Automated Lung Tissue Segmentation in CT Images using Multi-Wavelet Filter Banks and Random Forest Algorithm
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Abstract – This research introduces an innovative methodology for automated tissue segmentation in lung CT images, aimed at enhancing precision in lung cancer detection. The proposed approach integrates a Multi-Wavelet Filter Bank for comprehensive feature extraction and the Random Forest algorithm for efficient tissue segmentation. The Multi-Wavelet Filter Bank captures diverse texture information across various scales and orientations, augmenting the discriminatory power of subsequent classification algorithms. Employing the Random Forest algorithm for tissue segmentation involves constructing an ensemble of decision trees, collectively contributing to a more robust segmentation process. The integration of Multi-Wavelet filters and Random Forest significantly improves the accuracy and reliability of automated tissue segmentation in lung CT images. This systematic fusion of Multi-Wavelet Filter Banks and Random Forest represents a promising advancement in lung cancer detection within clinical settings. The methodology presented herein serves as a valuable tool for healthcare professionals, aiding in the early and accurate interpretation of lung CT images for lung cancer diagnosis. While our results are promising, ongoing research is essential to refine and adapt the approach to diverse datasets, ensuring its applicability and effectiveness in real-world medical scenarios.
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I. INTRODUCTION
Lung cancer constitutes a significant contributor to global cancer-related mortality [1]. It ranks as the second most prevalent cancer in both men and women, excluding skin cancer, encompassing both small cell and non-small cell types. Notably, prostate cancer predominantly affects men, whereas breast cancer is more prevalent among women. Lung cancer accounts for approximately 13% of recently diagnosed cancers [2]. The imperative to mitigate the mortality associated with lung cancer underscores the significance of early identification [3]. However, detecting lung cancer at its incipient stage poses a formidable challenge. To facilitate early identification, physicians often prescribe regular computed tomography (CT) imaging. Despite the capability of CT imagery to accurately capture lung images, the intricate nature of cancer nodule identification persists. The continuous cross-sectional images generated by CT scanners necessitate meticulous analysis of each section, demanding heightened effort from radiologists and introducing a heightened risk of diagnostic errors.
The development of a computer-assisted system emerges as a viable solution to augment the precision of cancer nodule detection in CT images [4]. Nodules, indicative of lung cancer, typically manifest as minuscule masses within the lungs. These nodules exhibit variations in size (large, small), location within the lungs (well-circumscribed (W), juxta-pleural (P), juxta-vascular (V)), morphology (ball-like and irregular), and internal texture (solid, partial-solid, and non-solid). Discriminating between benign and malignant lung nodules poses a significant challenge, necessitating advanced techniques for accurate identification at an early stage. The advent of computer-aided detection (CAD) systems presents a promising avenue for researchers to quantitatively and reliably detect cancerous nodules. Achieving proficiency in early-stage lung cancer identification demands the implementation of competent techniques within the diagnostic process.

II. LITERATURE REVIEW
Over the past few decades computer aided system for lung cancer detection attracted many researchers and experts. As the CT image is one of the prime role in evaluation of cancer. 
In a typical lung CT scan, distinguishing between lung and non-lung areas is straightforward due to the significant contrast in attenuation levels [5]. As a result, the first methods for lung segmentation [6–8] used a straightforward grey-level thresholding strategy to separate the lung from non-lung region. Using a region expanding method based on gradient magnitude, region homogeneity, and grey value, Sun et al. [6] segmented the lung region. The interior cavities were then filled in 
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Fig. 1- Block diagram of proposed methodology
with a morphological closing operation. When analyzing normal lung CT scans without aberrant lung tissue patterns, these standard approaches work effectively. Techniques suggested in [9–10] have been developed in the literature to incorporate abnormal lung tissue patterns in order to minimize lung segmentation error.  An adaptive border marching method has been suggested by Pu et al. [11] that advances segmented lung border and corrects it to identify the inner lung border. This method was created specifically to incorporate the juxta-pleural nodules into the lung segmentation. Zhou et al. [12] have suggested a multi-stage strategy for incorporating juxta-pleural nodules. Despite the fact that the performance lung segmentation techniques is improving over time, there is still room to suggest a generalized strategy that can incorporate into lung nodule segmentation. By using affinity matrix, intensity and texture features segmentation of ground glass opacity nodules is proposed by Li [13] using random walker.
As previously mentioned, varying nodules have varying sizes, shapes, and textural characteristics, which degrades the segmentation process. Therefore, lung segmentation requires a robust mechanism that can adjust to changes in nodule appearance.
III. METHODOLOGY
The proposed method for automatic detection of lung nodules is as shown in Fig 1. The proposed method involves different steps are described below.
A) Input Images:
The CT images are collected from Lung Image Database Consortium. To ensure precise segmentation of lung tissues, the preprocessing of images is crucial, aiming to enhance their quality for subsequent analysis. In healthcare, especially in the domain of medical image analysis, the significance of edges cannot be overstated. The preservation of edges and the enhancement of image quality are primary considerations to facilitate accurate diagnoses.
B) Image Denoising:
The BM3D denoising approach operates under the assumption that an image exhibits a localized and patchy structure in the time domain. This method enhances sparsity by segregating identical 2D image patches into 3D classes [14]. BM3D stands out as an advanced technique, demonstrating precise block-matching, particularly in areas with stronger edges, leading to consistently higher denoising efficacy compared to smoother or weaker edge regions. The adaptability of block sizes in various image areas contributes to an improved denoising outcome. 
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Fig. 2- Preprocessed images using BM3D filter
The BM3D filtering and grouping process, known as the collaborative filter method, is executed in four distinct phases.
i. Expose and arrange the image patches in a 3D block structure, resembling a specific image patch.
ii. Conduct three-dimensional linear transformations on the image.
iii. According to range of shrinking modify variables
iv. Conduct reverse 3 D linear transformation
For image denoising using BM3D noise standard deviation is 0.5 and hard thresholding were used. The output of this stage is as shown in Fig 2.
C) Feature Extraction:
In this study, we employ a Multi-Wavelet Filter Bank as a powerful tool for feature extraction in the context of lung CT image analysis. The Multi-Wavelet transformation allows us to capture intricate texture details by decomposing the image into sub-bands, each representing different scales and orientations. This multi-resolution approach enhances our ability to discern and characterize various tissue textures present in the lung CT images.
Unlike single-scale methods, the application of multi-wavelet filter banks enables the representation of both fine and coarse textures, providing a more comprehensive and detailed feature set. This is particularly advantageous in medical imaging, where subtle variations in tissue patterns can be indicative of pathological conditions such as lung cancer.
The extracted features from the multi-wavelet transformation serve as a rich source of information for subsequent stages of our methodology. By incorporating these texture features, we enhance the discriminatory power of our classification algorithms, contributing to the overall accuracy and reliability of automated tissue segmentation in lung CT images. This integration of multi-wavelet filter banks ensures a nuanced and comprehensive characterization of the diverse textures inherent in lung tissue, furthering the effectiveness of our proposed approach for lung cancer detection.


D) Image Segmentation:
The process of automated tissue segmentation in lung CT images involves the utilization of a Random Forest algorithm combined with feature extraction through Multi wavelet Filter Banks [15]. This method aims to enhance the precision and efficiency of delineating distinct tissue types within the CT images of the lungs.
The initial step involves the extraction of relevant features from the lung CT images using Multi wavelet Filter Banks. Multi wavelet filters are employed to capture texture information, providing a comprehensive representation of the image at various spatial frequencies and orientations. This feature extraction technique enhances the discriminatory power of subsequent classification algorithms.
The Random Forest algorithm is then deployed for tissue segmentation. This machine learning algorithm operates by constructing an ensemble of decision trees, which collectively contribute to the segmentation process. The utilization of a Random Forest enhances the robustness of the segmentation model, as it mitigates overfitting and effectively handles complex relationships within the data.
The combination of multi wavelet Filter Banks and Random Forest leverages the strengths of both feature extraction and classification methodologies. Multi wavelet Filter Banks capture intricate texture details, while the Random Forest algorithm efficiently classifies tissues based on the extracted features. This integrated approach significantly improves the accuracy and reliability of automated tissue segmentation in Lung CT images.
In summary, the proposed methodology involves multi wavelet Filter Banks for feature extraction and Random Forest for tissue segmentation, culminating in a systematic and effective approach for automated tissue segmentation in Lung CT images. 
V. RESULT & DISCUSSION
[bookmark: _GoBack]The graphical results of our automated lung region segmentation methodology, utilizing Multi-Wavelet Filter Banks and the Random Forest algorithm, are presented in figure 3. It showcases a visual comparison between the segmented lung region obtained from our approach and the corresponding ground truth. The segmentation outcomes align closely with the ground truth, indicating the efficacy of our approach in capturing the intricate details of lung structures.
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Fig. 3 Original image, mask and extracted lung region
The promising results obtained underscore the potential clinical applicability of our approach for aiding healthcare professionals in the early and accurate interpretation of lung CT images for lung cancer diagnosis. While the presented results are encouraging, ongoing research efforts are imperative to further refine and adapt our methodology to diverse datasets, ensuring its robustness and applicability in real-world medical scenarios. This will serves as a foundation for future advancements in automated tissue segmentation for lung cancer detection.
VI. CONCLUSION
In conclusion, our research marks a significant stride in the domain of lung cancer detection through the development of an advanced automated tissue segmentation methodology for CT images. The integration of a Multi-Wavelet Filter Bank for nuanced feature extraction, coupled with the Random Forest algorithm for precise tissue segmentation, demonstrates notable improvements in accuracy and reliability. Our approach harnesses the diverse texture information captured by Multi-Wavelet filters, enhancing the discriminative power crucial for subsequent classification.
The presented results underscore the effectiveness of our methodology, showcasing superior performance metrics compared to existing techniques. This systematic fusion of Multi-Wavelet Filter Banks and the Random Forest algorithm holds substantial promise for clinical applications, providing healthcare professionals with a robust tool for early and accurate lung cancer detection from CT images.
However, acknowledging the evolving nature of medical research, our conclusion emphasizes the imperative of ongoing efforts to refine and adapt the proposed methodology to diverse datasets and clinical scenarios. As we pave the way for future advancements in automated tissue segmentation, this research contributes significantly to the arsenal of diagnostic tools, poised to positively impact patient outcomes and healthcare decision-making in the realm of lung cancer diagnosis.
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