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Abstract— Lung cancer is the leading cause of cancer death which demands timely and accurate diagnosis to improve 
patient outcomes. Computed tomography (CT) scans are often poorly localized and identified using manual interpretation and 
standard deep learning methods to find multi-scale features. Two publicly available datasets, which are the IQ-OTH/NCCD 
Lung Cancer Dataset and the Chest CT-Scan Images Dataset are used to perform experiments. It is proposed to use the hybrid 
attention-enhanced CNNViT framework based on ResNet50, DenseNet169, EfficientNetV2-Medium, ConvNeXt-Base, 
InceptionNeXt-Base, MobileViT-Small, ConViT-Base, Swin-Base, MaxViT-Base, and DeiT3-Base to classify images, and 
YOLOv5, YO Preprocessing includes image resizing to 299x299, image data augmentation, normalizing tensors and stratified 
data division, at the same time YOLO datasets are cleaned with bounding box labels. GradCAM generates heatmaps 
highlighting noteworthy regions, whereas a Flask-based interface allows a thorough interaction with the user. ConvNeXt-Base 
has a peak classification rate of 99.09% on the IQ-OTH/NCCD data, and InceptionNeXt-Base has a peak accuracy rate of 
99.01% on the chest CT-scan dataset. The highest mean average precision (mAP) of 72.8% is achieved with YOLOv5 in 
detection. The approach exhibits enhanced robustness, equitable performance, and elucidated predictions by the integration of 
categorization and detection inside a cohesive system. 

“Keywords— Lung Cancer Detection, Computed Tomography, Hybrid CNN–Vision Transformer, Attention Mechanisms, 
Deep Learning, Explainable AI”. 
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I. INTRODUCTION  

Lung cancer remains among the most prevalent and deadly 
cancers worldwide, with a huge effect on mortality rates. The 
disease is caused by unusual cell growth in lung tissues and 
often progresses rapidly to cause severe breathing 
complications. In spite of the improvements in the medical 
field, lung cancer continues to affect millions of people every 
year, and the survival rates largely depend on the timely 
diagnosis and timely treatment. The epidemiological evidence 
shows that there is an increasing number of diagnosed cases 
and associated deaths, which is why there is a need to develop 
improved diagnostic methods that will improve clinical 
decision-making and patient care [1]. These subdivisions of 
lung cancer into primary subgroups highlight the complexity 
of accurate diagnosis and development of the treatment 
strategy [2]. 

Conventional diagnostic techniques, such as screening 
through imaging and invasive clinical interventions, play a 
crucial role in identifying the lung issues. However, because 
of the methods, they often involve significant costs, long 
analysis times, and potential suffering of patients. In addition, 
small nodules in the lungs or small pulmonary cancers are 
sometimes not detected or misunderstood due to their 
unobtrusive appearance. Human judgment of imaging data is 
based on professional skill and prone to inconsistency and 
error, and this limits the reliability of a diagnosis. Although 
advancement in technology has improved imaging and 
produced better diagnostic systems, the need to have 
automated and accurate diagnostic assistance systems has 

remained a major hitch in the medical imaging analysis [3], 
[4], [5]. 

In the recent past, development of advanced computational 
techniques has enabled automatic interpretation of medical 
imaging data, which has brought about tremendous 
improvement in disease diagnosis and classification accuracy. 
High level learning models have demonstrated the ability to 
identify complex visual characteristics and identify tiny 
defects which can be overlooked by human evaluation. Such 
methodologies have drawn increased attention due to their 
ability to enhance diagnostic efficacy and consistency across 
different imaging modalities. The primary objective is to 
develop an effective and powerful diagnostic system capable 
of adequately identifying the lung abnormalities in medical 
imaging, and surpass the constraints of existing automated 
systems [6], [7], [8]. 

The use of advanced computer analysis in the diagnosis of 
lung cancer has significant therapeutic and social 
implications. Proper and prompt diagnosis can enable prompt 
treatment, higher of survival, and reduced cost of treating 
illnesses at an advanced stage. Moreover, an increased 
diagnostic reliability would assist physicians to select the most 
optimal treatment to apply on an individual patient and 
minimized the scope of views, which are involved in clinical 
assessment. The introduction of high-image analysis systems 
makes it easier to launch scalable screening programs and 
access to diagnostic services, particularly in regions with 
limited medical expertise. These inventions have the potential 
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of transforming the diagnostic processes and improving 
patient outcomes across the globe [9], [10]. 

II. LITERATURE REVIEW 

The recent advances in artificial intelligence have 
drastically influenced automated lung cancer detection 
through medical imaging. In [11], it is clearly indicated that 
deep learning algorithms are rapidly being employed to 
enhance accuracy and reduce the human factor in lung cancer 
diagnosis. The survey of [12] explores various deep learning 
architectures applied to CT imaging, demonstrating the 
improved feature extraction and classification performance 
compared to traditional machine learning tools. Although 
these studies provide much important information about the 
existing methods, they mainly focus on the summarization of 
structures rather than addressing the problems related to multi-
scale feature representation and lesion localization. 

Many studies have introduced tailored attention-based and 
neural network models to enhance the effectiveness of 
diagnosis. MorphAttnNet framework, proposed in [13], 
integrates morphological feature extraction with attention 
mechanisms to help improve the accuracy of subtype 
classification, and showed promising results when detecting 
structural tumor features. Another approach in [14] introduces 
a two-way recurrent neural network enhanced with a bio-
inspired algorithm to enhance the classification stability and 
accuracy. GoogLeNet-AL framework in [15] is an adaptive 
automated detection framework that improves adaptation of 
the model to various situations in imaging. These methods 
have good classification abilities, but often rely on single-
model designs, which limits their ability to extrapolate to 
different datasets and imaging complexities. 

Ensemble learning techniques have also been of interest in 
improving the detection strength and reliability of 
classification. The ensemble-based deep learning system 
described in [16] incorporates multiple neural configurations 
to complement diagnostic accuracy of thoracic CT images, 
and exhibits superior performance through model diversity. 
The interpretable architecture of [17] introduces explainable 
artificial intelligence to improve transparency in diagnostic 
predictions, which contributes to a better clinical trust and 
interpretability. At the same time, federated learning coupled 
with blockchain technology in [18] enhances data privacy and 
efficiency of distributed training, reducing the privacy 
concerns of medical data sharing. Despite such progress, 
explainable and ensemble frameworks often increase the 
computational load and can require significant amounts of 
computer resources, therefore limiting real-time clinical 
application. 

Advanced studies have been done on new network 
architecture to learn more features and classify them. The 
capsule-network-based ensemble model introduced in [19] 
extends the spatial feature representation and improves 
detection based on the hierarchical linkage of imaging data. 
Lung-EffNet, introduced in [20], makes use of the 
EfficientNet architecture to achieve high classification rates 
and to achieve computing economy. Although these 
techniques perform highly, there are still challenges in 
achieving a trade-off between computing economy, multi-
scale feature learning and accurate localization of lesions in 
various datasets. 

In spite of the significant progress in automated lung 
cancer detection, the existing methodologies often face the 
challenge of concurrently measuring local and global image 
features at the same time without compromising computing 
efficiency and model interpretability. Many of these 
frameworks focus on categorization, but do not provide 
comprehensive lesion detection and visualization capabilities. 
This question addresses these issues by offering a combined 
hybrid learning system that will improve the extraction of 
multiple features, improve reliability in detection and provide 
diagnostic information that can be explained. This approach 
aims to build resilience and offer balanced performance in a 
variety of CT imaging datasets thereby enabling reliable 
clinical decisions. 

III. MATERIALS AND METHODS 

 The system will aim to provide accurate classification of 
lung cancer and anomalies detection using IQ-OTH/NCCD 
Lung Cancer Dataset and Chest CT-Scan Images Dataset. The 
framework processes CT images through a structured pipeline 
comprising data ingestion, quality improvement, 
transformation and equitable partitioning of data sets to enable 
reliable model training and validation. Different baseline deep 
learning frameworks are evaluated to establish performance 
rates, followed by a simplified hybrid CNNVision 
Transformer model with InceptionNeXt blocks added and 
combined grid and block attention to augment multi-scale 
feature extraction and contextual representation. The 
framework improves diagnostic potential by combining the 
YOLO-based object detection models to the automated 
localization of suspicious regions and GradCAM-based 
explainable visualization that highlights important features 
which influence classification decisions. A Flask-based 
interface enables straightforward set-up and interaction with 
users ensuring accessibility and scalability. The hybrid system 
enhances diagnostic accuracy, interpretability and stability, 
and is a comprehensive and clinically useful model of 
automated lung cancer analysis on a wide range of CT image 
data. 

 
Fig. 1.  Proposed Architecture 

The system architecture includes a hybrid deep learning 
architecture that is aimed at lung cancer classification and 
anomaly detection. The input CT image is sequentially 
processed by setting up feature extension at different stages 
that encompass hybrid blocks which contain convolutional 
and attention-based processing. Inception depthwise 
convolution obtains multi-scale spatial representation, and 
the grid and block attention modules enhance the contextual 
representation and focus on salient areas. The hierarchical 
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feature refinement is implemented through iterative steps of 
hybridization, followed by pooling and completely connected 
layers. The end output layer will classify photos into a range 
of lung cancer types, which ensures effective and accurate 
diagnosis. 

A) Dataset Collection  

The experimental paper uses the IQ-OTH/NCCD 
Lung Cancer Dataset and the Chest CT-Scan Images Dataset 
that was obtained in the context of the publicly available 
medical imaging repositories. The IQ-OTH/NCCD data has 
1,190 CT scan slices of 110 patients who were categorized 
into normal, benign and malignant groups and collected using 
standardized clinical imaging methods. The Chest CT dataset 
includes the images of adenocarcinoma, large cell carcinoma, 
squamous cell carcinoma, and normal cases in the JPG/PNG 
format, as well as pre-defined training, validation, and testing 
sets. The combined datasets provide diverse imaging 
characteristics, which support reliable training and testing of 
the model in a range of lung cancer types. 

 
Fig.2 IQ-OTH/NCCD - Lung Cancer Dataset 

 
Fig.3 Chest CT-Scan images Dataset 

 

B) Pre-Processing 

Enhancing the quality of data, generalizing the models, 
and ensuring dependable learning depends on effective 
preprocessing. This on-the-fly pipeline ensures that the 
imaging data is more predictable, balances the distribution of 
data in datasets, and provides structured data to applications 
that consume the classification and detection. 

Image Data Augmentation: To ensure that datasets are 
more varied and to enable models to operate under more 
situations, image data enhancement and standardization is 
performed. In addition, all the input images are downsampled 
to the same resolution to ensure that the set appears the same. 
The changes in picture location and orientation are made to 
appear as in real life by extra enhancement techniques such 
as horizontal flipping and spatial translation. Then the 
pictures are converted into quantified numerical 
representations which can be computed with. These 
alterations enable the model to be less prone to overfitting, 
more capable of adapting to changes in space, and more 
capable of learning various visual patterns. 

Detection Dataset Integration and Configuration: In the 
case of the detection job, multiple picture datasets are 
grouped into a single one to make the sample more diverse 
and present a greater number of lung disorders. The collection 
of consolidations is organized, with definitions of annotations 
that associate the image locations with the class labels. A 
common dataset structure is defined to outline data paths and 
category definitions. This phase will ensure that it is 
compatible with object identification systems, enhances 
training efficiency and increases the ability of the model to 
identify and localize suspicious areas with a high level of 
reliability and across various imaging sources. 

Dataset Loading: A systematic way of loading the 
datasets and transforming them is implemented to organize 
and prepare imaging data to be used in training models. Here 
you will obtain the whereabouts of the picture files and do 
some adjustments to ensure that the data style and quality are 
identical. The transformation chain ensures that all the 
samples have been preprocessed in such a manner that there 
is less variation and enhances training stability. Automation 
of data preparation, in the process of model creation, 
accelerates the process of processing data, facilitates its reuse, 
and ensures the integrity of the dataset structure. 

Stratified Data Partitioning: Stratification of partition 
data is possible, that is, the data is divided into training and 
evaluation sets with the same number of classes in each set. 
This process ensures every subgroup is representative of the 
characteristics of the whole dataset, therefore, preventing the 
issue of class imbalance that may negatively affect training a 
model. Balanced partitioning enhances the reliability of 
models, and assessment fairness, as well as making it easier 
to generalize to unobserved data sets. Representative 
distributions in subsets would enable the consistency in 
performance and alleviate bias in model validation and 
testing. 

Parallel Dataset Structuring for Classification: The 
structure of classification tasks is set up in parallel datasets, 
with a diagnostic label linked to each picture that is 
processed. This organized way of thinking will make it easy 
to get data and make sure that pictures that are inputted are 
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correctly matched with categories that are outputted. Its 
parallel structure allows the training workflows to be easily 
connected to classification models and simplifies their 
management. The phase facilitates data access, enhances 
accuracy in training, and ensures a consistent performance of 
different classification architectures through constant input-
label associations. 

C) Algorithms  

Classification: 

ResNet-50: ResNet-50 simplifies the process of 
identifying things and this is achieved by taking advantage of 
the residual connections to maintain the learning of deep 
networks stable and retain the hierarchical representations of 
features. It works well to extract visual patterns since it 
maintains gradient flow between layers. This makes 
generalization better and makes sure that complex structure 
differences in imaging data are correctly recognized. 

DenseNet-169: DenseNet-169 further improves learning 
features with dense connectivity that provides features the 
ability to be reused effectively and enhances the spread of 
gradients. The design enhances stability in classifications and 
efficiency in the parameters and is able to collect detailed and 
abstract image representations, thus increasing the 
discriminative power and reducing overfitting. 

EfficientNetV2-Medium: EfficientNetV2-Medium 
improves the performance of the classification by optimizing 
the depth, width, and resolution of the network. It supports 
effective feature extraction with reduced computing 
complexity without losing contextual and spatial information 
thus encouraging faster training convergence and reliable 
generalization of diverse patterns of images. 

ConvNeXt-Base: ConvNeXt-Base is a more efficient 
convolutional learning model that incorporates some design 
aspects of transformers. It gives a better picture of spatial 
traits and a better sense of the situation, which makes 
classification stronger and more consistent in complex visual 
systems with the best architectural designs. 

InceptionNeXt-Base: InceptionNeXt-Base enhances 
multi-scale feature extraction, using parallel processing 
channels to combine multiple receptive fields. This 
architecture is able to store successfully local detail and 
global contextual information. This enhances classification 
accuracy and flexibility in imaging characteristics that have 
intricate structure patterns and certain imaging 
characteristics. 

MobileViT-Small: MobileViT-Small is a hybrid of light 
convolutional operations with attention-based transformer to 
maximize computing efficiency and contextual learning. It 
models long-range dependencies with spatial inductive 
biases, and can be used to scale with reliable classification 
accuracy in resource-constrained environments. 

ConViT-Base: ConViT-Base is an innovative feature 
learning model that combines convolutional inductive biases 
with transformer-based attention. It dynamically balances 
local spatial features with global contextual features, thereby 
enhancing convergence stability, interpretability, and 
classification reliability of various visual patterns. 

Swin-Base: Swin-Base makes use of the hierarchical 
transformer processing and shifted window attention to 
achieve the successful capture of multi-scale spatial 
interdependence. It enhances feature aggregate and 
contextualization besides reducing the complexity of 
computations, and therefore, boosts the accuracy of 
classification and robust generalization of high-resolution 
visuals. 

MaxViT-Base: MaxViT-Base combines the convolutional 
procedures with dual-axis attention mechanisms to 
simultaneously gather local attributes and global information. 
The representation by this combined form facilitates easier 
display of features, facilitates classification and allows 
description of complex visual interactions in a large number 
of image structures. 

DeiT3-Base: According to the data-efficient transformer 
learning and attention optimization, DeiT3-Base enhances 
the classification performance. It is concerned with obtaining 
unique global characteristics and maintaining the training 
constant, which allows the training to produce more stable 
classification and enhanced generalization to a broader set of 
visual recognition tasks. 

Lightweight Hybrid CNN–ViT with Attention: It takes 
advanced attention strategies and mixes the extraction of 
convolutional features with transformer-based contextual 
modeling to make the CNNViT lightweight hybrid model. It 
does a good job of showing multi-scale spatial information 
and global relationships. It also enhances classification, 
makes it more understandable and scalable without 
compromising efficiency of the parameters. 

Detection: 

YOLOv5: YOLOv5 is an object detector which is capable 
of identifying the position of an item and classify it in real 
time in a single system. It enhances the rapidity and precision 
of reasoning as it learns spatial characteristics more rapidly. 
This makes it possible to reliably find and locate problems in 
a variety of visual settings. 

YOLOv8: YOLOv8 is superior in locating things since it 
does it without the use of anchors and has superior means of 
assembling features. It not only allows finding items of 
various sizes and shapes with high accuracy, but it also 
increases generalization without reducing the speed of 
inference or detection accuracy. 

YOLOv9: YOLOv9 is designed to achieve a more stable 
detection by simplifying the way one can learn to encode 
features and enhance gradient flow between network levels. 
It not only lets you accurately locate and group complex 
visual patterns, but it also makes sure that the accuracy and 
memory of detections are the same in all situations. 

YOLOv11: YOLOv11 is an improvement on single-stage 
detection because it simplifies the extraction of features and 
predictions. It enhances localization accuracy and computing 
efficiency, allowing one to locate objects more reliably and 
scale, and yet still be able to perform complex visual tasks in 
real time. 

D) Integration of XAI & Flask: 
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The incorporation of Explainable Artificial Intelligence 
(XAI) improves model transparency by offering visual 
elucidations of prediction results. The visualization of the 
model is done using GradCAM to generate heatmaps that 
highlight important parts of the picture that influence the 
result of classification and detection. This interpretability 
process helps in understanding model reasoning by 
identifying discriminative factors that help to identify 
abnormalities. This visualization improves clinical reliability 
by enabling confirmation of areas of model attention, 
therefore, promoting trust and facilitating the confirmation of 
automated diagnostic findings based on intuitive 
visualization. 

The Flask structure is also added in order to provide a 
simple deployment interface enabling easy communication 
with trained models. It supports the entry of picture inputs, 
processing of predictions, and displaying results in a unified 
environment. This streamlined online interface improves 
accessibility, enabling users to do real-time analysis without 
the need for specialist technical skills. The framework of 
deployment ensures scalability, integration of models, and 
fluid communication between the prediction models in the 
back end and the visualization elements in the front end. 

IV. EXPERIMENTAL RESULTS 

Accuracy: The accuracy of a test is its ability to 
discriminate patient and healthy cases correctly. In 
determining the accuracy of a test, the ratio of the true 
positives and true negatives of the evaluated cases must be 
computed. This can be mathematically stated as: 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
TP + TN

TP + FP + TN + FN
(1) 

Precision: Precision evaluates the ratio of correctly 
identified cases of the identified positive cases. The equation 
of calculating precision therefore is as follows: 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
True Positive

True Positive + False Positive
(2) 

Recall: The recall is a machine learning metric that 
evaluates how well a model can identify all relevant examples 
of a certain category. It is the percentage of correct value 
positives predicted to the total actual positives, which provide 
information on the effectiveness of the model to detect the 
presence of a particular type of class. 

𝑅𝑒𝑐𝑎𝑙𝑙 =
TP

TP +  FN
(3) 

F1-Score: F1 score is a statistical measure that is used to 
assess the accuracy of a machine learning model. It combines 
the accuracy and recall measures of a model. The accuracy 
measure is used to measure how often a model makes 
accurate predictions over the entire dataset. 

𝐹1 𝑆𝑐𝑜𝑟𝑒 = 2 ∗
𝑅𝑒𝑐𝑎𝑙𝑙 X 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛

𝑅𝑒𝑐𝑎𝑙𝑙 + 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛
∗ 100(1) 

Table. 1. Performance Evaluation Table 

ML Model Accuracy Precision Recall F1_score 

ERI-2025 + 
XGBoost + 

SVM 

0.931 0.938 0.937 0.935 

DRI-2025 + 
XGBoost + 

SVM 

0.931 0.936 0.936 0.934 

DE-2025 + 
XGBoost + 

SVM 

0.902 0.915 0.911 0.908 

Xception 0.985 0.986 0.985 0.985 

ResNet50 0.992 0.992 0.992 0.992 

Hybrid-
Ensemble 

0.991 0.991 0.991 0.991 

The performance evaluation table compares the different 
models with each other, showing that ResNet50 and Hybrid-
Ensemble achieve the highest accuracy with balanced 
precision, recall and F1-score, exceeding the standard 
XGBoost-SVM combinations. 

Fig. 2. Comparison Graph 

 

The comparison graph shows the performance measures 
between models, with a higher accuracy, precision, recall, 
and F1-score of ResNet50 and Hybrid-Ensemble, but the 
variations of XGBoost-SVM show relatively lower and 
consistent results. 

 
Fig.3 Upload the Image 

Figure 2 illustrates the user interface of the catastrophe 
image input, which shows the upload process, preview of the 
image, and predict service used to categorize the type of 
disaster through the proposed AI-based system. 
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Fig.4 Predicted Result 

Figure 4 shows the forecast result which points to an 
earthquake with an absolute confidence of 100.00 percent 
plus the safety measures and recommended actions to help 
the user take appropriate measures in case of such disasters. 

 
Fig. 5 Upload the Image 

An aerial view of serious urban flooding in Figure 5 
depicts a hazy water flooding streets and houses and is 
featured in the disaster prediction interface in the preliminary 
review before categorizing the disaster type. 

 
Fig. 6 Predicted Result 

Figure 6 shows the forecast result that the disaster was a 
Flood with a confidence score of 99.98, along with 

recommended safety measures and steps of the disaster 
response and preparedness process to be effective. 

V. CONCLUSION 

The effective and timely classification of natural disasters 
in cities and rural areas is critical to strengthen the community 
and mitigate the impact of floods, cyclones, earthquakes, and 
wildfires. GeoDisasterAINet addresses this challenge by 
applying a multi-stage ensemble design to the Kaggle Natural 
Disaster Image Dataset which is composed of tagged images 
of various disaster events. The methodology uses the base 
models ERI-2025, DRI-2025, and DE-2025, which are 
supplemented with XGBoost, along with SMOTE and 
regular scaling to train fairly. The final step involves applying 
multiclass SVM to the XGBoost-enhanced models after 
standard scaling, and deep feature extraction using 
convolutional neural networks Xception, ResNet50, and a 
Hybrid Ensemble of Xception and ResNet50. The criteria 
used to evaluate the efficacy of the system include accuracy, 
precision, recall and F1-score and the results of the ResNet50 
show that the test accuracy of the system is 99.2%. 
Enhancesments such as Grad-CAM and LIME provide 
explainable AI visualizations which highlight important areas 
of the image to influence predictions, and a Flask-based 
interface facilitates real-time deployment and user 
interaction. GeoDisasterAINet offers accurate, interpretable, 
and scalable disaster classification, which can support 
reliable decision-making and automated operational support 
of disaster management in cities and the countryside. 

To enhance the system, additional disaster types, such as 
landslides, tsunamis, and droughts, may be introduced to 
enhance the geographic coverage in different geographic 
areas. Combination of multimodal sources of data like 
satellite images, sensor networks and real-time weather data 
would enhance the accuracy of the forecasts and situational 
awareness. The development of deep learning models, such 
as attention-based networks and transformer models, has the 
potential to increase the effectiveness of feature extraction 
and classification. Furthermore, deployment to cloud or edge 
computing devices can support large scale and real-time 
disaster monitoring. Better explainability methods and 
interactive dashboards can provide more intuitive data to 
decision-makers and allow acting swiftly and allocating 
resources in crisis management circumstances. 
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