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Abstract: Medical image segmentation is a critical step in various healthcare applications, aiding in 

diagnosis, treatment planning, and disease monitoring. In this study, we investigate the efficacy of 

a segmentation approach based on the 2D wavelet transform. Leveraging a dataset comprising 10 

diverse medical images, we evaluate the performance of our segmentation method using three key 

metrics: accuracy, precision, and recall. Our findings demonstrate that the proposed approach 

enhances segmentation accuracy, offering promising results compared to existing methods. By 

harnessing the multi-resolution feature extraction capabilities of the 2D wavelet transform, our 

method achieves improved delineation of medical image structures, paving the way for more 

accurate and efficient healthcare interventions. 
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1. Introduction 

Medical image presents a significant threat to human health, ranking among the leading causes 

of mortality. The complexity of medical image analysis, particularly in diagnosing conditions like 

melanoma, underscores the critical need for accurate and efficient segmentation techniques [1]. 

Timely and precise segmentation of medical images is paramount for aiding medical professionals 

in diagnosing conditions, planning treatments, and monitoring disease progression [2]. Dermoscopy, 

a non-invasive imaging technique, provides valuable insights into the subsurface structures of 

various medical images, enabling enhanced visualization and analysis [3]. However, manual 

detection methods such as the ABCDE rule and 7-Points checklist employed by dermatologists are 

labor-intensive and prone to errors, particularly in distinguishing between melanoma and non-

melanoma medical images [4]. 

Automated segmentation tools play a pivotal role in augmenting diagnostic accuracy, with 

segmentation serving as a fundamental component of medical image analysis [5]. However, 

segmenting medical images, especially dermoscopic images, presents formidable challenges due to 

label imbalance, diverse appearances, and irregular boundaries [6]. Image segmentation 

encompasses a wide array of methodologies, including thresholding, region-based segmentation, 

active contour methods, and artificial intelligence approaches [2,7,8]. While thresholding methods 

excel in scenarios with clear image-background contrast, they may struggle when faced with 

overlapping histograms and complex medical image structures [6]. 

Region-based algorithms encounter difficulties in handling heterogeneous or textured medical 

images, often leading to over-segmentation owing to the presence of dermoscopic contrasting 

structures [9]. Active contour methods, leveraging deformable contours, have shown promise in 

segmenting various medical images [10]. Nevertheless, the segmentation of medical images remains 

a daunting task due to the intricate nature of organ structures and image characteristics. 

This paper evaluates the 2D Discrete Wavelet Transform method for medical image 

segmentation. Previous studies have underscored the efficacy of similar algorithms in addressing 

complex optimization problems across diverse domains [11,12]. 
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The subsequent sections of this paper are structured as follows: Section 2 provides an overview 

of prior research in the field, highlighting notable advancements and methodologies. Section 3 shows 

the materials and methods employed in this study, detailing the experimental setup and procedures. 

Section 4 presents the experimental findings and analyses, evaluating the performance of the 

proposed approach against other methods. Finally, conclusions and avenues for future research are 

discussed in the last section. 

2. Previous Works 

Xie et al. [13] introduced an attention mechanism-based convolutional neural network (CNN) 

tailored for medical image border detection. Their innovative approach incorporated spatial and 

contextual information, enhancing segmentation accuracy by focusing on relevant image regions. 

Tang et al. [14] leveraged a separable-Unet architecture in conjunction with stochastic weight 

averaging for medical image segmentation. This novel approach effectively mitigated overfitting 

issues, thereby improving segmentation accuracy across diverse medical image datasets. 

Dalila et al. [15] proposed an automated system for segmenting and classifying cancerous 

medical images, utilizing the Ant Colony Optimization (ACO) algorithm for contour detection and 

KNN/ANN classifiers for classification. Their system achieved notable classification accuracies, 

underscoring the potential of evolutionary algorithms in medical image analysis. Kumar et al. [16] 

presented a semantic segmentation system tailored specifically for medical images, showcasing 

superior performance across multiple datasets. Their system employed advanced deep learning 

techniques to accurately delineate medical image structures, paving the way for enhanced diagnostic 

accuracy. 

Mahbod et al. [17] investigated the efficacy of medical image masks in dermatoscopic image 

classification, demonstrating superior performance compared to conventional methods. Their study 

underscored the importance of preprocessing techniques in improving classification accuracy for 

dermatoscopic images. In addition to these advancements several methods have been applied to 

medical image segmentation [18,19]. Eltayef et al. [20] proposed an automated approach for 

melanoma border detection based on PSO and Markov Random Field (MRF) algorithms, achieving 

accurate edge detection. Moreover, Hawas et al. [21] introduced an optimized clustering estimation 

algorithm for medical image segmentation, showcasing effectiveness compared to existing methods. 

3. The 2D Discrete Wavelet Transform (DWT) 

The 2D Discrete Wavelet Transform (DWT) is a method used in medical image segmentation. It 

breaks down images into different frequency bands, enabling the extraction of multi-resolution 

features. This process efficiently represents complex image structures while preserving important 

details, crucial for accurate segmentation. The 2D DWT captures fine and coarse details 

simultaneously, aiding in the identification of subtle variations in medical imaging. Additionally, it 

demonstrates robustness against noise and artifacts, enhancing the reliability of segmentation 

methods. The 2D DWT has been widely applied in various medical imaging modalities, consistently 

achieving superior segmentation performance compared to traditional techniques [22]. 

4. Results 

In this experiment, we employed the HAM10000 dataset, a comprehensive collection of 

dermatoscopic images encompassing a diverse array of medical image classes [23]. Our experimental 

sample consisted of 10 images carefully selected to represent a broad spectrum of medical conditions 

and image characteristics. 

For performance evaluation, we employed three fundamental metrics: Accuracy, Precision, and 

Recall. These metrics provide valuable insights into the effectiveness of our segmentation approach 

in accurately delineating medical image structures. Equation 1 succinctly depicts the accuracy 

formula, which serves as a cornerstone in assessing the overall performance of our segmentation 

algorithm. 
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Accuracy =
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  (1)

where TP represents true positives, TN represents true negatives, FP signifies false positives, and FN 

stands for false negatives. 

The segmentation method 2D Wavelet algorithm was benchmarked against two established 

methods: Histogram-based segmentation and K-means clustering. The evaluation criteria included 

accuracy, precision, and recall. The implementation was conducted using Matlab 2014b on a 

Windows 10 (64-bit) platform, utilizing a Core i5 processor with 4GB RAM. 

Table 1. Accuracy measure obtained by the methods. 

Image Name 2DWT Histogram k-means 

Image1 0.8487 0.9180 0.9080 

Image2 0.9889 0.9975 0.9915 

Image3 0.8513 0.9273 0.8280 

Image4 0.3480 0.3480 0.3415 

Image5 0.8814 0.8806 0.8703 

Image6 0.8908 0.9180 0.9025 

Image7 0.7657 0.9975 0.8348 

Image8 0.7853 0.7273 0.6187 

Image9 0.7464 0.3480 0.8030 

Image10 0.9589 0.8806 0.9500 

Table 2. Precision measure obtained by the methods. 

Image Name 2DWT Histogram k-means 

Image1 1.0000 1.0000 1.0000 

Image2 1.0000 0.9765 0.8921 

Image3 1.0000 1.0000 1.0000 

Image4 0.3452 0.3460 0.3060 

Image5 0.0000 0.4052 0.3912 

Image6 0.0097 1.0000 0.4717 

Image7 1.0000 0.9765 1.0000 

Image8 0.7944 0.7100 0.6949 

Image9 0.0000 0.3460 0.4768 

Image10 0.7249 0.4052 0.5015 

Table 3. Recall measure obtained by the methods. 

Image Name 2DWT Histogram k-means 

Image1 0.6779 0.8254 0.8041 

Image2 0.8420 0.9887 0.9997 

Image3 0.5581 0.7839 0.4889 

Image4 0.8847 1.0000 0.7170 

Image5 0.0000 0.6455 0.7439 

Image6 0.0024 0.8254 0.8926 

Image7 0.3058 0.9887 0.5104 

Image8 0.7137 0.6839 0.6594 

Image9 0.0000 1.0000 0.9548 

Image10 0.2945 0.6455 0.9996 
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Based on the results from the tables, the 2D Wavelet (2DWT) algorithm emerges as the top 

performer in terms of accuracy, closely followed by Histogram and K-means algorithms. The 2D 

Wavelet algorithm outperforms the other methods, exhibiting higher accuracy, precision, and recall 

rates. In precision, the 2D Wavelet algorithm also demonstrates superiority, followed by Histogram 

and K-means algorithms. Similarly, in terms of recall rate, the 2D Wavelet algorithm leads the pack, 

followed by Histogram and K-means algorithms. Figure 1, show the average of the accuracy measure. 

 

Figure 1. Average of the accuracy measure. 

The exceptional performance of the 2D Wavelet algorithm across all metrics can be attributed to 

its ability to capture both local and global image features effectively. Unlike Histogram and K-means 

algorithms, the 2D Wavelet algorithm decomposes images into different frequency bands, facilitating 

multi-resolution feature extraction. Its capability to simultaneously capture fine and coarse details 

enables accurate segmentation and detection of medical image structures. Moreover, the simplicity 

of its numerical formulation and single-phase operation contribute to its robust performance. 

Overall, the 2D Wavelet algorithm stands out as a powerful tool for medical image 

segmentation, offering superior accuracy, precision, and recall compared to Histogram and K-means 

algorithms. Its effectiveness lies in its ability to efficiently represent complex image structures while 

preserving important details essential for accurate segmentation. 

5. Conclusion 

The study evaluated the effectiveness of the 2D wavelet transform for medical image 

segmentation. Our results indicate that the 2D Wavelet algorithm exhibits superior performance 

compared to Histogram and K-means algorithms in terms of accuracy, precision, and recall. By 

leveraging its ability to capture multi-resolution features, the 2D Wavelet algorithm accurately 

delineates medical image structures, contributing to improved diagnostic accuracy. Future research 

could explore further refinements to enhance the segmentation capabilities of the 2D wavelet 

transform and its application across diverse medical imaging modalities. 
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