
Journal of Computational Analysis and Applications                                                                          VOL. 33, NO. 8, 2024 
   

                                                                                                        10.48047/jocaaa.2024.33.08.398 

 
                                                                                                    7505                                  Jaya Shrivastav et al 7505-7516 

 

An Intelligent Multi-Stage Framework for Automated Lung Cancer 

Detection Using Optimized Segmentation and Hybrid Feature Learning 

 
Jaya Shrivastav 

Research Scholar 

Department of Computer Science 

Shri Rawatpura Sarkar University, Raipur 

Chhattisgarh, India 

shrijay15@gmail.com 

Dr. Ranu Pandey 

Assistant Professor 

Department of Computer Science 

Shri Rawatpura Sarkar University, Raipur 

Chhattisgarh, India 

ranu_pandey8@hotmail.com 

 

Received: 18.07.2024                Revised: 20.08.2024               Accepted: 05.09.2024 

 

Abstract – The problem of computed tomography (CT) images in the early and accurate 

detection of lung cancer has existed since there are low contrast areas, irregular tumor margins, 

and high dimensional feature representations. To address them, this paper introduces a new 

system of multi-stage automated lung tumor detection combining the optimal segmentation, 

hybrid feature extraction, and intelligent classification strategies. First, the CT images are 

preprocessed and then undergo a very powerful segmentation step that includes Salp Swarm 

Algorithm-Grey Wolf Optimization (SSA-GWO)-optimized Otsu thresholding and 

Lightweight U-Net architecture to identify tumor region accurately yet with lower computation 

costs. Such dual segmentation approach is better at consequences of accuracy of the boundaries 

and more robust with the presence of noisy and heterogeneous imaging conditions. A hybrid 

feature extraction approach is developed based on the analysis of segmentation and combines 

deep features obtained via AlexNet Convolutional Neural Network (CNN) with a combination 

of manually designed radiomic features, such as Histogram of Oriented Gradients (HOG), 

Gabor filters and Wavelet transforms, allowing to capture the high-level and low-level semantic 

and textural tumor features respectively. Minimum Redundancy Maximum Relevance 

(mRMR) then is used to select the best possible features to measure efficiency of further 

classification and decrease the redundancy of features. The last stage of the classification 

involves the use of Random Forest (RF) and Support Vector Machine (SVM) classifiers to 

differentiate benign and malignant lung tumors. The results of the experiment prove that the 

suggested framework considerably enhances the accuracy and precision of the diagnosis, 

recalls, and overall robustness of the results in contrast with the traditional segmentation and 

single-feature-based methods. These results confirm that hybrid deep-handcrafted feature 

learning with SSA-GWO-optimized segmentation and mRMR-based feature selection has 

provided a reliable yet clinically useful solution to automated detection of lung cancer. 

Keywords – Grey Wolf Optimization, Lung Cancer, Minimum Redundancy Maximum 

Relevance (mRMR), Salp Swarm Algorithm, Support Vector Machines (SVM), Random 

Forest. 
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I. INTRODUCTION 

Lung cancer remains among the deadliest diseases across the globe, and that may be explained 

by the fact that it is usually diagnosed late and the pulmonary tumor is hard to analyze in terms 

of medical imaging due to its complicated visual appearance. Computed tomography (CT) has 

already become the imaging choice of interest of screening and diagnosis of lung cancer due 

to its ability to resolve small anatomical structures. In the contemporary clinical practice, 

automated and dependable diagnostic systems are however very important and the 

interpretation of CT scan involves so much time and highly relies on the skills of a radiologist 

and therefore necessitate automated design of diagnostic systems [1] [2]. 

The last wave of developments in the field of artificial intelligence and deep learning has 

contributed greatly to the analysis of medical images in an automated manner, specifically in 

identifying and determining the presence of a tumor. Convolutional neural networks (CNNs) 

have been seen to have high representation of learning hierarchical values by direct codes of 

imaging values [3]. The success of deep learning models, however, is not always adequate to 

detect subtle textural and structural differences in the tumors used as-is, particularly in the 

settings with low-contrast areas or irregular tumor limits. This restricts the use of handcrafted 

radiomic features, which explicitly represent the texture, gradient and frequency-based 

information that is likely to be of clinical interest [4]. 

The other significant issue with the analysis of lung cancer is the proper segmentation of a 

tumor. The accurate definition of tumor boundaries is crucial since the performance of the 

features and classification occurs directly when a segmentation error occurs. Conventional 

thresholding algorithms can be noise-sensitive and entirely deep learning-based segmentation 

models are computationally expensive [5]. In order to overcome these problems, it is possible 

to use hybrid segmentation that is based on the use of optimization-based thresholding and 

lightweight deep architectures to provide a reasonable trade-off between accuracy and 

efficiency [6] [7]. 

Moreover, high-dimensional features spaces of lung CT images are also likely to cause 

redundancy and adversely affect the quality of classifiers. Minimum Redundancy Maximum 

Relevance (mRMR) feature selection methods are important in selecting the most informative 

features and suppressing the irrelevant and redundant features [8]. Ensemble and margin-based 

classifiers like the exists of the Random Forest and the Support Vector Manner models are 

robust in making a decision on discriminating a benign and a malignant lung tumor in the last 

diagnostic stage. 

Out of these issues, this paper presents a smart multi-stage system that incorporates the 

optimized segmentation, multi-stage hybrid deep and handcrafted feature extraction, and the 

efficient feature selection to enhance the performance of classifying lung tumors. The given 

approach provides better accuracy in diagnosing and remains computationally feasible, which 

is why it can be used in real-time clinical decision-support systems. 

The key contributions of the current study can be summed up as follows: 

• Optimized Hybrid Segmentation Approach: In this study, it is suggested to establish a 

powerful framework in lung tumor segmentation through a hybrid of SSA-GWO-

Optimized Otsu thresholding and a Lightweight U-Net model, which provides a good 

detection of tumor edges with minimized computational costs. 
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• Hybrid Deep and Handcrafted Feature Learning: To combine semantic and textural 

characteristics in tumors, a novel feature representation strategy, that combines deep 

features obtained with the help of AlexNet CNN with handcrafted radiomic features, 

such as HOG, Gabor filters and Wavelet transforms, is proposed. 

• Effective Feature Selection Using mRMR: The research incorporates mRMR to 

remove the irrelevant and redundant features and a small yet very discriminative feature 

set is achieved, leading to an increased classification efficiency. 

• Robust Lung Tumor Classification: The proposed model uses the Random Forest and 

Support Vector Machine classifier to pinpoint the difference between benign and 

malignant lung tumors, with a better diagnostic performance and reliability. 

II. LITERATURE REVIEW 

The recent developments of medical imaging obtained a significant volume of lung CT data to 

analyze clinically, and there is a strong need to have automated and smart diagnostic systems. 

Inter-observer variability and intricate appearance of the lung tumors tend to restrict the 

traditional visual examination of the images by the radiologists though effective. Consequently, 

there have been growing interests in computational methods that can help to detect lung cancer 

through reliable and early methods [9]. 

A variety of systems based on deep learning methods (especially Convolutional Neural 

Networks) now form the backbone of numerous lung cancer detection systems. CNNs can 

perform a type of discriminative discovery on the data within CT images without human 

intervention, and it allows them to be effective with large-scale medical collections. Some 

researchers have shown that CNN based models like AlexNet, VGG and ResNet are effective 

in detecting and classifying pulmonary tumors [9], [10]. AlexNet is one of these models that is 

still favored by medical use as it has a balance between the classification speed and computing 

power [5]. 

Nevertheless, it has been demonstrated that relying only on deep learning characteristics is not 

appropriate in some clinical conditions. Some lung tumors have some imperceptible textural 

variations and distortion patterns in their structures, which could not be completely identified 

by convolutional layers. To overcome this weakness, scientists have investigated the concept 

of exploring hybrid learning that is composed of deep feature features combined with 

handcrafted radiomic features. Past research has found that incorporation of CNN-learned 

features with hand designed features like HOG and GLCM would increase the ability of the 

cancerous lung source to discriminate, especially with the difficult or low-contrast CT images 

[11], [12]. 

Radiomic studies have also broadened the horizons of research on lung cancer as it has made 

it possible to quantitatively characterize tumor areas. HOG based features, Gabor-filter 

features, and Wavelet transforms based features have been commonly applied to characterize 

tumor features including boundaries, directional textures as well as multi-scale frequency 

characteristics. The HOG-descriptors are very effective in edge and gradient descriptors 

representing [6] whereas the Gabor filters have orientation- and frequency-sensitive texture 

descriptors [13]. The wavelet-based techniques have other benefits in that they depict tumor 

properties in many spatial resolutions; this is particularly applicable in nodules with different 

sizes [14]. 
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With hybrid feature extraction strategies tend to produce high-dimensional feature spaces, 

feature selection has been shown to become an important stage in achieving efficient and 

reliable classification. Of the existing methods, one method that indeed has received much 

attention is mRMR due to its capability in the selection of features that are correlated with 

target class, as well as do not exhibit much redundancy between the selected features. It has 

been demonstrated that the use of mRMR can enhance accuracy of classification and minimal 

overfitting in lung cancer detection system [15]. 

To classify the two lung tumors (benign and malignant) into different categories, different 

machine learning models were explored in the last classification step. Among the most 

frequently used ones, there are random Forest, Support Vector Machine (SVM) and K-Nearest 

Neighbor (KNN) classifiers. The ensemble learning format and ability to deal with high-

dimensional data have made (16], [17]) have shown that random forest is very robust, and has 

good generalization performance. On the same note, SVM has extensively been applied in 

binary tumor classification of the lung due to its applicability in more complicated feature 

spacings [18], whereas KNN has been utilized in smaller data sets/non-linear decision lines 

[19]. It has been noted in comparative studies that Random Forest classifiers perform better 

with respect to accordance and sensitivity in terms of the accuracy and recall and F1-score 

when judged on traditional indications of precision, recall, and F1-score [3]. 

Although there have been significant improvements, issues like unequal classes, heterogeneity 

of the data and processing in real-time remains problematic to the effectiveness of the 

automated systems of lung cancer detection. According to available literature, a combination 

of optimal segmentation, hybrid feature learning, efficient feature selection, and ensemble 

classification is more reliable and clinically viable solution. These results encourage the 

creation of combined multi-stage models on the basis of better lung cancer diagnosis. 

III. PROPOSED METHODOLOGY 

 
Figure 1: Flow Diagram for Proposed Approach 
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The suggested model of lung tumor detection and classification has a multi-step pipeline, which 

is illustrated using Figure 1. Pre-processing of the input CT images of the lungs is done to 

guarantee consistency of the data by resizing and normalizing the intensity. SSA–GWO 

optimized Otsu thresholding is then used to obtain localization of coarse tumors, and 

Lightweight U-Net segmentation is then used to finely locate the boundaries. The hybrid 

feature extraction is then performed on the segmented tumor using deep features of AlexNet 

along with handcrafted radiomic feature which includes HOG, Gabor and Wavelet descriptors. 

The fusion and normalization of these features are then performed followed by the feature 

selection by the application of mRMR to avoid redundancy. Lastly, the process of feature set 

optimization is an optimized on both Random Forest and Support Vector Machine classifier to 

classify the feature set as either benign or malignant lung tumor. The description of each stage 

of the proposed methodology is provided in the following subsections in details. 

3.1 Preprocessing of CT Images 

Assume the input lung CT image to be denoted as: 

𝐼𝑐(𝑥, 𝑦)        (1) 

Where (𝑥, 𝑦) represents the location of the spatial pixels. Processing operations are used to 

obtain a standardized image 𝐼𝑝(𝑥, 𝑦) which is given as: 

𝐼𝑝(𝑥, 𝑦) = 𝒩 (ℛ(𝐼𝑐(𝑥, 𝑦)))          (2) 

In this instance, ℛ(⋅) is used to refer to image re-sampling to a standard spatial resolution and 

𝒩(⋅) is image intensity normalization. This will reduce variations in acquisitions and enhance 

uniformity of segmentation. 

3.2 Tumor Segmentation Strategy 

Proper segmentation of lung tumor regions is an important element of the suggested 

framework, because the quality of segmentation has a direct correlation with the deterioration 

of feature extraction and classification. In order to obtain strong accurate tumor delineation, 

two-step segmentation plan is taken. The initial step is the stage of rough tumor positioning 

based on an Otsu-based thresholding system that was optimized afterward with the help of 

metaheuristic algorithms, and the second step is the stage of finer tumor delimitation based on 

the Lightweight U-Net deep segmentation network. 

3.2.1 SSA–GWO Optimized Otsu Thresholding 

At the first phase of segmentation, tumor and non-tumor parts are distinguished on the basis of 

adaptive thresholding algorithm that is based on the principle of variance maximization 

introduced by Otsu. The grayscale CT image will be denoted as 𝐼𝑝(𝑥, 𝑦). The segmentation 

problem should seek to establish an optimal threshold 𝜏∗ that will yield the highest level of 

statistical discriminability between foreground (tumor) and background (lung tissue) object. 

The objective function that is based on the inter-class variance takes the form: 

𝒥(𝜏) = 𝜋1(𝜏)(𝜇1(𝜏) − 𝜇𝑇)
2 + 𝜋2(𝜏)(𝜇2(𝜏) − 𝜇𝑇)

2                 (3) 

where: 

• 𝜋1(𝜏) and 𝜋2(𝜏) denote the probabilities of tumor and background classes, 

• 𝜇1(𝜏) and 𝜇2(𝜏) represent their respective mean intensities, 
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• 𝜇𝑇 is the overall mean intensity of the image. 

The exhaustive method of determining the threshold is not used to determine the threshold, but 

rather a hybrid Salp Swarm Algorithm-Grey Wolf Optimization (SSA-GWO) strategy is used 

to solve the threshold optimization problem. SSA will be tasked with exploration of the 

threshold search space across the globe whereas GWO will add value to local use of promising 

solutions. 

The threshold update mechanism is given by: 

𝜏(𝑡+1) = 𝜏(𝑡) + 𝜆𝑡(𝜏𝑏𝑒𝑠𝑡 − 𝜌𝑡 ⋅ 𝜏
(𝑡))                 (4) 

where 𝜆𝑡 and 𝜌𝑡 are adaptive parameters to trade exploration and exploitation and 𝜏𝑏𝑒𝑠𝑡 is the 

globally best threshold obtained up to iteration 𝑡. The update rule balances both exploration 

and exploitation with respect to the number of iterations such that convergence towards an 

optimal threshold is attained. In this type of hybrid optimization, reliable lumbar tumor 

localization was realized in low-contrast and noisy imaging environment. 

3.2.2 Lightweight U-Net Based Segmentation Refinement 

The SSA-GWO binary mask has been used to obtain a rough tumor localization with the help 

of Otsu thresholding, which is then enhanced with the help of a Lightweight U-Net architecture. 

This network also has an encoder-decoder format with a skip connection, which enables it to 

maintain spatial information without incurring a great computational cost as compared to other 

traditional U-Net models. The first segmentation mask is the one which is achieved by realizing 

the maximization of the Otsu threshold and this is represented as 𝑆0(𝑥, 𝑦). The resulting refined 

segmentation output 𝑆𝑟(𝑥, 𝑦) is as: 

𝑆𝑟(𝑥, 𝑦) = 𝜎 (Φ𝑑𝑒𝑐 (Φ𝑒𝑛𝑐(𝑆0(𝑥, 𝑦))))         (5) 

where Φ𝑒𝑛𝑐(⋅) and Φ𝑑𝑒𝑐(⋅) are encoder and decoder transformations, respectively, and 𝜎(⋅) is 

the sigmoid activation function. Skip connections are also added to maintain spatial 

information consumption and decrease the computational overhead. 

3.3 Hybrid Feature Extraction 

A hybrid set of features is obtained out of the refined tumor 𝑆𝑟(𝑥, 𝑦) to ensure the 

complementary characteristics of the tumor are captured using these characteristics. 

3.3.1 Deep Feature Representation 

The AlexNet CNN model is used to extract deep features. The feature vector h in the first few 

levels is indicated with the following form: 

𝐷 = Ψ𝑐𝑛𝑛(𝑆𝑟)      (6) 

where Ψ𝑐𝑛𝑛(⋅) implies the feature mapping that is the new one after the fully connected layer 

within the network. High-level semantic and structural tumor region patterns are coded in these 

features. 

3.3.2 Handcrafted Radiomic Features 

Explicit textural and frequency-based information is extracted through handcrafted features 

that are extracted parallel to each other. The feature handcrafted vector is characterized by the 

following: 
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𝐻 = [ℎℎ𝑜𝑔, ℎ𝑔𝑎𝑏 , ℎ𝑤𝑎𝑣]            (7) 

where: 

• ℎℎ𝑜𝑔 is the gradient direction descriptors, 

• ℎ𝑔𝑎𝑏 is Gabor kernel-based directional texture responses, 

• ℎ𝑤𝑎𝑣 represents multi-resolution of wavelet coefficients. 

3.4 Feature Fusion and Dimensionality Reduction 

Concatenation Deep and handcrafted features combine to form the final composite feature 

vector: 

𝑍 = 𝐷⊕𝐻      (8) 

In order to avoid redundancy, minimum redundancy maximum relevance (mRMR) criterion is 

used. Selection score of a candidate feature 𝑧𝑖 is calculated as: 

Γ(𝑧𝑖) = ℐ(𝑧𝑖; 𝑦) −
1

|Ω|
∑ ℐ(𝑧𝑖; 𝑧𝑗)𝑧𝑗∈Ω

          (9) 

where ℐ(⋅;⋅) is mutual information, 𝑦 is a class, and Ω is the collection of already used features. 

3.5 Classification 

The selected set of features is optimized and is provided to the supervised classifiers to 

classification of the tumors. Random Forest is based on an ensemble of decision trees: 

{𝑇1, 𝑇2, . . . , 𝑇𝑀}, and the ultimate prediction on majority voting is achieved: 

𝑦̂ = argmax
𝑐

∑ 1(𝑇𝑚 = 𝑐)𝑀
𝑚=1     (10) 

Another classifier, the Support Vector machine classifier is also used to determine the best 

separating hyperplane in the transformed features space. The result of classification will depend 

on whether the result is a benign or a malignant tumor. 

IV. RESULTS AND ANALYSIS 

 

 
     (A)        (B)     (C) 

Figure 2: Analysis of Dataset Composition and Class Distribution 

In Figure 2, three pie charts are labeled as A, B and C, with each one of them showing varied 

features of the distribution of the datasets and composition of classes. The composition of the 

overall dataset is shown in chart A where it is consumed as following: about 75% to the so-

called "Training Dataset" (in purple), and about 25% to the so-called "Testing Dataset" (in 

yellow). Chart B illustrates an even distribution of the available testing set with 50% of the 

images being of No Tumors, shown as purple on the bar chart and the other 50% full of tumors 

shown in yellow. But in Chart C, it can be observed that there is a lot of class imbalance in the 
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test set with 97% of the images to be labeled as No Tumors (purple) and 3% Tumors (yellow). 

This identifies an imbalanced distribution within the dataset that can affect the model in terms 

of its ability to differentiate between classes, particularly, the one of the deadliest types of 

cancers, namely, the "Tumor" one. 

 
Figure 3: Analysis of Model Performance with Varying Batch Size and Learning Rate 

 

The two heatmaps shown in Figure 3 depict the correlation existing between the batch size, the 

learning rate, and performance of models. The best heatmap displays the performance in the 

form of the intensity of color depending on the combination of varying batch sizes (16 to 256) 

and learning rates (0.0001 to 0.1). On the right, there is a color scale that reflects the level of 

model performance, as the nearer the score is to 1, the more precise it will be. The heatmap in 

the bottom gives more contour-like visualization of the same data and depicts a more gradual 

change of performance. The great performance (near to 1) can be observed in both charts with 

medium sizes of the batch (64 and 128) and medium learning rates (0.00215443 and 

0.0046159) which reveals the correlation that is very likely to lead to the most acceptable 

results possible with the model. 
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Figure 4: Feature Importance Scores for Model Evaluation 

Figure 4 depicts a bar graph on the significance of the different features that will be 

accommodated by the model. The features have been ordered as per their decreasing 

importance since feature 2 has the highest score of importance which is about 2.75 and it is 

followed closely by feature 3 and feature 7 with score almost of feature 2.5. As the chart 

advances, the scores of the importance tend to lower, since feature 19 and Feature 20 take less 

than 0.5 importance scores. This visualization shows what features are the most important in 

relation to each other, implying that features 2, 3 and 7 will play the most important role in the 

performance of the model, whereas the final few features (19 and 20) will play an insignificant 

role. 

Table 1: Comparative Analysis of Proposed Lung Cancer Detection Approach with Existing 

Methods 

Model / Method Accuracy Precision Recall 

(Sensitivity) 

F1-

Score 

SVM with miRNA biomarkers [20] 90.10% -- -- -- 

CNN on LIDC Database [21] 86.84% -- -- -- 

Auto Encoder [22] 75.01% -- -- -- 

Deep Belief Network [23] -- -- 73.40% 82.20% 

Traditional U-Net (Baseline) 87% 79% 68% 73% 

Proposed Hybrid Framework with 

SVM Classifier 

93.8% 90.4% 92.6% 91.48% 

Proposed Hybrid Framework with 

Random Forest Classifier 

95.6% 93.2% 95.1% 94.12% 

 

Table 1 compares the performance analysis of the proposed framework of lung cancer detection 

and the literature counterparts. It is possible to note that the classical deep learning and machine 

learning models like CNNs, autoencoders, and baseline U-Net models can have moderate 

results in terms of classification. Conversely, the proposed hybrid model exhibits higher 
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accuracy, precision, recall, and F1-score, and the SVM-based version is inferior in relation to 

the Random Forest classifier. The findings have shown that optimized segmentation, hybrid 

feature extraction and efficient feature selection considerably increase the performance of the 

diagnostic method besides being robust enough to replace the current models. 

V. CONCLUSION 

This paper presented a multi-step and effective automated lung cancer detection system based 

on CT scan and with enhanced segmentation accuracy and classification reliability as the main 

criteria. The methodology incorporates SSA-GWO optimized Otsu thresholding in the initial 

localization of tumors then increased Lightweight U-Net tumor localization to provide accurate 

tumor boundary localization. Moreover, as demonstrated, when deep features, obtained with 

AlexNet, are combined with handcrafted radiomic features, which are, in this case, HOG, 

Gabor, and Wavelet descriptors, the representative of both structural and textural tumor 

properties is made possible. The feature selection of mRMR-based lowers features 

expressiveness and enhance the modeling capacity of the model. Experimental analysis shows 

that the suggested hybrid structure provides consistent, reliable performance with a top 

classification accuracy of 95.6% with the Randers Forest classifier as well as a higher precision, 

recall and a high F1-score than various other methods. Such findings indicate that the presented 

approach offers a solid and viable solution to lung cancer detection at the same time retaining 

its computational efficiency. As future work, the framework could be considered on larger and 

more varied clinical datasets to further determine its generalization capacity, and extended with 

the consideration of three-dimensional CT analysis as well as real time clinical implementation. 
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