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ABSTRACT
Utilizing pre-trained models allows the network to effectively recognize intricate patterns in medical
images while minimizing training duration. The dataset is divided into four categories: normal, benign,
malignant, and uncertain.

Data preprocessing methods like image resizing and normalization were employed to enhance the model's
performance and avoid overfitting. Moreover, data augmentation was applied to guarantee the model's
ability to manage novel, unseen data effectively. The model's efficiency was demonstrated via visual
representations of essential classification attributes and performance measures. The integration of CNNs
and transfer learning presents a scalable and efficient approach for detecting lung cancer, delivering
considerable benefits to healthcare practitioners who depend on Al-based diagnostic tools to improve
patient results.
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INTRODUCTION

Lung cancer ranks as a primary cause of cancer-related fatalities globally, highlighting the importance of
early and precise detection for patient survival. Conventional diagnostic techniques, like CT scans and
biopsies, tend to be costly and depend significantly on radiologists' skills, which may be susceptible to
mistakes. This study seeks to overcome these challenges by creating an automated computer system for
identifying lung cancer in medical images. The system employs deep learning and artificial intelligence
(Al) to enhance precision and reduce the requirement for large, annotated image datasets.

EXISTING METHODS

The present study suggests an Al-based method for the early identification of lung cancer through deep
learning techniques. This strategy includes multiple stages: preparing medical images such as CT scans
and X-rays, utilizing CNNs to gather hierarchical features, and training models through transfer learning.
The effectiveness of these models is assessed using metrics including accuracy, precision, recall, F1-score,
and AUC-ROC. The objective is to offer the final model as a cloud-based or API-driven solution,
delivering automated predictions to assist radiologists and enhance patient outcomes.

[JCRT2509542 | International Journal of Creative Research Thoughts (IJCRT) www.ijcrt.org | e723


http://www.ijcrt.org/

www.ijcrt.org © 2025 IJCRT | Volume 13, Issue 9 September 2025 | ISSN: 2320-2882

©

)

LITERATURE SURVEY

This literature review evaluates how effective Convolutional Neural Networks (CNNs) are in detecting
lung cancer from medical images, such as CT scans and X-rays. The researchers examined different CNN
architectures, including VGG16, ResNet50, and Xception, and discovered that implementing transfer
learning with these pre-trained models greatly enhanced classification precision. This method minimizes
the requirement for extensive, labeled datasets while maintaining high precision and recall. The research
indicates that deep CNNs surpass conventional classifiers, especially when trained on large lung cancer
datasets. The significance of data preprocessing, augmentation, and hyperparameter adjustment in
improving model accuracy is emphasized as well. The analysis indicates that models such as Xception and
EfficientNet are particularly appropriate for clinical applications because of their excellent performance
with a limited number of training samples. The authors suggest a method that integrates deep learning
with conventional machine learning models such as Support Vector Machines (SVMs) and Decision
Trees. The literature review also investigates a cloud-based Al approach that combines CNN models with
cloud computing systems to enhance diagnostics speed and lower computational expenses.

HARDWARE / SOFTWARE REQUIREMENTS

The software requirements for the project focus on Python, an accessible programming language that
offers a diverse range of machine learning libraries. Google Colab serves as the main development
platform, providing complimentary access to GPUs and TPUs for machine learning activities. Libraries
such as scikit-learn, numpy, and pandas are crucial for handling data and building deep learning models.
GitHub is used for version management to preserve the integrity of the codebase. For hardware, it is
advisable to use a laptop featuring a current multicore processor and between 8GB and 16GB of RAM for
effective data handling and model training. A Solid State Drive (SSD) with a minimum capacity of 256GB
is recommended for quicker data retrieval. Although Google Colab offers GPU access, using a dedicated
GPU is strongly advised for local development and testing.

SIMULATION SETUP:

# Train the model with the training and validation data generators
history = model.fit(
train_generator,
steps_per_epoch=25,
epochs=50,
callbacks=[learning_rate_reduction, early stops, checkpointer],
validation_data=validation_generator,
validation_steps=20
)

print("Final training accuracy =", history.history[ 'accuracy'][-1]
rint("Final testing accuracy =", history.history[ 'val_accuracy'][-1])

25/25 =———— 217s 9s/step - accuracy: ©.8606 - loss: ©.5725 - val_accuracy: ©.6500 - val_loss: ©.7509 - learning_rate: 0.0010
Epoch 23/50

25/25 ————————————— @s Ss/step - accuracy: 0.8545 - loss: 0.4831

Epoch 23: val_loss improved from ©.74188 to ©.71391, saving model to best model.weights.hsS

25/25 =——— 266s 11s/step - accuracy: 0.8534 loss: ©.4844 - val_accuracy: 0.6812 val_loss: ©.7139 learning_rate: 0.0010
Epoch 24/50

2/25 = 1:38 4s/step - accuracy: ©.8438 - loss: 0.4098

Epoch 24: val_loss did not improve from ©.71391

25/25 =————————————————— 140s 6s/step - accuracy: ©.8150 loss: ©.4568 - val_accuracy: ©.6375 - val_loss: ©.7735 learning_rate: ©.0010
Epoch 25/50

25/25 —————————————— @s 5s/step - accuracy: ©.8721 - loss: 0.5015

Epoch 25: val_loss did not improve from ©.71391

25/25 ——————————— 259s 9s/step - accuracy: 0.8707 - loss: 0.5024 - val_accuracy: ©.6125 - val_loss: 0.8040 - learning_rate: 0.0010
Epoch 26/50

25/25 = @s 5s/step - accuracy: 0.8764 - loss: ©.4164

Epoch 26: val_loss did not improve from ©.71391
25725 —— 2628 11S/step accuracy: ©.8758 - loss: ©.4177 val_accuracy: 0.6687 - val_loss: ©.7421 - learning_rate: 0.0010
Epoch 27/50

25/25 @s 5s/step - accuracy: ©.8487 - loss: ©.4220

CONCLUSION

Deep learning for classifying lung cancer, improving diagnostic precision through the use of
Convolutional Neural Networks (CNNs) and transfer learning. The system features real-time image
evaluation and an interactive user interface to assist radiologists in the early detection of cancer. The
implementation is managed via Google Colab and a cloud-based service.
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Final model created:
Model: "sequential”
Layer (type) Ooutput Shape Param #
xception (Functional) (Mone, 11, 11, 2048) 20,861,480
global_ average pooling2d (None, 2048) =]
(GlobalAveragePooling2D)
dense (Dense) (None, 4) 8,196
Total params: 20,869,676 (79.61 MB)
Trainable params: 8,196 (32.02 KB)
Non-trainable params: 20,861,480 (79.58 MB)
Pretrained model used:
Model: "xception”
Layer (type) output Shape Param # | Connected to
input_layer (InputLayer) (None, 350, 350, 3) 0| -
blockl convl (Conv2D) (None, 174, 174, 32) 864 | input_layer[@][@]
blockl convl bn (None, 174, 174, 32) 128 | blockl convi[@][@]
(BatchNormalization)
blockl_convl_act (None, 174, 174, 32) @ | blockl convi_bn[e][@]
(Activation)
blockl conv2 (Conv2D) (None, 172, 172, 64) 18,432 | blockl convl_act[e][@]
blockl conv2_bn (None, 172, 172, 64) 256 | blockl conv2[@][@]
(BatchNormalization)
blockl_conv2_act (None, 172, 172, 64) 0 | blockl conv2_bn[e][e]
(Activation)
block2 sepconvil (None, 172, 172, 128) 8,768 | blockl_conv2_act[e][@]
(SeparableConv2D)
block2 sepconvl bn (None, 172, 172, 128) 512 | block2 sepconvi[e][@]
(BatchNormalization)
block2_sepconv2_act (None, 172, 172, 128) © | block2_sepconvi_bn[@]..
(Activation)
block2_sepconv2 (None, 172, 172, 128) 17,536 | block2 sepconv2 act[e..
(SeparableConv2D)
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Model Performance Metrics
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The project's deep learning model for lung cancer diagnosis, which utilized the Xception architecture,
demonstrated encouraging outcomes. The model was developed to categorize four categories of lung
diseases: normal, squamous cell carcinoma, adenocarcinoma, and large cell carcinoma. It reached a
training accuracy of 88% and a validation accuracy of 66%, although some mistakes were identified. The
ultimate validation accuracy reached approximately 63%.
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LEARNING OUTCOMES

The initiative effectively utilized deep learning to identify lung cancer in CT scan images. Utilizing pre-
trained models such as Xception greatly enhanced the effectiveness of transfer learning. Essential steps
involved preprocessing and augmenting data through image resizing and utilizing methods such as
rotation, flipping, zooming, and contrast modifications to improve model performance and generalization.

The data was split into training, validation, and testing groups for efficient training and assessment. The
evaluation of performance involved multiple metrics, such as accuracy and loss graphs, confusion
matrices, and AUC-ROC graphs. The training procedure additionally utilized callbacks and
hyperparameter adjustments to enhance performance. To enhance efficiency, densely connected layers
were incorporated, and the Adam optimizer was selected due to its adaptive learning rate. Batch
normalization was utilized to stabilize the training procedure.

CONCLUSION WITH CHALLENGES

Although the Xception-based model demonstrated remarkable classification accuracy, particularly with a
training accuracy of 88%, the validation accuracy was diminished. The study indicates that certain
inconsistencies were identified among comparable cancer types. Potential enhancements may include
increasing the dataset size, implementing advanced augmentation techniques, fine-tuning
hyperparameters, and investigating different architectures such as EfficientNet or Vision Transformers.
Using explainable Al methods such as Grad-CAM will assist healthcare providers in grasping the model's
choices, improving its clarity and trustworthiness in practical diagnostic scenarios.
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