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Abstract – The recognition and diagnosis of lung cancer is a major component in clinical decision-making with early 
and accurate detection of the cancerous condition being fundamental to improving patient outcomes. The aim of the 
paper is to present a new variant of chest cancer detection based on deep learning with the incorporation of hand-
crafted radiomic features into the processing pipeline of multi-stage processing. Hybrid feature extraction method 
implements deep learning of the AlexNet CNN together with what can be considered as handcrafted radiomic features, 
e.g., HOG, Gabor filters, and Wavelets transforms, allowing to provide more detailed representation of tumor features. 
Also, Minimum Redundancy Maximum Relevance (mRMR) method is applied to feature selection by keeping the 
most relevant and non-redundant features and eliminating noise to boost accuracy of classification. The support vector 
machines (SVM), as well as an ensemble classification model, specifically the Random Forest (RF) algorithm, 
introduces both robustness and accuracy in this case, since they effectively deal with high-dimensional and complex 
data. The approach is used to overcome the problems with the classification of lung cancer as it raises the accuracy, 
efficiency, and practicability of the model in clinical practice. The given methodology is proven to present a dependable 
and effective solution that may be used in the real-time clinical settings to detect lung cancer early and accurately. 
Keywords – Grey Wolf Optimization, Lung Cancer, Minimum Redundancy Maximum Relevance (mRMR), Salp 
Swarm Algorithm, Support Vector Machines (SVM), Random Forest. 
 
I. INTRODUCTION 
Lung cancer is still ranked among the top causes of death globally, and thus there is a necessity to have 
effective and efficient methods of detecting lung cancer and categorizing it [1]. Early detection of the 
tumor is critical towards enhancing the survival rate thus developing dependable tools of diagnosis is a 
burning issue in medical imaging. Manual detection procedures along with single-feature extraction 
methods are traditional methods that have certain difficulties in classifying lung tumors as malignancy 
because of their complexity and extreme heterogeneity. The given paper seeks to further streamline and 
perfect the process of detection through a new method combining deep learning and handcrafted 
radiomic features to include and elevate the process of tumor characterization and classification [2]. 
The involvement of a multi-stage processing pipeline in this study enhances the strength of the system as 
it means that every step of the procedure must play a role in improving overall accuracy and efficiency. 
This is carried out by mRMR based feature selection which holds on to the most significant features 
eliminating irrelevant data or redundant or noisy data. To analyse the tumors and determine whether it 
is benign or malignant, the Random Forest (RF) ensemble classifier is used [3]. The RF algorithm can use 
high-dimension data and does not overfitting the data accordingly, making them fit in the medical field 
that is highly complex on the data level. 
Motivation for the Selection of the Proposed Methods: The strategies suggested to provide responses to 
the pronounced issues, in the detection and classification of lung cancer, with the focus on the extension 
of accuracy, efficiency, and clinical feasibility. Advantages of both techniques are combined in the hybrid 
(mixing deep learning (AlexNet CNN) [4] [5] with handcrafted radiomic features (HOG, Gabor, and 
Wavelet) approach [6] [7]. The deep learning approach, especially AlexNet CNN, can be useful in 
extracting more complex and minute details of malignant growth since they identify intricate structures 
of tumor regions which play a vital role in classification. Nevertheless, in the case of deep learning models, 
it is quite possible to miss certain textural or structural features that are important in tumor 
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differentiation. The addition of handcrafted features with the view to covering the most important texture 
and edge-based information enhance the capabilities of the model which is likely to increase the 
differentiation of benign and malignant tumors. 
The fact that multi-stage of a processing pipeline was used further enhances methodology, as the process 
is divided into different steps which increase the overall performance of the model. Such practices like 
data augmentation, size adjustment, and grayscale to RGB transformations make the result less prone to 
overfitting and therefore improves the ability of the model to generalize during training. The feature 
extraction process entails the use of deep learning features and handcrafted features, in one joint feature 
vector comprising the learned and the manually created features of the tumor. 
During the feature selection process the mRMR algorithm is implemented so that few features must be 
chosen, in terms of those that are most relevant, to reduce the number of noise and redundant data, 
which otherwise would negatively affect the performance of the classification process. The usage of a final 
classification model, Random Forest (RF) introduces resilience and accuracy since the model can address 
data with high dimensions and complex data and provides information about feature importance. Such 
ensemble method of learning serves well to ensure that the learning model is not over-fitted and it can 
render reliable and accurate classifications. 
Problem Definition and Contribution: The main problem in the detection of lung cancer is the correct 
specification of tumors since the data of medical images are highly persistent and multifaceted. High-
dimensional features and noise tend to be unfriendly to traditional methods, consequently giving inferior 
results with regard to classifications. The problems are faced in this paper, where a hybrid feature 
extraction strategy which is a combination of deep learning and hand-coded features and their 
combination with an ensemble classifier technique is added to increase accuracy and stability. 
The salient contribution of the work is two-pronged; this study proposes a multiphase pipeline that 
involves the feature extraction, feature selection through mRMR [8] and classification, in an attempt to 
enhance the accuracy and effectiveness of tumor classification. Second, it shows how the combination of 
AlexNet CNN and handcrafted radiomic features can be used to collect more of the tumor features and 
can increase the clinical applicability of a given model. This application of Random Forest to classify the 
model in question contributes to its resilience, which makes it the viable solution in the real-time 
functioning of the clinical area, where the speed and accuracy are two of the key factors. 
 
II. LITERATURE REVIEW 
Cancer-related deaths attributed to lung cancer are the highest in the world, and early diagnosis is noted 
to be a key method of ensuring that the process of treatment is successful. Computational methods have 
also gained increased traction since the advent of medical imaging technologies, which may be utilised in 
the context of automating the process of identifying the presence of lung cancer. The convergence of 
traditional image processing with a deep learning framework has been found in recent years to be quite 
promising as a way of dealing with problems of tumor detection and classification. This literature review 
discusses different methods, strategies, and developments in the area which are focusing on the use of 
deep learning, hand-engineered features, feature selection methods, and classification algorithms applied 
to the detection and the classification of the lung cancer. 
CNNs have found wide use in the context of medical imaging, and lung cancer detection examples. The 
authors of [9] have reported that CNNs have been significantly successful in the role of automated 
detection of lung cancer, as it demonstrates high performance in learning hierarchical features based on 
raw image observation. Lung tumor detection and classification have been done using CNN-based 
networks such as AlexNet, VGG, and ResNet because of their depth and convolutional layers which 
enable them to learn the features automatically that are important in the identification of a tumor [10]. 
Specifically, the AlexNet architecture has seen a lot of applications because it has a relatively small 
computational demands when compared to deeper networks but can demonstrate competitive outcomes 
on several image classification tasks [5]. 
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Although CNNs are efficient as they learn features, they usually do not capture some structural and 
texture-based features that have significance in tumor discrimination. To overcome this shortcoming, 
former studies have integrated approaches in which deep learning is joined with handcrafted 
characteristics in high numbers. These techniques have the benefits of the two approaches described; they 
convey the texture patterns that deep learning could fail to discern. As an illustration, the study by the 
authors of [11] introduced CNN features along with the handcrafted features, including Histogram of 
Oriented Gradients (HOG) and Gray Level Co-occurrence Matrix (GLCM) to provide better lung nodules 
detection. These hybrid models have demonstrated better results on the accuracy of classification, 
especially difficult data [12]. 
Radiomics is an upcoming technology with emphasis on the purpose of finding quantitative 
characteristics of medical images. Such characteristics such as form, dimension, texture and intensity 
could be useful in giving an insight with respect to the condition of the tumor. Most of the studies use 
handcrafted features like HOG, Gabor and Wavelet to extract texture and structural information on lung 
cancer images. Edge information is important in determination of tumor boundaries and HOG features 
have been used to determine the information [6]. To obtain the information of the frequencies and 
direction of texture patterns located in tumor areas, Gabor filters have been applied [13]. Also, the feature 
extraction of wavelet transform has found widespread application in medical images since it brings 
multiresolution information where the scale of the tumor varies [14]. 
It has importance in terms of choosing suitable features to make the classification model practical since 
they eliminate all trivial and correlated features. Regarding measurement of lung cancer, researchers have 
suggested several methods of feature selection in the attempt to improve classification. Minimum 
Redundancy Maximum Relevance (mRMR) is one such approach that involves choosing the set of 
features that are highly germane (i.e. they are strongly correlated with the target variable), but do not 
duplicate, any of the other features [15]. The technique has found extensive use in medical imaging, where 
overfitting may be an issue, because of high-dimensional data. The authors of [15] revealed that the 
application of mRMR is very useful in improving classification models by choosing a subset of features 
that are relevant in the diagnosis of the lung cancer. 
The problem of lung tumors classification into the benign and malign part is rather complex because of 
the heterogeneity or complexity of medical data. Summary of results Random Forest (RF), Support Vector 
Machine (SVM), and K-Nearest Neighbor (KNN) are all ensemble learning-based methods, recently used 
to enhance the accuracy of classification. One of the successful ensemble techniques, Random Forest, has 
been suggested to be successful in the problem of medical image classification because it can manage the 
bulk of high-dimensional data and it is not susceptible to overfitting [16]. RF has shown great success in 
the classification of lung cancer as the predictions of multiple decision trees can be aggregated in order 
to enhance accuracy and robustness [17]. In the same way, SVM has been successfully applied to binary 
classification exercises including recognition of benign or malignant tumors since it is effective in high 
dimensional feature spaces [18]. Another common algorithm used to classify tumors is KNN, and it is 
commonly introduced when one is dealing with small data files or when the decision space is not linear 
[19]. The assessment of the classification models in medical imaging plays a significant role in the 
identification of their effectiveness in the application in real world tasks. The accurateness, precision, the 
recall, and F1-score are the widely popular metrics applied to evaluate the lung cancer detecting models. 
The comparison of both methods by Random Forest and SVM classifications under such metrics has 
been conducted in the work by [3], which has proven that RF showed better results in comparison to 
SVM concerning accuracy and recall of the lung cancer classification. The application of F1-score that 
balances the precision and recall measures is relevant especially in the medical case when both false 
positives and false negatives may have dramatic consequences in the treatment of patients. Although there 
is a huge improvement in the methods used to detect lung cancer, there are various issues. The first issue 
is the skewedness of the datasets because the number of malignant tumors tends to be less than the benign 
ones. This issue is considered to be solved with such techniques as data augmentation and synthetic data 
generation. The other complexity is the requirement needed by the clinic due to the use of real-time 
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processing, and thus the methods would be useful to act efficiently on large datasets without any loss of 
accuracy. The potential research work in future studies entails in enhancing computational capabilities 
of deep learning methods, feature extraction methods and the creation of more resolute classifiers which 
can deal with the complexity of lung cancer imaging. The evolution into different methods in the analysis 
of medical images using deep learning methods and hybrid features extraction technique has been 
exposed in the literature on lung cancer detection procedures. Using the combination of handcrafted 
features and deep learning models offers a more holistic solution to the detection of the tumor, whereas 
feature selection strategies, such as mRMR, enhance the performance of classification. Unlike other lung 
cancer classifiers, ensemble learning has been demonstrated to be effective in lung cancer classification 
especially Random Forest, which has high accuracy and robust in features. Although certain aspects of 
dataset imbalance and computational efficiency remain a problem, the further expanding of these 
methods has great potential of increasing accuracy and applicability of lung cancer detection in the clinics. 
 
III. PROPOSED METHODOLOGY 
The given block diagram describes a multi-stage pipeline of the lung cancer detection and classification 
in CT images. Here is what each of the blocks on the diagram represents: 
1. Input CT Image: Its operations start by taking CT scan images of the lungs. The pictures are the 
main data by which the lung tumor can be spotted and categorized. 
2. Pre-Processing: CT images are pre-processed in terms of improving the quality of images, 
removing excessive noise, and pre-process the data before it is subjected to the next steps. This might 
include procedures such as resizing, normalization of the image and removal of noise so that the image is 
in a satisfactory form to proceed beyond. 

 
Figure 1: Proposed Flow Diagram for Lung Cancer Detection Using Hybrid SSA-GWO-Optimized Otsu 
and Lightweight U-Net based Segmentation, Hybrid Features Extraction, and mRMR Feature Selection 
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3. Segmentation Process: 
• SSA-GWO Optimized Otsu Thresholding: It is a thresholding algorithm through which the 
regions of tumor are segregated with reference to the regions of healthy tissues on the CT image. The 
Salp Swarm Algorithm (SSA) is integrated with the Grey Wolf Optimization (GWO) so that the Otsu 
thresholding could be maximized and, thus, the segmentation at hand could be increased despite the 
poor conditions such as low contrast or noise. 
• Lightweight U-Net Segmentation: The segmentation uses a modified model of the conventional 
U-Net model. The Lightweight U-Net would help lessen the calculation complexities with all the 
important characteristics of the pioneer U-Net architecture structure, including skip connections, which 
suit the real-time clinical application. 
4. Hybrid Features Extraction: The next stage is the feature extraction where both the deep learning 
and handcrafted approaches are employed in extracting necessary features out of the segmented images. 
• AlexNet CNN: Automatic learning and extraction of a complicated pattern and feature via a 
deep learning model (AlexNet) are used on the segmented images. This will aid in detecting the slight 
attributes in the tumor areas which are hard to be identified manually. 
• Handcrafted Features: Along with the deep learning-based features of AlexNet CNN, the features 
are also extracted hand crafted, which include: 
o HOG (Histogram of Oriented Gradients): Extracting edge information that may enable the 
margin of tumors to be determined is what HOG is utilized to capture. 
o Gabor Filters: It is used in order to extract frequency and orientation features of textures in the 
tumor areas. 
o Wavelet Transforms: Wavelet transforms have been applied to extract multi-resolution 
characteristics of the tumor, a factor that has made it easy to identify tumors of different extents. 
5. Feature Fusion & Normalization: The extracted features of AlexNet and even the hand-crafted 
methodologies are combined to obtain a complete feature vector. The normalized data is used in order 
to make sure that all features contribute equally in classification stage. 
6. Feature Selection using mRMR: Minimum Redundancy Maximum Relevance (mRMR) is used 
in picking the most relevant features and at the same time eliminating redundant features. This step limits 
the dimensionality of the data rendering it easy to handle by the classifier hence better performance in 
the classification will be achieved as it will only utilise the most important features. 
7. Classification: After the features have been chosen it applies different classification algorithms to 
classify the tumors as benign or malignant: 
• Random Forest (RF): It is an ensemble method that is properly adapted to high-dimensional data 
and allows one to obtain information on the importance of features. 
• Support Vector Machine (SVM): SVM is a very effective classifier of data in high-dimensions, 
especially the challenge of binary classification. 
All these stages collaborate to effectively segment, feature extract, choose the most pertinent features, and 
classify the tumors, which finally gives an overall idea of lung cancer detection in terms of it being highly 
accurate and computationally practical to be implemented clinically in real-time. 
3.1 Segmentation 
3.1.1 SSA-GWO Optimized Otsu Thresholding 
SSA-GWO-Optimized Otsu Thresholding is the improved form of the former Otsu technique since it is 
a hybridisation of Salp Swarm Algorithm (SSA) and of Grey Wolf Algorithm (GWO) process. Such 
optimization algorithms have optimized thresholding process that subsequently has simplified defining 
the tumor as well as the background, even in the complicated scenario of the low contrast images or 
backgrounds in noisy conditions. The thresholding space of SSA is searched in the global sense as opposed 
to the local sense in the case of the one used by GWO hence it has the benefit of more precise 
segmentation since it considers the high dimensionality of the intensity distribution. The method is ideal 
in situations where the tumors are small or irregular (when normal Otsu are not). 
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Automatically choose best threshold 𝑡∗ to discriminate between tumor (foreground) and lung tissue 
(background) by maximization on between-class variance 𝜎𝐵

2(𝑡). 
Mathematical Formulation: 
Otsu’s Between-Class Variance: 

𝜎𝐵
2(𝑡) =

(𝜇1−𝜇2)2

𝜎1
2+𝜎2

2      (1) 

Where: 
• 𝑡 is the threshold that will be taken into consideration. 
• When the image is divided based on the value 𝑡 in the image the same will take place as the 
following means in the image where the background and the forefront classes will be the following 
parameters; 𝜇1 and 𝜇2. 
• The pixels intensities of the background and foreground classes have a variability in distribution 
of 𝜎1

2 and 𝜎2
2 respectively. 

Hybrid Optimization (SSA-GWO): The area explored by Salp Swarm Algorithm (SSA) is space of 
threshold: 

𝑥𝑗
1 = {

𝐹𝑗 + 𝑐1 ((𝑢𝑏𝑗 − 𝑙𝑏𝑗) ⋅ 𝑟1 + 𝑙𝑏𝑗) , 𝑖𝑓 𝑟2 ≥ 0.5

𝐹𝑗 − 𝑐1 ((𝑢𝑏𝑗 − 𝑙𝑏𝑗) ⋅ 𝑟1 + 𝑙𝑏𝑗) , 𝑖𝑓 𝑟2 < 0.5
             (2) 

Where: 
• 𝑥𝑗

1 is the position of the 𝑗𝑡ℎ dimension of the leader salp, 
• 𝐹𝑗 is the food source (i.e., best threshold found so far), 
• 𝑢𝑏𝑗 and 𝑙𝑏𝑗 are the upper and lower bounds of the search space, 
• 𝑟1, 𝑟2 ∈ [0,1] are random variables for exploration, 

• 𝑐1 = 2 ⋅ 𝑒𝑥𝑝 (− (
4⋅𝑙

𝐿
)

2
), with 𝑙 being the current iteration and 𝐿 the maximum iterations. 

Grey Wolf Optimization (GWO) refines threshold: 

𝑋⃗(𝑡 + 1) =
𝑋⃗⃗1+𝑋⃗⃗2+𝑋⃗⃗3

3
               (3) 

Where, 
• 𝐴𝑖 = 2 ⋅ 𝑎 ⋅ 𝑟𝑖 − 𝑎  
• 𝐶𝑖 = 2 ⋅ 𝑟𝑖  
• 𝑎 is linearly decreased from 2 to 0 over iterations, 
• 𝑟𝑖 ∈ [0,1] are random vectors. 
Output: The optimal threshold is given by: 
𝑡∗ = arg max

𝑡∈[0,𝐿−1]
𝜎𝐵

2(𝑡)           (4) 

3.1.2 Lightweight U-Net Segmentation 
Lightweight U-Net is an efficient variant of a classical U-Net that will reduce computational costs and 
accuracy loss of the segmentation accuracy. It also has a broad path (decoder) and narrow path (encoder) 
wherein the former is linked to high-level features extraction and the latter to recovering the image spatial 
details. The implementation of attention gates into the variant of the Attention U-Net is meant to focus 
on the tumor territory by magnifying the information concerning a wanted target and reducing the 
worthless information. The specific approach to segmentation helps specifically to locate the tumor in 
the structure that is anatomically complicated and display the high-resolution map to be further 
categorized. 
Key Equations: 
Encoder (Contracting Path): 
𝑧(𝑙) = ReLU(𝑊(𝑙) ∗ 𝑧(𝑙−1) + 𝑏(𝑙))               (5) 
Where: 
• 𝑧(𝑙−1) is the input feature map from the previous layer, 
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• 𝑊(𝑙) is the weight matrix of the 𝑙𝑡ℎ convolutional layer, 
• ∗ represents the convolution operation, 
• 𝑏(𝑙) is the bias term for the convolutional layer, 
• ReLU is the Rectified Linear Unit activation function. 
Decoder (Expansive Path): 
𝑧(𝑙) = ReLU(𝑊(𝑙) ⋆ 𝑧(𝑙−1) + 𝑏(𝑙))                   (6) 
Where: 
• ⋆ represents the transposed convolution operation (upsampling), 
• 𝑊(𝑙)and 𝑏(𝑙) are the weight and bias terms for the up-convolution. 
Skip Connections: Feature maps from encoder 𝑧𝑒𝑛𝑐 are concatenated with decoder outputs 𝑧𝑑𝑒𝑐: 
𝑧𝑓𝑖𝑛𝑎𝑙 = 𝐶𝑜𝑛𝑐𝑎𝑡(𝑧𝑒𝑛𝑐 , 𝑧𝑑𝑒𝑐)                 (7)  
Output Layer (Sigmoid Activation): 
𝑦̂ = 𝜎(𝑊(𝐿) ⋆ 𝑧(𝐿−1) + 𝑏(𝐿))       (8) 
In this case, the SSA-GWO-Otsu gives a crude tumor localization and the lightweight U-Net iteratively 
improves those boundaries through the use of attention modules. 
3.2 Hybrid Feature Extraction Approach 
The Hybrid Feature Extraction Approach is the method that claims to merge deep learning methods and 
the handcrafted radiomic features to improve the lung cancer classification process. This method is 
considered to combine the advantages of the two techniques in offering a better and stronger approach 
to detect and classify a tumor. The high-level spatial details and features, and the complex features are 
captured using deep learning architecture, namely AlexNet CNN whereas textural, edge, and multi-scale 
components are identified using handcrafted features, such as HOG, Gabor filters, and Wavelet 
transforms. The interrelation of these attributes permits the model to identify the low- and high-level 
information resulting in the better classification of tumor as malignant or benign. 
3.2.1 AlexNet CNN 
AlexNet has a deep convolutional neural network (CNN) model that deals with image classification. The 
field of medical image analysis has embraced its use successfully because it learns spatial patterns and 
structures in images. In the scope of lung cancer detection, AlexNet is utilized with the matter of 
extracting high-level hierarchical feature of the CT images of the lungs. The given model of deep learning 
is good at identifying complex spatial relationships within the tumor areas, which proves an essential 
factor in classification. 
The AlexNet comprises a number of convolutional layers that are followed by the fully connected layers. 
The last and the fully-connected layer, i.e., FC7, plays an important role in producing the deep features 
that were used in classification. FC7 represents the seventh fully connected layer of the network with 
output vector of the dimension 4096 describing the high-level features of the tumor region. The deep 
features are then extracted to give this feature vector that is then employed in the classification stage. 
The hierarchical spatial pattern and the vital information of the tumor texture, shape and structure are 
covered by the deep features which are extracted by the AlexNet. These characteristics are essential of 
proper classification since they enable the model to discern the benign and malignant tumor in terms of 
minute spatial and textural variations. 
The deep learning feature vector obtained by using AlexNet is described mathematically in the following 
manner: 
𝐹𝑑𝑒𝑒𝑝 = AlexNet(𝐼𝑅𝐺𝐵)           (9) 
Where: 
• 𝐼𝑅𝐺𝐵 is the input image in RGB format, 
• 𝐹𝑑𝑒𝑒𝑝 is the 4096-dimensional feature vector extracted from the FC7 layer. 
3.2.2 Handcrafted Features 
Handcrafted features refer to manually created feature extraction procedures that extract properties 
relating to tumors (including texture, gradient and multi-resolution features). Such characteristics have 
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specific value in cases when tumors have intricate patterns that cannot be fully detected by deep learning 
models. Using the handcrafted features, we will be able to give extra discriminative ability to the 
classification system. Three major handcrafted characteristics, in this regard; HOG (Histogram of 
Oriented Gradients), Gabor and wavelet transforms are employed. 
• HOG (Histogram of Oriented Gradients): HOG is one of the commonly used feature 
descriptors, and as such, it is keen at encompassing the edges and gradients of images, which are essential 
in coming up with the shape and forms of the tumors. Principles behind HOG are based on the fact that 
the local gradient directions distribution is important to capture edges and texture patterns used to 
characterize the tumor structure. The HOG method operates on the basis of partitioning the image into 
small cells and inside each cell the magnitude of the gradient and the orientation of the gradient is 
computed. The magnitudes of the gradients signify the strength at which the value of pixel values varies 
and the orientation of gradients signifies the direction in which the intensity varies. Once the gradient 
values are calculated, gradient orientation histogram is made out of every cell. These histograms are 
thereafter carried out in a normalized form so that the features in these histograms are not affected by 
the changes of light. 

𝐻𝑂𝐺(𝑥) = ∑|∇𝐼(𝑥)| ⋅ cos(𝜃)

𝜃

 

(10) 
• Gabor Filters: Texture Analysis One can achieve acquisition of texture information at multiple 
scales of image and across orientation using Gabor filters, i.e., multi-scale multi-orientation texture 
analysis. The response 𝐺(𝑥) of the kernel regarding the point 𝑥 will take the form of any image 𝐼(𝑥) that 
is derived by the computation of the input kernel of the Gabor with the image. 

𝐺(𝑥) = ∑ 𝐼(𝑥) ⋅ 𝐺𝑎𝑏𝑜𝑟𝑖(𝑥)

𝑁

𝑖=1

 

(11) 
• Wavelet Transforms: A multi resolution analysis of the texture of the tumor is performed by 
decomposing an image into a number of frequency bands of wavelet transforms. Wavelet transforms 
break the image into the low frequency and high frequency and are of the form of details of different 
scales. The term of wavelet transform should be described in the following way: 
𝑊𝜓(𝑥, 𝑠, 𝜃) = ∫ 𝐼(𝑥) ⋅ 𝜓(𝑥, 𝑠, 𝜃) 𝑑𝑥            (12) 
3.3 Feature Fusion 
When computing the characteristics of AlexNet CNN and the handcrafted approaches, the next step is 
consolidating the two sets of features into a single feature array. This kind of fusion is mentioned as 
feature fusion. The feature concatenation would ensure utilization of the information present in the 
entire path, the deep learning path and the hand-crafted feature extraction path, and consequently result 
in the enhanced ability to differentiate between malignancy and benign tumors in the model. 
Taking into the summation of the CNN representations 𝐹𝑑𝑒𝑒𝑝 (obtained at the FC7 layer of the AlexNet) 
and the handcrafted representations 𝐹ℎ𝑎𝑛𝑑𝑐𝑟𝑎𝑓𝑡𝑒𝑑 (obtained on HOG, Gabor and Wavelet): 
𝐹𝑐𝑜𝑚𝑏𝑖𝑛𝑒𝑑 = [𝐹𝑑𝑒𝑒𝑝, 𝐹ℎ𝑎𝑛𝑑𝑐𝑟𝑎𝑓𝑡𝑒𝑑]       (13) 
Where: 
• 𝐹𝑑𝑒𝑒𝑝 is the 4096-dimensional feature vector from the FC7 layer of AlexNet, 
• 𝐹ℎ𝑎𝑛𝑑𝑐𝑟𝑎𝑓𝑡𝑒𝑑 is the feature vector formed by concatenating the HOG, Gabor, and Wavelet 
features (the exact number of features depends on the implementation but can be represented as a vector 
of size NN), 
• 𝐹𝑐𝑜𝑚𝑏𝑖𝑛𝑒𝑑 is the final concatenated feature vector, which combines both the CNN and 
handcrafted features. 
3.4 mRMR Objective Function 
The goal of mRMR algorithm is to select the k most desirable features within the feature set that at the 
same time will be most relevant to the target class and, will contain minimum redundancy among the 
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features within the same set. Objectively what can be described is the fact that the mRMR algorithm can 
be outlined. 
𝑚𝑅𝑀𝑅(𝐹) = arg max

𝐹
[𝑅𝑒𝑙𝑒𝑣𝑎𝑛𝑐𝑒(𝐹) − 𝑅𝑒𝑑𝑢𝑛𝑑𝑎𝑛𝑐𝑦(𝐹)]    (14) 

Where: 
• 𝑅𝑒𝑙𝑒𝑣𝑎𝑛𝑐𝑒 is identical the information of each and every characteristic to the target-class possibly 
all characteristics. 
• Mutual information between chosen features is going to be averaged to recalculate the 
𝑅𝑒𝑑𝑢𝑛𝑑𝑎𝑛𝑐𝑦. 
3.5 Classification 
3.5.1 Random Forest Classifier 
Random Forest is within the ensemble learning method and, during training, it constructs a number of 
decision trees then takes the majority rule (classification) in case of classification problems. It is quite 
famous due to its inability to overfit, large dimension data input and training of the feature relevance. 
In Random Forest, each decision tree will be developed at a random sampling of data and each choice 
point, a random subset of the features will be applied. Using this procedure will help to reduce correlation 
between trees and render the ensemble model robust. 
3.5.2 Support Vector Machine (SVM) 
SVM has been the supervised learning algorithm that has aimed to attempt in seeking a hyper-plane, 
which most optimally divides the data points of classes. SVM has been found effective where classes are 
not linearly separable together with the fact that it functions very efficiently in high dimension feature 
spaces. 
The SVM scheme rests on the nature of determining a hyperplane that disrupts the distinction between 
the classes in the optimal possible manner. 
 
IV. RESULTS AND DISCUSSION 
In Figure 2, the performance difference between training classes Random Forest and SVM is displayed 
during 100 iterations of the model accessed in terms of its loss (top subplot) and accuracy (bottom 
subplot). In the loss subplot, the initiation of the loss values of both the models (Random Forest: ~0.5, 
SVM: ~0.4) are higher and are in a decreasing trend but SVM does not converge to as low a value as 
Random Forest (~0.05 Vs ~0.1 respectively), showing that Random Forest optimizes better. The 
precision subplot demonstrates Random Forest with greater initial precision (~0.7) and continuously 
rising to ~ 0.95, in comparison to SVM with ~0.65, that never converges above ~ 0.85, pointing out to 
farther convergence of Random Forest and superior end-to-end performance. The key point is the equality 
of the differences in the curves which speaks of the strength of Random Forest with every step in 
minimizing the error and maximizing the predictive accuracy. 

 
Figure 2: Comparison of Loss and Accuracy During Training for Random Forest and SVM 



International Journal of Environmental Sciences   
ISSN: 2229-7359 
 Vol. 11 No. 22s, 2025  
https://www.theaspd.com/ijes.php 
 

25 
 

 
Figure 3: Comparison of Classifier Precision Across Different Data Preprocessing Techniques 
 
Figure 3 shows a visualization of the classifier precision of the three different data preprocessing methods 
Original (data that have not been processed), Augmented (data augmented), and Feature Selected (data 
processed with mRMR feature selection). The values of precision will be shown on the y-axis with the gap 
between about 0.85 and 1. Analysis of original data generates the least accuracy (~0.85), whereas in the 
case of augmented data, accuracy increases to a low degree (~0.9). Feature Selected data has the best 
precision (~0.95) thus indicating very good performance of mRMR in contributing to the overall 
performance of the model by considering all those features that matter and are not repetitive. The 
depicted progression shows that strategic preprocessing may greatly increase the precision of the classifier 
over the raw or augmented data at large. 
 

 
Figure 4: Confusion Matrix for Random Forest Classifier Performance 
 
Figure 4 demonstrates the confusion matrix of the random forest classifier based on which the 
classification of benign and malignant tumors may be evaluated. The matrix is presented as the number 
of the correct and wrong predictions done with the help of the classifier. The cells of 185 indicate the 
true positives, in the top left corner and the benign class was correctly classified as benign. The false 
positives are presented in the top-right cell (5), i.e., the benign class was wrongly classified as malignant. 
The cell (3), on the bottom-left, shows false negatives, i.e., malignant tumors wrongly described as 
effectively benign. The bottom-right cell (97) corresponds to true negative, in which malignant tumors 
were reasoned to be malignant. This confusion shows that the classifier has high performance because 
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the number of true positives (185) and true negatives (97) is big, whereas false positives (5) and false 
negatives (3) are relatively small, which proves its accuracy and stability. 

 
Figure 5: Confusion Matrix for SVM Classifier Performance 
 
Figure 5 indicates confusion matrix of the Support Vector Machine (SVM) classifier applied to predict 
the benign and malignant tumor. Four main values including true positives, false positives, false negatives 
and true negatives are presented in the matrix. The left-hand cell can be interpreted as the true positives 
(benign cases correctly predicted as being benign), and the top-right cell, as the false positives (benign 
cases incorrectly predicted as being malignant). The cell in bottom-left corner represents the false negatives 
(malignant cases misclassified as benign), which is 5 and the bottom-right cell represents the true negatives 
(malignant cases accurately identified as malignant) and is equal to 95. Confusion matrix proves the 
outstanding nature of the classifier with high true positive (182) and false Negative (95) rates and 
comparatively low false positive (8) and false negative (5) rates which indicate the effectiveness of the 
classifier complying with backing benign and malignant tumors. 
 
Table 1: Comparative Analysis of Proposed Approach of Lung Cancer Detection Techniques with 
Previous Research Works 

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 SSA-GWO-Otsu and 
Lightweight U-Net Segmentation with 
SVM 

95.5% 92.2% 95% 93.59% 

Proposed SSA-GWO-Otsu and 
Lightweight U-Net Segmentation with 
Random Forest 

97.2% 95.1% 97% 96.04% 
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Table 1 provides a comparative study of the different lung cancer detection methods where the proposed 
hybrid technique is found to outperform the previously known methods. In previous research, the SVM 
using miRNA biomarkers [20] had an accuracy of 90.10%, CNN on LIDC Database [21] and Auto 
Encoder got 86.84% and 75.01%, respectively, with no values of precision, recall, and F1-score. An F1-
score of 82.20% and a recall of 73.40% were obtained by the Deep Belief Network [23], without accurate 
and precision reported. The Traditional U-Net (Baseline) exhibited moderate results having an accuracy 
rate of 87%, 79% precision, 68% recall, and 73% F1-score. Conversely, the SSA-GWO-Otsu and 
Lightweight U-Net as the proposed segmentation with SVM performed much better compared with the 
previous methods with 95.5%, 92.2%, 95%, and 93.59% F1-score, respectively. Greater improvement 
was recorded again upon incorporation of Random Forest, leading to slightly better metrics (97.2% 
accuracy, 95.1% precision, 97% recall, and 96.04% F1-score) which shows the effectiveness and efficiency 
of the proposed hybrid model in predicting lung cancer. 
The table illustrates that the SSA-GWO-optimized segmentation and feature fusion strategy succeed in 
highlighting the advancement in the present assessment introduced by methods and provides evident 
proof of the high efficacy of the strategy in relation to its traditional and deep learning-based alternatives 
in the aspect of accuracy and sensitivity level of the diagnostic tool and its overall reliability. 
 
V. CONCLUSION 
The proposed method includes not only deep learning but also handcrafted radiomic features in the 
framework of lung cancer detection demonstrated in the current paper combined with an effective multi-
level processing scheme. The proposed system will help in extracting not only low but high-level tumor 
features given that the proposed system combines the abilities of both high and low tumor features of 
AlexNet CNN and handcrafted features e.g. HOG, Gabor, and Wavelet; therefore, giving extensive 
feature which represents the tumor. Model further reduces the feature selection process by using 
Minimum Redundancy Maximum Relevance (mRMR) technique into model to only leave parts which 
are related as that helps to increase the accuracy with which it classifies the results. The statistical model 
used, Random Forest as an ensemble classification model, maintains robustness and is effective with 
complex data thus making the system applicable in a real-time clinical scenario. 
Experimental outcomes show that the suggested methodology is efficient, and the combination of SSA-
GWO-Otsu and Lightweight U-Net segmentation along with Random Forest leads to the best results, as 
the classification accuracy (97.2%) is better as compared to the SVM classifier (95.5%). This shows that 
Random Forest algorithm is effective in its ability to correctly classify lung cancer. It is a dependable, 
practical, and clinically focused system that is capable of early and accurate screening of lung cancer, 
having very promising value in patient outcomes by addressing the diagnosis of the disease on time. 
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