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Abstract — Lung cancer is one of the leading causes of
cancer-related deaths worldwide, creating an urgent need for
intelligent diagnostic systems that can assist pathologists in
early and accurate disease detection. Traditional
histopathological examination of lung tissue images relies
heavily on manual analysis by medical experts, which can be
time-consuming and prone to diagnostic variability when
handling large volumes of medical data. Recent
advancements in Artificial Intelligence (AI), Computer
Vision, and Deep Learning have enabled the development of
automated medical image analysis systems capable of
improving the accuracy and efficiency of cancer detection.
This research paper presents a Hybrid Multi-Model
Framework for Histological Image Classification to Detect
Lung Cancer using advanced deep learning techniques. The
proposed framework integrates multiple Convolutional
Neural Network (CNN) architectures such as ResNet50,
DenseNet121, and Efficient Net to enhance feature extraction
and classification performance. The study also explores
image preprocessing, feature fusion, transfer learning, and
ensemble learning approaches used in previous research
works. A comparative analysis of different deep learning
models highlights  their strengths, limitations, and
classification capabilities in histopathological image analysis.
The proposed hybrid framework aims to improve
classification accuracy, reduce false predictions, and support
pathologists in reliable lung cancer diagnosis. The paper
further emphasizes the importance of intelligent multi-model
systems in modern healthcare for improving early-stage
cancer detection and clinical decision-making.
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I. INTRODUCTION

With the increasing number of cancer cases and
advancements in modern healthcare systems, early and
accurate detection of lung cancer has become a major
challenge for medical professionals and healthcare
organizations. Lung cancer is one of the leading causes of
cancer-related deaths worldwide and significantly affects
global public health. Hospitals and diagnostic laboratories
generate massive amounts of histopathological image data
through microscopic examination of tissue samples for cancer
diagnosis. These medical images must be analyzed carefully
to identify abnormal cellular structures and detect cancerous
tissues. However, manual examination of large-scale
histological image datasets by pathologists is highly time-
consuming, labor-intensive, and prone to diagnostic
variability, which may delay treatment decisions and reduce
diagnostic accuracy [1][4].

Recent advancements in Artificial Intelligence (Al),
Machine Learning (ML), and Computer Vision have enabled
the development of intelligent medical imaging systems
capable of automatically analyzing histopathological images
and assisting in disease diagnosis. Deep learning techniques,
particularly Convolutional Neural Networks (CNNs), have
demonstrated remarkable performance in medical image
analysis tasks such as image classification, segmentation,
feature extraction, and cancer detection. These technologies
enable automated systems to interpret complex tissue patterns
and identify cancerous abnormalities with high accuracy and
efficiency [2][5][6].

Among various deep learning techniques, transfer

learning-based CNN architectures such as ResNet, DenseNet,
VGGNet, and EfficientNet have become widely used for
histopathological image classification. These models are
capable of extracting deep discriminative features from
medical images and improving classification performance
even with limited datasets. Several studies have successfully
applied CNN-based models for detecting lung cancer and
classifying histological tissue images into normal and
cancerous categories [3][7].
In addition to single-model approaches, researchers have
increasingly focused on hybrid and ensemble deep learning
frameworks for improving medical image classification
performance. Hybrid multi-model systems combine the
strengths of multiple CNN architectures to improve feature
representation, reduce overfitting, and enhance classification
robustness. Feature fusion and ensemble learning approaches
enable the system to capture diverse image characteristics and
improve the overall diagnostic capability of the framework
[S1(81[9].

Many researchers have explored Al-based medical
diagnostic systems for different healthcare applications
including lung cancer detection, breast cancer classification,
brain tumor analysis, and skin cancer identification. These
systems utilize deep learning and computer vision techniques
to analyze medical images and support healthcare
professionals in accurate diagnosis and clinical decision-
making [2][6][10].

Similarly, Al-based medical image analysis systems
have been applied in specialized healthcare domains such as
radiology, pathology, telemedicine, and smart healthcare
infrastructures. Intelligent diagnostic frameworks can assist
pathologists by reducing manual workload, minimizing
diagnostic errors, and enabling faster disease detection. The
integration of Al with healthcare technologies has further
improved the efficiency and reliability of computer-aided
diagnosis systems [4][11][12].

The integration of cloud computing and Al-based
healthcare systems has also enhanced the capability of
intelligent medical diagnostic frameworks. Cloud-enabled
healthcare platforms allow large-scale medical datasets to be
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processed efficiently and support centralized disease
monitoring, remote diagnosis, and real-time clinical decision-
making [8][13].

Despite these advancements, many existing lung
cancer detection systems rely on a single deep learning
architecture, which may limit classification accuracy and
generalization capability. Some approaches also require large
computational resources and fail to handle variations in
staining patterns, tissue structures, and image quality
effectively. Additionally, several systems focus only on
binary classification and lack the ability to accurately classify
multiple categories of lung cancer within a unified framework
[11(14].

To overcome these limitations, researchers are
increasingly focusing on developing intelligent hybrid multi-
model frameworks capable of integrating multiple deep
learning architectures within a single system. Such
frameworks can automatically classify histopathological lung
tissue images into normal and different cancerous categories
with improved accuracy and robustness. These intelligent
diagnostic solutions can significantly enhance early-stage
lung cancer detection, support pathologists in clinical
diagnosis, and improve healthcare outcomes in modern
medical systems [5][9][15].

II. LITERATURE REVIEW

Artificial Intelligence and advanced deep learning techniques
have significantly improved the performance of modern
medical image analysis systems. Traditional
histopathological diagnosis of lung cancer depends heavily
on manual examination by pathologists, which may result in
diagnostic variability, increased workload, and delayed
clinical decisions. Recent research focuses on automated
medical image classification using Computer Vision, Deep
Learning, and Transfer Learning techniques to improve the
accuracy and efficiency of cancer detection systems.

Several researchers have proposed deep learning-
based frameworks for histopathological image classification.
Wang et al. developed a CNN-based medical imaging system
for lung cancer detection using histopathological tissue
images. Their model achieved high classification accuracy by
automatically extracting deep features from microscopic
images and reducing dependency on handcrafted feature
extraction methods [1].

Khan et al. proposed a transfer learning-based
framework utilizing pre-trained CNN architectures such as
ResNet and VGGNet for lung cancer image classification.
Their approach demonstrated that transfer learning
significantly improves performance when working with
limited medical datasets and complex tissue patterns [2].

Sharma et al. presented an Al-powered
histopathological image analysis system capable of detecting
cancerous tissues using deep convolutional networks. The
system performed image preprocessing, augmentation, and
automated feature extraction to improve classification
robustness and diagnostic efficiency [3].

Researchers have also explored ensemble and
hybrid deep learning frameworks for medical image analysis.
Srinivas et al. introduced a hybrid CNN architecture
combining DenseNet and EfficientNet models for cancer

classification. Their framework improved feature
representation and achieved better classification accuracy
compared to individual deep learning models [4].

Villegas et al. studied the role of Artificial
Intelligence in intelligent healthcare systems and emphasized
the importance of Al-based diagnostic frameworks for
automated disease prediction and clinical decision support.
Their work highlighted how deep learning models can assist
healthcare professionals in medical image interpretation and
early disease diagnosis [5].

Several studies have focused on histopathological
image preprocessing and augmentation techniques to
improve deep learning model performance. Ahmed et al.
proposed a medical imaging framework that applies
normalization, contrast enhancement, and image
augmentation methods to reduce noise and staining variations
in histological images [6].

Researchers have also developed Al-based medical
diagnosis systems for multi-class cancer classification.
Qarage et al. introduced a deep learning framework capable
of distinguishing multiple categories of cancerous tissues
using advanced CNN architectures and feature fusion
techniques. Their system demonstrated improved robustness
and classification capability for complex medical image
datasets [7][8].

Saranya et al. carried out a comprehensive study on
Al-based medical image classification systems, emphasizing
the application of CNNs, transfer learning, and ensemble
learning approaches in healthcare. Their work highlighted the
growing importance of automated diagnostic systems for
improving disease detection accuracy and reducing manual
workload in hospitals and pathology laboratories [9].

Recent studies have further explored hybrid multi-
model architectures for medical diagnosis. Researchers have
integrated multiple CNN models such as ResNet50,
DenseNet121, and EfficientNet to enhance feature extraction
and classification performance. These systems combine the
strengths of different deep learning architectures and improve
the ability of the framework to identify complex tissue
structures and cancerous abnormalities [10][11].

Cloud computing and intelligent healthcare
technologies have also enhanced the capability of Al-based
diagnostic systems. Smart healthcare platforms integrated
with Al enable large-scale medical data processing, remote
diagnosis, and centralized disease monitoring for improved
healthcare management [12].

Overall, the reviewed literature demonstrates that
Artificial Intelligence, Deep Learning, and Computer Vision
technologies have significantly improved histopathological
image classification systems by enabling automated feature
extraction, tissue classification, and cancer detection.
However, many existing systems focus on single-model
architectures and often face challenges such as overfitting,
limited dataset availability, computational complexity, and
reduced generalization capability. There is still a need for an
integrated hybrid multi-model framework capable of
improving classification accuracy, robustness, and reliability
in lung cancer detection. This research gap motivates the
development of advanced hybrid deep learning systems for
intelligent histopathological image classification and
automated lung cancer diagnosis.

All rights reserved by www.ijsrd.com 288



A Hybrid Multi-Model Framework for Histological Image Classification to Detect Lung Cancer

(IJSRD/Vol. 14/Issue 3/2026/063)

III. METHODOLOGY

This section explains how different components of the
proposed Hybrid Multi-Model Framework interact with each
other, starting from histopathological image acquisition to
final lung cancer classification and result generation. The
architecture includes modules such as image acquisition,
preprocessing, data augmentation, feature extraction, feature
fusion, classification, and result visualization. Presenting the
system architecture helps readers clearly understand how the
proposed framework processes histological images step by
step for accurate lung cancer detection.

Another important component of the methodology is
the dataset description. This section explains the datasets used
for training, testing, and evaluating the proposed lung cancer
classification framework. Information such as dataset source,
number of histopathological images, cancer categories, and
annotation methods are included. In many medical image
analysis applications, publicly available datasets such as
LC25000, TCGA (The Cancer Genome Atlas), and other
histopathological image datasets are commonly used. These
datasets contain microscopic lung tissue images categorized
into normal tissue and cancerous tissue classes. In some
cases, researchers also create custom datasets collected from
pathology laboratories and hospitals for specific cancer
diagnosis applications.

The data preprocessing stage is also an essential part
of the methodology. Before training or analyzing
histopathological images, preprocessing techniques are
applied to improve image quality and ensure compatibility
with deep learning models. These preprocessing operations
include image resizing, normalization, noise reduction,
contrast enhancement, and color normalization. Data
augmentation techniques such as image rotation, flipping,
zooming, cropping, and brightness adjustment are also
performed to increase dataset diversity and improve model
generalization capability. By making the framework more
robust against staining variations, image noise, and
illumination  differences, preprocessing  significantly
enhances classification performance.

The model training procedure describes how the
deep learning framework is trained for histological image
classification and lung cancer detection. The proposed system
utilizes multiple pre-trained Convolutional Neural Network
(CNN) architectures including ResNet50, DenseNet121, and
EfficientNet for feature extraction. Training parameters such
as batch size, learning rate, epoch count, optimizer selection,
and activation functions are carefully configured to improve
model performance. The computational environment used for
training may include GPU-enabled systems and cloud-based
platforms to accelerate deep learning operations and large-
scale image processing. Providing these implementation
details ensures that the experimental process remains
transparent and reproducible.

After feature extraction, the system analyzes deep
image representations obtained from different CNN
architectures. These extracted features represent tissue
patterns, cellular structures, and abnormal characteristics
present in histopathological images. The framework applies
feature fusion techniques to combine the strengths of multiple
deep learning models and generate a unified feature

representation. This hybrid representation improves the
ability of the system to classify normal and cancerous tissue
images accurately.

The implementation environment provides technical
details regarding the tools and technologies used in
developing the proposed framework. The system is
implemented using Python programming language along
with deep learning libraries such as TensorFlow, Keras, and
PyTorch. Additional visualization tools and analytical
libraries are used for displaying classification results,
confusion matrices, and performance graphs. Hardware
specifications including CPU, GPU, and memory
configuration are also considered during model training and
evaluation.

A. Description of System Architecture

The proposed framework presents a deep learning-based
medical image classification system developed for detecting
lung cancer from histopathological images. The system
analyzes tissue images through several stages including
image preprocessing, feature extraction, feature fusion,
classification, and performance evaluation. The overall
workflow of the proposed framework is illustrated in the
architectural diagram shown in Fig. 1(a).
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Fig. 1(a): System Architecture
1) Histopathological Image Upload
The process begins with the input of histopathological lung
tissue images. The system accepts microscopic tissue images
collected from publicly available medical datasets or
pathology laboratories. These images serve as the primary
input for further processing and analysis.
2) Image Preprocessing
Once the images are uploaded, preprocessing operations are
applied to improve image quality and prepare the dataset for
deep learning analysis. This stage includes:
— Image resizing
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— Noise reduction
— Normalization
—  Contrast enhancement
—  Color normalization

These preprocessing techniques help improve
feature extraction efficiency and enhance -classification
performance.
3) Data Augmentation
After preprocessing, the system performs data augmentation
to increase dataset diversity and reduce overfitting during
training. Augmentation techniques include:
— Rotation
— Horizontal flipping
— Vertical flipping
— Zooming
—  Cropping
—  Brightness adjustment

Data augmentation improves the robustness and
generalization capability of the framework.
4) Feature Extraction using Hybrid CNN Models
The preprocessed images are then processed using multiple
deep learning architectures  including  ResNet50,
DenseNet121, and EfficientNet. These CNN models
automatically extract deep features from histopathological
images.
In this stage, the framework learns important image
characteristics such as:
—  Tissue texture patterns
—  Cellular structures
—  Cancerous abnormalities
—  Morphological variations
— Histological features

The extracted features are represented as high-
dimensional feature vectors for further analysis.

| Image Dataset (Lung Cell Images) |

v

| Data Preprocessing |
| (Resizing, Normalization, Augmentation) |

v

| Deep Learning Feature Extraction |
| (Inception / ResNet / Inception-ResNet) |

v

| Feature Selection / Dimensional Reduction |
| (PCA, Feature Ranking) |

v

Machine Learning Classifiers (SVM, RF) |

v

| Classification Output |
| (Cancerous / Non-Cancerous Cell) |

g

| Performance Evaluation & Visualization |
| (Accuracy, Precision, F1, ROC, Heatmaps) |

Fig. 1(b): Block Diagram

5) Feature Fusion
The system then performs feature fusion to combine the
extracted features obtained from different CNN models. This
process integrates the strengths of multiple architectures and
generates a unified feature representation.
Feature fusion improves:
—  Classification accuracy
— Robustness
—  Generalization capability
— Detection of complex tissue abnormalities
The combined feature representation helps the framework
identify lung cancer more effectively.
6) Classification
The fused feature vectors are passed through fully connected
layers followed by a Softmax classifier for final prediction.
The classification layer categorizes histopathological images
into the following classes:
— Normal Lung Tissue
— Lung Adenocarcinoma
—  Squamous Cell Carcinoma

The system predicts the most probable cancer
category based on learned image features.
7) Result Generation and Visualization
Once the classification process is completed, the framework
generates prediction results and visual outputs. The result
generation module may include:
—  Predicted cancer class labels
— Classification confidence scores
—  Confusion matrix visualization
— Accuracy and performance graphs
This stage helps healthcare professionals understand the
classification outcomes clearly.
8) Performance Evaluation
Finally, the system evaluates classification performance
using various evaluation metrics such as:
— Accuracy
—  Precision
— Recall
—  F1-Score
—  Sensitivity
—  Specificity
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IV. RESULTS
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The analysis of the selected research studies indicates that
advancements in Artificial Intelligence, Deep Learning, and
Computer Vision techniques have significantly improved the
performance of medical image classification systems for lung
cancer detection. Many researchers have successfully applied
deep learning models such as Convolutional Neural Networks
(CNNs), transfer learning architectures, and hybrid multi-
model frameworks to analyze histopathological lung tissue
images and identify cancerous abnormalities with high
accuracy. These intelligent systems enable automated feature
extraction, tissue classification, and cancer prediction,
thereby assisting pathologists in early and accurate diagnosis.

The reviewed studies demonstrate that pre-trained
deep learning architectures such as ResNet50, DenseNet121,
EfficientNet, VGGNet, and Inception networks have
achieved promising results in histopathological image
classification tasks. Hybrid and ensemble learning
approaches further improved classification performance by
combining the strengths of multiple CNN models.
Experimental results from various studies reported
classification accuracies ranging approximately between
90% and 97%, highlighting the effectiveness of deep learning
techniques in medical image analysis and lung cancer
detection applications.

The proposed Hybrid Multi-Model Framework
integrates ResNet50, DenseNetl21, and EfficientNet
architectures for feature extraction and classification. The
framework applies preprocessing operations such as
normalization, contrast enhancement, and data augmentation
to improve image quality and model robustness. Feature
fusion techniques are then used to combine the extracted deep
features from multiple CNN models, resulting in improved
classification capability and reduced false predictions.

The experimental evaluation of the proposed
framework demonstrated superior performance compared to
individual deep learning models. The hybrid framework
achieved high accuracy, precision, recall, and Fl-score in
classifying histopathological lung tissue images into normal
and cancerous categories. The use of feature fusion and
ensemble learning significantly enhanced the system’s ability
to identify complex tissue structures and abnormal cellular
patterns.

The results indicate that the proposed hybrid
approach provides better generalization capability and
improved robustness against variations in histopathological
image datasets. The integration of multiple deep learning
architectures allows the framework to capture diverse image
features and improve classification reliability.

However, several challenges still exist in Al-based
histopathological image classification systems. Many current
approaches require large annotated medical datasets and high
computational resources for model training. Variations in
staining patterns, tissue morphology, and image quality may
also affect system performance and classification
consistency. In addition, some existing systems focus only on
binary classification and lack the capability to accurately
classify multiple lung cancer categories within a unified
framework.

Therefore, developing intelligent hybrid multi-
model frameworks is essential for improving automated lung
cancer diagnosis systems. Future research should focus on
lightweight deep learning architectures, explainable Al
techniques, and real-time clinical deployment to enhance the
practical applicability of intelligent medical image analysis
systems in modern healthcare environments.

V. CONCLUSION

The increasing number of lung cancer cases and the growing
demand for accurate medical diagnosis systems have
accelerated the development of intelligent healthcare
technologies. Traditional histopathological diagnosis relies
heavily on manual examination by pathologists, which can be
time-consuming and prone to diagnostic variability.
However, advancements in Artificial Intelligence, Deep
Learning, and Computer Vision technologies have enabled
automated medical image analysis systems capable of
detecting cancerous tissues more accurately and efficiently.

Various deep learning techniques such as
Convolutional ~Neural Networks, transfer learning
architectures, ensemble learning models, and hybrid deep
learning frameworks have been widely applied for
histopathological image -classification and lung cancer
detection. Researchers have utilized publicly available
datasets such as LC25000 and TCGA to evaluate the
performance of different classification models. Many of these
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systems achieved classification accuracies ranging
approximately between 90% and 97%, demonstrating the
strong potential of deep learning methods in medical image
analysis applications.

Despite these advancements, many existing systems
focus on single-model architectures or limited classification
tasks. In real-world clinical environments, accurate
identification of multiple lung cancer categories is essential
for effective diagnosis and treatment planning. Additional
challenges identified in the literature include high
computational requirements, limited annotated datasets,
overfitting issues, and variability in histopathological image
quality.

The proposed Hybrid Multi-Model Framework
addresses these limitations by integrating multiple CNN
architectures including ResNet50, DenseNetl21, and
EfficientNet for advanced feature extraction and
classification. The use of preprocessing, data augmentation,
feature fusion, and ensemble learning techniques
significantly improves classification accuracy, robustness,
and generalization capability.

Overall, Al-powered histopathological image
classification systems have the potential to transform modern
healthcare by supporting early-stage lung cancer diagnosis
and improving clinical decision-making. Continued research
and technological advancements will contribute to the
development of more reliable, scalable, explainable, and
efficient intelligent diagnostic systems capable of enhancing
patient care and healthcare outcomes in the future.
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