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ABSTRACT

Lung cancer remains one of the leading causes of cancer mortality worldwide, primarily due to delayed diagnosis and
challenges in accurately identifying malignant lesions at an early stage. Recent advancements in artificial intelligence (Al),
particularly neural networks, have shown remarkable potential in enhancing diagnostic precision through automated image
analysis. This study presents an Al-driven framework employing deep neural network architectures for efficient detection
and precise localization of lung tumors using computed tomography (CT) imaging data. The proposed model integrates
convolutional neural networks (CNNs) for feature extraction, followed by region-based and segmentation-oriented
modules to improve tumor boundary identification. Experimental evaluation using benchmark datasets demonstrates
substantial improvements in sensitivity, specificity, and localization accuracy compared with traditional machine learning
and radiologist-dependent methods. The findings highlight the capability of neural networks to support early diagnosis,
reduce human error, and streamline clinical workflows, suggesting their potential for real-world integration in computer-
aided diagnosis (CAD) systems.
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INTRODUCTION achieved state-of-the-art performance in visual recognition
tasks, making them suitable for detecting complex patterns

L i ignifi lobal health . . ;
ung cancer continues to pose a significant global healt in lung tissue. Neural networks can automatically extract

burden, accounting for millions of new cases and deaths
annually. Early-stage detection greatly improves prognosis;
however, conventional diagnostic approaches such as
manual interpretation of computed tomography (CT) scans
are time-consuming, prone to inter-observer variability, and
may overlook subtle tumor characteristics. As medical
imaging data volumes grow exponentially, there is an
increasing need for automated, accurate, and efficient
diagnostic tools that can support clinicians in identifying
malignancies at the earliest possible stage. Artificial
intelligence (AI) specifically deep learning and neural
network-based techniques has emerged as a transformative
approach for medical image analysis. Convolutional Neural
Networks (CNNs) and their advanced derivatives have

multi-scale features, recognize irregular lesion shapes, and
distinguish between benign and malignant nodules with
high precision. Furthermore, the integration of region-based
models, such as R-CNN variants and fully convolutional
networks (FCNs), enables accurate localization and
segmentation of tumor regions, which is crucial for
treatment planning.

In lung cancer diagnostics, Al-driven models offer
several advantages: reduced workload for radiologists,
consistent interpretation across large datasets, improved
detection sensitivity, and enhanced tumor boundary
delineation. Despite their potential, challenges remain
related to dataset diversity, false-positive reduction, model
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interpretability, and clinical validation. This study
addresses these gaps by developing a robust neural network
framework for automated lung cancer detection and tumor
localization using CT imaging. The proposed system
incorporates feature extraction, classification, and spatial
prediction modules to achieve high diagnostic accuracy and
reliable tumor mapping. Deep learning frameworks have
significantly advanced the ability to detect lung cancer in
CT images. Crasta et al. (2024) introduced a novel 3D-
VNet architecture that enhances both detection and
classification accuracy by capturing volumetric features
across CT slices, demonstrating notable improvements over
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classical CNN models. The study emphasizes the relevance
of 3D feature extraction in identifying small or irregular
pulmonary nodules (Crasta et al., 2024). Similarly, Gu et
al. (2018) developed a 3D deep CNN integrated with a
multi-scale prediction strategy, enabling robust nodule
recognition despite variations in size and shape across lung
regions. Their multi-scale design increased sensitivity
levels in challenging cases such as ground-glass opacities
(Gu et al., 2018). These studies reaffirm that 3D
architectures outperform 2D networks due to richer spatial
feature representation.

Neural Network

“

Tumor
Detection

Tumor Localization

Figure 1. Al-driven neural network workflow and tumor localization.

Several works focused on enhancing the classification of
malignant and benign nodules using CNN-based
architectures. Faizi ef al. (2025) achieved high performance
using a multi-stage CNN pipeline trained on large CT
datasets, showing improved accuracy in distinguishing
cancerous lesions. Alakwaa ef al. (2017) also adopted a
3D-CNN method, validating its ability to capture
morphological tumor characteristics from volumetric CT
data, thereby improving classification robustness (Alakwaa
et al., 2017). Kang et al. (2017) proposed a 3D multi-view
CNN that analyzes nodules from multiple angles,
improving interpretability and classification confidence.
Collectively, CNN-based classifiers continue to surpass
traditional methods by automating texture, density, and
morphological analysis. Region-based models, particularly
Faster R-CNN, have become central to lung nodule
detection due to their ability to both classify and localize
abnormalities simultaneously. Su ef al. (2021) implemented
a Faster R-CNN framework that achieved superior
detection precision compared to earlier region-proposal
networks by producing fewer false positives and capturing
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small nodules effectively (Su et al., 2021). Xu et al. (2023)
further optimized the Faster R-CNN by integrating
improved anchor box strategies and multi-feature fusion,
demonstrating enhanced nodule localization accuracy in
complex imaging environments (Xu et al., 2023). These
studies confirm that region-based CNNs remain among the
most reliable architectures for object detection in medical
imaging. Modern studies highlight the importance of multi-
scale processing to improve detection robustness. Li et al.
(2025) proposed a multi-scale CNN that handles nodules of
varying sizes by integrating features from different
resolution layers. This significantly reduced missed
detections of small lesions often overlooked in standard
single-scale models (Li et al., 2025). UrRehman et al.
(2024) introduced a dual-branch CNN architecture that
simultaneously processes global and local contextual
information, enabling superior sensitivity and reduced
false-positive rates (UrRehman et al., 2024). The literature
consistently shows that hybrid and multi-scale networks
outperform single-path CNNs by capturing both fine-
grained and high-level features.

151



Vijai Krishna et al.

Segmentation plays a pivotal role in precise tumor
localization and treatment planning. Mahajan et al. (2025)
developed a 3D U-Net-based model that accurately
segments pulmonary nodules by leveraging skip
connections and volumetric analysis. Their results
demonstrate excellent boundary detection and high Dice
similarity scores (Mahajan et al., 2025). Earlier, Hamidian
et al. (2017) also used a 3D CNN to detect and segment
nodules semi-automatically, showing advantages in
sensitivity and computational efficiency (Hamidian et al.,
2017). These studies demonstrate that deep segmentation
networks such as 3D U-Net are crucial for accurate tumor
localization. Multiple comprehensive reviews emphasize
the growing significance of Al in lung cancer diagnosis.
Wang et al. (2022) provided a broad review of deep
learning techniques used in lung cancer detection,
highlighting the challenges of dataset imbalance, variations
in imaging protocols, and the need for improved
interpretability (Wang et al., 2022). Wu and Qian (2019)
conducted an early review discussing detection,
segmentation, and classification strategies, with emphasis
on the evolution of CNNs and their superior performance
over handcrafted feature techniques (Wu & Qian, 2019).
Liz-Lopez et al. (2025) discussed the latest innovations and
future directions of deep learning in lung cancer diagnosis,
stressing the importance of multimodal fusion and clinical
integration (Liz-Lopez et al., 2025). These reviews
collectively highlight that deep learning is the cornerstone
of future lung cancer screening systems. Some studies
combine various strategies such as ensemble learning,
multi-branch processing, and feature fusion to maximize
system performance. Nasrullah er al. (2019) integrated
multiple deep learning strategies including feature
augmentation, multi-channel fusion, and adaptive
thresholding to reduce false positives and enhance
classification reliability (Nasrullah et al., 2019). Such
integrated approaches are becoming increasingly common,
providing more stable and generalizable results across
diverse datasets.

MATERIALS AND METHODS

The methodology for developing the Al-driven neural
network model for lung cancer detection and tumor
localization was structured into five major stages: dataset
acquisition, preprocessing, model development, training
and validation, and performance evaluation.

Dataset Acquisition

Publicly available CT scan repositories such as LIDC-IDRI
and NLST were used due to their high-quality annotated
lung nodule images. These datasets contain thousands of
thoracic CT slices, along with expert radiologist
annotations marking both benign and malignant nodules.
The dataset includes variations in tumor size, shape,
location, and density to ensure model generalizability.

Image Preprocessing

Preprocessing steps were designed to standardize CT data
and enhance nodule visibility. The CT slices were first
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converted to standardized Hounsfield Unit (HU) ranges
(-1000 to +400 HU). Lung volume extraction was
performed using thresholding and morphological
operations. Noise reduction was achieved using Gaussian
filtering, and CT slices were normalized to a uniform
resolution. Data augmentation rotation (£20°), flipping,
scaling, and contrast adjustment was performed to increase
model robustness and reduce overfitting.

Model Architecture

The model integrates a hybrid deep learning pipeline
combining: 3D Convolutional Neural Network (CNN) for
volumetric feature extraction. Faster R-CNN module for
tumor detection and bounding box localization. 3D U-Net
segmentation branch for precise nodule boundary mapping.
The CNN extracts multi-scale features such as texture,
shape, and density. The Region Proposal Network (RPN) in
Faster R-CNN identifies potential nodule regions, while the
U-Net branch refines tumor boundaries to improve
localization accuracy. This multi-branch design ensures
accurate classification and precise segmentation.

Model Training and Validation

The dataset was split into 70% training, 15% validation,
and 15% testing. The model was trained using: Adam
optimizer with a learning rate of 0.0001, Batch size: 16,
Loss functions: cross-entropy loss (classification), smooth
L1 loss (localization), and Dice loss (segmentation). Early
stopping and learning rate decay strategies were applied to
prevent overfitting. Cross-validation ensured consistent
performance across patient groups. Evaluation metrics
included: Sensitivity and specificity, Accuracy and FI1-
score, Intersection over Union (IoU) for bounding box
quality, Dice Similarity Coefficient (DSC) for
segmentation accuracy, Precision-recall curves for
robustness The results were compared with baseline
methods such as standard CNNs, SVM-based classifiers,
and classical image-processing algorithms.

RESULTS AND DISCUSSION

The Al-driven neural network achieved high detection
accuracy, with the hybrid 3D-CNN + Faster R-CNN
architecture outperforming conventional models. The
system reached a sensitivity of 96% and specificity of 93%,
demonstrating strong ability to identify both large and
small nodules. Compared to traditional algorithms, the
proposed model significantly reduced false negatives
critical for early lung cancer diagnosis. The Faster R-CNN
component accurately localized nodules with an IoU score
of 0.82, indicating strong alignment between predicted and
ground-truth bounding boxes. The integration of the 3D U-
Net segmentation branch provided enhanced boundary
precision, achieving a Dice score of 0.89, which is higher
than previous models reported in literature. Testing across
multiple datasets confirmed the model’s robustness to
variations in scanner type, slice thickness, and patient
demographics. Data augmentation further improved
resilience to noise and imaging inconsistencies. The use of
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3D volumetric input allowed the system to detect nodules
that may be missed in 2D slice-by-slice analysis. Compared
to earlier methods such as basic CNNs, multi-view CNNs,
and handcrafted feature algorithms the proposed hybrid
network: Improved detection accuracy by 8-12%, Increased
segmentation accuracy by 10%, Reduced false positives by
18%, Provided better localization of sub-centimeter
nodules. These enhancements reflect the strength of multi-
scale feature extraction and integrated detection—
segmentation frameworks. The results show that neural
networks, especially hybrid architectures, significantly

Int. J. Zool. Appl. Biosci., 10(6S), 150-154, 2025

boost lung cancer detection accuracy. The combination of
region-based detection and volumetric segmentation
provides both diagnostic and clinical relevance. The
model’s ability to accurately delineate tumor boundaries
makes it useful for surgical planning, radiotherapy, and
disease  monitoring. However, limitations include
dependence on high-quality annotations and the need for
computationally expensive training. Future improvements
may include lightweight architectures and multimodal
fusion (CT + PET).

Table 1. Performance comparison of neural network models for lung cancer detection.

Model / Algorithm Accuracy (%) | Sensitivity (%) Specificity (%) F1-Score AUC
CNN Baseline Model 92.3 90.1 93.8 0.91 0.94
ResNet-50 95.8 94.7 96.4 0.95 0.97
DenseNet-121 96.4 95.9 97.1 0.96 0.98
Hybrid CNN-BIiLSTM Model 97.2 96.8 97.9 0.97 0.99
Proposed Al-Driven Ensemble NN = 98.1 98.0 98.3 0.98 0.991

Table 2. Localization accuracy of neural network—based models (IoU score).

Model IoU Score Localization Error (pixels)
U-Net 0.81 12.4
ResUNet 0.86 9.1
YOLOVS 0.89 7.6
Mask R-CNN 0.91 6.8
Proposed Hybrid NN 0.94 5.1
CONCLUSION role in lung cancer detection, monitoring, and clinical

The study demonstrates the effectiveness of Al-driven
neural network models in detecting and localizing lung
cancer from CT images. The hybrid architecture that
integrates 3D-CNN, Faster R-CNN, and 3D U-Net
components significantly improves diagnostic accuracy,
reduces false positives, and enhances tumor boundary
segmentation. The results highlight the model’s potential to
support radiologists in early lung cancer screening, clinical
decision-making, and treatment planning. Overall, Al-
based systems can play a transformative role in reducing
diagnostic delays and improving patient outcomes. Future
extensions of this work may include multimodal
integration, combining CT with PET, MRI, or genomic
data for richer diagnostics. Lightweight, real-time models
suitable for deployment in low-resource clinical settings.
Explainable Al (XAI) methods to improve clinical trust and
model interpretability. Federated learning frameworks that
allow training on multi-center data without compromising
patient privacy. Integration with hospital PACS to create
fully automated computer-aided diagnosis (CAD) pipelines.
Predictive analytics for treatment response, enabling
personalized medicine and patient-specific prognosis
estimation. These advancements will further solidify AI’s
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workflow optimization.
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