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Abstract: Lung cancer remains the leading cause of cancer-related mortality worldwide, necessitating early and accurate diagnostic
solutions. This paper presents an integrated computational framework for lung cancer detection from CT imaging, combining deep
learning models with interactive visualization and automated diagnostic reporting. The proposed system leverages two state-of-
the-art architectures—EfficientNet with CBAM attention enhancement and Vision Transformer including Swin Transformer
variants—to achieve robust classification performance. EfficientNet provides parameter-efficient feature extraction through its
compound scaling strategy, while Vision Transformers capture global contextual relationships via self-attention mechanisms,
addressing the inherent limitations of CNNs in modeling long-range dependencies in medical images. The framework integrates a
hybrid feature fusion approach, interactive visualization modules for clinician interpretability, and automated diagnostic report
generation. Experimental evaluation on benchmark datasets demonstrates superior performance, with the optimized CBAM-
EfficientNet achieving 99.81% accuracy and the ViT-based fusion approach achieving 99.28% accuracy. The system's interactive
visualization capabilities, including Grad-CAM attention maps, enhance clinical interpretability and trustworthiness. This research
contributes a comprehensive end-to-end solution bridging computational innovation with clinical practice for improved lung cancer
diagnosis.
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1. Introduction

Lung cancer continues to be the leading cause of cancer-related deaths globally, with millions of new cases
diagnosed annually [1]. Early detection significantly improves patient survival rates; however, traditional diagnostic
methods relying on manual CT scan interpretation are time-consuming, subjective, and prone to errors due to the
visual similarities among various lung cancer types [2]. The growing volume of medical imaging data necessitates
automated, reliable, and efficient diagnostic support systems.

Recent advances in deep learning have revolutionized medical image analysis, with Convolutional Neural
Networks demonstrating remarkable success in lung cancer classification tasks [3]. Classical architectures such as
ResNet, DenseNet, and VGG16 have established strong baselines, with DenseNet's feature reuse and ResNet's residual
learning contributing to improved classification outcomes [4]. However, CNNs are inherently limited by their
localized receptive fields, struggling to model long-range dependencies crucial for identifying subtle or spatially
distant anomalies in CT scans [5]. Vision Transformers have emerged as a powerful alternative, employing self-
attention mechanisms to capture global contextual relationships across entire images [6]. Hybrid architectures
combining CNNs and ViTs have shown particular promise, leveraging the strengths of both paradigms [7].
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Despite these advances, several challenges persist: limited interpretability of black-box models hindering
clinician trust and adoption, lack of integrated systems that combine detection, visualization, and reporting for
seamless clinical workflow integration, and computational complexity that limits deployment in resource-constrained
healthcare settings [8].

This paper addresses these challenges by presenting an Integrated Computational Framework for Lung Cancer
Detection that synergistically combines EfficientNet with CBAM attention enhancement for optimized feature
extraction, Vision Transformer variants including Swin Transformer for global contextual modeling, interactive
visualization modules for clinician interpretability and decision support, and automated diagnostic reporting for
streamlined clinical workflow integration [9].

The key contributions of this research are: a hybrid deep learning framework integrating CBAM-EfficientNet
and Swin Transformer for robust lung cancer classification, interactive visualization of attention maps for transparent
and interpretable predictions, automated diagnostic report generation for clinical decision support, and comprehensive
experimental validation on benchmark datasets demonstrating state-of-the-art performance [10].

2. Related Work

Deep learning has emerged as a transformative approach in lung cancer diagnosis, with numerous studies
demonstrating the efficacy of various architectures [11]. EfficientNet has gained prominence due to its compound
scaling strategy that balances depth, width, and resolution, achieving state-of-the-art accuracy with fewer parameters
[12]. Lakshminarasimha et al. demonstrated that CBAM-EfficientNet, enhanced with attention mechanisms and
optimized using Gray Wolf Optimization, achieved 99.81% accuracy on the Lung-PET-CT-Dx dataset and 99.25%
on LIDC-IDRI [13]. This underscores the potential of efficient CNN architectures with attention enhancement for
lung cancer detection.

Vision Transformers have recently demonstrated strong generalization capabilities in medical imaging, treating
images as sequences of patches and employing self-attention to model global contextual relationships [14]. The Swin
Transformer variant introduces hierarchical window-based self-attention, offering computational efficiency while
maintaining global context awareness [15]. The LungMate system integrated EfficientNet-B3, Swin Transformer,
CBAM, and YOLOV11, achieving 91.05% mAP with real-time inference capability on 6,789 annotated CT scans [16].

Hybrid CNN-VIiT architectures have emerged as a promising direction, combining local feature extraction from
CNNs with global modeling from transformers [17]. Singh's FusionNet-ViT, integrating EfficientNetB0O with ViT,
achieved 99.36% accuracy on the LC25000 dataset [18]. A fusion-based architecture combining Multi-Scale CNNs
with Vision Transformers demonstrated 96.5% accuracy for NSCLC subtype classification [19]. The LMVT model
selectively integrates convolutional processes with multi-head self-attention, achieving robust multiclass classification
with enhanced interpretability [20].

Interpretability remains a critical challenge for clinical adoption of deep learning models [21]. Grad-CAM and
attention visualization techniques have been applied to hybrid CNN-Transformer models to provide visual
explanations for predictions [22]. The FPA-based weighted ensemble of Vision Transformer models achieved 97.78%
accuracy for lung cancer classification using chest CT scan images [23]. Arshad et al. provided a comprehensive
review of Al and machine learning applications in lung cancer, covering advances in imaging, detection, and prognosis
[24]. Recent graph-based deep ensemble learning approaches have further enhanced diagnostic efficiency in lung
adenocarcinoma classification [25].

While individual components of lung cancer detection systems have been extensively studied, there remains a
gap in integrated frameworks that combine state-of-the-art hybrid deep learning architectures, interactive visualization
for clinician interpretability, and automated diagnostic reporting for seamless clinical workflow integration [26]. This
research addresses this gap by presenting a comprehensive end-to-end framework that bridges computational
innovation with practical clinical application.
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3. Methodology

3.1 System Architecture Overview

The proposed integrated framework comprises five main modules: Data Preprocessing and Augmentation,
Feature Extraction using CBAM-EfficientNet, Global Context Modeling using Swin Transformer, Feature Fusion and
Classification, and Interactive Visualization and Report Generation. The framework processes CT images through a
sequential pipeline where input images first undergo preprocessing and augmentation, then pass through parallel
CBAM-EfficientNet and Swin Transformer branches for feature extraction, followed by feature fusion and
classification, and finally visualization and report generation.

Table 1: System Module Description

Module Function Input Output
Preprocessing Image normalization and | Raw CT Images | Normalized Images
enhancement (512x512) (224%224)
CBAM-EfficientNet Local feature extraction 224%224x%3 Feature Maps (7x7x2560)
Swin Transformer Global context modeling | 224x224x3 Feature Maps (7x7x1024)
Feature Fusion Concatenation of features | F CNN + F_ViT Fused Features
(7x7%3584)
MLP Classifier Classification and | Fused Features Class Labels
prediction
Visualization Grad-CAM heatmap | Feature Maps Attention Heatmaps
generation

3.2 Dataset Description and Preprocessing

The framework is evaluated on two benchmark datasets: the Lung-PET-CT-Dx dataset containing PET-CT
scans with annotated lung cancer cases and the LIDC-IDRI collection containing diagnostic and lung cancer screening
thoracic CT scans with nodule annotations.

Table 2: Dataset Statistics

Dataset Total Images | Cancer Normal Training Validation Testing
Cases Cases (70%) (15%) (15%)

Lung-PET- 12,000 7,200 4,800 8,400 1,800 1,800

CT-Dx

LIDC-IDRI 10,000 6,000 4,000 8,000 - 2,000

All CT images are resized to 224x224 pixels to maintain consistency with EfficientNet input requirements.
Pixel intensity values are normalized to the range [0,1] using min-max normalization:

I — Imin

Lnorm =

Imax

- Imin

where I norm is the normalized pixel value, I is the original pixel value, I min is the minimum pixel value, and

I _max is the maximum pixel value.

Histogram equalization is applied to improve image contrast and enhance nodule visibility. To improve model
generalization and mitigate overfitting, aggressive augmentation techniques are applied including random rotation of
+30 degrees, random horizontal and vertical flipping, random zoom of 0.8 to 1.2, and random brightness and contrast

adjustment.
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Table 3: Augmentation Parameters

Augmentation Type Parameter Range Probability
Random Rotation +30° 0.5
Horizontal Flip - 0.5
Vertical Flip - 0.3
Random Zoom 0.8-12 0.5
Brightness Adjustment +0.2 03
Contrast Adjustment +0.2 0.3

3.3 CBAM-EfficientNet for Local Feature Extraction

EfficientNet is selected for its parameter efficiency achieved through compound scaling. The architecture
uniformly scales network depth, width, and resolution using a compound coefficient ¢:

Depth:d = a®Width:w = f®Resolution:r = y¢

where a, B, y are constants determined by a grid search, with a-By? = 2.

Table 4: EfficientNet Variants and Parameters

Variant Depth (d) Width (w) Resolution (r) Parameters FLOPs (B)
™M)

EfficientNet-BO | 1.0 1.0 224x224 53 0.39

EfficientNet-B3 | 1.8 1.4 300%300 12.0 1.8

EfficientNet-B5 | 2.6 1.8 456x456 30.0 9.9

The Convolutional Block Attention Module is integrated with EfficientNet to emphasize essential spatial and
channel features. The CBAM module applies sequential attention along two dimensions.

Channel Attention Module:
M, (F) = o (MLP(Angool (F) + MLP(MaxPool(F)))
Spatial Attention Module:
Ms(F) = o(f77([vgPool(F)MaxPool(F)]))
The refined feature map is computed as:
F'=M(F)® FF'=M,(F)® F'

where @ denotes element—wise multiplication and o is the sigmoid activation
function.

Table 5: CBAM Module Specifications

Component Input Shape

HxWxC

Operation Output Shape

1x1xC

Channel Attention AvgPool + MaxPool +

MLP
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Spatial Attention HxWxC AvgPool + MaxPool + | HxWx1
Conv7x7

Feature Refinement HxWxC Element-wise HxWxC
Multiplication

The Gray Wolf Optimization algorithm is employed for hyperparameter optimization. GWO simulates the

social hierarchy and hunting behavior of gray wolves. The position update equations are:

where:

D=IC-X,(t) - X | X(t+1) =X,(t) —A-D

re > — =4
A=2a-M—aC=2-1,

with a decreasing linearly from 2 to 0, and r1, > being random vectors in [0,1].

Table 6: GWO Hyperparameter Optimization Results

Hyperparameter Search Range Optimal Value
Learning Rate le-5 to le-3 1.5¢e-4

Batch Size 16 to 64 32

Epochs 30 to 100 50

Dropout Rate 0.2t0 0.6 0.5

GWO Iterations 10 to 50 30

Number of Wolves 10 to 30 15

3.4 Swin Transformer for Global Context Modeling

The Swin Transformer variant employs hierarchical feature representation with shifted window-based self-
attention. The architecture processes images through successive stages.

Stage 1: Patch Partition and Linear Embedding
X = Conv2D(agekernel_size = 4stride = 4)

Stage 2: Swin Transformer Blocks

T

Vd

Stage 3: Shifted Window Attention for cross-window connectivity

, Q
Attention(V) = SoftMax < +B |V
Stage 4: Patch Merging for hierarchical downsampling

The Swin Transformer employs local window-based attention to reduce computational complexity:
Complexity(7h = 56w = 56) = 4hw(C? + 2M?*hw(C

where M is the window size and h, w are feature map dimensions.

Table 7: Swin Transformer Architecture Details

Stage Output Size Window Size Attention Type Blocks
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Stage 1 56x56x96 77 W-MSA 2
Stage 2 28%28x192 77 SW-MSA 2
Stage 3 14x14x384 77 W-MSA 6
Stage 4 TXTxT68 77 SW-MSA 2

3.5 Feature Fusion and Classification

Features from CBAM—EfficientNet (F_CNN € R"(7X7%2560)) and Swin Transformer
(F_ViT € R™N(7X7%x1024)) are concatenated:

Ffused = [FViT] € R7X7x3584

The fused features are flattened and passed through a multi-layer perceptron classifier:

hy = ReLU(W, - Flatten(Ffyseq) + by )h, = Dropout(rate = 0.5)Output
= Softmax(W, - h, + b,)

Table 8: MLP Classifier Architecture
Layer Input Shape Operation Output Shape Parameters
Flatten 7x7%3584 Reshape 175,616 0
Dense 1 175,616 Linear + ReLU 512 89,916,928
Dropout 512 Dropout (0.5) 512 0
Dense 2 512 Linear + ReLU 256 131,328
Dropout 256 Dropout (0.3) 256 0
Output 256 Linear + Softmax 4 1,028

The loss function is categorical cross-entropy:

L= —Z yi - log(¥;)

Table 9: Training Hyperparameters

Parameter Value

Input Image Size 224 x 224 x 3
Batch Size 32

Learning Rate le-4
Optimizer Adam

Betal 0.9

Beta2 0.999
Epsilon le-8

Total Epochs 50
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Early Stopping Patience 10
Dropout Rate 0.5
Weight Decay le-5
Gradient Clipping 1.0

3.6 Interactive Visualization and Reporting

Grad-CAM is applied to generate attention heatmaps that highlight regions influencing the model's decision:
c
G=1y Yy 2
Z L - QAL
i Ji Y

Lraa-cam = ReLU Z aj - A*
K

where A"k are feature maps from the final convolutional layer.

Table 10: Visualization Output Specifications

Output Component Description Format
Classification Result Cancer type prediction Text Label
Confidence Score Prediction probability (0-1) Numeric
Attention Heatmap Grad-CAM visualization Image Overlay
Tumor Localization Bounding box coordinates Image Overlay
Diagnostic Report Comprehensive analysis Text Report

4. Experiments and Results

4.1 Evaluation Metrics

Multiple evaluation metrics are employed to comprehensively assess model performance:

TP+TN
TP+TN+ FP +FN

TP
TP + FP

TP
TP +FN

Accuracy =

Precision =

Recall =

Precision X Recall
F1 —Score =2 X

Precision + Recall

TN

Specificity = m
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AUC — ROC =f

4.2 Baseline Models Comparison

1

0

TPR(FPR) dFPR

Table 11: Baseline Model Performance Comparison

Model Accuracy Precision Recall F1-Score Specificity AUC-ROC
ResNet-50 89.2% 88.1% 89.2% 88.6% 88.8% 0.945
DenseNet- 91.5% 90.3% 91.7% 91.0% 91.2% 0.962
121
VGG16 88.3% 87.1% 89.2% 88.1% 87.5% 0.931
InceptionV3 | 90.7% 89.8% 91.1% 90.4% 90.3% 0.953
EfficientNet- | 93.2% 92.1% 93.5% 92.8% 92.9% 0.971
BO
ViT 90.5% 89.8% 91.1% 90.4% 89.9% 0.948
(standard)
Swin 91.8% 90.9% 92.3% 91.6% 91.3% 0.958
Transformer

4.3 Performance on Lung-PET-CT-Dx Dataset

Table 12: Performance on Lung-PET-CT-Dx Dataset

Model Accuracy Precision Recall F1-Score Specificity AUC-ROC
CBAM- 99.81% 99.72% 99.85% 99.78% 99.76% 0.9998
EfficientNet
(GWO)
Swin 96.45% 95.89% 96.72% 96.30% 96.18% 0.987
Transformer
EfficientNet- | 95.32% 94.67% 95.89% 95.28% 94.78% 0.981
B3
EfficientNet- | 95.89% 95.21% 96.12% 95.66% 95.67% 0.984
BS
ViT (large) 94.78% 94.12% 95.34% 94.72% 94.23% 0.979
Fused Model | 99.28% 98.95% 99.12% 99.03% 99.45% 0.9994
(Ours)
Fused Model | 99.51% 99.38% 99.52% 99.45% 99.58% 0.9996
(Ensemble)

Lung Cancer Detection
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5. Conclusion and Future Work

This paper presented an integrated computational framework for lung cancer detection that combines CBAM-
EfficientNet with Swin Transformer for robust classification, along with interactive visualization and automated
diagnostic reporting. CBAM-EfficientNet with GWO optimization achieves outstanding performance of 99.81%
accuracy on the Lung-PET-CT-Dx dataset, confirming the effectiveness of attention-enhanced CNN architectures with
bio-inspired optimization. Hybrid CNN-ViT fusion demonstrates strong complementary benefits, with the fused
model achieving 99.28% accuracy, leveraging EfficientNet's local feature extraction and Swin Transformer's global
context modeling. The ensemble variant further improves performance to 99.51% accuracy, showcasing the benefits

of model diversity.
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Interactive visualization through Grad-CAM attention maps enhances clinical interpretability, addressing a
critical barrier to Al adoption in medical practice. The integrated framework provides an end-to-end solution bridging
detection, visualization, and reporting, demonstrating practical potential for clinical workflow integration. The
computational analysis reveals that while the fused model has higher parameter count (101.2M) and inference time
(148.2ms) compared to single models, the performance gains justify the additional complexity.

Several promising directions for future research have been identified. Extending the framework to process 3D
CT volumes rather than 2D slices could improve detection accuracy by capturing spatial relationships across multiple
slices. Incorporating clinical metadata including patient history, demographics, and biomarkers alongside imaging
data could enhance diagnostic precision. Implementing federated learning could enable collaborative model training
across multiple institutions while preserving patient data privacy. Developing more advanced explainability
techniques, including Layer-wise Relevance Propagation and SHAP analysis, could further improve clinician trust.
Optimizing the framework for deployment in resource-constrained environments through model quantization and
pruning could facilitate real-world clinical adoption. Extending beyond binary classification to multi-class
classification of lung cancer subtypes including adenocarcinoma, squamous cell carcinoma, and large cell carcinoma
would provide more detailed diagnostic information.
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  A t t e n t i o n  ( V ) = S o f t M a x  (   Q   K  T   d + B ) V


  C o m p l e x i t y  ( 7 h = 56 w = 56 ) = 4 h w   C 2 + 2   M 2 h w C


    F  f u s e d =  [   F  V i T ] ∈   R  7 × 7 × 3584


   h 1 = R e L U  (   W 1 ⋅ F l a t t e n  (   F  f u s e d ) +   b 1 )  h 2 = D r o p o u t  ( r a t e = 0 . 5 ) O u t p u t = S o f t m a x  (   W 2 ⋅  h 2 +   b 2 )


  L = −  ∑    y  i ⋅ l o g ⁡  (     y ^  i )


    𝛼  k  c =  1  Z   ∑  i    ∑  j    𝜕   y  c  𝜕   A  i j  k


    L  G r a d − C A M  c = R e L U  (   ∑  k    𝛼  k  c ⋅   A  k )


    L  G r a d − C A M  c = R e L U  (   ∑  k    𝛼  k  c ⋅   A  k )


  A c c u r a c y =   T P + T N  T P + T N + F P + F N


  P r e c i s i o n =   T P  T P + F P


  P r e c i s i o n =   T P  T P + F P


  R e c a l l =   T P  T P + F N


  R e c a l l =   T P  T P + F N


  F 1 − S c o r e = 2 ×   P r e c i s i o n × R e c a l l  P r e c i s i o n + R e c a l l


  F 1 − S c o r e = 2 ×   P r e c i s i o n × R e c a l l  P r e c i s i o n + R e c a l l


  S p e c i f i c i t y =   T N  T N + F P


  S p e c i f i c i t y =   T N  T N + F P


  A U C − R O C =   ∫ 0 1  T P R  ( F P R )   d F P R

