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Abstract: Lungs cancer is the leading cause of death. However, with about 2.5 million occurrences
worldwide in 2022, colon cancer ranks as the third most prevalent disease. Globally, there would be 9.95
million cancer-related deaths and around 19.2 million new cases in 2024. Cancer poses a significant
threat due to its aggressive nature, potential for widespread metastasis, and inherent he erogeneity,
which often leads to resistance to chemotherapy. Lungs cancer ranks among the most prevalent of
cancer worldwide, affecting individuals of all genders. Timely and accurate lungs cancer detection is
critical for improving cancer patients’ treatment outcomes and survival rates. Screening examinations
for lungs cancer detection, however, frequently fall short of detecting small polyps and cancers. To
address these limitations, computer-aided techniques for lungs cancer detection proved as an
invaluable resource for both health care practitioners and patients. This study implements an enhanced
EfficientNetB1 deep learning model for accurate detection and classification using histopathological
images. The proposed technique accurately classifies the histopathological images into three distinct
classes: No cancer (benign), Adenocarcinomas, and squamous cell carcinomas. The performance of
proposed technique is being evaluated by histopathological (LC25000) lungs dataset. The image
resizing and augmentation are followed by loading a pre-trained model and applying transfer learning.
The dataset is then split into training and validation sets, with fine-tuning and retraining performed on
the training dataset. The proposed model performance is evaluated on the validation dataset, and the
results of lungs cancer detection and classification achieved 99.8% accuracy.
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Deep Learning; Lungs cancer.




1. Introduction

Lung cancer is one of the most significant global health concerns and remains the leading cause of
cancer-related mortality worldwide. According to the World Health Organization (WHO), ap-
proximately three million deaths occur annually due to lung cancer, primarily because the disease
is frequently diagnosed at advanced stages when treatment options are limited and less effective.
Early and accurate detection of lung cancer plays a crucial role in improving survival rates and
treatment outcomes. However, variations in genetic predisposition, environmental exposure, and
tobacco consumption patterns contribute to regional disparities in lung cancer incidence and

mortality [1].

Globally, lung cancer accounts for nearly 18% of all cancer-related deaths, making it the most
fatal among major cancer types [1]. Statistical reports indicate that the global cancer mortality rate
is approximately 23 per 100,000 individuals, further emphasizing the severity of this disease [2].
Projections from the World Health Organization suggest a substantial increase in lung cancer
cases between 2020 and 2040, highlighting an urgent need for effective early diagnostic strategies.
Compared to other cancers such as colorectal, breast, and prostate cancer, lung cancer demon-
strates significantly higher mortality due to late-stage diagnosis and aggressive disease progres-

sion.

Conventional diagnostic techniques, including medical imaging and histopathological examina-
tion, are essential for lung cancer detection but often rely heavily on expert interpretation and are

time-consuming. Moreover, the unpredictable and asymptomatic




Lung

Colorectum

Liver

Stomach

Breast

Oesophagus

Pancreas

Prostate

Cervixuteri

Leukaemia

Figure 1Death statistics for cancer types

nature of lung cancer during its early stages frequently results in delayed diagnosis, increasing the
risk of mortality [3]. Consequently, there is a growing demand for intelligent diagnostic systems

capable of supporting clinicians in early disease identification and decision-making.

Recent advancements in artificial intelligence, particularly in machine learning and deep learning,
have shown significant potential in addressing these challenges. Deep learning techniques, such as
supervised learning and transfer learning, enable the development of accurate predictive models
by leveraging existing labeled datasets and pre-trained architectures. These approaches are espe-
cially beneficial in healthcare environments where annotated data are scarce due to privacy con-
cerns and the high cost of expert labeling [4].Transfer learning, in particular, allows models
trained on large-scale datasets, such as ImageNet or medical imaging repositories, to be adapted

efficiently for lung cancer detection tasks, reducing training time while improving performance.

The increasing availability of biomedical data, including electronic health records, medical im-
ages, and diagnostic reports, has accelerated the adoption of artificial intelligence in healthcare.
Precision medicine initiatives further emphasize the importance of data-driven approaches by
integrating patient-specific information, such as genetic, environmental, and lifestyle factors, to
deliver personalized treatment [5]. Within this context, the present study investigates the appli-
cation of supervised deep learning methods for lung cancer detection using labeled histopatho-
logical images. The primary aim is to enhance diagnostic accuracy, support early intervention, and

evaluate the practical applicability of the proposed framework in real-world clinical settings [6].




2. Materials and Methods
Study Design

This study adopts a quantitative, experimental research design to develop and evaluate a deep
learning—based framework for lung cancer detection and classification. The proposed approach
leverages supervised learning and transfer learning techniques to classify histopathological lung
images into benign and malignant categories. The workflow consists of data acquisition, prepro-

cessing, augmentation, model training, validation, and performance evaluation.
Dataset Description

LC25000 Histopathological Dataset The experiments were conducted using the publicly
available LC25000 histopathological image dataset. The dataset contains a total of 15,000
high-resolution lung tissue images, equally distributed among three classes: benign (normal lung
tissue), adenocarcinoma, and squamous cell carcinoma, with 5,000 images per class. Each image
represents microscopic lung tissue samples annotated by medical experts, making the dataset

suitable for supervised learning tasks.




Figure 2 Three Classes for Lung Tissue images

Data Availability and Access

The LC25000 dataset is openly accessible through a public GitHub repository. Since the dataset is
anonymized and publicly available, no patient-identifiable information is included, ensuring

compliance with ethical research standards.
Ethical Considerations

This study does not involve direct human or animal subjects. All experiments were performed on
publicly available and anonymized datasets. Therefore, formal ethical approval was not required.

Data Preprocessing
Image Resizing and Normalization

All histopathological images were resized to 224x224 pixels to match the input requirements of
the EfficientNetB1 model. Pixel intensity values were normalized to improve convergence during

training.

Noise Reduction and Contrast Enhancement




Noise reduction techniques such as Gaussian filtering were applied to remove artifacts while
preserving important tissue structures. Contrast stretching and histogram equalization were em-

ployed to enhance tissue visibility and highlight discriminative features.
Edge Sharpening

Edge sharpening techniques, including unsharp masking, were used to enhance cellular bounda-
ries and texture details, improving the model’s ability to differentiate between benign and ma-

lignant tissues.
Data Augmentation Techniques

To increase dataset diversity and reduce overfitting, several data augmentation techniques were
applied, including image rotation, horizontal and vertical flipping, zooming, shearing, and
brightness adjustment. These transformations improve model robustness by simulating real-world

variations in histopathological images.
Deep Learning Framework
Convolutional Neural Network Architecture

Convolutional Neural Networks (CNNs) were used due to their effectiveness in extracting hier-
archical features from medical images. CNN layers automatically learn spatial features such as

edges, textures, and patterns relevant to cancer detection.

Transfer Learning Strategy

Transfer learning was employed using a pre-trained EfficientNetB1 model trained on the
ImageNet dataset. This approach reduces training time and improves accuracy by leveraging

previously learned feature representations.

Model Architecture




EfficientNetB1 Backbone

Figure 3 proposed work Flow of transfer learning model based on CNN

EfficientNetB1 was selected due to its optimal balance between model complexity and perfor-
mance. The backbone network was initialized with ImageNet weights.
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Fine-Tuning Strategy

The initial layers of the model were frozen to preserve general features, while the final layers were
fine-tuned to adapt to lung cancer classification. A softmax activation function was used in the

output layer for multi-class classification.

Model Training Configuration




The dataset was split into 80% training (12,000 images) and 20% validation (3,000 images). The
model was trained for 25 epochs using the Adam optimizer with a learning rate of 0.01 and a batch
size of 480.

Performance Evaluation Metrics

Model performance was evaluated using accuracy, precision, recall, F1-score, and confusion

matrix analysis to comprehensively assess classification effectiveness.
Experimental Environment

Experiments were conducted using Google Colab with GPU acceleration. Python 3.7 was used

along with TensorFlow, NumPy, Pandas, and Scikit-learn libraries.




Results

Dataset Characteristics
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Figqure 4 Proposed visualization of transfer learning model based on CNN

The LC25000 dataset exhibited a balanced class distribution, ensuring unbiased learning across all
categories. High-resolution images provided rich morphological details for feature extraction.

Training and Validation Performance

Training Accuracy and Loss




The proposed model achieved high training accuracy with minimal loss, indicating effective

learning of discriminative features.
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Figure 5 Accuracy and loss graph

Validation Accuracy and Loss

On the validation set, the model achieved an accuracy of 99.8% with low validation loss,

demonstrating strong generalization capability.
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Classification Performance

Confusion Matrix Analysis




The confusion matrix showed minimal misclassification between classes, highlighting the ro-

bustness of the proposed model.
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Figure 7 Confusion matrix of enhanced EffiicientNetB1

Precision, Recall, and F1-score

The EfficientNetB1 model achieved precision, recall, and F1-score values exceeding 0.99 across

all classes.
Computational Performance

The total training time was approximately 3,765 seconds, reflecting efficient resource utilization

due to transfer learning.
Comparison with Existing Models

Compared to existing CNN-based approaches, the proposed model demonstrated superior accu-
racy and reliability on the LC25000 dataset.

Visualization of Results

Sample histopathological images and performance graphs illustrated accurate classification and

stable training behavior.
Discussion

Interpretation of Results




The experimental results confirm that transfer learning significantly enhances lung cancer classi-

fication accuracy using histopathological images.
Impact of Transfer Learning

Using a pre-trained EfficientNetB1 model reduced training time and improved feature extraction,

even with limited labeled data.
Comparison with Previous Studies

The proposed approach outperformed many existing studies in terms of accuracy, demonstrating

its effectiveness.
Clinical Significance

The high accuracy achieved by the model highlights its potential as a clinical decision-support tool
for early lung cancer diagnosis.

Limitations of the Study

The study relies on a single dataset, which may limit generalizability. Future studies should val-

idate the model on multi-center datasets.
Future Research Directions

Future work may explore multi-modal data integration, explainable Al techniques, and real-time

clinical deployment.
Conclusions

This study presented a deep learning—based framework for lung cancer detection using histo-
pathological images. The enhanced EfficientNetB1 model achieved an accuracy of 99.8%,
demonstrating superior performance compared to existing methods. The findings suggest that
transfer learning—based deep learning models can play a significant role in early lung cancer di-

agnosis and clinical decision support.
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