
 

Hybrid Deep Learning Framework Using AlexNet, VGG16, and PSO–GA 

Optimization for Lung Cancer Detection from CT Scans 

S Saravana Kumar1,2, Prof. Shashi Kant Guptaa1 

Postdoctoral Scholar, Lincoln University College, Malaysia1 

Professor, Dept of CSE, PSCMR College, Vijayawada2 

 saravanakumarmithun@gmail.com, pdf.saravana@lincoln.edu.my, 

shashigupta@lincoln.edu.my 

Abstract 

Lung cancer remains one of the leading causes of cancer-related deaths worldwide, primarily 

due to delayed diagnosis and limitations in manual interpretation of CT scans. This study 

proposes a hybrid deep learning framework that integrates AlexNet and VGG16 for feature 

extraction with a hybrid Particle Swarm Optimization–Genetic Algorithm (PSO–GA) for feature 

selection and hyperparameter optimization. The framework was evaluated using publicly 

available LIDC-IDRI and NSCLC-Radiomics datasets containing benign and malignant CT images. 

Preprocessing techniques including normalization, denoising, resizing, and augmentation were 

applied to improve data quality and reduce overfitting. Deep features extracted from AlexNet 

and VGG16 were optimized through the PSO–GA mechanism to retain the most discriminative 

features while reducing redundancy. A dual-stage classifier was then employed for lung nodule 

classification. Experimental results demonstrated classification accuracies of 95.2% and 94.7% on 

LIDC-IDRI and NSCLC-Radiomics datasets respectively, outperforming baseline CNN approaches. 

Grad-CAM visualization further improved interpretability by highlighting clinically relevant 

regions in CT scans. The proposed framework provides an accurate, scalable, and clinically 

interpretable solution for automated lung cancer detection. 
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1. Introduction 

Lung cancer is among the most critical health challenges worldwide and is responsible for 

millions of deaths every year. Early diagnosis significantly improves patient survival rates, yet 

conventional diagnostic approaches often fail to detect cancer at an early stage. Computed 

Tomography (CT) imaging plays a major role in identifying lung nodules; however, manual 

interpretation is time-consuming and prone to observer variability. Recent developments in 

Artificial Intelligence (AI) and deep learning have improved automated medical image analysis. 

Convolutional Neural Networks (CNNs) such as AlexNet and VGG16 can automatically learn 

complex image features from CT scans and provide high diagnostic accuracy. Despite these 

advantages, CNN-based systems often generate high-dimensional feature vectors containing 
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redundant information, which may increase computational complexity and overfitting. To 

address these limitations, optimization techniques such as Particle Swarm Optimization (PSO) 

and Genetic Algorithms (GA) have been widely explored. PSO provides rapid convergence while 

GA enhances global search capability through evolutionary operations. Integrating these 

methods enables efficient feature selection and hyperparameter optimization. In this work, a 

hybrid framework combining AlexNet, VGG16, and PSO–GA optimization is proposed for 

accurate and interpretable lung cancer detection from CT scans. 

2. Methodology 

The proposed methodology consists of five major stages: data acquisition, preprocessing, feature 

extraction, hybrid optimization, and classification. 

2.1 Data Acquisition and Preprocessing 

The framework uses the LIDC-IDRI and NSCLC-Radiomics datasets containing annotated CT 

images of benign and malignant lung nodules. CT images were preprocessed using Gaussian and 

median filtering to reduce noise while preserving edge details. Intensity normalization was 

applied to standardize pixel values. Images were resized according to CNN input dimensions, and 

data augmentation methods such as flipping, rotation, and deformation were employed to 

improve generalization and handle class imbalance. 

2.2 Feature Extraction 

AlexNet and VGG16 were employed as feature extractors using transfer learning. AlexNet 

captures low-level features such as texture and edges, while VGG16 extracts deeper structural 

and spatial representations. Fine-tuning on lung CT datasets improved feature relevance for 

medical image analysis. Feature vectors obtained from both networks were combined to provide 

comprehensive image representation. 

2.3 PSO–GA Hybrid Optimization 

The extracted features were optimized using a hybrid PSO–GA algorithm. PSO was used for rapid 

convergence and optimal feature weighting, whereas GA enhanced feature subset selection 

using crossover and mutation operations. This hybrid strategy reduced redundant features, 

minimized overfitting, and optimized classifier hyperparameters. 

2.4 Dual-Stage Classification and Interpretability 

A dual-stage classification framework was implemented. The first stage performed coarse 

CNN-based screening to identify suspicious nodules, while the second stage used optimized 

features for refined classification. Grad-CAM visualization techniques were incorporated to 

highlight important regions influencing model decisions, thereby improving interpretability and 

clinical reliability. 
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3. Results and Discussion 

The proposed framework was evaluated using accuracy, sensitivity, specificity, F1-score, and Area 

Under Curve (AUC). Table 1 summarizes the classification results. 

Table 1: Performance Evaluation of Proposed Framework 

Dataset/Validation Accuracy Sensitivity Specificity F1-Score AUC 
LIDC-IDRI 95.2% 93.8% 96.1% 94.5% 0.981 
NSCLC-Radiomics 94.7% 93.2% 95.5% 94% 0.978 

​
The results demonstrate that the proposed hybrid framework outperformed standalone CNN 

models due to effective feature optimization and dual-stage classification. AlexNet efficiently 

captured texture-level information, while VGG16 extracted higher-level structural features. The 

PSO–GA mechanism significantly reduced feature redundancy and improved classifier 

generalization. The computational performance was also suitable for practical implementation, 

with inference time remaining below one second per CT slice. Grad-CAM visualizations 

successfully highlighted suspicious nodule regions, improving transparency and assisting 

clinicians in validating automated predictions. These findings confirm that combining deep 

learning with nature-inspired optimization improves both diagnostic accuracy and 

interpretability. 

4. Conclusion 

This study presented a hybrid deep learning framework integrating AlexNet, VGG16, and 

PSO–GA optimization for lung cancer detection from CT scans. The framework effectively 

combined complementary CNN features with optimized feature selection to improve 

classification accuracy and reduce redundancy. Experimental evaluation on LIDC-IDRI and 

NSCLC-Radiomics datasets demonstrated superior performance compared to conventional 

CNN-based approaches.​
​
The proposed method achieved high sensitivity and specificity while maintaining computational 

efficiency suitable for clinical applications. Grad-CAM-based interpretability further enhanced 

transparency and clinician trust. Future work may focus on multimodal imaging integration, 

lightweight architectures, and validation using larger multicenter datasets to improve real-world 

deployment. 

References 

1.​ R. Sharma et al., "Feature Selection Using PSO for Lung Cancer Classification," Comput. 
Biol. Med., vol. 138, p. 104899, 2021. 

2.​ P. Mehra and A. Singh, "Genetic Algorithm-Based Feature Reduction for Lung Cancer," 
Expert Syst. Appl., vol. 183, p. 115471, 2022. 

3.​ H. Alzubaidi et al., "Ant Colony Optimization in Histopathological Image Classification," 
Pattern Recognit., vol. 140, p. 109589, 2023. 

SGS Initiative, Vol 1 No 7 (2026): LGPR 



 

4.​ T. Nguyen et al., "Hybrid CNN-GA Model for Lung Cancer Detection," IEEE Access, vol. 10, 
pp. 9845–9855, 2022. 

5.​ D. Patel et al., "LSTM and PSO Hybrid Model for CT Scan Analysis," Biomed. Signal 
Process. Control, vol. 82, p. 104025, 2023. 

6.​ S. Lee and D. Kim, "Dual-Stage ACO-Based Classifier for Lung Nodules," Artif. Intell. Med., 
vol. 122, p. 102243, 2023. 

7.​ A. Rahman et al., "NSGA-II for Multi-Objective Classification," Appl. Soft Comput., vol. 
121, p. 108734, 2022. 

8.​ S. Jha et al., "Firefly Algorithm for Ensemble Classifiers," Neurocomputing, vol. 512, pp. 
345–354, 2023. 

9.​ B. Zhou et al., "Fuzzy-PSO-Based Medical Image Segmentation," Signal Process. Image 
Commun., vol. 112, p. 116812, 2024. 

10.​N. Verma et al., "Comparative Study on SVM, DL, and DL-NIA Models," J. Med. Syst., vol. 
47, no. 2, p. 15, 2023. 

 

SGS Initiative, Vol 1 No 7 (2026): LGPR 


	Abstract 
	Keywords 
	1. Introduction 
	2. Methodology 
	3. Results and Discussion 
	4. Conclusion 
	References 

