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Abstract 

 

Lung cancer is one of the main causes of cancer-related mortality worldwide. Early diagnosis is vital to improving treatment 

outcomes. Medical imaging benefits greatly from deep learning, a branch of artificial intelligence that uses hierarchical neural 

networks to automatically extract and learn characteristics from massive datasets. This study introduces a deep- learning approach 

that is hybrid and uses Convolutional Neural Networks (CNNs) for feature extraction and Support Vector Machines (SVMs) to 

identify lung cancer subtypes from CT images. We trained a CNN algorithm to extract robust features by preprocessing the CT 

scans using a well-structured dataset from Kaggle that covers both benign and malignant lung diseases. To increase accuracy and 

generalization, the collected characteristics were then fed into an SVM classifier. The model surpassed traditional approaches in 

terms of speed and predictive power, as measured by accuracy (93.2%), F1- score (91.7%), and specificity (94.5%). Data 

augmentation methods were also applied to increase the resilience of the model. The suggested technique shows a great deal of 

promise for helping radiologists diagnose lung cancer early. 
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1. Introduction 

 

With around 1.8 million fatalities from the disease in 2020 alone, lung cancer continues to rank among the most 

deadly and severe conditions in the world [1]. The complexity of early detection stems from the overlapping features 

of benign and malignant nodules and the dependency on manual interpretation of CT scans. Traditional diagnostic 

tools, although effective, are time-consuming, invasive, and subject to human error [2]. 

 
    Recent advances in artificial intelligence, specifically deep learning, have increased the feasibility and accuracy of 

automated diagnosis. Convolutional Neural Networks (CNNs) can automatically learn and extract significant 

patterns from medical images, reducing the dependence on expert-defined features [3]. 
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Deep learning models, however, frequently call for large datasets and an extensive amount of processing power. 

In order to get around these limitations, hybrid models that integrate CNNs with classifiers such as Support Vector 

Machines (SVMs) have become practical substitutes [4]. 

 

This paper proposes a hybrid CNN-SVM model to detect lung cancer subtypes using CT scan images. The 

methodology involves preprocessing, CNN feature extraction, and SVM classification. Data augmentation is 

integrated to improve model robustness and generalization. The approach we employ is assessed on important 

performance criteria and validated on openly accessible datasets. The work also highlights the significance of 

combining traditional machine-learning classifiers with deep-learning classifiers to increase diagnostic accuracy in 

modest medical datasets. 

 

2. Introduction 

 

Shin et al. [5] were the first to employ CNNs for computer-aided detection in medical imaging. By enhancing 

CNNs previously trained on natural images for radiological applications, they demonstrated the significance of 

transfer learning. While they achieved great accuracy, they encountered problems with domain mismatch. 

 

Nahid and Kong [6] investigated traditional machine-learning methods like SVM and k-NN for the identifying 

cases of lung cancer using handcrafted characteristics. The methods discussed performed rather well under low-data 

settings and proved the usefulness of statistical feature extraction. However, scalability was constrained by their 

reliance on manual features. Hybrid models, which blend deep learning and conventional classifiers to enhance 

performance, were inspired by the study. 

 

Hussein et al. [7] employed transfer learning on CNNs that had earlier been trained on ImageNet for the 

categorization of lung cancer. The results they obtained showed the limitations of changing non-medical factors and 

also the potential of deep models. Although domain-specific pretraining might further increase accuracy, the study 

showed respectable results. The significance of tailoring models for medical imaging tasks was underlined. 

 

Kumar and Bhandari [8] proposed an end-to-end CNN-based pipeline for automated lung cancer detection. Their 

approach improved up detection, but because it was only tested on a limited number of datasets, it had limited 

generalizability. The study underlined the necessity for wider dataset validation while simultaneously highlighting the 

advantages of completely automated feature extraction. Their research backs the movement in cancer diagnosis toward 

end-to-end, scalable deep-learning models. 

 

Shorten and Khoshgoftaar [9] studied the data augmentation approaches that are essential for deep model training 

on tiny medical datasets. They highlighted the importance of using transformations and GANs for enhanced 

performance. Their research demonstrated how varied supplemented data might enhance generalization and lessen 

overfitting. It also demonstrated how augmentation fills the void left by a lack of labeled medical data. 

 

Shen et al. [10] introduced a hybrid CNN-LSTM model to detect temporal patterns in CT images. Despite its 

promising results, the model was computationally expensive and required sequential data. The study demonstrated 

potential for detecting nodule development patterns and detecting temporal dependency in CT slices. 

 

However, the need for time-series data limited its capacity to adapt to static image scenarios. Wang et al. [11] 

explored transformer-based models for medical imaging. These models show potential, but their implementation in 

lung cancer detection is still emerging. Transformers need much more computing and much bigger datasets, but they 

have demonstrated high representational power. Our approach is better appropriate for smaller-scale clinical datasets 

since it improves upon well-established CNN architectures to guarantee stability and repeatability. 
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A lightweight CNN design that enhances performance on low-dose CT images was suggested by Liu et al. [13]. 

For better nodule detection, Muramatsu et al. [14] used 3D CNNs with attention mechanisms. A multi-scale, multi-

view CNN that effectively captures spatial variations was introduced by Yang et al. [15]. Ali et al. [17] blended deep 

and handmade features for improved classification accuracy, whereas Almotairi et al. [16] focused on explainability 

in deep models. A 3D attention-residual network for classification and segmentation was presented by Zhang and Li 

[18]. 

 

3. Methodology 

 

3.1. Dataset: 

 

We used a curated Kaggle dataset that contained lung CT images with the following labels: normal, 

adenocarcinoma, squamous cell carcinoma, and large cell carcinoma. These correspond to the three key categories of 

nodules — benign, primary malignant, and metastatic malignant, illustrated in Figure 1. The dataset is high-resolution, 

balanced, and ideal for deep-learning applications [12]. 

 

3.2. Preprocessing Datasets: 

 

Images were resized to 224x224 pixels and normalized to a [0,1] pixel range. To improve the model's 

generalization capability, data augmentation methods such as horizontal flipping, image rotation, and brightness 

modification were employed. 

 

 

 

 

 

 

 

 
Fig. 1. Categories of lung nodules in a CT scan: benign, primary malignant, and metastatic malignant (from left to right). 

 

The categories of lung nodules in a CT scan are shown in figure 1. These images demonstrate the visual differences 

the model learns to identify during classification. 

 

3.3. Model Architecture: 

 

The CNN model's internal pipeline for recognizing images from lung CT scans is depicted in the figure 2. 

 

3.4. Feature Extraction Using CNN 

 

The following layers were used in the creation of a CNN model [8][13]: 

• Input Layer: Images scaled to 224×224×1 pixels are accepted by the input layer. 

• Convolutional Layers: These layers extract low- and high-level features, such edges and textures, using 3x3 filters 

with ReLU activation. 

• Max Pooling Layers: Reduces spatial dimensions to save processing effort while maintaining significant features. 

• Dropout Layer: To avoid overfitting, a dropout rate of 0.25 is applied. 

• Flatten and Dense Layers: This method employs fully connected layers to learn abstract representations and 

converts the retrieved features into a one-dimensional vector. 
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To train the CNN, the Adam optimizer was utilized with a batch count of 32 and rate of learning of 0.001, following 

the best techniques for CNN-based lung cancer diagnosis described in [14][15]. 

 

 

 

 

 

 

 

 

 

 

 

 
Fig. 2: An illustration of the categorization pipeline based on CNN. 

 

3.5 Model Training and Optimization 

 

The training process of the proposed hybrid architecture is divided into two phases: 

• Phase 1(Feature Extraction Training using CNN)- Preprocessed CT images resized to 224 × 224 pixels are used 

to train the CNN. It consists of multiple convolution layers with ReLU activation, followed by layers of max 

pooling for spatial down-sampling. These are supported by dropout layers to minimize overfitting. Compact 

feature vectors are created by flattening the final convolutional output and passing it through dense, fully linked 

layers. The Adam optimizer is used to train the network with a batch size of 32 and learning rate of 0.001. The 

training process iteratively reduces classification loss by using backpropagation and gradient descent [13][14]. 

• Phase 2 (Classification Training using SVM): After CNN training, the feature vectors from the last dense layer are 

input into an SVM classifier. Learning a decision boundary (hyperplane) that divides the classes (for example, 

benign vs. malignant nodules) with the greatest margin is the responsibility of the SVM. This margin-maximizing 

approach increases classification accuracy by reducing overfitting and improving generalizability, particularly 

with very small datasets [15][16]. 

 

4. Results & Analysis 

 

4.1. Performance Metrics 

 
Table 1: Performance Metrics of CNN-SVM Model 

Metric • Value (%) 

Accuracy 93.2 

Precision 92.0 

Recall 91.4 

F1-Score 91.7 

Specificity 94.5 

 

 

4.2. Confusion Matrix 

 
Table 2: Confusion Matrix for CNN-SVM Classification 

 Predicted: 

Normal 

Predicted: 

Cancer 

• Actual: Normal 145 5 
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• Actual: Cancer 9 141 

 

4.3. Model Comparison 

 
Table 3: Comparative Analysis with Existing Methods 

Model Accuracy (%) 

 

F1-Score 

(%) 

Source 

SVM with handcrafted features 85.3 84.5 [6] 

CNN only 90.1 88.7 [8] 

CNN + LSTM 91.5 89.2 [10] 

Proposed CNN + SVM 93.2 91.7 This work 

 

4.4. Visual Interpretation 

 

Grad-CAM heatmaps verified the CNN's alignment with clinical significance by demonstrating that it 

concentrated on nodule-like features in questionable areas. This may be seen in Figure 3. 

 

 

 

 

 

 

 

 

 

 
Figure 3: A grayscale CT scan and its associated Grad-CAM output are shown side by side, emphasizing the model's focus on possible nodules. 

[16][19] 
 

5. Conclusion 

 

A hybrid deep-learning model that combines CNNs and SVMs for computerized lung cancer detection from CT 

images has been proposed. High accuracy, resilience through augmentation, and clinical relevance were all displayed 

by the system. In the future, the system will be used in clinical processes and 3D CNNs will be integrated for volumetric 

data. Additionally, generalization may be further enhanced by expanding the dataset to cover a range of three 

demographic groups and rare cancer subtypes may further improve generalization. Enhancing real- world applicability 

may also be achieved by including clinical decision-support elements and explainable AI approaches. 
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