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Abstract

In recent years, the mortality rate due to colorectal cancer has been increased significantly. Moreover, colorectal cancer
is mainly caused by polyps. Although deep learning has made significant progress in the field of polyp segmentation in
recent years, polyp segmentation is still a challenging task because the polyp is very similar to the background resulting in
very blurred boundaries. In this paper, we add the boundary guidance module to make the network more focused on the
lesion region, which can reduce the problem of attention divergence. We conducted tests on five public datasets,
CVCClinicDB, Kvasir, CVC-300, CVC-ColonDB and ETIS. The results show that our network outperforms the current

mainstream networks on the five benchmark datasets.

I. Introduction

Colorectal cancer is one of the most deadly cancers
in the world. Colorectal adenomatous polyps are the
initial manifestation of its disease. The earlier polyps are
detected and removed, the better the chance of reducing
the incidence and mortality of colorectal cancer.

Current deep learning based polyp segmentation
work relies mainly on CNN or Transformer. Olaf
Ronneberger et al. propose UNet [ 1] for medical image
segmentation, which makes creative use of an encoder-
decoder structure and uses skip connections to
compensate for missing contextual information. PraNet
[ 2] first roughly predicts the lesion area and then uses a
reverse attention mechanism to mimic the clinician's
labeling process for colon polyps to obtain fine boundary
cues for segmenting polyp. Transformer has the ability to
capture global information better than CNN, but it has
the problem of attention scattering. SSFormer proposed
[ 3] by Qiming Huang et al. design the LE module to
enhance local features and the SFA module for feature
stepwise fusion. Wenchao Zhang propose HSNet [4] and
designed the CSA module to filter the noise information.

In this paper, we propose Boundary-compensated
Lesion Aware Transformer (BLAFormer) to first determine
the general area of the lesion, and then use the
boundary attention map to determine the details of the

lesion area.
Io. Method
An overview of our proposed model is shown in

Fig. 1. We use PVT v2 [

different levels of features (i.e., E;, E, ,E3 E4). We use a

5] as encoder to capture

dual decoder structure, one for generating boundary
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Fig. 1. An overview of BLAFormer

attention map (BAM) and use it to help the second
decoder to generate the final polyp prediction map.
Inspired by BDGNet [ 6 ], first we put the last three
layers of the encoder output into the Receptive Field
Block (RBF) and aggregation to get boundary attention
map is. In the lesion aware module (LAM), we first use
cross-attention with the prediction map from the
previous decoder layer, followed by multiplication with
the boundary attention map (BAM). Finally, two more
convolution operations are performed. This is in line with
the physician's habit in clinical diagnosis, where the
approximate location of the lesion area is first
determined, and then its fine boundary is determined.
The output of each decoder layer and BAM are
under supervision by the corresponding down-sampled

ground truth. The loss function is shown below :

Liotal = Lbam+Lsegi,i S {1 ,2,3,4} (1
Lum= 0 (by—by) *[(bi—by) >4 @
Lseg = wace + Lwiou (3)
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CVC- CVC- CVC- ETIS-

Methods Kvasir o .
ClinicDB | ColonDB 300 Lairb
PraNet[2] 0.894 0.899 0.712 0.871 0.628
CaraNet[7] | 0.880 0.871 0.750 0.886 0.647
LDNet[8] 0.912 0.921 0.780 0.861 0.701
SSFormel[3] | 0.917 0.916 0.772 0.887 0.767
BLAFormer | 0.923 0.931 0.820 0.893 0.809

Table 1: Comparison of method proposed in this paper
with other mainstream methods for mDice on five public

datasets
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Fig. 2. Visual comparison of our method with 3 other
segmentation methods with the dataset ETIS-

LaribPolypDB

We validate the feature modeling capability of the
proposed framework using the Kvasir-SEG and ClinicDB
datasets. Kvasir-SEG is divided into 900 training images
and 100 test images, and ClinicDB is divided into 548
training images and 64 test images. Similarly, we
validated the generalization performance of our method
on unseen ColonDB, 300, and ETIS datasets. The results
are shown in Table 1 and Fig. 2.

M. Conclusion

In this work, the boundary-compensated lesion
aware transformer imitates the clinical diagnosis method
of doctors, which determines the general area of the
lesion part before determining the detailed boundary to
achieve a better segmentation effect and can effectively
reduce the distraction. Experimental results show that our
method also performs well on different data sets. In
future work, we will further investigate how to improve

the model's ability to integrate different information.
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