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Abstract. Convolutional neural networks (CNN) for multi-class seg-
mentation of medical images are widely used today. Especially models
with multiple outputs that can separately predict segmentation classes
(regions) without relying on a probabilistic formulation of the segmen-
tation of regions. These models allow for more precise segmentation by
tailoring the network's components to each class (region). They have a
common encoder part of the architecture but branch out at the output
layers, leading to improved accuracy.
These methods are used to diagnose type B aortic dissection (TBAD),
which requires accurate segmentation of aortic structures based on the
ImageTBDA dataset, which contains 100 3D computed tomography an-
giography (CTA) images. These images identify three classes: true lumen
(TL), false lumen (FL), and false lumen thrombus (FLT) of the aorta,
which is critical for diagnosis and treatment decisions. In the dataset,
68 examples have a false lumen, while the remaining 32 do not, creating
additional complexity for pathology detection.
However, implementing these CNN methods requires a large amount of
high-quality labeled data. Obtaining accurate labels for the regions of in-
terest can be an expensive and time-consuming process, particularly for
3D data. Semi-supervised learning methods allow models to be trained
by using both labeled and unlabeled data, which is a promising approach
for overcoming the challenge of obtaining accurate labels. However, these
learning methods are not well understood for models with multiple out-
puts.
This paper presents a semi-supervised learning method for models with
multiple outputs. The method is based on the additional rotations and
�ipping, and does not assume the probabilistic nature of the model's
responses. This makes it a universal approach, which is especially im-
portant for multiple outputs architectures.

Keywords: 3D convolutional neural networks, multi-output segmenta-
tion, semi-supervised learning, type-B aortic dissection.

1 Introduction

Type B aortic dissection (TBAD) is a serious cardiovascular condition where
damage to the aorta's inner layer creates two blood channels: the true lumen
(TL) and false lumen (FL). Without timely treatment, it can be life-threatening.
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Each year, approximately 3�4 per 100,000 people develop TBAD, and about
20% die without proper care [1]. Early diagnosis improves survival. Treatment
options include medical therapy and thoracic endovascular intervention. With
early accurate diagnosis, the 30-day mortality rate drops below 10% [2].

Computed tomography angiography (CTA) is commonly used for diagnosis.
Segmentation of TL and FL is critical but manual slice-by-slice segmentation
is labor-intensive and challenging due to complex structures or poor contrast,
highlighting the need for automated methods.

Some rule-based strategies have shown promising results for TBAD segmen-
tation [3, 4, 5]. However, they still require human intervention and lack detailed
3D information.

Deep learning methods have shown potential for accurate medical image seg-
mentation using large annotated datasets [6, 7, 8]. Epifanov et al. [9] proposed a
one-stage multitask deep learning approach for simultaneous vessel segmentation
and centerline extraction using a hybrid convolutional-graph architecture with
direct polyline prediction. The approach outperformed state-of-the-art methods
on 142 CT angiography images and demonstrated robustness to input transfor-
mations compared to VMTK. Chen et al. [10] proposed a multi-stage framework
for segmenting true lumen, false lumen, and branches in type B aortic dissec-
tion. They developed an aorta straightening method to simplify curvature before
segmentation. Kesavuori et al. [11] compared 2D and 3D CNNs for aorta seg-
mentation, �nding that 2D CNN performed better on outer surface accuracy
while overall accuracy was similar.

Cao et al. [12] explored three segmentation strategies: single one-task, single
multi-task, and serial multi-task. The serial multi-task model, combining two
subnets, achieved the best results.

However, these approaches require large labeled datasets. Collecting unla-
beled or weakly-labeled data is easier. Semi-supervised learning (SSL) methods
leverage unlabeled data via augmentations and additional models.

We propose a new SSL method for serial multi-task model training. It extracts
useful information from data, reduces the impact of inaccurate masks, and lowers
development costs. Our approach includes special preprocessing for ImageTBAD
data and uses random rotations, �ipping, and pseudo-label generation via an
Exponential Moving Average (EMA) model.

Notably, existing TBAD segmentation works use private datasets, not multi-
output models. We use an open dataset with 100 labeled examples. Therefore,
we focus on developing and studying a semi-supervised segmentation method
rather than directly comparing results.

The rest of this manuscript is organized as follows: In the next section, we
observe the related work, speci�cally pseudo-labeling and consistency regulation
methods. Section 3 describes the materials and methods. In particular, 3.1 and
3.2 describe the dataset and the preprocessing method, 3.3 and 3.5 describe
the model and the evaluation metric, 3.4 describe our semi-supervised learning
method, and 4 describe experiments. Results and conclusion in section 4 and 5,
respectively.
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2 Related work

Semi-supervised learning (SSL) is important for medical image segmentation
where labeled data is scarce. SSL methods are divided into �ve categories:
pseudo-labeling, consistency regularization, contrastive learning, GAN-based,
and hybrid approaches [18]. We focus on pseudo-labeling and consistency regu-
larization, as our method builds on them.

2.1 Pseudo-Labeling

Pseudo-labeling is a technique where an initial model, trained on labeled data,
is employed to assign labels to unlabeled data. Common approaches include
self-training [28, 29, 30, 31], where a model iteratively re�nes predictions, and
co-training [32, 33], where multiple models train on complementary data views
and share high-con�dence predictions. A key challenge is pseudo-label quality;
poor initial predictions introduce noise.

The Exponential Moving Average (EMA) technique [39] improves stability
and reliability by aggregating model states over traning epochs, reducing noise
in pseudo-labels.

2.2 Consistency Regularization

Consistency regularization [36, 37, 38] asserts that model predictions should
remain stable under input perturbations. Oliver et al. [34] classify consistency
regularization into three distinct categories: (1) data consistency � stable pre-
dictions under input transformations; (2) model consistency � consistent out-
puts across di�erent models (e.g., Mean Teacher [41]); (3) task consistency �
uniform outputs across tasks, improving robustness.

2.3 Other approaches

Contrastive learning [42, 43, 44] maximizes similarity between related instances.
GAN-based methods [45, 46] use a discriminator to distinguish real from gener-
ated data. Hybrid methods combine consistency regularization with uncertainty
estimation. These diverse strategies highlight the importance of SSL for medical
image analysis.

3 Material and Methods

This section describes the materials and methods for a supervised 3D seg-
mentation system trained on labeled and unlabeled data. Spatial transforma-
tions (rotation and �ipping) were applied for data augmentation, and pseudo-
labels were generated using an EMA model. Preprocessing included resizing to
128× 128× 128 voxels and intensity transformations. The DICE coe�cient was
used for evaluation. Five experiments with varying labeled data proportions as-
sessed the impact of unlabeled data with and without augmentation to improve
segmentation accuracy for type B aortic dissection.
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3.1 Dataset

The ImageTBAD dataset [14] contains 100 preoperative CT angiography (CTA)
scans of type B aortic dissection (TBAD), acquired between January 2013 and
April 2015 in the axial plane. The scan range extends from the neck to the
brachiocephalic vessels. Segmentation labeling was performed by experienced
cardiologists and radiologists, producing three substructures: true lumen (TL),
false lumen (FL), and false lumen thrombus (FLT). Among the images, 68 con-
tain FLT and 32 do not. Previous studies have reported that FLT is di�cult to
segment, with the best DICE score approximately 0.52.

The primary goal of this article is to investigate semi-supervised learning.
To simplify the segmentation task and better explore the proposed method, a
new class, conditionally denoted as "ALL", was formed as the union of the three
substructures. The �nal dataset includes three segmentation classes: ALL, TL,
and FL.

3.2 Data preprocessing

The source data was reduced in size to 192 pixels in the XY plane. Then, 32
pixels were removed from the image border in the same plane. As a result, the
�nal image size was 128 by 128 pixels along the X and Y axes, and the Z axis
was also reduced to 128 pixels. The �nal size of each 3D image became equal to
(128, 128, 128).

There was also an intensity restriction on the Houns�eld scale, the applica-
tion of standardization, exponential functions and �nal MinMax normalization.
This helps to highlight important structures in the image and facilitate the seg-
mentation process. An example of image processing code is shown in Listing 1.1.
An example of the resulting image can be seen in Fig 1.

Listing 1.1: Image preprocessing code

import numpy as np

from scipy import ndimage

def process_image(

data_img: np.ndarray ,

vmin =1100 ,

vmax =1600 ,

exp_coef =1.3

):

data_img[data_img < vmin] = 0

data_img[data_img > vmax] = 0

mask = ndimage.grey_erosion(data_img , size=(2, 2, 1))

data_img[mask == 0] = 0

data_img -= 2 * np.mean(data_img)

data_img /= np.std(data_img + 1e-6)

data_img = np.exp(exp_coef * data_img)
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data_img = data_img - data_img.min()

data_img /= (data_img.max() - data_img.min())

return data_img

Fig. 1: An example of data preprocessing, before and after.

3.3 Model

Fig. 2: Multi-Output Slim UNETR Architecture.

In this work, we used Slim UNETR model [19] with multi-output head (Fig.
2). The architecture consists of three main components: the down-scale part, the
bottleneck and the up-scale part. The down-scale part includes several convo-
lutional blocks that are used in the Slim UNETR architecture, then bottleneck
applies positional encoding to downscale feature maps, and �nally, the up-scale
part decodes the segmentation mask from the feature maps. A key feature of the
multi-output architecture is the use of separate output blocks for each class in a
segmentation mask. This can improve segmentation accuracy because it di�er-
entiates the specialized segmentation mask of the decoding class; however, the
resulting segmentation masks are not adjusted relative to each other.
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3.4 Proposed Method

In this section, we introduce our proposed semi-supervised learning (SSL) method,
which combines supervised and unsupervised approaches. Supervised learning
uses labeled 3D samples to train the model for accurate 3D segmentation, op-
timized with Generalized Dice Loss (GDL) and Focal Loss (FL). In unsuper-
vised learning, pseudo-labels are generated using an Exponential Moving Aver-
age (EMA) model and data augmentations, where the EMA model relies on the
main model's weights. The learning method is detailed below.

Mathematical de�nitions This section provides the Mathematical de�nitions
used throughout the remainder of this paper.

PROVE SET Let x ∈ X ⊂ {−1024, . . . ,+3071}H×W×D denote a CT scan
of size H × W × D, and let y ∈ Y ⊂ {0, 1}H×W×D×C denote the correspond-
ing ground-truth annotation provided by specialists, of size H × W × D × C.
Furthermore, let yp denote a pseudo-label of the same dimensions obtained via
the semi-supervised learning (SSL) algorithm. Here, C represents the additional
dimension corresponding to the segmented classes, and yi,j,k,c denotes a speci�c
value in the mask at indices i, j, k, c.

The labeled dataset is de�ned as Dl = {(xl, yl)}, and the unlabeled dataset
is de�ned as Du = {(xu)}.

Let fθ denote the segmentation model with trainable parameters θ, and let
ŷ = fθ(x) be the model prediction for input x. To generate pseudo-labels on
unlabeled data, an exponential moving average (EMA) update of the model
parameters is employed, producing predictions fθEMA(xu) = yp.

The loss function is denoted by L(θ,D) and L(y, ŷ). The former notation
emphasizes the parameters being optimized and the data dependency, while the
latter is used as a direct measure of the discrepancy between segmentation masks.

Supervised learning The weights of the neural network are optimized by
minimizing a loss function using the backpropagation algorithm. However, the
data in the dataset may be unbalanced, which means that some classes are
underrepresented. For example, The FLT class is only present in 68 out of the
100 examples in our dataset, and the TL and FL classes also have di�erent
numbers of examples. It is therefore important to use loss functions that are
able to account for this class imbalance.

In our work, we use two loss functions: GeneralizedDiceLoss (GDL) [21] and
FocalLoss (FL) [20]. The study [22] shows that using a mixed loss function can
improve the quality of the �nal model.

To directly enhance the Dice metric, we use the Generalized Dice loss func-
tion:

LGDL(y, ŷ) = 1− 2

∑
c wc

∑
i,j,k ŷi,j,k,c · yi,j,k,c + ε∑

c wc(
∑

i,j,k,c ŷ
2
i,j,k,c +

∑
y2i,j,k,c) + ε

.

where i, j, k are the voxel indices, c is the class index, wc = 1/(
∑

i,j,k yi,j,k,c)
2.
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To work with unbalanced classes, we use Focal loss function:

LFL(y, ŷ) = −
∑
i,j,k,c

αc[yi,j,k,c(1− ŷi,j,k,c)
γ ·

·log(ŷi,j,k,c) + (1− yi,j,k,c)ŷ
γ
i,j,k,c · log(1− ŷi,j,k,c)]

The hyperparameter γ addresses the issue of class imbalance in the dataset. A
higher value of γ reduces the impact of easy-to-classify examples on the training
process, while a lower value increases it. In addition, we use a class weight
multiplier αc to improve accuracy for small classes.

As the �nal supervised loss function, a combination of LFL and LGDL was
used:

L(y, ŷ) = wGDLLDICE(y, ŷ) + wFLLFL(y, ŷ).

Hyperparameters wGDL and wFL are used to balance the two loss terms because
LGDL and LFL di�er in scale and convergence dynamics.

Values for all hyperparameters, including wGDL, wFL, γ, and αc, can be
found in the section 3.7 Implementation Details.

Unsupervised learning The process of unsupervised learning is similar to
supervised learning, but it does not require ground truth samples.

EMAmodel: To obtain these ground truth (pseudo-labels), the EMAmodel
is used: First, create a copy of the main model, including its architecture and
parameters. Then, during each training epoch, the EMA model predicts the
labels for the unlabeled samples, producing the pseudo-labels and then updates
its own parameters using the main model's parameters according to the following
formula:

θEMA
t = µθEMA

t−1 + (1− µ)θt

where θEMA, θ parameters of models, µ ∈ [0, 1] represents a smoothing factor
that usually approximately equals 0.95.

This formula can be rewritten as follows:

θEMA
t = θt + µ(θEMA

t−1 − θt)

here we can note that the term θEMA
t−1 − θt is the delta of the weights of the

models. Hence the parameter µ adjusts the delay rate of the model.
The EMA approach provides several advantages for predicting pseudo-labels

in semi-supervised learning. It stabilizes the training process, reducing noise and
enhancing model generalization. Additionally, the EMA model provides consis-
tent and reliable targets for pseudo-labeling by acting as a form of models aggre-
gation. Its smoothing e�ect also helps reduce over�tting, which is particularly
bene�cial when working with limited labeled data.

Description of the algorithm for obtaining pseudo-labels: The general
algorithm for generating pseudo-labels can be described as follows:

1. First, applying random rotation and �ip augmentations to the unlabeled
image. Then, the prediction of the model is calculated (ŷu).
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2. After that, the pseudo-label is calculated using the EMA model. And then,
the same augmentations are applied to this pseudo-label without random-
ness. Finally, it is binarized, so that each pixel has a value of 0 or 1 (yp).

3. At the end, the loss function is calculated as in the supervised part.

The Figure 3 shows a diagram of the method.

Fig. 3: The scheme of the semi-supervised method.

Note that unlabeled data is used in the learning process not from the begin-
ning of learning, but after a certain epoch. This is necessary for the model to
learn the initial understanding of the data and the segmentation tasks.

The summary of our semi-supervised learning method is presented in Algo-
rithm 1. Note that service function rand_seed(a, b) returns a random value in
the range [a b], no_gradθ is a function that disables gradient computation dur-
ing training, and Ts(x) is a spatial random transformation (rotation and �ip)
parameterized by s.

3.5 Metric of Model quality

The quality of predictions made by the constructed models was evaluated using
the DICE coe�cient:

DICEc (y, ŷ) =
2
∑

i,j,k ŷi,j,k,c · yi,j,k,c + ε∑
i,j,k ŷ

2
i,j,k,c +

∑
i,j,k y

2
i,j,k,c + ε

where y = {yi,j,k,c} corresponds to the segmentation mask delineated by an
expert; ŷ = {ŷi,j,k,c} is the predicted mask generated by the model; i, j, k are
voxel indices, c is class index and ε is a small positive value.

3.6 Experiments performed

In this study, the following experiments were performed:
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Algorithm 1 Semi-Supervised Learning
Input:
Dl = {(xL

b , yL
b )}N

b=1: labeled dataset

Du = {xU
b }M

b=1: unlabeled dataset
T : total epochs
T̂ < T : epoch to start unsupervised loss
µ ∈ [0, 1]: EMA decay
Output: model parameters θT

θ0: initial parameters
θEMA

0 := θ0
for t = 1, . . . , T do

s′ := randint(0, 100) ▷ random seed for augmentation
Ll(θt−1) =

∑
(xl,yl)∈Dl

ℓ
(
f(θt−1, Ts′ (xl)), yl

)
θt := θt−1 + η∇θLl(θt−1)

if t > T̂ then

θEMA
t := no_gradθEMA (θt + µ(θEMA

t−1 − θt−1)) ▷ stop gradients here

s′′ := randint(0, 100)

Lu(θt, θ
EMA

t ) =
∑

xu∈Du
ℓ
(
f(θt, Ts′′ (xu)), f(θ

EMA

t , Ts′′ (xu))
)

θt := θt + η∇θLu(θt, θ
EMA

t )

return θT

1. Training model on a full labeled dataset.
2. Training model on 50% of the labeled data.
3. Application of Algorithm 1 on 50% of the labeled data.
4. Applying Algorithm 1 on 50% of the labeled data with data augmentation.

3.7 Implementation details

The number of training epochs is 800, the size of the batch is 6, γ = 2., wGDL =
1., wFL = 0.8, a class weight multipliers α = [0.8, 0.9, 1.5], for each class, respec-
tively. Data splitting into training and validation is 80/20%, AdamW is used as
an optimizer. The training code is originally taken from the o�cial implemen-
tation of Slim-UNETR on github1. The training was conducted on an Nvidia
Tesla P100 16gb GPU.

4 Results

Table 1 presents DICE metrics for three classes. We validated our model using
Shu�e&Split cross-validation with four random splits. The "±" symbol indicates
the standard deviation across trials.

Supervised learning on 50% of data shows lower accuracy compared to full-
data training, con�rming that data scarcity degrades model performance. Met-
rics behave similarly until approximately the 100th epoch, after which divergence
begins [40]. This suggests the end of the neural network optimization drift phase
and the start of the di�usion phase.

Adding unlabeled data improves DICE metrics, especially for the "false lu-
men" (FL) class. Notably, metrics temporarily drop when unlabeled data is

1 https://github.com/aigzhusmart/Slim-UNETR
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Fig. 4: The DICE (ALL) metric in the learning process (same random seed):
red � experiment 1, green � experiment 2, blue � experiment 3, light blue �
experiment 4

introduced � likely because the model must adapt to new examples, requiring
more training time. This is visible in Figure 4 at the 200th epoch. However, by
the end of training, the metric rises to the level achieved with the full dataset.

Table 1: Class-wise DICE score for di�erent experiment settings
� ALL TL FL

1 86.51±0.28 76.32±0.54 60.84±0.47

2 83.04±0.3 72.2 ±0.48 58.04±0.36

3 85.82±0.51 77.36±0.8 63.9±0.9

4 87.38±0.21 78.42±0.73 63.37±1.2

In this work, we also compared the model's accuracy for di�erent start epochs
of the semi-supervised method (see Figure 5). It turned out that, on average,
the best option is to start the learning process unsupervised with epoch 200. At
the start epoch of 100, the model does not have time to study the labeled data,
however, at the start epoch of 300, the model no longer has time to study the
unlabeled data.

Moreover, the high standard deviation of metrics makes it di�cult to provide
a clear answer.

Fig. 5: The DICE (ALL) metric for di�erent start epoch for unlabeled training:
blue � start epoch 100, gray � start epoch 200, pink � start epoch 300
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Table 2: Compare DICE score for di�erent unlabeled learning start epoch (100,
200 and 300)

Start epoch ALL TL FL

100 85.02±0.8 76.35±0.4 60.92±0.8

200 85.82±0.3 77.36±0.8 63.9±0.8

300 86.15±0.3 77.06±0.6 61.18±0.6

5 Conclusion

n this study, we introduced a novel semi-supervised learning approach for the
3D multi-output segmentation model. Accurate segmentation of the true lu-
men, false lumen, and thrombus is essential for TBAD diagnosis and treatment
planning, which motivates our work. By leveraging both labeled and unlabeled
data, our method addresses the challenges associated with obtaining extensive
high-quality labeled datasets, which can be both costly and time-consuming,
particularly in 3D imaging contexts.

Our approach employs data augmentation techniques, such as random rota-
tion and re�ection, alongside an Exponential Moving Average (EMA) model for
generating pseudo-labels. Importantly, the method is probability-free � it does
not assume a probabilistic interpretation of the model's outputs. This makes it
universally applicable to multi-output architectures, where standard probabilis-
tic assumptions may not hold. The combination of these techniques mitigates
the impact of inaccurate segmentation masks and enhances the robustness of
model training.

The evaluation of our method on the ImageTBAD dataset, comprising 100
CTA images, illustrates its e�ectiveness in improving segmentation accuracy.
Overall, our �ndings highlight the potential of employing semi-supervised learn-
ing strategies in medical image segmentation, demonstrating that such methods
can signi�cantly reduce the dependency on annotated data while maintaining
reliable and precise segmentation outputs. In the future, it is worth testing the
method on more popular datasets, as well as considering cases with a smaller
percentage of labeled data.
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