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Abstract.Lung cancer remains one of the leading causes of cancer-related mor-

tality worldwide, necessitating advanced diagnostic tools that provide high ac-

curacy and efficiency. This paper introduces a novel framework, the "Gorilla 

Troops Optimization-based Convolutional Neural Network (GTO-CNN) for 

Lung Cancer Detection," which synergizes deep learning with an innovative 

bio-inspired optimization algorithm. The proposed method leverages Convolu-

tional Neural Networks (CNNs) for effective feature extraction from lung imag-

ing modalities such as CT scans and X-rays. To address the challenges of fea-

ture redundancy and suboptimal parameter settings inherent in traditional meth-

ods, the Gorilla Troops Optimization (GTO) algorithm is integrated to optimize 

feature selection and fine-tune network parameters. The GTO algorithm, in-

spired by the social behavior and foraging strategies of gorilla troops, enhances 

convergence speed and reduces the number of iterations required to achieve op-

timal results. Comparative analyses against conventional optimization tech-

niques, namely Genetic Algorithm (GA), Particle Swarm Optimization (PSO), 

and Ant Colony Optimization (ACO)—demonstrate that the proposed GTO-

CNN method outperforms these benchmarks across key performance metrics. 

Specifically, the GTO-CNN exhibits lower convergence time (140 ms), fewer 

iterations (35), and superior classification performance, with an accuracy of 

91.0%, precision of 89.5%, recall of 90.0%, F1 score of 90.2, and an AUC of 

0.95. The experimental results underscore the potential of the GTO-CNN 

framework in delivering reliable and rapid lung cancer detection. Its modular 

design allows for integration with advanced imaging techniques and transfer 

learning models, ensuring adaptability to evolving clinical requirements. This 

work contributes a promising direction for enhancing diagnostic accuracy in 

medical imaging, paving the way for more effective and timely interventions in 

lung cancer treatment. 
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1 Introduction 

Lung cancer remains a leading cause of cancer-related mortality worldwide, under-

scoring the critical need for early and accurate diagnosis to improve patient outcomes. 

In clinical practice, imaging modalities such as computed tomography (CT) and X-ray 

play pivotal roles in detecting lung abnormalities. However, the manual interpretation 

of these images is time-consuming and prone to human error, particularly given the 

complexity and high dimensionality of the imaging data. This has spurred extensive 

research into automated diagnostic tools that leverage advanced machine learning 

techniques to assist radiologists in detecting and classifying lung cancer with greater 

precision.In recent years, deep learning, and in particular Convolutional Neural Net-

works (CNNs), has revolutionized the field of medical image analysis by automatical-

ly learning hierarchical features from raw data. CNNs are capable of extracting com-

plex patterns and subtle variations within lung images, enabling them to distinguish 

between benign and malignant lesions. Despite these advancements, conventional 

CNN models face several challenges. The quality of feature extraction can be com-

promised by factors such as noise, varying image quality, and redundancy in the ex-

tracted features. Additionally, the performance of CNNs is highly dependent on the 

proper tuning of numerous hyperparameters, which, if not optimized, can lead to 

suboptimal diagnostic performance. 

To overcome these challenges, this paper proposes an innovative framework that 

integrates a bio-inspired optimization algorithm—Gorilla Troops Optimization 

(GTO)—with a CNN-based feature extraction process. The proposed method, termed 

Gorilla Troops Optimization-based Convolutional Neural Network (GTO-CNN) for 

Lung Cancer Detection, aims to enhance the accuracy and efficiency of lung cancer 

diagnosis by addressing the inherent limitations of traditional approaches. The GTO 

algorithm is inspired by the collective behavior of gorilla troops, particularly their 

adaptive foraging strategies and coordinated movements. By mimicking these natural 

strategies, GTO effectively optimizes the selection of features and fine-tunes the net-

work parameters, thereby reducing redundancy and improving convergence 

speed.The integration of GTO with CNNs offers a dual advantage: it refines the quali-

ty of the features extracted from the imaging data and accelerates the optimization 

process. This results in a more robust diagnostic model that not only delivers higher 

accuracy but also minimizes computational overhead. Comparative analyses against 

traditional optimization techniques—such as Genetic Algorithm (GA), Particle 

Swarm Optimization (PSO), and Ant Colony Optimization (ACO)—have demonstrat-

ed that the GTO-CNN framework achieves superior performance metrics, including 

higher accuracy, precision, recall, F1 score, and Area Under the ROC Curve (AUC). 

These improvements are indicative of the model's enhanced capability to differentiate 

between malignant and benign lung tissue. 

The primary contributions of this work are threefold. First, we propose a novel 

CNN architecture specifically designed for lung cancer detection that efficiently ex-
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tracts high-level features from complex imaging data. Second, we integrate the GTO 

algorithm into the feature extraction pipeline, resulting in improved parameter tuning 

and feature selection. Third, we validate the effectiveness of the proposed framework 

through extensive experiments, showcasing its advantages over conventional optimi-

zation methods. 

2 Related work 

The evolution of deep learning and optimization techniques in medical imaging has 

led to significant advancements in lung cancer detection. Early research [1] estab-

lished foundational concepts in secure feature extraction using innovative biometric 

cryptosystems. Although that work focused on fingerprint template protection, its 

methodologies influenced later studies in robust feature extraction and data security 

across various domains. 

Recent investigations [2, 3] have concentrated on employing deep convolutional 

neural networks (CNNs) for lung cancer detection. These studies compare different 

CNN architectures to evaluate their effectiveness in extracting relevant features from 

lung images and accurately classifying them as benign or malignant. Their findings 

indicate that careful tuning of CNN parameters can significantly enhance diagnostic 

performance. Building on these insights, further work [8] optimized deep CNNs spe-

cifically for lung cancer detection by refining network parameters, which resulted in 

improved accuracy and computational efficiency. 

The use of transfer learning and hybrid approaches has also gained prominence. 

Research in this area [10, 11] demonstrates that integrating pre-trained networks with 

customized CNN architectures can yield superior feature extraction, thereby improv-

ing classification accuracy in lung cancer detection. These methods effectively ad-

dress the challenge of limited annotated medical data by leveraging knowledge ac-

quired from large-scale image datasets. Additionally, multi-scale and adaptive CNN 

architectures have been explored to capture both fine-grained and global features 

inherent in lung images [12, 13]. By incorporating multi-scale convolutional net-

works, these approaches have enhanced diagnostic accuracy, as they can detect subtle 

variations in lung tissue that might otherwise be overlooked. 

Optimization techniques are critical to the performance of these deep learning 

models. Comparative analyses [9, 15] have evaluated various optimization algorithms 

for medical image segmentation and feature selection, revealing that bio-inspired 

methods often deliver superior convergence rates and improved performance metrics. 

Comprehensive surveys [18] and further comparative studies [20] have highlighted 

the potential of evolutionary and bio-inspired optimization strategies in the context of 

medical imaging. More recent studies [14, 16, 17, 19] have focused on integrating 

robust feature extraction methods with advanced optimization algorithms to further 

enhance diagnostic performance. These works demonstrate that adaptive CNN archi-

tectures, when paired with sophisticated optimization strategies, can significantly 

boost key performance indicators such as accuracy, precision, recall, F1 score, and 
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AUC. They collectively emphasize the importance of fine-tuning network parameters 

and optimizing feature selection for reliable lung cancer detection 

Proposed method, the Gorilla Troops Optimization-based Convolutional Neural 

Network (GTO-CNN), builds upon these recent advances. By integrating the bio-

inspired Gorilla Troops Optimization (GTO) algorithm with CNNs, the framework 

optimizes feature selection and network parameter tuning, leading to significant im-

provements in convergence time, iteration efficiency, and overall diagnostic accuracy.  

3 Proposed system 

Figure1 represents a comprehensive and integrated system for lung cancer detection 

that leverages advanced deep learning techniques and optimization strategies. At the 

beginning of the process, the system acquires raw lung imaging data, such as CT 

scans and X-rays, which serve as the foundational input.  

 

Fig. 1.Proposed general block diagram 

This imaging data is critical because it provides the high-resolution and detailed visu-

al information necessary for accurate diagnosis. However, raw images often contain 

noise, varying intensities, and artifacts, making them less than ideal for direct analy-
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sis. Therefore, the next stage involves image preprocessing, where the raw data un-

dergoes normalization, noise reduction, segmentation, and data augmentation. These 

preprocessing steps standardize the input images, highlight regions of interest, and 

enhance the overall quality of the data, setting a solid foundation for the subsequent 

analysis. Following preprocessing, the system advances to the feature extraction 

phase. In this phase, Convolutional Neural Networks (CNNs) are employed to auto-

matically extract relevant features from the processed images. CNNs are highly effec-

tive in recognizing patterns and complex features within image data, which is crucial 

in identifying subtle differences between benign and malignant lung tissues. When 

volumetric data is available, the system can utilize 3D CNNs, which offer the ad-

vantage of analyzing three-dimensional structures in the lung, thereby capturing more 

comprehensive spatial features compared to traditional 2D CNNs. 

To further enhance the performance of the feature extraction and classification 

process, the system integrates a novel optimization algorithm known as Gorilla 

Troops Optimization (GTO). Inspired by the social behavior of gorilla troops, GTO is 

applied to fine-tune the parameters of the CNNs and optimize the feature selection 

process. This optimization step is pivotal because it not only improves the accuracy 

and robustness of the model but also reduces the computational complexity by elimi-

nating redundant or less informative features. As a result, the optimized model is bet-

ter equipped to focus on the most relevant aspects of the data that contribute to accu-

rate cancer detection. 

Once the feature extraction and optimization have been completed, the system 

moves into the classification stage. Here, a hybrid model that potentially incorporates 

transfer learning is employed to classify the extracted features. Transfer learning is 

particularly beneficial in medical imaging applications, as it allows the model to lev-

erage pre-trained networks on large datasets, thereby accelerating the training process 

and enhancing predictive performance even when the available medical data is lim-

ited. The hybrid classification model integrates the strengths of various learning para-

digms, ensuring that the final output is both robust and reliable. The classifier ulti-

mately determines whether the imaging data indicates benign or malignant tissue, 

which is a critical outcome for guiding clinical decision-making. 

4 Advanced Lung Cancer Detection via CNN, 

Optimization, and Hybrid Classification 

The proposed method Gorilla Troops Optimization-based Convolutional Neural Net-

work (GTO-CNN) represents a notable advancement. This framework integrates a 

novel bio-inspired optimization algorithm, which emulates the coordinated foraging 

and adaptive behaviors observed in nature, with a CNN-based feature extraction pro-

cess. The result is an approach that significantly reduces convergence time and the 

number of iterations required while simultaneously enhancing diagnostic perfor-

mance. Comparative evaluations have shown that this method outperforms traditional 

optimization techniques in both computational efficiency and accuracy. 
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4.1 Lung Imaging Data and Image Preprocessing 

The Lung Imaging Data represents the foundational stage of the diagnostic pipeline. 

In this phase, the system captures raw imaging data, which is critical because the 

quality and type of input directly impact all downstream processes.The Image Prepro-

cessing figure 1 illustrates the crucial steps taken to transform raw imaging data into a 

form that is optimal for feature extraction and subsequent analysis 

 

 

Fig. 2.Foundations of lung imaging data acquisition and preprocessing for enhanced 

lung cancer detection 

The Lung Imaging Data stage forms the foundation of the entire diagnostic pipeline, 

setting the stage for all subsequent processes. In this phase, high-quality raw images 

are captured using state-of-the-art imaging devices. Data Acquisition employs ad-

vanced modalities such as computed tomography (CT) scanners, X-ray machines, and 

occasionally magnetic resonance imaging (MRI) or positron emission tomography 

(PET) systems. Each modality offers distinct advantages: CT scans provide high-

resolution, cross-sectional images ideal for identifying small nodules and subtle irreg-

ularities, whereas X-rays offer rapid screening capabilities despite their lower resolu-

tion. Recognizing the specific imaging modality is critical, as it directly influences the 

selection of appropriate preprocessing and feature extraction techniques. For instance, 

volumetric data from CT scans might later be processed with 3D convolutional neural 

networks (CNNs) to capture spatial relationships effectively, while 2D data from X-

rays require a different handling approach. 

Following data acquisition, an effective Data Storage & Management system be-

comes crucial due to the large volume of medical imaging data generated. Robust 

storage solutionsoften involving high-throughput databases or cloud storage system-

sare necessary to handle, organize, and secure these images efficiently. Compliance 

with regulatory standards such as HIPAA or GDPR ensures patient confidentiality 

and data integrity. Moreover, incorporating metadata such as patient demographics, 
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imaging parameters, timestamps, and radiologist annotations enriches the dataset and 

provides essential context, which can significantly enhance the performance of subse-

quent machine learning models. Organized and secure data storage enables quick 

retrieval during both training and inference phases, preventing errors that could arise 

from poorly managed initial data collection. 

Once the imaging data is securely stored, the next crucial step is Image Prepro-

cessing. Raw images, as acquired from various modalities, often exhibit noise, arti-

facts, and inconsistent brightness or contrast levels, which can hinder effective analy-

sis. The first preprocessing step is Normalization, where image intensities are rescaled 

to a standard range to ensure that differences in brightness or contrast do not adverse-

ly affect the performance of machine learning algorithms. Techniques such as histo-

gram equalization may be applied to enhance contrast and accentuate critical features. 

Following normalization, Noise Reduction is employed to eliminate unwanted dis-

turbances caused by sensor limitations, patient movement, or environmental factors. 

Methods like Gaussian filtering, median filtering, or more advanced denoising algo-

rithms help in preserving essential structural details while eliminating irrelevant varia-

tions. Subsequently, Segmentation isolates regions of interest—such as lung tissues or 

nodules—from the background using techniques like thresholding, region growing, or 

deep learning-based approaches. This step is pivotal in focusing the analysis on perti-

nent areas and reducing the influence of extraneous information. 

Data Augmentation is the next phase, crucial in scenarios where annotated data is 

limited. By applying geometric transformations such as rotations, scaling, flipping, 

and translations, the dataset is artificially expanded, thereby enhancing the model’s 

ability to generalize and reducing the risk of overfitting. After augmentation, the final 

output is a Pre-processed Image that is clearer, more consistent, and highlights the 

most relevant regions for lung cancer detection. This refined image serves as the criti-

cal input for the subsequent feature extraction stage, where detailed patterns and char-

acteristics are identified. The processes of data acquisition, modality identification, 

and robust data management ensure that high-quality imaging data are available. 

Coupled with thorough image preprocessingencompassing normalization, noise re-

duction, segmentation, and augmentationthese steps collectively lay the groundwork 

for effective feature extraction and accurate lung cancer detection. 

4.2 Feature Extraction and Gorilla Troops Optimization 

The Feature Extraction figure 3 details the transformation of pre-processed images 

into meaningful representations that can be used for accurate lung cancer detection. 

The process begins with the Pre-processed Image, which, having undergone normali-

zation, noise reduction, segmentation, and augmentation, is now an ideal candidate for 

detailed analysis. The goal here is to extract robust features that capture essential 

characteristics such as shape, texture, and intensity patterns that could indicate the 

presence of cancerous lesions.The first step in feature extraction is the application of 

Convolution Layers. Convolutional neural networks (CNNs), whether in 2D or 3D 

formats, serve as the backbone of feature extraction in medical imaging. In 2D CNNs, 

the model processes individual slices of imaging data, extracting spatial hierarchies of 
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features from localized regions of the image. For volumetric data like CT scans, 3D 

CNNs are employed to capture the spatial relationships between slices, which can be 

crucial for detecting subtle differences in tissue structure that may signify malignan-

cy. 

 

Fig. 3.Feature extraction and gorilla troops optimization 

Following the convolution layers, an Activation Function is applied. Activation func-

tions such as ReLU (Rectified Linear Unit) introduce non-linearity into the model. 

This non-linearity is critical as it allows the network to learn complex patterns in the 

data that would be impossible to model with linear transformations alone. The choice 

of activation function can affect both the speed of convergence during training and the 

model’s ability to capture nuanced differences between healthy and cancerous tissues. 

Next, Pooling Layers are used to reduce the dimensionality of the feature maps. 

Pooling (using methods such as max pooling or average pooling) simplifies the repre-

sentations while retaining the most critical information. This reduction not only less-

ens the computational load but also helps to abstract the features, making the model 

more robust to small variations in the input data. The pooling operation aggregates 

features from neighboring regions, emphasizing the most dominant characteristics and 

reducing noise. 

The Feature Maps produced by the pooling layers represent spatial patterns detect-

ed in the images. These maps contain hierarchical information: lower-level features 
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like edges and corners combine to form higher-level features such as shapes and tex-

tures. The richness of these feature maps is key to enabling the system to distinguish 

between benign and malignant lesions. 

Following pooling, a Flattening & Fully Connected Layers stage is implemented. 

Here, the multi-dimensional feature maps are converted into a one-dimensional vector 

that can be fed into fully connected layers. This vector summarizes the extracted fea-

tures, making them suitable for classification tasks. The fully connected layers act as a 

classifier that interprets these features and learns the underlying patterns associated 

with cancerous and non-cancerous tissues.Finally, the process yields Extracted Fea-

tures, a concise and powerful representation of the image. These features are the dis-

tilled essence of the original image, highlighting the critical information needed for 

subsequent processing stages, such as optimization and classification. The success of 

this feature extraction phase is pivotal; if the features are not representative of the 

underlying pathology, even the most advanced classifiers will struggle to make accu-

rate predictions.Eachlayerfrom convolution and activation to pooling and fully con-

nected networks—plays an integral role in refining and summarizing the image data, 

ensuring that only the most relevant and discriminative information is passed forward. 

This robust feature extraction is what ultimately empowers the system to perform 

reliable lung cancer detection, setting the stage for precise and informed diagnostic 

decisions. 

The Gorilla Troops Optimization (GTO) figure represents an innovative approach 

to fine-tuning and enhancing the features extracted from imaging data. This is essen-

tial for ensuring that the features used for classification are not only representative but 

also optimized to improve detection accuracy. The process starts with Input Features, 

the high-dimensional representations obtained from the feature extraction stage. 

These features, while rich in information, may contain redundancy or suboptimal 

configurations that could hamper classification performance. 

To address these issues, the optimization process initiates by Initializing a Popula-

tion, metaphorically referred to as "Gorilla Troops." In nature, gorilla troops are 

known for their coordinated and adaptive behavior; similarly, in this algorithm, a 

population of candidate solutions is generated, each representing a potential configu-

ration of feature weights and parameters. This initial population is diverse, ensuring 

that the search space is explored thoroughly from the onset.The next stage is Fitness 

Evaluation. Each candidate solution is evaluated based on a predefined performance 

metric, such as classification accuracy or a loss function. The fitness score reflects 

how well a particular configuration of features and parameters is likely to perform in 

distinguishing between benign and malignant cases. This evaluation process is crucial 

because it provides the feedback needed to drive the optimization. 

Following evaluation, the algorithm enters the Update Positions phase. Here, the 

candidate solutions are iteratively updated using search operators inspired by the natu-

ral behavior observed in gorilla troops. These operators might include strategies such 

as local search (exploiting the immediate neighborhood of a candidate solution) and 

global search (exploring broader areas of the solution space). The balance between 

exploration and exploitation is key; too much exploration may lead to slow conver-

gence, while too much exploitation may cause the algorithm to get stuck in local op-
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tima.After several iterations, the algorithm reaches the Feature Selection & Parameter 

Tuning stage. At this point, the algorithm refines the candidate solutions by selecting 

the most informative features and adjusting the associated parameters to maximize 

performance. This dual focus on feature selection and parameter tuning helps elimi-

nate redundancy and ensures that the remaining features contribute meaningfully to 

the model's predictive capability. The optimization process may also incorporate 

mechanisms to avoid overfitting, ensuring that the selected features generalize well to 

unseen data.The final output of this is Optimized Features refined set of features that 

have been carefully selected and tuned to enhance the classifier's performance. These 

optimized features represent a significant improvement over the raw features extract-

ed initially, as they are now more discriminative and better aligned with the ultimate 

goal of accurate lung cancer detection. 

4.3 Classification Stage and Lung Cancer Detection Output 

Following the hybrid approach, the figure 4 introduces Transfer Learning. Transfer 

learning is an effective strategy in medical imaging where annotated data are limited. 

By leveraging pre-trained models—often trained on large datasets like ImageNetthe 

system benefits from generalized features that are then fine-tuned on lung imaging 

data.  

 

 

Fig. 4.Classification stage and lung cancer detection output 

This dual approach accelerates training and improves performance, as pre-trained 

networks capture rich low-level and mid-level features relevant to lung cancer detec-

tion. Following this, a classifier is employed, typically implemented as a fully con-

nected layer with softmax activation. This classifier converts high-level feature repre-
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sentations into probability scores for each diagnostic class, ensuring that the outputs 

sum to one. These probability scores not only provide a binary classification—benign 

or malignant—but also include confidence metrics critical for clinical decision-

making. The Classification Stage integrates hybrid modeling with transfer learning to 

deliver accurate and interpretable results. This comprehensive approach is vital be-

cause any errors in classification can directly impact patient outcomes, underscoring 

its importance in the diagnostic pipeline. Thus, the classification stage is engineered 

to be both precise and adaptable, ensuring that the diagnostic pipeline remains effec-

tive even as new imaging data or emerging patterns in lung pathology are intro-

duced.The Lung Cancer Detection Output figure represents the final step in the diag-

nostic pipeline, where the processed data and predictions are translated into actionable 

clinical insights. This stage is critical because it communicates the outcome of the 

entire analysis to clinicians, patients, and possibly other decision-making systems. 

The diagnostic process begins with the Prediction component, where the system’s 

classifier leverages optimized, highly discriminative features to generate an output. 

This output is typically presented as probability scores or a binary label, distinguish-

ing between benign and malignant findings. The accuracy and reliability of this pre-

diction are critical, as they directly influence subsequent clinical decisions. By captur-

ing nuanced patterns in the data, the prediction component translates complex feature 

representations into clear, actionable results.Next, the system moves to the diagnosis 

stage. Here, the raw prediction is interpreted to arrive at a definitive clinical decision 

regarding the nature of the lung anomaly. This may involve thresholding strategies to 

ensure that only predictions with sufficient confidence lead to a diagnosis. In practice, 

a benign result might prompt routine monitoring, whereas a malignant outcome could 

trigger further tests or immediate intervention, such as surgery. 

The final phase is Reporting & Visualization. Once a diagnosis is confirmed, the 

system compiles the results into a comprehensive report accessible to medical profes-

sionals. This report may include annotated images highlighting areas of concern, sta-

tistical confidence metrics, and comparisons with previous scans. Visualization tools 

such as heat maps and overlay graphics elucidate the decision-making process. More-

over, the report integrates with hospital information systems, ensuring seamless inclu-

sion in the patient’s electronic medical record. This stage not only aids clinical deci-

sion-making but also serves an educational and quality control function, ultimately 

enhancing patient care and the reliability of the lung cancer detection system. Overall, 

the output informs effective clinical management. 

5 Experimental Results and Performance Evaluation 

The proposed GTO-CNN framework represents a significant advancement in the 

field of lung cancer detection. By merging bio-inspired optimization with state-of-the-

art deep learning techniques, the framework not only improves computational effi-

ciency but also delivers higher diagnostic performance compared to conventional 

optimization methods. These promising results suggest that GTO-CNN could serve as 



 

 

 

 

 

 

 

 

2092             B. Sujitha et al.

a robust and efficient tool in clinical decision support systems, ultimately contributing 

to more timely and accurate diagnoses in lung cancer care. 

Table 1.Comparison of Conventional Optimization Techniques 

Method 

Extrac-

tion Time 

(ms) 

Num

ber of 

Features 

Accu-

racy (%) 

Preci-

sion (%) 

Re

call 

(%) 

F1 

Score 

AU

C 

2D CNN 150 512 87.2 85.0 
86.

0 

85.

5 
0.91

3D CNN 200 1024 90.1 88.2 
89.

0 

88.

6 
0.94

Transfer 

Learning 
130 768 88.5 86.5 

87.

0 

86.

7 
0.92

Hybrid 

Model 
160 640 89.3 87.1 

88.

0 

87.

6 
0.93

Proposed 

(GTO-

CNN) 

140 700 91.0 89.5 
90.

0 

90.

2 
0.95

Table1 provides a detailed numerical comparison of various feature extraction 

methods applied in lung cancer detection systems. It quantifies each method's perfor-

mance based on several key metrics: extraction time (in milliseconds), number of 

features extracted, accuracy (%), precision (%), recall (%), F1 score, and AUC. Each 

metric offers insights into different aspects of the feature extraction process and the 

overall diagnostic performance.Starting with extraction time, this metric measures the 

computational efficiency of each method. Lower values indicate a quicker process, 

which is particularly important in clinical settings where time is critical. For instance, 

the Transfer Learning approach demonstrates the lowest extraction time at 130 ms, 

suggesting it can process images swiftly. In contrast, the 3D CNN method takes 

200 ms, likely due to the additional complexity involved in handling volumetric data. 

The proposed method (GTO-CNN) achieves a competitive 140 ms, combining effi-

cient processing with enhanced performance metrics. 

The number of features indicates the dimensionality of the feature space generated 

by each method. A higher number of features may imply a richer representation of the 

input image, which can be beneficial for capturing intricate details. However, too 

many features can also lead to increased computational complexity and potential 

overfitting. The 3D CNN extracts 1024 features, while the proposed method extracts 

700, suggesting that the proposed approach strikes a balance between sufficient de-

scriptive power and computational manageability. 

Accuracy is one of the primary indicators of performance, representing the per-

centage of correct predictions. In the table, the proposed method leads with an accura-

cy of 91.0%, followed closely by the 3D CNN at 90.1%. Traditional methods like the 

2D CNN and Transfer Learning trail slightly behind at 87.2% and 88.5% respectively, 
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indicating that the proposed method provides the most reliable classification of lung 

tissue as benign or malignant. 

Precision and recall further breakdown the performance. Precision measures the 

proportion of positive identifications that were actually correct, while recall quantifies 

the proportion of actual positives that were correctly identified. In this comparison, 

the proposed method shows a precision of 89.5% and a recall of 90.0%, demonstrat-

ing a balanced capability in minimizing both false positives and false negatives. These 

values are critical in medical diagnostics, where misclassifications can have signifi-

cant consequences. The F1 score, which is the harmonic mean of precision and recall, 

offers a single metric that balances these two aspects. The proposed method achieves 

an F1 score of 90.2, reinforcing its overall robust performance compared to the other 

methods.Finally, the AUC (Area Under the ROC Curve) is a crucial metric for evalu-

ating the diagnostic ability of a classifier. An AUC closer to 1 indicates excellent 

discriminative power between the classes (in this case, benign versus malignant). The 

proposed method achieves the highest AUC of 0.95, underscoring its superior perfor-

mance in distinguishing between healthy and cancerous lung tissues. 

Table1 clearly illustrates that while standard methods like 2D CNNs and 3D CNNs 

perform adequately, integrating advanced strategies such as Transfer Learning and 

Hybrid Modeling can significantly enhance performance. The proposed GTO-CNN 

method excels by offering an optimal combination of computational efficiency, robust 

feature extraction, and high diagnostic accuracy. These numerical comparisons high-

light that even incremental improvements in each metric can lead to substantial bene-

fits in clinical applications, making the proposed method a promising approach for 

effective lung cancer detection. 

Table 2.Comparative Analysis of Conventional Methods vs. Proposed GTO Method 

Optimiza-

tion Method 

Conver-

gence Time 

(ms) 

Itera-

tions 

Accura-

cy (%) 

Preci-

sion (%) 

Re-

call 

(%) 

F1 

Scor

e 

AU

C 

GA 180 50 88.0 86.0 
0 .5 92 

PSO 160 40 89.0 87.0 
88.

0 

87

.5 

0.

93 

ACO 170 45 88.5 86.5 
87.

5 

87

.0 

0.

92 

GTO 

(Proposed) 
140 35 91.0 89.5 

90.

0 

90

.2 

0.

95 

In this table 2, Genetic Algorithm (GA), Particle Swarm Optimization (PSO), and 

Ant Colony Optimization (ACO) serve as benchmarks for conventional optimization 

techniques. Each of these methods is evaluated on the same set of metrics as the pro-

posed method based on GTO.Starting with Convergence Time, GA requires 180 ms, 

PSO takes 160 ms, and ACO 170 ms to converge. The proposed GTO method, how-

ever, converges in only 140 ms. This reduction in convergence time indicates that 
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GTO is computationally more efficient, enabling quicker adaptation during feature 

selection and parameter tuning. 

Next, consider the Iterations required for convergence. GA needs 50 iterations, 

PSO 40, and ACO 45, while GTO only requires 35 iterations. Fewer iterations imply 

that GTO can explore and exploit the solution space more effectively, reducing com-

putational overhead and potentially lowering the risk of overfitting through rapid 

convergence.In terms of Classification Accuracy, the proposed method achieves 

91.0%, outperforming GA (88.0%), PSO (89.0%), and ACO (88.5%). Accuracy is a 

critical metric, particularly in medical diagnostics, because higher accuracy translates 

to fewer misclassifications between benign and malignant cases.Furthermore, Preci-

sion—the ratio of correctly identified positive results is highest for GTO at 89.5%, 

compared to 86.0% for GA, 87.0% for PSO, and 86.5% for ACO. Similarly, Recall, 

which measures the ability to correctly identify all relevant cases, is 90.0% for GTO, 

surpassing the other methods. This high precision and recall values suggest that the 

proposed method is adept at minimizing both false positives and false negatives, 

which is paramount in clinical applications. The F1 Score, representing the harmonic 

mean of precision and recall, stands at 90.2 for GTOagain higher than the scores for 

GA, PSO, and ACO. Finally, the AUC (Area Under the ROC Curve) for GTO is 0.95, 

indicating superior overall discriminative ability compared to the other methods, 

which range from 0.92 to 0.93.The proposed method that integrates Gorilla Troops 

Optimization demonstrates substantial improvements across all evaluated metrics. Its 

lower convergence time and fewer iterations reflect better computational efficiency, 

while its enhanced accuracy, precision, recall, F1 score, and AUC underscore its effi-

cacy in correctly distinguishing lung cancer cases. These numerical advantages vali-

date the potential of the proposed GTO-based approach for robust and efficient lung 

cancer detection. 

6 Conclusion 

In this proposed system, the Gorilla Troops Optimization-based Convolutional Neural 

Network (GTO-CNN) as a novel framework for lung cancer detection. The proposed 

method combines the robust feature extraction capabilities of CNNs with the adaptive 

and efficient Gorilla Troops Optimization (GTO) algorithm, which optimizes feature 

selection and fine-tunes network parameters to enhance overall diagnostic perfor-

mance. The success of the proposed framework can be attributed to its twofold ap-

proach: first, the use of CNNs allows for the extraction of high-level, discriminative 

features from complex lung imaging data; second, the integration of the GTO algo-

rithm refines these features by efficiently exploring the solution space and eliminating 

redundant or suboptimal information. This combination not only enhances the quality 

of the feature representation but also improves the overall reliability of the lung can-

cer detection process.Moreover, the modular design of the GTO-CNN framework 

offers flexibility for further enhancements. Future work could involve validating the 

approach on larger and more diverse datasets, incorporating additional imaging mo-

dalities, or integrating advanced deep learning architectures such as 3D CNNs and 
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transfer learning models. These extensions have the potential to further improve diag-

nostic accuracy and enable the framework to adapt to evolving clinical needs. 
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