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Abstract: 

This study addresses the challenge of diagnosing Lyme disease through automated classification of Erythema Migrans 
(EM) rashes, a primary symptom. Employing a Voting Classifier within a k-fold (k=5) cross-validation framework, we 

developed and validated a model based on a curated dataset of EM rash images and similar dermatological conditions. 

Image pre-processing involved segmentation and feature extraction using Hu Moments, preparing the data for effective 

machine learning application. The classifier demonstrated an average accuracy of 81.37%, with variations in precision, 
recall, and F1-scores across folds, indicative of the model’s robustness and areas for improvement. The results suggest that 

while the Voting Classifier is a promising tool for Lyme disease diagnosis, further enhancements are required to optimize 

its diagnostic performance fully. Significant research contributions include the development of a publicly accessible EM 
rash dataset and the application of ensemble learning techniques to medical image classification, offering a foundation for 

future advancements in automated disease diagnosis. Recommendations for ongoing research include expanding the dataset 

diversity and integrating multi-modal clinical data to enhance model accuracy and applicability. 
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1. Introduction 

Lyme disease, caused by the Borrelia bacteria and predominantly transmitted through tick bites, has emerged as a 

significant public health challenge. Notably, the disease is characterized by the presence of Erythema Migrans (EM), 

a distinctive skin rash often referred to as the "bull's eye" rash. Despite the prevalence of this disease, affecting over 

300,000 individuals annually in the United States alone, the diagnostic process remains fraught with challenges. The 

early symptoms of Lyme disease are often nonspecific and the EM rash can vary greatly in appearance, complicating 

clinical diagnosis. Furthermore, the lack of comprehensive datasets containing images of EM rashes limits the 

development of automated diagnostic tools, which could assist in early and more accurate detection of the disease. 

The central problem addressed by this research is the insufficient diagnostic accuracy for Lyme disease, 

particularly in the identification and differentiation of EM rashes. Traditional diagnostic methods rely heavily on 

clinical evaluation and serological testing, which may not always be definitive in the early stages of the disease. The 

development of a robust image-based diagnostic tool could significantly enhance the accuracy and timeliness of Lyme 

disease diagnosis. By leveraging advanced machine learning techniques, particularly in image recognition, there exists 
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potential to distinguish EM rashes from other similar dermatological manifestations effectively. This research aims to 

construct and validate a machine learning model [1] that utilizes a curated dataset of EM rash images. The objectives 

are to apply image pre-processing techniques to enhance feature extraction and to employ a Voting Classifier to 

categorize images into their respective diagnostic categories accurately. This approach is anticipated to improve the 

precision of diagnostic predictions [2]–[4], thereby aiding clinicians in making informed decisions during the early 

stages of Lyme disease. 

Several research questions guide this study: Can machine learning models, trained on well-pre-processed image 

data, effectively differentiate EM rashes from other similar rashes? What are the optimal image pre-processing 

techniques that enhance the performance of such models? How does the Voting Classifier's performance [5], [6] 

compare to that of other classification algorithms in this context? The investigation into these questions seeks to fill 

the gap in current diagnostic methodologies by introducing a reliable, scalable, and non-invasive diagnostic tool. The 

scope of this research is confined to the development of a diagnostic model based solely on image data of rashes 

suspected to be EM. It is limited by the variability of image quality, the representativeness of rash stages in the dataset, 

and the inherent challenges of simulating a real-world clinical environment in a controlled study. Further limitations 

include the focus on image-based features while excluding other clinical parameters that could influence diagnosis. 

The contributions of this research are manifold. It provides a novel dataset of EM rash images, which will be 

publicly available to spur further research. Additionally, it introduces a machine learning framework for rash image 

classification that could be extended to other dermatological conditions. Most importantly, this study contributes to 

the broader field of digital health by highlighting the potential of machine learning in enhancing diagnostic processes, 

thereby potentially reducing the burden of Lyme disease through better management and prevention strategies. 

2. Method 

This study employs a quantitative research design to develop a machine learning model that classifies images of 

Erythema Migrans (EM) rashes. The research involves creating a labelled dataset, conducting image pre-processing, 

feature extraction, and model training using a Voting Classifier approach [7]–[9]. The effectiveness of the model is 

assessed through various performance metrics under a k-fold cross-validation scheme to ensure generalizability and 

robustness. A visual depiction of the complete research process is shown in Figure 1. 
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Figure 1: Evaluation Process for a Voting Classifier 

Sample or Data Selection: 

The dataset consists of images collected specifically for this study, including pictures of EM rashes and other 

similar dermatological conditions to provide a comprehensive range of potential Lyme disease indicators. Each image 

in the dataset is annotated by clinical experts to ensure accurate labelling. The selection criteria for images include 

diversity in rash appearances, stages of Lyme disease, and variations in skin types to reduce model bias and enhance 

its diagnostic applicability across different demographics. 

Tools and Technology Used: 

The study utilizes several software and hardware tools: 

• Image Processing and Machine Learning: Python programming language, with libraries such as OpenCV for 

image processing and scikit-learn for implementing the machine learning models. 

• Data Handling and Computation: Pandas and NumPy for data manipulation, and TensorFlow or PyTorch could 

be used for more complex model implementations if necessary. 
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• Statistical Analysis: R and Python are used for statistical analysis and visualization, employing libraries like 

Matplotlib and Seaborn. 

Data Collection Process 

Images were sourced from dermatological clinics after obtaining necessary ethical approvals. Consent was taken 

from all patients involved in the study. Each image was taken under standardized lighting conditions to maintain 

consistency. Metadata including age, gender, and diagnosis were also collected, ensuring the privacy and anonymity 

of the patients by adhering to data protection regulations. 

 

Figure 2: Splitting Data Training dan Testing 

Image Pre-processing 

Each image undergoes pre-processing which includes resizing, noise reduction, and normalization. Segmenting 

the rash from the rest of the image involves thresholding techniques [10], which can be represented by the equation 

[11]–[13]: 

𝑇ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑(𝐼) = {
1
0

 } (1) 

Where 𝐼(𝑥, 𝑦) is the intensity of pixel  (𝑥, 𝑦), and 𝑇 is the threshold value determined by Otsu's method. In Figures 3 

and 4 the results of image segmentation using thresholding features on the dataset are shown. 

 

Figure 3: Thresholding Results for Negative Class 
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Figure 4: Thresholding Results for Positive Class 

Feature Extraction 

Hu Moments, which are invariant to image transformations [10], [14], [15], are calculated to capture the shape 

characteristics of the rashes. The moments are defined as [16]–[18]: 

𝐻 = ∑(𝑥 − 𝑥̅)𝑛(𝑦 − 𝑦̅)𝑚𝐼(𝑥, 𝑦)

𝑥,𝑦

 
(2) 

Where 𝑛 and 𝑚 are the order of the moments, 𝑥̅ and 𝑦̅ are the coordinates of the center of mass, and 𝐼(𝑥, 𝑦) is the 

image intensity at (𝑥, 𝑦). 

 

 

 

Figure 5: Scatter Plot Visualization of Extracted Hu Moments Features 
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Tabel 1: Results HuMoments 

No H1 H2 H3 H4 H5 H6 H7 Target 

0 0.00186 4.55E-07 1.30E-09 1.72E-11 -2.40E-21 -1.16E-14 8.91E-22 1 

1 0.001736 2.38E-07 7.18E-15 5.78E-16 8.38E-31 -1.33E-19 -8.25E-31 1 

2 0.002155 1.81E-06 8.46E-10 1.48E-10 5.24E-20 1.96E-13 -9.91E-23 1 

3 0.001955 1.04E-06 0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.00E+00 1 

4 0.001807 4.87E-07 9.93E-15 9.35E-16 2.76E-30 6.47E-19 -7.13E-31 1 

... ... ... ... ... ... ... ... … 

5054 0.001835 5.00E-07 5.04E-11 5.71E-12 -2.99E-23 -6.89E-16 -9.22E-23 2 

5055 0.00186 5.69E-07 2.03E-11 3.26E-12 2.62E-23 2.18E-15 -4.18E-24 2 

5056 0.001842 3.47E-07 3.21E-11 1.46E-11 -7.81E-24 7.65E-16 -3.17E-22 2 

5057 0.001826 4.71E-07 1.67E-11 6.08E-13 1.63E-24 3.96E-16 -1.05E-24 2 

5058 0.001779 4.55E-07 1.43E-10 7.38E-12 -2.21E-22 -4.42E-15 -9.24E-23 2 

 

Model Training and Evaluation 

A Voting Classifier combines several machine learning models to predict the classification of rashes. It is trained 

using a 5-fold cross-validation[19], [20] method to optimize model parameters and prevent overfitting. Performance 

metrics include accuracy, precision, recall, and F-measure, defined by [21]–[23]: 

Accuracy =
Number of Correct Predictions

Total Number of Predictions
 

 

Precision =
True Positives

True Positives + False Positives
 

 

Recall =
True Positives

True Positives + False Negatives
 

 

𝐹1 =
2 × Precision × Recall

Precision + Recall
 

 

(4) 

3. Result and Discussion 

The data processing and analysis yielded significant insights into the classification performance of the Voting 

Classifier model on a dataset designed to differentiate between Erythema Migrans (EM) and other similar rashes. The 

performance of the classifier was assessed using standard metrics: accuracy, precision, recall, and F1-score across a 

5-fold cross-validation framework. The overall performance across the five folds is tabulated as follows Table 2.  

Table 2: Performance Metrics Across 5-Fold Cross-Validation for the Voting Classifier Algorithm 

K-n 
Metrics 

Accuracy Precision Recall F-Measure 

K-1 81.32% 66.28% 81.32% 73.03% 

K-2 81.32% 66.28% 81.32% 73.03% 
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K-n 
Metrics 

Accuracy Precision Recall F-Measure 

K-3 81.42% 66.29% 81.42% 73.08% 

K-4 81.32% 66.36% 81.32% 72.94% 

K-5 81.48% 66.27% 81.44% 73.05% 

∑ 𝑨𝒗𝒈 81.37% 66.30% 81.36% 73.03% 

Figure 6 provides a visual comparison of the performance metrics across all five cross-validation folds. It 

illustrates consistent accuracy (above 81%), but the precision, recall, and F1-score demonstrate some variability, 

suggesting room for improvement in model consistency, particularly in minimizing false negatives. 

 

Figure 6: Performance Metrics Across 5-Fold Cross-Validation for the Voting Classifier Algorithm 

The confusion matrix for one of the cross-validation folds is visualized in Figure 7. The matrix shows a total of 

819 true negatives and 12 true positives, indicating the model's ability to correctly classify negative and positive cases 

of Lyme disease respectively. However, there are 177 false negatives, suggesting a tendency to under-diagnose EM 

rashes, which is critical for medical diagnostics. 

 

Figure 7: Confusion Matrix 
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Discussion 

The results suggest that the Voting Classifier is a robust tool for diagnosing Lyme disease from EM rash images. 

The consistent accuracy across different folds indicates a reliable generalization of the classifier to unseen data. 

However, the variation in precision and recall rates, and especially the lower F1-score, highlight the challenges in 

balancing the sensitivity and specificity of the model. 

These findings align with previous research, which has indicated that ensemble methods like the Voting Classifier 

often outperform individual classifiers in medical image analysis due to their ability to mitigate overfitting and bias. 

The lower recall in some folds compared to others suggests that the classifier may benefit from additional training 

samples or an enhanced feature set, particularly to reduce false negatives, which are clinically significant in preventing 

misdiagnosis. 

The practical implications of these results are profound. Improved diagnostic accuracy in Lyme disease can lead 

to earlier treatment interventions, potentially reducing the long-term health impacts associated with late diagnosis. 

Moreover, the use of automated image classification tools can assist in standardizing rash interpretations, which are 

currently subjective and vary significantly between clinicians. The study is not without limitations. The reliance on 

image data alone, without integrating clinical data such as patient symptoms or history, might limit the model's 

diagnostic applicability. Additionally, the variability in image quality and the representation of rashes at different 

stages of the disease may have impacted the model's performance. 

Future research should focus on integrating multi-modal data sources, including clinical data, to enhance 

diagnostic accuracy. Further, exploring deeper, more complex neural network architectures may also improve the 

ability to learn more nuanced features from rash images, potentially improving both precision and recall. Lastly, 

expanding the dataset to include a broader array of rash types and stages could help to further validate the robustness 

and applicability of the model across diverse clinical scenarios. 

Conclusion 

The study demonstrated that the Voting Classifier is effective in classifying EM rash images, achieving consistent 

accuracy above 81% across all cross-validation folds. While the classifier performs well in terms of accuracy, the 

variability in precision, recall, and F1-scores highlights a need for further refinement to achieve optimal balance 

between sensitivity and specificity. This study answers the primary research question affirmatively; machine learning 

models, specifically ensemble methods like the Voting Classifier, can effectively differentiate EM rashes from similar 

conditions using image data. The research contributes significantly to the field by providing a novel dataset and a 

robust methodological framework for Lyme disease diagnosis using image classification. This not only aids in early 

and accurate disease diagnosis but also paves the way for applying similar methodologies to other diagnostic 

challenges in dermatology. Future research should focus on incorporating multi-modal data to enhance diagnostic 

precision and explore more sophisticated deep learning models to capture complex patterns in rash images. Expanding 

the dataset to include more varied rash images and stages will also be crucial for further validation and improvement 

of the model. 
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