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1. INTRODUCTION 

The most deadly and pervasive disease that causes a significant number of fatalities each year is cancer. Lung 

cancer is the most common and has the greatest fatality rate of all the major types of cancer [1, 2]. The most frequent 

and deadly form of cancer that affects both men and women is lung cancer. The development of malignant lung tumors, 

also known as carcinoma, results from unchecked cell proliferation in the lung tissues. Smoking and tobacco addiction 

are the two main risk factors for developing malignant lung nodules. In total, just 14% of lung cancer patients survive 

the disease after all stages, during a period of 5–6 years [3]. The primary issue with lung cancer is that it is typically 

discovered at advanced stages, which makes treatment more challenging and sharply lowers survival rates. Hence, early 

detection of lung cancer can lower the death rate by reducing the mortality rate and increasing the survival possibilities 

up to 70-80% by giving the patients with the essential fast treatments [4, 5]. The two primary kinds of lung cancer are 

classified according to cell characteristics as small cell lung cancer and non-small cell lung cancer. About 85–88% of 

all incidences of cancer are non–small cell lung cancer, while small cell lung cancer accounts for approximately 15% of 

all cancer cases [6]. Researchers have created a variety of lung disease diagnosis models to improve disease detection 
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methods in the early stages of lung cancer, which will benefit clinicians and medical professionals. The images from a 

computed tomography (CT) [7, 8] scan are best for identifying lung nodules in lung cancer. 

Typically, the CT scans are employed to detect lung cancer because they give a clear image of the tumor inside the 

body and monitor its development. Despite the fact that CT is favored over other imaging modalities, visual 

interpretation of these CT scan images may be a lengthy process that increases the chance of error and delays the 

discovery of lung cancer [9]. Specifically, image processing, machine learning, and artificial intelligence techniques 

can process the medical field data with the aid of engineering solutions for the purpose of detection and diagnosing the 

lung disease [8, 10]. These technologies are particularly desirable in the direction of preventing the lung cancer disease 

and for analyzing the early stage of this disease. Because of new methodologies combining transfer learning techniques 

like fine-tuning, the automatic segmentation of components existing inside an image, such as the region of interest in 

diagnostic images, has improved. It took a lot of research to find and classify lung conditions. It is challenging for a 

professional physician to identify infections, vascular nodules, etc. because of the numerous radiographic images of the 

lungs and their complex and uneven structure. The computer-assisted diagnosis method enables clinicians to help with 

the identification of a disease. New methodologies incorporating transfer learning and techniques have enhanced the 

automatic segmentation of elements existing inside of an image, including the region of interest in diagnostic imaging. 

Although there are a number of image processing-based approaches for detecting lung cancer [11], each one has 

drawbacks, as can be shown from the literature. Also, the method's efficacy can be raised by suggesting an improved 

approach for this use. The diagnosis of lung cancer depends heavily on accurate classification. The approaches 

described in the literature use various models for accurate classification. The accuracy of the system can therefore be 

enhanced by implementing an optimal classifier [12, 13]. The objective of this paper is to construct an automated CAD 

model for the detection and class categorization of lung cancer from CT images. The major research contributions of 

this paper are as follows: 

• An adaptive median filtering technique is employed to preprocess the given medical image for contrast 

enhancement and quality improvement. 

• The segmentation of the Region of Interest (ROI) is carried out to enhance the classification. 

• To improve the classifier's training and testing accuracy, the segmented portion's histogram and texture 

features are retrieved. 

• In order to streamline the tumor detection procedure, the most pertinent features are selected using the clever 

Lion-Butterfly Optimization (LBO) method. 

• In addition, the Stacking Ensemble Learning Classification (SELC) algorithm is used to classify photos of 

healthy and disease-affected individuals in a simple manner.  

• The effectiveness and outcomes of the suggested LBO-SELC mechanism's lung cancer detection are 

investigated and validated utilizing a variety of metrics. 

The remaining portions of this paper are structured into the following sections: Section 2 presents the detailed 

literature review of the existing works relevant to lung cancer segmentation, detection and classification. Also, it 

examines the pros and cons of several ML algorithms used in the medical imaging field. Section 3 provides the clear 

description for the proposed LBO-SELC mechanism for an automated lung cancer detection and classification. The 

performance and comparative results along with the dataset descriptions are presented in Section 4. Finally, the paper is 

summarized with the findings, outcomes and future scope in Section 5.  

 

2. RELATED WORKS 

A study of numerous methods for the classification and detection of cancer using image processing models is 

presented in this section. 

Nadkarni, et al [14] developed an automated image processing framework for the segmentation and classification 

of lung tumor from CT images. Here, the morphological operations have been applied on the quality improved lung CT 

image for accurately segmenting the lung region and tumor affected portions. Moreover, the standard SVM 

classification algorithm is applied to categorize the class of image as healthy or tumor-affected. However, the suggested 

technique is not more suitable for handling the large datasets, due to overfitting. Pawar, et al  [15] presented a 

comprehensive study to examine the effectiveness of various machine learning algorithms used for lung cancer 

prediction. The goal of this work is to examine and evaluate various models that have been put forth in earlier research. 

This research also clarifies the problems in diagnosing lung disease (LDD) from CT and X-ray images. Moreover, the 

lung nodule segmentation is also performed with the use of thresholding technique. Nageswaran, et al [16] developed a 

new automated lung cancer diagnosis model with the use of recent image processing mechanisms. Here, the geometric 

mean filtering approach is utilized to improve the image quality before classification. Then, the Linear Discriminant 

Analysis (LDA) mechanism is used to extract the features from the segmented image, which effectively reduces the 

amount of space required for the construction of data matrix. Moreover, the group of classifiers such as ANN, KNN 

and RF have been implemented to predict lung cancer according to the extracted feature set. The ANNs are frequently 

employed in the medical sector to categorize medical images with the intent to detect diseases.  The ANN functions 

similarly to the nervous system in terms of how it does its tasks. By perusing a collection of already categorized 
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images, it is possible to gain the knowledge necessary to make an intelligent prediction about the category to which an 

image belongs. It is simple to learn about the algorithms used in ML using the KNN technique, which is the strategy 

that is used the most frequently. It is a supervised learning strategy that doesn't require the usage of any variables. The 

widely popular random forest approach can be used to create prediction models. Regression and classification are just 

two of the numerous applications that may be carried out using RF. As long as datasets are correctly modified, it is 

feasible to create machine learning algorithms that are capable of producing predictions with a high level of accuracy. 

Mutiullah, et al [17] presented a comprehensive study on various image processing techniques used for lung tumor 

identification and classification. Nasser, et al [18] utilized an ANN technique for identifying lung tumor from CT 

images. The purpose of this paper is to analyze the most appropriate factors used for the detection of lung cancer. Here, 

an ANN is specifically modeled to identify the presence of tumor with high accuracy. Bhatia, et al [19] investigated the 

performance of various classification models such as deep residual network, XGBoost, RF, and ensemble learning for 

developing an automated lung cancer detection system. Khumancha, et al [20] used a 3D-CNN model for the detection 

of lung cancer from CT images. With the aid of image processing and 3D CNN, the authors hope to identify the 

presence of early or late-stage cancer in CT scan images of the lungs. Whether the patient has cancer or not will be 

determined by the system using the 3D CT scans as input. Nonetheless, researchers are unable to immediately apply 

CNN to a CT scan since it would be challenging to identify a small nodule in the extensive 3D CT scan volume. The 

solution is to crop out small volume 3D cubes from the CT scan that include nodules in order to narrow the search area 

and train a nodule detector. Once nodules have been found, a second 3D CNN can be taught to distinguish between 

cancerous and non-cancerous nodules. 

Lakshmanaprabu, et al [21] deployed an optimized deep learning model for the detection of lung cancer with 

increased accuracy. In this study, the Optimal Deep Neural Network (ODNN) and Linear Discriminate Analysis were 

used to analyze the CT scan lung images (LDA). To categorize lung nodules as malignant or benign, deep features are 

recovered from CT lung images, and the dimensionality of the features is slightly reduced using LDR. Lung cancer 

categorization is determined by applying the ODNN on CT scans and then optimizing it using the Modified 

Gravitational Search Algorithm (MGSA). 

From the literature review [22-24], it is obvious that most of the digital image processing techniques utilized in this 

field have both benefits and limitations, which are illustrated in below: 

Advantages:  

1. ML techniques are easy to comprehend, compared to the deep learning models. 

2. Easy interpretation. 

3. Works faster with less training time. 

4. Does not require any manual intervention. 

5. Highly robust to irrelevant attributes. 

Disadvantages: 

1. Slow in process while handling the large datasets. 

2. Complexity in prototype modeling. 

3. Not more compatible. 

4. Highly prone to overfitting. 

5. Increased number of features degrade the performance rate. 

6. Does not have the capability to function with the noisy data. 

According to this survey, the proposed work intends to implement a new and advanced image processing 

algorithms for developing an automated lung tumor detection system.  

 

3. PROPOSED METHODOLOGY 

This section gives a brief explanation of the framework for the proposed automated lung cancer diagnosis using 

machine learning and advanced optimization methods. The major goal of this research is to provide a concise and 

accurate framework for identifying lung cancer using CT images. It incorporates the following operational components, 

as depicted in Fig. 1: 

• Image acquisition 

• Adaptive median filtering-based preprocessing 

• ROI segmentation 

• Histogram and texture feature extraction 

• Lion-Butterfly Optimization (LBO) for feature selection 

• Stacking Ensemble Learning Classification (SELC) for disease prediction 
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FIGURE 1. Proposed automated lung cancer detection system 

 

A. PREPROCESSING AND SEGMENTATION 

In order to optimize the image data for further analysis, preprocessing is highly essential that eliminates undesired 

distortions or enhance specific visual qualities. It is sometimes used to enhance image features like segments, 

boundaries, and textures so that we can easily distinguish the desired and undesired components of the images. 

Moreover, it is necessary to minimize the effects of distortion found in imaging devices such as light fluctuation and 

coloration, and at the same time preprocessing is required to remove unsolicited regions from the images. Hence, 

several researchers employ various filtering approaches according to the type of noise for medical applications. The 

goal of the preprocessing stage of an image is to reduce any undesired distortions already present in the image and to 

highlight any features that will be helpful during the evaluation phase. Image enhancement and image smoothing are 

two of the primary phases. To get rid of any unwanted noise that is present in the image, smoothing is used. As salt and 

pepper noise frequently appears in CT scan images, an adaptive median filtering has been proven to be a very 

successful technique for removing this impulsive noise while maintaining the edges. The best results for image 

smoothing come from an adaptive median filtering since it reduces noise without distorting the image. The quality of 

digital images is improved using image enhancement techniques to produce better results for subsequent operations. As 

artefacts brought on by contrast fluctuations in the image have an impact on image quality, contrast correction is done 

to improve the image. By changing input pixel values to new values such that by default 1% of the data gets saturated 

at low and high intensity of the input image data, contrast adjustment enhances the image's brightness. 

The act of separating an image into two halves, one of which is desired and the other undesired, where the ROI is 

another name for desired component. Our goal in the case of lung cancer is to locate the tumor seen in the lung 

imaging. Because the lung tissue in the abnormal region has different textural features, it is essential that a machine 

automatically detect the tumor. The region of interest (ROI) in this case is a particular area of the lung image where 

lung nodules or tumors were discovered and procedures were performed to extract feature values. 

 

B. FEATURE EXTRACTION 

Features are merely certain measured values or characteristics that can be helpful in classifying an element for 

predictive modeling [25]. In order to limit the amount of data, features must be extracted. Here, the histogram and 

texture features are used for extracting the features from the normalized lung image, and they are all retrieved from 

various bands of CT scan images. The image is distorted while describing histogram features. The histogram shows the 

quantity of pixels in an image at each power value. The histogram approach analyses an entire range of grey levels 

from the given image. There are 256 levels of grey present, ranging from 0 to 255. It has several traits in common such 

as variance, mean, skewness, and kurtosis. 
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• Variance: Gray level variations from the mean value are indicated by the term variance, which also specifies 

the number of such fluctuations. It is possible to identify reduced texture contrasts using statistical 

distributions, such as the variance in the length of lines of a particular threshold. 

• Mean: The variance indicates how many grey levels deviate from the mean value. It is possible to discern 

minimal texture contrasts using statistical distributions, such as the variance in the length of lines of a specific 

limit. 

• Skewness: Depending on the histogram's tail, the image skewness is determined. Both the positive and 

negative tails of the histogram values are separated into two distinct sets. 

• Standard Deviation: The square root of the image contrast variance serves as the measure of standard 

deviation. By comparing high and low variance values, the level of visual contrast is assessed. 

• Kurtosis: It represents the degree of abnormality in the image and measures the potential distribution of a real-

valued random variable. In statistical analysis, kurtosis and skewness are used to understand the distribution's 

shape. 

Only adjacent to the histogram characteristics are texture features from the input image obtained. When the 

irregularity is widely dispersed throughout the image, each class's textural orientation is unique, which contributes to 

higher classification accuracy. The grey level co-occurrence matrix represents a statistical technique for analyzing the 

surface that considers the spatial relationship of pixels. By calculating the frequency of combinations of pixels with the 

same values, the GLCM functions describe the texture of an image. 

 

C. LION-BUTTERFLY OPTIMIZATION (LBO) BASED FEATURE SELECTION 

In this stage, the most pertinent features are selected from the extracted feature set with the use of LBO algorithm. 

The traditional works utilized several meta-heuristic optimization models for reducing the dimensionality of features. 

Due to the increased complexity and low convergence, the proposed work intends to utilize a novel and intelligent 

optimization algorithm, named as, LBO for feature selection. This technique is developed based on the standard Lion 

optimization [26] and butterfly optimization [27] algorithms[33]. Typically, butterfly optimization algorithm’s foraging 

and mating behaviors are similar to those of butterflies. The ability of these butterflies to perceive their environment 

has allowed them to survive for a long time. They use their senses of sight, feel, smell, sound, and taste to find a mate 

and food. These senses are extremely helpful when moving from one location to another. Moreover, initialization, 

iteration, and final are the three different phases of butterfly optimization algorithm. The fitness values of each and 

every butterfly available in the solution space are computed for each iteration as they move to new positions. The 

technique initially calculates the fitness values for each butterfly at each discrete point in the solution space. These 

butterflies will release the scent in their spots later. Then, the best solution is computed based on the following 

equation: 

          (1) 

Where,  is the solution vector of ith butterfly,  indicates the random number [0 to 1],  defines the current 

best solution, and  is the fragrance of ith butterfly. Then, the local search space is carried out as shown in below: 

           (2) 

Where, j and h are the butterflies. Butterfly mate selection and food search occur on both a local and a global scale. 

In BOA, switching between the common global search and intense local search is done using the switch probability. 

The primary driving force behind lion optimization is seen in nature, where lions typically engage in territorial invasion 

and defense behaviors. It includes the following phases: pride generation, fertility evaluation, mating, territory defense, 

and termination. During pride generation, the length of lion is represented by using the following model: 

          (3) 

Where, c and d represent the integers used for estimating the length of lions. Consequently, the velocity is 

estimated with the vector elements by using the following models: 

            (4) 

Where,  is the velocity, e is the element i.e., . After pride generation, the fertility evaluation is 

carried out, where the lioness fertility is updated based on the following equations: 

           (5) 

         (6) 

        (7) 

Where,  is the random number between the range of 1 to , then the notation  represents the female update 

function, and  is the random number [0 to 1]. Moreover,  and  are the lion and lioness respectively,  and 
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 denotes the maximum and minimum values, and  denotes the fertile lioness. Furthermore, the mating process is 

carried out, where the gender clustering is performed as the supplementary step. During territory defense, the nomadic 

lion is elected, and the process is terminated when the following condition is met: 

            (8) 

Based on this process, the best solution is returned as the output function, which can be used to choose the 

pertinent features from the extracted feature set. The flow of LBO algorithm is shown in Fig 2.  

 

 
FIGURE 2. Flow of LBO 

 

D. STACKING ENSEMBLE LEARNING CLASSIFIER (SELC)  

In this stage, the selected features are trained by the classifier for an accurate prediction of lung cancer from the 

given CT images. A type of heterogeneous ensemble method is known as a stacking ensemble learning model. To 

improve the strong classifier's capacity for generalization, the heterogeneous ensemble combines various types of basic 

classifiers into it. After performing training on a number of base classifiers, the meta-classifier is then fed the 

forecasted results from the basis classifiers. Consequently, the training is repeated for disease prediction. The eventual 

ensemble approach will improve classification accuracy and performance greatly by making use of the learning 

capabilities of the base classifier and meta-classifier [28, 29]. The structure of the SELC mode is shown in Fig 3, which 

includes the base learning models of RF, DT, and gradient boost.  
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FIGURE 3. Structure of SELC 

 

In the context of ensemble learning, RF is a type of algorithmic process termed as bagging concept. The Bagging 

idea suggests using random sampling to create numerous training subsets from the training set, then training each 

training subset to create a linear classifier. The prediction result is then generated by aggregating the output of these 

classification models or by voting. The forecast model is optimistic that it will produce a more precise prediction in this 

context and be more capable of generalizing. In order to build the Bagging ensemble technique, random forest uses the 

decision tree as its training sample. In the meantime, it randomly generates the features to improve the prediction 

solution with low overfitting. A type of algorithm used in ensemble learning called gradient boosting decision tree uses 

the decision tree as its basis function. The fundamental idea behind this algorithm is that each tree learns by summing 

its prior inferences from all other trees. By using this classifier, image is accurately categorized as whether healthy or 

lung-cancer affected.  

 

4. RESULTS AND DISCUSSION 

By using a variety of performance metrics, this section confirms the effectiveness and outcomes of the suggested 

LBO-SELC procedures. Also, a few contemporary machine learning models that are popular in the medical field have 

been taken into comparison. The Computed Tomography (CT) images with annotated lesions are included in the Lung 

Image Database Consortium image collection (LIDC-IDRI) [30-32], which is used for lung cancer diagnosis and 

screening. It comprises of more than a thousand DICOM picture scans from high-risk patients. Each scan includes a 

collection of pictures that show the chest cavity in various axial slices. The number of 2D slices in each scan varies 

depending on the subject and the imaging device used. The DICOM files comprise a header that lists the patient id 

information as well as other scan-related information like slice thickness. The performance measures used to assess the 

results are calculated using the following models: 

         (9) 

         (10) 

         (11) 

        (12) 

          (13) 

               (14) 

 

Where,  – True positive,  – True negative,  – False positive, and  – False negative. Fig 4 and Table 1 

presents the overall comparative analysis of the existing and proposed classification methodologies used for lung 

cancer detection. The major goal of this project is to create a system for lung tumor automated diagnosis. There is 

discussion of the model estimations and results. The suggested model's measure indicators have been assessed based on 

their precision, accuracy, recall, and F1-score. A measurement used to assess system accuracy is called precision. The 

accuracy is a significant metric that is mostly evaluated for system performance analysis. This indicator is calculated 

using the ratio of accurate estimation values to all available estimates. The proportion of all relevant instances that were 

recovered is known as the recall. This indication demonstrates the classifier's capacity to identify all of the positive 

pixels. A test's accuracy can be determined by the F1-score. The recall and precision indications serve as the foundation 

for this metric.  
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FIGURE 4. Performance comparative analysis using LIDC dataset 

 

Table 1. Performance evaluation 

Methods Accuracy Specificity Precision Recall F1-Score 

RG 72.3 86.5 87.3 84.6 83.8 

GT 84.3 97.2 87.9 87.5 82.5 

FCM 89 95.1 87.5 86.9 87.2 

CM 87.8 90 86.9 87.7 87.3 

SM 88.2 94.1 87.2 88.4 87 

WSA 83.5 87.8 88 89.1 89.4 

IDNN 96.2 98.4 97.4 98 98.4 

Proposed 98.5 99 98.6 99 99 

 

Fig 5 to Fig 8 presents the comparative analysis between the proposed LBO+SELC and existing optimization + 

ML models, which includes the classifiers of NB, IBK, J48 and ensemble learning model. In order to prove the 

superiority of the proposed lung cancer detection system, the results are validated and compared with many ML 

algorithms incorporated with optimization techniques. Overall, the results proved that the LBO-SELC overwhelms the 

existing classifiers with highly improved performance outcomes.  

 

Table 2. Comparative analysis between the proposed and existing optimization + NB classification models 

 

Methods Accuracy Precision Recall F1-Score 

NB + GAWA 81.8 89.3 87.9 82.8 

NB + ACO 78.6 79.6 75.6 76 

NB + PSOMS 73.8 72.5 73 74.8 

NB + HSOGR 68.1 66.2 69.3 65.81 

Proposed 98.5 98.3 98.5 98.4 
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FIGURE 5. Comparative analysis among the LBO-SELC and optimization + NB classification models 

 

 

Table 3. Comparative analysis between the proposed and existing optimization + IBK classification models 

 

Methods Accuracy Precision Recall F1-Score 

IBK + GAWA 88.9 88 88.9 91 

IBK + ACO 79.6 78.6 76 83.6 

IBK + PSOMS 78 76.8 77.3 76.5 

IBK + HSOGR 73.1 72.1 71.3 70.2 

Proposed 98.5 98.4 98.5 98.3 

 

 
FIGURE 6. Comparative analysis among the LBO-SELC and optimization + IBK classification models 

 

 

Table 4. Comparative analysis between the proposed and existing optimization + J48 classification models 

Methods Accurac

y 

Precision Recall F1-

Score 

J48 + GAWA 88 90.3 88.9 89 

J48 + ACO 80 83.6 78 79 
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J48 + PSOMS 79.3 77.2 78 78.2 

J48 + HSOGR 76.2 71.4 72 75.4 

Proposed 98.5 98.4 98.5 98.3 

 
FIGURE 7. Comparative analysis among the LBO-SELC and optimization + J48 classification models 

 

Table 5. Comparative analysis between the proposed and existing optimization + Ensemble classification models 

 

Methods Accurac

y 

Precision Recall F1-Score 

Ensemble+ GAWA 97.61 97.2 97.53 97.54 

Ensemble + ACO 94.8 93.5 94.4 94.8 

Ensemble + PSOMS 93.2 92.52 93.6 93.4 

Ensemble + HSOGR 92.11 91.3 92.3 92.1 

Proposed 98.5 98.4 98.5 98.3 

 

 
FIGURE 8. Comparative analysis among the LBO-SELC and optimization + Ensemble classification models 

 

Moreover, the general execution results such as accuracy, sensitivity, and specificity of the proposed LBO-SELC 

technique and other state of the art models are shown in Fig 9 to Fig 11. As observed from the results, it is clear that the 

combination of LBO-SELC outperforms the other classification approaches with improved accuracy, sensitivity, and 
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specificity values. Due to the proper image preprocessing and feature extraction operations, the overall lung cancer 

detection performance is greatly improved in the proposed system.  
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FIGURE 9. Accuracy analysis 
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FIGURE 10. Sensitivity analysis 
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FIGURE 11. Specificity analysis 

5. CONCLUSION 

A million people die from lung cancer each year, making it one of the worst forms of the disease. The detection of 

lung nodules on chest CT images is crucial in the field of human medicine. The adoption of CAD systems is essential 

for the early diagnosis of lung cancer as a consequence. An essential task that is used across many different economic 

sectors is image processing. To find areas of the lung that have been affected by cancer, image processing techniques 

such noise reduction, feature extraction, and classification are utilized. This work uses an advanced optimization and 

machine learning based image processing methodologies to demonstrate precise lung cancer identification and 

prognosis. To improve contrast and quality, an adaptive median filtering approach is used to preprocess the provided 

medical image. Then, the ROI is segmented in order to improve classification. The histogram and texture properties of 

the segmented area are obtained to enhance the classifier's training and testing accuracy. By using the LBO method, the 

most important features are chosen in order to speed the tumor diagnosis process. Moreover, the SELC method is 

employed to quickly categorize images of persons with healthy and diseased states. By using a range of measures, the 

efficiency and results of the proposed LBO-SELC mechanism's lung cancer detection are examined and validated. 

According to the results, it is obvious that the proposed LBO-SELC provides an improved disease detection 

performance with increased accuracy up to 99%, when contrasted to the other classifiers. In future, the deep learning-

based segmentation and classification models can be implemented for developing a lung cancer diagnosis framework.  
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