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Abstract: Lung cancer remains a major concern in modern oncology due to its high mortality rates and multifaceted origins, including hereditary factors and various clinical changes. It stands as the deadliest type of cancer and a significant cause of cancer-related deaths globally. Early diagnosis enables healthcare providers to administer appropriate treatment measures promptly and accurately, leading to improved prognosis and higher survival rates. The significant increase in both the incidence and mortality rates of lung cancer, particularly its ranking as the second most prevalent cancer among women worldwide, underscores the need for comprehensive research into efficient screening methods. Advances in diagnostic techniques, particularly the use of computed tomography (CT) scans, have revolutionized the identification of lung cancer. CT scans are renowned for their ability to provide high-resolution images and are particularly effective in detecting small, calcified areas, crucial for identifying early-stage lung cancer. Consequently, there is growing interest in enhancing computer-aided detection (CAD) systems. These algorithms assist radiologists by reducing false-positive interpretations and improving the accuracy of early cancer diagnosis. This study aims to enhance the effectiveness of CAD systems through various methods. Initially, the Contrast Limited Adaptive Histogram Equalization (CLAHE) algorithm is employed to preprocess CT scan images, thereby improving their visual quality. Further refinement is achieved by integrating different optimization strategies with the CLAHE method. The CutMix data augmentation technique is applied to boost the performance of the proposed model. A comparative analysis is conducted using deep learning architectures such as Inception-V3, ResNet101, Xception, and EfficientNet. The study evaluates the performance of these architectures in image classification tasks, both with and without the implementation of the CLAHE algorithm. The empirical findings of the study demonstrate a significant reduction in the false positive rate (FPR) and an overall enhancement in diagnostic accuracy. This research not only contributes to the field of medical imaging but also holds significant implications for the early detection and treatment of lung cancer, ultimately aiming to reduce its mortality rates.
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1  Introduction

Lung cancer, characterized as the most fatal of all cancers, accounts for a staggering 18% of total cancer-related mortalities globally [1]. Smoking, considered the primary etiological factor in lung cancer genesis, remains a pressing issue, with its prevalence still on an upward trajectory in various regions. This tendency indicates that lung cancer will remain a substantial health concern in the near future. The pivotal role of early detection in enhancing survival rates cannot be overstated [2]. Lung cancer also ranks as the second most prevalent cancer among women, further amplifying its impact on global health.

The World Health Organization reports lung cancer as the sixth leading cause of death worldwide, underscoring its severe health burden [3]. Projections by the American Cancer Society for the year 2023 indicate a bleak prediction of 238,340 new lung cancer cases, alongside an estimated 127,070 fatalities [4], as depicted in Fig. 1.
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Figure 1: Lung and other cancer statistics (reprinted from Reference [5])

Lung cancer is a multifaceted and challenging disease that is mainly divided into two main types: small cell lung cancer (SCLC) and non-small cell lung cancer (NSCLC). Lung cancer has a multifaceted origin, involving several risk factors like tobacco smoking, second-hand smoke exposure, and air pollution, as well as individual characteristics such as gender, genetic predispositions, and aging [5]. The various reasons highlight the complex nature of lung cancer development and the need for a wide range of preventive and diagnostic approaches.

This result emphasizes the need for more studies on early detection approaches and more efficient treatment processes. The rising rates of lung cancer cases and deaths require a comprehensive strategy that includes encompassing public health initiatives aimed at smoking cessation, improvements in early detection through medical imaging, and the creation of new treatment methods. The global health community reaction to this persistent catastrophe will be vital in shaping the future trends of lung cancer morbidity and fatality rates.

There is a critical need for increased attention in the biological, medicinal, and scientific fields to create new and advanced diagnostic methods. Early diagnosis is crucial in medical decision-making and substantially impacts the effectiveness of treatments, eventually affecting patient outcomes and healthcare advancements [6]. Developing and implementing computer-aided diagnostic (CAD) systems are crucial strategies for solving this urgent healthcare concern. These technological improvements are expected to help healthcare providers diagnose lung cancer early, improving the likelihood of timely intervention and possibly lowering mortality rates linked to the condition.

Medical imaging is important in identifying and characterizing aberrant growths and diseases in diagnostic pathology. Experienced pathologists heavily depend on a variety of imaging techniques to identify and diagnose different types of cancer, such as lung cancer. The tools include conventional radiography, magnetic resonance imaging (MRI), computed tomography (CT), and positron emission tomography (PET). Using these imaging techniques early on is vital for detecting lung cancer, as it helps identify malignancies when they are more treatable.

This paradigm highlights the capability of combining sophisticated image technologies with machine learning and artificial intelligence in CAD systems. This integration intends to improve the precision and effectiveness of lung cancer detection, therefore playing a crucial part in the overall strategy to fight this widespread illness. Collaboration among medical, scientific, and technical fields is crucial for creating and enhancing novel diagnostic tools, leading to better patient outcomes and decreased worldwide burden of lung cancer.

Convolutional Neural Networks (CNNs) have gained widespread prominence in the identification of lung cancer. Yet, the prediction and accurate detection of lung cancer through CNNs are fraught with challenges, primarily attributed to the intricate architecture of CT scans. Additionally, the effectiveness of CNN models is often hampered by various technical difficulties, including the selection of an optimal architecture, the determination of appropriate model parameters, and the fine-tuning of ideal weight and bias values.

In the realm of supervised machine learning, algorithms are trained on labeled datasets where they discern both known and previously unidentified attributes. This training enables the algorithms to predict or detect the presence of cancerous conditions in medical images. In the typical workflow of a CAD system employing machine learning, images are first subjected to preprocessing [7]. Subsequently, salient features are extracted to streamline data processing, followed by the deployment of classifiers to differentiate between cancerous and non-cancerous images. Historically, the manual extraction of diverse features represented the most labor-intensive and time-consuming aspect of traditional detection methodologies. Deep learning models, however, have revolutionized this process by autonomously extracting image features, thereby significantly enhancing the efficiency of CAD systems in recent years. Deep learning algorithms have demonstrated remarkable effectiveness in the field of medical image processing [8].

In summary, advancements in medical imaging have significantly enhanced diagnostic capabilities. Integrating intelligent assisted diagnosis systems is crucial for boosting the efficacy and reliability of cancer detection, especially in the early stages. These technologies assist doctors in making informed decisions and enable more individualized and effective treatment regimes, leading to improved patient outcomes in oncological care. Although there have been notable improvements in the detection and diagnosis of lung cancer, contemporary methods still encounter difficulties in accuracy, early identification, and efficiency. Current research shows a deficiency in advancing and utilizing new computational methods, specifically in combining complex image processing algorithms and deep learning models for categorizing lung cancer through CT scans. Although traditional methods and some CAD systems have been used, comprehensive strategies still need to successfully integrate the most recent developments in image improvement, data augmentation, and deep learning architectures. Reducing false positives (FPs) and enhancing the precision of detection in early-stage lung cancer is a crucial topic that existing technologies have not fully tackled.

The motivation for this research is the pressing necessity to enhance lung cancer diagnostic techniques, which are essential for improving survival rates. Timely and precise identification of lung cancer greatly impacts the effectiveness of treatment. However, it is difficult due to the intricate nature of lung tissue imaging and the modest signs of early-stage development. This research intends to overcome the shortcomings of current diagnostic methods by utilizing advanced image processing techniques, such as Contrast Limited Adaptive Histogram Equalization (CLAHE) and the CutMix data augmentation method, in combination with deep learning models. Combining these strategies is anticipated to improve the sharpness and excellence of CT images, thereby assisting in more precise and effective lung cancer categorization. The main objective is to enhance medical imaging and cancer diagnosis by developing a more dependable, accurate, and early detection system that could improve patient outcomes and potentially increase survival rates for lung cancer patients.

In this work, we selected the CLAHE algorithm to enhance CT images due to its ability to improve local contrast, adapt to image features, handle restricted dynamic range, and reduce the influence of noise. By improving local contrast, it effectively accentuates subtle details without causing any distortion to the overall image. The technique adaptive nature allows it to modify parameters based on the image characteristics, ensuring effective improvement while maintaining image integrity. Furthermore, CLAHE evenly distributes intensity values across the spectrum of brightness levels, improving visibility in dark and bright areas without causing saturation. The technique resilience to noise allows for the easy distinction of visual features from unwanted artifacts. Through non-linear changes to image histograms, CLAHE improves the display of anatomical details by drawing attention to important structures and removing unnecessary background data. This technology efficacy in several medical imaging techniques, including CT scans, has been well documented through extensive research and practical use [9].

Consequently, in this research, we developed an automated methodology for cancer diagnosis using grayscale images from CT scans. The keystone of this approach is the utilization of the CLAHE algorithm, which is employed to adjust the contrast, thereby rendering pulmonary nodules more discernible. In addition, different optimization techniques are used to attain optimal outcomes from the CLAHE technique. Moreover, the CutMix data augmentation technique is incorporated to enhance deep learning models’ performance and predictive accuracy. This technique is instrumental in creating varied and novel training examples crucial for robust dataset training. Subsequently, a range of deep learning models is applied to classify CT lung images, illustrating the versatility and efficacy of these computational architectures.

The salient contributions of this paper are multifaceted and can be delineated as follows:

•   This paper presents an in-depth review of existing literature pertaining to lung cancer classification techniques. This review serves as a foundational framework, situating our research within the broader context of current scientific understanding.

•   We propose various deep neural network architectures for lung cancer classification, demonstrating their potential in enhancing diagnostic precision.

•   A key contribution is the introduction of an automated system designed specifically for the classification of lung cancer types. This system leverages the robustness of classification architectures based on deep learning, signifying a leap in computational diagnostics.

•   We underscore the importance of conducting essential pre-processing steps prior to the training and testing phases. These steps are critical in reducing FPs and augmenting the precision of the deployed deep learning architectures.

•   The integration of different optimization techniques with the CLAHE method is employed to significantly improve the quality of medical imaging, thus enhancing diagnostic accuracy.

•   The implementation of the CutMix data augmentation technique is a noteworthy aspect of this research. This technique contributes to the enhanced performance of deep learning models when analyzing chest CT scan datasets.

•   A comprehensive analysis is conducted, juxtaposing the proposed techniques with recent traditional algorithms. This analysis provides a nuanced understanding of the advantages and potential limitations of both the novel and traditional methodologies in lung cancer diagnosis.

In essence, this paper not only offers novel computational approaches for lung cancer classification but also provides a critical evaluation of these methods in comparison to established techniques. This comprehensive approach ensures that the research contributes meaningfully to the advancement of medical imaging and cancer diagnosis, potentially leading to improved patient outcomes and more effective clinical practices.

This research paper is systematically structured into distinct sections. Section 2 provides a comprehensive literature review and examines existing lung cancer classification techniques. Section 3 delves into the theoretical foundations and relevant concepts integral to the study. The proposed methodology, including data processing and application of classification techniques, is detailed in Section 4. Section 5 presents an analysis of the results obtained from these techniques. Finally, the paper conclusion is given in Section 6, summarizing the findings and suggesting directions for future research.

2  Related Work

Recent advancements in lung cancer diagnosis have been significantly influenced by the integration of computational techniques in medical imaging. Many studies have concentrated on utilizing machine learning and deep learning algorithms to detect lung cancer through CT images. Many studies have used deep and ensemble learning techniques to classify lung lesions. Our study thoroughly examined the most advanced methodologies in classifying lung nodules. This field has attracted significant research focus, resulting in considerable effort to improve diagnostic precision and effectiveness in this domain. The abundance of studies in this area highlights the crucial significance of precise lung nodule classification, serving as a diagnostic tool and a predictor of patient cases. In the following subsections, various studies have been summarized.

The study in [9] employed a deep neural network (DNN) to extract features from medical images. This research methodology consisted of three main phases: data augmentation techniques, classification, and cancer detection. The authors effectively utilized transfer learning approaches to overcome limited available data in medical image analysis. The authors employed well-known architectures such as Xception, VGG 19, and VGG 16 to train their classifiers. The performance of these models was noteworthy, with Xception achieving an accuracy of 97.4%, VGG 19 reaching 98.05%, and VGG 16 excelling at 98.83%.

The authors in [10] exploited the CNN architecture for classifying lung image. This study incorporated six shape-based elements, which improved the model’s analytical abilities. The features comprised the histogram of oriented gradients (HOG), circularity, solidity, the discrete Fourier transform of the radial length (RL) function, moments, and the histogram of the active contour image. The findings of this study achieved an average precision of 95.26% and an average recall of 69.56%.

Combining autoencoders with CNN is accomplished in [11] for lung image classification. The first stage in this approach was applying a convolution filter to the images, then down-sampling them using max pooling to preprocess the images. The system utilized an autoencoder within the CNN framework to extract essential features from the images. A multi-space image reconstruction technique was used to enhance the procedure to reduce error rates. In the last phase, the reconstructed images were fe into a SoftMax layer to aid in the classification of the CT images. This approach demonstrated an accuracy of 99.5%.

Deep learning approaches with transfer learning algorithms were used in [12] to classify different lung diseases. This method entailed analyzing unprocessed lung images using an EfficientNet v2-M deep learning network. This approach displayed variable performance metrics for distinct disease groups, with accuracies of 63.60% for normal patients, 82.30% for pneumonia, 82.80% for pneumothorax, and 89.90% for tuberculosis.

Nageswaran et al. [13] introduced an approach for predicting and classifying lung cancer by combining multiple machine-learning algorithms and image-processing methods. The images were first preprocessed using the geometric mean filter. The K-means clustering technique was used to divide the improved images into separate regions, making identification of specific areas of interest easier. This study utilized machine learning techniques such as K-Nearest Neighbors (KNN), Artificial Neural Networks (ANN), and Random Forest (RF) for the classification task. The artificial ANN showed the highest accuracy among these methods, indicating its potential for lung cancer categorization.

Masood et al. [14] introduced a three-dimensional (3D) deep CNN system. This system was a hybrid structure of deep learning and cloud computing, specifically developed to diagnose lung nodules. Utilizing the multi-region proposal network (mRPN) within this architecture, the authors integrated cloud computing to enhance the overall performance of the CAD system. Their system exhibited impressive capabilities, achieving a 98.5% accuracy in lung cancer detection. Moreover, Ozdemir et al. [15] proposed a system based on 3D CNN for diagnosing and detecting lung cancer. This model was noteworthy for its high accuracy, achieving a rate of 96.5% in lung cancer diagnosis.

The double-deep CNN was introduced in [16] to predict the stages of lung cancer. The authors employed CT scans to train both the deep CNN and the standard deep CNNs, focusing specifically on the Tx stage of lung cancer. A double deep neural network, incorporating convolution and max-pooling layers, was tested using pulmonary cancer images to evaluate their capacity in staging lung cancer, with a particular emphasis on the Tx stage. This approach yielded an accuracy of 99.62%.

The work in [17] presented an approach combining a metaheuristic algorithm with a CNN—the method was initiated by creating a CNN architecture and then calculating the model’s solution vector. The solution vector was improved using the Ebola optimization search algorithm (EOSA) to find the best weights and biases for training the CNN model. After training the EOSA-CNN hybrid model, an optimal configuration was established. EOSA-CNN acquired a specificity of 0.7941, 0.97951, 0.9328, and sensitivity of 0.9038, 0.13333, and 0.9071 for normal, benign, and malignant cases, respectively.

An automated deep-learning framework was introduced for early detection and classification of lung nodules [18]. The methodology encompassed three integral stages: initial lung segmentation using a modified 3D U-Net, termed 3D Res-U-Net; nodule detection using YOLO-v5; and final classification via a Vision Transformer-based architecture. The proposed Vision Transformer network achieved an accuracy of 93.57%.

The study in [19] applied various machine learning algorithms for classifying lung cancer images. This approach included integrating two features, Gabor energy, and Gabor entropy, in conjunction with five features derived from the grey-level co-occurrence matrix (GLCM). The methodology was tested using 450 CT scan lung images from the publicly available Lung Image Database Consortium (LIDC) and Image Database Resource Initiative (IDRI) dataset. The results were obtained with the support vector machine (SVM), artificial neural network (ANN), naive Bayes (NB), and perceptron algorithms, achieving accuracy rates of 100%, 99%, 83%, and 92%, respectively.

The work in [20] introduced a deep-learning framework for analyzing lung pneumonia and cancer. The authors proposed two deep-learning methods. The first method, a modified version of the AlexNet, was designed to categorize chest X-ray images into normal and pneumonia classes, employing SVM for classification and comparing its efficacy against the SoftMax classifier. The second method in this study focused on augmenting the modified AlexNet with a fusion of learned and handcrafted features. This method was implemented through serial fusion and principal component analysis (PCA) with a feature selection process, resulting in a classification accuracy of 97.27%.

In [21], an improved CNN was proposed for the classification of lung cancer types. This approach integrated a gray wolf optimization algorithm to fine-tune the CNN hyperparameters. The results from this model indicated an accuracy of up to 98.21%, with a minimal loss of approximately 0.10%.

Lanjewar et al. [22] employed an enhanced DenseNet architecture for the detection of lung cancer in CT scans. Initially, they extended the original DenseNet framework, derived from the DenseNet201 model, to specifically target lung cancer identification. They then performed feature extraction using DenseNet201 and utilized it in a machine learning classifier. Ultimately, their findings indicate a system accuracy of 100%, with an average accuracy of 95%.

Recent progress in deep learning has demonstrated substantial potential in different sectors, particularly in examining medical images. These techniques have successfully identified medical disorders, such as cancer, in images. Conventional machine learning algorithms face challenges in reliability because of the significant variability in medical imaging among individuals. The main limitations of current systems are their time-consuming procedures, high costs, and demand for specialized knowledge. Deep learning methods can help overcome these obstacles by creating an intelligent system that can identify lung cancer independently and precisely.

CNNs have distinct benefits in medical imaging, including location invariance, enabling their filters to identify patterns irrespective of their spatial arrangement. Sliding windows allow filters to learn patterns over the entire image, enhancing this potential. CNNs’ hierarchical structure automatically recognizes intricate patterns, with initial layers detecting fundamental boundaries and structures, intermediate layers concentrating on shapes, and higher-level layers identifying broader object shapes [11]. CNNs benefit from a layered approach, improving their effectiveness in analyzing medical images, especially in the complex field of lung cancer diagnosis.

While existing literature provides significant insights into lung cancer detection using computational methods, there remains a noticeable gap in the comprehensive integration of advanced image processing techniques, innovative data augmentation methods, and deep learning for CT scan analysis. This research aims to bridge this gap by combining CLAHE for image enhancement, CutMix for data augmentation, and various deep learning architectures to improve the accuracy and efficiency of lung cancer classification. This approach is expected to contribute to reducing FPs and enhancing the reliability of early-stage lung cancer detection.

3  Preliminaries

This section delineates the foundational theories and techniques integral to our research, encompassing the CLAHE and CutMix data augmentation.

3.1 Contrast Limited Adaptive Histogram Equalization (CLAHE)

Histogram equalization is an essential technique to improve medical images by adjusting the contrast according to the image histogram. Conventional histogram equalization entails adjusting the grayscale values of an image to create a more even distribution in the resulting histogram. This approach assumes consistent quality throughout the image, implying that a single grayscale mapping could improve all areas globally. This assumption is invalid when grayscale distributions differ significantly across several image regions.

The Adaptive Histogram Equalization (AHE) algorithm is employed to address this, offering significant improvements over traditional methods, especially in images with variable grayscale distributions. An advanced variant of AHE is the CLAHE, initially introduced in [23] and further elaborated in [24]. CLAHE stands out by incorporating a limiting mechanism to reduce noise amplification in near-constant regions, a common drawback of standard AHE. This feature makes CLAHE particularly advantageous in categorizing medical imagery, where it has gained traction for its effective image enhancement capabilities [25,26]. In medical imaging, CLAHE has been shown to not only improve image contrast but also to equalize lightness and mitigate noise [27].

In our work, CLAHE is applied to enhance image contrast and accentuate image edges. A distinctive feature of CLAHE is its ability to retain and redistribute the concentrated portions of the histogram instead of discarding them. This approach ensures a more subtle and effective enhancement of medical images.

The underlying principle of the CLAHE algorithm involves applying histogram equalization to distinct, non-overlapping sections of an image. To smooth out any anomalies at the tile boundaries, the algorithm employs bilinear interpolation. This resampling technique, pivotal in both computer vision and image processing, is sometimes referred to as bilinear texture mapping or bilinear filtering. Bilinear interpolation functions by executing linear interpolation twice to interpolate functions with two variables [28], thereby seamlessly blending adjacent tiles and eliminating spurious borders. This technique enhances the overall fidelity and clarity of the processed images, making itself a robust tool in our medical image analysis framework.

Implementing the CLAHE algorithm significantly impacts the source lung images, as depicted in Fig. 2. This figure illustrates the original image values distributed across a range from a minimum of 0 to a maximum of 255. In contrast, the image enhanced through CLAHE exhibits a considerable centralization of pixel values within the histogram median range. This visual comparison underscores the effectiveness of CLAHE in altering and improving the image contrast, thereby facilitating more precise medical image analysis.
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Figure 2: Original and enhanced images using CLAHE algorithm

Two critical parameters warrant careful consideration while implementing the CLAHE technique: the clip limit and the tile grid size.

1.    Clip Limit: This parameter plays a vital role in setting the threshold for contrast limitation. It effectively establishes the maximum extent to which contrast enhancement is permitted before being curtailed. The clip limit is thus instrumental in preventing over-amplification of contrast, which can lead to the loss of essential image details.

2.    Tile Grid Size: The configuration of the tile grid size determines the dimensions of the grid, thereby defining the number of tiles in each row and column. This parameter is crucial as it dictates the granularity with which the image is partitioned in the CLAHE process. The selected tile grid size influences the algorithm localized adaptability, allowing variable contrast adjustments across different image regions [29].

The clip limit largely governs the efficacy of CLAHE. This limit ensures that the histograms for non-overlapping regions are normalized to a level below the specified threshold [30]. The mathematical expression for calculating the clip limit β in the CLAHE method is as follows:

β=IJK(1+α100(mmax−1))(1)

Here, I and J represent the number of pixels in each area, K denotes the number of grayscale levels, α is the clip parameter, and mmax is the maximum permissible value of the slope. This formula provides a quantitative means to precisely calibrate the CLAHE process, ensuring optimized contrast enhancement tailored to the specific requirements of lung image analysis.

The CLAHE technique is executed through a series of methodical and well-defined procedural steps, as illustrated in Fig. 3, ensuring optimal image contrast enhancement while preserving essential details. These steps are outlined as follows:
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Figure 3: Main steps of the CLAHE algorithm

1.    Image Partitioning: The process begins with segmenting the original image into discrete, non-overlapping tiles or regions. This partitioning is critical as it allows for the localized application of contrast enhancement, catering to the unique characteristics of each region.

2.    Histogram Computation: A histogram is computed for each of these segmented tiles, accurately representing the distribution of intensity levels within that specific region. This step forms the basis for subsequent contrast modifications.

3.    Contrast Enhancement: The enhancement phase involves modifying each tile’s histogram using histogram equalization techniques. These techniques are applied in a manner tailored to each region’s unique intensity distribution, thereby ensuring a more nuanced enhancement of contrast.

4.    Clipping Mechanism: A crucial step in the CLAHE process is implementing a contrast-limiting clipping operation on the histogram. This mechanism is designed to prevent noise over-amplification, a common issue in standard histogram equalization. By limiting the amplification of pixel values, the clipping step maintains the integrity of the image details.

5.    Interpolation Procedure: The final step involves the interpolation of the enhanced tiles. This procedure is essential to smoothly blending the edges of adjacent tiles, thereby eliminating abrupt transitions and producing a cohesive and visually coherent output image.

Through these steps, CLAHE effectively adapts to varying contrast levels across different regions of the image. This localized approach to histogram equalization results in a significantly improved output, offering enhanced visual clarity compared to global histogram equalization methods. The use of CLAHE in medical imaging, particularly in lung image analysis, provides a powerful tool for enhancing image quality and aiding in accurate diagnosis.

Parameter Optimization for CLAHE

Calibrating parameters for the CLAHE is a pivotal aspect that directly influences its effectiveness. A series of advanced optimization techniques were implemented to establish the most suitable clip limit value and tile grid size for CLAHE. These techniques include particle swarm optimization (PSO), covariance matrix adaptation evolution strategy (CMA-ES), modified CMA-ES optimization, sequential least square programming (SLSQP) algorithm, basin hopping optimization, and the genetic algorithms (GA).

Through these optimization procedures, the study aimed to refine the operational parameters of CLAHE, thereby enhancing its applicability and effectiveness in medical image processing, particularly in lung image analysis.

Initially, the PSO algorithm was selected for its renowned efficiency in parameter optimization. This technique application in image processing, particularly for the optimization of operational parameters in CLAHE, represents a novel approach in this study. PSO is acknowledged for its robustness in tackling complex optimization challenges across various fields. In this context, it was employed to determine the optimal settings for the CLAHE algorithm, with a specific focus on maximizing image quality.

The optimization process involved initializing a population of particles with random values for the clip limit and tile grid size, confined within pre-established boundaries. Each particle, representing a potential solution, was evaluated in successive iterations using a predefined objective function. This function assesses the fitness of the solution, primarily based on the quality of the image enhancement achieved.

During the PSO optimization, special attention was paid to the selection of the clip limit, a critical parameter in the CLAHE algorithm. The chosen value needs to balance the enhancement of image contrast while mitigating quality degradation factors such as saturation, shifts in mean intensity, and alterations in geometrical and intensity features. Moreover, the algorithm also considers potential changes in the textural attributes of the images. Such comprehensive evaluation was crucial to ensure that the CLAHE algorithm, when applied to medical images, achieves an optimal balance between enhancing contrast and preserving image quality [31].

The CMA-ES, developed by Nikolaus Hansen, falls under the category of evolution strategy algorithms. It is particularly well-known for its proficiency in solving complex optimization problems that are nonlinear, non-convex, and typically classified as black-box challenges in continuous domains. CMA-ES is characterized by its iterative process, generating new solutions around a dynamically adaptive recombination point, and is especially effective in scenarios involving small population sizes, demonstrating impressive sample efficiency. The algorithm operates by sampling each generation from a distribution optimized to favor solutions with superior fitness values. Central to its methodology is the adaptive adjustment of the covariance matrix, enhancing the algorithm convergence rate while concurrently averting premature convergence. This attribute positions CMA-ES as a formidable tool in optimization, adept at tackling intricate optimization problems [32].

The SLSQP is a gradient-based method designed for nonlinear optimization problems, incorporating constraints. The SLSQP adeptly manages the nonlinear relationships among various features. It offers a comprehensive approach to parameter determination, considering not only the objective function but also additional constraints. This is particularly relevant in optimizing image properties related to anticancer compounds [33].

Basin Hopping Optimization, developed by David Wales and Jonathan Doye, is an iterative global optimization technique designed to determine the global minimum of a complex, multimodal objective function. This method combines local minimization steps with random perturbations, effectively navigating through intricate, multimodal landscapes. The process involves a random perturbation of the system, followed by local optimization to find a minimum near the perturbed configuration. Decisions on accepting or rejecting new configurations are made similar to the Metropolis criterion in simulated annealing. This combination of global perturbations and iterative local searches enables the Basin Hopping Optimization to explore various minima and traverse complex terrains, making it particularly suitable for problems with numerous local minima [34].

The GA is an optimization technique based on the principles of Darwinian evolution. GA is versatile, with applications ranging from finding extrema in functions to addressing routing issues and solving mathematical problems, including both linear and non-linear programming. GA implementation in various problems is typically accompanied by detailed formulations and live software demonstrations, providing both theoretical and practical insights [35].

The evaluation of image quality post-enhancement is conducted through both visual and objective assessment parameters. Visual evaluation is crucial for observing the effects of different optimization techniques on the enhanced image, as shown in Fig. 4. Objective assessment involves metrics such as Peak Signal-to-Noise Ratio (PSNR), Structural Similarity Index (SSIM), Mean Squared Error (MSE), and Normalized Root Mean Square Error (NRMSE) [36,37], as detailed in Table 1. These metrics provide a quantitative evaluation of the image quality, allowing for an objective comparison of the effectiveness of the various enhancement algorithms.
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Figure 4: (a) Original image, (b) image enhanced by CLAHE with SLSQP, (c) image enhanced by CLAHE with differential evolution optimizer (d) image enhanced by CLAHE with PSO, (e) image enhanced by CLAHE with Basin hopping optimizer, (f) image enhanced by CLAHE with CMA-ES optimizer, (g) image enhanced by CLAHE with modified CMA-ES optimizer, (h) image enhanced by CLAHE with GA optimizer
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The SSIM is an analytical tool employed to quantify the structural resemblance between the enhanced image and the original one. SSIM values range from 0 to 1, where a value of 0 indicates no correlation with the original image, and a value of 1 signifies complete similarity. A high SSIM value shows a closer structural similarity of the enhanced image to the original one. The SSIM between the input (A) and the enhanced image (B) is mathematically defined as:

SSIM(A,B)=(2μAμB+C1)(2σAB+C2)(μA2+μB2+C1)(σA2+σB2+C2)(2)

In this equation, μA and μB represent the mean intensities of images A and B, respectively, σA and σB are their variances, and σAB is the covariance between the two images.

The PSNR is another quantitative metric used to evaluate the discrepancy between an original image and its enhanced version. A higher PSNR indicates a less disparity between the compared images, typically signifying higher image quality. Additionally, the MSE is widely used to assess image quality. It serves as a reference measure where values closer to zero are indicative of superior image quality. The formulas for PSNR and MSE are as follows:

PSNR=10 log10|L2MSE|(3)

MSE=1mn∑i=1m∑j=1n(Aij−Bij)2(4)

Here, L represents the maximum grayscale level, and (m, n) are the dimensions of the original image (A) and the enhanced image (B).

The NRMSE is a metric used to evaluate the quality of images by measuring the normalized difference between the values of the enhanced image and the original one. A lower NRMSE value indicates better image quality, as it signifies less variation between the actual and expected image data [38]. The NRMSE of the enhanced image is defined as:

NRMSE=∑i=1M∑j=1N|A(i,j)−B(i,j)|2∑i=1M∑j=1NA(i,j)2∑i=1M∑j=1NB(i,j)2(5)

In this formula, A(i, j) and B(i, j) represent the pixel intensities of the original and enhanced images, respectively.

The analysis of outcomes from our study reveals that the CMA-ES optimizer demonstrates exceptional effectiveness in reducing distortions, such as noise, while preserving critical local features in the images, including edges, corners, and textures. This performance is notably superior to that of other optimization methods tested.

In the realm of objective assessments, the modified CMA-ES optimizer has shown remarkable results, particularly in terms of the PSNR, a key indicator of image quality. A higher PSNR value achieved by the modified CMA-ES indicates an enhanced quality of the image when compared to the results obtained using other optimization techniques.

Additionally, the low values observed for the MSE and the NRMSE further underscore the superiority of the modified CMA-ES optimizer. Specifically, the modified CMA-ES gives values of 0.054058 for MSE and 0.0091 for NRMSE, both of which are significantly close to zero. These figures are indicative of a high degree of fidelity of the enhanced images, affirming the effectiveness of the modified CMA-ES in image enhancement. Furthermore, the SSIM value obtained was 0.9666, approaching the ideal value of one. This high SSIM value signifies a greater structural similarity between the enhanced image and the original one, corroborating the modified CMA-ES optimizer capacity to retain the inherent characteristics of the original image while enhancing its quality.

Given these compelling results, the modified CMA-ES optimizer efficacy stands out in comparison to other optimization techniques. Therefore, the subsequent phases of our proposed methodology will be grounded on the enhanced images obtained through the application of the modified CMA-ES optimizer. This strategic decision is based on the optimizer proven ability to significantly improve image quality while maintaining the integrity of crucial image features.

To justify the implementation of the CLAHE enhancement method in the CT lung images, a comparison with different traditional enhancement methods is accomplished, as illustrated in Table 2.
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This table illustrates that the CLAHE method outperforms the other methods in enhancing the CT lung images in terms of PSNR, SSIM, MSE, and MRMSE.

3.2 CutMix Data Augmentation

In addressing the challenge of CNN model overfitting on limited labeled training datasets, data augmentation has emerged as a crucial preprocessing step to enhance the performance of deep learning models. This approach involves training models on datasets that have been expanded and diversified through various data augmentation techniques. Among these techniques, data augmentation has garnered significant attention for its effectiveness in improving model performance in recent years [39]. A method called CutMix was used to enhance these procedures.

CutMix operates by randomly cutting and pasting patches from one image onto another within a pair of images, effectively blending elements of both. This technique goes further by proportionally mixing the ground truth labels corresponding to the area of the patches involved. Distinct from traditional regional dropout strategies, which typically replace excised regions with zeros or random noise, CutMix adopts a more productive approach. Rather than simply omitting pixels, it supplements the removed areas with patches from different images. This innovative approach takes advantage of the absence of uninformative pixels during the training phase, thus enhancing the efficiency and efficacy of the learning process [40].

Remarkably, CutMix has been shown to outperform other state-of-the-art data augmentation strategies consistently [41]. Our research demonstrates that CutMix not only contributes to the improvement of model robustness against input corruptions but also significantly enhances categorization performance for out-of-distribution data. To visually illustrate the effect of the CutMix augmentation technique, Fig. 5 presents samples generated after its application. These visual representations offer insights into how CutMix alters training images, providing a deeper understanding of its impact on model training and performance.
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Figure 5: Examples after applying CutMix data augmentation

•   Algorithm: Implementation of CutMix Augmentation

The CutMix augmentation strategy is implemented with the objective of generating new training samples (x~, y~), derived from the combination of two distinct samples (xf, yf) and (xg, yg). This process is pivotal in the training of deep learning models, where the original image x has dimensions w (width), h (height), and c (number of channels), and y is the label associated with the image.

The core of the CutMix strategy is encapsulated in the following equations:

x~=M⊙xf+(1−M)⊙xg(6)

y~=λyf+(1−λ)yg(7)

Here, M represents a binary mask, which delineates the areas to be dropped out from the first sample and filled in with corresponding regions from the second sample. The parameter λ, ranging between 0 and 1, is sampled from a Beta distribution with parameter α. The operator ⊙ signifies element-wise multiplication.

The binary mask M is generated by selecting bounding box coordinates G=(rx, ry, rw, rh), which define the cropping regions on xf and xg. The region B in xf is excised and subsequently replaced with the patch cropped from B of xg.

In practical implementation, the rectangular masks M are sampled such that their dimensions are proportional to the main image dimensions. During each iteration of training, a new sample is created by amalgamating two randomly selected training samples in accordance with the above Eqs. (6) and (7). This approach ensures the continuous generation of variable and complex training samples, thereby enhancing the model ability to learn from a rich and diversified dataset.

4  Methodology

This research introduces a comprehensive framework (Fig. 6) dedicated to the automatic classification of CT lung cancer images, with the primary objective of distinguishing between cancerous and non-cancerous images. Given the pivotal role of preprocessing in the classification of medical images, special attention is paid to this phase. CT scans often contain a variety of artifacts, including noise, which can significantly impede the accuracy of image analysis. To address this challenge, the study employs the CLAHE. CLAHE is used to effectively enhance the contrast and accentuate the edges throughout the images, thereby improving their overall quality for subsequent analysis.
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Figure 6: Automatic classification framework for CT lung images

Due to the often-limited datasets available in the biomedical field, the research incorporates data augmentation techniques. These techniques are well-established as instrumental tools in image classification tasks, particularly within deep learning methodologies. Data augmentation serves to increase the volume of training data and reduce the risk of overfitting, a common challenge in model training. Consequently, additional training images are generated by applying augmentation techniques to the original training set.

In this study, the CutMix algorithm is prominently utilized as an augmentation strategy. CutMix differs from traditional regional dropout strategies by replacing regions at a more granular level. It involves randomly selecting patches from one image and pasting them onto another within a pair of images. Concurrently, the ground truth labels are proportionally mixed based on the area of the patches involved. Unlike conventional methods that simply eliminate pixels, CutMix strategically replaces removed regions with patches from different images, leveraging the concept that each pixel in the training images contains valuable information. This approach not only enhances the efficiency and efficacy of the training process but also contributes to the robustness of the resulting model.

The final step of this process is the classification stage, when a variety of deep learning architectures are used. They include Inception-V3, ResNet101, Xception, and EfficientNet. Each architecture offers unique strengths and capabilities, making them well-suited for the complex task of lung cancer image classification. By utilizing these advanced deep learning models, the study aims to achieve high accuracy and reliability in the automatic classification of lung cancer from CT images.

4.1 Dataset Description

For this study, CT scan images were selected as the primary data source due to high quality imaging capabilities and relatively lower levels of noise compared to other imaging techniques like X-rays and Magnetic Resonance Imaging (MRI). To accommodate the technical requirements of the deep learning models utilized in this research, the images were not in the DICOM (DCM) format. Instead, they were provided in more common image formats such as JPG or PNG.

The dataset employed in this study was precisely compiled and made publicly available by Mohammad Hany. It is a comprehensive collection that includes three distinct types of chest cancer: adenocarcinoma, large cell carcinoma, and squamous cell carcinoma. Additionally, the dataset contains a separate category for normal cells, with a total of 1000 images, as illustrated in Fig. 7. This extensive dataset is structured for ease of access and use, with a primary folder named ‘Data’ acting as the central repository. Within this repository, the data is further organized into various subfolders, namely ‘test’, ‘train’, and ‘valid’. Each of these subfolders serves a specific purpose in the dataset utilization, facilitating efficient and systematic data handling for different phases of the research, including model training, validation, and testing [42]. This structured organization of the dataset is instrumental in ensuring a streamlined and effective workflow, contributing to the robustness and accuracy of the cancer classification models developed in this study.
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Figure 7: Samples of the Chest CT-scan images dataset, (a) normal, (b) large cell carcinoma, (c) adenocarcinoma, and (d) squamous cell carcinoma

4.2 Data Splitting Methodology

In this study, the dataset undergoes a strategic partitioning into three distinct subsets: a training set, a testing set, and a validation set. This segmentation is meticulously orchestrated to optimize the process of classifying lung images. The training set plays a crucial role in the initial training and optimization of the model. It provides the necessary data for the model to learn and adapt its parameters effectively. Concurrently, the validation set is instrumental in the ongoing assessment and fine-tuning of the model throughout the training phase. It enables the evaluation of the model performance in a controlled environment, separate from the training data. This separation is critical as it allows for the identification and rectification of any overfitting or underfitting issues, thereby ensuring that the model generalizes well to new, unseen data.

Following the training and validation phases, the model is then subjected to the test set. This subset comprises data that the model has not previously encountered. The test set is used to generate predictions from the algorithm, which are then meticulously compared and evaluated against the original labels. This comparison is vital to quantifying the efficacy and accuracy of the proposed methodology in a real-world scenario, akin to its application in clinical settings.

For this research, the data distribution among the training, testing, and validation subsets has been determined to be proportional, with allocations of 70%, 20%, and 10%, respectively. This distribution ratio is chosen to ensure a systematic evaluation and robust analysis of the model performance, balancing the need for sufficient training data against the necessity of adequate testing and validation to ascertain the model generalizability and reliability in lung image classification.

5  Results and Discussions

5.1 Performance Metrics

Evaluating the performance of a deep learning model is essential for determining its effectiveness in accurately classifying data. Through meticulous assessment, one can identify potential limitations or challenges and take steps to enhance the model accuracy. In our study, we have measured the model performance using several metrics, including accuracy, sensitivity, specificity, precision, false positive rate (FPR), F1_score, Matthews correlation coefficient (MCC), and Kappa. The accuracy of the model is calculated as:

Accuracy=TP+TNTP+TN+FP+FN(8)

In this equation, TP (True Positive) refers to the number of correctly identified positive cases, while TN (True Negative), FP, and FN (False Negative) denote the counts of correctly identified negative cases, incorrectly labeled positive cases, and incorrectly labeled negative cases, respectively. These terms are crucial for assessing the proportion of instances accurately classified in comparison to the ground truth [43].

Precision, another key metric, measures the accuracy of the model positive predictions:

Precision=TPTP+FP(9)

Precision gives the ratio of TP to the total number of positive predictions made by the model.

Sensitivity is calculated as:

Senstivity=TPTP+FN(10)

Specificity is defined by:

Specificity=TNTN+FP(11)

FPR is given by:

FPR=FPTN+FP(12)

F1_score is calculated by:

F1_score=TPTP+12(FP+FN)(13)

Furthermore, the MCC is used as a statistical parameter to evaluate the proposed system. MCC assesses the correlation between predicted values and actual values, providing a comprehensive measure of the model predictive performance. The MCC scale extends from −1 to +1, where a value of +1 signifies an ideal classifier, 0 signifies a random classifier, and −1 denotes a classifier that is entirely inaccurate [44]. The MCC is calculated as:

MCC=TP×TN−FP×FN(TP+FP)×(TP+FN)×(TN+FP)×(TN+FN)(14)

Additionally, the Kappa statistic is utilized to succinctly express the level of agreement between two nominal categorizations that share the same categories. This measure is particularly valuable in evaluating the consistency and reliability of the model classification accuracy [45]. Landis and Koch proposed a way to classify values: 0 indicates no agreement, 0–0.20 represents a slight agreement, 0.21–0.40 indicates acceptable agreement, 0.41–0.60 defines moderate agreement, 0.61–0.80 recommends substantial agreement, and 0.81–1 signifies almost perfect agreement [46]. The Kappa parameter is given by:

Kappa=2×(TP×TN−FN×FP)(TP+FP)×(FP+TN)×(TP+FN)×(FN+TN)(15)

Moreover, we employed a confusion matrix to evaluate the efficacy of our approach. In the matrix, the columns represent the predicted class instances, while the rows display the observed class instances. This matrix is particularly useful for identifying instances of misclassification between two classes by the model [46].

5.2 Experimental Results

In this research, we conducted a comprehensive evaluation of various deep learning models using a chest CT-scan image dataset sourced from Kaggle. This dataset is specifically curated to advance research and development in medical imaging analysis, with a focus on chest-related diseases. Our study leveraged diverse deep learning models, including Inception-V3, Xception, ResNet101, and EfficientNet, to enhance the diagnosis and early detection of various lung conditions. These models were tasked with classifying lung images into four categories: adenocarcinoma, large cell carcinoma, squamous cell carcinoma, and normal. In the preprocessing stage, the CLAHE algorithm with different optimization techniques and the CutMix data augmentation technique were employed to refine the image quality.

Two sets of experiments were conducted: the first using the mentioned models without the application of CLAHE, and the second incorporating the optimized CLAHE algorithm in the preprocessing phase. The accuracy of the models without image enhancement yielded results of 81.53% for Inception-V3, 96.39% for Xception, 89.72% for ResNet101, and 93.47% for EfficientNet. Following the implementation of the CLAHE preprocessing, the accuracy significantly improved, with Inception-V3 achieving 97.50%, Xception 99.03%, ResNet101 98.33%, and EfficientNet 98.47%. These results underscore the substantial impact of image enhancement on model performance.

Our study effectively demonstrates the utility of various CNN architectures in the classification of lung images. The insights gained from this research have significant implications for practical applications in healthcare settings. The proposed methodology can be utilized in hospitals, medical centers, and radiology clinics to assist specialists in accurately identifying lung diseases. Additionally, this research provides a valuable resource for researchers in developing their studies in the field of medical imaging analysis, contributing to advancements in the diagnosis and treatment of lung-related ailments.

Table 2 presents a comprehensive comparison of the performance metrics for the various models proposed in this study. These metrics include accuracy, error, sensitivity, specificity, precision, FPR, F1_score, MCC, and Cohen’s Kappa.

The results demonstrate a marked improvement in all performance metrics following the implementation of the optimized CLAHE image enhancement technique across all models. This enhancement is particularly evident in metrics such as accuracy, sensitivity, specificity, and MCC. The application of CLAHE not only improved the model ability to accurately classify the images but also enhanced their reliability and precision in distinguishing between various classes of lung ailments.

The results from our study unequivocally indicate that the Xception model surpasses the other proposed models in performance. Consequently, the Xception model, as integrated into our proposed methodology, emerges as the optimal choice for lung disease categorization among the models evaluated. This superior performance is underscored by the alignment observed between the training and accuracy curves, which provides compelling evidence of the absence of overfitting in our model implementation.

Additionally, we employed precision as a key metric to assess the efficacy of our models. Precision, being a common measure in model evaluation, gauges the accuracy of positive predictions made by the model. Alongside precision, sensitivity and specificity were utilized to estimate the quality of positive and negative predictions, respectively. Sensitivity measures the model ability to correctly identify positive instances, while specificity assesses its capability to accurately identify negative instances. Overall, the proposed models demonstrated a notable reduction in the FPR and a significant enhancement in overall accuracy.

To visually assess the performance of our models, accuracy and loss graphs as indicated in Figs. 7–31 were utilized. Figs. 12 and 13 represent the performance of Inception-V3. Figs. 18 and 19 show the evaluation of Xception. Additionally, the performance of ResNet101 is displayed in Figs. 24 and 25. Finally, Figs. 30 and 31 illustrate the accuracy and loss graph of EfficientNet. These graphical representations are instrumental in evaluating the effectiveness of all models.
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Figure 8: Performance representation of Inception-V3 using confusion matrix
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Figure 9: Performance representation of Inception-V3 with image enhancement using confusion matrix
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Figure 10: ROC curve for image classification using Inception-V3

[image: images]

Figure 11: ROC curve for image classification using Inception-V3 with image enhancement
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Figure 12: Accuracy and loss graph using Inception-V3
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Figure 13: Accuracy and loss graph using Inception-V3 with image enhancement
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Figure 14: Performance representation of Xception using confusion matrix
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Figure 15: Performance representation of Xception with image enhancement using confusion matrix
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Figure 16: ROC curve for image classification using Xception
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Figure 17: ROC curve for image classification using Xception with image enhancement

[image: images]

Figure 18: Accuracy and loss graph using Xception
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Figure 19: Accuracy and loss graph using Xception with image enhancement
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Figure 20: Performance representation of ResNet101 using confusion matrix
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Figure 21: Performance representation of ResNet101 with image enhancement using confusion matrix
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Figure 22: ROC curve for image classification using ResNet101
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Figure 23: ROC curve for image classification using ResNet101 with image enhancement
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Figure 24: Accuracy and loss graph using ResNet101
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Figure 25: Accuracy and loss graph using ResNet101 with image enhancement
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Figure 26: Performance representation of EfficientNetB using confusion matrix
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Figure 27: Performance representation of EfficientNetB with image enhancement using confusion matrix

[image: images]

Figure 28: ROC curve for image classification using EfficientNetB

[image: images]

Figure 29: ROC curve for image classification using EfficientNetB with image enhancement
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Figure 30: Accuracy and loss graph using EfficientNetB
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Figure 31: Accuracy and loss graph using EfficientNetB with image enhancement

Furthermore, the graphical representation of our results is effectively illustrated through the receiver operating characteristic (ROC) curves. These curves are constructed from a finite set of points, with linear interpolation typically employed between adjacent points under dictionary order. An effective classifier is characterized by a ROC curve that rapidly ascends towards the unit square ceiling, indicating high true positive rates. Conversely, a less effective classifier will have a ROC curve that is smoother and more closely aligned with the diagonal line. The Area Under the Curve (AUC) of the ROC, bounded by the square base and the ROC curve, serves as an additional metric for classifier performance. For our models, Figs. 10 and 11 for Inception, Figs. 16 and 17 for Xception, Figs. 22 and 23 for ResNet101, and Figs. 28 and 29 for EfficientNet depict the ROC curves before and after applying the image enhancement technique.

Lastly, the confusion matrices for the normal, adenocarcinoma, large cell carcinoma, and squamous cell carcinoma classes from the validation set of the chest CT scan images are presented in Figs. 8 and 9 for Inception, Figs. 14 and 15 for Xception, Figs. 20 and 21 for ResNet101, and Figs. 26 and 27 for EfficientNet. These figures demonstrate the performance of each model, both with and without the application of image enhancement, providing a clear visualization of the classification accuracy across different classes.

In this study, we have employed a 5-fold cross-validation method [47] to assess the robustness and reliability of our predictive models, specifically focusing on the Xception model, which was identified as the best-performing model in our proposed method. The dataset was divided into five distinct subsets, or folds, ensuring that each fold was used as a test set exactly once, with the remaining four folds serving as the training set. This approach allows for a comprehensive evaluation as each data point is used for both training and validation exactly once throughout the process.

The results in Table 3 indicate that our model (Xception) achieves robust performance across all folds, demonstrating its efficacy and generalizability in diverse scenarios. The consistent performance metrics across the folds underscore the predictive stability and reliability of our proposed methods. This comprehensive evaluation method ensures that our findings are not biased by any specific subset of data and confirms the general applicability of the Xception model for lung cancer classification.
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The performance of our models was evaluated on each fold separately, and the results were averaged to provide a holistic assessment of the model effectiveness. Key performance metrics, including accuracy, precision, sensitivity, specificity, and the area under the receiver operating characteristic (AUC-ROC) curve [48,49], were calculated for each fold. As shown in Table 4, the average of these metrics across all folds provides a reliable measure of our model overall performance.
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5.3 Comparative Analysis with Existing Methods

Table 5 provides an in-depth comparative analysis of the proposed models against several state-of-the-art classification algorithms. This comparison specifically focuses on methods utilizing chest CT scan images for classification, highlighting the relative performance of our models, particularly the Xception architecture-based model.
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Upon examining the performance metrics, it is observed that the method described in [45] slightly surpasses our model in terms of accuracy and precision. However, our proposed methodology exhibits superior results in sensitivity and F1_score. Sensitivity, or the true positive rate, is a critical measure of a model ability to correctly identify positive cases, and in this regard, our method achieves a remarkable 99.03% sensitivity. This is a notable improvement over the 97.22% and 91% sensitivity scores reported in [45,47], respectively.

Precision, a key metric for evaluating the accuracy of positive predictions, is exceptionally high in our proposed model, standing at 99.03%. Additionally, our method shows a significant reduction in the FPR, enhancing the reliability of the diagnosis. Comparing the F1_scores, which harmonize precision and recall, our model demonstrates an increased ability to diagnose lung diseases, accurately, outperforming existing techniques.

Specificity, which measures the true negative rate is another area where our proposed model excels. The specificity of our model in diagnosing lung disease is higher than that of the other models examined, with an overall specificity of 99.68%. This high specificity is indicative of the model effectiveness in correctly identifying negative cases, thus minimizing false alarms.

Overall, the proposed method not only demonstrates high accuracy but also shows a marked improvement in specificity, sensitivity, and F1_score. These results indicate that our model is highly effective in diagnosing lung diseases, outperforming existing methods in several key performance metrics. This enhanced capability is particularly crucial for medical applications, where accurate and reliable diagnoses are essential.

6  Conclusion and Future Work

Lung cancer represents a significant health threat, making early detection imperative. Diseases affecting the chest and lungs rank among the most severe chronic conditions globally, often resulting from factors such as smoking, exposure to polluted air, bacterial infections, and genetic predispositions. These factors can damage the lungs and respiratory system, leading to serious long-term conditions like asthma, chest infections, and bronchitis, thereby compromising respiratory efficiency. Effective management and treatment strategies are vital for patients, as these conditions, while not always curable, can be significantly mitigated through appropriate interventions. In this research, various Convolutional Neural Network (CNN) architectures, including Inception-V3, ResNet101, Xception, and EfficientNet, were utilized to develop deep learning models for classifying chest diseases using chest CT images. We presented a lung image classification method based on the Contrast Limited Adaptive Histogram Equalization (CLAHE) algorithm and data augmentation techniques. The performance of these models was evaluated with and without the implementation of image enhancement techniques. The results of this study highlighted a decrease in the false positive rate (FPR) and an improvement in overall accuracy. Additionally, our models demonstrated superior performance compared to other existing methods.

Future work in this field may focus on enhancing the reliability of computer-assisted techniques for lung cancer diagnosis. There is also an opportunity to develop frameworks that prioritize CAD in emergency medical situations, potentially accelerating the treatment process. Furthermore, we propose expanding the application of these models to diagnose other conditions, such as liver diseases and kidney cancer. This expansion would not only assist healthcare professionals, caregivers, radiologists, and patients but also provide valuable insights for researchers involved in the diagnosis of various medical conditions. While the current methodology has shown promising results, there is still room for improvement in accuracy, which could be achieved by exploring diverse preprocessing techniques. The ongoing development of these models will continue to contribute significantly to the field of medical imaging and disease diagnosis.
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Table 3: Results of the different proposed models

Model Accuracy Sensitivity Specificity Precision FPR.  MCC F1_score Kappa Error
Inception without CLAHE 81.53%  81.53% 93.84% 83.13%  0.0616 76.00% 80.31%  50.74% 0.1847
Inception with CLAHE 97.50%  97.50% 99.17% 97.65%  0.0083 96.73% 97.48%  93.33% 0.0250
Xception without CLAHE 96.39%  96.39% 98.80% 96.68%  0.0120 95.31% 96.34%  90.37% 0.0361
Xception with CLAHE 99.03%  99.03% 99.68% 99.04%  0.0032 98.71% 99.02%  97.41% 0.0097
ResNet101 without CLAHE 89.72%  89.72% 96.57% 90.13%  0.0343 86.46% 89.52%  72.59% 0.1028
ResNet101 with CLAHE 98.33%  98.33% 99.44% 98.37%  0.0056 97.79% 98.32%  95.56% 0.0167
EfficientNetB without CLAHE 93.47%  93.47% 97.82% 94.54%  0.0218 91.75% 93.32%  82.59% 0.0653
EfficientNetB with CLAHE 98.47%  98.47% 99.49% 98.54%  0.0051 97.99% 98.47%  95.93% 0.0153
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Table 4: Performance metrics across 5-Fold cross-validation for Xception model

Split Accuracy  Sensitivity  Precision FPR MCC Fl_score Kappa  Error

Fold 1 98.85% 99.00% 99.65% 0.0099  98.69%  99.32% 98.71%  0.0115
Fold 2 99.12% 99.02% 99.67% 0.0097  98.91%  99.34% 98.73%  0.0088
Fold 3 98.97% 99.03% 99.68% 0.0096  98.75%  99.33% 98.72%  0.0103
Fold 4 98.97% 99.04% 99.69% 0.0095  98.89%  99.35% 98.74%  0.0091
Fold 5 99.12% 99.05% 99.71% 0.0094  98.92%  99.34% 98.72%  0.0088
Average  99.03% 99.03% 99.68% 0.0096  98.83%  99.34% 98.72%  0.0099
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Table 1: The quality assessment for CLAHE without and with different optimization techniques

Method PSNR SSIM MSE NRMSE
CLAHE 21.5448 0.7250 70.7098 0.0330
SLSQP 21.5448 0.7249 70.7098 0.0330
Differential evolution optimizer 26.7905 0.8557 52.4267 0.0284
PSO 26.7905 0.8557 52.4267 0.0284
Basin hopping optimizer 26.7905 0.8557 52.4267 0.0284
CAM-ES optimizer 36.6666 0.9624 14.0095 0.0147
Modified CMA-ES optimizer 40.80229 0.9666 5.4058 0.0091

Genetic algorithm optimizer 29.0209 0.8877 37.5931 0.0240
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Table 2: Comparison between CLAHE method and different enhancement methods

Method Average PSNR  Average SSIM  Average MSE  Average MRMSE
Optimized CLAHE 40.80229 0.9666 5.4058 0.0091

Histogram equalization 12.018274 0.501554 0.082939 0.271259
Adaptive histogram 18.739106 0.747784 0.019347 0.127644
equalization

Gamma correction 14.689378 0.741861 0.035017 0.185802

(gamma = 0.5)

Gamma correction 19.889288 0.807709 0.010584 0.102111

(gamma = 1.5)

Contrast stretching 17.528612 0.808715 0.053177 0.199977
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Table 5: Comparative Analysis of the proposed models with the existing methods

References  Datasets Method Accuracy  Precision Sensitivity  F1_score
(%) (%) (%) (%)
[42] LUNA16 dataset CNN+SVM 94 95 94.5 94.5
[43] LIDC-IDRI CNN 97.1 98.37 95.9 -
[44] CIA dataset Improved 96.2 97.4 98 98.4
DNN
[45] Chest CT-Scan EfficientNetB 99.1 99.22 97.22 98.16
[46] LIDC-IDRI Faster- 91 89 70 -
RCNN
[47] Chest CT scan VGGI16 91.28 93 91 92
[48] LIDC/IDRI DNN 99.6 99.14 99.98 —
[49] LIDC/IDRI 2DCNN 98.83 — 99.97 -
Proposed Chest CT scan Inception-V3 97.50 97.65 97.50 97.48
method Xception 99.03 99.68 99.03 99.34
ResNet101  98.33 98.37 98.33 98.32

EfficientNet 98.47 98.54 98.47 98.47
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