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Abstract

Medical image segmentation models based on supervised learning usually require a large
amount of annotated training data. Insufficiency of available annotated training data
often leads to limitations of model performances, such as over-fitting, low accuracy, and
poor generalization ability. However, this dilemma is likely only to worsen in the field of
medical image analysis. Medical image annotation usually requires experienced radiolo-
gists and heaps of time to do. In this work, we propose a novel shape and boundary-aware
model for medical image segmentation based on semi-supervised learning. The model
utilizes supervised losses to learn from the annotated data and the consistency loss from
the unlabeled data. Firstly, we extract multi-scale features for Pixel-wise Segmentation
Map (PSM) prediction and Signed Distance Map (SDM) regression. Secondly, we con-
catenate SDM and PSM with regularized input and then feed them into FFM for fine
segmentation. The high-level semantics contained in SDM and PSM are conducive to
the accurate segmentation of non-boundary regions. At the same time, the introduc-
tion of boundary loss also plays a pivotal role in strengthening the ability of boundary
perception. Finally, such a final result is from fusing the non-boundary and boundary
regions. Last but not least, for mining unlabeled training data, we impose consistency
constraints on the three core outputs of the model, namely a coarse PSM, an SDM, and
a refined PSM. Through extensive experiments over two representative but challenging
medical image datasets and comparisons with the existing representative methods, we
validate the practicability and superiority of our model.

Keywords: boundary aware, medical images segmentation, multi-branch consistence,
semi-supervised learning.

1. Introduction

Medical imaging can help doctors make a rapid diagnosis and clinical intervention
based on the visual manifestations of organs, tissues, and lesions in medical images such
as Computed Tomography (CT), X-ray, Ultrasound, and Magnetic Resonance Imaging
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(MRI) [1, 2]. Visual segmentation of organs, tissues, and lesions is one of the foundational5

technologies for automatic and intelligent analysis of medical images. In most cases, deep
neural networks are trained in a supervised fashion, which requires an enormous number
of annotated training data. However, manual annotation is an experience-oriented, labor-
intensive, and time-consuming task, and at the same time, billions of medical images are
produced in various hospitals every day. If we can make good use of these unlabeled10

data, the intelligent analysis of medical images will make good progress. Therefore, even
if new technologies or directions emerge in the future, Semi-Supervised Learning (SSL)
is still one of the most promising fields of machine learning, especially in the application
of medical image analysis.

In recent years, many medical image segmentation methods have emerged to re-15

spond to the limitation of available annotated training datasets. For instance, to reduce
the workload of manual annotation, researchers have developed interactive segmentation
technology to select specific organs or lesions with less manual intervention [3, 4]. This
semi-automatic segmentation technology can effectively improve the efficiency of manual
image annotation. Weakly supervised learning adopts image-level [5] or object-level an-20

notations with bounding boxes [6], instead of pixel-wise annotations that are much more
difficult to obtain. The SSL methods directly mine essential information from limited
annotated data, especially from a large amount of unlabeled data. Unlike fully super-
vised learning, SSL methods can obtain better segmentation results by using training
data with limited annotations. Our goal in this work is to improve the accuracy of fully25

automatic pixel-by-pixel segmentation when only limited annotated data and a plentiful
supply of unannotated data are available, so weak supervision and interactive methods
are not our choices.

In this work, we mainly concentrate on semi-supervised medical image segmentation
methods, which are more effective and suitable to the demand of current actual reality.30

Only a handful of labeled data are available, and the rest are massive unlabeled data.
In the early years, semi-supervised learning for medical image segmentation rely on self-
training strategies [7] and data augmentation [8, 9]. In the past two or three years, there
have arisen many successful SSL approaches that utilize unlabeled data by performing
consistent regularization [10, 11, 12]. For example, in [10], Li et al. developed a multi-35

task model to predict a Pixel-wise Segmentation Map (PSM) and the corresponding
Signed Distance Map (SDM) according to the same input. They used an adversarial
loss to enhance the consistency between the predicted SDMs of labeled and unlabeled
samples, thereby ensuring more effective capture of shape-aware features. In [11], Li
et al. introduced a transformation consistency to enhance the regularization effect of40

their medical image segmentation model. In [13], Yu et al. employed a mean teacher
model [14] to mine consistency information from unlabeled samples. For the same input,
the output of the student and teacher model should be the same. Most of the existing
methods have promoted the application of semi-supervised learning in medical image
segmentation.45

Inspired by the consistency of parallel dual-task [12] and boundary-aware [15], we
propose a semi-supervised model for medical image segmentation based on dual-task
consistency and pre-shape and pre-boundary perception. The core idea of the proposed
method is to construct the consistency between two sequence-related tasks, namely the
regularized SDM regression task and the pixel-level segmentation task. The SDM ob-50

tained from the previous branch captures redundant information such as the boundary
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and shape of the segmented object, which has substantial guiding significance for the sub-
sequent pixel-level segmentation. The main contributions of this work are summarized
as follows:

• We propose a V or U-Shape-based medical image segmentation model with a coarse-55

to-fine way. In the coarse segmentation phase, PSM prediction and SDM regression
perform simultaneously. After that, under the guidance of previous segmentation
results, a refined segmentation is carried out.

• We take advantage of task consistency among the three critical outputs on unla-
beled samples. At the same time, through adversarial training, a large amount of60

unlabeled data is further exploited.

• We conduct extensive experiments on the BraTS2019 and Atrial Segmentation 2018
datasets to evaluate the effectiveness of our model. Experimental results show that
our model outperforms the previous state-of-the-art methods in terms of most
evaluation metrics.65

The rest of this paper is arranged as follows. The basic knowledge of semi-supervised
medical image segmentation is reviewed in Section 2. Section 3 introduces the proposed
medical image segmentation model. Section 4 discusses the comparison experiments.
Section 5 gives a general summary of the whole work.

2. Related Work70

Our work involves three fundamental technologies: semi-supervised medical image
segmentation, consistency regularization, and signed distance map.

2.1. Semi-Supervised Medical Image Segmentation

The widespread popularity of Deep Learning (DL) contributes much to the rapid
development of computing power, the availability of massive labeled samples, and the75

change from manual to automatic feature extraction in deep learning. Thanks to the
progress of technology, the performance of semantic segmentation has been improved
rapidly.

In recent years, some popular DL-bases semi-supervised methods have been proposed,
such as: self-training [7], co-training [16], adversarial learning [17, 18], consistency regu-80

larization [14, 19, 20, 21, 22], and data augmentation-based methods [9]. The main idea
of self-training is to iteratively train a pre-trained network on unlabeled data by using
estimated labels (pseudo labels). For instance, in [7], Bai et al. developed an iterative
semi-supervised strategy for cardiac MR image segmentation. The initial weights of the
model are from training the network only on the labeled samples. Here exit two steps85

to do next: step 1 is to predict segmentation maps on unlabeled samples using the pre-
trained model, and step 2 is to update the network parameters by using both the ground
truth labels of labeled samples and estimated segmentations of unlabeled samples. By
iteration between the two steps, the model would be optimized for better segmentation
results.90

Nowadays, combined with adversarial learning, the segmentation of medical images in
a semi-supervised manner is also a popular research topic. In [17], Zhang et al. proposed
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a new deep adversarial network for biomedical image segmentation. The model contains
two sub-networks: a generator to perform segmentation and a discriminator to evaluate
the quality of the segmentation. The generator encourages good segmentation results,95

and the discriminator determines whether the segmentation result comes from unlabeled
or labeled input. In [10], Li et al. introduced an adversarial loss for semi-supervised
learning to calculate the error between the predicted SDMs of labeled and unlabeled
data, where the SDMs contain rich geometric shape and boundary information. In [16],
Peng et al. proposed a segmentation method based on the idea of model integration. Like100

the co-training method, the proposed method uses annotated data subsets for training
and unlabeled data subsets for information exchange.

One way to solve the scarcity of annotated samples is to apply random geometry,
color and intensity transformation, and interpolation strategies for data augmentation.
Recently, many scholars have chosen Generative Adversarial Nets (GANs) [23] to product105

samples as a supplement for training samples. For instance, in [9], Chaitanya et al.
reported a creative data augmentation approach for learning with limited-annotated
training samples, where two conditional generative models are responsible for modeling
shape and intensity characteristics, respectively.

A holistic method is another way to alleviate the dilemma of insufficient annotated110

training samples available, dedicated to integrating various paradigms of SSL. For ex-
ample, in [24], Berthelot et al. smartly mashed consistency regularization, entropy min-
imization, and MixUp [25] together and achieved significantly better performance.

2.2. Consistency Regularization

In the field of computer vision, consistent regularization plays a prominent part in115

un- or semi-supervised learning, including data- and task-level consistency. Data-level
consistency encourages the assumption that decision boundaries are likely to be located
in low-density areas where the predictions of the same input should be the same before
and after interference. Task-level consistency strives to ensure the equivalence of rep-
resentation of similar tasks. These representations can be uniquely converted into each120

other, thus reflecting the consistency of tasks.
Most consistency regularization belongs to the data level. In [26], Tarvainen et al.

implemented a Mean Teacher (MT) model to improve performances of SSL by using
weight-averaged consistency. Teacher models are trained by two parts, one is the su-
pervised loss from labeled samples, and the other is the consistency loss from unlabeled125

samples. Specifically, this consistency is exhibited in that if taking a sample as input
into both, outputs of teacher and student models should be the same, even if different
disturbances are attached to the two sub-networks like [11]. Just then, the update of the
student model parameters only uses an Exponential Moving Average (EMA) method.
In [11], Li et al. devised a semi-supervised method based on MT model and transfor-130

mation consistency. The model encourages consistent predictions for two networks with
the same input under different data disturbances, including flipping, rotation, re-scaling,
adding noise, etc. In [20], Ouali et al. described a called Cross Consistency Training
(CCT) model for semi-supervised semantic segmentation. This model consists of an en-
coder and multiple decoders, where the only primary decoder uses labeled samples, and135

some secondary decoders use unlabeled samples for training. For all samples, outputs
of the primary decoder are consistent with outputs of multiple secondary decoders using
different perturbations.
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Recently, Lin et al. produced a task-level consistency method for semi-supervised
medical image segmentation [12], which is mainly due to the different representation140

diversity of segmentation results, including the signed distance map and pixel-level seg-
mentation map. In [27], Zamir et al. illustrated that cross-task consistent learning could
make more accurate predictions and better generalization to outliers, which is due to the
invariance of reasoning paths on any task map. In [28], Navarro et al. adopted the idea
of muti-task learning, which constructs two additional sub-tasks, such as distance map145

regression and contour map detection. Unfortunately, its limitation is that they need to
train in a fully supervised manner.

Inspired by [28, 15, 29], we propose an SSL model for image segmentation, which
utilizes unlabeled data for consistency regularization and adversarial training for more
robust models.150

2.3. Signed Distance Map

By calculating the distance from each pixel marked 1 in the binary segmentation
map to the nearest boundary pixel, we can obtain the distance map [30] of the binary
segmentation mask, which gives rich and robust information on the boundary, size, shape,
and position of segmented objects. For a binary segmentation mask, the Signed Distance
Map (SDM) usually is formulated as:

φ(x) =



0, x ∈ ∂Ω;

− inf
y∈∂Ω

‖x− y‖2, x ∈ Ω,Ω 6= ∅;

+ inf
y∈∂Ω

‖x− y‖2, x /∈ Ω,Ω 6= ∅;

1, Ω = ∅,

(1)

where Ω = {xi|yi = 1, i ∈ S} is the pixel set of the foreground, xi is any point/pixel, yi is
the corresponding label, the index i traverses the entire input image or the corresponding
segmentation mask, and S is the index set. At the same time, we use the symbol ∂Ω
to denote the boundary pixel set. The middle two terms in Eq. (1) also need to be155

normalized to [-1,1] by mini-max normalization. Specifically, absolute values of SDM
indicate the distance from a pixel/voxel to the closest pixel/voxel on the contour, and
signs denote inside (−) or outside (+) boundaries of the segmentation target. SDM is
also a universal definition of level set functions, so we name it φ(x). Zero means that the
point exactly is on the boundary. It is worth noting that when there is no foreground160

(Ω = ∅), each element in SDM should be 1, and in other contexts, SDM should normalize
to the range of [−1, 1] by using mini-max method.

3. Proposed Approach

The proposed shape and boundary aware model consists of a U or V-Shape backbone
network to extract features, Branch A to obtain coarse Pixel Segmentation Map (PSM),165

Branch B to regress Signed Distance Map (SDM), and Feature Fusion Module (FFM) to
refine PSM as shown in Fig. 1. First, branch B is responsible for the regression of SDM
that contains information such as boundaries and shapes. Second, branch A outputs the
extracted features, supervised by multi-scale losses. Finally, an FFM module fuses the
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SDM from branch B and extracted features from branch A, which outputs the ultimate170

PSM. Essentially, it is a coarse-to-fine strategy. Our next journey is to introduce each
component of the model in detail.

3.1. Network Architecture

3.1.1. Backbone Network

There are mainly two components, namely encoder, and decoder respectively. The en-175

coder uses several down-sampling layers to extract high-level features, while the decoder
up-samples the features to recovery the size. As shown in Fig. 1, in the down-sampling
stage, input images pass through a series of convolution layers to get high-level feature
maps firstly. Then, in the up-sampling stage, bilinear interpolation or deconvolution is
used to restore the feature scale step by step. Finally, there exist skip connections com-180

bining features of symmetric layers of encoder and decoder. It is worth noting that in
our experimental section, we employ a typical V-Net [31] structure.

3.1.2. Coarse Pixel-wise Segmentation Branch

Coarse Pixel-wise Segmentation Branch, namely Branch A in Fig. 1, is the upward
branch at the end of the backbone and outputs the extracted features, supervised by185

multi-scale losses.
On Branch A, we first execute a convolution on three side outputs with different scales

in the decoding stage of the backbone for adjusting channels to 1 and then upsample
them to the size as same as the input for F1, F2, and F3. After performing Sigmoid
operation for PSM1, PSM2, and PSM3, F4 and PSM4 are obtained by fusing F1, F2,190

and F3.

3.1.3. SDM Regression Branch

As shown in Fig. 1, Branch B is for regression of SDM, including coarse contour,
shape, size of segmentation targets, and so on. We combine F4 and the predicted SDM
with the original input for feeding into FFM. With the help of FFM, we can get more195

accurate segmentation results. In essence, this is a process from coarse to fine. We use
SDM regression instead of straightforward boundary perception [32]. Generally, contours
can be conceived efficiently at the beginning using cross-entropy loss, but as training goes
on, the learned contour map will become black. Perhaps the biggest reason is that area
occupied by the boundary is too small, resulting in a tiny contribution to the loss.200

3.1.4. Feature Fusion Module

In our model, FFM applies channel attention to fuse multi-channel features, which
is essentially a SE-Net block [33]. As shown in Fig. 2, FFM receives two inputs, one
from branch A and the other from branch B. Then, we apply the Convolutions and
Batch Normalization operations to calculate the feature maps. In addition, we use a205

Global Pooling layer, a series of fully connected convolutions, and a Sigmoid activation
function to calculate the weights of each channel. The Multiply operation is an element-
wise product to highlight the key channels. Finally, in order not to lose features, it is
unwise to use only channel-weighted features, so element-wise addition is employed here
before the Global Pooling layer. The above operations highlight global channel features210

on the premise of preserving original features.
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Figure 1: Overview of our proposed model. This model consists of a U- or V-Shape backbone network
to extract features, Branch A to obtain coarse Pixel Segmentation Map (PSM), Branch B to regress
Signed Distance Map (SDM), and Feature Fusion Module (FFM) to refine PSM. On Branch A, we
perform convolution operation on different scale features in the decoding stage of the backbone to adjust
channels to 1 and then upsample (4,2,1 times) them to the same size as input. Thus, we obtain rescaled
features F1, F2, and F3 from three different scale features. They pass through Sigmoid operation to gain
PSM1, PSM2, and PSM3 for multi-scale supervised learning. Then F4 and PSM4 are obtained by the
fusion of F1, F2, and F3. On Branch B, the obtained SDM, original input, and F4 concatenate together
channel-wise, feed into an FFA module, and output F5, which fuses with F4 for the final PSM. Using
unlabeled samples, consistency regularization among PSM4, PSM5, and SDM can apply to unsupervised
learning. At the same time, using labeled samples, supervised learning is directly carried out at PSM1,
PSM2, PSM3, PSM4, PSM5, and SDM.
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FCL: Fully Connected Layer
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Figure 2: Feature fusion module (FFM) branch. The FFM branch receives two inputs, where input 1
comes from branch A and input 2 is the concatenation of the original input image and SDM from branch
B as described in Fig. 1.
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Branch B is responsible for the regression of SDM that contains information such as
boundaries and shapes. The obtained SDM, original input, and F4 concatenate together
channel-wise, feed into an FFA module, and output F5, which fuses with F4 for the
final PSM. Using unlabeled samples, consistency regularization among PSM4, PSM5,215

and SDM can apply to unsupervised learning. At the same time, using labeled samples,
supervised learning is directly carried out at PSM1, PSM2, PSM3, PSM4, PSM5, and
SDM.

In Subsection 3.2, we will comprehensively introduce all losses involved in our model.

3.2. Loss Functions220

Generally speaking, for semantic segmentation, the provided labels of training data
are usually manually marked pixel by pixel for 2D images or voxel by voxel for 3D images,
so Ground Truth (GT) is actually a PSM. Based on the GT/PSMs, we can obtain SDMs
by using some morphological methods in SciPy. With the help of two branches, we
exploit supervised and unsupervised losses to guide network training for better results.225

All losses used in this work will describe in detail below.

3.2.1. SDM Loss

Inspired by [29], we hire L1 loss function here, which is the L1 difference between the
predicted value and real SDM. The L1 loss can be written easily as:

LL1 = ||SDMpred − SDMgt||1, (2)

where SDMpred denotes the predicted SDM from Branch B, and SDMgt is from the
GT binary mask. For multiple object segmentation, we can obtain L1 loss by adding all
L1 losses corresponding to distinct binary segmentation maps. As we all know, L1 loss230

sometimes leads to an unstable training process, although it is robust to outliers.
Similarly, to overcome the disadvantage of L1 loss, we further combine L1 loss with

a product loss:

Lproduct = − 1

NC

C∑
i=1

yipi
(yipi + pi2 + yi2 + ε)

, (3)

where N and C are the number of all pixels and classes to be segmented, yi is the real
SDM, pi is the predicted SDM, and ε is a small constant to prevent division by zero.

It is not difficult to find that Eq. (3) has the following properties: −
1
3 ≤ Lproduct<0, if yipi > 0;

0<Lproduct ≤ 1, if yipi < 0;
Lproduct = 0, if yi = 0 or pi = 0,

(4)

where yi and pi have the same sign, the loss is a negative value, and when both are
equal, the loss value will be −1/3. Regarding monotonicity, the smaller the gap between
yi and pi, the smaller the loss. However, the bigger the absolute values between the two,
the closer the loss is to zero when yi and pi have different signs. When yi = −pi, the
loss becomes 1, which is unreasonable. In general, for the same sign, the total loss will
decrease. In addition, the closer they are, the more the loss drops. If signs are different,
the total loss will rise, even if its monotonicity is not reasonable. Based on the above
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properties, we can conclude that the L1 loss enhances the perception of boundaries by
emphasizing the correctness of the signs. Therefore, the final SDM loss is defined as:

LSDM = LL1
+ Lproduct. (5)

The SDM loss is more concerned with elements near zero, namely the boundary repre-
sented by SDM. Therefore, it can improve boundary perception.235

3.2.2. PSM Loss

There are many ways to calculate the Pixel-wise Segmentation Map (PSM) loss. Here,
we employ Dice as:

Ldice = C −
C∑
i=1

2
∑
yipi∑

y2
i +

∑
p2

i + ε
, (6)

where C is the number of categories, pi is the predicted value, and yi is the corresponding
ground truth. Therefore, 5 PSM losses are accumulated to obtain the final Ldice:

LPSM =

5∑
i=1

LPSMi
. (7)

3.2.3. Boundary Loss

Discriminating boundary regions need rich low-level features. Meanwhile, discerning
areas far from the boundary always demand abundant high-level semantic and a hand-
ful of low-level features, too many of which will negatively affect segmentation results.240

Therefore, we selectively combine low-level gradients in the refining phase. That’s to say,
our method mainly deals with boundary regions at the refining stages and non-boundary
areas at the coarse stages.

So, we should find out this transition region between outer and inner regions near the
boundary firstly, surrounded by red and orange curves as shown in Fig. 3. Ideally, the245

boundary line just is in the middle of two curves. We employ Eq. 8 to pick out this key
regions,  Outer = binary dilation(mask == 1.0, iterations = it) ∧mask;

Inter = binary dilation(mask == 0.0, iterations = it)&mask;
Mbound = Outer ∧ Inter,

(8)

where mask stands for a binary mask map, Outer represents the black area from
the boundary curve to the red curve, and Inter is the white area from the bound-
ary curve to the orange curve. binary dilation comes from a famous python package
scipy.ndimage.morphology, which holds for multi-dimensional arrays, such as 2D, 3D
images, and so on. Because the default parameter structure is none, the structure ma-
trix is a multi-dimensional cross shape. The parameter iterations is the iteration times
of dilation, which also determines the width of dilation and can be formulated as Eq. 9:{

it = (
Atarget

Awhole
)×Wmax;

it = max(1, it),
(9)

where Atarget denotes the target areas to be segmented, Awhole is the area of the full
image, and Wmax represents the max value of width. In our experiment, we set Wmax
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Figure 3: Schematic diagram of 2-d area around boundary. The black-and-white area respectively
represents the background and foreground area, that is, a binary mask. The alternating part of black-
and-white is the boundary line. Based on this boundary, we expand white regions to the red line through
outward dilation and push background regions to the orange line through inward dilation with the same
iteration time. Therefore, it is easy to obtain the annular area between the red and orange boundary
lines using Eq. 8.

to 20. max function avoids iterations being 0, otherwise it will dilate until it can’t250

continue.
It’s important to note that the width of Mbound is 2 times of Wmax according to Eq.

8.
Based on the above, we can obtain boundary loss around boundaries, including Ldice

and Lgradients within the ring-like boundary area Mbound. As shown in Eq. 10, boundary
loss only applies in the boundary area, namely Mbound,

Lboundary = (Ldice + Lgradients)×Mbound. (10)

where the use of Ldice is mainly for the indifference supervision of the boundary region
defined by us in the refining stage and Lgradients comes from the L2 loss between gradient
matrices of the input image and its corresponding segmentation mask map. This process
(taking a 3D image as an example) can be easily expressed by Eq. 11:{

Mg =
√
gradients[0]2 + gradients[1]2 + gradients[2]2;

Lgradients = max(βMgimg −Mgpred, 0),
(11)

where gradients can be obtained by numpy.gradient. Inputting a 3D image, i. e. a 3D
array, the returned object is also a 3D array, and gradients[0...2] respectively represent255

the gradient matrix along the Z, Y, and X axes. So Mg is magnitudes of gradients and
Mgimg, Mgpred represent magnitudes of predicted logits and labels gradients individually.
The hyper-parametric β enhances the image contrast, and the max function used here
prevents this loss from a negative value. Last but not least, Lboundary is only applied in
the refining segmentation stage and supervised term of final hybrid loss 17.260
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3.2.4. Consistency Loss

We use the consistency loss to guarantee the consistency of SDM, PSM4 and PSM5
in Fig. 1, which can convert to each other expediently. In Fig. 4, we show the consistency
of the three:

1) T1: For samples without GT, we use the final predicted PSM5 as the GT of
PSM4, and the specific calculation shows in Eq. 12,

Lcl1 = ||PSM5− PSM4||2; (12)

2) T2: Due to the structural relationship of the network, SDM exists before PSM5,265

so the former naturally promotes the latter without additional restrictions.
3) T3: To accomplish cycle promotion among PSM4, PSM5, and SDM, we need

to complete the remaining elevation from PSM4 to SDM here. Instead of doing so, we
accept a differentiable function Eq. (13) for conversion from SDM to PSM4 and then
obtain L2 loss. Due to the differentiability, SDM and PSM4 can promote each other.
As a smooth approximation to the Heaviside step function, this differentiable function
can be expressed by Eq. (13):

F (x) =
1

1 + e−k·x
= σ(k · x) , (13)

where k is a constant coefficient, which affects the slope of the curve. The larger the
value of |k|, the steeper the slope, and the closer to the step function. The sign of k
determines whether the curve is uphill or downhill. Inspired by the work in [29], we set
k to -1500, which matches the normalized SDM definition in our work.270

By using Eq. (13), the SDM in Branch B smoothly converts into the corresponding
PSM. The consistency loss is given by Eq. (14):

Lcl2 = ‖F (SDM)− PSM4‖2 . (14)

Therefore, the total consistency loss (Eq. (15)) is the sum of these two sub-consistency
losses:

Lcl = Lcl1 + Lcl2 . (15)
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3.2.5. Adversarial Loss

Inspired by the work in [10], we introduce an adversarial loss to regularize model
training on unlabeled data further. For this purpose, we use a discriminator to distinguish
whether the final predicted PSM, i.e., PSM5 comes from the labeled or unlabeled data
subset. Since the labeled data apply in supervised learning, the corresponding PSM5275

should be of high quality. On the contrary, we believe that its quality is not good at
the beginning. As the training progresses, the discriminator cannot determine whether
the input data is from a labeled data subset or not. Ideally, the predicted PSM5 based
on the unlabeled sub-dataset is as good as that based on the labeled sub-dataset. It is
worth noting that the adversarial loss increases more perturbation and makes the model280

easier to approach the optimal solution of this problem.
Specifically, the adopted discriminator takes PSM5 and the corresponding image as

input and predicts its probability from the labeled data subset. Given the discriminator
D and segmentation network G, an adversarial loss of a batch (batch size: 2N) of training
data (N labeled data and N unlabeled data) can be formulated as:

min
θ

max
ζ
Ladv(θ, ζ) =

1

N

N∑
n=1

logD(Xn, G(Xn|θ)PSM |ζ)

+
1

N

2N∑
m=N+1

log
(
1−D(Xm, G(Xm|θ)PSM |ζ)

)
, (16)

where Xn and Xm are the labeled and unlabeled input, respectively. D(·|θ) and G(·|ζ)
represent the discriminator and segmentation network, where θ and ζ are network param-
eters. Since the adversarial loss here imposes on PSM5, G(X|θ)PSM denotes PSM5.

On the one hand, when D(·|ζ) fixed, what we want is that G(·|θ) can train well285

enough to deceive G(·|θ) by misjudging unlabeled data as labeled. In Eq. (16), the two
terms minimize at that time. On the other hand, given a fixed generator (segmentation
network)G(·|θ), our goal is to sufficiently train the discriminator to output 0 for unlabeled
data and 1 for labeled data. In Eq. (16), the two terms maximize at the same time.

3.2.6. Hybrid Loss290

We combine all above losses involved linearly to form a hybrid loss:

Lfinal = (1− γ)(LPSM + αLSDM + βLboundary) + γ(Lcl + Ladv), (17)

where α, β, and γ balance these different sub-losses. In our experiments, we set α to 0.02
and β to 0.5, determined by the grid search and experimental results here. So, Lfinal
can exploit both the labeled subset and the unlabeled subset to optimize all modules in
a semi-supervised manner.

Following the work in [13], we use a step-dependent Gaussian warming up function
Eq. (18) to balance the consistent loss and other losses:

γ(t) = a · exp (−5(1− t

tmax
)2), (18)

where t denotes the current training step, tmax represents the maximum training step,295

and a is the maximum weight, a constant coefficient greater than zero. Therefore, as
training progresses, the proportion of consistency loss will increase with t rising, and it
will eventually be equal to a. In our experiments, we set a to 1.
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Table 1: Software and hardware experimental environment configurations.

Software OS CUDA Pytorch V-Net

CentOS 11.1 1.7.1 [31]

Hardware CPU Memery GPU Video Memery

Xeon(R) E5-2620 250G Tesla P100 16G

4. Experiments

4.1. Dataset300

To evaluate our proposed shape and boundary-aware Model, we conduct experiments
on two different medical image datasets, including left ventricular segmentation and brain
tumor segmentation.

Atrial Segmentation 2018 (LA2018) 1: A total of 154 3D magnetic resonance
images with a resolution of 0.625×0.625×0.625mm3 from patients with atrial fibrillation305

are involved in this work. Since the test data is not labeled and the challenge is over, only
the training data are is unused here, which is divided into two branches, 80 for training
and 20 for evaluation.

BraTS 2019 2: The BraTS dataset is committed to evaluating the state-of-the-
art technology for brain tumor segmentation in multi-modal MRIs. The BraTS 2019310

focuses on the segmentation of brain tumors (gliomas) using pre-operative MRI scans
from multiple hospitals. In the same way, we randomly divide 259 HGG and 76 LGG
from 335 training data into the training set and testing set according to the ratio of 8:2.
That is, the divided training set comes from 259 × 0.8 = 207 HGGs and 76 × 0.8 = 60
LGGs.315

4.2. Implementation Details and Evaluation Metrics

For a fair comparison, we utilize the V-Net [31] model as a backbone in all our
experiments. The detailed configuration list is shown in Table 1. As shown in Fig. 1,
an SDM regression branch and a multi-scale supervised segmentation branch attach to
the end of the V-Net model. They help each other to learn forward through the joint320

action of the network structure and loss functions. Last but not least, we do not adopt
any post-processing or integration techniques for all comparative models. In terms of
quantitative analysis, we employ four commonly used metrics, i. e. Dice, Jaccard index,
Average Surface Distance (ASD), and 95% Hausdorff Distance (95HD).

4.3. Quantitative Comparison Experiments325

The effectiveness of our model is verified by multiple experiments, mainly from both
quantitative and qualitative perspectives. From a quantitative point of view, we design
two groups of comparative experiments. One group verify the positive effects of our
semi-supervised strategy, and the other group compares our model with other methods.
From a qualitative point of view, we discuss the segmentation results of the comparative330

methods, as visually presented in Fig. 6 and Fig. 7.

1http://atriaseg2018.cardiacatlas.org
2https://www.med.upenn.edu/cbica/brats-2019
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4.3.1. Effectiveness of Our Semi-supervised Model

To verify the effectiveness of our proposed semi-supervised learning method, we con-
duct comparison experiments on three models, namely, V-Net and our model with full
supervision and our model with semi-supervision. We report performances of these three335

models from Fig. 5, where the x-axis represents the number of labeled data from LA2018,
and the y-axis denotes the corresponding Dice score. The results confirm that perfor-
mances of the semi-supervised model are always better than that of corresponding fully
supervised models. With the increase of labeled data, their performance gap is narrow-
ing. In short, thanks to the effective use of unlabeled data, the semi-supervised model is340

better than fully supervised models.

Figure 5: Segmentation performance of comparative models on the LA2018 dataset. The red and blue
dotted lines show the performance of the V-Net model and our model, respectively, which use only labeled
data for training. The top black solid line shows the performance of our method with semi-supervision,
which uses both the labeled and unlabeled data for model training.

4.3.2. Comparison with Other Semi-supervised Methods

We compare our model with four state-of-the-art methods, including the Mean Teacher
self-ensembling (MT) model [26], Entropy Minimization (EM) model [34], Uncertainty-
Aware Mean Teacher (UA-MT) model [13], and Dual-Task Consistency (DTC) model345

[12].
(1) Performance comparison on BraTS2019
First, we evaluate our proposed model on the BraTs2019 data by comparing it with

the MT, EM, UA-MT, and DTC models. The performance comparisons of these meth-
ods show in Table 2. Compared with MT model, UA-MT is improved with the help of350

uncertain guidance and has good performance on various metrics. The excellent perfor-
mance of UA-MT shows that SDM regression can help pixel-level segmentation tasks with
the assistance of adversarial learning. It is worth mentioning that the DTC model uses
dual-task consistency, makes good use of unlabeled samples, and achieves outstanding
performance.355

As shown in Table 2, a total of 250 samples are prepared for model training. The first
group of experiments uses only 25 labeled samples, and the second group increases to 50.
Of course, all semi-supervised methods use the remaining unlabeled samples, which also
greatly improve the segmentation performance. In the upper part of Table 2, our model
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ranks first on Dice, Jaccard, and ASD, and second on 95HD. In this group of experiments,360

the EM model seems to have the worst performance, but in the lower half, the MT
model is the worst. Combining the two groups, UA-MT has an advantage when there
are fewer labeled samples, while DTC is better when there are more labeled samples. Our
model uses a coarse-to-fine process, multi-task consistency regularization, and adversarial
training strategies to make full use of all available labeled or unlabeled samples. The365

comparison experimental results show excellent potential when the proportion of labeled
samples is small or large.

Table 2: Quantitative comparison on the BraTS2019 dataset.

Method
Scans used Metrics

Labeled Unlabeled Dice [%] Jaccard [%] ASD [voxel] 95HD [voxel]

V-Net 25 0 77.12 65.93 2.90 27.23

MT 25 225 82.34 72.10 2.24 13.07
EM 25 225 81.42 71.06 2.39 12.30

UA-MT 25 225 83.29 73.73 2.36 8.34
DTC 25 225 82.32 72.37 3.23 12.43

Ours 25 225 83.88 73.98 1.86 9.83

V-Net 50 0 80.18 69.32 2.26 23.92
V-Net 250 0 86.53 77.34 1.99 8.24

MT 50 200 82.92 72.80 2.27 13.12
EM 50 200 83.42 73.66 2.12 13.92

UA-MT 50 200 82.59 72.86 2.48 9.91
DTC 50 200 83.81 73.95 1.96 9.95

Ours 50 200 84.16 75.06 1.93 8.83

(2) Performance comparisons on LA2018
We further verify our model on the LA2018 dataset by comparing it with other

models. Table 3 shows the quantitative performance of the comparative models. The370

first row of each group is the fully supervised V-Net model as the baseline, the last row
is the performance of our proposed model, and the others rows show the performance
of other semi-supervised methods. For left atrium segmentation, our model has obvious
advantages in the case of less labeled data. As the number of labeled data increases, the
performance improvement of our model becomes smaller and smaller. When there are375

only 20 labeled data, our semi-supervised model is very close to the V-Net model trained
by fully supervised learning using only 80 labeled data.

We conduct three group experiments and set the number of labeled samples to 5, 10,
and 20, respectively. In the first group of experiments, the performance of DTC is not
satisfying, but in the following two groups, the performance of DTC is second to our380

model. In terms of performance, MT, EM, and UA-MT are similar, especially EM and
UA-MT. Of course, our model is better than all other models on Dice, Jaccard, and 95HD,
but it is worse on ASD. In the second group of experiments, our model is much better
than other methods in all criteria. In the third group of experiments, the performance
of all models is very close, which may be because the performance bottleneck appears385

as the number of labeled samples increases. However, our method is still slightly better
than the suboptimal DTC method. Generally speaking, from these two experiments,
our method has achieved better performance than other methods on most evaluation
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metrics, which proves that our method can better learn from training samples, especially
unlabeled samples.390

Table 3: Quantitative comparison on the LA2018 dataset.

Method
Scans used Metrics

Labeled Unlabeled Dice [%] Jaccard [%] ASD [voxel] 95HD [voxel]

V-Net 5 0 59.95 45.59 9.48 35.99

MT 5 75 76.96 63.82 2.66 28.57
EM 5 75 76.71 63.46 2.55 29.91

UA-MT 5 75 77.13 65.10 3.08 20.93
DTC 5 75 74.74 62.12 6.08 22.43

Ours 5 75 78.33 67.49 5.08 16.72

V-Net 10 0 71.71 56.83 3.22 33.32

MT 10 70 84.23 73.50 2.19 21.81
EM 10 70 85.34 74.86 2.23 16.91

UA-MT 10 70 84.37 73.66 2.39 19.68
DTC 10 70 85.73 75.49 2.41 11.04

Ours 10 70 88.31 79.32 2.06 7.92

V-Net 80 0 91.14 83.82 1.52 5.75 [10]
V-Net 20 0 77.99 64.56 2.38 35.21

MT 20 60 88.33 79.34 1.89 14.42
EM 20 60 87.82 78.75 1.80 12.86

UA-MT 20 60 88.91 79.37 2.04 15.04
DTC 20 60 89.84 81.67 1.79 7.18

Ours 20 60 89.91 81.82 1.80 6.61

4.3.3. Visual Comparison

The quantitative comparison and analysis in the previous sections have verified the
effectiveness of our model on two commonly used data sets.

(1) Visualization on BraTS2019
In Fig. 6, we present the visualization results of three samples. The segmentation395

results from our method are closer to the ground truth visually. Specifically, in the first
line, in the corresponding part of the bright blue box, DTC and our method are better
than other methods, and our method is better than DTC in the white box. If you look
at other places carefully, our results are closer to the ground truth in detail. Similarly, in
the third case, the segmentation results of EM, MT, and UA-MT are poor in the bright400

blue box. Our results are closer to the ground truth in the area marked by the white
box.

(2) Visualization on LA2018
In Fig. 7, we present the 3D visualization results of three samples of LA2018. Our

results are closer to the ground truth than other results visually.405

Specifically, in the first line, in the bright blue box, DTC and EM are better than
other methods, and in the white box, only our method is the best. Of course, if carefully
compared, each method has its own merits. Similarly, in the second case, the segmen-
tation result of our method is the best in the bright blue box, and they are all closer
compared with other regions. In the third case, if we look into the bright blue box, only410
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GTOursMT UA-MTEM DTC

Figure 6: 3D Visualization of comparative methods on BraTS2019. Each row corresponds to a case, and
each column corresponds to a different method. Among all other methods, DTC is the closest to our
method visually. Even so, it is inferior to our method in terms of overall and detailed recovery.

DTC and our method are close to GT, while our results are closer to the ground truth
looking at the area in the white box.

GTOursMT UA-MTEM DTC

Figure 7: 3D Visualization of comparative methods on LA2018. The two colored boxes mark the areas
worth distinguishing.

Generally speaking, it is sometimes difficult to find out advantages and disadvantages
visually. In terms of quantitative criteria, the gap is not very big. Therefore, for a
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model, the segmentation performance for one part is poor, but it may be excellent for415

another. However, our method can more accurately outline the global architecture of
the segmented objects and retain more details. The high degree of visual anastomosis
further proves the effectiveness and robustness of our method.

4.4. Ablation Experiments

From Eq. (17), we can know that the loss function is composed of five parts: LSDM ,420

LPSM , Lboundary, Lcl, and Ladv. To better demonstrate the importance of each loss
part, we conduct ablation experiments on these parts. We respectively use 5 and 20
labeled samples to train our atrial segmentation model. We compare 4 different loss
combinations: 1) LSDM , 2) LPSM + αLSDM , 3) LPSM + αLSDM + βLboundary, 4)
LPSM + αLSDM + βLcl , and 5) LPSM + αLSDM + βLcl + γLadv. Here, all hyper-425

parameter settings are the same in all experiments. For LPSM , Lboundary and LSDM ,
only the data provided with ground truth can be used for model training. Lcl uses data
without ground truth only, and Ladv requires extra labeled samples.

Table 4 reports performance of the four variants with different losses. In Case 1,
there is only SDM regression loss, and its performance is very close to V-Net, which430

implies the equivalence between SDM and PSM. In Case 2, SDM regression is equivalent
to initially obtaining the boundary and shape of the segmented object, and then PSM
classification is regarded as fine segmentation. This coarse-to-fine segmentation model
improves performance compared to the original V-Net model. In Case 3, boundary
loss pays attention to the annular boundary region, including an indistinguishable Dice435

loss and a gradient loss, which improve the recognition capacity of boundary regions,
especially the boundary line. In Case 4, the performance improves with the help of
consistency loss, which is mainly due to the use of unlabeled data. In Case 5, the
adversarial loss enhances the robustness of the model and slightly improves Dice. In
contrast, in our method, each part of loss functions is essential and effective.440

Table 4: Ablation Study of combinations of different losses on LA2018.

Different loss combination
Scans used Metrics

Labeled Unlabeled Dice [%]
LSDM 5 0 60.43

LPSM + αLSDM 5 0 71.16
LPSM + αLSDM + βLboundary 5 0 71.65

LPSM + αLSDM + βLboundary + γLcl 5 75 77.15
LPSM + αLSDM + βLboundary + γ(Lcl + Ladv) 5 75 78.33

LSDM 20 0 78.54
LPSM + αLSDM 20 0 84.67

LPSM + αLSDM + βLboundary 20 0 85.38
LPSM + αLSDM + βLboundary + γLcl 20 60 88.15

LPSM + αLSDM + βLboundary + γ(Lcl + Ladv) 20 60 89.91

5. Conclusions

In this paper, we proposed a semi-supervised method for medical image segmenta-
tion. The proposed method consists of a backbone network, an SDM regression branch,
and a Feature Fusion Module (FFM). For labeled samples, using multi-task learning, we
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obtain coarse PSM and its corresponding SDM, which consists of shape, size information445

of the segmented target. With the help of FFA, those high-level semantics are conducive
to acquire non-boundary regions precisely. Meanwhile, we utilize a boundary loss to
enhance image contrasts in the boundary area implicitly. For unlabeled samples, we use
a consistency loss and an adversarial loss to mine the information of unlabeled samples,
where consistency loss imposes on unlabeled data, and adversarial loss needs both un-450

labeled and additional labeled data. Brain tumor and atrial segmentation experiments
show that our method achieves good results in most evaluation criteria, compared with
several recent typical approaches. It can highlight the boundary and shape of organs,
as well as tumor regions. In conclusion, due to the effective use of a large number of
unlabeled images, our method has broad prospects in the field of automatic medical im-455

age segmentation. In our future work, we will focus on medical image segmentation of
different organs and diseases by decoupling objects themself and their context with the
help of a Transformer.
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