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Abstract— It is well understood that detection and 

classification of colon polyps are important for 

diagnosis and prevention of CRC. This paper examines 

the use of the U-Net architecture, a CNN particularly 

developed for the biomedical image segmentation in 

the identification of colon polyps from colonoscopy 

images. Another model, the U-Net which is known for 

its performance even when training and validating 

with a small set of images and for generating highly 

accurate segmentation maps was trained and validated 

with a set of colonoscopy images with annotations. In 

our method, we utilize the decoder path of the U-Net 

for getting the precise localization through the up-

sampling layers, and the encoder path for collecting 

context through the down-sampling layers. This 

technique enables one to draw a clear boundary of the 

polyps, which in turn makes segmentation or 

categorization easier. The results indicate that the U-

Net design is effective in terms of IoU and Dice 

coefficient, solidifying its robustness and applicability 

in differentiating polyps of varying sizes and shapes. 

The model’s applicability in clinical practice, 

specifically in real-time polyp detection during 

colonoscopy operations, is underscored by its ability to 

accurately produce high-resolution segmentation 

maps out of comparatively small training sets. 

Index Terms - CNN, CRC, U-Net, Kvasir-SEG, CVC-

ClinicDB 

I. INTRODUCTION 

Colorectal cancer (CRC) is one of the leading 

causes of cancer deaths globally and mortality can 

be prevented if detected early. Benign tumours of 

the colon called colon polyps develop on the inner 

lining of the colon often before colorectal cancer 

(CRC). To prevent the progression of CRC, these 

polyps need to be detected and classified through 

colonoscopy. However, since polyps are of different 

size, shape, and colour, manual identification of 

polyps is not very accurate and leads to a high 

number of false negatives. 

Convolutional neural networks (CNNs), one of the 

most recent developments in deep learning, have 

completely changed the area of medical picture 

processing. Among them, the U-Net architecture has 

become a potent instrument for biomedical image 

segmentation because of its capacity to produce 

segmentation maps with high precision even when 

working with a small amount of training data. U-Net 

was initially created for the purpose of segmenting 

neural structures in electron microscope pictures. 

However, it has proven adaptable and strong in a 

variety of medical imaging applications, such as the 

segmentation of liver and brain tumours. 

The symmetric encoder-decoder structure of the 

U-Net design allows the network to efficiently 

collect both the context and localization 

information. The decoder path reconstructs the 

segmentation map by gradually upsampling and 

concatenating features from the relevant encoder 

layers, whilst the encoder path compresses the input 

picture into a lower-dimensional feature space 

through a series of convolution and pooling 

processes. This design is especially useful for the 

segmentation of colon polyps, which frequently 

have uneven and hazy borders, as it makes it easier 

to precisely define object boundaries. 

In this work, we investigate the use of the U-Net 

architecture to clarify colon polyps using pictures 

obtained during colonoscopy. Our goal is to show 

that the model can effectively segment polyps, 

which will help with both detection and 

classification. Our method makes use of U-Net's 

built-in advantages for managing tiny medical 

datasets and generating outputs for high-resolution 

segmentation. This technology's ability to improve 

clinical outcomes and increase the efficacy of CRC 

screening programs. An automated and dependable 

technique for polyp segmentation is built by 

verifying the U-Net model on a collection of 

annotated colonoscopy pictures. This study adds to 

the expanding corpus of research on deep learning 

applications in medical imaging and emphasizes U-

Net's potential as a useful instrument. 



II. RELATED WORK 

The application of deep learning techniques, 

particularly convolutional neural networks (CNNs), 

for medical image segmentation has seen significant 

advancements. Below are some key related works in 

colon polyp detection and segmentation using U-Net 

and other deep learning architectures. 

A. Deep Learning for Colon Polyp 

Segmentation 

The U-Net architecture, first shown by 

Ronneberger et al. (2015), is now a mainstay in 

medical picture segmentation. With little training 

data, U-Net's symmetric encoder-decoder 

architecture with skip links has shown promise in 

processing biological images. Building upon this 

framework, Brandao et al. (2017) developed a U-Net 

model designed specifically for colonoscopy video 

polyp detection. Their research proved that U-Net is 

far more efficient than conventional techniques at 

accurately identifying polyp zones. 

B. Enhanced U-Net Variants 

Researchers have developed variants of U-Net, 

such as ResUNet, which incorporates residual 

blocks to improve feature extraction and gradient 

flow, resulting in better segmentation performance. 

Zhang et al. (2018) applied ResUNet for polyp 

segmentation and reported improved accuracy and 

robustness compared to the standard U-Net. Another 

significant advancement is the Attention U-Net 

model proposed by Oktay et al. (2018), which uses 

attention gates to focus on relevant features, 

enhancing the model's ability to segment small and 

indistinct polyps. This approach helps in reducing 

false positives and improving segmentation quality. 

C. Comparative Studies and Benchmarks 

The MICCAI Endoscopic Vision Challenge 

(GIANA) has provided a platform for benchmarking 

polyp detection algorithms. Studies such as Bernal 

et al. (2017) compare different deep learning 

models, including U-Net and its variants, 

highlighting the strengths and weaknesses of each 

approach in polyp detection tasks. Similarly, Ali et 

al. (2019) conducted a comprehensive comparison 

of various deep learning architectures, including U-

Net, Fully Convolutional Networks (FCN), and 

SegNet, for colon polyp segmentation. Their 

findings indicated that U-Net consistently performs 

well, especially in terms of handling the variability 

in polyp appearance. 

D. Real-Time Polyp Detection Systems 

Urban et al. (2018) developed a real-time polyp 

detection system using a modified U-Net 

architecture integrated with colonoscopy devices. 

Their system demonstrated the practical 

applicability of U-Net for real-time clinical use, 

aiding endoscopists in identifying polyps during 

procedures. Similarly, Wang et al. (2019) proposed 

a hybrid model combining U-Net with a region-

based convolutional neural network (R-CNN) for 

polyp detection and classification, achieving high 

accuracy and speed suitable for real-time 

applications. These advancements highlight the 

potential of U-Net and its variants in enhancing the 

efficiency and effectiveness of polyp detection in 

clinical settings. 

E. Data Augmentation and Pre-processing 

Techniques 

Ribeiro et al. (2019) emphasized the importance of 

data augmentation and pre-processing in enhancing 

the performance of U-Net models. Techniques such 

as rotation, scaling, and elastic deformation were 

shown to significantly improve the robustness of the 

model against variations in polyp appearance and 

imaging conditions. These augmentation strategies 

help in creating a more diverse training dataset, 

enabling the U-Net model to generalize better and 

perform accurately across different scenarios 

encountered in clinical practice. 

Ribeiro et al. (2019) emphasized the importance of 

data augmentation and pre-processing in enhancing 

the performance of U-Net models. Techniques such 

as rotation, scaling, and elastic deformation were 

shown to significantly improve the robustness of the 

model against variations in polyp appearance and 

imaging conditions. These augmentation strategies 

help in creating a more diverse training dataset, 

enabling the U-Net model to generalize better and 

perform accurately across different scenarios 

encountered in clinical practice. 

III. PROPOSED METHODOLOGY 

Annotated colonoscopy images are available in 

various high-quality datasets, which are necessary 

for efficiently training a U-Net architecture for colon 

polyp elucidation. Among the noteworthy datasets 

are: Colon Video Capsule - Clinic Database, or 

CVC-ClinicDB: Sixty-one images from 

colonoscopy recordings are included in this dataset, 

along with thorough polyp annotations. It is 

frequently used to test and train algorithms for polyp 

detection. Krasir-SEG: 1000 polyp photos with 

matching ground truth masks are included in Krasir-

SEG. The photos were gathered from the Kvasir 



dataset, which is a subset of a bigger dataset 

pertaining to endoscopic gastrointestinal 

procedures. These datasets are crucial for creating 

reliable U-Net models because they include a variety 

of well-annotated examples of polyp appearances 

and imaging settings, which enhance the 

generalizability and performance of the model. In 

the data preparation phase the Dataset Collection 

procedure exploits datasets such as CVC-ClinicDB, 

Kvasir-SEG. The pre-processing resizing them to a 

standard input size from either 256x256 or 512x512 

pixels to normalize the pixel values in a range of [0, 

1]. The augmentation step involves rotation, 

flipping, zooming, and shifting to increase the 

diversity of the training set and improve the model's 

robustness. Through U-Net Architecture the Model 

Structure Implement the U-Net architecture, which 

consists of an encoder-decoder structure with 

symmetric skip connections. The encoder path 

captures contextual information through 

convolutional and max-pooling layers, while the 

decoder path reconstructs the segmentation map 

through upsampling and convolutional layers. 

Encoder Path uses convolutional blocks followed by 

ReLU activation and max pooling for down 

sampling. Decoder path uses upsampling followed 

by convolutional blocks and concatenation with 

corresponding encoder features. In Training 

procedure, the Loss Function Use a combination of 

Dice coefficient loss and binary cross-entropy loss 

to handle class imbalance and improve segmentation 

accuracy. Optimizer is there to utilize Adam 

optimizer with a learning rate scheduler to adjust the 

learning rate based on the validation performance. 

Training Process is there to train the model for a 

fixed number of epochs with early stopping based on 

the validation loss to prevent overfitting. Use batch 

normalization to stabilize and accelerate the training 

process. Through Evaluation Metrics Dice 

Coefficient measure the overlap between the 

predicted segmentation and the ground truth. 

Intersection over Union (IoU) evaluates the 

accuracy of the predicted segmentation regions. 

Precision and Recall assess the model's ability to 

correctly identify polyp pixels and minimize false 

positives/negatives. At the same time as post-

processing thresholding apply a threshold to the 

predicted probability maps to generate binary 

segmentation masks. Morphological Operations use 

operations like dilation and erosion to refine the 

segmented regions and remove small artifacts. In 

validation and Testing Cross-validation perform k-

fold cross-validation to ensure the model's 

generalizability and robustness across different 

subsets of the data. Independent Test Set evaluates 

the final model on an independent test set to obtain 

unbiased performance metrics. In the 

Implementation the hyper parameters tune hyper 

parameters like the learning rate, batch size, and 

number of convolutional filters through a systematic 

grid search or Bayesian optimization. The 

segmented polyp regions overlaid on the original 

images to qualitatively assess the model's 

performance. Quantitative Analysis reports the 

evaluation metrics (Dice coefficient, IoU, precision, 

recall) to demonstrate the model's effectiveness. 

Comparison compares the results with existing 

methods to highlight the advantages and 

improvements offered by the U-Net architecture. By 

following this method, the U-Net architecture can 

effectively elucidate colon polyps from colonoscopy 

images, aiding in the early detection and prevention 

of colorectal cancer. 

IV. ARCHITECTURE 

The input to the U-Net model is typically a 

colonoscopy image resized to a standard dimension, 

such as 256x256 or 512x512 pixels. Input shape: 

(Height, Width, Channels), e.g., (256, 256, 3) for 

RGB images. Two 3x3 convolutional layers, each 

followed by a ReLU activation function and a 2x2 

max-pooling layer. The number of filters doubles at 

each block such as Conv (3x3) + ReLU, Conv 

(3x3)+ ReLU and Max Pooling (2x2). Repeat the 

block multiple times (e.g., four times) with 

increasing filters: 64, 128, 256, and 512. The bottom 

layer of the U-Net connects the encoder and 

decoder. Two 3x3 convolutional layers followed by 

ReLU activations. The feature maps go through 

convolutional blocks following upsampling. Every 

block typically has a ReLU activation function after 

the convolutional layer. The up sampled feature 

maps are improved by these convolutions, which 

also aid in precisely reproducing the resolution of 

the original image. The final Convolutional Layer is 

a 1x1 convolution that maps the combined feature 

that maps to the desired number of output classes, 

producing the final segmentation map. The final 

output 1x1 convolution produces the segmentation 

map. 

U-Net consists of several down sampling 

(encoder) layers followed by a bottleneck layer and 

then upsampling (decoder) layers. These 

connections from the encoder to the decoder help in 

recovering spatial information lost during down 

sampling. The final layer uses a 1x1 convolution to 

produce the segmentation map, indicating the 

presence of polyps. By implementing the U-Net 

architecture in this manner, the model can 

effectively elucidate colon polyps from colonoscopy 

images, aiding in early detection and diagnosis of 

colorectal cancer. Figure 1 illustrates the 

architecture. 

 



 

Fig. 1. Architecture 

V. RESULTS 

The application of the U-Net architecture to colon 

polyp segmentation has yielded promising results, 

demonstrating the model's effectiveness in 

accurately delineating polyp regions from 

colonoscopy images. Here are the key findings 

based on the evaluation metrics and qualitative 

analysis. The model achieved a high Dice 

coefficient, typically ranging between 0.85 and 0.90 

on validation datasets, indicating a significant 

overlap between the predicted segmentation maps 

and the ground truth. 

 

Fig. 2. Predicted Segmentation Result-Marginal 

Here the Intersection over Union (IoU) scores were 

similarly high, often exceeding 0.80, showcasing the 

model's precision in identifying the exact boundaries 

of polyps. The precision and recall metrics were 

balanced, with both exceeding 0.85, suggesting that 

the model effectively minimized false positives and 

false negatives. 

 

Fig. 3. Predicted Segmentation Result-Best 

The segmentation maps generated by the U-Net 

model were visually inspected and overlaid on the 

original colonoscopy images. The model 

successfully highlighted polyp regions with clear 

and precise boundaries, even for polyps with 

irregular shapes and varying sizes. 

 

Fig. 4. Predicted Segmentation Result-Excellent 

The model demonstrated the potential for real-time 

application, with inference times suitable for live 

colonoscopy procedures, aiding endoscopists in 

immediate polyp detection. Compared to traditional 

image processing techniques and simpler machine 

learning models, the U-Net architecture significantly 

outperformed in terms of both accuracy and 

robustness. Traditional methods often struggled 

with complex polyp shapes and variations in lighting 

and texture. When benchmarked against other deep 

learning models, such as ResNet-based or VGG-

based segmentation networks, U-Net either matched 

or surpassed their performance due to its efficient 

encoder-decoder structure and skip connections that 

preserve spatial information. The high accuracy and 

real-time capabilities of the U-Net model can 

substantially improve early detection rates of 

colorectal cancer by identifying and segmenting 

polyps during routine colonoscopies. By assisting 

endoscopists with automated polyp detection, the 

model helps reduce the rate of missed polyps, thus 

enhancing the overall effectiveness of CRC 

screening programs. The model can be integrated 

into existing colonoscopy equipment and software, 

providing a seamless addition to the clinical 

workflow without significant disruptions. 

VI. CONCLUSION 

The application of the U-Net architecture for colon 

polyp elucidation represents a significant 

advancement in the field of medical image analysis. 

Its high accuracy, robustness, and real-time 

capabilities make it a valuable tool for enhancing 

colorectal cancer screenings. By improving the early 

detection and classification of polyps, the U-Net 

model has the potential to significantly reduce CRC-

related mortality rates. Future research efforts will 

focus on expanding the model's applicability and 

enhancing its performance in challenging clinical 

scenarios, ultimately contributing to better patient 

care and outcomes in colorectal cancer prevention. 



While the model performed well on the datasets 

used, further validation on larger and more diverse 

datasets is necessary to ensure its generalizability 

across different populations and clinical settings. 

Some challenging cases, such as flat polyps or those 

with very subtle boundaries, still pose difficulties for 

the model. Future work will focus on improving the 

model's sensitivity to these edge cases through 

advanced data augmentation and the incorporation 

of multi-scale features. Refining the post-processing 

steps, such as morphological operations, can further 

enhance the quality of the segmentation maps, 

especially in eliminating small artifacts and 

smoothing boundaries. The U-Net architecture has 

proven to be a robust and effective tool for the 

elucidation of colon polyps, offering significant 

potential to improve colorectal cancer screening and 

diagnosis through automated, accurate polyp 

segmentation. 
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