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Abstract. Automatic and accurate polyp segmentation plays an essen-
tial role in early colorectal cancer diagnosis. However, it has always been
a challenging task due to 1) the diverse shape, size, brightness and other
appearance characteristics of polyps, 2) the tiny contrast between con-
cealed polyps and their surrounding regions. To address these problems,
we propose a lesion-aware dynamic network (LDNet) for polyp segmen-
tation, which is a traditional u-shape encoder-decoder structure incor-
porated with a dynamic kernel generation and updating scheme. Specif-
ically, the designed segmentation head is conditioned on the global con-
text features of the input image and iteratively updated by the extracted
lesion features according to polyp segmentation predictions. This simple
but effective scheme endows our model with powerful segmentation per-
formance and generalization capability. Besides, we utilize the extracted
lesion representation to enhance the feature contrast between the polyp
and background regions by a tailored lesion-aware cross-attention mod-
ule (LCA), and design an efficient self-attention module (ESA) to cap-
ture long-range context relations, further improving the segmentation
accuracy. Extensive experiments on four public polyp benchmarks and
our collected large-scale polyp dataset demonstrate the superior perfor-
mance of our method compared with other state-of-the-art approaches.
The source code is available at https://github.com/ReaFly/LDNet.

1 Introduction

Colorectal Cancer (CRC) is one of the most common cancer diseases around the
world [17]. However, actually, most CRC starts from a benign polyp and gets pro-
gressively worse over several years. Thus, early polyp detection and removal make
essential roles to reduce the incidence of CRC. In clinical practice, colonoscopy
is a common examination tool for early polyp screening. An accurate and auto-
matic polyp segmentation algorithm based on colonoscopy images can greatly
support clinicians and alleviate the reliance on expensive labor, which is of great
clinical significance.
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However, accurate polyp segmentation still remains challenge due to the
diverse but concealed characteristics of polyps. Early traditional approaches [12,
19] utilize hand-craft features to detect polyps, failing to cope with complex
scenario and suffering from high misdiagnosis rate. With the advance of deep
learning technology, plenty of CNN-based methods are developed and applied for
polyp segmentation. Fully convolution network [11] is first proposed for seman-
tic segmentation, and then its variants [1,3] also make a great breakthrough
in the polyp segmentation task. UNet [16] adopts an encoder-decoder struc-
ture and introduces skip-connections to bridge each stage between encoder and
decoder, supplying multi-level information to obtain a high-resolution segmen-
tation map through successive up-sampling operations. UNet++ [27] introduces
more dense and nested connections, aiming to alleviate the semantic difference
of features maps between encoder and decoder. Recently, to better overcome
the above mentioned challenges, some networks specially designed for polyp seg-
mentation task have been proposed. For example, PraNet [6] adopts a reverse
attention mechanism to mine finer boundary cues based on the initial segmen-
tation map. ACSNet [23] adaptively selects and integrates both global contexts
and local information, achieving more robust polyp segmentation performance.
CCBANet [13] proposes the cascading context and the attention balance modules
to aggregate better feature representation. SANet [21] designs the color exchange
operation to alleviate the color diversity of polyps, and proposes a shallow atten-
tion module to select more useful shallow features, obtaining comparable seg-
mentation results. However, existing methods mainly focus on enhancing the
network’s lesion representation from the view of feature selection [6,13,23] or
data augmentation [21], and no attempts have been made to consider the struc-
tural design of the network from the perspective of improving the flexibility and
adaptability of model feature learning, which limits their generalization.

To this end, we design a Lesion-aware Dynamic Network (LDNet) for the
polyp segmentation task. Inspired by [9,24], we believe that a dynamic kernel
can adaptively adjust parameters according to the input image, and thus achiev-
ing stronger feature exploration capabilities in exchange for better segmentation
performance. Specifically, our unique kernel (also known as segmentation head)
is dynamically generated basing on the global features of the input image, and
generates one polyp segmentation prediction in each decoder stage. Accordingly,
these segmentation results serve as clues to extract refined polyp features, which
in turn update our kernel parameters with better lesion perception. For some
complex polyp regions, the dynamic kernel generation and update mechanism
we designed can step-wisely learn and mine discriminative regional features and
gradually improve the segmentation results, enhancing the generalization of the
model. Besides, we design two attention modules, i.e., Efficient Self-Attention
(ESA) and Lesion-aware Cross-Attention (LCA). The former is used to capture
global feature relations, while the latter is designed to enhance feature contrast
between lesions and other background regions, further improving the segmenta-
tion performance. In summary, the contributions of this paper mainly include
three folds: (1) We design a lesion-aware dynamic network for polyp segmenta-
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Fig. 1. (a) Overview of our LDNet. (b) Illustration of kernel generation and update.

tion. The introduction of a dynamic kernel generation and update mechanism
endows the model with generalizability to discriminate polyp regions with diverse
shapes, sizes, and appearances. (2) Our tailored ESA and LCA modules enhance
the polyp feature representation, which helps to mine concealed polyps with low
visual contrast. (3) Extensive experiments on four public polyp benchmarks and
our collected large-scale polyp dataset demonstrate the effectiveness of our pro-
posed method.

2 Methodology

The overview of our LDNet is shown in Fig. 1, which is a general encoder-decoder
structure, incorporated with our designed dynamic kernel scheme and attention
modules. The Res2Net [8] is utilized as our encoder, consisting of five blocks.
The generated feature map of each block is denoted as {Ei}5i=1. Accordingly,
five-layer decoder blocks are adopted and their respective generated features are
defined as {Di}5i=1. 1 × 1 convolution is utilized to unify the dimension of Di to
64, denoted as D̄i, which are adaptive to subsequent kernel update operations.
In contrast to previous methods [6,7,21,23] with a static segmentation head,
which is agnostic to the input images and remains fixed during the inference
stage, we design a dynamic kernel as our segmentation head. The dynamic ker-
nel is essentially a convolution operator used to produce segmentation result,
but its parameters are initially generated by the global feature E5 of the input,
and iteratively updated in the multi-stage decoder process based on the cur-
rent decoder features D̄i and its previous segmentation result Pi+1, which is
employed to make a new prediction Pi. For the convenience of expression, we
denote the sequential updated kernels as {Ki}5i=1. Each segmentation prediction
is supervised by the corresponding down-sampled Ground Truth, and the pre-
diction P1 of the last decoder stage is the final result of our model. We detail
the dynamic kernel scheme and attention modules in the following sections.
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2.1 Lesion-Aware Dynamic Kernel

Kernel Generation. Dynamic kernels can be generated in a variety of ways
and have been successfully applied in many fields [9,14,22,24]. In this paper, We
adopt a simple but effective method to generate our initial kernel. As shown in
Fig. 1, given the global context feature E5, we first utilize an adaptive average
pooling operation to aggregate features into a size of K × K, and then perform
one 1 × 1 convolution to produce the initial segmentation kernel with a reduced
dimension of 64. To be consistent with the sequence of decoder, we denote our
initial kernel as K5 ∈ R

1×64×K×K . K5 is acted on the unified decoder features
D̄5 to generate the initial polyp prediction P5.

Kernel Update. Inspired by [24], we design an iterative update scheme based
on the encoder-decoder architecture to improve our dynamic kernel. Given the
i-th unified decoder features D̄i ∈ R

64×Hi×Wi and previous polyp segmentation
result Pi+1 ∈ R

1×Hi+1×Wi+1 , we first extract lesion features as:

Fi =
Hi∑ Wi∑

up2(Pi+1) ◦ D̄i, (1)

where up2 denotes up-sampling the prediction map by a factor of 2 to keep a
same size with feature map. ‘◦’ represents the element-wise multiplication with
broadcasting mechanism.

The essential operation of the kernel update is to integrate the lesion repre-
sentations extracted by the current decoder features into previous kernel param-
eters. In this way, the kernel can not only perceive the lesion characteristics to be
segmented in advance, but gradually incorporate multi-scale lesion information,
thus enhancing its discrimination ability for polyps. Since the previous polyp
prediction may be inaccurate, as in [24], we further utilize a gate mechanism
to filter the noise in lesion features and achieve an adaptive kernel update. The
formulation is:

Ki = GF
i ◦ φ1(Fi) + GK

i ◦ φ2(Ki+1), (2)

where φ1 and φ2 denote linear transformations. GF
i and GK

i are two gates,
which are obtained by the element-wise multiplication between the variants of
Fi and Ki+1 followed by different linear transformation and Sigmoid function
(σ), respectively:

Gi = φ3(Fi) ◦ φ4(Ki+1) (3)

GK
i = σ(φ5(Gi)),GF

i = σ(φ6(Gi)) (4)

The updated kernel Ki is acted on the specific decoder feature to make a new
prediction Pi. Both of them are sent to the (i−1)-th decoder stage to iteratively
perform the above update scheme.
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Fig. 2. (a) Illustration of ESA. (b) Illustration of LCA. FF denotes the feed-forward
layer. We omit the residual addition between the input and output of FF for simplicity.

2.2 Attention Modules

Efficient Self-attention. Self-attention mechanism is first proposed in Trans-
former [20], and recently has played a significant role in many tasks [4,5] due
to its strong long-range modeling capability, however is criticized for prohibitive
computation and memory cost. To overcome these challenges, we borrow the
idea from [26,28] and design our ESA module. As shown in Fig. 2, we follow
the component of Transformer but replace the original self-attention with our
ESA layer, followed by a feed-forward layer and a reshaping operation. We also
perform a multi-head parallel scheme to further improve the performance. Specif-
ically, given one encoder feature map Ei ∈ R

Ci×Hi×Wi , details of our ESA layer
are formulated as follows:

ESA(Ei) = φo(concat(head0, ...,headn)), (5)

headj = Attention(φj
q(Q), φj

k(K), φj
v(V)), (6)

where φo, φj
q, φj

k, φj
v denote the linear projections, and n is the number of

heads. Q ∈ R
Ni×Ci(Ni = Hi × Wi) is reshaped from the Ei. K, V ∈ R

S×Ci

are obtained by the pyramid pooling operation [26], which includes 1 × 1, 3 × 3,
5 × 5 adaptive average pooling to down-sample the feature map, followed by
reshaping and concatenating operations. Thanks to such a sampling process, we
utilize fewer representative global features to perform the standard attention [20],
not only introducing global relations to original features, but significantly saving
the computation overhead (S = 1 × 1 + 3 × 3 + 5 × 5 � Ni). Attention(·) is
formulated as:

Attention(q,k,v) = softmax(
qkT

√
dk

)v, (7)

where dk is the dimension of each head, equal to Ci

n .
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Lesion-Aware Cross-Attention. Besides our lesion-aware dynamic kernel,
the predicted polyp result is also utilized to enhance the features. Specifically,
given the decoder feature Di ∈ R

Ci×Hi×Wi and the prediction Pi ∈ R
1×Hi×Wi ,

the extracted lesion representations by Eq. 1 (w/o up2) serve as the K and
V ∈ R

1×Ci to perform the cross-attention, which is similar to the above men-
tioned self-attention. Through such an operation, the more similar the region to
the lesion, the further enhancement of lesion characteristics, which significantly
improves the feature contrast and benefits to detect concealed polyps.

3 Experiments

3.1 Datasets

Public Polyp Benchmarks. We evaluate our proposed LDNet on four
public polyp datasets, including Kvasir-SEG [10], CVC-ClinicDB [2], CVC-
ColonDB [19] and ETIS [18]. Following the same setting in [6,21], we randomly
select 80% images respectively from Kvasir-SEG and CVC-ClinicDB and fuse
them together as our training set, 10% as validation set. The remaining data
of Kvasir-SEG and CVC-ClinicDB, and other two unseen datasets are used for
testing.

Our Collected Large-Scale Polyp Dataset. We also evaluate LDNet on our
collected polyp dataset, which has 5175 images in total. This dataset is randomly
split into 60% for training, 20% for validation, and the remaining for testing.

3.2 Implementation Details and Evaluation Metrics

Our method is implemented based on PyTorch framework [15] and runs on an
NVIDIA GeForce RTX 2080 Ti GPU. We simply set K = 1 in the kernel gener-
ation and n = 8 in the multi-head attention mechanism. The SGD optimizer is
utilized to train the model, with batch size of 8, momentum of 0.9 and weight
decay of 10−5. The initial learning rate is set to 0.001, and adjusted by a poly
learning rate policy, which is lr = lrinit × (1− epoch

nEpoch )power, where power = 0.9,
nEpoch = 80. All images are uniformly resized to 256 × 256. To avoid overfit-
ting, data augmentations including random horizontal and vertical flips, rota-
tion, random cropping are used in the training stage. A combination of Binary
Cross-Entropy loss and Dice loss is used to supervise the training process.

As in [7,23], eight common metrics are adopted to evaluate polyp segmen-
tation performance, including Recall, Specificity, Precision, Dice Score, IoU for
Polyp (IoUp), IoU for Background (IoUb), Mean IoU (mIoU) and Accuracy .

3.3 Experiments on the Public Polyp Benchmarks

We compare our LDNet with several state-of-the-art methods, including
UNet [16], ResUNet [25], UNet++ [27], ACSNet [23], PraNet [6], SANet [21],
CCBANet [13], on the public polyp benchmarks. As shown in Table 1, our LDNet
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Table 1. Comparison with other state-of-the-art methods on four benchmark datasets.
The best three results are highlighted in red, green and blue, respectively.

Methods Rec Spec Prec Dice IoUp IoUb mIoU Acc

Kvasir UNet [16] 87.04 97.25 84.28 82.60 73.39 93.89 83.64 95.05

ResUNet [25] 84.70 97.17 83.00 80.50 70.60 93.19 81.89 94.43

UNet++ [27] 89.23 97.20 85.57 84.77 76.42 94.23 85.32 95.44

ACSNet [23] 91.35 98.39 91.46 89.54 83.72 96.42 90.07 97.16

PraNet [6] 93.90 97.33 89.87 90.32 84.55 95.98 90.26 96.75

CCBANet [13] 90.71 98.04 91.02 89.04 82.82 96.21 89.52 97.02

SANet [21] 92.06 98.20 91.14 89.92 83.97 96.54 90.26 97.18

Ours 92.72 98.05 92.04 90.70 85.30 96.71 91.01 97.35

CVC- ClinicDB UNet [16] 88.61 98.70 85.10 85.12 77.78 97.70 87.74 97.95

ResUNet [25] 90.89 99.25 90.22 89.98 82.77 98.18 90.47 98.37

UNet++ [27] 87.78 99.21 90.02 87.99 80.69 97.92 89.30 98.12

ACSNet [23] 93.46 99.54 94.63 93.80 88.57 98.95 93.76 99.08

PraNet [6] 95.22 99.34 92.25 93.49 88.08 98.92 93.50 99.05

CCBANet [13] 94.89 99.22 91.39 92.83 86.96 98.79 92.87 98.93

SANet [21] 94.74 99.41 92.88 93.61 88.26 98.94 93.60 99.07

Ours 94.49 99.51 94.53 94.31 89.48 98.95 94.21 99.08

CVC-ColonDB UNet [16] 63.05 98.00 68.01 56.40 47.32 94.51 70.92 94.84

ResUNet [25] 59.91 98.06 65.29 54.87 44.31 93.77 69.04 94.06

UNet++ [27] 63.49 98.59 77.79 60.77 52.64 95.19 73.92 95.48

ACSNet [23] 77.38 99.26 81.72 75.51 67.38 96.16 81.77 96.32

PraNet [6] 81.85 98.54 78.43 76.24 68.29 96.06 82.17 96.26

CCBANet [13] 82.34 98.39 77.79 75.36 66.57 95.89 81.23 96.14

SANet [21] 75.21 99.09 81.43 73.50 65.47 96.19 80.83 96.40

Ours 83.46 98.49 81.15 78.43 70.58 96.21 83.39 96.48

ETIS UNet [16] 47.33 96.36 48.05 34.81 28.38 94.72 61.55 94.90

ResUNet [25] 49.12 97.21 56.85 38.65 30.54 95.27 62.90 95.43

UNet++ [27] 55.52 95.40 59.14 40.91 33.86 93.87 63.87 94.07

ACSNet [23] 78.31 98.44 68.81 69.44 60.96 97.78 79.37 97.89

PraNet [6] 81.20 98.73 72.23 72.38 64.07 98.29 81.18 98.38

CCBANet [13] 78.70 97.19 61.12 62.63 53.81 96.52 75.17 96.66

SANet [21] 77.08 99.04 72.73 72.26 63.33 98.47 80.90 98.54

Ours 82.83 98.44 72.07 74.37 66.50 98.01 82.26 98.10

achieves superior performance over other methods across four datasets on most
metrics. In particular, on the two seen datasets, i.e., Kvasir and CVC-ClinicDB,
the proposed LDNet obtains the best Dice and mIoU scores, outperforming
other methods. On the other two unseen datasets, the LDNet also shows strong
generalization ability and achieves 78.43% and 74.37% Dice scores, 2.19% and
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Table 2. Comparison with other state-of-the-art methods and ablation study on our
collected dataset.

Methods Rec Spec Prec Dice IoUp IoUb mIoU Acc

UNet [16] 87.89 97.27 87.23 85.00 77.48 93.95 85.71 95.64

UNet++ [27] 89.88 97.43 88.18 86.92 79.88 94.56 87.26 96.21

ACSNet [23] 92.43 97.79 90.94 90.54 84.64 95.75 90.19 97.11

PraNet [6] 92.86 97.87 90.52 90.64 84.60 95.91 90.25 97.28

CCBANet [13] 91.91 97.79 91.32 90.39 84.36 95.73 90.04 97.10

SANet [21] 92.18 98.22 91.67 90.75 84.98 96.02 90.50 97.27

Ours 93.22 98.15 92.16 91.66 86.28 96.39 91.34 97.55

Baseline 92.02 97.03 87.75 88.30 81.26 94.95 88.11 96.54

Baseline+DK 92.22 97.58 90.41 89.88 83.86 95.53 89.70 96.92

Baseline+DK+ESAs 91.76 98.25 92.14 90.74 84.91 95.85 90.38 97.14

Fig. 3. Visual comparison of polyp segmentation results.

1.99% improvements over the second best approaches, further demonstrating the
effectiveness of our approach. Some visualization examples are shown in Fig. 3.

3.4 Experiments on the Collected Large-Scale Polyp Dataset

On our collected large-scale polyp dataset, we compare the LDNet with
UNet [16], UNet++ [27], ACSNet [23], PraNet [6], SANet [21] and
CCBANet [13]. As shown in Table 2, our method again achieves the best perfor-
mance, with a Dice of 91.66% and a mIoU of 91.34%, respectively.



Lesion-Aware Dynamic Kernel for Polyp Segmentation 107

3.5 Ablation Study

We conduct a series of ablation studies on our collected polyp dataset to verify
the effectiveness of our designed dynamic kernel scheme and attention modules.
Specifically, we utilize the traditional u-shape structure with a static segmenta-
tion head as our baseline, and gradually replace the static head with our designed
dynamic kernels, then further add ESA and LCA modules, denoting as Baseline,
Baseline+DK, Baseline+DK+ESAs and Ours respectively. As shown in Table 2,
the introduction of the dynamic kernel significantly enhances the performance
of the baseline, with a 1.58% improvement of Dice score. With the addition of
our ESA and LCA modules, the scores of Dice and mIoU are further boosted
by 0.86% and 0.68%, 0.92% and 0.96%, respectively.

4 Conclusion

In this paper, we propose the lesion-aware dynamic kernel (LDNet) for polyp
segmentation, which is generated conditioned on the global information and
updated by the multi-level lesion features. We believe that such a dynamic ker-
nel can endow our model with more flexibility to attend diverse polyps regions.
Besides, we also improve the feature representation and enhance the context
contrast by two tailored attention modules, i.e., ESA and LCA, which is benefi-
cial for detecting concealed polyps. Extensive experiments and ablation studies
demonstrate the effectiveness of our proposed method.
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