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Abstract - Deep learning is one of the most rapidly evolving 
areas in research and development, with applications 
spanning a wide range of domains including healthcare, 
gaming and entertainment, and agriculture. In the healthcare 
sector, deep learning techniques have demonstrated 
significant potential in disease detection, enabling timely 
diagnosis and supporting effective treatment planning. 
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1.INTRODUCTION  

Colon cancer, also referred to as colorectal cancer, is among 
the most prevalent and life-threatening forms of cancer 
worldwide. Early detection is critical for improving survival 
rates and enhancing treatment outcomes. With the rapid 
advancement of medical imaging and computational 
technologies, there is a growing demand for diagnostic tools 
that are accurate, automated, and non-invasive. 

Deep learning, a subset of machine learning, has emerged as 
a powerful tool for analyzing complex medical data—
particularly in image-based diagnosis. Convolutional Neural 
Networks (CNNs) have demonstrated remarkable success in 
medical imaging due to their ability to learn spatial 
hierarchies and extract meaningful features from high-
dimensional image data. By leveraging such models, 
radiologists can be supported in accurately identifying colon 
cancer from CT scan images with increased consistency and 
efficiency. 

This study presents a deep learning-based approach for the 
detection of colon cancer in abdominal CT scan images. A 
custom CNN architecture is developed and trained on a 
publicly available dataset to classify images as cancerous or 
non-cancerous. The objective is to evaluate the effectiveness 
of deep learning in facilitating early and precise diagnosis of 
colon cancer, thereby potentially alleviating the burden on 
healthcare systems and enhancing patient outcomes. 

 

 

 

 

2.METHODOLOGY 

 

Fig -1: Architecture Overview of the Proposed CNN Model 

The proposed CNN model consists of an input layer, a series 
of hidden layers, and an output layer that indicates whether 
the image belongs to the cancer class or the non-cancer class. 
The input layer accepts abdominal CT scan images of size 
512 × 512 with 3 channels. Once it gets the input image it 
will perform the standard Image preprocessing tasks like 
Image resizing and Normalization to bring the pixel values 
between 0 to 1. The hidden layers comprise a sequence of 
Conv2D layers followed by MaxPooling layers.  

The output layer consists of two neurons, representing a 
binary classification, and determines whether the input 
image belongs to the cancer or non-cancer class. 

3. IMPLEMENTATION 

The dataset consists of three folders: Train, Test, and 
Validation. The training dataset contains a total of 7,937 
samples, of which 4,761 belong to the non-cancer class and 
3,176 to the cancer class. 

The validation dataset consists of 1,701 samples, of which 
1,020 belong to the non-cancer class and 681 to the cancer 
class. The testing dataset consists of 1,702 samples, with 
1,021 belonging to the non-cancer class and 681 to the cancer 
class. 
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Fig -2: Model Architecture 

The model was implemented in Python using the TensorFlow 
framework and trained on a Tesla T4 GPU to leverage 
accelerated computation. The architecture of the proposed 
CNN model is illustrated in the diagram above. Training was 
conducted over 20 epochs, during which the model achieved 
100% accuracy on the training set after just four epochs. The 
Adam optimizer was employed to update the network 
weights, with binary cross-entropy used as the loss function. 
Accuracy was selected as the primary evaluation metric to 
assess the model’s performance. 

4. RESULTS AND DISCUSSION 

The proposed model achieved 100% training accuracy after 
just four epochs. The graph on the left illustrates the training 
and validation accuracy over the course of training, while the 
graph on the right depicts the corresponding training and 
validation loss. Accuracy was used as the primary evaluation 
metric throughout the training process. 

 

Fig -3: Accuracy and Loss Curves for Training and 
Validation Datasets 

Below bar chart shows the model performance on Training 
dataset, validation dataset and the test dataset after training 
for 20 epochs. 

 

Fig -4: Bar Chart Showing Training, Validation, and Test 
Accuracy 

5. CONCLUSIONS 

This study demonstrates the potential of deep learning 
models in accurately detecting colon cancer from abdominal 
CT scan images. The proposed CNN-based model achieved 
high accuracy, showing promise for use as a diagnostic aid in 
clinical settings. Using the ColonCancerCT-2025 dataset, the 
model achieved strong performance, indicating that deep 
learning can play a critical role in improving cancer 
diagnosis workflows. By leveraging convolutional neural 
networks, we were able to classify cancerous and non-
cancerous images with high precision. Colon Cancer 
Detection in CT scan using Deep Learning helps to diagnoize 
the illness early and cure it in time. The model is giving 
descent accuracy on both training and testing phase. 

6. FUTURE SCOPE 

The model has been trained on the Convolutional Neural 
Network(CNN) and as a future work we can train the same 
dataset on the State of Art models like VGG16 or ResNet-50 
etc.  
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The below figure shows the possible enhancements as part 
of the future scope. The dataset can be preprocessed using 
Data Augmentation techniques like rotation, Zoom in, Zoom 
out, normalization etc to increase the model accuracy. Then 
the preprocessed images will be sent to the State-of-the-art 
models like ResNet, VGG16, DenseNet or EfficientNet. This 
might increase the model accuracy as the State-Of-The-Art 
(SOTA) models are trained on the large amount of data. 

 

Fig -5: A diagram illustrating the potential future 
enhancements. 

Transfer learning facilitates efficient feature extraction by 
leveraging models pre-trained on large-scale datasets. Image 
augmentation techniques helps the model to learn from 
diverse perspectives and variations of the data, potentially 
improving its generalization and performance. 

6.1 Model Interpretability using Grad-CAM 

Future work can focus on evaluating the model across multi-
center datasets to assess its generalizability and robustness. 
Additionally, integrating explainability techniques such as 
Grad-CAM can enhance the interpretability of the model’s 
predictions. Improving model explainability is a crucial area 
of future research, as it provides insights into the features 
influencing the classification of images as cancerous or non-
cancerous. 

 

Fig -6: Sample output of Grad-CAM  

The image above illustrates a sample Grad-CAM (Gradient-
weighted Class Activation Mapping) visualization applied to 
the model. Techniques like Grad-CAM can be used to identify 

the regions of the image that the model focuses on when 
making its classification decisions. 
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