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ABSTRACT: Lung cancer is still one of the biggest causes of cancer deaths globally and 

it is essential to diagnose it accurately and timely from computed tomography (CT) images 

to enhance patient survival. While convolutional neural networks have been found to have 

good potential in automated CT-based classification, the performance of the networks is 

very much dependent on hyperparameter tuning, and the conventional hyperparameter 

tuning methods, such as manual search, grid search, and random search are 

computationally expensive and inefficient in high-dimensional space. In this study, a 

hybrid Particle Swarm Optimization–Genetic Algorithm–Simulated Annealing (PSO–

GA–SA) methodology has been proposed to optimize CNN hyperparameters and CNN–

KNN was designed to perform the automated multiclass lung cancer classification. The 

comprehensive preprocessing of the CT images is conducted to enhance the 

discriminative feature representation, such as resizing, grayscale, Gaussian filtering, Otsu 

thresholding, Canny edge detection, Sobel edge enhancement and channel fusion. The 

hybrid is a combination of PSO's global exploration capabilities, GA's evolutionary 

refinement capabilities and SA's local fine-tuning capabilities to achieve a balance between 

exploration and exploitation in optimization processes.  

These optimized parameters were tested on CNN, MobileNetV2, DenseNet121, 

InceptionV3 and Hybrid CNN-KNN using Augmented IQ-OTHNCCD where accuracy, 

precision, recall, F1-score, confusion matrix and learning curve were used to assess their 

performance. The hybrid PSO–GA–SA optimized CNN–KNN model exhibited the best 

performance with 100% accuracy, 99% precision, 100% recall, and 98% F1-score, 

outperforming the individually optimized and stand-alone models, indicating that it has 

promising potential as a reliable clinical decision-support tool. 

 

1. INTRODUCTION 

Lung cancer is one of the most common and deadly diseases in the world, and causes a large number of cancer deaths every 

year. Early diagnosis and prompt treatment is critical for patients' survival. One of the most important and useful modalities 

for detecting pulmonary abnormalities is computed tomography (CT) imaging, which is capable of displaying small nodules 

that frequently are not visible on conventional chest radiographs and is high-resolution. However, manually analysing CT images 

is a very difficult and time-consuming process, and is highly dependent on the expertise of the radiologist [1]. With the growing 

amount of medical imaging data, accurate diagnosis becomes more complex with delayed clinical decisions and risk of human 

error. Therefore, automated computer-aided diagnosis (CAD) systems using artificial intelligence (AI) have attracted a lot of 

attention for increasing diagnostic accuracy and decreasing healthcare professionals' workload [3]. 
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The recent progress in deep learning has revolutionized medical image analysis with its capabilities of automated feature 

extraction and classification from imaging data. Convolutional Neural Networks (CNNs) have shown an outstanding ability to 

learn the hierarchical representations from the CT images without hand-crafted feature engineering [3]. Moreover, transfer 

learning techniques have successfully employed advanced deep learning models, like MobileNetV2, DenseNet121 and 

InceptionV3, to perform well in different medical image classification applications. The strength of the prediction though, is 

very sensitive to the choice of the suitable hyperparameters like number of convolutional filters, dense layer neurons, dropout 

rate, learning rate, and optimization strategy. Inappropriate parameter selections to these models can result in slow convergence, 

over fitting, poor generalization and higher computational costs, which hinders the use of deep learning models in clinical 

settings [4]. Hyperparameter optimization has thus become an important feature to optimize performance of deep learning 

frameworks. Standard optimization methods, such as manual tuning, grid search and random search, are high computation cost 

and are inefficient with dimensionality increase. The Metaheuristic Optimization Algorithms can be used as an effective 

alternative, as they are able to explore the large search space with relatively low computational complexity. One efficient 

optimization algorithm for exploring the entire space is the Particle Swarm Optimization (PSO), which is based on the collective 

and individual experiences of the particle swarm [5]. To find better solutions while maintaining diversity among members of 

the population, the Genetic Algorithm (GA) incorporates evolutionary mechanisms like selection, crossover and mutation. 

Simulated Annealing (SA) uses a probabilistic acceptance strategy which means that occasionally solutions that are not as good 

are accepted, which decreases the chance of convergence to local optima. While each optimization algorithm has its own set of 

strengths, none of them is without its drawbacks for optimization when used one at a time; these may include tendency to 

converge too soon, slow convergence speed or sensitivity to parameter initialization [6]. 

 

Figure 1. Workflow of the Proposed Hybrid PSO–GA–SA Hyperparameter Optimization 

Figure 1 shows the proposed hybrid optimization process for the accurate multiclass lung cancer classification. In order to 

overcome these challenges, the present study introduces a hybrid PSO–GA–SA hyper-parameter optimization framework for 

automated multiclass lung cancer classification task using CT images, which is combined with a CNN based KNN classifier. In 

the proposed approach, the image preprocessing techniques are very comprehensive which include resizing the image, 

converting it to grey level, applying Gaussian filter, Otsu thresholding, Canny edge detection [7] and Sobel edge enhancement 

to enhance the images and to represent the features before the classification. The hybrid optimization approach takes advantage 

of PSO's global exploration ability, GA's evolutionary optimization ability and SA's local fine-tuning ability to obtain the best 

balance between exploration and exploitation for hyperparameter optimization. The optimized parameters are then used for 

training CNN, MobileNetV2, DenseNet121, InceptionV3 and hybrid CNN–KNN classifiers with an 80:20 ratio of training–

testing data, respectively [8]. The performance evaluation is done by comparing the result with the other using confusion matrix, 

classification accuracy, validation loss and learning curve with individual and hybrid optimization strategies. The proposed 
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framework to achieve classification accuracy, convergence stability, model generalization and to reduce the manual tuning of 

hyperparameters provides computer-aided diagnostic solution for multiclass lung cancer classification from CT image which is 

robust, scalable and efficient [9]. 

2. RELATED WORK 

With the fast development of AI and deep learning technology, automated lung cancer classification from CT image has been 

gain a lot of attention. Hand crafted texture, shape and intensity features were mostly used with machine learning classifiers. 

These methods have been moderately successful for classification, but the complexity of feature engineering and the poor 

adaptability to medical imaging datasets with mixed modalities limited the effectiveness of these methods [10, 11]. In recent 

years, the emergence of the powerful (CNNs) has mitigated these drawbacks by automatically learning the hierarchical feature 

representations directly from the CT images, thus achieving significant enhancement of accuracy and robustness in the task of 

classification. Various deep learning (DL) architectures have been studied for the purposes of lung cancer detection and 

classification. MobileNetV2 has proven to be more efficient in terms of computation and has less complex models, suitable for 

resource-limited environments [12]. The DenseNet121 model features dense connections to accomplish the advantages of 

feature reuse, which include effective propagation of gradients, and improve classification outcomes. A multi-scale 

convolutional network is used to extract discriminative image features from different receptive fields in the manner of multi-

scale convolutional operations in InceptionV3, which helps to improve the multiclass recognition [13, 14]. Although these 

architectures proved to be promising in their performance, they are still heavily dependent on their hyperparameters, with 

convolutional filter size, learning rate, dropout ratio and network depth being among the main ones. When selecting these 

parameters, there is a tendency to over-fit, to have unstable convergence, and to not be as diagnostic as it could be [15]. 

In order to alleviate these challenges, many optimization algorithms have been embedded into the deep learning frameworks. 

Due to its good global search ability and rapid convergence, (PSO) has been widely used to optimize the hyper-parameters of 

CNN. The (GA) is an improvement on the optimization of the parameters by considering evolutionary operations like selection, 

crossover and mutation which provides better population diversity and exploration. Further optimization may be carried out 

using Simulated Annealing (SA) which probabilistically accepts the suboptimal solutions in the optimization process, easing the 

danger of being caught in local optimum solutions [16, 17]. These algorithms individually achieve the better performance of 

the models, but each has inherent weakness such as early convergence in PSO, slow evolutionary convergence in GA and 

sensitivity to the temperature in SA. Recently research has concentrated on hybrid optimization methods, using complementary 

metaheuristic optimization methods to get the best balance between global exploration and local exploitation. Most of the 

previous work, however, only combines two optimization techniques and rarely considers an extensive hybrid combination 

between multiple optimization techniques for multiclass lung cancer classification [18, 19]. In addition, there has been not much 

research on the fusion of optimized CNN feature learning and KNN classification in order to improve the diagnosis 

performance. Thus, the present study aims to introduce a hybrid PSO-GA-SA-based hyper parameter optimization system 

combined with CNN-KNN-based classifier into the system. The proposed method utilizes the PSO algorithm for global 

exploration, GA algorithm for evolutionary refinement and SA algorithm for the fine-tuning of the solution locally to enhance 

the stabilization of the convergence, selection of hyperparameters, classification accuracy and generalization of the model for 

automated multiclass lung cancer classification from CT images [20]. 

3. METHODOLOGY 

The methodology proposed is a combination of image preprocessing, hybrid hyperparameter optimization, and deep learning-

driven classification in order to achieve the automated and multiclass lung cancer detection from the CT images. Images are 

resized, converted to grayscale, Gaussian filtered and then thresholded using Otsu algorithm, enhanced using Canny edge and 

Sobel and finally channel fused. A hybrid PSO–GA–SA algorithm is used for optimization of CNN hyperparameters and a 

CNN–KNN framework is used for deep features extracted by CNN for classification. Performance is measured using 

comparative analysis, confusion matrix, accuracy and loss. 

A. Load Dataset 

The proposed framework will use the dataset for lung cancer from the Augmented IQ-OTHNCCD from the Kaggle repository. 

The data set consists of CT scan images of various lung diseases such as normal, benign and cancerous, which can be classified 

as multiclass classification [21]. When training, augmented samples can help to make the class balanced, mitigate overfitting, 
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and enhance the robustness of the model. The dataset is first split into training and testing set prior to the pre-processing and 

feature optimization steps. Figure 2 shows representative images of computed tomography (CT) scans of lungs with cancer in 

each of the diagnostic categories that were used to assess the diversity of the dataset. This variety of CT images can serve as a 

dependable reference for the performance of the proposed hybrid PSO–GA–SA optimized CNN–KNN framework [22] in 

terms of its effectiveness, generalization ability, and classification performance. 

 

Figure 2. Lung Cancer Dataset Image Sample 

B. Data Preprocessing  

Data Preprocessing is used to preprocess the CT images for reliable deep learning, which includes image resizing, converting 

the image to a specific color space, grayscale transformation, Gaussian filtering, Otsu thresholding, Canny edge detection, Sobel 

enhancement, and channel merging. These are used to remove noise, enhance structural characteristics and provide 

standardized inputs which increases the accuracy of feature extraction and classification. 

1. Image Resizing (128 * 128) 

All CT scan images are resized to a common spatial resolution of 128 × 128 pixels, thus providing the deep learning models 

with equal dimension input. Image resizing not only saves the computational complexity but also saves the memory usage, and 

speeds up the network training without losing the key anatomical structures which are important for lung cancer classification. 

A fixed image size also makes it compatible with CNN-based architectures and allows to do batch processing when training 

and testing. This preprocessing step sets up a uniform representation of the input, which leads to a more efficient learning, a 

better convergence stability and better overall classification performance. 

2. BGR to RGB Color Conversion 

Before using the original CT images for further processing, the images are first converted from the (BGR) color format to the 

standard (RGB) format. This conversion will make sure that the images are interpreted correctly, because the image processing 

library (OpenCV) normally uses BGR order while most deep learning frameworks use RGB order. The correct order of color 

channels ensures that the information on the intensity of the image is properly preserved, does not distort features during pre-

processing and remains unchanged throughout the various stages of the image processing. Therefore, RGB conversion is 

helpful to robustly extract the features and to facilitate the effective learning for convolutional neural network architectures. 

3. Grayscale Color Conversion (RGB to GRAY) 

After conversion to RGB, each CT image is converted to a monochromatic image with an intensity channel by converting the 

RGB channels. Because lung CT images contain structural and intensity information, but little colour information, the grayscale 

conversion eliminates redundant colour information, whilst preserving important anatomical information. This transformation 
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not only decreases the computational burden, but also eases the feature extraction process and increases the ability to obtain 

edges and textures in the following pre-processing steps such as Gaussian filtering, Otsu thresholding, Canny's edge detection 

and Sobel enhancement, which in turn would improve the robustness of lung cancer classification. 

C. Image Enhancement and Feature Extraction 

The image Enhancement and Feature Extraction is used to enhance the quality of the CT image using Gaussian filter, Otsu 

thresholding, Canny edge detection, Sobel gradient enhancement and channel fusion. They can remove noise, highlight the 

boundary of the lesions, maintain structural information and extract the discriminative features, which can be helpful in learning 

a robust representation and enhancing the classification accuracy in lung cancer. 

1. Gaussian Blur 

The CT images are first converted to grey images to reduce random noises and smooth the variations in intensity by applying 

Gaussian Blur in advance of feature extraction. The Gaussian filtering operation is a weighted averaging performed with a 

Gaussian kernel which will suppress high frequency components and preserve important anatomical structures. This pre-

processing step reduces the impact of imaging artifacts on the creation of false edge responses and improves the ability of the 

subsequent segmentation approach to produce accurate segmentations. Gaussian Blur generates cleaner and more homogenous 

images resulting in more accurate thresholding, better localization of edges, more consistent features and final robustness of 

the proposed lung cancer classification framework. 

2. OTSU Thresholding 

To automatically segment the lung regions, the Otsu Thresholding method which aims to select an optimal global threshold by 

minimizing the intra-class intensity variance and maximizing the intensity variance between the classes is used. This adaptive 

thresholding method is very effective to separate the foreground structures from the background, without needing to set a 

threshold by hand. The outputs of this binary image are useful for identifying possible lung tissues with suspicious areas that 

can be more accurately extracted. In addition, the Otsu Thresholding technique helps to reduce the irrelevant background 

information, the quality of the image segmentation and gives a good basis for edge detection and classification in the proposed 

framework. 

3. Canny Edge Detector 

In order to detect the exact structure boundaries in lung CT images, the Canny Edge Detector is used in a multistage edge 

detection process. Gaussian smoothing and computation of gradient, non maximum suppression, double thresholding and edge 

tracking by hysteresis are applied to reduce noise first, followed by several steps of gradient computation and non maximum 

suppression, double thresholding and edge tracking by hysteresis. This technique preserves the major edges with a high fidelity 

and eliminates weak and noisy responses. The extracted edge information highlights lesion boundaries and tissue structures, 

which gives discriminating spatial features and boosts the lung cancer classification performance of a multiclass classification 

system when dealing with multiple classes of lung cancer. 

4. Sobel Operator 

The Sobel Operator is used to calculate the gradients of intensity in the image in both the horizontal and vertical directions, 

thus highlighting variations and orientations of structures in lung CT images. The operator highlights the regions with significant 

intensity change that represent anatomical boundaries and/or abnormal tissues based on the use of convolution kernels. 

Complementary texture and edge information is provided by the gradient images generated to increase feature discrimination. 

Therefore, the Sobel feature extraction is used to enhance the structural representation, which, in turn, helps in establishing 

robust learning by deep neural networks and enhances the accuracy of multiclass lung cancer classification. 

5. Merge Channels (Threshold, Canny, Sobel) 

The last stage of the pre-processing is the combination of the outputs of Otsu thresholding and Canny edge detection and 

Sobel gradient computation into a single multi-channel representation of images. In this channel fusion, complementary 

segmentation, boundary and gradient information are combined in a feature rich image, allowing the deep learning model to 

take advantage of multiple visual features at once. Merged representation provides better context understanding of lung tissues 

and morphology of lesions and maintains the discriminate structure details. This results in improved feature quality, 
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classification capability and generalization capability of the proposed hybrid PSO–GA–SA optimized CNN–KNN framework. 

Using the CT images, figure 3 shows the application of the preprocessing stages that improves the quality of the images for the 

purpose of lung cancer classification. 

 

Figure 3. Pre-process Dataset Sample 

D. Feature Optimization  

For CNN hyperparameter optimization, Feature Optimization method is used with the following algorithms: PSO, GA, SA, 

and PSO–GA–SA hybrid. The optimization process not only reduces the loss during validation, but also improves the 

convergence, representation of features, accuracy of classification, robustness and generalization ability of the proposed 

framework. 

1. Particle Swarm Optimization(PSO) 

To optimize CNN hyperparameters, each particle in PSO is considered to be a candidate solution, which is defined in the 

following way: Convolutional filters, dense units, dropout rate, and learning rate. The position and velocity of each particle are 

randomly determined within the given search range and then adjusted using the individual best (pbest) solution and the global 

best (gbest) solution in terms of the validation loss. PSO iteratively exploits and explores to find the optimal combinations of 

hyperparameters, which leads to the rapid convergence, reduced classification error and improved predictive accuracy of the 

CNN–KNN framework. 

• Algorithm: PSO-based Hyperparameter Optimization 

Step Description 

1 
Initialize swarm of particles (size = swarmsize), each particle represents CNN hyperparameters: [filters1, filters2, 

filters3, dense_units, dropout_rate, learning_rate] within given bounds 

2 Randomly initialize particle positions within lower bounds (lb) and upper bounds (ub) 

3 Initialize particle velocities randomly 

4 Evaluate initial fitness for each particle using fitness_function(params) 

5 Fitness is computed as validation loss after training CNN for few epochs 
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6 Set personal best (pbest) = current position of each particle 

7 Set global best (gbest) = particle with minimum validation loss 

8 For each iteration iter in 1 → maxiter 

9 → For each particle i in swarm 

10 → → Update velocity using formula: 

11 → → v[i] = w * v[i] + c1 * r1 * (pbest[i] - x[i]) + c2 * r2 * (gbest - x[i]) 

12 → → Update position: x[i] = x[i] + v[i] 

13 → → Clip position within bounds [lb, ub] 

14 → → Convert integer parameters: filters & dense_units → int() 

15 → → Build CNN model using updated parameters 

16 → → Train model for small epochs (e.g., 3 epochs) 

17 → → Evaluate validation loss (fitness value) 

18 → → If current fitness < pbest[i], update pbest[i] 

19 → → If current fitness < gbest, update gbest 

20 → End particle loop 

21 → Print best fitness (lowest validation loss) in current iteration 

22 End iteration loop 

23 Select best parameters from gbest 

24 Extract optimized hyperparameters 

25 Build final CNN model using best parameters 

26 Train final model on full training data (with more epochs) 

27 Evaluate final model on validation/test data 

28 Output final accuracy, loss, confusion matrix, classification report 

 

2. Genetic Algorithm(GA) 

The GA is used to optimize CNN hyperparameters by mimicking the evolution process of natural selection. Individuals in the 

population are candidate sets of hyper-parameters corresponding to convolutional filters, dense units, dropout rate and learning 

rate. Validation loss is used as a fitness function to assess the candidate solution. The tournaments, the blend crossover and the 

Gaussian mutation are used repeatedly to produce better offspring, without reducing diversity in the population. The optimized 

solution provided by GA helps with the model convergence, accuracy of classification and generalization capability of the 

proposed CNN-KNN framework. 

• Algorithm: GA-based Hyperparameter Optimization 

Step Description 

1 
Initialize population of individuals (size = population size), each individual represents CNN hyperparameters: 

[filters1, filters2, filters3, dense_units, dropout_rate, learning_rate] 
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2 
Randomly generate individuals using defined ranges: filters1 [16–64], filters2 [32–128], filters3 [64–256], 

dense_units [64–256], dropout [0.2–0.6], lr [0.00001–0.001] 

3 Evaluate fitness of each individual using evaluate(individual) 

4 Fitness = validation loss obtained after training CNN for few epochs (e.g., 3 epochs) 

5 Store fitness as a tuple (since GA minimizes loss) 

6 For each generation gen in 1 → ngen 

7 → Select parent individuals using Tournament Selection (tournsize = 3) 

8 → Apply crossover with probability cxpb = 0.5 using Blend Crossover (cxBlend) 

9 → Apply mutation with probability mutpb = 0.2 using Gaussian Mutation (mutGaussian) 

10 → Ensure mutated values remain within defined bounds 

11 → Convert integer parameters (filters, dense_units) using int() 

12 → Generate new offspring population 

13 → Evaluate fitness of new individuals (train CNN for small epochs) 

14 → Replace old population with new population 

15 → Track best individual (minimum validation loss) in current generation 

16 End generation loop 

17 Select best individual using selBest(population, k=1) 

18 Extract optimized hyperparameters from best individual 

19 Build final CNN model using best parameters 

20 Train final model on full dataset with higher epochs 

21 Evaluate final model using validation/test data 

22 Output performance metrics: accuracy, loss, confusion matrix, classification report 

 

3. Simulating Annealing(SA) 

The SA is used as a local search optimization method to optimize CNN hyperparameters to minimize CNN validation loss. 

The algorithm starts with an initial solution, and then produces neighbouring solutions by making small changes to the 

parameters. Good solutions are accepted directly and bad ones are accepted probabilistically using a temperature-dependent 

acceptance function to break out of local optima. Temperature slowly decreases during the optimization process, leading to 

better stability of the solutions. Thereby, SA optimizes hyperparameters, boosts the convergence speed and the accuracy of 

classification of the CNN–KNN framework. 

• Algorithm: SA-based Hyperparameter Optimization 

Step Description 

1 
Initialize a random solution representing CNN hyperparameters: [filters1, filters2, filters3, dense_units, 

dropout_rate, learning_rate] within given ranges 

2 Evaluate initial solution using evaluate_solution(solution) 

3 Compute fitness = validation loss after training CNN for few epochs (e.g., 3 epochs) 
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4 Set current_solution = initial solution 

5 Set best_solution = current_solution 

6 Initialize temperature T = initial_temp 

7 For each iteration i in 1 → max_iter 

8 → Generate neighbor solution using get_neighbor(current_solution) 

9 → Modify one random parameter within its valid range 

10 → Evaluate new solution (train CNN for small epochs) 

11 → Compute new fitness = new validation loss 

12 → If new_loss < current_loss → accept new solution 

13 → Else compute acceptance probability: 

14 → → prob = exp((current_loss - new_loss) / T) 

15 → → Generate random number r ∈ [0,1] 

16 → → If r < prob → accept worse solution (to escape local minima) 

17 → Update current_solution and current_loss if accepted 

18 → If current_loss < best_loss → update best_solution 

19 → Reduce temperature: T = T × cooling_rate 

20 → Print best loss for current iteration 

21 End iteration loop 

22 Return best_solution (optimized hyperparameters) 

23 Extract best parameters (filters, dense_units, dropout, learning_rate) 

24 Build final CNN model using optimized parameters 

25 Train final model with full epochs on training data 

26 Evaluate model on validation/test dataset 

27 Output performance metrics: accuracy, loss, confusion matrix, classification report 

 

4. PSO+GA+SA Hybrid 

The proposed hybrid PSO–GA–SA optimization framework first applies the PSO and GA and finally SA to get the optimum 

hyperparameters of the CNN. PSO searches the whole solution space to find the most promising search space areas; GA is 

used for local tuning and close to optimum solutions using evolutionary operations, and finally, SA performs local tuning to 

avoid local optima and accelerate convergence. The fitness function used in the optimization is the validation loss. The optimal 

hyperparameters are then used to train the CNN–KNN classifier, which gives better classification accuracy, robustness, stability 

of convergence and generalization of the model. 
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• Algorithm: Hybrid PSO + GA + SA for Hyperparameter Optimization 

Step Description 

1 
Define solution vector representing CNN hyperparameters: [filters1, filters2, filters3, dense_units, 

dropout_rate, learning_rate] 

2 Define parameter bounds and apply clip_solution() to keep values within valid ranges 

3 
Define fitness function evaluate_solution(solution) using validation loss from CNN training (few 

epochs) 

Phase 1: Particle Swarm Optimization (PSO – Global Search) 

Step Description 

4 Initialize swarm of particles randomly within bounds 

5 Initialize velocities of particles to zero 

6 Evaluate fitness of each particle 

7 Set personal best (pbest) = current particle positions 

8 Set global best (gbest) = particle with minimum validation loss 

9 For each iteration in PSO 

10 → For each particle i 

11 → → Update velocity: 

12 → → v[i] = w*v[i] + c1*r1*(pbest[i]-x[i]) + c2*r2*(gbest-x[i]) 

13 → → Update position: x[i] = x[i] + v[i] 

14 → → Apply clipping to maintain bounds 

15 → → Evaluate new fitness 

16 → → Update pbest if improved 

17 → End particle loop 

18 → Update gbest 

19 End PSO loop 

20 Output pso_best solution 

Phase 2: Genetic Algorithm (GA – Refinement) 

Step Description 

21 Initialize GA population around pso_best by adding small random noise 

22 Evaluate fitness of all individuals 

23 For each generation in GA 
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24 → Select parents using Tournament Selection 

25 → Apply crossover (Blend Crossover) with probability cxpb 

26 → Apply mutation (Gaussian Mutation) with probability mutpb 

27 → Clip solutions to valid bounds 

28 → Evaluate new offspring fitness 

29 → Replace population with new individuals 

30 End GA loop 

31 Select best individual → ga_best 

Phase 3: Simulated Annealing (SA – Fine-Tuning) 

Step Description 

32 Initialize current solution = ga_best 

33 Set best solution = current solution 

34 Initialize temperature T 

35 For each iteration in SA 

36 → Generate neighbor solution by slightly modifying one parameter 

37 → Apply clipping to maintain bounds 

38 → Evaluate new fitness 

39 → If new_loss < current_loss → accept solution 

40 → Else compute probability: exp((current_loss - new_loss)/T) 

41 → Accept worse solution with this probability 

42 → Update best solution if improved 

43 → Reduce temperature: T = T × cooling_rate 

44 End SA loop 

45 Output final optimized solution → final_best 

Final CNN Model Training 

Step Description 

46 Extract optimized hyperparameters from final_best 

47 Build final CNN model using optimized parameters 

48 Train model on full dataset with sufficient epochs 

49 Evaluate model on validation/test data 

50 Output final performance: accuracy, loss, confusion matrix, classification report 
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Table 1. Hyper Parameters of Optimisation Models 

Parameters PSO value GA value SA value PSO+GA+SA value 

Filters1 62 31 44 24 

Filters2 68 43 91 76 

Filters3 96 214 112 123 

Dense_Units 166 188 204 81 

Dropout_Rate 0.3 0.05 0.257 0.2 

Lr 0.001 0.00029 0.0006 1e-05 

 

The optimized hyperparameters by PSO, GA, SA and PSO–GA–SA are summarized in Table 1. The hybrid approach chooses 

24, 76 and 123 filters, 81 dense units, 0.2 dropout and learning rate of 1×10⁻⁵ to achieve a trade-off between convergence and 

prevention of overfitting while simultaneously improving the overall lung cancer classification performance. 

E. Train Test Split 

In order to have a reliable model developed and a good performance evaluation, the preprocessed CT image dataset is separated 

into 80% training data and 20% testing data. The training set is used to obtain the parameters for the network and to find the 

optimum hyperparameters by the proposed PSO–GA–SA framework, while the testing set is not seen during the training and 

is only used for evaluating the performance of the network. This partitioning helps in getting enough training samples and also 

ensures independent evaluation set and the classification accuracy, generalization ability, robustness and predictive reliability of 

the proposed CNN–KNN classification framework can be measured accurately. 

F. Classification Models  

KNN, CNN, MobileNetV2, DenseNet121, InceptionV3 and hybrid CNN–KNN classifiers are evaluated for multiclass lung 

cancer detection in Classification Models. Comparative analysis shows that the optimized CNN–KNN model outperforms all 

the other models in terms of classification accuracy, precision, recall and F1-scores, exhibiting high predictive performance, 

robustness and generalization performance. 

1. KNN 

The KNN (K-Nearest Neighbors) classifier classifies a lung CT image based on the class with the highest number of feature 

vectors in the training set when compared to the feature vectors of the K-nearest neighboring CT images in the test set. The 

Euclidean distance is used to calculate similarity of samples, and a majority voting is used for the final class label. In the proposed 

lung cancer classification framework, KNN is able to classify high-level CNN features with low training complexity and offers 

strong decision boundaries, and enhance the multiclass discrimination. 

𝑑(𝑥, 𝑦) = √[𝛴(𝑖 = 1 → 𝑛)(𝑥𝑖 − 𝑦𝑖)2] 

𝑁𝑘(𝑥) = 𝑎𝑟𝑔𝑚𝑖𝑛 𝑑(𝑥, 𝑥𝑖) 

ŷ = 𝑚𝑜𝑑𝑒{𝑦𝑖: 𝑥𝑖 ∈ 𝑁𝑘(𝑥)} 

2. CNN Model 

The CNN [24] automatically obtains the hierarchical representation of images by means of convolution, nonlinear activation 

and pooling. To extract discriminative texture and structural information, multiple convolutional layers are used and then fully 

connected layers are employed to predict multiple classes. 

𝐹 = 𝑋 ∗ 𝐾 + 𝑏 

𝐴 = 𝑅𝑒𝐿𝑈(𝐹) = 𝑚𝑎𝑥(0, 𝐹) 
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ŷ = 𝑆𝑜𝑓𝑡𝑚𝑎𝑥(𝑊𝐴 + 𝑏) 

CNN well captures spatial features of both normal and both non-cancerous and cancerous lung tissues, which results in 

powerful deep features for the accurate classification of normal, non-cancerous and cancerous lung tissue, and then 

subsequently hybrid optimization by the proposed PSO–GA–SA framework. The CNN architecture which uses hierarchical 

feature extraction for accurate lung cancer classification is shown in figure 4. 

 

Figure 4. CNN Model Architecture Summary 

3. MobileNetV2 Model  

In this paper, the lightweight deep convolutional network, MobileNetV2 [23] [25], is introduced, which uses inverted residual 

blocks and depthwise separable convolutions to achieve lightweight without losing the classification accuracy. Medical image 

analysis requires a network that can be used to efficiently represent the crucial feature mappings, thus linear bottleneck layers 

is introduced.  

𝑌 = 𝐷(𝑋) + 𝑃(𝑋) 

𝑃(𝑋) = 𝐷(𝑋) ∗ 𝐾𝑝 

These discriminative features extracted are used to classify lung cancer in the multiclass lung cancer classification, having high 

computational efficiency and generalization on CT image samples. The MobileNetV2 architecture for efficient feature learning 

with low computational complexity is shown in figure 5. 
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Figure 5. MobileNetV2 Model Architecture Summary 

4. DenseNet121 Model  

DenseNet121 [26] improves feature propagation by making dense connections between adjacent convolution layers, allowing 

a layer to have access to the features learned by the previous layers. This architecture helps mitigate gradient vanishing, reuse 

features and cuts down on redundant learning with lower number of parameters.  

𝑥𝑙 = 𝐻𝑙([𝑥0, 𝑥1, … , 𝑥𝑙 − 1]) 

𝐻𝑙(𝑥) = 𝑊𝑙 ∗ 𝑥 

ŷ = 𝑆𝑜𝑓𝑡𝑚𝑎𝑥(𝑊𝑥𝑙 + 𝑏) 

The dense connectivity leads to better learning and representation from lung CT images and achieves superior diagnostic 

classification performance, fast convergence speed, and stable multiclass prediction performance in the proposed diagnostic 

framework. The DenseNet121 architecture for efficient feature reuse towards improved classification accuracy is shown in 

figure 6. 

 

Figure 6. DenseNet121 Model Architecture Summary 

5. InceptionV3 Model  

As a part of the inception module, InceptionV3 [extracts features at multiple scales by using multiple convolution kernels at 

the same time. Factorized convolutions not only save computational resources but also maintain feature diversity; this has 

allowed to effectively capture fine and coarse anatomical structures in CT images. 



Natural Resources for    
Human Health 
eISSN: 2583-1194 

 

1035 
 Natural Resources for Human Health (NRFHH) 

https://nrfhh.com 

𝐹 = [𝐹1 × 1, 𝐹3 × 3, 𝐹5 × 5, 𝐹𝑝𝑜𝑜𝑙] 

ŷ = 𝑆𝑜𝑓𝑡𝑚𝑎𝑥(𝑊𝐹𝑜𝑢𝑡 + 𝑏) 

The architecture learns rich multilevel representations which enhance the accuracy of multiclass lung cancer classification, 

computational efficiency and the ability of the network to generalize across heterogeneous imaging patterns. The architecture 

InceptionV3 is presented in Figure 7, which extracts the multiscale features from the images for robust lung cancer classification. 

 

Figure 7. InceptionV3 Model Architecture Summary 

6. CNN + KNN Hybrid Model 

The proposed CNN–KNN hybrid model incorporates the deep feature extraction and distance-based classification for 

achieving better multiclass lung cancer recognition. CNN learns discriminative feature representations automatically from CT 

images, while KNN takes the learned discriminative feature vectors for final classification. 

𝑓 = 𝐶𝑁𝑁(𝑋) 

𝑑𝑖 = ||𝑓 − 𝑓𝑖||2 

ŷ = 𝑚𝑜𝑑𝑒{𝑦𝑖: 𝑑𝑖 ∈ 𝐾} 

This is a hybrid approach that improves the separability of the features, decreases the ambiguity in the classification, makes it 

more robust to complex image variations and provides better predictive performance than from individual classification models. 

4. RESULT ANALYSIS 

Result Analysis is comparative evaluation of PSO, GA, SA and Hybrid PSO–GA–SA optimized classification models based on 

accuracy, precision, recall and f1 score. The experimental results show the superiority of the hybrid PSO–GA–SA optimized 

CNN–KNN framework over the single optimization approaches and stand-alone deep learning models in terms of the most 

accurate prediction, robustness, and generalization. 

A. Confusion Matrix (No Optimisation Technique) 

The confusion matrices for CNN, MobileNetV2, DenseNet121, InceptionV3, KNN and hybrid CNN–KNN models without 

hyperparameter optimization are shown in figure 8(a–f). Noticeable inter-class misclassifications are visible in the CNN, 

MobileNetV2, DenseNet121, and InceptionV3 models, especially among the benign and normal classes, which compromises 

the general usefulness of the models. 
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Fig 8(a). Confusion Matrix of CNN Model 

 

 

Fig 8(b). Confusion Matrix of MobileNetV2 Model 

 

 

Fig. 8(c). Confusion Matrix of DenseNet121 Model 

 

 

Fig. 8(d). Confusion Matrix of InceptionV3 Model 

 

 

Fig. 8(e).  Confusion Matrix of KNN Model 

 

Fig. 8(f).  Confusion Matrix of CNN + KNN Model 
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The standalone KNN model can be seen to provide better class separation but result in a few misclassifications. Before applying 

the optimization techniques, CNN–KNN hybrid model has the best performance with the lowest confusion matrix and the 

highest correct predictions with the least misclassified samples among all the models, which means this model has the best 

feature discrimination and multiclass classification ability. 

B. Confusion Matrix (PSO Optimisation Technique) 

The confusion matrices of PSO-optimized CNN–KNN, DenseNet121, InceptionV3 and MobileNetV2 models are shown in 

figures 9(a–e), respectively. When the hyperparameters are optimised using Particle Swarm Optimization, the class 

discrimination improves while misclassification decreases over non-optimised hyperparameters. 

 

Figure 9(a). Confusion Matrix of MobieNetV2 + PSO 

 

Figure 9(b). Confusion Matrix of MobieNetV2 + 

PSO 

 

Figure 9(c). Confusion Matrix of DenseNet121 + 

PSO 

 

Figure 9(d). Confusion Matrix of InceptionV3 + 

PSO 
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Figure 9(e). Confusion Matrix of CNN + KNN + PSO 

 

The results of CNN, MobileNetV2, DenseNet121 and InceptionV3 show better recognition rate for both CT images of benign 

and malignant tumors and those of normal CT images, while there is a little inter-class confusion. The PSO optimized CNN–

KNN model is the most accurate one and has the highest accuracy with the minimum amount of misclassifications, while also 

having the maximum number of correct predictions. All this shows the benefit of the PSO algorithm on the feature learning, 

convergence and multiclass lung cancer detection performance of the CNN–KNN model. 

C. Confusion Matrix of GA 

The confusion matrix of the GA optimized CNN, MobileNetV2, DenseNet121, InceptionV3 and CNN–KNN models are 

shown in figure 10(a–e). By using the Genetic Algorithm optimization, it is possible to achieve better consistency of the 

classification and reduce the confusion between the classes in all architectures, while identifying better hyperparameters. 

 

Figure 10(a). Confusion Matrix of CNN + GA 

 

Figure 10(b). Confusion Matrix of MobileNetV2 + GA 
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Figure 10(c). Confusion Matrix of DenseNet121 + 

GA 

 

Figure 10(d). Confusion Matrix of InceptionV3 + GA 

 

Figure 10(e). Confusion Matrix of CNN + KNN + GA 

 

Compared with CNN and DenseNet121, MobileNetV2 and InceptionV3 have improved the recognition of benign, malignant 

and normal CT images. The GA-optimized CNN–KNN hybrid yields the best results in terms of the number of correctly 

classified samples while generating the least number of false predictions, which validates the fact that evolutionary optimization 

plays a significant role in enhancing the feature representation, convergence behavior and multiclass lung cancer classification 

performance. 

D. Confusion Matrix of SA 

The confusion matrices of the SA-optimized CNN, MobileNetV2, DenseNet121, InceptionV3 and CNN–KNN models are 

shown in Fig. 11(a–e), respectively. Simulated Annealing is used to refine hyperparameters locally and thus makes the 

classification more stable and the prediction errors are smaller in all architectures. 
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Figure 11(a). Confusion Matrix of CNN + SA 

 

 

Figure 11(b). Confusion Matrix of MobileNetV2 + 

SA 

 

 

Figure 11(c). Confusion Matrix of DenseNet121 + 

SA 

 

Figure 11(d). Confusion Matrix of InceptionV3 + SA 

 

 

Figure 11(e). Confusion Matrix of CNN + KNN + SA 
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CNN, MobileNetV2, DenseNet121 and InceptionV3 still have moderate misrecognition of benign cases as normal, but the 

accuracy of the recognition is increased. The results of the SA-optimized CNN–KNN hybrid show the maximum number of 

correctly classified samples and minimum number of misclassifications, which proves that the performance of Simulated 

Annealing can effectively improve the quality of convergence, the ability of feature discrimination, and the accuracy of multiclass 

lung cancer classification. 

E. Confusion Matrix of PSO + GA + SA 

The confusion matrix of the hybrid PSO–GA–SA optimized CNN, MobileNetV2, DenseNet121, InceptionV3 and CNN–

KNN are shown in figure 12(a–e). This hybrid optimization framework is able to include global exploration, evolutionary 

refinement and local fine tuning, significantly reducing inter-class misclassification in all the architectures. 

 

Figure 12(a). Confusion Matrix of CNN + PSO+ 

GA+ SA 

 

 

Figure 12(b). Confusion Matrix of MobileNetV2 + 

PSO+ GA+ SA 

 

 

Figure 12(c). Confusion Matrix of DenseNet121 + 

PSO+ GA+ SA 

 

 

Figure 12(d). Confusion Matrix of InceptionV3 + 

PSO+ GA+ SA 
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Figure 12(e). Confusion Matrix of CNN + KNN + PSO+ GA+ SA 

 

CNN, MobileNetV2, DenseNet121, and InceptionV3 outperform the individual optimization approaches for the recognition 

of benign, malignant and normal CT images. The convergence of the hybrid CNN–KNN model is highest and the number of 

correct sample classifications is almost 100%, while error rate is almost negligible, which shows that the model has excellent 

convergence, feature representation and robustness, and excellent multiclass lung cancer classification performance. 

F. Accuracy Loss Curve Graphs of PSO + GA + SA 

The training and validation accuracy curves and the corresponding loss curves of the hybrid PSO–GA–SA optimized CNN 

model for 10 epochs is shown in Figure 13. The accuracy of the training increases from ~79.5% to 88.2% and the training loss 

reduces from 0.53 to 0.34. 

 

Figure 13. Accuracy Loss Curve Graph of CNN + PSO+ GA+ SA 

The validation accuracy range is between 59.0% and 47.0% while the validation loss range is 0.95 to 1.02, which suggests that 

the model has a good learning ability but it is observed that there is a little overfitting in the later training epochs. 

 

Figure 14. Accuracy Loss Curve Graph of MobileNetV2 + PSO+ GA+ SA 
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The training and validation accuracy and loss curves for the hybrid PSO–GA–SA optimized MobileNetV2 model trained for 

10 epochs are shown in Figure 14.The accuracy and loss curves of hybrid PSO–GA–SA optimized MobileNetV2 model are 

presented in Figure 14 over 10 epochs of training and validation. The accuracy of the training process rises from about 96.3% 

to 99.8% and the training loss becomes 0.19 and 0.08 respectively. The accuracy of the validation set is marginally improved 

from 48.0% to 52.5% while loss on the validation set is almost constant around 1.12–1.14 with excellent training convergence 

but with a limited level of generalization and a high level of overfitting. 

 

Figure 15. Accuracy Loss Curve Graph of DenseNet121 + PSO+ GA+ SA 

The accuracy and loss curves for the hybrid PSO–GA–SA optimized DenseNet121 model during training and validation are 

shown, respectively in figure15(a) and figure15(b). The accuracy of the training increases from around 32% to 76% and the loss 

in training also decreases from 1.50 to 0.58. The accuracy of validation increases from 51% to 61%, while the loss of validation 

decreases from 1.34 to 0.85, showing that it walks in a stable path in convergence, decreases the optimization error and improves 

the generalization. 

 

Figure 16. Accuracy Loss Curve Graph of InceptionV3 + PSO+ GA+ SA 

The accuracy and loss curves during training and validation of the hybrid PSO–GA–SA optimized inceptionV3 model over 10 

epochs are shown in figure 16. The accuracy of the training rises from ~37% to 92% and the training loss falls from 1.25 to 

0.28. The accuracy of validation increases from 63% to 74%, while the loss of validation decreases from 0.89 to 0.71, showing 

that it is stably converging, optimising effectively, and improving the performance of multiclass lung cancer classification. 
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G. Comparative Analysis 

 

Figure 17. Performance Comparison of PSO-Optimized CNN-Based Classification Models for Lung Cancer Detection 

The performance of the classification models based on CNN that were optimized by PSO for lung cancer detection is compared 

in figure 17. Hybrid CNN+KNN model gives the best accuracy of 99%, precision of 99%, recall of 97% and also gives an f1 

score of 98%. On the other hand, InceptionV3 has an accuracy rate of 70%, and CNN, MobileNetV2 and DenseNet121 have 

an accuracy rate of 65%, 64% and 61%, respectively, proving the superiority of the PSO-optimized hybrid framework. 

 

Figure 18. Comparative Performance of SA-Based Deep Learning Classification Models 

It is seen that in figure 18, among all deep learning classification models based on SA, the maximum accuracy is achieved by 

CNN model. The hybrid CNN+KNN model obtains the best results with an accuracy of 92%, a precision of 92%, a recall of 

84% and an F1 score of 87%. In terms of standalone models, CNN achieves the highest accuracy score (71%), followed by 

InceptionV3 (69%), DenseNet121 (68%) and MobileNetV2 (58%), showing the power of the hybrid solution designed for the 

SA. 

 

Figure 19. Comparative Performance of GA-Based Deep Learning Classification Models 
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The performance of the deep learning classification models based on GA is compared with each other in lung cancer detection 

as shown in figure 19. The hybrid CNN+KNN model outperforms all other models in terms of accuracy, precision, recall and 

F1 score with 97%, 96%, 96% and 96%, respectively. The GA-based optimization algorithm has worked very well in multiclass 

classification and achieved highest accuracy of 77% among individual models, followed by MobileNetV2 (71%), CNN (69%) 

and DenseNet121 (65%). 

 

Figure 20. Performance Comparison of Hybrid PSO–GA–SA Optimized CNN-Based Classification 

A comparison of the performance of these lung cancer detection models optimized using hybrid PSO–GA–SA algorithm is 

shown in figure 20. CNN+KNN model is found to be the best with 100% accuracy, 99% precision, 100% recall and 98% F1 

Score. The standalone models perform below par, with InceptionV3 having the highest accuracy (74%), then CNN (67%), 

DenseNet121 (61%) and MobileNetV2 (53%). This is an indication of the better performance of the hybrid optimization 

approach. 

Table 2. Comparative Performance Analysis of CNN-Based Classification Models under PSO, GA, SA, and Hybrid PSO–

GA–SA Hyperparameter Optimization 

Optimization Method Classification Model Accuracy (%) Precision (%) Recall (%) F1-Score (%) 

PSO CNN 65 51 48 48 

PSO MobileNetV2 64 50 50 46 

PSO DenseNet121 61 41 46 43 

PSO InceptionV3 70 47 52 50 

PSO CNN+KNN 99 99 97 98 

GA CNN 69 64 70 66 

GA MobileNetV2 71 72 66 67 

GA DenseNet121 65 63 63 61 

GA InceptionV3 77 67 67 61 

GA CNN+KNN 97 96 96 96 

SA CNN 71 63 65 64 

SA MobileNetV2 58 44 45 41 

SA DenseNet121 68 63 62 62 
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SA InceptionV3 69 61 57 58 

SA CNN+KNN 92 92 84 87 

PSO+GA CNN 67 61 58 57 

PSO+GA+SA MobileNetV2 53 43 42 45 

PSO+GA+SA DenseNet121 61 41 39 40 

PSO+GA+SA InceptionV3 74 54 43 55 

PSO+GA+SA CNN+KNN 100 99 100 98 

 

The comparative performances of the CNN-based classification models optimized by PSO, GA, SA and PSO–GA–SA 

algorithms is shown in Table 2. The PSO–GA–SA optimized CNN–KNN hybrid model had the best overall performance of 

all the tested models with 100% accuracy, 99% precision, 100% recall and 98% F1-score, thus demonstrating a better predictive 

power and classification balance. Figure 21 shows that the accuracy and robustness of the hybrid PSO–GA–SA optimization 

strategy are superior in the classification performance. 

 

Figure 21. Visualization of Classification Performance across Optimization Strategies 
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Moderate improvement was achieved using individual optimization methods, GA being mostly superior to PSO and SA when 

applied to stand-alone deep learning models. As shown in Fig. 22, hybrid PSO–GA–SA always performs better at the multiclass 

classification task when compared to the other deep learning models evaluated. 

 

Figure 22. Overall Comparative Analysis of Deep Learning Classification Models across Optimization Strategies 

The CNN–KNN hybrid always outperforms CNN, MobileNetV2, DenseNet121, and InceptionV3 for all of the optimization 

strategies, which proved the robustness of the CNN–KNN hybrid optimization and feature-based classification for automated 

multiclass lung cancer detection. 
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5. CONCLUSION  

This study proposed a hybrid PSO–GA–SA based hyperparameter optimization system with CNN–KNN based multi-class 

lung cancer classification system, which is capable of automatically classifying lung cancer into four classes from computed 

tomography (CT) images. This new method integrated the global search ability of PSO, the evolutionary search ability of GA 

and the local search ability of SA to find optimal hyperparameters for network. Experimental tests showed that the hybrid 

optimisation approach was superior to the individual optimisation strategies and the stand-alone deep learning models at all 

times. The optimized CNN–KNN framework had the highest accuracy of 100%, precision of 99%, recall of 100%, and F1 

score of 98% predicting its strong predictive ability and robustness. The hyperparameters were also optimized to increase the 

convergence and decrease overfitting by using optimal filter selection, layer density, dropout and learning rate optimization. 

Comparative analysis, confusion matrix and training–validation performance were used as further validations of the 

effectiveness and stability of the proposed model. In summary, the developed framework is a reliable and efficient decision-

support system that could be utilized for early lung cancer diagnosis applications in the clinical environment and could serve as 

a foundation for future clinical screening applications based on AI. 
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