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ABSTRACT 
Lung cancer continues to be a predominant cause of cancer-related death globally, with early and precise identification 
being essential for enhancing patient survival rates. Convolutional Neural Networks (CNNs) and transfer learning 
methodologies are used as deep learning algorithms for the automated categorisation of lung cancer types, including 
Adenocarcinoma, Large Cell Carcinoma, Squamous Cell Carcinoma, and normal lung tissue. This study presents a 
framework for the classification of various lung illnesses using the Xception and MobileNet CNN architectures, 
providing preventative strategies based on disease forecasts. The model was trained on a lung cancer dataset from 
Kaggle and exhibits remarkable accuracy in experimental outcomes—MobileNet attained 99% validation accuracy, 
while Xception reached 98% validation accuracy. This method guarantees accurate illness detection and 
implementable preventive measures. The automated categorisation method may aid radiologists and clinicians in 
identifying lung cancer more rapidly, diminish diagnostic variability, and enhance clinical decision-making processes. 
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1.Introduction  
Lung cancer is among the most common and deadly 
cancers worldwide, responsible for around 1.8 million 
fatalities per year, as reported by the World Health 
Organization. Timely identification is the paramount 
determinant in enhancing patient survival rates; 
nevertheless, the illness is often detected at later stages 
owing to the vague and non-specific characteristics of 
early-stage symptoms.  
Deep learning, especially Convolutional Neural 
Networks (CNNs), has transformed medical picture 
analysis by facilitating automatic and precise illness 
categorisation. Training CNNs from inception 

requires vast datasets and substantial computer 
resources. Transfer learning proficiently tackles this 
issue by modifying models pre-trained on large 
datasets, like ImageNet, for domain-specific tasks 
with little labelled data.  
This research uses two advanced CNN architectures—
MobileNet and Xception—employing transfer 
learning to categorise four types of lung tissue: 
Adenocarcinoma, Large Cell Carcinoma, Squamous 
Cell Carcinoma, and Normal lung tissue. The major 
objective is to develop a dependable, lightweight, and 
therapeutically valuable automated diagnostic system 
for predicting lung cancer based on CT scans. 
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II. Review of Literature  
A significant amount of research has investigated deep 
learning methodologies for the identification and 
classification of lung cancer. Table 1 provides a 
comparative summary of pertinent previous studies, 
emphasising the models used, datasets exploited, and 
principal performance results. 

Table 1 – Comparative Overview of Prior 
Literature 

R
e
f 

Model Dataset/
Modalit
y 

Acc
urac
y 

Key 
Findi
ngs 

1 DenseNet-121 Chest X-
Ray 

74.4
3% 

Trans
fer 
learni
ng; 
heatm
ap for 
nodul
e 
locali
zation 

2 GoogleNet 
(Sparsified) 

CT Scan 
(LIDC) 

Supe
rior 
to 
Alex
Net 

Dropo
ut 
layers 
reduc
e 
overfi
tting 

3 DenseNet-201 Lung CT 53% 
Acc, 
43% 
F1 

Outpe
rform
s 
Mobil
eNet, 
VGG
16, 
VGG
19, 
ResN
et-101 

4 AlexNet+VGG+
GoogLeNet+SV
M 

IQ-
OTH/N
CCD 

97% Hybri
d 
model 
with 
multi-
class 
SVM 

III. Methodology 

3.1 Description of the Dataset  
This research use the Chest CT-Scan Images Dataset 
obtained from Kaggle. It comprises high-resolution 
chest CT pictures classified into four categories. Upon 
completion of cleaning and verification, the final 
dataset consisted of about 3,900 photos categorised as 
outlined in Table 2 below. 

 
Table 2 – Dataset Distribution Across Classes and 

Splits 
Class Trai

n 
Tes

t 
Validati

on 
Total 
Imag

es 
Adenocarcino
ma 

840 240 120 1200 

Large Cell 
Carcinoma 

630 180 90 900 

Squamous 
Cell Carcin. 

700 200 100 1000 

Normal 560 160 80 800 
Total 2730 780 390 3900 

 

 
Figure 1. Dataset Class Distribution 

 
Figure 2. Dataset Train/Test/Validation Split 

3.2 Data Preparation  
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3.2.1 Histogram Equalisation  
Histogram Equalisation reallocates intensity levels 
around the greyscale spectrum to improve visual 
contrast. This approach is especially advantageous for 
CT images characterised by inadequate illumination or 
limited dynamic range, uncovering anatomical 
features inside lung tissue that would otherwise remain 
concealed. Contrast-limited adaptive histogram 
equalisation (CLAHE) was used in certain picture 
areas to enhance artefact removal.  
3.2.2 Threshold Segmentation  
Threshold Segmentation divides pictures into separate 
foreground (region of interest: tumour) and 
background areas according to pixel intensity 
thresholds. An adaptive Otsu thresholding technique 
was used to automatically choose ideal threshold 
values for each picture, eliminating noise and 
segregating lung parenchyma to enhance feature 
extraction accuracy.  
3.2.3 Image Normalisation and Augmentation  
All photos were scaled to 224×224 pixels and 
normalised to a mean of zero and a variance of one. To 
mitigate class imbalance and enhance generalisation, 
data augmentation methods were employed: random 
horizontal and vertical flipping, rotation (±20°), zoom 
(±10%), and brightness modification. 
 
3.3 Convolutional Neural Network Architectures  
3.3.1 MobileNet  
MobileNet, launched by Google in 2017, comprises a 
series of CNN architectures tailored for mobile and 
embedded vision applications. It uses depthwise 
separable convolutions to significantly diminish 
computational expense and model dimensions while 
maintaining classification precision. The depthwise 
convolution uses one filter for each input channel, 
whereas the pointwise convolution linearly 
amalgamates the results. This work used 
MobileNetV2 with ImageNet pre-trained weights, 
substituting the final classification layer with a 
softmax output layer for four-class classification.  
3.3.2 Xception  
Xception (Extreme Inception), created by François 
Chollet (Google), enhances the Inception architecture 
by substituting conventional Inception modules with 
completely depthwise separable convolutions. This 
architecture separates spatial and channel-wise feature 
learning, resulting in a computationally efficient 
model with enhanced representational capability. 

Xception was fine-tuned with the first 100 layers 
frozen, while the upper layers were retrained on the 
lung cancer dataset.  
3.4 Transfer Learning Approach  
Both models used the feature extraction and fine-
tuning transfer learning strategy:  
1. Feature Extraction Phase: The base convolutional 
layers were immobilised; just the new classification 
head was trained for 10 epochs with the Adam 
optimiser (learning rate = 0.001).  
2. Fine-Tuning Phase: The upper layers of the basic 
model were unfrozen and retrained for an additional 
10 epochs using a diminished learning rate (lr = 1e-5) 
to enhance domain-specific feature representations. 
IV. Experimental Results 
4.1 Comparison of Model Accuracy  
Table 3 delineates the validation accuracy attained by 
the suggested models in conjunction with analogous 
architectures from existing literature. MobileNet 
attained the greatest accuracy at 99%, following by 
Xception at 98%, greatly surpassing the majority of 
preceding models. 

 
Table 3 – Model Performance Comparison 

 
4.2 Accuracy Curves for Training and Validation  
Figure 4 illustrates the training and validation 
accuracy of both MobileNet and Xception across 20 
epochs. Both models exhibit fast initial convergence 
and stabilise around epoch 15, with no overfitting, as 
seen by the closeness of training and validation curves. 

 
Figure 4. Training vs Validation Accuracy Over 

20 Epochs (MobileNet & Xception) 
 
4.3 Per-Class Performance Metrics (MobileNet) 

Table 4 – MobileNet Per-Class Classification 
Report 

S.No Model Architecture Type Accuracy Parameters Best Use Case 
1 MobileNet Depthwise 

Separable Conv. 
99% ~4.2M Mobile / Edge Devices 

2 Xception Extreme Inception 
(DSC) 

98% ~22.9M High-Res Image 
Classification 

3 DenseNet-121 Dense Connections 74.43% ~8M X-Ray Analysis 
4 VGG-16 Sequential Deep 

CNN 
68% ~138M Benchmark Tasks 

5 AlexNet + 
SVM 

CNN + Classifier 
Hybrid 

97% ~60M CT Scan Classification 

6 DenseNet-201 Dense Connections 53% ~20M CT Scan Screening 
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Class Precisi
on 

Reca
ll 

F1-
Scor
e 

Suppo
rt 

Adenocarcin
oma 

0.9962 0.98
5 

0.99
8 

825 

Large Cell 
Carcinoma 

0.9854
6 

0.99
5 

0.99
4 

612 

Squamous 
Cell Carcin. 

0.99 1.00
1 

0.99
4 

716 

Normal 1.00 0.99 1.05 534 

Weighted 
Avg. 

0.99 0.99 0.99
4 

2687 

 

 
Figure 5. Per-Class Precision, Recall, and F1-

Score for MobileNet 
V. Conclusion 
This paper introduced a deep learning system for the 
automated classification of lung cancer from chest CT 
scans, using MobileNet and Xception architectures via 
transfer learning. The suggested approach effectively 
diagnoses four kinds of lung tissue — 
Adenocarcinoma, Large Cell Carcinoma, Squamous 
Cell Carcinoma, and Normal — with validation 
accuracies of 99% and 98%, respectively.  
MobileNet has shown to be the preeminent model, 
providing an impressive amalgamation of accuracy, 
computing economy, and deployment 
appropriateness. Its lightweight design makes it 
suitable for incorporation into real-time clinical 
decision-support systems or mobile diagnostic apps in 
resource-constrained environments.  
The integration of histogram equalisation, threshold 
segmentation, adaptive augmentation, and refined 
transfer learning shown significant efficacy in 
optimising classification performance on a medium-
large dataset. Future endeavours will concentrate on: 
(1) augmenting the dataset with multi-institutional CT 

images; (2) including supplementary modalities such 
as PET and MRI; (3) creating explainability tools (e.g., 
Grad-CAM heatmaps) for clinical transparency; and 
(4) executing prospective clinical validation studies. 
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