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ABSTRACT

Colorectal cancer (CRC) is one of the leading causes of cancer-related deaths worldwide, emphasizing the need
for early and accurate detection. This project presents an Al-driven approach for CRC diagnosis using deep
learning. A ResNet-based convolutional neural network (CNN) model is trained on the Kaggle - Colorectal
Cancer Histology Dataset to classify histopathological images and identify cancerous tissues. The workflow
involves image upload, preprocessing, model evaluation, and result interpretation. If CRC is detected, the
system directs users to a hospital application form for further medical assistance; otherwise, a congratulatory
message is displayed. Implemented entirely in Python, this automated system enhances diagnostic accuracy
and aids in early detection, potentially improving patient outcomes.

Keywords: Colorectal Cancer, Deep Learning, ResNet, Convolutional Neural Network, Histopathological Images,
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I.  INTRODUCTION

Colorectal cancer (CRC) is a leading cause of cancer-related mortality worldwide, making early and accurate
detection essential for improving patient outcomes. Traditional histopathological diagnosis is time-consuming
and relies heavily on expert interpretation, leading to potential variability in results. To address these
challenges, an Al-driven approach utilizing a ResNet-based Convolutional Neural Network (CNN) is
implemented for automated CRC detection from histopathological images. The system follows a structured
workflow, including image acquisition, preprocessing, model evaluation, and result interpretation. Upon
detecting CRC, users are guided to a hospital application form for further consultation, while non-cancerous
results are confirmed with a message. The model is trained on the Kaggle - Colorectal Cancer Histology Dataset
and implemented in Python, ensuring an efficient, scalable, and accurate diagnostic tool to support healthcare
professionals in early cancer detection.

II. LITERATURE SURVEY

Colorectal cancer (CRC) diagnosis has traditionally relied on histopathological examination of tissue samples,
where pathologists analyze microscopic images to determine malignancy. However, this process is time-
consuming, subject to interobserver variability, and dependent on expertise. To address these limitations,
researchers have explored the application of artificial intelligence (AI) and deep learning for automated CRC
detection.
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In Kather et al. (2019) demonstrated the effectiveness of convolutional neural networks (CNNs) in classifying
colorectal histology images, achieving accuracy comparable to expert pathologists. Their study highlighted Al's
potential in reducing diagnostic errors.

Wang et al. (2020) proposed a CNN-based model for automated CRC detection, achieving over 90% accuracy.
The research emphasized the importance of large, high-quality datasets for improving Al model performance.

Bychkov et al. (2018) explored deep learning for both cancer detection and prognosis prediction, showing that
Al can provide insights into disease progression, aiding in treatment planning.

Song et al. (2021) applied transfer learning using pretrained ResNet and VGG models for CRC classification.
Their study revealed that fine-tuning existing deep learning models significantly improves accuracy with
limited labeled data.

III. OBJECTIVES

1. Automated Colorectal Cancer Detection

The proposed Al-based system leverages Convolutional Neural Networks (CNNs), specifically ResNet, to
analyze histopathological images for accurate colorectal cancer (CRC) detection. Traditional diagnostic
methods rely on manual examination, which is time-consuming and prone to variability. Deep learning models
enhance precision by automatically detecting cancerous patterns, improving diagnostic speed and consistency.
This automated approach minimizes human intervention, making CRC detection more efficient for large-scale
applications in medical research, hospitals, and diagnostic centers.

2. Efficient Image Processing and Feature Extraction

To improve the accuracy of cancer classification, preprocessing techniques such as contrast enhancement, noise
reduction, and normalization are applied to histopathological images. These steps refine image quality,
ensuring that the CNN model accurately identifies malignant and benign tissue. Feature extraction focuses on
detecting morphological differences in cell structures, allowing the system to differentiate between normal and
cancerous tissues with high precision and reliability.

3. Deep Learning Model Optimization

The system utilizes a ResNet-based deep learning architecture, trained on the Kaggle - Colorectal Cancer
Histology Dataset. Transfer learning is applied to enhance model performance with limited labeled data. Model
optimization techniques, such as hyperparameter tuning, dropout regularization, and augmentation, improve
generalization and prevent overfitting. This ensures robust performance across different histopathological
samples, making the system adaptable to real-world diagnostic scenarios.

4. Automated Report Generation and Referral System

Once an image is analyzed, the system provides instant diagnostic feedback. If CRC is detected, users are
redirected to a hospital application form for further consultation. If no malignancy is found, a confirmation
message is displayed. Additionally, the system generates automated medical reports, summarizing key findings
for healthcare professionals. This streamlined approach enhances early detection, facilitates prompt medical
intervention, and reduces the burden on pathologists.

5. Integration with Healthcare Systems

To ensure seamless adoption in medical environments, the system supports integration with electronic health
records (EHRs), cloud-based storage, and hospital management systems. The output is available in standard
medical formats such as DICOM, PDF, and TXT, ensuring easy accessibility for pathologists and researchers.
Features like metadata tagging, case history logging, and automated patient referrals further enhance usability,
making the system a valuable asset in digital pathology and Al-driven cancer diagnostics.
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IV. METHODOLOGY

1. Dataset Collection and Preparation

To train an accurate colorectal cancer (CRC) detection model, a diverse dataset of histopathological images is
collected and preprocessed. The dataset includes:

o Kaggle - Colorectal Cancer Histology Dataset - A publicly available dataset containing labeled images of
normal and cancerous colorectal tissue.

e Data Augmentation - Techniques such as rotation, flipping, and contrast adjustment are applied to
enhance model generalization.

e Multi-Class Labeling - Images are categorized into different tissue types, ensuring precise classification.
2. Model Training and Optimization

A ResNet-based deep learning model is trained for CRC detection and classification, followed by fine-tuning for
optimal performance.

¢ ResNet for Image Classification
Trained on labeled CRC images to distinguish between malignant and benign tissues.

Learns critical histopathological features to improve diagnostic accuracy.

o O O

Uses data augmentation and dropout techniques to prevent overfitting.

Optimization Techniques

o Hyperparameter tuning is performed to enhance model efficiency.

o Batch normalization and learning rate scheduling ensure faster convergence and improved generalization.
3. User Input and Image Processing

Users interact with the system by uploading histopathological images through a web-based or desktop
interface. The system accepts various formats, including JPG, PNG, and TIFF, ensuring compatibility with
different imaging tools.

¢ Preprocessing Techniques

o Contrast enhancement and noise reduction improve image clarity.

o Tissue segmentation techniques isolate relevant regions for analysis.
4.Image Analysis Using Deep Learning Model

The uploaded histopathological image is analyzed using the trained ResNet model, which performs the
following tasks:
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e Feature Extraction and Classification

o Identifies key patterns and structures in tissue samples.

o Classifies the image as either normal or cancerous with high accuracy.
e Model Output Interpretation

o Provides a confidence score for classification results.

o Ensures that detected abnormalities align with clinical findings.
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5. Diagnosis Evaluation and Result Generation

Once the image is classified, the system generates an automated report detailing the findings.

e Medical Report Generation

o Summarizes key observations, including detected cancerous regions.

o Provides a structured format for clinical review.

e Automated Referral System

o If CRCis detected, users are directed to a hospital application form for further consultation.

o Ifno malignancy is found, a confirmation message is displayed.

6. User Interaction and Output Generation

The final diagnostic result is presented to the user in an easy-to-understand format for accessibility.

o Downloadable Reports - Users can save results in formats like PDF and TXT for further reference.

e Side-by-Side Analysis - The system allows comparison between the uploaded image and processed output.
e Data Privacy and Security - Ensures patient confidentiality by encrypting medical data and reports.

V. PROPOSED SYSTEM

The proposed system leverages deep learning techniques to develop an Al-based colorectal cancer (CRC)
diagnosis framework. Utilizing Convolutional Neural Networks (CNN), specifically ResNet, the system analyzes
histopathological images for accurate and efficient CRC detection. This approach minimizes manual
examination efforts, enhances diagnostic precision, and accelerates cancer detection by identifying malignant
patterns in tissue samples. Users upload histopathology images, which undergo preprocessing, classification,
and automated report generation, ensuring a streamlined diagnostic workflow.

To achieve high diagnostic accuracy, the system follows a multi-stage approach, beginning with dataset
collection and preprocessing. The ResNet model is trained on the Kaggle - Colorectal Cancer Histology Dataset,
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allowing it to differentiate between cancerous and non-cancerous tissues. Various augmentation techniques,

such as rotation, flipping, and contrast enhancement, improve the model’s robustness. Upon analysis, the
system provides automated classification results, directing users to a hospital application form if malignancy is
detected. The seamless integration of deep learning classification and automated medical reporting enhances
early detection efforts and clinical decision-making.

The diagnostic process starts when a user uploads a histopathological image. Preprocessing techniques like
contrast adjustment, noise reduction, and segmentation refine image clarity before classification. The trained
ResNet model analyzes tissue structures, providing accurate classification results with a confidence score. If
CRC is detected, the system automatically generates a medical report and guides the user toward appropriate
medical consultation. The extracted results are available for download in PDF or TXT format, ensuring
accessibility for doctors, researchers, and healthcare professionals.

The system is designed for scalability, supporting integration with electronic health records (EHRs), cloud-
based storage, and hospital management systems. Cloud-based deployment ensures remote accessibility, while
on-premises implementation provides secure processing for sensitive medical data. By combining Al-driven
automation and deep learning, this approach significantly improves the efficiency, accuracy, and accessibility of
CRC detection, benefiting patients, pathologists, and medical institutions.

1. Why This Approach?

e Automated Diagnosis: The combination of ResNet for image classification and automated reporting
ensures a fully Al-driven CRC detection process, reducing human effort and improving efficiency.

e High Accuracy: Deep learning models precisely identify cancerous patterns, significantly reducing
diagnostic errors compared to traditional pathology assessments.

e Adaptability: The system is trained on diverse histopathological datasets, allowing it to classify various CRC
subtypes accurately.

o Efficiency: Compared to manual examination, this Al-driven approach provides faster and more reliable
diagnoses, making it ideal for clinical and research applications.

2. Advantages Over Existing Systems

e Superior Image Analysis: The ResNet-based model detects cancerous tissues with greater accuracy than
conventional image processing techniques.

e Enhanced Diagnostic Precision: Deep learning minimizes false positives and false negatives, ensuring
reliable CRC detection.

e Scalability: The system supports individual case analysis as well as large-scale medical diagnostics, making
it suitable for hospitals, research institutions, and telemedicine applications.

e Preservation of Histopathological Features: Unlike traditional methods that may misinterpret complex
cell structures, this system retains tissue morphology and structural details for accurate classification.

3. Why CNN (ResNet) for CRC Detection?

o Deep Learning-Based Image Classification: ResNet effectively learns complex histopathological patterns,
improving cancer detection accuracy.

e Multi-Class Recognition: The model distinguishes between different tissue types, enhancing disease
classification capabilities.

¢ Proven Reliability: ResNet-based medical imaging models have demonstrated high accuracy in pathology
applications, ensuring trustworthy results for CRC detection.

VI. ALGORITHM

The goal of this system is to detect colorectal cancer (CRC) from histopathological images using a CNN-based
deep learning model (ResNet). The system automates image preprocessing, classification, and report
generation, improving the efficiency and accuracy of cancer diagnosis.
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Step-by-Step Workflow
1. Data Acquisition and Preprocessing

e Dataset Selection: Download the Kaggle - Colorectal Cancer Histology Dataset, which contains labeled
histopathological images of cancerous and non-cancerous tissues.

¢ Preprocessing Steps:
Convert images to RGB format (if necessary).
Resize images to (224, 224, 3) to match ResNet input size.

Normalize pixel values to [0,1] for better CNN performance.

O O O O

Apply data augmentation (rotation, flipping, brightness adjustment) to improve model generalization.

Dataset Splitting:
o Training Set (D_train) - Used to train the ResNet model.
o Validation Set (D_val) - Used to fine-tune hyperparameters.
o Test Set (D_test) - Used to evaluate the final model's accuracy.
2. CNN Model Training for Cancer Detection
e Model Selection: Use ResNet architecture for image classification.
e Model Architecture:
o Convolutional layers extract tissue features and cancerous patterns.

o Residual blocks improve gradient flow and prevent vanishing gradients.

¢}

Fully connected layers classify images as cancerous or non-cancerous.

Compile the Model Using:
Loss Function: Categorical Cross-Entropy for multi-class classification.

Optimizer: Adam optimizer for efficient weight updates.

o O O

Metrics: Accuracy and F1-score for performance evaluation.

Training Process:
o Train the model using D_train and validate using D_val.
o Adjust hyperparameters (learning rate, batch size) for optimal results.
o Evaluate performance on D_test using metrics like Accuracy and AUC-ROC score.
3. Image Processing and Classification Using Trained Model

Load the trained ResNet model for real-time CRC detection.

e Input a histopathological image, and apply preprocessing (resizing, normalization) to match the training
format.

e Pass the image through the ResNet model to classify it as cancerous or non-cancerous.

e Generate classification confidence scores to indicate the likelihood of CRC presence.
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BObE!
I T Benign
Convolution i Poolin ’
Pooling Convolution 8
4. Automated Report Generation
e IfCRCis detected, display an alert and open a hospital application form for further consultation.
e Ifno CRCis detected, display a congratulatory message to the user.
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e Save the classification results for analysis and future reference.
5. Output Generation (Print Only, No Storage)
e Display the classification result (e.g., "Detected: Malignant CRC" or "No CRC Detected") directly in the

console.
VII. INPUTS AND OUTPUTS
1. Inputs
The system takes histopathological images as input for colorectal cancer detection. Inputs can be in various
formats:
@ Image Input:

o Format: JPEG, PNG, TIFF, or other medical image formats.

e Example: A microscopic histology image showing colorectal tissue, which may contain cancerous or non-
cancerous cells.

e Preprocessing: The input image is first resized to (224x224) to match the ResNet model’s input dimensions,
ensuring uniformity. The image is then normalized by scaling pixel values between 0 and 1 to improve model
efficiency. Additionally, contrast enhancement and noise reduction techniques are applied to highlight relevant
features for better classification.

Custom Dataset Input (for training the model):

e Format: Pairs of labeled colorectal tissue images, categorized as malignant or benign.

e Example: A dataset containing histopathological slides labeled as "Cancerous" or "Non-Cancerous" for
supervised learning.

e Preprocessing: Images are annotated with ground truth labels to train and validate the model. Data
augmentation techniques such as rotation, flipping, and brightness adjustment are applied to improve model
generalization and robustness.

Preprocessing
Preprocessing is a crucial step in colorectal cancer detection, ensuring the input images are optimized for accurate
classification.

o Resizing: The images are resized to 224x224 pixels to ensure consistency across inputs.
e Normalization: Pixel values are scaled between 0 and 1 for better deep-learning performance.
¢ Denoising: Noise is removed using Gaussian blur and median filtering to enhance tissue structures.

e Contrast Enhancement: Adaptive histogram equalization is applied to highlight cell boundaries for better
feature extraction.

e Segmentation: If necessary, color-based segmentation or thresholding is used to isolate important regions in
the histology slide.

3. Outputs
The system outputs classification results based on the analysis of the colorectal tissue images.

@® C(lassification Result:
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¢ Format: Text output displayed on the interface or console.
o Example: "Colorectal Cancer Detected: Malignant” or "No Cancer Detected: Benign"

o Post-Processing: A confidence score (e.g., "Probability of CRC: 89.7%") is provided to indicate the certainty of
the classification.

@® Automated Response Based on Output:

o IfCRCis detected: A hospital application form is automatically opened for medical consultation.
e Ifno CRCis detected: A congratulatory message is displayed: "No cancer detected. Stay healthy!"
@ Final Output:

The system offers multiple output options for usability and accessibility:

¢ Annotated Image: The system highlights the affected regions in the histopathology slide, helping in medical
assessment.

e Report Generation: The classification results can be saved in TXT, PDF, or DOCX format for further analysis.

e Console Display: The extracted classification result is shown in the command prompt or Ul for quick
verification.

VIIL DISCUSSION
Strengths:

e Accurate Colorectal Cancer Detection: The use of ResNet-based deep learning ensures high accuracy in
detecting colorectal cancer from histopathological images.

e Automated Diagnosis Process: Eliminates the need for manual feature extraction, reducing human effort
and subjectivity in diagnosis.

e Preprocessing Optimization: Techniques such as contrast adjustment and normalization improve the
quality of image inputs for better classification.

o User-Friendly Workflow: The system allows users to upload medical images and receive instant feedback,
making it accessible for medical professionals.

e Scalability: The model can process a large number of images efficiently, making it useful for hospitals and
research institutions.

Challenges:

o Handling Variability in Histopathological Images: Differences in staining techniques, magnification levels,
and image quality may affect model performance.

o Dataset Limitations: The model is trained on a specific dataset (Kaggle - Colorectal Cancer Histology
Dataset), and its accuracy may decrease on unseen datasets.

e Computational Requirements: Deep learning models require high processing power, which may be a
challenge in real-time clinical settings.

o False Positives/Negatives: Even with high accuracy, misclassifications can occur, leading to potential
concerns in medical decision-making.

e Ethical and Regulatory Concerns: Deployment in clinical practice requires regulatory approvals and
validation from medical experts.

Improvements:

e Advanced Deep Learning Models: Exploring more powerful architectures like Vision Transformers (ViTs)
or EfficientNet to improve detection accuracy.

e Multi-Class Classification: Enhancing the system to differentiate between various subtypes of colorectal
cancer, rather than a binary classification.

o Explainability in Al Predictions: Implementing Grad-CAM or SHAP visualizations to highlight areas in the
image influencing the model's decision.

e Data Augmentation and Transfer Learning: Using advanced augmentation techniques and pretrained
models to enhance performance on diverse datasets.
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¢ Integration with Clinical Decision Systems: Linking the model with electronic health records (EHRs) for
seamless data processing and report generation.

Future Applications:

e Cancer Research & Early Diagnosis: Assisting pathologists by providing Al-powered insights to detect
cancer at early stages.

e Medical Imaging Automation: Automating histopathological analysis to support large-scale cancer
screening programs.

e Personalized Treatment Plans: Integrating with genomics and other medical data to recommend tailored
treatment options.

e Telemedicine and Remote Diagnosis: Enabling Al-powered medical image analysis in remote healthcare
facilities.

e Medical Education and Training: Providing Al-assisted learning tools for medical students and
professionals in pathology.

IX. EXPERIMENTAL WORK
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X. CONCLUSION

The colorectal cancer detection system leverages deep learning to improve the accuracy and efficiency of
medical image analysis. Using a ResNet-based model, it effectively classifies histopathological images, enabling
early detection. Automated image preprocessing enhances input quality, reducing errors and improving model
reliability.

Despite its strengths, challenges such as histopathological variations, dataset biases, and false
positives/negatives remain. Future improvements can integrate advanced Al models and explainable Al
techniques for better accuracy and interpretability.

This system has broad applications in cancer diagnosis, hospital workflows, and telemedicine. Enhancements
like multi-class tumor classification and real-time processing will further expand its impact. By combining deep
learning with automated analysis, the system offers a valuable tool for early detection and medical research.

XI. REFERENCES

[1] Hilda Deborah and Aniati Murni Arymurthy (2010): Proposed an image enhancement and restoration
approach for old document images using a genetic algorithm.

[2] Xiao-Jiao Mao, Chunhua Shen, and Yu-Bin Yang (2016): Developed a method for document image
restoration using convolutional auto-encoders with symmetric skip connections.

[3] Mickaél Coustaty, Sloven Dubois, and Jean-Marc Ogier (2009): Ancient Documents Denoising and
Decomposition Using Aujol and Chambolle Algorithm. Introduced a denoising and decomposition
technique for ancient documents based on the Aujol and Chambolle algorithm.

[4] David Rivest-Hénault, Reza Farrahi Moghaddam, and Mohamed Cheriet (2009): Proposed a local linear
level set method for the binarization of degraded historical images.

www.irjmets.com @International Research Journal of Modernization in Engineering, Technology and Science
[1910]


http://www.irjmets.com/

e-ISSN: 2582-5208
International Research Journal of Modernization in Engineering Technology and Science
( Peer-Reviewed, Open Access, Fully Refereed International Journal )
Volume:07/Issue:04/April-2025 Impact Factor- 8.187 WWWw.irjmets.com

[5] N. Shobha Rani, Karthik S. K., and Bipin Nair B. ]J. (2021): Developed a binarization approach for
degraded photographed document images using a variational denoising auto-encoder.

[6] Hassan Hazimze Gaou Salma (2024): Introduced the revolutionizing document analysis: how does deep
learning unveil new insights in ancient texts.

[7] Chuhui Xue, Zichen Tian, Fangneng Zhan, Shijian Lu, and Song Bai (2022): Developed FDRNet, a
Fourier-based model for document dewarping and improved text recognition.

[8] Mayank Wadhwani, Debapriya Kundu, Deepayan Chakraborty, and Bhabatosh Chanda (2020):
Proposed deep learning methods for restoring old handwritten documents.

[9] Panagiotis Mavrantonis and Loukas Zoumpoulakis (2022): Explored restoration techniques for flood-
damaged films and paper documents.

[10] Maria Pilligua, Nil Biescas, Javier Vazquez-Corral, Josep Lladés, Ernest Valveny, and Sanket Biswas
(2024): Introduced a layered framework for adaptive document image restoration.

[11] Fabio Quattrini, Vittorio Pippi, Silvia Cascianelli, and Rita Cucchiara (2023): Applied volumetric Fast
Fourier Convolution for ink detection on ancient manuscripts.

[12] Yannis Assael, Thea Sommerschield, and Jonathan Prag (2019): Developed Pythia, a deep learning
model for restoring missing characters in Greek inscriptions.

[13] Thiago M. Paixao, Rodrigo F. Berriel, Maria C. S. Boeres, Alessandro L. Koerich, Claudine Badue, Alberto
F. de Souza, and Thiago Oliveira-Santos (2020): Proposed a self-supervised deep learning approach for
reconstructing shredded documents.

[14] Mohamed Ali Souibgui and Yousri Kessentini (2020): Developed DE-GAN for document enhancement
using cGANs.

www.irjmets.com @International Research Journal of Modernization in Engineering, Technology and Science
[1911]


http://www.irjmets.com/

