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Abstract

Purpose: Atrial fibrillation is a common arrhythmia and requires volumetric imaging
to guide the therapy procedure. Late gadolinium-enhanced magnetic resonance imag-
ing (LGE MRI) is an efficient non-invasive technology for imaging the diseased heart.
Three-dimensional segmentation of the left atrium (LA) in LGE MRI is a fundamen-
tal step for guiding the therapy of patients with atrial fibrillation. However, the low
contrast and fuzzy surface of the LA in LGE MRI make accurate and objective LA
segmentation challenge. The purpose of this study is to propose an automatic and
efficient LA segmentation model based on a convolutional neural network to obtain a
more accurate predicted surface and improve the LA segmentation results.
Methods: In this study, we proposed an uncertainty-guided symmetric multi-level
supervision network for 3D LA segmentation in LGE MRI. Firstly, we constructed
a symmetric multi-level supervision structure to combine the corresponding features
from the encoding and decoding stages to learn the multi-scale representation of LA.
Secondly, we formulated the discrepancy of predictions of our model as model uncer-
tainty. Then we proposed an uncertainty-guided objective function to further increase
the segmentation accuracy on the surface.
Results: We evaluated our proposed model on the public LA segmentation database
using four universal metrics. The proposed model achieved Hausdorff Distance of 11.68
mm, average symmetric surface distance of 0.92 mm, Dice score of 0.92, and Jaccard of
0.85. Compared with state-of-the-art models, our model achieved the best Hausdorff
Distance that is sensitive to surface accuracy. For the other three metrics, our model
also achieved better or comparable performance.
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Conclusions: We proposed an efficient automatic LA segmentation model that con-
sisted of a symmetric multi-level supervision structure and an uncertainty-guided ob-
jective function. Compared to other models, we designed an additional supervision
branch in the encoding stage to learn more detailed representations of LA while learn-
ing global context information through the multi-level structure of each supervision
branch. To address the fuzzy surface challenge of LA segmentation in LGE MRI, we
leveraged the model uncertainty to enhance the distinguishing ability of the model on
the surface, thereby the predicted accuracy of the LA surface can be further increased.
We conducted extensive ablation and comparative experiments with state-of-the-art
models. The experiment results demonstrated that our proposed model could handle
the complex structure of LA and had superior advantages in improving the segmenta-
tion performance on the surface.

Keywords: Left Atrium Segmentation, Atrial Fibrillation, LGE MRI, Uncertainty, Convo-
lutional Neural Network.

ii



A
cc
ep
te
d
A
rt
ic
le

This article is protected by copyright. All rights reserved.

Contents

I. Introduction 1

II. Materials and Methods 5

II.A. Materials . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5

II.B. Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6

II.B.1. The Symmetric Multi-Level Supervision Structure (SML) . . . . . . . 6

II.B.2. Uncertainty-Guided Objective Function . . . . . . . . . . . . . . . . . 7

II.B.3. Implement Details . . . . . . . . . . . . . . . . . . . . . . . . . . . . 9

III. Experiments and Results 9

III.A. Ablation Experiments . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 9

III.B. Comparative Experiments with Other Segmentation Models . . . . . . . . . 11

IV. Discussion 12

V. Conclusion 13

References 14

iii



A
cc
ep
te
d
A
rt
ic
le

This article is protected by copyright. All rights reserved.

Uncertainty-Guided Symmetric Multi-Level Supervision Network page 1

I. Introduction

Atrial fibrillation (AF) is known as the most encountered arrhythmia in the clinical setting,

and it commonly originates in chaotic electrophysiological regions, such as the connected

region between the LA chamber and pulmonary veins (PVs).1 Catheter ablation is a common

AF therapy by isolating the PVs from the LA chamber.2 However, the success rate for a

single ablation procedure is just 30˜50% at 5-year follow-up, and multiple ablations are

frequently required.3 Late gadolinium-enhanced magnetic resonance imaging (LGE MRI) is

an efficient clinical tool to assess and quantify the myocardial tissue of LA in patients with

AF.4,5 Proceeding a patient-specific prior assessment of LA in LGE MRI is indispensable for

planning the appropriate strategy in catheter ablation to improve the success rate.

The fundamental process for patient-specific assessment of LA is segmenting the three-

dimensional (3D) anatomy of LA, including the LA chamber, PVs, and left atrial ap-

pendage.6 However, segmentation of LA from LGE MRI is a challenging problem.7 Figure 1

illustrates four LGE MRI slices at the axial view. As shown in Figure 1, LGE MRI images

the fibrous myocardium with high contrast while suppressing the contrast of other healthy

regions. In addition, the LA surrounding tissues have the similar intensity due to they have

the similar material. The low contrast and similarity intensity with surrounding tissues make

accurately distinguishing the surface of LA challenge. Besides the challenge to distinguish

the surface of LA, the topology of LA has a large variation.8,9 In clinical practice, LA ex-

traction is still based on manual segmentation, which is time-consuming and subjective.4,10

Automatic 3D LA segmentation method is highly required to relieve the burden of clinicians.

In the recent decade, Convolutional Neural Network (CNN) based methods had made

substantial progress for the automatic segmentation task with their powerful representation

learning ability.11,12,13,14 With the development of deep learning, the study of CNN-based

medical image segmentation had covered most organs and tissues and achieved satisfac-

tory performance.15,16,17,18 And most of the current CNN-based medical image segmentation

models were based on the encoder-decoder structure to extract details (e.g., the edge) by

shallow layers in the encoding stage and to abstract these details to learn the global infor-

mation (e.g., the structure) by deep layers in the decoding stage.19 With the skip-connection

between encoder and decoder proposed in U-Net11, the problem of training data shortage

in the medical image segmentation field was relieved. U-Net enabled the model to obtain
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satisfactory performance based on limited training data. Thereby, U-Net had become the

backbone for many medical image segmentation tasks in recent years. And several popu-

lar and powerful variant U-Net models (e.g., ResU-Net20, U-Net++21) were subsequently

proposed. With the development of the hardware, 3D U-Net22 and VNet12 had become

promising backbones due to the more powerful contextual learning ability of the 3D convo-

lutional layer. Recently, nnU-Net had become a new baseline for the general medical image

segmentation task.18 It could automatically configure the data preprocess, data augmenta-

tion, and hyperparameters of the model based on the fingerprint of the dataset. With the

well-designed framework and three simple variants of U-Net, nnU-Net obtained the cham-

pion of the 2018 Medical Segmentation Decathlon23 and also achieved good performance

in other challenges. Although the performance of nnU-Net could achieve higher scores in

several tasks, it required more computation time both at the training and testing stages

due to its complex pre-processes. The above achievements demonstrated the medical image

segmentation ability of the encoder-decoder structure and the skip-connection. However,

the semantic gap between the encoding and decoding stages still harms the performance of

segmentation models, such as small structures and fuzzy boundaries.19,24,25

For the LA segmentation task, Mortazi et al. proposed a CardiacNet based on three

2D fully convolutional neural networks to learn more contextual information to improve the

segmentation performance.26 Inspired by the performance of U-Net11, several researchers

proposed solutions based on variant U-Nets. Chen et al.27 modified the U-Net to a multi-

task model. They adopted a classifier as an auxiliary task for the LA segmentation to learn

the global information. Vesal et al.28 replaced the lowest resolution block of 3D U-Net

with dilated convolution block to increase the receptive field size. Preetha et al.29 added

two auxiliary predictions to avoid dropping information. These modified models focused on

improving the global context to address the complex topology of LA, but they ignored the

fuzzy surface challenge and required post process to remove the false-negative predictions.

Yang et al.30 combined an overlap loss and focal positive loss to enlarge the gap between

foreground and background to distinguish the surface. However, the improvement on the

surface metric of LA segmentation was not impressive compared with other models. A

successful model should achieve better performance on both overlap metrics and surface

distance metrics.31,32

In the medical image segmentation field, the challenge of distinguishing the surface is

I. INTRODUCTION



A
cc
ep
te
d
A
rt
ic
le

This article is protected by copyright. All rights reserved.

Uncertainty-Guided Symmetric Multi-Level Supervision Network page 3

a common problem that influences the performance of currently automatic segmentation

models. Although the inaccurate surface prediction can not obviously influence overlap

metrics, a precisely delineated surface is crucial for the diagnosis-making process.19,32 To

overcome this problem, LA-Net combined the LA segmentation and edge prediction tasks

to promote the learning ability of meaning edge information.32 Thereby, the model could

simultaneously penalize the error on the prediction of LA surface and the overlap region.

In most recent work KiU-Net, they pointed out that U-Net based models failed to segment

small structures and boundaries because of the detail missed during the downsampling stage.

They reversed the classical encoder-decoder structure to learn more details with overcomplete

networks.19 In this work, we try to solve this problem from a new perspective that leveraged

the uncertainty estimation to recalibrate the prediction of surface regions. We think the

reason of erroneous surface prediction was that the model has a higher uncertainty in these

regions. And this can be relieved by preventing the loss of detailed features and rectifying

predictions by the model uncertainty information.

Uncertainty estimation is another important research field for medical image analysis

to formulate the reliability of the prediction. With the uncertainty at hand, researchers can

treat uncertain cases explicitly, and clinical users can make further diagnosis decisions.33,34

Sedai et al.35 and Yu et al.36 both adopted the dropout variation inference to estimate

the segmentation uncertainty of unlabeled data to solve the semi-supervision semantic seg-

mentation task. This kind of uncertainty estimation was well known as Monte Carlo (MC)

dropout proposed by Gal et al.37 MC dropout required N stochastic forward passing through

the network with dropout layers in the testing phase. Therefore, the uncertainty informa-

tion can not be directly adopted in the training stage, and uncertainty estimation required

extra computational cost. Lakshminarayanan et al. estimated the model uncertainty by a

model ensemble strategy that trained several independent CNN models at the same time.38

Although the model ensemble strategy could estimate the model uncertainty in real-time, it

required more memory cost. Therefore, the multi-head ensemble strategy was proposed to es-

timate the uncertainty information by generating multiple predictions based on a single CNN

model.39,40,41 Recently, Wang et al.42 proposed a grouped convolution-based CNN model to

generate multiple automatic segmentation predictions to formulate the model uncertainty in

a single forward pass with fewer parameters for interactive refinement of fetal brain segmen-

tation. Although uncertainty estimation has been applied in numerous clinical applications,
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the research of it in the LA segmentation task is rare. And most of the current uncer-

tainty information methods in the medical image segmentation field focused on providing a

measurement of segmentation algorithms to assist the clinical diagnosis-making process, or

serving as a threshold to filter out unreliable predictions to stabilize the un-/semi-supervise

training stage. Therefore, the model could not benefit from the uncertainty information

directly. The research of directly leveraging the uncertainty information to recalibrate the

training stage is still to be explored.

In this paper, we focused on the fuzzy surface segmentation problem of LA segmentation

on LGE MRI and proposed an uncertainty-guided symmetric multi-level supervision model,

termed as UNSMLNet. We designed a symmetric multi-level supervision structure to make

sure the model can capture details and global context simultaneously. Then, we proposed

an uncertainty-guided objective function to explicitly leverage the uncertainty information

to further improve the segmentation performance, especially on the surface. In contrast to

former uncertainty-guided works, the uncertainty map of our model was directly used in the

training stage to optimize the segmentation performance without any user interaction or

post-process. With the symmetric multi-level supervision structure, the model uncertainty

can be estimated without multiple inferring. Moreover, the multi-level structure of each

supervision branch directly propagated the gradient to every block, which can enforce the

model converging fast and stably. In summary, the main contributions of this paper can be

summarized as below:

(1) To the best of our knowledge, this was the first work to directly leverage the un-

certainty information to refine the prediction of surface regions for 3D LA segmentation in

LGE MRI. To enforce the model take more attention on these high uncertainty regions, we

leveraged the uncertainty information as a weight map of the cross entropy loss function,

thereby, the model can increase the predicted confidence on the surface.

(2) We designed a symmetric multi-level supervision structure to estimate the uncer-

tainty information in real-time based on less memory consumption. Moreover, the symmetric

supervision structure at the encoding and decoding stages can guarantee the model capture

the global and detailed context of LA simultaneously. Furthermore, the multi-level structure

of each supervision branch can make the model converging fast and stably.

(3) We evaluated the proposed model on the public LA segmentation dataset. The

I. INTRODUCTION
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results verified that the proposed model achieved better performance than several state-of-

the-art models, especially on the Hausdorff Distance that indicated the surface accuracy of

the model.

II. Materials and Methods

II.A. Materials

Our model was trained and evaluated on a public LGE MRI database from the 2018 Atrial

Segmentation Challenge. This database released 154 3D LGE MRIs that were indepen-

dently acquired from 60 de-identified patients with AF. 0.1 mmol/kg gadolinium contrast

(Multihance, Bracco Diagnostics Inc, Princeton, NJ) was injected around 20-25 minutes

before imaging. The LGE MRIs were scanning around 8-15 minutes at 1.5T scanner and

6-11 minutes at 3T scanner using a 3D respiratory navigated, inversion recovery prepared

gradient echo pulse sequence.43,44 The isotropic resolution of each 3D LGE-MRI volume was

0.625× 0.625× 0.625 mm3. The spatial dimension of each volume was either 576× 576× 88

or 640× 640× 88. The ground truth of LA in this database was generated by three trained

observers via Corview image processing software (Merrk Inc, Salt Lake City, UT).43 The

ground truth included LA endocardial surface with the mitral valve, LA appendage, and

part of pulmonary veins (PVs).44 During the challenge, the dataset was divided into a train-

ing set with 100 LGE MRI data and corresponding ground truth and a test set with 54 raw

data. Due to our study was focused on the supervised segmentation task, and most of related

works were based on the training set. Therefore, our model was trained and evaluated on

the 100 labeled volumes from the training set and did not involve the 54 volumes in the test

set.

Before feeding these data into the network, we firstly normalized the intensity of each

volume with zero-mean-unit-variation. To omit the unrelated region and save the computa-

tional cost, we cropped each volume into 256× 256× 88 at the heart region. We randomly

divided the 100 volumes into training (including 70 volumes), validation (including 10 vol-

umes), and testing (including 20 volumes) sets, and the division remained unchanged in all

experiments.

Last edited Date :
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II.B. Methods

Figure 2 described the structure of our proposed model. The backbone was VNet12 as

shown in the green dash region. The proposed symmetric multi-level supervision structure

(Section II.B.1.) was shown in the pink dash region. We formulated the input training data

pair by (X, Y ), where X was the prepared input data and Y ∈ {0, 1} was the corresponding

binary ground truth for X. The model had two predictions for each input X, named Ŷ en

and Ŷ de. Each prediction was based on four-level features to capture multi-scale contextual

information and enhance the representation learning while optimize the model. Based on

the two predictions, we leveraged Jenson-Shannon (JS) discrepancy DJS to formulate the

model uncertainty and proposed an uncertainty-guided objective function (Section II.B.2.)

to refine the segmentation performance.

II.B.1. The Symmetric Multi-Level Supervision Structure (SML)

In the classical view, the deep features in the decoding (or up-sampling) stage were semantic-

level but highly abstract features, and the shallow features in the encoding (or down-

sampling) stage were low-level but high-resolution features. Hence, the auxiliary supervision

branches were usually added at the decoding stage.29,45 However, high-resolution features

in the encoding stage were crucial for accurate location and delineating small structures.

And these detailed features were the basic component of high-level semantic features. How-

ever, the losing information by the down-sampling process in the encoding stage harmed the

segmentation performance for the small structure and fuzzy boundaries.19 Furthermore, the

occurrence of gradient-vanish more likely appeared at these shallow layers than deep layers

due to the long way of the gradient back-propagation.46,47,48 Hence, we proposed a symmetric

multi-level supervision (SML) structure to directly supervise hidden layers of both the en-

coding and decoding stages. With the combination of these two side predictions, the model

can learn more complementary information. The comparative result of a single multi-level

supervision branch at the decoding stage, termed as MLNet, and the proposed symmetric

multi-level supervision structure, termed as SMLNet, was shown in Table 1.

The SML had a couple of multi-level branches to capture multi-scale representation and

perform the online uncertainty estimation. As shown in the pink dash region of Figure 2,

the “symmetric” meant the dual-supervision branch at the encoding and decoding stages.

II. MATERIALS AND METHODS II.B. Methods
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The two multi-level supervision branches had the same structure. The single multi-level

supervised branch consisted of four pathways in four-level hidden blocks from the backbone.

The output of each pathway was up-sampled to the size of the ground truth and concatenated

as input of the prediction layer. The prediction layer generated the probability map by a

1× 1 convolutional layer with softmax activation.

In order to learn more impressive information, we introduced a convolution attention

block (CAB) into each pathway. The CAB, shown in the yellow region of Figure 2, contained

two convolutional layers with ReLU and sigmoid activation, respectively. The first convolu-

tional layer with ReLU activation mapped the input features into a nonlinear transformation

while reduced the channel number by a ratio r to reduce computation cost. The second con-

volutional layer with sigmoid activation turned the channel number back and normalized

the value of features. Then, we conducted an element-wise multiplication between the input

features and the calculated attention map. Finally, we adopted a residual connection in

CAB to make the training phase stable.

II.B.2. Uncertainty-Guided Objective Function

For CNN models, a low model uncertainty indicated high confidence in the prediction. We

found that the current CNN models can predict the LA cavity well. However, these mod-

els usually failed at the surface. In other words, these models have high uncertainty (low

confidence) on the surface. However, the research of uncertainty information lacks atten-

tion in current studies for LA segmentation. Inspired by Zheng et al.,49 which involved

uncertainty information to rectify the pseudo label for unsupervised semantic segmentation

adaptation, we formulated the discrepancy of the SML as model uncertainty and proposed

an uncertainty-guided objective function to recalibrate predictions during training directly.

Therefore, the segmentation result can be refined by minimizing the discrepancy during

training. Specifically, we adopted JS divergence to formulate the discrepancy of predictions.

The JS divergence was calculated by Equation (1).

DJS =
1

2

∑
Ŷ en ln

Ŷ en

M
+

1

2

∑
Ŷ de ln

Ŷ de

M
(1)

where en and de indicated the supervision branch at the encoding and the decoding stage

respectively. Ŷ b, b ∈ {en, de} informed the prediction of corresponding branch, and M =

Last edited Date : II.B. Methods
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(Ŷ en + Ŷ de)/2.

For the proposed uncertainty-guided objective function, the main item was a recali-

brated cross-entropy (RCE) to make the model focus on those high uncertainty areas. Specif-

ically, we directly set the natural logarithm DJS as a weight of the categorical cross-entropy

loss function to recalibrate the prediction result. To avoid the weight smaller than 1 that will

suppress the cross-entropy, we added the natural number e to the weighted DJS. Therefore,

the weight of regions with inconsistent predictions of SML was strongly related to the objec-

tive function. Hence, the model can pay more attention to these inconsistent predictions. In

addition to weight the cross-entropy, we involved the DJS as an independent item into the

optimization function to directly minimize the discrepancy. Finally, the RCE of one branch

was calculated by Equation (2).

Lb
RCE = − ln(e+ λDJS)

C∑

c=0

Yc log Ŷ b
c + λDJS (2)

where c ∈ {0, 1} indicated the category, 0 for the background and 1 for the LA, Yc represented

the ground truth of class c. λ was a weight to balance the importance of DJS and the

segmentation loss, we empirically set it to 100 in the experiment.

Class unbalance is another challenge in LA segmentation.44 Due to the RCE focused on

the pixel-level supervision, we also adopted a dice loss function12, which was calculated by

Equation (3), to perform an object-level supervision to avoid the class unbalance problem.

Lb
dice = −

C∑

c=0

2|Yc ∩ Ŷ b
c |

|Yc|+ |Ŷ b
c |

(3)

At last, our uncertainty-guided objective function of one prediction branch was calcu-

lated by Equation (4).

Lb
UN = (1− γ)Lb

RCE + γLb
dice (4)

where γ was a weight to balance the RCE and dice loss, we empirically set it to 0.5 in the

experiment.

The final optimization function was the summation of our two branches with equality

weight, shown as Equation (5).

L = Len
UN + Lde

UN (5)

II. MATERIALS AND METHODS II.B. Methods
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II.B.3. Implement Details

Our model was based on the PyTorch framework over a NVIDIA RTX 2080Ti GPU. We

adopted stochastic gradient descent (SGD) with a momentum of 0.9 and a weight decay of

0.0001 as our optimization algorithm. We applied a step learning rate decay strategy to

train the model. The base learning rate was 0.01 and decreased 10% per 2.5k iterations. All

models were trained with a batch size of 1 and 6k iterations. The channel reduction ratio r

was set to 4. The input of our model was a patch with size 256× 256× 80. Except for the

random crop during training, we did not use other data augmentation process.

We evaluated the model based on four universal metrics, Dice Score, Jaccard, Average

Symmetric Surface Distance (ASSD), and Hausdorff Distance (HD). The first two metrics

evaluate the pixel-level overlap accuracy between the prediction mask and the ground truth

mask. The interval of them is [0, 1], and the best result approaches 1. They can present

the essential performance of the segmentation model and are sensitive to the volume-level

segmentation error. The last two metrics evaluate the surface-level distance and overlap

accuracy between the prediction surface and the ground truth surface. The interval of

them is [0, ∞), and the best result approaches 0 mm. They can present the segmentation

performance on the surface and are sensitive to the geometrical characteristics.

III. Experiments and Results

We designed two groups of experiments to evaluate the performance of our proposed model.

Firstly, we conducted an ablation experiment to verify the efficiency of our symmetric multi-

level supervision (SML) structure and the uncertainty-guided objective function, LUN . Then,

we compared with other segmentation models including the state-of-the-art LA segmentation

model, LA-Net, Top-5 models on the challenge leaderboard, and two general segmentation

models to verify whether the proposed model has superior performance than other models.

III.A. Ablation Experiments

The abbreviation and corresponding description of the involved ablation models were shown

below. We trained and tested these models based on the same parameters as described in
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Section.II.B.3.. If not otherwise specified, the loss function of these models was the combi-

nation of cross-entropy and dice loss function with equal weight.

• 3DUNet22: 3D U-Net;

• VNet12: The backbone of our proposed model;

• MLNet: VNet with multi-level supervision branch at the decoding stage;

• SMLNet: VNet with symmetric multi-level supervision structure;

• UNSMLNet: The proposed uncertainty-guided symmetric multi-level supervision

network.

The quantitative results of ablation experiments were shown in Table 1 and Figure 3. As

shown in Table 1, the performance of 3DUNet had a large gap compared with other models

and the number of outliers of it was over other models. To consider the robustness of the

backbone, we chose the VNet rather than the 3DUNet, which is a popular backbone during

the challenge. The performance of MLNet and VNet had matched each other. Our SMLNet

improved the Dice Score 0.02 and HD 1.01mm compared with the VNet. The improvement

indicated the superiority of our SML structure. Moreover, the performance on surface metrics

was further improved with our LUN . The individual scores of test volumes were shown in

Figure 3. Similarly, the proposed UNSMLNet achieved the best performance on four metrics.

And the SMLNet achieved higher segmentation accuracy than MLNet. These quantitative

improvements indicated the superiority and the high segmentation accuracy of our model.

To show the qualitative analysis results and illustrate the advantage of UNSMLNet,

we randomly selected 5 predictions and presented the HD maps of them in Figure 4. We

found that UNSMLNet can handle all the shape of LA. However, the basic models (VNet

and 3DUNet) failed in some volumes and predicted several fake positives. To further illus-

trate the efficiency of our model, we also presented an individual prediction in multi-view

and corresponding signed distance map between each prediction and the ground truth in

Figure 5. As shown in the multi-view substructures, the red arrows highlighted the shortage

of each model. Although the boundaries of UNSMLNet did not perfectly fit the ground

truth, UNSMLNet can generate more satisfying results than other models. For the signed

distance map, the MLNet preferred to under segment on the surface, and VNet and 3DUNet

III. EXPERIMENTS AND RESULTS III.A. Ablation Experiments
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preferred to over segment the PV regions. SMLNet can relieve the under segmentation case

well. UNSMLNet can predict more accurate boundaries. These qualitative improvements of

UNSMLNet further indicated the superiority of our LUN and SML structure.

Figure 6 demonstrated four uncertainty maps from different volumes. We leveraged

entropy to evaluate the model uncertainty. For VNet and MLNet, the uncertainty was

formulated by MC dropout. VNet, as the backbone of our model, had high uncertainty

on surrounding tissues (e.g., the third and fourth slices), which will result in false-positive

prediction. With the additional multi-level supervision branch at the decoding stage of

MLNet, the uncertainty region concentrated on the boundary (e.g., the first and second

slices) and the PVs (e.g., the second and third slices). The SMLNet with symmetric multi-

level supervision can reduce the uncertainty on boundaries but still had high uncertainty on

surrounding tissues sometimes. With the proposed uncertainty-guided objective function,

our UNSMLNet achieved a comparative lower uncertainty on these regions. This indicated

the effectiveness of our model.

III.B. Comparative Experiments with Other Segmentation Models

At first we compared the proposed method with the latest state-of-the-art LA segmentation

models, LA-Net32 and the previous Top-5 models based on the public benchmark44 and

the challenge papers.28,30,50,51,52 According to the public papers, LA-Net and Bian et al.52

adopted 2D architectures. The others adopted 3D models. It should be noted that our UN-

SMLNet and LA-Net did not utilize any post-process. The previous Top-5 models all utilized

a connected component operator to keep the maximum component as the final prediction.

Under the circumstance that most of the models performed equivalent on overlap metrics

(Dice score from 0.90 to 0.93, Jaccard from 0.82 to 0,86), the proposed model obtained better

performance in surface metrics without any post-process. As shown in Table 2, UNSMLNet

achieved higher performance both on HD and ASSD compared with Top-5 models. Besides,

compared with the latest LA-Net, UNSMLNet improved the mean HD metric of 0.75 mm

with a lower variation that indicated the robustness as well as stableness of our model.

We also compared our model with two general medical segmentation models, nnU-

Net18 and KiU-Net 3D19, to evaluate the performance of our model. Comparative results

were shown in the last two rows of Table 2. They all achieved comparable performance

Last edited Date : III.B. Comparative Experiments with Other Segmentation Models
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on overlap metrics, and nnU-Net achieved the best with 0.93 Dice score and 0.87 Jaccard.

However, the performance on surface metrics had a significant variation. The bad surface

performance of nnU-Net was not consistent with its performance on overlap regions. 3

out of 20 volumes achieved unusual worse performance on HD (larger than 100 mm) but

still have satisfactory overlap metrics. This was because the HD was sensitive to false-

positive predictions, and these predictions of nnU-Net had several unconnected regions. If

these three outliers were excluded, the mean HD of nnU-Net was 12.48 mm, which was

still worse than our model. Moreover, the inference time of nnU-Net was around 10 min

for each volume, but other models just spent around 1 min to infer each volume. The

performance of KiU-Net 3D was not satisfied under the common setting of LA segmentation.

These comparative results verified that UNSMLNet had superior performance than other

models, especially on the surface. Although we did not achieve overwhelming improvement

over other models, the feasibility of addressing the inaccurate surface segmentation problem

using uncertainty information was proved. With the additional uncertainty-guided objective

function, the performance of the surface and connection regions between PVs and LA was

further improved.

IV. Discussion

We presented the first attempt to address the inaccurate surface segmentation of LA in LGE

MRI with an uncertainty-guided symmetric multi-level supervision network. Except for ex-

tensive ablation experiments and compared with previous LA segmentation models on the

challenge leaderboard, we also compared our model with the state-of-the-art LA segmenta-

tion model LA-Net and two general models KiU-Net 3D and nnU-Net. The comparative

results demonstrated that CNN-based models have the potential to address the LA segmen-

tation problem, but our model performed better on the surface. The proposed UNSMLNet

deployed two multi-level supervision branches both at the encoding and decoding stages to

achieve multi-scale feature learning and uncertainty estimation simultaneously. In contrast

to the classical single supervision structure, the additional supervision branch in the encoding

stage of our model contributed to learn more detailed representations of the LA. Meanwhile,

the multi-level structure of each supervision branch can not only benefit to capture more

global context features for handling the complex structure of LA but also directly propagate

IV. DISCUSSION
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the gradient to the hidden layers to improve the speed of convergence.

To address the fuzzy surface problem, LA-Net added an auxiliary edge regression branch

to learn more boundary information, and KiU-Net 3D adopted an over-completed network

to enlarge the detail of features. In this paper, we proposed an uncertainty-guided objective

function to address this problem. With directly embedding the model uncertainty infor-

mation to the objective function, the high uncertainty prediction region can be restrained

explicitly. In contrast to current uncertainty-guided methods, the model uncertainty in our

model was used end-to-end to recalibrate the prediction during training, rather than set it

as a threshold to select reliable pseudo labels for un-/semi-supervision task or unsatisfactory

predictions for further user interaction.

To verify the clinical performance of our model, we predicted 15 new collected LGE

MRI volumes from AF patients on our trained model without fine-tuning. We compared

these predictions with manual delineations of the doctor and computed the inference time of

each volume. As for the performance of these volumes, the average HD and Dice score were

13.33 mm and 0.92, respectively. 73% HD value was lower than 15 mm, and only one volume

had a large HD value of 28.6 mm. The mean inference time of each volume was around 1

min, which was more efficient than the manual segmentation. This indicated that the model

had the significant potential to improve clinical efficiency by assisting the decision-making

process.

V. Conclusion

In this study, we identified the inaccurate segmentation of the surface as the primary chal-

lenge for 3D LA segmentation in LGE MRI. This challenge is from the complex structure

of the LA and the low contrast of LGE MRI. To address this challenge, we proposed an

uncertainty-guided symmetric multi-level supervision network, termed as UNSMLNet. A se-

ries of ablation and comparative experiments demonstrated that our proposed model could

handle the complex topology of LA and had superior accuracy in improving the segmentation

performance on the surface. Hence, the proposed model had the potential to assist clinical

doctors in planning patient-specific therapy in atrial fibrillation patients, thereby improving

the efficiency of clinicians.
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Figure Captions

• Figure 1: Example of the left atrium on LGE MRI. The first row displays four LGE

MRI slices at the axial view and the corresponding left atrium is shown in the second

row with blue. The first two examples display the similarity grayscale representation

between LA and its surrounding tissues and the last two examples display the complex

structure of LA. To simplify, we only point out the fibrosis region with white arrows

in the first slice.

• Figure 2: An overview of the proposed uncertainty-guided segmentation model with

symmetric multiple supervision structure. The proposed model takes a LGE MRI

volume (X) as input and outputs two segmentation results (Ŷ en, Ŷ de). The symmet-

ric multi-level supervision structure contains two multi-level supervision branches to

produce segmentation results and stabilize the training. The model uncertainty is for-

mulated by Jenson-Shannon discrepancy map (DJS) of the predictions. The multi-level

structure makes the model learn more spatial information. The proposed model also

involved convolution attention block (CAB, shown in the yellow box) on each pathway

to enhance the representation learning.

• Figure 3: Box diagrams for HD, ASSD, Dice Score, and Jaccard on the test set. The

�, black ♦, and − in each box indicated the mean, outliers, and media, respectively.

In each subplot, the x and y axes denote the model name and the score of each metric.
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• Figure 4: Visualization of the Hausdorff Distance (HD). From left to right are HD

results of different models. The last column is the ground truth. Color bar at the

right-top corner denotes the HD from prediction to the ground truth grows with color

from red to purple.

• Figure 5: A visualization result in multi-view and 3D signed distance map. The

ground truth is shown as a green contour on each blue prediction. The last row is

the corresponding 3D signed distance map between prediction and ground truth. The

positive (or negative) sign indicated over (or under) segmentation.

• Figure 6: Uncertainty maps for ablation models. The first column is the LGE slice.

The green region in the second column denotes the ground truth. The third-sixth

columns are uncertainty maps of ablation models. The color bar at the rightmost

denotes that the uncertainty grows with color from purple to red.

Last edited Date :



A
cc
ep
te
d
A
rt
ic
le

This article is protected by copyright. All rights reserved.



A
cc
ep
te
d
A
rt
ic
le

This article is protected by copyright. All rights reserved.

16
32

64
128

16
32

128
64

256

Conv Block

Conv with stride=2
Upsampling

Conv+ReLU

Conv+Softmax

2 2

�

������

Backbone (VNet)

Symmetric multi-level supervision structure
���

Convolutional Attention Block

22 2 2 222 2

Conv+Sigmoid

Element-wise multiplication
Element-wise addition

c/r c

Input features with c channels

Convolutional Attention Block

c



A
cc
ep
te
d
A
rt
ic
le

This article is protected by copyright. All rights reserved.

U N S M L N e t S M L N e t M L N e t V N e t 3 D U N e t
0

1 0
2 0
3 0
4 0
5 0
6 0
7 0
8 0

HD

( a )  H D
U N S M L N e t S M L N e t M L N e t V N e t 3 D U N e t

0 . 5
1 . 0
1 . 5
2 . 0
2 . 5
3 . 0
3 . 5

AS
SD

( b )  A S S D
U N S M L N e t S M L N e t M L N e t V N e t 3 D U N e t

0 . 6 5

0 . 7 0

0 . 7 5

0 . 8 0

0 . 8 5

0 . 9 0

0 . 9 5

Dic
e S

cor
e

( c )  D i c e  S c o r e
U N S M L N e t S M L N e t M L N e t V N e t 3 D U N e t

0 . 5 0
0 . 5 5
0 . 6 0
0 . 6 5
0 . 7 0
0 . 7 5
0 . 8 0
0 . 8 5
0 . 9 0
0 . 9 5

Jac
car

d
( d )  J a c c a r d



A
cc
ep
te
d
A
rt
ic
le

This article is protected by copyright. All rights reserved.

UNSMLNet SMLNet MLNet VNet 3DUNet Ground Truth



A
cc
ep
te
d
A
rt
ic
le

This article is protected by copyright. All rights reserved.

UNSMLNet SMLNet MLNet VNet 3DUNetLGE Slice



A
cc
ep
te
d
A
rt
ic
le

This article is protected by copyright. All rights reserved.

UNSMLNet SMLNet MLNet VNetLGE Slices Ground Truth


