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Abstract. Colorectal Cancer is one of the most common cancers worldwide, and as the probability 
of cure decreases as the stages progress, the early-stage detection of possible indications of 
colorectal cancer (i.e., polyps) during colonoscopy exams can contribute greatly to its prevention 
and curation. Since some of the indications of colorectal cancer are hard to identify by the human 
eye, it becomes crucial to develop an algorithm that can assist in the early identification of abnormal 
tissue walls that may be signs of early-stage cancer. This paper proposes the GUNet, where duplex 
global graph relationships are mined through graph convolution operations. The core of this 
framework is the extraction and utilization of both spatial and semantic information from diverse 
encoded feature maps to acquire contextual semantic information, done so to construct a fuller and 
more diverse global representation. We also train the GUNet on a combination of three public 
datasets to enhance its generalization abilities. Experiments show that the GUNet can serve as a 
competitive alternative to the U-Net, achieving a 64.47% IOU on the combined dataset. 

Keywords: Convolutional Neural Network; Semantic Segmentation; Graph Convolutional Network. 

1. Introduction 

Colorectal Cancer (CRC) is the third most common cancer worldwide and the second-most prevalent 

cause of all cancer-related deaths. The overall five- year survival rate for colon cancer is around 63%, 

and that of rectal cancer around 68% [1]. As the survival rate of CRC declines substantially with the 

disease’s aggravation, with early-stage survival rates reaching 90% while 5-year distant-stage 

dropping to as low as 14%, early-stage diagnosis of precancerous anomalies becomes crucial in 

combating CRC. While colonoscopy has become the standard practice in clinics for the early 

detection and removal of polyps, due to the procedure’s labor-intensiveness, the varying appearance 

of polyps, and the varying skill of the endoscopist, up to 25% of polyps may be missed during the 

process [2], [3]. Computer Aided Diagnosis (CAD) systems can contribute significantly to addressing 

this situation by assessing the colonoscopy results more thoroughly, eliminating observer variation, 

and lightening the bur-den of physicians [4]. Therefore, designing reliable and automatic 

segmentation methods is a necessity in achieving a more accurate early-stage diagnosis of CRC. (As 

shown in figure 1). 

 

Figure 1. Some examples that indicate the inherent challenges when attempting to perform polyp 

segmentation, including but not limited to varying polyp sizes, blurred boundaries and images, and 

presence of extraneous materials. 
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In the past decades, automatic polyp segmentation has received increasing attention. Early works 

consisted of mostly hand-crafted methods, exploring and analyzing polyp characteristics from color 

distribution [5], textural properties [6], contour regions [7], protrusion measurements [8], etc. While 

these approaches can be effective within certain scenarios, they lead to a generally lackluster 

performance due to (i) inherent polyp qualities, their variations in appearance and their boundaries 

with mucosa; (ii) the dependency of hand- crafted methods on the ability and expertise of their 

designer(s); (iii) their focus on certain patterns causes them to ignore otherwise useful information, 

all of which limits their general performance. 

More recently, approaches based on convolutional neural networks (CNNs) have gained much 

traction, showing obvious advantages over traditional methods with their ability to perform end-to-

end, automatic feature extraction and integration to an unprecedented precision [8], [9]. Some 

important milestones have been made with general-purpose segmentation models: in Ref. [10], the 

fully convolutional network (FCN) is proposed; and in Ref. [11], an encoder-decoder structure for 

medical image segmentation is proposed as the U-Net. 

Many follow-up works have built on the encoder-decoder architecture, updating the encoder and 

decoder module(s) [12], [13], introducing innovations based on skip connections [14], [15], [16] and 

attention mechanisms [17], [18] etc. While CNN-based methods undoubtedly show improved 

performance upon hand-crafted methods and do decrease expertise-dependency, the full utilization 

of global in-formation within polyp segmentation for the traditional encoder-decoder architecture still 

remains a challenge. While some previous works have attempted to address this issue with the use of 

recurrent neural networks (RNNs), their performance ultimately fell short due to inherent 

architectural difficulties and a lack of development in the spatial information handling crucial for 

polyp segmentation [19], [20]. 

In this paper, we propose a novel encoder-decoder architecture to address the aforementioned issue. 

To effectively construct a complete initial representation, we first combine the two bottom-most 

layers of the U-Net. Then, we establish two adjacency matrices to represent distinctive spatial and 

semantic information respectively, after which we implement two parallel graph-based convolutional 

modules to extract and construct two distinctive aspects of global information. We finally combine 

this to construct a full global representation complete with both spatial and semantic information. In 

addition, we combine three individual datasets into one to train on a larger quantity and variety of 

data. We show that our model effectively extracts global contextual semantic information through 

experimentation. 

Our contributions can be summarized as follows: 

1. We propose the GUNet, a novel encoder-decoder architecture that utilizes graph-based modules in 

the form of skip connections, extracting enhanced global information and decreasing the semantic 

gap between the encoder and the decoder. 

2. We propose the use of two distinctive adjacency maps modeling both spatial and semantic 

relationships from within the feature map. This is utilized with two parallel graph convolution 

modules to extract the global semantic information from both, combining them into a fuller 

representation of both spatial and semantic relationships. 

3. To make up for the lack of polyp segmentation training data, we have combined the three individual 

datasets of ColonCB, Kvasir-Seg, and ETIS into one dataset, providing a larger quantity of data for 

our network to train on, as well as a greater variety of data for better generalization. 

The paper is organized as follows: In section 2, we present related works on the segmentation of 

colonoscopic polyps. In section 3, we describe our proposed approach with the GUNet. In section 4, 

we describe the dataset and metrics utilized and present an evaluation of experiments done on our 

model. In section 5, we conclude the paper, and in section 6, we acknowledge our contributors. 
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2. Related Works 

Over the last few decades, automated polyp segmentation has become an active and notable topic for 

clinical and academic research, with considerable work being put into it in order to address the 

significant issue of CRC, achieving more efficient and effective results. In this section, we analyze 

some significant past works done in automated polyp segmentation from the following three aspects. 

2.1. Methods Based on Hand-crafted Features 

In the early development of automatic polyp segmentation, many works focused on the utilization of 

handcrafted features in their approach, the majority exploiting low-level image processing operations 

to effectively explore and analyze the characteristics of polyps. Karkanis et al. [5] utilized discrete 

wavelet decomposition being used across different color spaces. Hwang et al. [21] focused on the 

common shape of small polyps and proposed a technique combining ellipse fitting and curvature 

analysis. Vân Wijk et al. [22] measures the amount of protrusion within polyps in a scale-adaptive 

manner. Silva et al. [23] utilized a detection algorithm based on the circular shape of polyps, followed 

by the cooccurrence matrix. Mamanov et al. [24] classified frames based on their best-fit ball radius 

under the assumption that polyps are characterized by mostly round protrusions. Iwahori et al. [25] 

extracted polyp candidate regions using the Hessian filter, from which Histograms of Oriented 

Gradients (HOG) features are extracted. Bernal et al. [26] used valley depth energy maps (WM-

DOVA maps) to integrate valley information, and S ánchez-Gonz ález et al. [7] analyzed the 

appearance of contour regions through their shape, color, and curvature in order to be used for feature 

extraction. 

While these handcrafted feature-based approaches did attract more attention to automatic polyp 

segmentation and can be effective within certain scenarios, these methods lead to a generally 

lackluster performance, with development being restricted by many differing factors. Among these 

include (i) inherent polyp qualities, i.e. their variations in appearance, such as in size, texture, and 

shape, as well as the ambiguous boundaries between them and mucosa; (ii) the dependency of hand-

crafted methods on the ability and expertise of their designer; (iii) their focus on certain patterns 

otherwise useful information that do not cater to the situation to be ignored, limiting general 

performance. 

2.2. General-Purpose Methods Based on Deep Learning 

More recently, segmentation methods based on CNNs have gained much traction, receiving attention 

for their increased effectiveness in handling general and challenging scenarios compared to 

approaches based on handcrafted features. CNN-based methods can be roughly divided into two 

categories: methods that are general-purpose and methods that are specific-purpose. 

General-purpose methods are, as their name suggests, general in their purpose, aiming to develop a 

universal network suitable for a wide range of different tasks. For example, long et al. [10] proposed 

the famous fully convolutional network (FCN), which replaced the traditional fully connected layers 

of CNNs with more convolutional layers, achieving state-of-the-art performance in multiple 

segmentation datasets. Evolving from the FCN, Ranneberger et al. [11], addressing the difficulty of 

medical image segmentation tasks, proposed the U- Net, which possesses a U-shaped encoder-

decoder architecture heavily sampled by later works. Oktay et al. [17] directly builds off the encoder-

decoder architecture and introduces attention gate modules, and Diakogianniset al. [27] utilized the 

architecture in combination with residual connections, Zhou et al. [14] introduced redesigned 

embedded skip connections to the original architecture and utilizes multi-depth U-Net’s.  Some 

works have already begun improving upon the global and local information integration.  For example, 

Song et al. [28] introduced the global and local feature reconstruction modules to better integrate 

global context and up-sample local features. 
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2.3. Specific-Purpose Methods Based on Deep Learning 

The specific-purpose methods aim to design a specific model targeted solely towards polyp 

segmentation, considering its unique characteristics that general- purpose methods would otherwise 

choose to ignore due to their infrequent appearance in other tasks yet lacking in the generalizability 

that general-purpose methods possess. Many works build off of general-purpose methods, making 

modifications to fit the specific task better. For example, Jha et al. [12] built off previous, general-

purpose work by introducing multi-resolution dense skip connections and attention modules to the 

Res UNet architecture. Banik et al. [29] implements a fusion-based architecture that is based on the 

original CNN and utilizes a nascent pooling mechanism with a novel level-set method to suppress 

false positive regions. Sun et al. [30] introduced an altered architecture based on the U-Net, 

implementing the dilated convolution to improve feature representation and several post-processing 

strategies to smooth the segmentation boundaries. Patelet al. [31] proposed an enhanced, attention-

based variant of the U-Net that utilizes new modules to enhance semantic information and focus on 

only finegrained features from the encoder. Jha et al. [13] built off of the encoder-decoder architecture 

to achieve faster processing speed while not sacrificing significant performance. Zhao et al. [32] 

introduced multi-scale subtraction operations to the U-Net architecture, reducing redundant 

information from the encoder. 

 

Figure 2. A schematic illustration of GUNet’s architecture 

Many recent works have placed a larger emphasis on expanding methods to exploit latent information, 

such as Mahmud et al. [16] integrating parallel dilated convolutions of different dilation rates to 

increase receptive area, and many focused especially on further exploiting the global (and local) 

information. Yinetal. [18] integrated cross-image contextual relations with the intent of enhancing 

feature selection, considering contextual correlation on top of internal correlation and achieving state-

of-the-art. Srivasta et al. [33] employed multi-scale fusion, attention, and feature-selection operations 

designed to improve the architecture’s generalizability across varying datasets with varying data 

distributions. Yue et al. [34] similarly focused on integrating multi-scale and multi-level features, yet 

more so leveraging boundary information to enhance the polyp representation. Yue et al. [35] employ 

an attention-based pyramid architecture with a simple context extraction module, which replaces the 

traditional convolutions using multiple receptive field sizes with parallel branches aimed to combine 

local and global information. Zhang et al. [36] introduce an adaptive context module, which 

adaptively selects local and global information regions based on the size of the polyp generated. 
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3. Method 

3.1. Overview 

Our model utilizes the traditional encoder-decoder architecture, and can be split up into three sections: 

the initial encoder from the traditional architecture; the global extractor, where the proposed global 

semantic context extractor module extracts and combines two distinctive levels of global relationships 

of a spatial semantic matrix and a semantic adjacency matrix (respectively); and lastly the final 

decoder, where the results from the initial and global extractors are inputted as skip connections to 

the traditional decoder. In fig.2, we provide a schematic illustration of the workflow of our 

architecture, completed in an end-to-end manner. 

3.2. Initial Encoder 

As shown in fig. 2, the traditional encoder-decoder architecture, specifically the original U-Net 

implementation, is adopted as our model’s backbone. In the initial encoder section of the GUNet, we 

employfive encoder blocks, with each consisting of a 3×3 convolutional block, a batch normalization 

module, and a ReLU activation function repeated two times (except the first) and their configurations 

listed in the illustration. Specifically, given , where X denotes 

the input image, Y the ground truth, and N, n, C, W, H the data-set size, the current set index, the 

number of channels of X, the width of X, and the height of X respectively, we compute the side-

outputs for the encoder, which we denote as Ei, with size: {1, 2, 3, 4, 5}. We 

compute Ei as the following: 

 

                       (1) 

 

Where doubleConv (·) denotes two convolution operations and down (·) de-notes the encoder blocks. 

3.3. Global Extractor 

The extraction of effective semantic information amongst features are cru-cial in achieving precise 

segmentation, and after the initial encoding, deeper layers with higher-level features are best suited 

for this task, possessing greater capabilities for the representation of semantic information. To 

perform this task, as part of the global extractor, we first combine the feature maps from the third and 

fourth layer of the encoder. Compared to the fourth layer, the third layer contains relatively more 

features with greater resolutions, and thus their features are complimentarily combined when the 

feature maps are merged. 

 

                            (2) 

 

Here, weighted addition is used to combine the two feature maps, with ⇤denoting element-wise 

multiplication and wa and wb respectively denoting the trainable weights for E3 andE4. 

Through our research, we have discovered two distinctive strands of global information: spatial 

correlation, where relationships are encoded based on spatial proximity, and semantic correlation, 

where relationships are encoded based on semantic similarity. For the former, spatial relationships 

are useful as they i) help contextualize both local and global information of the pixels, and ii) discover 

spatial correlations and patterns within the data, enabling the model to perform precise space-related 

tasks such as locating polyp boundaries. When used together with the latter, which offers semantic 

global contextual information, the two compliments each other into building a fuller and more 

complete representation of global information. We incorporate both through utilizing two adjacency 

matrices, one based on spatial relationships, and the other semantic relationships. Specifically: 
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                     (3) 

 

Where denotes the neighbors of j in F, fj denotes the 

location j of the combined feature map which we have flattened pre-processing(f), and d (fj, fk) 

denotes the semantic similarity between fj and fk. Ford (fj, fk), we compute the semantic similarity 

using cosine similarity, which we have evaluated to be the most suitable option and can be expressed 

as the following: 

 

                           (4) 

 

Subsequently, to utilize the captured spatial and semantic relationships, we employ two separate, 

parallel strands of graph convolution modules to extract the aforementioned fuller global information. 

The graph convolution modules are based heavily on the graph convolutional networks introduced 

by Kipf et al. [37], resembling two two-layered simple graph convolutional networks employed side-

by-side, one utilizing the spatial adjacency matrix and theother the semantic adjacency matrix. 

Specifically: 

 

                        (5) 

 

                       (6) 

 

                        (7) 

 

                       (8) 

 

Where hi represent the input/output i-th layer of the graph convolution modules, and wi represent the 

learnable parameters. 

To finally combine the two distinct types of information extracted (spatial and semantic), we employ 

the same merge function used to combine the outputs of the encoder’s third and fourth layer for the 

graph convolutional modules to return an enhanced global representation of the features as their 

combined output: 

 

                         (9) 

 

Figure 3 shows the detailed illustration of the global semantic context extractor 
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Figure 3. An detailed illustration of the global semantic context extractor 

3.4. Final Decoder 

To utilize the enhanced global representation, we then input the result into the decoder of the U-Net 

backbone, which we have set to adopt a similar approach as the initial encoder. Specifically, the 

previous output is inputted as a skip connection to the two bottom-most layers of the decoder (the 

third and the fourth, corresponding with the encoder), and is computed through ascending decoder 

blocks with direct skip connections from the encoder before arriving at our final prediction: 

 

                      (10) 

 

                                (11) 

 

Here, Pn denotes the final prediction for data set n, and up (·) denotes the decoder blocks, whose 

configurations are similarly listed in fig. 2. 

3.5. Optimization 

For optimization, we utilize a joint-loss function combining dice loss and binary-cross-entropy loss, 

allowing for enhanced stability and convergence and improved handling of class imbalance and 

boundary detection. Specifically: 

Where: 

                  (12) 
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                    (13) 

 

              (14) 

 

4. Experiments 

4.1. Dataset Information 

In order to test the result of our GUNet model, we used 3 datasets to conduct various experiments and 

evaluated the overall performance. The datasets that are used in the evaluation are CVC-ColonDB, 

ETIS and Kvasir. The three different datasets all contain images of colonoscopy exams images. The 

CVC-ColonDB dataset contains 379 training sets of original resolution 574 ×500, the ETIS data set 

contains 196 images of initial resolution1225 × 966, and the Kvasir dataset contains 1000 images of 

varying resolutions. While all the 3 datasets contain training sets that have different resolutions, we 

resized all of the images that are used in the training process of the model to the resolution of 244 × 

244 × 3. The images contained in these datasets are real images that were taken on standard 

colonoscopy exams. The images show the abnormal tissue walls of the colon, potentially being 

suspected of signs showing colorectal cancer that were noticed by doctors. To complete the 

experiment and increase the complexity of the images that were being analyzed by the model, we not 

only included the ones that clearly show unusual changes on the tissue walls but also the ones that 

are notclear and hard for humans to identify problematic tissue walls. 

4.2. Evaluation Criteria 

To evaluate the performance of GUNet and the other models used for comparison, we utilize five 

commonly used evaluation metrics. They are the Jaccard Index (JA), Dice coefficient (DI), Sensitivity 

(SE), Specificity (SP), and Accuracy (AC). Specifically, with TP, TN, FP, FN denoting true positives, 

true negatives, false positives, and false negatives respectively, the Jaccard Index formula used to 

calculate metrics can be defined as: 

 

                           (15) 

 

The Dice coefficient formula can be defined as: 

 

                          (16) 

 

The Sensitivity formula can be defined as: 

 

                              (17) 

 

The Specificity formula can be defined as: 

                             (18) 



 

1684 

The Accuracy formula can be defined as: 

 

                        (19) 

 

4.3. Results 

 

Table 1. A comparison of GUNet with other approaches on the combined dataset 

 

 

In order to test the effectiveness of our proposed GUNet, we ran several other models including UNet 

and evaluated the performance using the same evaluation criteria - Jaccard Index (JA), Dice 

Coefficient (DI), Sensitivity (SE), Specificity (SP) and Accuracy (AC). Thedata showing the 

percentage of accuracy of all the evaluation criteria for GUnet and UNet is shown in table 1. 

According to our data, we can see that all five evaluation criteria show that our proposed GUNet 

performs better than the traditionally used UNet in terms of accuracy for segmenting the abnormal 

parts of the colorectal exam images. In terms of the Jaccard Index, the accuracy of UNet on 

segmentation is around 64.23%, while our GUNet model obtained an accuracy of 64.27%, with 0.04% 

better improvements. Moving on to the Dice Co efficient, the UNet has an accuracy of 71.16%, in 

which GUNet achieved a better result, 0.1% higher than UNet, with 71.26% accuracy. Next, in terms 

of the evaluation done with Sensitivity, while the UNet only achieved an accuracy of 71.81%, our 

model is performing much better, with 72.67% accuracy. When evaluating performance using 

Specificity criteria, the accuracy of UNet turns out to be 97.13%, while our GUNet got a result of 

97.38%, more accurate than UNet. Finally, the accuracy of UNet when evaluating using Accuracy 

evaluation criteria is 94.23%, whereas our proposed GUNet got and higher result of 94.67%. To sum 

up, by examining the data in table 1, we can conclude that our proposed GUNet model is performing 

better than the traditional UNet in terms of accuracy in terms of segmentation. This indicated that 

using GUNet instead of traditional method will be able to improve the accuracy of segmentation of 

images of colorectal exams in order to identify unusual parts of the colon, and eventually benefit the 

patients by more accurately and preciously finding early signs of colorectal cancer. 

5. Experiments 

In this paper, we propose a novel encoder-decoder architecture for colorectal polyp segmentation. In 

order to obtain fuller global representations and extract enhanced global information, we came up 

with a novel graph convolution module, which calculates and combines both spatial and semantic 

global relationships in parallel within the feature maps. This allows for improved contextual 

information with the merging of spatial reasoning and semantic understanding. In addition, we 

complementarily combine feature maps of different depths as input for the module in order to achieve 

a fuller representation of semantic information, and we utilize a combination of three individual 

datasets for a greater quantity of data and generalization of the model. Experimentation demonstrates 

that GUNet can serve as a competitive alternative to the U-Net, surpassing it when training on the 

combined dataset. 
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