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ABSTRACT 

Colorectal cancer screening is important for colorectal cancer prevention and early colorectal cancer 
diagnosis. To address the problems of polyp color, shape, size and blurring of edges, which are 
common in medical images of colorectal polyps, the UNet Colorectal Cancer Segmentation 
Algorithm Based on Efficient Downsampling and Joint Attention Mechanism Through CIRKD (EJ-
UNet-C) is proposed. Efficient Downsampling and Joint Attention Mechanism Through CIRKD, EJ-
UNet).The UNet algorithm improves the downsampling part in the encoder part, which reduces the 
loss of information generated in the downsampling process, and obtains the E-UNet; by 
incorporating the joint attention module, the By adding the joint attention module, the extraction 
ability of polyp edges is further improved, and EJ-UNet is obtained; at the same time, EJ-UNet is 
used as the basic student network, and the knowledge distillation mechanism is introduced to use 
Deeplabv3 as the instructor's network for guided learning. The experimental results show that the 
optimized network EJ-UNet-C has an IOU of 0.763, which is 8.4 percentage points higher than the 
IOU of 0.679 of the basic network UNet. And the distillation-optimized model has a small number of 
parameters and high accuracy, and the overall performance of the network is excellent, which 
provides a reference for the research of establishing a clinical lightweight colorectal cancer image 
segmentation model. 
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1. INTRODUCTION 

With the development of medical imaging technology, medical image processing plays an 

increasingly important role in computer-aided diagnosis. The colorectum is an important organ in the 

human digestive system, and its main functions include absorption of water and inorganic salts, 

storage of feces, excretion of feces, and participation in intestinal immunity. The health of the 

colorectum is critical to the functioning of the digestive system. 

Colorectal cancer, the second leading cause of cancer-related deaths globally, is on the rise in terms 

of morbidity and mortality with the improvement of living standards and problems related to dietary 

habits [1]. Colorectal cancer mainly develops from polyps, so early detection and treatment can 

effectively control the disease. However, detection of polyps requires exhaustive observation by 

specialists, and the highly variable appearance of polyps present and their similarity to the intestinal 

texture make polyp segmentation a rather difficult task. 

In order to solve the problems of uneven distribution of polyp size and location, complex boundary 

information and variable shapes, this paper proposes an improved colorectal cancer segmentation 

algorithm EJ-UNet-C based on UNet [2].The details are as follows: 
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1) Change the downsampling in the base network to hybrid downsampling module 

That is, the Efficient hybrid downsampling biock (EHD) proposed in this paper aims to reduce the 

information loss caused by traditional downsampling. 

2) Adoption of joint attention mechanism 

A multi-scale joint attention mechanism based on Coordinate Attention [3] (MJCA), which is 

improved in this paper, aims to enhance the characterization of image detail features, as well as to 

improve the model's ability to characterize polyp edge information. as well as to enhance the model's 

ability to extract polyp edge information. 

3) Adoption of knowledge distillation 

Deeplabv3 is used as a teacher network and CIRKD (Cross-Image Relational Knowledge Distillation) 

[4] is used to improve the model performance without increasing the number of parameters. 

2. RELATED WORK 

In order to improve the accuracy and efficiency of polyp segmentation, researchers have developed 

various Deep Learning (DL) architectures using different techniques to solve this complex task. 

Tajbakhsh, N. et al. analyzed whether fine-tuning pre-trained convolutional neural networks could 

achieve better performance in medical image segmentation and applied it to the segmentation of polyp 

images in colonoscopy, verifying the effectiveness of fine-tuning in small dataset scenarios [12]. 

Ribeiro, E. used three convolutional layers and two pooling layers to extract the features of the image 

and segmented the colon polyp image by the extracted features [13]. Full Convolutional Network and 

U-Net are the two main approaches in image segmentation task. Akbari, M. et al [5] used Full 

Convolutional Network (FCN) for polyp segmentation. Sun, X. et al [6] proposed a FCN-based polyp 

segmentation framework in which dilated convolution is introduced to learn high-level semantic 

features without degrading the resolution. In addition, UNet-based approaches with an encoder-

decoder architecture have shown good segmentation performance. Two variants of the UNet 

architecture, ResUNet++ [7] and UNet++ [8], have been developed for polyp segmentation and have 

achieved satisfactory performance. However, the above approaches tend to focus on preserving only 

geometric features in order to reduce computational cost, while neglecting some valuable semantic 

features. To overcome this problem, some works have introduced critical point layer (CPL) [9] or 

constructed content-adaptive downsampling techniques [10] to improve segmentation performance. 

In addition Li, H. integrated a lightweight spatial and channel attention module to adaptively refine 

features, which both also help to accurately segment polyps [11]. While these methods can achieve 

accurate segmentation results, their performance may be less robust when confronted with a variety 

of polyp features. 

3. UNET-BASED SEGMENTATION OF COLORECTAL CANCER 

The performance of UNet is very superior on most medical segmentation tasks, but there are still 

some shortcomings. Considering the problem of information loss in UNet maximum pooling 

downsampling, a combined downsampling module is planned to be obtained to carry out certain 

information complementation and reduce information loss through simultaneous downsampling of 

different branches. On the basis of the modeling study, a joint attention module is designed to improve 

the model's ability to deal with multi-scale polyps as well as edge preservation and extraction by 

introducing a multi-scale convolutional attention module. In addition, knowledge distillation is 

incorporated to further improve the performance of the model. The model proposed in this paper is 

referred to as EJ-UNet-C, and the overall structure is shown in Fig. 1. 
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Figure 1. EJ-UNet 

3.1. EJ-UNet 

Maximum pooling downsampling used in UNet networks works by retaining the maximum value in 

the pooling window as the salient feature of the feature map, with the aim of reducing the resolution 

of the feature map, expanding the sensory field for subsequent feature extraction, and making the 

feature extraction progressively converge to the high-level semantics. However, this leads to the 

existence of information loss, which is unable to retain the useful information of the medical image 

to a great extent and transfer it to the later network, which may reduce the network's ability to perceive 

the local details of the image, in order to improve the situation, this paper proposes the lower Efficient 

Hybrid Downsampling module (EHD). 

 

Figure 2. EHD 

As shown in Figure 2, the three branches in the hybrid downsampling module all have downsampling 

functions, in which the first branch uses a 3*3 convolution operation with a step size of 2, the second 

branch uses a maximum pooling operation with a step size of 2, and the third branch uses an average 

pooling operation with a step size of 2, followed by summing up the feature matrices of the three 

branches by elements. In essence, the maximum pooling branch retains the largest features within the 

sampling step range, which is conducive to highlighting the saliency information of the features; the 

average pooling calculates the average of the pixel values within the sampling window, which to 

some extent retains more original information; and the convolutional downsampling branch 

downsamples the image for filtering by convolutional operation, which is conducive to retaining the 

detailed features within the step range. This design allows the three branches to retain different levels 

of information during downsampling, and the fusion can form a certain complementary information, 

thus predicting the pixel-level semantic segmentation more accurately. 

Then the channel attention module is introduced after sampling on the UNet, which allows the 

network to focus its attention on the key features acquired, and then amplify the needed features, 
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weaken the unwanted features, suppress the redundant features, and improve the segmentation effect 

of the network model. 

The attention mechanism enhances the model's perceptual ability and segmentation accuracy by 

weighting the input features, focusing the model's attention on the critical parts of the feature map 

and suppressing unimportant regions, thus enhancing the model's perceptual ability and segmentation 

accuracy.CoordAttention breaks down the channel attention into two 1D feature encoding processes 

that aggregate features along different directions. The resulting feature maps are then encoded 

separately to form a pair of direction-aware and location-sensitive feature maps, which can be applied 

complementarily to the input feature map to enhance the representation of the target of interest. Since 

contextual information is crucial for understanding the positional information of the target, and the 

acquisition of contextual information requires a large receptive field, compared with standard 

convolution, null convolution can efficiently expand the receptive field, so four 3×3 convolutions 

with expansion rates of (1, 2, 5, 9) are designed. The specific structure is shown in Figure 4 below. 

 

Figure 3. MJCA 

3.2. EJ-UNet-C 

We used the improved network EJ-UNet as the student network, chose deeplabv3 as the teacher 

model, and used CIRKD (Cross-Image Relational Knowledge Distillation) knowledge distillation to 

enhance the performance of the student model. 

 

𝑳𝑪𝑰𝑹𝑲𝑫 = 𝑳𝒕𝒂𝒔𝒌 + 𝑳𝒌𝒅 + 𝜶𝑳𝒃𝒂𝒕𝒄𝒉 𝒑𝟐𝒑 + 𝜷𝑳𝒎𝒆𝒎𝒐𝒓𝒚 𝒑𝟐𝒑 + 𝜸𝑳𝒎𝒆𝒎𝒐𝒓𝒚 𝒑𝟐𝒓#          (1) 

 

𝑳𝒕𝒂𝒔𝒌 =
𝟏

𝑯∗𝑾
∑ ∑ 𝑪𝑬(𝝈(𝒁𝒉,𝒘), 𝒚𝒉,𝒘)𝑾

𝒘=𝟏
𝑯
𝒉=𝟏 #                   (2) 

 

The loss function of CIRKD consists of a total of 5 parts, i.e., 𝑳𝒕𝒂𝒔𝒌 is the traditional segmentation 

task loss that uses cross-entropy to train each pixel and its ground-truth label. CE denotes the cross-

entropy loss, σ(·) denotes the softmax function, and 𝒚𝒉,𝒘 denotes the true label of the (h, w) th pixel. 

 

𝑳𝒌𝒅 =
𝟏

𝑯∗𝑾
∑ ∑ 𝑲𝑳(𝝈(

𝒁𝒉,𝒘
𝒔

𝑻
) ‖𝝈(

𝒁𝒉,𝒘
𝒕

𝑻
))𝑾

𝒘=𝟏
𝑯
𝒉=𝟏 #                  (3) 

 

𝑳𝒌𝒅 is Pixel-wise Class ProbabilityDistillation. Inspired by Hinton's KD [14], the class probability 

distribution of each pixel from student to teacher is aligned. σ(
Zh,w

s

T
) and σ(

Zh,w
t

T
) denote the soft 

class probability of the (h, w) th pixel for student and teacher, respectively. KL denotes the Kullback-

Leibler scatter, and T is the temperature (T = 1). 

Ltask and Lkd deal only with pixel-level predictions, ignoring the semantic relationships between 

pixels. Inspired by memory-based comparative learning [15-18], pixel embeddings of other images 

are retrieved from the current small batch data or online storage. Thus adding 𝑳𝒃𝒂𝒕𝒄𝒉 𝒑𝟐𝒑 , 

𝑳𝒎𝒆𝒎𝒐𝒓𝒚 𝒑𝟐𝒑, 𝑳𝒎𝒆𝒎𝒐𝒓𝒚 𝒑𝟐𝒓. 
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4. EXPERIMENTATION 

This study is based on Kvasir-SEG [19] dataset. The experiments were performed using Pytorch, 

operating system Windows 11, based on NVIDIA GeForce RTX 3050 GPU. In this paper, the model 

was trained by setting the size of the input image to 256×256 and epoch to 100. To evaluate the 

performance of the segmentation algorithm, Flops, number of parameters and IOUs were used as 

metrics. 

4.1. Comparative EXPERIMENTS 

In the study, different segmentation algorithms including FCN, unet++, MultiResUNet, Pranet and 

other algorithms are compared based on Kvasir-SEG dataset, and the results of the comparison 

experiments are shown in Table 1. 

FCN converts the fully connected layer of traditional convolutional neural network into a 

convolutional layer, which can handle images of any size. In this experiment, the Flops is 

165.96GFLOPs, the number of parameters is 85.92M, and the IOU is 0.752, and the segmentation 

accuracy of gastrointestinal polyp images is not as good as that of EJ-UNet-C due to the simple 

structure. unet++ is improved based on Unet, and introduces the special connection and fusion 

features. The fusion feature of MultiResUNet is improved based on Unet and introduces special 

connection features, the Flops is 139.61GFLOPs, the number of parameters is 9.16M, and the IOU is 

only 0.650, which makes the segmentation accuracy lower than EJ-UNet-C due to the inaccurate 

distinction of the features when processing polyp image. MultiResUNet improves the performance 

by multi-resolution feature fusion, with the lowest number of parameters (7.25M), 75.02GFLOPs in 

Flops, but only 0.560 in IOU, which is the worst segmentation effect due to the limited learning ability. 

In contrast, our EJ-UNet-C network has 41.73M parameters and 308.46GFLOPs, which does not have 

an absolute advantage in computational complexity and model size, but with the downsampling 

module's effective capture of multi-scale information, the MJCA attentional mechanism's precise 

focus on the key regions, and the optimization of knowledge distillation for the model learning 

process, we can achieve the best results in the segmentation of gastrointestinal polyp images. 

gastrointestinal polyp images, it can locate and segment the polyps more accurately, and the IOU 

reaches 0.782 with the best segmentation effect. This shows that our study is effective. 

Table 1. Comparison with existing methods and our EJC-UNet-C on Kvasir datasets. (optimal 

results are shown in bold font.) 

Network Flops (GFLOPs) Param (M) Iou 

FCN [5] 165.96 85.92 0.752 

unet++ [8] 139.61 9.16 0.650 

MultiResUNet [21] 75.02 7.25 0.560 

Pranet [20] 23.59 29.22 0.712 

EJC-UNet-C 308.46 41.73 0.782 

4.2. Ablation Experiments 

In order to validate the effectiveness of each component of the model, ablation experiments were 

conducted based on the Kvasir-SEG dataset, which was gradually improved from the original UNet 

structure to the EJ-UNet-C model, and four groups of experiments were set up. 

The first group is based on the original UNet structure. In the second group, the downsampling 

module is used to replace the downsampling part of the UNet to form the E-UNet network, which can 

effectively capture the multi-scale image information, reduce the computation and memory 

consumption, and improve the perception of the polyp boundary details, and the IOU is improved 

from 0.679 to 0.683. In the third group, the EJ-UNet network is obtained by adding the improved 
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MJCA attentional mechanism on the basis of the E-UNet. MJCA allows the model to focus on the 

polyp region, suppresses background interference, enhances the polyp feature expression by 

weighting different channels and spatial locations of the features, makes the target localization more 

accurate, and the segmentation results more complete and continuous, and the IOU is significantly 

improved to 0.726. The fourth group uses knowledge distillation to obtain the EJ-UNet-C network 

based on the EJ-UNet. Knowledge distillation transfers the knowledge from the teacher model to the 

student model, and EJ-UNet-C optimizes the learning process to achieve more accurate segmentation 

in complex gastrointestinal polyp images, with an IOU of 0.782. 

In terms of Flops, number of parameters and IOU metrics, each improvement of the algorithm 

positively affects the model performance, enhancing target localization, segmentation accuracy, 

completeness and continuity of segmentation results. 

Table 2. Quantitative comparison of ablation experiments on Kvasir. (Optimal results are shown in 

bold font.) 

Network Flops (GFLOPs) Param (M) Iou 

Unet 218.95 31.04  0.679 

E-UNet 221.37 31.08  0.683 

EJ-UNet 261.91 41.56  0.726 

EJ-UNet-C 308.46 41.73  0.782 

5. CONCLUSION 

The EJ-UNet-C model based on semantic segmentation can effectively realize the complete semantic 

segmentation of polyp images by classifying images at the pixel level, which can excellently adapt to 

the diversity of colorectal polyp images in terms of scale and detailed features. In this study, the 

Kvasir-SEG dataset is used to train and test the model. The experimental results show that the 

algorithm successfully preserves the detailed features of the polyp region, and is highly sensitive to 

the segmentation of polyp edges, and can accurately segment the polyp region, which is very 

convenient for doctors to make accurate diagnosis. This suggests that the results of this research are 

very likely to provide strong support for doctors in the diagnosis and treatment of colorectal cancer. 
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