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Abstract -  Cancer remains one of the leading 

causes of mortality worldwide, with lung and colon 

cancer being among the most prevalent types. Early 

and accurate detection plays a crucial role in 

improving patient survival rates. In this study, we 

propose a deep learning-based approach for the 

automated detection of lung and colon cancer using 

microscopic histopathological images. The 

proposed model leverages convolutional neural 

networks (CNNs) and transformer-based 

architectures to extract high-level features from 

digitized tissue samples. The dataset used for 

training and validation comprises publicly available 

histopathological images, preprocessed and 

augmented to enhance model generalization. 

Experimental results demonstrate that our method 

achieves high classification accuracy, 

outperforming traditional machine learning 

approaches. The findings suggest that deep learning 

can serve as a reliable tool to assist pathologists in 

cancer diagnosis, potentially reducing diagnostic 

time and improving early detection rates. 
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1.INTRODUCTION 

      Cancer is one of the leading causes of death 

worldwide, with lung and colon cancer being among 

the most common and deadly types. According to 

global cancer statistics, lung cancer is the leading 

cause of cancer-related deaths, while colon cancer 

ranks among the top causes of mortality.  

       Early and accurate diagnosis is essential for 

improving patient survival rates and enabling timely 

medical intervention. Traditional diagnostic 

methods, such as histopathological analysis of 

microscopic tissue samples, require expert 

pathologists and are often time-consuming, 

subjective, and prone to interobserver variability. 

      The advancement of artificial intelligence (AI) 

and deep learning, automated cancer detection using 

histopathological images has gained significant 

attention. Deep learning models, particularly 

convolutional neural networks (CNNs) and 

transformer-based architectures, have demonstrated 

remarkable performance in medical image analysis 

by extracting complex features and improving 
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classification accuracy. These models can assist 

pathologists by providing rapid, accurate, and 

reproducible diagnoses, thereby enhancing the 

overall efficiency of detection                                 

Figure 1-Affected Micro scopic images 

2.RELATED WORKS 

      Deep learning has revolutionized the field of 

medical imaging by providing automated and 

highly accurate diagnostic tools. Various studies 

have explored the use of deep learning for cancer 

detection, particularly in histopathological image 

analysis. This section reviews existing research on 

lung and colon cancer detection using deep learning 

and highlights the advancements and challenges in 

this domain. 

2.1_DEEP_LEARNING_IN_HISTOPATHOL

OGICAL_IMAGE ANALYSIS 

       Histopathological image analysis is a critical step in 

cancer diagnosis, traditionally performed by expert 

pathologists. However, manual analysis is time-

consuming, subjective, and prone to variability. Deep 

learning, particularly Convolutional Neural Networks 

(CNNs), has been extensively used to automate feature 

extraction and classification tasks in medical imaging. 

Studies have shown that CNN-based models outperform 

conventional machine learning techniques by learning 

hierarchical feature representations from raw image 

data. 

 

 

2.2_LUNG_CANCER_DETECTION 

USING_DEEP_LEARNING 

    Lung cancer is one of the deadliest cancers,  

improves survival rates. Researchers have applied 

deep learning models to classify lung cancer 

subtypes from histopathological and radiological 

images. Notably, architectures like ResNet, VGG, 

and EfficientNet have demonstrated high accuracy 

in distinguishing between benign and malignant 

lung tissues. Some studies have also explored 

transformer-based models for improved 

performance. Despite these advancements, 

challenges such as class imbalance, dataset 

variability, and model interpretability remain active 

research areas. 

2.3_COLON_CANCER_USING_DEEP 

LEARNING 

       Colon cancer diagnosis using deep learning has 

gained significant attention due to the availability 

of large-scale histopathological datasets. CNN-

based models have been widely used to classify 

colon cancer tissue samples into normal and 

cancerous categories. Research has also explored 

hybrid approaches that combine CNNs with 

attention mechanisms to enhance feature selection. 

Transfer learning techniques using pre-trained 

models like Inception and DenseNet have further 

improved classification performance. However, the 

need for explainable AI (XAI) techniques to 

interpret model decisions remains a critical 

challenge. This study aims to address these 

challenges by developing an optimized deep 

learning framework for lung and colon cancer 

detection using histopathological images. The 

proposed approach incorporates data augmentation, 

feature extraction, and explainability techniques to 

enhance classification performance and 

interpretability. Black-box nature of deep learning 

models. 
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3.METHODOLOGY 

       This section presents the proposed deep 

learning-based approach for detecting lung and 

colon cancer using microscopic histopathological 

images. The methodology consists of several 

essential steps, including dataset selection, 

preprocessing, model architecture, training, and 

evaluation. Each step is carefully designed to 

ensure optimal performance and generalization of 

the model for real-world applications. The 

following subsections describe these steps in detail. 

         Figure 2-Prediction process 

3.1_DATA_COLLECTION_AND 

PREPROCESSING 

      The dataset used in this study was sourced from 

Kaggle, a widely used platform for machine 

learning datasets. Kaggle hosts several well-curated 

histopathological image datasets for lung and colon 

cancer detection. The selected dataset contains 

high-resolution microscopic images of biopsy 

samples stained with Hematoxylin and Eosin 

(H&E), which provide critical cellular and tissue 

structure information for cancer diagnosis. the 

images were selected carefully, maintaining an 

equal distribution of each class. The dataset was 

then split into 70% training, 15% validation, and 

15% testing to ensure unbiased model evaluation. 

 

 

 

    Figure 3-Dataset micro scopic images 

Image Resizing 

      All images were resized to a fixed resolution of 

224×224 pixels to standardize input dimensions for 

deep learning models. This ensures uniformity and 

reduces computational complexity while 

preserving important histopathological features. 

Data Augmentation 

      Since deep learning models require diverse 

training data, augmentation techniques were 

applied to artificially expand the dataset and 

improve generalization. The following 

transformations were performed. 

Rotation (0° to 360°) – Ensures the model learns 

from different orientations of tissue samples. 

Horizontal and Vertical Flipping – Mimics 

variations in real-world biopsy sample positioning. 

Normalization 

Pixel intensity values were normalized to the range 

[0,1] by dividing each pixel by 255. This prevents 

large pixel values from dominating the learning 

process and stabilizes the training phase. 

 

3.2 MODEL_ARCHITECTURE  

      The proposed deep learning architecture is 

design for lung cancer and colon cancer detection 

project, you can design a deep learning model 

architecture tailored to your task. Typically, 

Convolutional Neural Networks (CNNs) are used 

for this purpose due to their ability to automatically 

learn spatial hierarchies of features in images. A 

general CNN architecture consists of convolutional 

layers that extract features from the input image, 

followed by activation functions like ReLU 

(Rectified Linear Unit) to introduce non-linearity.  
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       Figure 4-Model architecture 

3.3_TREATMENT_SUGGESTION MODULE 

     The Treatment Suggestion Module in the lung 

and colon cancer detection system provides 

recommendations based on the detected cancer 

type, stage, and other relevant factors. Once the 

deep learning model classifies the microscopic 

images and determines the presence of cancer, this 

module suggests suitable treatment options using a 

combination of rule-based methods, machine 

learning models, and clinical guidelines. A rule-

based approach maps. 

3.4 SYSTEM_WORLFLOW 

       The System Workflow of the lung and colon 

cancer detection model follows a structured 

pipeline from image acquisition to treatment 

recommendation. First, microscopic images are 

collected and preprocessed, including 

normalization, augmentation, and noise reduction 

to enhance image quality. Next, the deep learning 

model, typically a CNN or a transfer learning-based 

architecture like ResNet or DenseNet, processes the 

images for feature extraction. If segmentation is 

required, a U-Net model helps identify tumor 

regions. The classification module then determines 

whether the image indicates lung or colon cancer, 

along with the confidence score. Based on the 

detection results, the Treatment Suggestion Module 

analyzes the stage and severity, recommending 

appropriate treatments through rule-based 

mapping, machine learning models, or knowledge-

based systems. 

Image Acquisition and Preprocessing – 

Microscopic images are collected from medical 

databases or lab samples, followed by 

preprocessing techniques such as normalization, 

noise reduction, and data augmentation to improve 

model performance.  

Cancer Detection Using Deep Learning – A 

CNN-based model, such as ResNet, DenseNet, or a 

customized architecture, extracts features from the 

images. For segmentation tasks, a U-Net model can 

be used to highlight tumor regions, and a 

classification model determines whether the image 

indicates lung or colon cancer. 

 

           Figure 5-System workflow 
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3.5 EXPERIMENTAL_SETUP 

      The experimental setup for lung and colon 

cancer detection using deep learning involves 

dataset selection, model training, hardware 

specifications, and evaluation metrics. Microscopic 

image datasets are sourced from publicly available 

repositories like TCGA, LC25000, or hospital-

based datasets, followed by preprocessing steps 

such as resizing, normalization, data augmentation, 

and stain normalization to enhance image quality 

and generalization. OpenCV for preprocessing and 

Scikit-learn for evaluation. 

3.6 FEATURE_EXTACTION 

Feature extraction plays a crucial role in analyzing 

microscopic images for lung and colon cancer 

detection using deep learning. 

Deep Learning-Based Feature Extraction – 

Convolutional Neural Networks (CNNs) 

automatically extract hierarchical features  from 

images. Low-level features such as edges and 

textures are captured in initial layers, while deeper 

layers detect high-level structures like tumor 

morphology. Pre-trained models like ResNet, 

VGG, Inception, or DenseNet can be used to extract 

meaningful features from microscopic images. 

Handcrafted Feature Extraction – Traditional 

image processing techniques are also useful for 

feature extraction. Methods like Gray Level Co-

occurrence Matrix (GLCM) capture texture 

patterns, while Histogram of Oriented Gradients 

(HOG) and Local Binary Patterns (LBP) help in 

analyzing shape and texture variations. 

Dimensionality Reduction and Feature Selection 

– High-dimensional features extracted from CNNs 

or handcrafted methods may contain redundant 

information. Techniques like Principal Component 

Analysis (PCA),  

 

 

 

 

 

 

 

     Figure 6-Feature Extraction Model 

ensuring robust validation through 5-fold cross-

validation. Additionally, Grad-CAM is utilized to 

provide explainability  

3.7 CLASSIFICATION 

      Classification in lung and colon cancer 

detection involves using deep learning models to 

differentiate between cancerous and non-cancerous 

microscopic images. Convolutional Neural 

Networks (CNNs) are widely used, where models 

like ResNet, DenseNet, VGG, and Inception 

automatically learn hierarchical features from input 

images. The classification process begins with 

feature extraction through convolutional layers, 

followed by activation functions like ReLU and 

pooling layers to reduce dimensionality while 

retaining essential features. Transfer learning with 

pre-trained models helps improve performance, 

especially when dealing with limited medical 

image datasets. 
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     Figure 7-Classification Model 

4. RESULTS_AND_DISCUSSION   

      Results of the lung and colon cancer detection 

system are evaluated based on classification 

accuracy, segmentation effectiveness, and 

treatment recommendation reliability. The deep 

learning models, including CNN-based classifiers 

(ResNet, DenseNet, VGG, Inception) and 

segmentation networks (U-Net, DeepLabV3), 

demonstrate high accuracy in distinguishing 

cancerous from non-cancerous microscopic 

images. 

 

    Figure – 8 Streamlit web interface 

A comparative analysis with traditional machine 

learning approaches, such as SVM and Random 

Forest, shows that deep learning models achieve 

superior performance due to their ability to 

automatically learn complex features. However, 

challenges such as class imbalance, overfitting, and 

interpretability remain critical, requiring techniques 

like data augmentation, dropout regularization, and 

Grad-CAM visualization to enhance robustness and 

explainability. The integration of the Treatment 

Suggestion Module further adds clinical value by 

recommending personalized treatment options 

based on cancer type and stage. Overall. 

 

4.1_Practical_Testing_Environment 

Influence,and System Performance 

      The practical testing environment significantly 

impacts the performance and reliability of the lung 

and colon cancer detection system. In real-world 

clinical settings, variations in microscope types, 

staining techniques, image resolution, and lighting 

conditions can affect the quality of input images. To 

ensure robustness, the model is tested on datasets 

from different sources, incorporating domain 

adaptation and data augmentation techniques such 

as contrast adjustment, rotation, and normalization 

to improve generalization. Additionally, the system 

is evaluated on unseen clinical datasets to measure 

its real-world applicability. 

4.2_Evaluation_and_algorithm implementation 

      The evaluation and algorithm implementation 

are essential for assessing the effectiveness of the 

lung and colon cancer detection system. The 

evaluation is carried out using a range of metrics 

such as accuracy, precision, recall, F1-score, AUC-

ROC, and Dice coefficient to ensure the model’s 

performance. Accuracy measures the overall 

correctness, while precision and recall help assess 

the model's ability to avoid false           positives and 

detect cancer accurately, respectively.  

      The F1-score balances precision and recall, 

particularly useful when dealing with class 

imbalances. AUC-ROC evaluates the model’s 

ability to distinguish between positive and negative 

cases, and Dice coefficient and IoU are used for 

assessing segmentation tasks. These metrics are 

http://www.ijcrt.org/


www.ijcrt.org                                                          © 2025 IJCRT | Volume 13, Issue 5 May 2025 | ISSN: 2320-2882  

IJCRT25A5095 International Journal of Creative Research Thoughts (IJCRT) www.ijcrt.org j591 
 

calculated after performing cross-validation (e.g., 

5-fold cross-validation) to ensure the model 

generalizes well to unseen data. 

                 Figure-9 Final output 

 

 

TREATMENT_RECOMMENTATION   

       The treatment recommendation module 

provides personalized treatment suggestions based 

on the detected cancer type, stage, and other clinical 

factors. After the deep learning model classifies 

lung or colon cancer, the system analyzes tumor 

characteristics to determine suitable treatment 

options. A rule-based approach maps cancer stages 

to standard treatments, such as surgery for early-

stage cancers, chemotherapy or radiation for 

advanced stages, and immunotherapy or targeted 

therapy for metastatic cases, following established 

guidelines like NCCN and ASCO. Additionally, 

machine learning models trained on historical 

patient data can predict the most effective treatment 

based on similar cases, improving decision-making 

accuracy. 

10 CONCLUSION 

The proposed lung and colon cancer detection 

system using deep learning and microscopic images 

demonstrates a highly accurate and efficient 

approach for early diagnosis and treatment 

planning. By leveraging CNN-based models such 

as ResNet, DenseNet, and U-Net, the system 

effectively classifies cancerous and non-cancerous 

tissues, while segmentation techniques help 

identify tumor regions with high precision.  

      The evaluation metrics, including accuracy, 

precision, recall, AUC-ROC, and Dice coefficient, 

confirm the model’s robustness and reliability. 

Additionally, the treatment recommendation 

module enhances clinical decision-making by 

suggesting personalized therapies based on cancer 

stage and patient-specific factors. Challenges such 

as class imbalance, computational cost, and 

interpretability are mitigated through data 

augmentation, model optimization, and Grad-CAM 

visualization.  

      The system’s integration with a Clinical 

Decision Support System (CDSS) ensures real-

world applicability, making it a valuable tool for 

oncologists in improving diagnostic accuracy and 

patient outcomes. Future work may focus on multi-

modal data integration, real-time inference 

optimization, and validation with larger clinical 

datasets to further enhance the system’s 

effectiveness in medical applications. 
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