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Abstract: One of the most leading causes of death worldwide is Colorectal cancer(CRC). Polyp

segmentation is the most important detected measure for preventing CRC. However, there is still

a missing rate for diminutive polyps and multiple ones. In order to solve the phenomenon, we

propose to introduce auxiliary attention module(AAM) that can enhance the learning of features

related to multiple and diminutive polyps by focusing more on the located and detailed information.

Meanwhile, we design to decrease missed rate of multiple and diminutive polyps by implementing

an area adaptive loss(AAL) which adapts the weight according to the area and the number of polyps.

Our proposed novel AAM and AAL concentrates on training with hard examples and localized

information. To evaluate the effectiveness and generalization ability of our proposed model, We

utilize three different datasets of variable sizes and a cross dataset. Our proposed method achieves the

best results on the Kvasir-SEG dataset, the CVC-ClinicDB dataset and the cross dataset, particularly

for the Kvasir-Sessile dataset consisting of small,flat and diminutive polyps. Extensive experimental

results show that our proposed DoubleAANet surpass the performance of all existing state-of-the-art

segmentation methods.

Keywords: colorectal cancer; polyp segmentation; diminutive polyps; auxiliary attention

1. Introduction

Colorectal cancer(CRC) has the third highest mortality rate in the world[1]. Studies have pointed

out that colorectal adenomatous polyp is one of the leading causes of CRC. Searching for and removing

cancer precursor lesions, such as polyps, can significantly avoid the incidence of colorectal cancer. This

is why it is so important that polyps in the colon are detected and treated at an early time.

Currently, the most effective measure to prevent CRC is to undergo regular colonoscopies and

receive a resection for polyp removal[2]. With modification of lifestyle and development of technology,

the public’s willingness to undergo painless colonoscopy procedures has increased. Colonoscopy is

a crucial medical procedure that helps doctors diagnose and treat various conditions related to the

colon. During the procedure, the endoscopist carefully inserts a flexible endoscope into the rectum

and navigates it through the entire length of the colon. This allows them to examine any abnormalities

or growths in detail. However, colonoscopy is highly operator-dependence and subjectivity. It is

both an expensive and consuming task. The detection of polyps is highly determined by the doctor’s
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experience and ability, which relates to patients’ risk of getting cancer[3]. Due to polyps was detected

manually by endoscopists, which resulted in high rate of missed detection. Early some classical

segmentation methods[4–6] was proposed to relieve the issue. However, these methods performed

segmentation by extracting features such as size, shape, position, etc., which is difficult to segment

diverse polyps accurately.

With emergence of Convolutional Neural Networks (CNNs), various imaging tasks rapidly apply

the method. It is of great benefit to the segmentation of polyp. The methods based on CNN, such

as FCN[7–9], U-Net[10,11], PraNet[12], HRENet[13], PolypSeg[14] and TGANet[15], etc., have better

results compared to the classical methods. However, there are still many problems, such as the higher

missed rate for flat or diminutive polyps and multiple polyps.

In this paper, we evaluate segmentation SOTA methods on Kvasir-Sessile[16] , Kvasir-SEG[17]

and CVC-ClinicDB[18] dataset to supply comprehensive benckmark for the colonoscopy imgages. The

most important contributions of the presented work can be summarised in four-fold:

• We propose a novel deep neural network, called DoubleAANet, based on the backbone of

ResNet50, which is an encoder-decoder architecture for segmentation of colonoscopic images.

Our proposed method mines detail information and focuses more on multiple diminutive polyps

for accurate polyp segmentation.
• We design a simple yet effective auxiliary attention module (AAM) that can enhance high-level

semantic features and learn more localized detailed features.
• We develop a new area adaptive loss (AAL) function to further improve the segmentation

performance. It works as a more efficient improvement to previous loss functions for addressing

missed detection of multiple and diminutive polyps.
• Extensive experiments on three variable size datasets and a cross dataset have demonstrated

the efficient performance and generalization ability of DoubleAANet. Meanwhile, the study on

robust estimation and ablation witnesses the model’s stability and the effectiveness of its key

modules.

2. Related Works

Over the last decade, medical image segmentation became a hot area of research, with much effort

going into the development of efficient methods and algorithms. In particular, most of the major work

has concentrated on polyp segmentation. However, earlier methods can’t accurately segment various

polyps by using manually created feature learning. More recently, CNNs-based methods have been

demonstrated to outperform traditional segmentation algorithms. At the same time, the CNNs-based

algorithms have received significant development, and have become the competitive methods for

those participating in public challenges[19,20].

Long et al.[7] first solve image segmentation task by using fully convolutional networks (FCN),

which is used to realize pixel-level classification in an image. Since then, the researchers have paid

more attention to the convolutional neural network. U-Net[10] was proposed in the same year as

FCN, which has been extensively applied in medical image segmentation. With a relatively balanced

U-shaped encoder-decoder architecture, It has developed into a basic network architecture for medical

image segmentation. Badrinarayanan et al. [21] proposed a DL-based SegNet that was removed

partly fully connected layers of encoder network. The trick makes SegNet dramatically lighter and

more effective to train than many other newer network architectures. Deep layer aggregation[22]

was proposed to address the loss of marginal information and small targets, which resulted from

up-sampling and down-sampling of deep network. Meanwhile, Zhou et al.[23] designed U-Net++ that

optimize the architecture of original U-shaped. Guo et al.[24] used novel fully convolutional dilation

neural network that produce the polyp occurrence confidence map (POCM). The polyps of image can

obtain higher values of the POCM, which make its segmentation easier.

In recent years, more efficient CNNs backbone and additional modules were proposed, which have

attained effective performance in terms of medical image segmentation. ResUNet[25], ResUNet++[26]
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and DoubleU-Net[27] have stronger segmentation capability by using a U-shape structure combined

with a more effective CNNs backbone. In addition to the optimization of backbone, DoubleU-Net also

introduces Atrous Spatial Pyramid Pooling (ASPP)[28] among the encoder block with the decoder

block, which makes whole network faster and refines segmentation results. PraNet[12] uses receptive

field block (RFB)[29] module to skip connection to attain multi-scale information. More recently,

medical image segmentation have extensively applied multiple attention mechanisms, especially

for segmentation of polyps which needs to focus on pixel-level localized and detailed information.

PolypSeg[14], ABC-Net[30] and TGANet[15] use different attention ways to improve performance. To

enhance the feature representation capability, PolypSeg introduces the squeeze and excitation block

(SEB)[31]. TGANet uses three various attention modules,such as spatial attention module (SAM)[32],

channel attention module (CAM)[32], and convolutional block attention module (CBAM)[33] to obtain

more precise edge cutting and higher accuracy.

The DoubleAANet we proposed uses more efficient ResNet50[34] as the backbone. Meanwhile, we

have also selectively added some additional modules to our network architecture, such as SCA-CNN

proposed SAM and CAM; TGANet introduced feature enhancement module (FEM) and text guided

attention. It has reached the outstanding performance of the current state-of-the-art.

3. Methods

3.1. Model Structure

Figure 1 illustrates the architecture of our proposed DoubleAANet. The ResNet50 is applied as

the sub-networks for the encoders, which consists of four different encoder blocks. For the fourth

encoder block, we use the text-based attention of TGANet to focus more on number of polyps and their

size. The decoder in our proposed DoubleAANet upsamples the input features to achieve multi-scale

information and generates the output ones using a number of convolutional layers.
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Figure 1. Overview of our proposed DoubleAANet.

The AAM module are placed between encoder blocks and decoder blocks. Specifically, the AAM

module suppresses irrelevant region and accordingly aggregates the feature from multiple branches.

The whole network adopts AAL loss to train in an encoder-to-decoder manner, which make model

mine multiple diminutive polyps attention.

3.2. Auxiliary Attention Module

The Auxiliary Attention Module is developed to supply regional and global information to the input

feature of the decoding block in our DoubleAANet. We utilize four auxiliary attention modules, ai, i ∈

1, 2, 3, to the input of three different decoder blocks that allows the relevant features to attain higher

weights and eliminates the irrelevant features. Each module includes channel attention module(CAM),
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spatial attention module(SAM) and feature enhancement module(FEM) which we refer as AAM shown

in Figure 2. We place the three modules in a parallel manner and merge the output features using

element-wise addition.
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Figure 2. Diagram of auxiliary attention module .

Feature enhancement module utilizes four dilated convolutions in a parallel with a dilation rate

of r ∈ {1, 6, 12, 18}, which is the same as the setup of TGANet. A batch normalization layer and

rectified linear unit follow each dilated convlution. The dilated convolution is able to achieve larger

receptive field and learn higher semantic information, which make model easily ignore localized and

detailed feature. Therefore, we must solve the issue by introducing channel attention module and

spatial attention module learning extensive localized and detailed information.

Channel attention module generates a map through the utilization of the inter-channel feature

relationship. Channel attention module concentrates on what are detected by feature detector consisted

of each channel. We compute the channel attention by squeezing the spatial dimension of the

input feature map. To aggregate spatial information and gather finer object features, We adopt

average-pooling and max-pooling to achieve feature in a parallel manner. We gather two different finer

object featutes Fc
avgpool and Fc

maxpool , which represent features of average-pooling and max-pooling

separately. To attain the channel attention map Mc ∈ RC×1×1, we put the two object features through

multilayer perceptron(MLP) and add up the output features. We can compute the channel attention as

follow:

Mc(F) = σ(MLP(Fc
avgpool) + MLP(Fc

maxpool)) (1)

where σ represents the sigmoid function and MLP is a shared network including a hidden layer.

Spatial attention module generates a map through the utilization of the inter-spatial feature

relationship. spatial attention module focuses on where objects are detected, which is in addition to the

channel attention module. we utilize max-pooling and average-pooling operation along the channel

axis to compute the spatial attention and attain two effective object features. Similarly, we gather two

different finer object featutes Fs
avgpool and Fs

maxpool , which represent features of average-pooling and

max-pooling across the channel. To attain the spatial attention map Ms ∈ RH×W , we concatenate two

object features and put the output through a convolution layer with 7 × 7 filter. We can compute the

spatial attention as follow:

Ms(F) = σ(Conv(Fc
avgpool ; Fc

maxpool) (2)

where σ refers to the sigmoid function which normalizes the result between 0 and 1, Conv represents a

convolution operation using fixed filter size.
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With feature enhancement module, the model can achieve higher semantic feature in a large

receptive filed. Meanwhile,Two attention modules compute complementary attention focusing on

spatial and channel respectively, which capture more localized and detailed feature. Considering this,

we design to stack the three modules in a parallel manner, which mines more feature of multiple and

diminutive polyps without losing the big ones. The AAM module is formulated as follow:

F′ = F · Mc(F) + F · Ms(F) + F · FEM(F)

= σ(MLP(Fc
avgpool) + MLP(Fc

maxpool)) + σ(Conv(Fc
avgpool ; Fc

maxpool) + FEM(F)
(3)

Note that the FEM includes a number of convolution operations and reuses modules from CAM and

SAM.

3.3. Area Adaptive Loss

The Area Adaptive Loss is designed to address polyp segmentation scenario in which there are

many difficult samples for small polyp and more than one polyp. We introduce the area adaptive loss

starting from the dice loss and the binary cross entropy(BCE) loss:

Dice_Loss = 1 −
2|A ∩ B|

|A|+ |B|
(4)

BCE(p, y) = −y log(p)− (1 − y) log(1 − p) (5)

In the above |A| and |B| represent the number of pixels in ground true and predict mask respectively.

y ∈ {±1} represents the ground-truth class and p ∈ [0, 1] is the predicted probability for ground-truth

class. The dice loss mainly measures the pixel similarity. A common method for improving

performance is to combine dice loss with BCE loss:

DiceBCE_Loss(p, y) = Dice_Loss + BCE (6)

While the loss function does not differentiate between small/large examples and one/many

examples. Therefore, we redesign the loss function and establish the relationship between weight,

size and quantity of polyps, which decreases weight of individual large polyp and focus training on

multiple diminutive polyps.

More formally, we consider introducing an area adaptive weight factor ωa to the DiceBCE loss.

We define the area adaptive loss as :

AAL = ωa · DiceBCE(p, y) (7)

where ωa are normalized into the range from 0 to 1. ωa represents the degree of attention paid to

the DiceBCE loss. Whether the multiple diminutive polyps achieve more attention depends on the

obtained value of DiceBCE loss.

In order to realize that ωa is related to size and quantity of polyps, we design a fusion function

combining number of polyps with pixel area of polyps. We define the fusion function as follow:

f (P, Q) =
C

∑
n
i=1 Pi − γ(Q − 1)

(8)

where γ is a scaling factor that converts the number of polyps into area information. C is a constant

avoiding too small value for f (·). Q refers to the number of polyps embedded in the corresponding

text message. P = {P1, P2, . . . , Pn} denotes the pixel area corresponding to all predicted polyp number

i.
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In fact, we adjust the range of value of f (·) by using the sofmax function that normalizes the

result. Meanwhile, we introduce temperature coefficient T to make the classification smoother. The

area adaptive weight ωak
for the k-th example is computed as follow:

ωak
=

e f (Pk ,Q)/T

∑
N
j=1 e f (Pj ,Q)/T

(9)

Obviously, the multiple diminutive polyps will obtain higher value of ωa, which makes the model

focus more on hard examples. We use the area adaptive loss in our experiments as it yields greatly

improved performance over the DiceBCE loss.

4. Experiments

4.1. Datasets

To evaluate the outcomes of our DoubleAANet, we performed both qualitative and quantitative

experiments on three benchmark colonoscopy datasets:

• Kvasir-Sessile [16] : This dataset contains 196 pairs of colonoscopy images including diminutive

polyps, sessile polyps and flat polyps.
• Kvasir-SEG [17]: The dataset consisted of 1000 pairs of colonoscopy images, which has various

resolutions. Meanwhile, the dataset presents the ground truth segmentation mask of polyp.
• CVC-ClinicDB [18]: This dataset includes 612 pairs of colonoscopy images. It is collected from

real-time colonoscopy videos with 288 × 384 resolution.

4.2. Evaluation Metrics

We adopted the five most commonly used metrics for polyp segmentation to evaluate the

performance of DoubleAANet and other methods. We used the mean intersection over union (mIoU),

mean Sφrensen-dice coefficient (mDSC), recall, precision and F2-score.

4.3. Implementation Details

We implement our method by Pytorch. The model is optimized by Adam with batch size of 16

and learning rate of 1e−4. Additionally, we adopt an early stopping mechanism to prevent model

from overfitting and attain the best model. All datasets other than Kvasir-SEG are split to training,

validation, and testing 80:10:10 with 256 × 256 resolution. In the case of the Kvasir-SEG, we used the

original split for training and testing. Meanwhile, some data augmentation strategies, such as random

rotation, vertical flipping and horizontal flipping, etc., are adopted to improve generalization of model.

All experiments are conducted using an NVIDIA GeForce RTX 3090 GPU.

4.4. Result

We perform a series of experiments in comparisiom with the proposed DoubleAANet using six

SOTA methods (i.e., U-Net, HarDNet-MSEG [35], ColonSegNet [36], DeepLabV3+[28], PraNet and

TGANet). These algorithms are developed for polyp segmentation or medical image segmentation.

The results of extensive quantitative and qualitative experiments are presented below.

Experiments on Kvasir-SEG Dataset. To evaluate the performance of our proposed model,

we conducted extensive experiments using five evaluation metrics and comparing it with six

state-of-the-art methods on the Kvasir-SEG dataset. As shown in Table 1, it can be noted that

all compared models are inferior to our proposed method. The PraNet obtain relatively superior

segmentation performance comparing the other models. In addition, the TGANet introduces label

attention which guides network according to size and quantity of polyps, but it still produces missed

polyps. The figure 3 shows that our proposed method can partly suppress the issue and attain the best
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performance. This is because our proposed method can mine more localized and detailed information

to address the diminutive polyps, and the area adaptive loss function provides higher weights for

multiple polyps. The proposed DoubleAANet achieves the highest mIoU of 86.65% and mDSC of

92.17%, which overcomes most competitive TGANet by 3.35% in mIoU and 2.35% in mDSC.

Table 1. Quantitative results on Kvasir-SEG Dataset.

Method Backbone mIoU mDSC Recall Precision F2

Dataset:Kvasir-SEG [17]

U-Net [10] - 74.72% 82.64% 85.04% 87.03% 83.53%
HarDNet-MSEG [35] HardNet68 74.54% 82.60% 84.85% 86.52% 83.58%
ColonSegNet [36] - 69.80% 79.20% 81.93% 84.32% 79.99%
DeepLabV3+ [28] ResNet50 81.72% 88.37% 90.14% 90.28% 89.04%
PraNet [12] Res2Net 82.96% 89.42% 90.60% 91.26% 89.76%
TGANet [15] ResNet50 83.30% 89.82% 91.32% 91.23% 90.29%
DoubleAANet (Ours) ResNet50 86.65% 92.17% 93.64% 92.51% 92.74%

1 The bold fronts indicate the best experiment results.
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Figure 3. Segmentation results of multiple polyps on Kvasir-SEG.

Experiments on CVC-ClinicDB Dataset. Similarly, we conducted the same experiments

comparing it with six state-of-the-art methods on the CVC-ClinicDB dataset in order to verify the

effectiveness of our proposed method. Compared to the other segmentation models, our proposed

method achieves distinct advantage as shown in Table 2. In terms of precision, the TGANet achieves the

best performance compared to the other models. On the other hand, the PraNet and the DeepLabV3+

obtain slightly higher precision than our proposed method. In terms of the other four metrics, Our

proposed method surpasses the other models overall. From the results, it can indicate the proposed
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DoubleAANet achieves the highest mIoU of 90.00% and mDSC of 94.58%, which outperforms the

compared SOTA methods.

Table 2. Quantitative results on CVC-ClinicDB dataset.

Method Backbone mIoU mDSC Recall Precision F2

Dataset:CVC-ClinicDB [18]

U-Net [10] - 84.28% 89.78% 90.01% 92.09% 89.81%
HarDNet-MSEG [35] HardNet68 83.88% 89.67% 89.29% 92.16% 89.38%
ColonSegNet [36] - 82.48% 88.62% 88.28% 90.17% 88.26%
DeepLabV3+ [28] ResNet50 89.73% 93.91% 94.41% 94.42% 93.89%
PraNet [12] Res2Net 88.66% 93.18% 93.47% 94.79% 93.33%
TGANet [15] ResNet50 89.90% 94.57% 94.37% 95.19% 94.39%
DoubleAANet (Ours) ResNet50 90.00% 94.58% 95.41% 94.11% 95.03%

1 The bold fronts indicate the best experiment results.

Experiments on Kvasir-Sessile Dataset. To further verify the efficient of our proposed model in

multiple and diminutive polyps, we designed extensive experiments on the Kvasir-Sessile dataset

including small, flat and diminutive polyps. Kvasir-Sessile dataset mainly consists of small and flat

polyps, which greatly increases the difficulty of segmentation. As shown in Table 3, the PraNet and

TGANet obtain relatively superior segmentation performance comparing the other models. However,

our proposed method achieve significant improvement in segmentation of multiple and diminutive

polyps compared to the TGANet approaches, as shown in Figure 4. These results witness our proposed

method achieves effective performance in diminutive and flat polyps and surpasses all SOTA methods

with an increase of 3.12% in mIoU and 2.59% in mDSC.
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Figure 4. Segmentation results of multiple and diminutive polyps on Kvasir-Sessile.
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Table 3. Quantitative results on Kvasir-Sessile dataset.

Method Backbone mIoU mDSC Recall Precision F2

Dataset:Kvasir-Sessile [16]

U-Net [10] - 24.72% 36.88% 72.37% 32.64% 46.35%
HarDNet-MSEG [35] HardNet68 15.65% 25.58% 54.03% 22.35% 32.98%
ColonSegNet [36] - 21.13% 32.78% 52.34% 33.36% 38.68%
DeepLabV3+ [28] ResNet50 59.27% 70.78% 70.85% 82.25% 70.09%
PraNet [12] Res2Net 66.71% 77.36% 80.69% 82.44% 78.71%
TGANet [15] ResNet50 69.10% 79.80% 79.25% 85.88% 78.79%
DoubleAANet (Ours) ResNet50 72.22% 82.39% 91.42% 79.45% 86.48%

1 The bold fronts indicate the best experiment results.

Experiments on Cross Dataset. For cross dataset, the DoubleAANet achieves the highest mIoU of

76.90% and mDSC of 84.77%, surpassing all compared SOTA methods and demonstrating remarkable

generalization ability. This is because that our proposed DoubleAANet focuses more on localized and

detailed information that is vital feature for polyps in various size dataset. As shown in Table 4, our

proposed method improve 2.46% of mIoU and 2.81% of mDSC in comparison to the TGANet.

Table 4. Quantitative results on Cross datasets.

Method Backbone mIoU mDSC Recall Precision F2

Training dataset: Kvasir-SEG – Test dataset: CVC-ClinicDB

U-Net [10] - 54.33% 63.36% 69.82% 78.91% 65.63%
HarDNet-MSEG [35] HardNet68 60.58% 69.60% 71.73% 85.28% 70.10%
ColonSegNet [36] - 50.90% 61.26% 65.64% 75.21% 62.46%
DeepLabV3+ [28] ResNet50 73.88% 81.42% 83.31% 87.35% 81.98%
PraNet [12] Res2Net 72.86% 80.46% 81.88% 89.68% 80.77%
TGANet [15] ResNet50 74.44% 81.96% 82.90% 88.79% 82.07%
DoubleAANet (Ours) ResNet50 76.90% 84.77% 83.87% 89.94% 83.88%

1 The bold fronts indicate the best experiment results.

To better visualize the superiority of our proposed DoubleAANet, we compare segmentation

masks of four different methods. As shown in Figure 5, both the DeepLabV3+ and the PraNet exhibit

missed polyps and generate incorrect morphology in camparision with the ground truth. For the

TGANet, it can better segment polyps and generate the improvement result closing to the ground

truth. However, the segmentation masks of the TGANet appear different degrees of marginal loss. In

contrast, our proposed method not only produces accurate segmentation but also attains excellent

edge matching the ground truth. In short, the DoubleAANet achieves more accurate segmentation in

terms of morphology and quantity, which dues to introduce of the area adaptive loss and the auxiliary

attention module.

4.5. Robust Estimation

To validate the robustness of model, we conduct robust experiments by introducing loss function

hyperparameters. We propose to introduce two modulating factors α, β to the loss function. The loss

function with modulating factors can be formulated as follow:

Lall = AALloss1 + α · CEloss2 + β · CEloss3 (10)

To estimate the robust of our proposed method, we intuitively use a variety of (α, β) values to train

and test on the Kvasir-SEG dataset.

As shown in Table 5, our proposed DoubleAANet still overcomes all SOTA methods by using

different modulating factors. In other word, our method has highly robustness and low parameter
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sensitivity. Meanwhile, it demonstrates that module and loss introduced our proposed method is

beneficial for improving performance. This is not a random result.

Input Image Ground truth DeepLabV3+ PraNet TGANet DoubleAANet

Figure 5. Qualitative comparison results on Kvasir-SEG.

Table 5. Robust estimation of DoubleAANet on Kvasir-SEG.

Method Hyperparameters mIoU mDSC Recall Precision F2

DoubleAANet

α = 0.001, β = 0.001 85.91% 91.68% 92.73% 92.82% 92.05%
α = 0.001, β = 0.01 86.65% 92.17% 93.64% 92.51% 92.74%
α = 0.001, β = 0.05 85.64% 91.56% 92.97% 92.30% 92.08%
α = 0.01, β = 0.001 85.95% 91.70% 93.35 92.10 92.39
α = 0.01, β = 0.01 86.10% 91.85% 93.04% 92.54% 92.33%
α = 0.01, β = 0.05 85.13% 91.16% 92.77% 91.97% 91.77%

1 The bold fronts indicate the best experiment results.

4.6. Ablation Study

To further verify the efficiency and necessity of the area adaptive loss and the auxiliary attention

module, we design ablation experiments on the Kvasir-SEG. We conduct the relationship between

weights, size and quantity by designing an area adaptive loss function that controls the network to

concentrate on multiple and diminutive polyps. However, the loss function only changes the level

of attention aimed at learned features and can not capture unlearned features, resulting in a slight

improvement in the performance of our proposed model. To address the issue mentioned above, we

design the auxiliary attention module to learn more localized and detailed features at the same time,

which allows the model to obtain extensive useful information and strongly boosts the performance

of our method. As can be seen in Table 6, the results further show that we significantly improves the

performance of the whole network by implementing the auxiliary attention module. In addition, our

algorithm has performance degradation without either AAL or AAM, decreasing the mIoU by 1.52%

and 3.48% respectively.
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Table 6. Ablation study of DoubleAANet on Kvasir-SEG.

NO. Method mIoU mDSC Recall Precision F2

#1 DoubleAANet w/o AAL 85.13% 91.19% 93.34% 91.29% 92.06%
#2 DoubleAANet w/o AAM 83.17% 89.86% 91.46% 90.96% 90.37%
#3 DoubleAANet (ours) 86.65% 92.17% 93.64% 92.51% 92.74%

1 The bold fronts indicate the best experiment results.

5. Discussion

With the novel DoubleAANet, the mIoU and mDSC were significantly improved by 3.12%

and 2.59% respectively compared to the TGANet on the Kvasir-Sessile dataset, which reveals the

effectiveness of the algorithm for multiple and diminutive polyps. For the other datasets, our method

still achieve noticeable improvement. This indicates that the strategy introduced SAM, CAM and FEM

in a parallel manner and trained with AAL is a reasonable idea to optimize our proposed model.

Colonoscopy is a necessary procedure that is optimized to detect and remove polyps. The

effectiveness of colonoscopy depends heavily on the experience and technology of the endoscopist.

Therefore, there must be missed polyps in colonoscopy, especially for multiple and diminutive polyps,

which causes great potential danger to patients. In order to focus more on localized and detailed

feature, the DoubleAANet model was proposed. In this study, the proposed DoubleAANet aims

to overcome these challenges in real medical scene. It has outperformed existing medical image

segmentation algorithms in terms of polyp segmentation accuracy.

However, this model exhibited poor performance in real-time segmentation for all polyp datasets,

which requires extensive computational capability to train and infer a model. We expect to lighten the

weight of the model and optimize the architecture of the algorithm in our future work, which allow

our method to be applied to different devices.

6. Conclusions

Our proposed DoubleAANet improve the performance of segmentation for multiple diminutive

polyps. To reduce lost of features for multiple and small polyps, we propose an auxiliary attention

module that focuses on localized and detailed information. The design of the area adaptive loss is

aimed to rationalize the assignment of weights and enable multiple small polyps to attain higher

loss. Finally, our experimental results demonstrated the proposed DoubleAAet achieved effective

performance for various polyp sizes, especially for multiple and diminutive polyps.
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