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Abstract 

Aiming at the problems of information loss and low segmentation accuracy of full 
convolutional neural networks in medical image segmentation, a rectal tumor 
segmentation method based on an improved U-Net model (Deep Residual Attention U-
Net, DRA-UNet) is proposed. Firstly, a deep residual module is used to replace the 
original convolutional blocks in the U-Net structure, which can extract more feature 
information and prevent network degradation; secondly, an attention mechanism is 
added between each jump connection of the U-Net to focus attention on the features 
useful for segmentation and suppress redundant features; finally, a DiceLoss loss 
function is used to alleviate the class imbalance problem. The improved model is 
validated using a colorectal cancer CT image dataset, and the segmentation effect is 
evaluated using the Dice coefficient. The experimental results show that the accuracy of 
the proposed method for colorectal cancer tumor segmentation reaches 90.68%, which 
improves 6.08%, 3.65%, and 1.73% relative to the FCN, U-Net, and Dense-UNet 
segmentation models, respectively, and validates the effectiveness of the proposed 
method. 
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1. Introduction 

Colorectal cancer is a malignant tumor between the dentate line and the junction of the 
rectosigmoid colon, and is one of the most common malignant tumors of the gastrointestinal 
tract. Colorectal cancer is a common cancer with a high mortality rate worldwide [1], and its 
incidence and mortality rate have been on the rise and younger in recent years, ranking fifth 
among all cancers [2]. Colorectal cancer usually progresses slowly and can be prevented if 
rectal tumors are detected and removed before they develop into cancer [3]. Therefore, 
localization and identification of rectal tumors is the basis and key to the diagnosis and 
treatment of colorectal cancer. Generally, the physician views the patient's computed 
tomography (CT) image to diagnose the presence of tumors and potential colorectal cancer, if 
present, to mark the area of rectal tumor for surgery. Rectal tumors are not distinctive in CT 
images and require an experienced physician to accurately identify and mark the tumor area. If 
the doctor is inexperienced or not careful enough in diagnosis, it may lead to missed diagnosis 
or misdiagnosis of rectal tumor. Therefore, it is necessary to conduct algorithmic research on 
automatic rectal tumor segmentation technology. Automatic rectal tumor segmentation 
technology can assist doctors in diagnosis, reduce their labor intensity, improve the accuracy 
of colorectal cancer diagnosis, and buy valuable time for patient treatment. 
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In recent years, deep learning-based methods have been widely applied to different tasks in 
computer vision, such as image processing, target detection, etc. Numerous deep learning 
methods have been successfully applied thanks to Convolutional Neural Network ( CNN), which 
was first successfully applied to image classification and recognition by Lecun et al [4], which 
has brought great attention to CNN. Compared with traditional segmentation methods, deep 
learning-based segmentation methods have the feature of autonomously learning to adapt to a 
specific task and can perform the task efficiently. Deep learning methods have also been widely 
used in rectal tumor segmentation, such as a region-growth-based colorectal cancer tumor 
segmentation algorithm proposed in the literature [5], but the algorithm requires human to 
give the intensity signal of the tumor region during the segmentation process, and the whole 
process also requires human-computer interaction, and it is easy to cause over-segmentation. 
A segmentation algorithm for colorectal cancer tumor level set was proposed in the literature 
[6], which is insensitive to the boundary, and the segmentation effect is not good when the 
boundary exists ambiguous situation. In the literature [7], a Fully Convolutional Network (FCN) 
based automatic segmentation method for MRI images of colorectal cancer tumors was 
proposed. The method mainly applies a pre-trained ResNet50 to extract features, adds three 
edge output modules in the hidden layer of the network to achieve multi-scale feature 
extraction of image data, and finally fuses the three edge output modules to obtain the final 
segmentation results. 2015, Ronneberger et al [8] proposed a U-Net network model with an 
encoder-transcoder structure, where the encoder part encodes the input image by extracting 
features at the image level through convolution and level-by-level downsampling; the decoder 
maps the encoded signal into the corresponding binary segmentation mask through 
convolution and level-by-level upsampling to obtain the segmentation result. An algorithm 
similar to the 2D U-Net model for segmenting rectal tumors is proposed in the literature [9], 
which uses a two-stage training strategy to improve the training efficiency by exploiting the 3D 
information of the image and using a 5-channel tensor as the network input. Although the above 
model achieves good segmentation results in rectal polyp segmentation, it is not ideal for fast 
segmentation of fine tumors. For the segmentation accuracy, the above model still needs to be 
improved for the segmentation of rectal tumor region. To address the shortcomings of the 
above methods, this paper proposes a CT image segmentation method for colorectal cancer 
based on an improved U-Net model. 

2. DRA-UNet network 

 In this paper, the method is improved based on the U-Net model by using the depth residual 
module to replace the original convolutional blocks in the encoding and decoding parts of the 
U-Net structure to simplify the training of the network and solve the problem of gradient 
degradation. The attention mechanism is also introduced in U-Net [10], which allows the 
network to focus its attention on key features and suppress redundant features to improve the 
segmentation effect of the network on rectal tumor images. 

The network model of DRA-UNet is shown in Fig. 1, which consists of Encoding Part, Decoding 
Part, Bridging Part, Classifier and Jump Connection. The Encoding Part, Decoding Part and 
Bridging Part are represented by one or more deep residual modules, including the input, BN 
layer, ReLu activation function, two 3×3 convolution operations, constant mapping unit and 
output.  

The coding part contains 4 depth residual modules and a maximum pooling layer, in which the 
depth residual modules are used to extract the shallow semantic information of the feature map 
through the residual connection, and the maximum pooling layer is used for the down-sampling 
operation of the image to reduce the size of the feature map, and the number of channels of the 
feature map increases as the size decreases. The decoding section contains 4 deep residual 



Scientific Journal of Intelligent Systems Research                                                                                        Volume 4 Issue 3, 2022 

ISSN: 2664-9640                

361 

modules and upsampling operation to upsample the feature map from the encoding section. 
The bridging part is used to connect the encoding part and the decoding part. The classifier 
consists of a 1×1 convolutional layer and a Sigmoid activation layer. The 1×1 convolutional 
operation is used to reduce the number of feature maps for the feature maps from the decoding 
part, and the Sigmoid activation layer is used to calculate the category of each pixel in the 
feature maps, and finally the multi-channel feature maps are mapped to the target 
segmentation. The hopping connection maps the shallow features in the encoding part to the 
corresponding deep features in the decoding part in a cascade to achieve the fusion of the 
feature maps, however, the initial features extracted in the encoding part are poor, which brings 
a lot of redundant feature information and thus affects the segmentation results. 

In this paper, an attention mechanism is introduced to suppress feature responses in irrelevant 
regions and reduce the number of redundant features before splicing and fusing the features in 
the encoding part with the corresponding features in the decoding part. 

 

Fig. 1 DRA-UNet network structure 

2.1. Depth residual module 

In image recognition and classification, the depth of the neural network has a great influence 
on the final classification and recognition results, so the traditional idea is that the deeper the 
network is designed the better the final result will be, but the deeper the network will bring 
serious gradient disappearance problem and the network learning rate becomes low, but the 
shallow network cannot significantly improve the network effect. To solve the gradient 
disappearance problem in deep networks, He et al [11] proposed a residual network, which 
consists of multiple residual modules connected together. 

Fig. 2 Residual unit 
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As shown in Fig. 2, suppose the input of a segment of the neural network is x and the desired 
output is ( )H x . By adding a constant mapping y x to the shallow network, the input and 

output of this segment of the neural network are superimposed through a shortcut connection 
( Shortcut Connection), which simplifies the network training and speeds up the transfer of 
information, and at this time the need to learn the function is no longer ( )H x , but

( ) ( )F x H x x  , i.e., the difference between input x and output ( )H x , which is a residual unit. 

The residual formula in the network can be expressed as:  ( , )s iy w x F x w  , where x and y are 

the input and output of this network, xw is the convolution operation,  ( , )iF x w is the residual 

mapping that the network needs to learn, and when the middle layer is a two-layer network, 

  2 1( , ) ( )iF x w W W x , when the dimensionality of the feature map is different, the zero-filling 

method can be used to increase the dimensionality, or the 1×1 convolution operation can be 
used to achieve consistent dimensionality. 

Traditional convolutional neural networks use multiple convolutional operations to extract 
image features as shown in Fig. 3(a), however, when the network layers are very deep, the 
network becomes difficult to train. In this paper, we borrow the residual connection and replace 
the original convolutional layers in the encoder and decoder of U-Net with a deep residual 
module, the structure of which is shown in Fig. 3(b). By adding a constant mapping unit to pass 
the input directly to the later network layers, we effectively reduce the effect of gradient 
degradation during network training and promote information propagation, which solves the 
information loss problem in traditional networks to a certain extent. 

 
(a) Standard Convolution Module  (b) Depth Residual Module 

 

 Fig. 3 Comparison of standard convolution module and depth residual module structures 

2.2. Attentional Mechanisms 

The attention mechanism module completes the following equations: 
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feature map in the spatial dimension,  denotes the corresponding element-by-element 
multiplication, and i is the learned attention coefficient, which can highlight the image regions 

of the target and suppress the task-irrelevant feature responses, and takes values in the range 
[0 ,1]. i  is calculated as follows: 

                     2 , ,i att xi gi atta q F F                                                                         (2) 

where 2 is the Sigmoid activation function, attq is the additive attention calculation, and the 

attention operation is characterized by a set of parameters att , including the convolution 

operations intgC C

gW R



,

intxC C

xW R


 , int 1C
R


 and the bias terms at the corresponding 

positions intC

gb R
, b R  . attq is calculated as follows: 

                         1

T T T

att x xi g gi gq W F W F b b                                     (3)   

As shown in Fig. 4, g g g gC H W D

gF R
  

 is a gating signal ( Gating Signal) from the feature vector of 

the layer before the upsampling corresponding to the encoding part, which contains contextual 
information. The input features gF and xF are linearly transformed along the channel direction 

using a 1×1×1 convolution operation, followed by a summation operation, at which the number 
of channels of input feature gF changes from gC to intC to 1 again, and the number of channels of

xF changes from xC to intC to 1 again, while the ReLU (Rectified Linear Unit) activation function 

is used to enhance the nonlinear expression capability of the network. Since gF contains richer 

feature information, the additive attention operation enables xF to learn the gap between the 

feature information and gF , thus focusing attention on the target region and suppressing the 

activation of non-target region information, which improves the segmentation ability of the 
network. 

 

Fig. 4 Door Control Attention Module 

3. Experimental results and analysis 

3.1. Experimental dataset 

The data set in this paper contains 3057 CT images and corresponding mask images. The image 
size is 512×512 pixels. 2700 images are randomly selected for network training, and the 
remaining 357 images are used for testing. 
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The segmentation data set needs to use the mask containing the target area as the original 
image label, and use the annotation software to manually label the nodule position to generate 
the mask image. There are only 2 categories in the mask, 0 and 1, respectively. 1 represents the 
pixel where the nodule is located, and 0 represents the pixel where the nodule is located. The 
white area circled in Fig. 5(b) is the shape generated according to the position of the nodule. 

(a) Transformation and normalization         (b) mask 

Fig. 5 Mask mark 

Since there are fewer training set images after medical image division, it is far from enough for 
deep learning. Therefore, it is necessary to expand the sample size of the training set through 
image enhancement technology. This article uses flipping, cropping, random elastic 
deformation and other methods in the training process to expand on the basis of the original 
data to increase the diversity of samples and improve the robustness of the model. 

Fig. 6 Schematic diagram of CT image cropping 

3.2. Evaluation index and loss function 

Aiming at the tumor segmentation problem in this article, two indicators are used to 
quantitatively evaluate the segmentation results: one is the accuracy of the segmentation area, 
which is the Dice similarity coefficient; the other is the accuracy of tumor segmentation. 

The problem of semantic segmentation is still the problem of pixel classification, and the most 
commonly used loss function is the cross-entropy loss function. Medical images often have the 
problem of imbalance between positive and negative samples, and the use of cross-entropy loss 
function cannot solve this problem well. This article uses the DiceLoss function to replace the 
traditional cross-entropy loss function, namely: 
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Among them, N represents the number of pixels. K represents the number of types, set to 2, 

including two types of lesion area and background. (k,i) [0,1]P  represents the probability that 

the pixel is predicted to be a category, and ( , ) {0,1}k ig  represents the label value of the pixel i 

belonging to category k. 

In order to evaluate the proposed segmentation method, Dice Similariy Coefficient (DSC), 
Precision and Recall are used as performance evaluation indexes, and the relevant indexes are 
calculated as follows:  
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Where TP is the number of samples correctly detected as positive, FP is the number of samples 
incorrectly detected as positive, and FN is the number of samples incorrectly detected as 
negative. FP denotes the number of samples with negative samples incorrectly detected as 
positive, and FN denotes the number of samples with positive samples incorrectly detected as 
negativ. FN denotes the number of samples with positive samples incorrectly detected as 
negative samples. The Dice coefficient is used to measure the similarity between the predicted 
and true results; The detection rate is the ratio of the total number of pixels correctly predicted 
as rectal tumors to the total number of pixels predicted as rectal tumors; The check-all rate is 
the ratio of the total number of pixels correctly predicted as rectal tumors to the total number 
of pixels actually predicted as rectal tumors. 

3.3. Experimental environment 

Experimental platform hardware configuration: Intel(R) Core(TM) i5-9300H CPU @ 
2.40GHzCPU; 16 GB memory; GTX1660Ti graphics card, 6G video memory; 64-bit Windows 
operating system. Software: Anaconda3 is selected as the development platform, and the 
network model architecture is based on the keras environment of the tensorflow background 
to realize the construction of the DRA-UNet network. 

3.4. Results and analysis 

 The change curves of the loss functions of the training and validation sets with the number of 
iterations in the training process of the DRA-UNet model are shown in Fig. 7. It can be seen that 
the loss value of the network gradually decreases with the enhancement of the number of 
iterations, and when the number of training iterations reaches about 60, the network loss has 
started to converge and stabilize. 

Fig. 7 Variation of loss function 

In order to verify the segmentation performance of the improved model in this paper, three 
network models, FCN, U-Net and Dense-UNet [12], are compared with them. From the Table 1, 
it can be seen that the segmentation results of FCN are lower than the other three models, which 
is due to the fact that the FCN network does not make full use of the feature information 
extracted from each layer of the network, and the features extracted from the convolutional 
layer are only upsampled to restore them to the original image size, without fully considering 
the relationship between the pixel positioning and classification of the feature map in space, 
and the results obtained are relatively coarse. While U-Net-based networks, such as U-Net and 
Dense-UNet, are able to extract more feature information by incorporating jump connections 
in the network and fusing shallow and deep features, the shallow features from the coding layer 
are poorly informed and carry a lot of redundant information, which affects the segmentation 
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effect. The segmentation results of the proposed method in this paper are higher than the other 
three methods for several labels, which mainly depends on the improvement of the network 
structure. 

Fig. 8 Graph of segmentation results for four models 

 

Fig. 8 shows the segmentation results of colorectal cancer tumor images by the four 
segmentation methods. From the figure, it can be seen that FCN ignores the importance of 
multi-scale feature fusion, which leads to poor segmentation results and can only locate the 
location of rectal tumor. u-Net and Dense-UNet segmentation have a clearer shape of rectal 
tumor contour boundary, but there are some scatter points, and the segmentation is not very 
accurate. Compared with other methods, the DRA-UNet model proposed in this paper can 
obtain segmentation results similar to the real label, and the segmentation effect is improved 
with good segmentation performance. 

Table 1 Comparison of segmentation performance of four models 

Model Precision（%） Recall(%) Dice coefficient(%) 

FCN 82.30% 79.14% 80.85% 

U-Net 84.78% 80.68% 84.67% 

Dense-UNet 86.65% 83.66% 87.59% 

DRA-UNet 88.38% 84.08% 90.68% 

4. Summary 

Accurate segmentation of rectal tumors is important for early diagnosis of colorectal cancer. In 
this paper, we propose an improved U-Net model segmentation method for rectal tumor CT 
images to address the problems of high computational complexity and low segmentation 
accuracy of FCN and U-Net segmentation methods based on full convolutional neural networks 
in medical image segmentation. A deep residual module is used to replace the original 
convolutional layer in the network structure, an attention mechanism is introduced in the jump 
connection, and a DiceLoss loss function is used to help the network perform targeted 
optimization on the difficult-to-learn samples to solve the class imbalance problem. The 
comparison of experimental results shows that the algorithm proposed in this paper has a 

Mask U-Net DRA-Unet Dense-Unet FCN
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certain degree of improvement in segmentation accuracy compared with traditional 
segmentation methods, and the segmentation effect is better. 
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