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ABSTRACT

Cardiac structure segmentation is important for heart disease
diagnosis, and deep learning with a large number of anno-
tations has obtained remarkable performance on this task.
Semi-Supervised Learning (SSL) has the potential to reduce
annotation costs. However, most SSL methods only leverage
unlabeled images for consistency regularization or pseudo
labels, ignoring their potential for feature learning with pre-
training. In this work, we propose a novel framework that uti-
lizes self-supervised pre-training for better semi-supervised
segmentation. Our framework consists of two modules: 1)
Self-supervised pre-training based on Contrastive Comple-
mentary Masking (CCM), where a contrastive loss is used for
two networks that encode complimentary masked versions
of the same input, in addition to a reconstruction loss to en-
hance global and local feature learning; 2) Semi-supervised
segmentation with Cross Pseudo Supervision (CPS) between
the two pre-trained networks, where each network is super-
vised by pseudo labels from the other to deal with unlabeled
images. Experiments on the ACDC dataset showed that our
method improved performance by 6.73 percentage points
over baseline with a 5% annotation ratio, and outperformed
three state-of-the-art semi-supervised methods.

Index Terms— Self-supervised learning, Semi-supervised
segmentation, Contrastive learning

1. INTRODUCTION

Cardiac Magnetic Resonance (CMR) imaging captures dif-
ferent image contrasts that are sensitive to cardiac physiolo-
gies and pathologies. Automatic segmentation of CMR image
plays an important role in heart disease diagnosis [1]. Re-
cently, deep learning models have achieved remarkable per-
formance on CMR image segmentation when trained with a
large number of annotations [2]. However, providing pixel-
level annotations for CMR images is time-consuming and de-
mands expertise, as the boundary between different tissues is
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complex. Semi-supervised training and self-supervised pre-
training are two efficient techniques to improve model per-
formances by leveraging unlabeled data, which can largely
reduce the annotation cost [3].

Semi-supervised learning trains a model with a small set
of annotated data and a large set of unannotated data to reduce
the annotation cost. Existing semi-supervised methods can be
roughly divided into two categories: consistency-based [4—6]
and pseudo-label-based [7] methods. Despite that these meth-
ods can leverage unannotated images for performance im-
provement, they typically trained the models from scratch
with random initialization, thereby ignoring the potential ben-
efits of pre-training. Some other works [8, 9] have explored
the application of transfer learning to semi-supervised train-
ing, but they either relied on supervised pre-training that can-
not effectively leverage the unlabeled data [9], or only trained
an encoder [8], which might not be well-suited for segmenta-
tion tasks.

On the other hand, self-supervised learning can effectively
leverage a set of unlabeled images for feature learning via a
pretext task that does not require human annotation. Recently,
contrastive learning [10-12] and image reconstruction-based
pretext tasks [13—15] have been shown effective for feature
learning that is transferable to downstream tasks such as
image classification, detection [8] and segmentation [16].
However, most of them focused on fully supervised down-
stream tasks that still require a large amount of annotations.
Although Zhang et al. [8] applied self-supervised pre-training
to a semi-supervised downstream task, they only pre-trained
an encoder for object detection, while self-supervised pre-
training strategies for semi-supervised medical image seg-
mentation have rarely been investigated that has a potential to
further improve the model’s performance given a low annota-
tion cost.

To better utilize unlabeled images for improving the
segmentation performance, we propose a novel framework
that utilizes self-supervised pre-training for semi-supervised
cardiac image segmentation. A novel self-supervised pre-
training method based on Contrastive Complementary Mask-



A. Self-supervised Pre-training based on Contrastive Complementary Masking p

X: Input images

fur for Ga b : Encoders and decoders
ha, hy: Projectors

Zq, Zy: Global features

X, X, Reconstruction outputs

P

%

| B. Semi-supervised Training with Cross Pseudu Supervision

pe
Argmax_

%.: Py: Segmentation predictions
a, Y Pseudo labels

: Contrastive loss

,,,,,
L,.: Reconstruction loss

L.: Cross-supervision loss

Fig. 1. Overview of our proposed framework that uses Con-
trastive Complementary Masking (CCM)-based pre-training
for semi-supervised segmentation.

ing (CCM) is proposed, where two encoder-decoder net-
works are pre-trained for deriving visual representations of
the dataset. The two networks accept two masked versions
of the same input with complementary masks for contrastive
feature learning and image reconstruction, and their features
are encouraged to be consistent. In the downstream semi-
supervised learning stage, the two pre-trained networks are
trained by cross-supervision to leverage unlabeled images.
Experiments on the Automated Cardiac Diagnosis Chal-
lenge (ACDC) [17] dataset demonstrated that our approach
outperformed three existing semi-supervised and two self-
supervised pre-training methods. When only 50% of the
training data are labeled, the performance of our model is
comparable to that of fully supervised learning.

2. METHODS

Our proposed framework is illustrated in Fig. 1. Firstly, we
propose Contrastive Complementary Masking (CCM) to inte-
grate masked image modeling and contrastive learning to pre-
train two separate networks with the same architecture. The
encoder generates global features for contrastive loss calcu-
lation, and the decoder outputs the reconstructed images for
reconstruction loss calculation. Subsequently, the two pre-
trained networks are leveraged for semi-supervised segmen-
tation, where pseudo labels of unlabeled images are generated
for cross-supervision.

2.1. Self-supervised Pre-training based on Contrastive
Complementary Masking

Contrastive learning is an effective method for feature learn-
ing from unlabeled images [11]. However, most existing con-
trastive learning methods only learn a global feature repre-
sentation in an encoder, which is insufficient for segmenta-
tion. To deal with this problem, we propose CCM that is
more suitable for segmentation tasks. For an input image

X, we first obtain a binary mask M® by randomly setting
half of all the blocks in the image as O and the other half
as 1. Meanwhile, a complementary mask M? is obtained
by M® = 1 — M® The masked images are denoted as
X8 = M- X; and X! = M" - X,, respectively. Note
that X and X are complementary to each other, and they
are sent into two different networks for contrastive feature
alignment and image reconstruction. Let f, and f;, denote
the encoders of the two networks and g, and g, denote their
decoders, respectively, the reconstructed images are denoted
as X = ga(fo(X%)) and X = g (f5(X?)). Given a batch
size of N, the Mean Square Error (MSE) loss is used to com-
pute the reconstruction loss between X; and X a X b,

N
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In addition, we introduce projectors h, and h; after f,
and f, respectively. They obtain two global feature represen-
tations Z& = ho(f.(X#)) and Z0 = hy(f5(X?)) from the
two encoders, respectively. Given a batch size of N images,
we obtain 2V feature representations. Z¢ and Z? from the
same input X; form a positive pair, and the other 2(N —1) fea-
tures within the minibatch are negative counterparts for Z'.
The infoNCE [18] is used for contrastive loss:

exp(sim(Z¢, Z0) /)
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where sim(-, -) is the cosine similarity between two features,
N is the set of 2N features in the mini-batch, and 7 denotes
a temperature parameter. The whole training loss of self-
supervised pre-training is:

Lself = Lyec + ALcon (3)

where A is the trade-off weight. L,... facilitates the learning
of local information within individual images through image
reconstruction, and L., helps the network extract global in-
formation through instance discrimination.

2.2. Semi-supervised Segmentation with Cross Pseudo
Supervision

To effectively leverage both of the two pre-trained networks,
we employ a Cross Pseudo Supervision (CPS) strategy [7]
for the downstream semi-supervised learning for two reasons:
1) CPS can be seamlessly integrated with our CCM module
that provides two different networks initialized with the pre-
trained weights; 2) The two networks have different decision
boundaries and cross supervision between them is more ro-
bust to noisy pseudo labels, which overcomes the bias of a
single model learning from its own pseudo labels.



Table 1. Dice (%) of different semi-supervised methods and self-supervised pre-training for cardiac segmentation.

Method Annotation ratio: 5% Annotation ratio: 10%
RV Myo LV Avg RV Myo LV Avg

Full supervision 89.06+7.81 88.70+3.95 93.40+6.09 90.39+4.86 89.06+7.81  88.70+£3.95 93.40+6.09 90.39+4.86
Baseline 72.74+£22.14  79.11£9.62  87.93£10.36 79.93+11.83 | 85.18+8.05 83.44+5.23 89.51+8.43 86.04+5.00
CPS [7] 83.68+14.42 81.78+x11.20 89.84+10.36 85.10+£11.06 | 86.99+7.87 83.56+6.00 89.50+9.51 86.68+5.64
URPC [4] 76.72+18.69  78.79+10.87 86.20+12.13 80.57x11.87 | 87.87+£8.11 82.98+7.22 91.18+6.75 87.34+4.80
UAMT [6] 74.19+£21.24  81.30+8.36 89.14+8.23  81.54+11.14 | 86.24+£8.02 82.61£6.80 89.7449.19 86.20+5.59
CPS + SimCLR [11] | 84.16+9.05 82.82+7.14 89.38+8.82 85.46+6.31 88.21+6.95 85.46+4.70 91.14+8.86 88.27+4.87
CPS + MG [13] 78.84+19.24  81.05+£9.19  88.45+10.74 82.78+11.14 | 87.26£10.07 85.42+4.60 92.35+4.58 88.34+5.04
Ours 87.21+7.21 82.71£8.24  90.05+9.57  86.66+6.09 | 89.16+6.83 85.78+4.55 91.54+6.81 88.83+4.43

For semi-supervised learning, we use D' and D" to denote
the labeled and unlabeled subsets, respectively. For an image
X, the two pre-trained networks obtain two probability maps
P, and P, respectively. If X is from D!, we use Y to denote
the ground truth label, and the supervised loss Ly is:

1
b= 2

(X,Y)eD!

(éce(PaaY) +€06(P57Y)) (4)

where /.. is the standard pixel-wise cross-entropy loss.

For an image X from D", we apply argmax to P, and P,
to obtain the one-hot pseudo labels V" and Y,*, respectively.
Y* is used to supervise the second network, and Y;" is used
to supervise the first network. The cross pseudo supervision
loss L. is formulated as:

1
L= — Lee(Po, Yy') + Lee (P, Y 5
o 2 (elPoYi) + e (P YD) ()
XeDpu
The final loss for semi-supervised training is:
Lsemi = Ls + al, (6)

where « is the trade-off weight for cross-supervision loss.

3. EXPERIMENTS AND RESULTS

3.1. Data and Implementation

We validated the effectiveness of our method on the ACDC
dataset [17] which contains 200 annotated short-axis cardiac
cine-MRI scans from 100 subjects. Each volume has 6-21
slices with an inter-slice spacing ranging from 5.0-10.0 mm.
The matrix size ranges from 154 x 154 to 428 x512. We ran-
domly divided the scans at the patient level into 70%, 10%
and 20% for training, validation and testing, respectively.
Each slice was resized to 256x256, and normalized by z-
score. We compared the performance of different methods
trained with an annotation ratio ranging from 5% to 50%. The
segmentation performances of the Right Ventricle (RV), Left
Ventricle (LV) and Myocardium (Myo) were quantitatively
evaluated by the Dice Similarity Coefficient (DSC) and the
Average Symmetric Surface Distance (ASSD).

@ Right Ventricle (RV) @ Left Ventricle (LV) @ Myocardium (Myo)

Input Image  Baseline CPS URPC UAMT Ours  Ground Truth
Fig. 2. Visual comparison of different semi-supervised meth-

ods for cardiac image segmentation.

Due to the relatively small number of subjects in the
ACDC dataset, the segmentation networks were implemented
by U-Net with a ResNet50 backbone [19], and we added a
projector consisting of two linear layers after each encoder
to obtain global features with a dimension of 1000. For self-
supervised pre-training, we used the Adam optimizer with an
initial learning rate of 0.001 and applied the cosine annealing
learning rate policy. The epoch number was 400, and the
batch size was 40, A was set to 1, and the temperature coeffi-
cient 7 was 0.07 according to SimCLR [11]. The block size
for CCM was 16x 16. For semi-supervised segmentation, we
set a to 0.1, with an epoch number of 300 and a batch size
of 24. The learning rate was halved when the loss did not de-
crease for 40 epochs. The other hyperparameters were set as
the same values as those in the self-supervised pre-training.

There was no additional data augmentation applied in
self-supervised pre-training except for complementary mask-
ing. For semi-supervised learning, to alleviate overfitting,
we employed random flipping, rotation, crop, and gamma
correction, gaussian noise to augment the images. No post-
processing was used for the segmentation results. All the
compared methods were implemented with PyTorch and
PyMIC [20]. All the experiments were conducted on a com-
puter with one NVIDIA GeForce RTX 3090 GPU.

3.2. Comparison with Existing Methods

We compared our method with three existing semi-supervised
methods: CPS [7], Uncertainty Rectified Pyramid Consis-
tency (URPC) [4] and Uncertainty-Aware Mean Teacher
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Fig. 3. Dice (%) and ASSD (mm) of methods with different
annotation ratios.

(UAMT) [6] as well as two existing self-supervised pre-
training methods: SimCLR [11] and MG (Models Gene-
sis) [13]. They were also compared with the baseline of
learning only from the annotated images, and supervised
learning with a 100% annotation ratio (i.e., full supervision).

The quantitative comparison under two different annota-
tion ratios (5% and 10%) is shown in Table 1. Among the
existing methods, URPC [4] obtained the best performance
when the annotation ratio was 10%, but it performed the
worst when the annotation ratio was 5%. This is mainly
because consistency-based methods with a single network
were easier to overfit to the small amount of labeled data.
In contrast, CPS [7] and our method performed more stable
by using two networks to generate pseudo labels for cross-
supervision. Besides, compared with random initialization of
the two networks in CPS [7], our method with self-supervised
pre-training achieved the best performance at both annotation
ratios. A visual comparison between these methods with a
10% annotation ratio is shown in Fig. 2. In the first case,
CPS has an under segmentation of the RV, and our method
segmented the RV successfully. In the second case, all the
existing methods missed some part of the Myo and the RV,
and our result is closer to the ground truth.

We also conducted performance comparison across var-
ious annotation ratios from 5% to 50%, and the results are
shown in Fig. 3. It can be observed that our method largely
outperformed both the baseline and CPS [7] under different
annotation ratios. It’s worth noting that when using 50% la-
beled data, the average Dice of our method reaches that of
fully supervised learning (90.46% vs 90.14%).

3.3. Ablation Study

For ablation study, we evaluated the impact of pre-training
without contrastive learning or without reconstruction with
an annotation ratio of 10%. The experimental results in Fig. 4
demonstrate that relying solely on one of the two modules
only leads to a slight improvement from CPS [7] for the semi-
supervised cardiac image segmentation. In contrast, by ap-
plying the proposed CCM strategy, the model can learn both
global and local features of the data, which significantly sur-
passed CPS [7] without pre-training.
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Fig. 4. Ablation study for proposed methods with an annota-
tion ratio of 10%.

For each class of the segmentation task, our method
achieved the best segmentation performance. The CPS [7]
without pre-training obtained an average Dice of 86.68%, and
our method improved it to 88.83%, which was higher than
pre-training without the contrastive loss L., (87.83%) and
pre-training without the reconstruction loss L.... (88.27%),
thus proving the effectiveness of CCM strategy.

4. CONCLUSION

In conclusion, we have introduced a novel self-supervised
pre-training-based framework for semi-supervised cardiac
image segmentation. It comprises two critical modules. First,
a Contrastive Complementary Masking (CCM) strategy is
proposed to pre-train two networks from the entire training
data without using human annotations, and it learns local
features through image reconstruction tasks and global fea-
tures through instance discrimination tasks. Subsequently,
these two pre-trained networks are employed to generate
pseudo-labels for cross-supervision in the downstream semi-
supervised segmentation, which effectively leverages labeled
and unlabeled data to enhance the segmentation performance.
Experimental results on the ACDC [17] dataset demonstrate
that by employing the self-supervised pre-training, the unan-
notated images are more effectively leveraged for improving
performance of semi-supervised learning, and our method
outperformed several state-of-the-art semi-supervised seg-
mentation methods. Future research could be extending
CCM-based pre-training strategy to other semi-supervised
methods to assess its effectiveness. Moreover, it’s worthwhile
to assess the generalizability of our framework by applying it
to additional datasets, broadening its scope and applicability.
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