
Polyper: Boundary Sensitive Polyp Segmentation

Hao Shao1, Yang Zhang2, Qibin Hou1*

1VCIP, School of Computer Science, Nankai University
2Department of Genetics and Cell Biology, College of Life Sciences, Nankai University

shaoh@mail.nankai.edu.cn, houqb@nankai.edu.cn

Abstract

We present a new boundary sensitive framework for polyp
segmentation, called Polyper. Our method is motivated by
a clinical approach that seasoned medical practitioners of-
ten leverage the inherent features of interior polyp regions
to tackle blurred boundaries. Inspired by this, we propose
explicitly leveraging polyp regions to bolster the model’s
boundary discrimination capability while minimizing com-
putation. Our approach first extracts boundary and polyp re-
gions from the initial segmentation map through morpholog-
ical operators. Then, we design the boundary sensitive atten-
tion that concentrates on augmenting the features near the
boundary regions using the interior polyp regions’s charac-
teristics to generate good segmentation results. Our proposed
method can be seamlessly integrated with classical encoder
networks, like ResNet-50, MiT-B1, and Swin Transformer.
To evaluate the effectiveness of Polyper, we conduct exper-
iments on five publicly available challenging datasets, and
receive state-of-the-art performance on all of them. Code is
available at https://github.com/haoshao-nku/medical seg.git.

Introduction
Colon polyps are protruding growths within the colon mu-
cosa, exhibiting considerable variability in shape, texture,
and color (Pooler et al. 2023). Importantly, colon polyps are
recognized as precancerous lesions closely associated with
the development of colon cancer (Djinbachian et al. 2020).
Consequently, there is a pressing need to enhance both the
efficiency of early detection and the accuracy of polyp con-
tour segmentation. Polyps pose diagnostic challenges during
colonoscopy due to the inconspicuous borders and low con-
trast. In their initial stages, polyps often manifest smaller di-
mensions, resulting in less defined margins that exacerbate
detection difficulties.

To address this challenge, one of the current research
trends is to maximize the integration of features at various
scales to preserve as many boundary details as possible. Typ-
ically, Wu et al. (Wu et al. 2021) introduced semantic cali-
bration and refinement techniques to bridge the semantic gap
between feature maps at different levels. SwinE-Net (Park
and Lee 2022) refines the multi-level features extracted from
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Figure 1: Comparisons with other methods on five datasets.

both CNN and Swin Transformer architectures using multi-
dilation convolutions and multi-feature aggregation blocks.
While this approach can perform well in the mid to late
stages of a well-margined lesion, it struggles to effectively
handle early polyps with lower edge contrast.

Another popular strategy is to generate a polyp mask to
coarsely localize the polyp and then enhance the seman-
tic features around the potential boundaries. As an early
attempt, SegT (Chen, Ma, and Zhang 2023) highlights the
boundaries of the polyp area by assessing the disparity be-
tween the foreground and background regions. However, ac-
curately capturing the polyp boundaries poses a challenge
due to the ambiguity caused by blending polyp boundaries
with the surrounding mucosa. Relying solely on the syner-
gistic effect between foreground and background informa-
tion may not lead to accurate polyp segmentation. CaraNet
(Lou et al. 2022) leverages the long-distance interaction of
axial attention to calculate the pairwise affinity from a global
perspective. The roughly estimated polyp regions are re-
moved from the deep features, and then features at differ-
ent scales are utilized to supplement the boundary details
to produce good segmentation results. However, axial at-
tention may not consistently benefit the network because
it risks inadvertently excluding crucial boundary informa-
tion (Thanh Duc et al. 2022). Hence, the methods above can-
not sufficiently address the issue of blurred boundaries.
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In endoscopic screening, skilled medical practitioners of-
ten utilize the polyp characteristics of non-boundary regions
to address the challenge of boundary blurring. Drawing in-
spiration from this observation, our method first generates an
initial segmentation map and employs morphological oper-
ators to partition the polyp into boundary and non-boundary
regions. We then leverage the semantic features extracted
from the non-boundary regions to refine the boundary re-
gions with a novel boundary sensitive attention module,
which can take advantage of both global and local features
to identify the real polyp boundaries.

Our method, called Polyper, is simple, easy to follow, and
suitable for practical medical scenarios. We conduct a se-
ries of experiments on five widely used datasets to evaluate
Polyper. As shown in Fig. 1, Polyper outperforms previous
methods in all datasets in terms of mDice and mIoU scores.
Typically, because of the heterogeneity of polyp features,
previous works mostly do not perform well for small polyps
in the early growth stage. In the subsequent ablation study,
we verify that our method performs well on small polyps.

Our main contributions can be summarized as follows:
• We present a novel module, named boundary sensitive

attention, which can model the relationships between the
boundary regions and interior regions of polyps to aug-
ment the features near the boundary regions by capitaliz-
ing on the inherent characteristics of the interior regions.

• We design a novel decoder for polyp segmentation com-
posed of two distinct stages: potential boundary extrac-
tion and boundary sensitive refinement. This decoder
helps us effectively identify the real polyp boundaries, re-
solving the challenge of boundary blurring in endoscopy.

• We evaluate the proposed Polyper on five popular polyp
segmentation datasets and set new records on almost all
the benchmarks.

Related Work
Architectures for Medical Image Segmentation. CNN is
one of the most widely used deep neural network archi-
tectures in medical image segmentation. A typical example
should be U-Net (Ronneberger, Fischer, and Brox 2015),
one of the most classic networks. Attention U-Net (Oktay
et al. 2018) introduces a novel attention gate mechanism
that empowers the model to selectively focus on targets of
diverse shapes and sizes. Res-UNet (Xiao et al. 2018) in-
corporates a weighted attention mechanism to improve seg-
mentation performance. R2U-Net (Alom et al. 2018) inge-
niously merges the strengths of residual networks (He et al.
2016) and U-Net. KiU-Net (Valanarasu et al. 2020) proposes
an innovative structure that leverages under-complete and
super-complete features to enhance the segmentation of le-
sion regions with small anatomical structures. AttResDU-
Net (Khan et al. 2023) incorporates attention gates on the
skip connections and residual connections in the convolu-
tional blocks. Recently, there has been a surge of interests
in utilizing Transformers (Huang et al. 2022) for polyp seg-
mentation. SwinMM (Wang et al. 2023) develops a cross-
viewpoint decoder that aggregates multi-viewpoint informa-
tion through cross-attention blocks. MPU-Net (Yu and Han

2023) aims to achieve precise localization by combining
image serialization with a positional attention module, en-
abling the model to comprehend deeper contextual depen-
dencies effectively. Segtran (Li et al. 2021) presents a novel
Squeeze-and-Expansion transformer.
Refinement Methods. One avenue for refinement is to max-
imize the utilization of features at different scales. Wu et
al. (Wu et al. 2021) employed semantic calibration and re-
finement techniques to bridge the semantic gap between dif-
ferent levels of feature mapping. SwinE-Net (Park and Lee
2022) refines and enhances the multi-level features extracted
from CNN and Swin Transformer through multi-dilation
convolutions and multi-feature aggregation blocks. FTMF-
Net (Liu et al. 2023) presents a Fourier transform multi-
scale feature fusion network for segmenting small polyp ob-
jects. Another kind of approaches involves targeting spe-
cific areas for refinement. PraNet (Fan et al. 2020) and
CaraNet (Lou et al. 2022) both integrate the Reverse Atten-
tion module (Chen et al. 2018), a specialized component that
accentuates the boundaries between polyps and their sur-
roundings. Xie et al. (Xie et al. 2020) introduced assisted
boundary supervision as a guiding mechanism for refining
glass segmentation, aiding in predicting uncertain regions
around the boundaries. In contrast to direct boundary fea-
ture enhancement, He et al. (He et al. 2021) advocated su-
pervising the non-edge portion through a residual approach
to attain finer edges. Zhang et al. (Zhang et al. 2020) pro-
posed the Local Context Attention module to pass local con-
text features from the encoder layer to the decoder layer, en-
hancing the focus on hard regions. RFENet (Fan et al. 2023)
introduces a structure focus refinement module to facilitate
fine-grained feature refinement of fuzzy points around the
boundaries. EAMNet (Sun, Jiang, and Qi 2023) considers
edge detection and camouflaged object segmentation as an
interlinked cross-refinement process.

Method
Accurately recognizing polyp boundaries from the sur-
rounding mucosa is challenging due to the low contrast be-
tween the polyp and surrounding tissues. To address this
issue, a prevalent strategy is to enhance the quality of the
segmentation map by refining the semantic features near
the potential boundaries. However, the ambiguous nature of
polyp boundaries mixed with the surrounding tissues often
hinders accurate prediction of the polyp boundary regions.
In the context of endoscopic screening, seasoned medical
practitioners often leverage the inherent features of polyps
within non-boundary regions to effectively tackle the issue
of blurred boundaries. Motivated by this clinical approach,
we present Polyper.

Fig. 2 provides an overview of Polyper. Like most pre-
vious works for polyp segmentation, we employ the classi-
cal encoder-decoder architecture. The encoder plays a cru-
cial role in extracting features at different scales and lev-
els, enabling the model to capture coarse and fine details.
We utilize the Swin-T from Swin Transformer (Liu et al.
2021) as our encoder. The decoder comprises two distinc-
tive stages: potential boundary extraction and boundary sen-
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Figure 2: Overall architecture of Polyper. The decoder is divided into two main stages. The first potential boundary extraction
(PBE) stage aims to capture multi-scale features from the encoder, which are then aggregated to generate the initial segmentation
results. Next, we extract the predicted polyps’ potential boundary and interior regions using morphology operators. In the second
boundary sensitive refinement (BSR) stage, we model the relationships between the potential boundary and interior regions to
generate better segmentation results.

sitive refinement. In the potential boundary extraction stage,
the encoder’s multi-scale features are aggregated to gener-
ate an initial prediction, which is used to extract the pre-
dicted polyps’ potential boundaries and interior regions. The
boundary sensitive stage leverages the distinctive character-
istics of the interior regions to enhance the model’s precision
by modeling the relationships between the potential bound-
ary regions and the interior regions. In what follows, we will
describe these two stages in detail.

Potential Boundary Extraction
An overview of the potential boundary extraction stage is
depicted in Fig. 2. We predict the segmentation map using
1 × 1 convolution and employ morphology operators to ex-
tract the boundaries and interior polyp regions from the ini-
tial segmentation result. This stage can be separated into fea-
ture aggregation and region separation.
Feature Aggregation. In the feature aggregation part, we
use 1×1 convolution and the concatenation operation to ag-
gregate features of different scales. Given the features from
the four stages of the encoder, denoted as E0, E1, E2, and
E3

1, we first build a feature pyramid following (Lin et al.
2017). Specifically, we resize feature maps E1, E2, and E3

to ensure they share the same size as E0 through linear in-
terpolation, yielding E′

1, E
′
2, and E′

3. The formula for calcu-
lating feature map Di of the intermediate layer in each stage
of the feature aggregation process is:

Di = [Conv1×1(Di+1), E
′
i], (1)

where i ∈ {0, 1, 2, 3} and [· · · ] means the concatenation
operation. Here, D3 is equivalent to E′

3 and E′
0 is equivalent

to E0. Conv1×1 means 1× 1 convolution.
Region Separation. We introduce a region separation mod-
ule to separate the boundaries and the interior polyp regions
from the initial segmentation map. Specifically, given the
output D0 of the last stage of the feature aggregation, the
initial segmentation mask fm is obtained by a 1 × 1 con-
volution. Then, we utilize the erosion operator (E) and the

1The resolutions are denoted as H
4
× W

4
, H

8
× W

8
, H

16
× W

16
,

and H
32

× W
32

, respectively. H and W are the height and width of
the input image, respectively.

dilation operator (D)2 to separate the boundary and interior
regions from the initial segmentation mask. At each itera-
tion, the mask edge erodes or expands by one pixel. These
regions offer essential guidance for the subsequent refine-
ment process. The separation process can be written as:

PCR = E(fm)× T, (2)
PBR = (D(fm)× T − PCR), (3)

where PCR is the interior regions while PBR denotes the
potential boundary regions. Here, T is the number of oper-
ations for operator D. It is noteworthy that the total number
of operations of operator D and operator E is the same.

Boundary Sensitive Refinement
As mentioned in the introduction section, the diverse charac-
teristics of polyps in different growth stages, including their
shape, texture, and color, lead to significant challenges to the
robustness of polyp segmentation methods. To address this,
we present the boundary sensitive refinement stage to refine
the feature of boundary regions based on PCR and PBR.

The boundary sensitive refinement stage can be illustrated
in the right part of Fig. 2, which includes boundary sensitive
attention module and full-stage sensitivity strategy. We first
extract features from the boundary, interior polyp, and back-
ground regions, respectively. Then, we leverage the cross-
attention mechanism to model the relationships between the
boundary region and the interior polyp regions as well as
the relationships between the interior polyp regions and the
background regions. This enables simultaneous encoding of
global and local features to improve the quality of segmen-
tation results with accurate boundaries. After the above pro-
cess is done, the features corresponding to different regions
will be restored to their initial positions. The goal is to en-
sure the efficient use of hardware resources. To realize the
process above, we introduce a novel boundary sensitive at-
tention module. In addition, deep features excel at capturing
and conveying semantic information, while low-level fea-
tures are good at representing complex geometric details.

2Please refer to Chapter 9 of the Digital image processing (Gon-
zales and Woods 1987) for more details.
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Figure 3: Detailed structure of boundary sensitive attention
(BSA) module. This process is separated into two parallel
branches, which systematically capitalize on the distinctive
attributes of polyps at various growth stages, both in terms of
spatial and channel characteristics. ‘B’ and ‘M’ indicate the
number of pixels in the boundary and interior polyp regions
within an input of size H ×W and C channels.

We introduce a full-stage sensitivity strategy that tactically
harnesses the strengths of both deep and shallow features.
Boundary Sensitive Attention. The structure of the bound-
ary sensitive attention module is illustrated in Fig. 3. It com-
prises two branches thoroughly exploring polyps’ inherent
characteristics by building spatial and channel attentions.
We first describe the working mechanism of the boundary
sensitive attention module on encoding spatial information.

Given the input Di, the boundary region mask PBR,
and the interior polyp region mask PCR, we first perform
element-wise product operations on Di over PBR and PCR

to attain the features corresponding to the boundary region
and the interior polyp region, denoted as FBR and FCR, re-
spectively. To better discover the real polyp boundaries, we
do not consider the background regions. We treat FBR as
the query matrix and FCR as the key and value matrices and
compute the cross-attention between them as follows:

FS = MHCAS(FBR, FCR, FCR), (4)

where MHCAS(·, ·, ·) denotes multi-head cross-attention
(Vaswani et al. 2017) along the spatial dimension. This op-
eration aims to more accurately mine regions that are real
polyps by leveraging the priors of the interior polyp regions
based on our observation mentioned at the beginning of this
section. In addition, as the cross-attention is computed over
only FBR and FCR but not the background region, the com-
putational cost is also low. The results will then be put back
to the corresponding positions of Di.

We also consider using the background region to capture
the variations and correlations between the background and
boundary regions and between the background and internal
polyp regions. We use F ′

BR and F ′
CR to denote boundary

region features and interior polyp region features that con-
tain background information, respectively. We treat F ′

BR as
the query matrix and F ′

CR as the key and value matrices and
compute the cross-attention between them as follows:

FC = MHCAC(F
′
BR, F

′
CR, F

′
CR), (5)

where MHCAC(·, ·, ·) denotes multi-head cross-attention
along the channel dimension, following (Yin et al. 2022; Za-
mir et al. 2022) to save computations. The goal of this op-
eration is to capture the consistency and correlation among
the different regions from a global view.

The output of the proposed boundary sensitive attention
module can be formulated as:

Fi = Conv1×1(FS) + Conv1×1(FC) +Di, (6)

where Conv1×1 is 1× 1 convolution.
Full-Stage Sensitive Strategy. As depicted in the right part
of Fig 2, the boundary sensitive attention module is used to
leverage the features at various scales for refining the bound-
ary regions progressively. The formulation of this full-stage
sensitive strategy can be described as follows. At the deepest
stage, the refinement process is calculated as follows:

F3 = BSA(D3, PBR, PCR), (7)

where BSA(·, ·, ·) denotes the boundary sensitive attention
module. Furthermore, the refinement process in the subse-
quent stages can be defined as:

Fi = BSA(Conv1×1(Fi+1) +Di, PBR, PCR). (8)

Finally, we add a 1 × 1 convolution to F0 to generate the
final predictions. From the above descriptions, we can see
that our decoder primarily contains 1 × 1 convolutions and
simple cross-attention. This makes our method efficient.

Experiments
Datasets
We report results on datasets used in Pranet (Fan et al. 2020),
including: Kvasir-SEG, CVC-ClincDB, CVC-ColonDB,
EndoScene, and ETIS. The training set consists of 900 im-
ages from Kvasir-SEG and 550 images from ClinicDB. The
test sets comprise 100 images from Kvasir-SEG, 62 images
from CVC-ClincDB, 380 images from CVC-ColonDB, 60
images from EndoScene, and 196 images from ETIS.

Implementation Details
We use PyTorch (Paszke et al. 2019) and mmsegmentation3

to implement Polyper. The input resolution during training
is set to 224×224, and the batch size is set to 6. The number
of iterations during training is 80k. We employ the AdamW
optimizer for training with an initial learning rate of 0.0002,
a momentum of 0.9, and a weight decay of 1e-4. All the
experiments are conducted on one NVIDIA RTX 3090 GPU.
Following the configuration of previous research (Lin et al.
2022), evaluation metrics mIoU and mDice are employed.
The calculation of flops and parameters in the experiments
is based on an input size of 512 × 512, and the calculation
method is from the mmsegmentation project.

Analysis of Experimental Results
Comparison with the State-of-the-Art Methods. We com-
pare the segmentation performance of Polyper with other

3https://github.com/open-mmlab/mmsegmentation.
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Methods Params (M) Flops (G) Kvasir ClinicDB ColonDB EndoScene ETIS

mDice mIoU mDice mIoU mDice mIoU mDice mIoU mDice mIoU

U-Net 24.56 38.26 81.80 74.60 82.30 75.50 51.20 44.40 71.00 62.60 39.80 33.50
UNet++ 25.09 84.30 82.10 74.30 79.40 72.90 48.30 41.00 70.70 62.40 40.10 34.40
SFA - - 72.30 61.10 70.00 60.70 46.90 34.70 46.70 32.90 29.70 21.70
ACSNet 46.02 29.45 89.80 83.80 88.20 82.60 71.60 64.90 86.30 78.70 57.80 50.90
PraNet 32.50 221.90 89.80 84.00 89.90 84.90 70.90 64.00 87.10 79.70 62.80 56.70
SANet - - 90.40 86.40 93.70 88.90 75.30 67.00 88.80 81.50 75.00 65.40

TransFuse 115.59 38.73 91.80 86.80 93.40 88.60 74.40 67.60 90.40 83.80 73.70 66.10
TransUNet 105.28 24.66 91.30 85.70 93.50 88.70 78.10 69.90 89.30 82.40 73.10 66.00
HarDNet-MSEG 33.80 192.74 91.20 85.70 93.20 88.20 73.10 66.00 88.70 82.10 67.70 61.30
DS-TransUNet 177.44 30.97 93.40 88.80 93.80 89.10 79.80 71.70 88.20 81.00 77.20 69.80
SwinE-Net - - 92.00 87.00 93.80 89.20 80.40 72.50 90.60 84.20 75.80 68.70
Polyp-PVT - - 91.70 86.40 93.70 88.90 80.80 72.70 90.00 83.30 78.70 70.60

CaraNet 46.64 21.69 91.80 86.50 93.60 88.70 77.30 68.90 90.30 83.80 74.70 67.20
ColonFormer 52.94 22.94 92.40 87.60 93.20 88.40 81.10 73.30 90.60 84.20 80.10 72.20
SegT - - 92.70 88.00 94.00 89.70 81.40 73.20 89.50 82.80 81.00 73.20

Polyper w/o BSR 28.70 37.42 91.69 85.16 89.29 81.86 74.93 66.00 86.12 80.25 75.36 66.77
Polyper w/o RS 29.82 48.26 91.97 85.58 88.35 83.68 75.60 66.84 87.69 82.12 82.36 73.13
Polyper 29.11 43.54 94.82 90.36 94.45 89.85 83.72 74.55 92.43 86.72 86.51 78.51

Table 1: Comparisons with other methods. ‘Polyper w/o RS’ means no region separation is used in potential boundary extrac-
tion, and the entire foreground region is refined instead of the boundary region. ‘Polyper w/o BSR’ means not to refine the
initial segmentation results.
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Figure 4: Performance for small polyps on five dataset. ‘Proportion Size’ is the ratio of the polyp’s size to the entire image.

state-of-the-art models. Table 1 presents a comprehensive
comparison with CNN-based methods (Ronneberger, Fis-
cher, and Brox 2015; Zhou et al. 2018; Fang et al. 2019;
Zhang et al. 2020; Fan et al. 2020; Wei et al. 2021),
Transformer-based methods (Zhang, Liu, and Hu 2021;
Huang, Wu, and Lin 2021; Lin et al. 2022; Dong et al. 2021;
Park and Lee 2022), and refinement-based methods (Lou
et al. 2022; Thanh Duc et al. 2022; Chen, Ma, and Zhang
2023). As depicted in Table 1, it is evident that our pro-
posed boundary sensitive method, called Polyper, outper-
forms other listed methods. The visualization results are
shown in Fig. 5, from which it can be observed that our pro-
posed method outperforms the previous methods in bound-
ary processing and the processing of small polyps.
Small Polyp Analysis. We also evaluate the performance
of small polyps. This type of polyps tends to appear at
the onset of the disease and has lower contrast (Antonelli
et al. 2021). Specifically, we follow the approach pre-
sented in CaraNet (Lou et al. 2022) and focus on evaluat-
ing polyps that make up less than 6% of the entire image.
In this experiment, we compare with a CNN-based method
PraNet (Fan et al. 2020), a Transformer-based method DS-
TransUNet (Lin et al. 2022), and a refinement-based method

CaraNet (Lou et al. 2022). The results are shown in Fig. 4. It
can be observed that Polyper performs better in small polyps
than other methods thanks to the boundary sensitive strategy.
Notably, Polyper even outperforms CaraNet, a method spe-
cially designed for small polyp targets.

Ablation Study
We conducte extensive ablation experiments on the Kvasir
dataset to analyze Polyper.
Ablations on Encoder. Initially, we conduct experiments
to evaluate the impact of different encoders. We choose
the commonly used ResNet-50 (He et al. 2016) and MiT-
B1 (Xie et al. 2021) as the evaluation encoders. As shown
in Table 2, when using our decoder and ResNet-50 as an en-
coder, a significant enhancement of 2.22 for mIoU and 1.16
for mDice is observed compared to not refining the initial
segmentation results. Additionally, using the MiT-B1 as en-
coder brings significant enhancement. This demonstrates the
broad applicability of Polyper to various encoders.
Ablations on Potential Boundary Extraction. We first
evaluate the influence of different feature aggregation meth-
ods. We consider the Non-Local block (Wang et al. 2018)
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Images U-Net PraNet DS-TransUNet CaraNet Polyper Ground Truth

Figure 5: Segmentation results of different methods on the Kvasir, ClinicDB and ColonDB datasets (from top to bottom).

Encoder Decoder mIoU mDice

ResNet-50 Ours w/o BSR 82.75 90.13
ResNet-50 Ours w/ BSR 84.97 (2.22 ↑) 91.29 (1.16 ↑)

MiT-B1 Ours w/o BSR 87.74 93.28
MiT-B1 Ours w/ BSR 89.19 (1.45 ↑) 94.13 (0.85 ↑)

Swin-T Non-Local w/o BSR 84.56 91.31
Swin-T Non-Local w/ BSR 86.55 (1.99 ↑) 92.55 (1.24 ↑)

Swin-T Hamburger w/o BSR 82.40 89.85
Swin-T Hamburger w/ BSR 83.67 (1.27 ↑) 90.65 (0.80 ↑)

Swin-T Ours w/o BSR 87.12 92.90
Swin-T Ours w/ BSR 90.57 (3.45↑) 94.49 (1.59↑)

Table 2: Ablations on different encoders and feature aggre-
gation methods. ‘Polyper w/o BSR’ means not to refine the
initial segmentation results

and Hamburger (Geng et al. 2021). As Table 2 shows, our
proposed boundary sensitive approach Polyper is compat-
ible with different feature aggregation methods, reflecting
our method’s generalization ability. Furthermore, it is no-
ticeable that the Non-Local block and Hamburger do not
surpass the performance of our proposed feature aggregation
method when used for feature aggregation. We attribute this
to the fact that these two methods are originally designed
for semantic segmentation in natural images. Given the lim-
ited amount of medical data available for segmentation and
the resulting challenges of network convergence, their per-
formance in medical segmentation remains unsatisfactory.

Furthermore, we conduct experiments to analyze the ef-
fectiveness of Region Separation (RS). In the absence of RS,
the subsequent refinement stage employs the full mask to en-
compass the entire foreground area. As presented in Table 3,
refinement with RS demonstrates improvements of 4.40 on
mIoU and 2.59 on mDice compared to refinement with the
whole mask. This is because the boundary regions of the

RS Number of iterations mIoU mDice
1 2 3 4 5 6

86.55 92.57
✓ ✓ 87.14 92.91
✓ ✓ 87.95 93.40
✓ ✓ 88.79 93.90
✓ ✓ 89.66 94.42
✓ ✓ 88.79 93.30

✓ ✓ 90.57 94.49

Table 3: Ablations on region separation. ‘Number of itera-
tions’: number of iterations applied by the erosion operator.

initial segmentation results contain unreliable features with
low confidence. When the whole foreground is refined, it
is affected by these unreliable features, which reduces the
quality of the segmentation results.

Finally, we conduct experiments on the width of the
boundary region, and the results are shown in Table 3. The
width of the boundary region is determined by performing
a subtraction operation between the mask after applying the
erosion operator and the mask after applying the dilation op-
erator, following (Zhu, Qiao, and Yang 2023) to calculate.
For this experiment, our evaluation focuses on assessing the
impact of the number of iterations executed by the erosion
operator. From the table, it can be observed that the optimal
number of iterations for the erosion operator is 4. We sug-
gest that the readers use this number in their experiments.

Ablations on Boundary Sensitive Refinement. Here, we
conduct experiments to validate the importance of boundary
sensitive refinement stage. First, we evaluate the importance
of the two branches, spatial attention and channel attention.
Table 4 clearly illustrates the contributions of spatial atten-
tion and channel attention. This illustrates the effectiveness
of fully utilizing the relationship between the boundary re-
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(a) (b) (c) (d) (e) (f) (g) (h) (i) (j)

Figure 6: Visual analysis of the feature maps produced by different versions of Polyper. All images are selected from the Kvasir
dataset. (a) w/o Boundary Sensitive Refinement; (b) w/o Region Separation; (c) w/o Boundary Sensitive Attention;(d) Polyper
w/o channel attention; (e) w/o spatial attention; (f) Polyper; (g) segmentation results w/o Boundary Sensitive ; (h) segmentation
results w/o Region Separation ; (i) segmentation results w/ Polyper; (j) ground-truth annotations.

SA CA mIoU mDice

87.65 93.22
✓ 89.45 (1.80 ↑) 94.28 (1.06 ↑)

✓ 89.16 (1.51 ↑) 94.12 (0.90 ↑)
✓ ✓ 90.57 (2.92↑) 94.49 (1.27↑)

Table 4: Ablations on the boundary sensitive attention mod-
ule. ‘SA’: spatial attention. ‘CA’: channel attention.

D3 D2 D1 D0 mIoU mDice

✓ 85.43 91.88
✓ ✓ 86.26 (0.83 ↑) 92.16 (0.28 ↑)
✓ ✓ ✓ 88.90 (2.64 ↑) 93.48 (1.32 ↑)
✓ ✓ ✓ ✓ 90.57 (1.67 ↑) 94.49 (1.01 ↑)

Table 5: Ablations on full-stage sensitive strategy. When all
features are used, the performance is the best.

gion and the interior polyp region and the relationship be-
tween the interior polyp region and the background region
for producing polyp regions with accurate boundaries.

Then, we evaluate the importance of our full-stage sen-
sitive strategy. Table 5 illustrates the effectiveness of fully
utilizing different levels of features to improve the quality of
segmentation results with accurate boundaries. We can see
that gradually incorporating more features from lower levels
can continuously increase the model’s performance.
Visual Analysis. We use the method in (Komodakis and
Zagoruyko 2017) to visualize the feature maps generated
by different versions of Polyper. The visual results are pre-
sented in Fig. 6. From Fig. 6(b), it can be observed that
when refining the initial results from a global perspective,
this approach has limited effect and does not solve the prob-
lem of edge blurring due to the presence of interference in
the boundary regions with low-confidence predictions. In

Ours GT Ours GT Ours GT

Figure 7: Failure cases of Polyper.

contrast, as can be seen from Fig. 6(f), our method is effec-
tive when augmented by modeling the relationship between
the interior polyp region and the boundary region and the
relationship between the interior polyp region and the back-
ground region to differentiate the boundaries of the lesion
regions.
Limitations of Polyper. We show some failure cases
of Polyper in Fig. 7. First, we assume polyp localization is
accurate and cannot handle false positives or false negatives
well. Second, we employ the fixed-width method to define
the boundary width and extract boundary regions. This may
not account for the diversity of polyp features. In the future,
we will explore adaptive boundary width methods.

Conclusion
We present Polyper, a novel approach for polyp segmenta-
tion. We employ morphology operators to delineate bound-
ary and interior polyp regions from the initial segmentation
results. Then, we leverage the features of the interior polyp
regions to enhance the features of boundary regions. Our ex-
periments on five datasets demonstrate the remarkable per-
formance of Polyper.
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