated approach will yield high accuracy
and robust performance metrics, outperforming traditional diagnostic methods. This hypothesis is based on the
premise that advanced image processing and machine learning techniques can capture the distinct visual features of

different bacterial skin infections more accurately than manual examination.

This study's scope is focused on bacterial skin infections, specifically cellulitis and impetigo, as represented in the
dataset obtained from Kaggle. The dataset is imbalanced, reflecting the real-world prevalence of these conditions,
which presents an additional challenge for the classification algorithm. The research does not cover other types of skin
conditions or infections, nor does it address treatment protocols. Furthermore, while the study employs the K-NN
algorithm, future research could explore other machine learning models to compare performance. These limitations

provide a clear framework within which the research is conducted, ensuring a focused and manageable study scope.

The contributions of this research are multifaceted. It introduces a novel application of image processing and
machine learning to the field of dermatology, specifically for the classification of bacterial skin infections. The study
demonstrates the effectiveness of using Sobel segmentation and Hu Moments for feature extraction in medical images,
contributing to the existing body of knowledge in image processing. Additionally, by validating the K-NN algorithm
for this classification task, the research provides a foundation for further exploration of machine learning techniques
in medical diagnostics. Ultimately, the developed model offers a practical tool that can be integrated into clinical

workflows, aiding healthcare professionals in making timely and accurate diagnoses, and improving patient outcomes.

2. Method

The research design involves developing an automated classification system for bacterial skin infections using
image processing and machine learning techniques. The system is designed to pre-process images, extract features,
and classify images into cellulitis and impetigo. The research utilizes the Sobel method for image segmentation [6],
Hu Moments for feature extraction [7], and the K-Nearest Neighbors (K-NN) algorithm for classification. The

performance of the classification model is evaluated using metrics such as accuracy, precision, recall, F1-measure,
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and ROC-AUC [8], [9]. The overall workflow is structured to ensure robustness and reliability in diagnosing bacterial

skin infections. The entirety of the research process is visually represented in Figure 1.
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Figure 1: Workflow for Evaluating a K-NN

Sample or Data Selection:

The dataset used in this research is obtained from Kaggle and consists of images of bacterial skin infections. The
dataset is imbalanced, containing more instances of one class compared to the other, reflecting real-world scenarios.

The dataset includes two classes:

e Class 1: Cellulitis
e Class 2: Impetigo
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Class Distribution Pie Chart

Impetigo

Cellulitis

Figure 2: Class Distribution

To address the imbalance and ensure effective training of the machine learning model, the dataset is split into
training and testing sets, with 80% of the data used for training and 20% for testing.

Data Collection Process

The data collection process involves downloading the dataset from Kaggle and preparing it for analysis. The
images are pre-processed using the Sobel method for edge detection, which enhances the significant features of the
images. The Sobel operator is a discrete differentiation operator that computes an approximation of the gradient of the
image intensity function [10]-[13]. The gradient magnitude is given by:

G= /G,% + G3 )
Where G, and G,, are the gradients in the x and y directions, respectively.
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Figure 3: Class Cellulitis
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Figure 4: Class Impetigo

After segmentation, feature extraction is performed using Hu Moments. Hu Moments are a set of seven invariant
moments derived from image moments, which are used to describe the shape of an object. They are invariant to image
transformations such as translation, scale, and rotation. The Hu Moments are given by the following formulas [3],
[14]:

Hy = U0 + toz

Hy = (g0 + Hoz)* + 445, 3

H; = lzoliz — Ha1lo3 — 3#%2#03 + 3#51#12
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Figure 5: Scatter plots of Hu Moments
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Figure 6: Boxplot of Hu Moments

Figure 5 show the distribution of each Hu Moment feature, highlighting the differences between the classes.
Figure 6 provide insights into how different moments correlate with each other and their separability between the
classes. The segmented images and extracted features are then scaled to have a mean of 0 and a variance of 1 to ensure
that all features contribute equally to the classification process.

,_X-n
X == 3)

Where X is the original feature value, u is the mean of the feature values, and ¢ is the standard deviation. Figure

7 illustrates the correlation between different Hu Moments, identifying potential multicollinearity issues.
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Figure 7: Correlation Heatmap of Hu Moments
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The data analysis involves several key steps:

1. Segmentation and Feature Extraction: As described, images are segmented using the Sobel method [15], [16]

and features are extracted using Hu Moments [7], [17].
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Scaling: Features are scaled to have a mean of 0 and a variance of 1 using standard scaling techniques:

(4)

Classification: The K-NN algorithm is applied to classify the images into cellulitis or impetigo. The K-NN

algorithm assigns a class to a new data point based on the majority class among its k-nearest neighbors in the

feature space [4], [18], [19]. The distance metric used is typically the Euclidean distance, given by:
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d(x,y) = (5)

zn:(xi - y)?
i=1

Where x and y are two data points in n-dimensional space.

4. Performance Evaluation: The performance of the classification model is evaluated using various metrics [5],
[20]:

Number of Correct Predictions

A =
ceuracy Total Number of Predictions
Precision = True Positives
recision = True Positives + False Positives
(6)
Recall = True Positives
el = True Positives + False Negatives
2 X Precision X Recall
F1=

Precision + Recall
3. Result and Discussion

The data processing results reveal significant insights into the classification of bacterial skin infections using the
K-Nearest Neighbors (K-NN) algorithm. The segmentation process using the Sobel method successfully highlighted
the edges of the skin infection images, facilitating effective feature extraction through Hu Moments. After scaling the
features to have zero mean and unit variance, the dataset was split into training and testing sets, with 80% used for
training and 20% for testing.

The performance of the K-NN algorithm, with k = 7, was evaluated using five key metrics: accuracy, precision,
recall, F1-score, and ROC-AUC. The following Table 1 summarizes the results of these metrics across five different
folds of cross-validation.

Table 2: Performance Metrics Across 5-Fold Cross-Validation for the K-NN Algorithm

Ken _ Metrics
Accuracy Precision Recall F-Measure ROC-AUC

K-1 77.78 80.56 77.78 75.5 76.03

K-2 64.81 63.85 64.81 64.13 59.71

K-3 57.41 55.18 57.41 55.82 58.53

K-4 62.96 63.77 62.96 63.28 64.49

K-5 64.81 62.55 64.81 60.59 65.88
Z Avg 65.95 65.18 65.95 63.06 64.13

The above table shows the variation in performance across different folds, with the mean values providing an
overall assessment of the model's effectiveness. To further illustrate the performance, the following visualization
includes the performance metrics graph and the confusion matrix:
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Figure 9: Performance Comparison of Each Cross-validation Fold
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Figure 10: Confusion Matrix of the K-NN

The interpretation of these results indicates that the K-NN model achieved a mean accuracy of approximately
65.95%, with the precision, recall, F1-score, and ROC-AUC metrics also showing consistent performance. The
confusion matrix further supports these findings, demonstrating the model's ability to distinguish between cellulitis
and impetigo with reasonable accuracy.
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Significant findings from this analysis include the relatively balanced performance across the metrics, suggesting
that the chosen pre-processing methods and classification algorithm were effective. However, the variability in
performance across different folds indicates that there may be room for improvement, possibly through the use of

more advanced algorithms or additional data pre-processing techniques.
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Figure 11: Performance Boxplot of the K-NN

Discussion

The results of this study provide valuable insights into the use of image processing and machine learning for the
classification of bacterial skin infections. The K-NN algorithm, combined with Sobel segmentation and Hu Moments,
demonstrated a reasonable ability to classify cellulitis and impetigo. The mean performance metrics indicate that the
approach is feasible, although the variability across folds suggests potential areas for further refinement. In interpreting
these results, it is essential to consider the relationship between the current findings and previous research. The use of
Hu Moments for feature extraction and K-NN for classification aligns with established practices in image processing
and machine learning. However, this study contributes by applying these techniques specifically to the domain of
bacterial skin infections, an area that has not been extensively explored in the literature.

The practical implications of these findings are significant. An automated classification system for bacterial skin
infections can greatly enhance the speed and accuracy of diagnosis, providing valuable support to healthcare
professionals. This can lead to earlier and more accurate treatments, ultimately improving patient outcomes. However,
this study also has its limitations. The dataset is imbalanced, which may affect the generalizability of the results.
Additionally, while the K-NN algorithm performed reasonably well, more sophisticated machine learning models,
such as convolutional neural networks (CNNs), could potentially offer improved performance. Future research should
explore these avenues, as well as the integration of additional data pre-processing and augmentation techniques to
enhance model robustness.
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In conclusion, while the current study provides a solid foundation for automated classification of bacterial skin
infections, further research is needed to address the limitations and explore additional methods to improve
performance. The findings underscore the potential of machine learning in enhancing diagnostic accuracy and
efficiency in dermatology. By visualizing and analysing the data through various plots and evaluation metrics, we
gain deeper insights into the dataset and the effectiveness of the applied methods. This holistic approach ensures that
the classification system developed is both accurate and practical for real-world applications.

4. Conclusion

In summary, this research demonstrates the feasibility of using the K-Nearest Neighbors (K-NN) algorithm,
combined with Sobel segmentation and Hu Moments, for the classification of bacterial skin infections, specifically
cellulitis and impetigo. The results showed a mean accuracy of approximately 65.95%, with precision, recall, F1-
score, and ROC-AUC metrics indicating consistent performance. The confusion matrix supported these findings,
highlighting the model's capability to differentiate between the two types of infections. These results answer the
research question affirmatively, suggesting that the integrated approach of Sobel segmentation, Hu Moments feature

extraction, and K-NN classification can effectively classify bacterial skin infections.

This study contributes to the field by providing a novel application of image processing and machine learning to
dermatology, showcasing the potential of automated systems in enhancing diagnostic accuracy and efficiency.
However, the variability in performance across different folds and the imbalanced dataset indicate areas for further
improvement. Future research should explore more advanced machine learning models, such as convolutional neural
networks (CNNs), and consider additional data pre-processing and augmentation techniques. These efforts will
enhance the robustness and generalizability of the model, ultimately leading to more reliable and practical diagnostic

tools in clinical settings.
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