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Abstract—Semi-supervised learning has made significant
progress in medical image segmentation. However, existing
methods primarily utilize information acquired from a single
dimensionality (2D/3D), resulting in sub-optimal performance on
challenging data, such as magnetic resonance imaging (MRI)
scans with multiple objects and highly anisotropic resolution.
To address this issue, we present a Hybrid Dual Mean-Teacher
(HD-Teacher) model with hybrid, semi-supervised, and multi-task
learning to achieve highly effective semi-supervised segmentation.
HD-Teacher employs a 2D and a 3D mean-teacher network
to produce segmentation labels and signed distance fields from
the hybrid information captured in both dimensionalities. This
hybrid learning mechanism allows HD-Teacher to combine the
‘best of both worlds’, utilizing features extracted from either
2D, 3D, or both dimensions to produce outputs as it sees fit.
Outputs from 2D and 3D teacher models are also dynamically
combined, based on their individual uncertainty scores, into
a single hybrid prediction, where the hybrid uncertainty is
estimated. We then propose a hybrid regularization module to
encourage both student models to produce results close to the
uncertainty-weighted hybrid prediction. The hybrid uncertainty
suppresses unreliable knowledge in the hybrid prediction, leav-
ing only useful information to improve network performance
further. Extensive experiments of binary and multi-class seg-
mentation conducted on three MRI datasets demonstrate the
effectiveness of the proposed framework. Code is available at
https://github.com/ThisGame42/Hybrid-Teacher.

Index Terms—MRI, segmentation, deep learning, hybrid fea-
tures, semi-supervised learning
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EMANTIC segmentation of medical imaging data, such
S as magnetic resonance imaging (MRI) scans, have been
an integral part of many clinical applications [2], [1]. Segmen-
tation is typically performed manually by human experts on a
slice-by-slice basis, which is time-consuming. The recent rise
of deep neural networks has enabled automatic segmentation in
many tasks [4]], [S], [6]. However, the need for large amounts
of labeled data poses an obstacle to harness the full power
of deep segmentation networks. Numerous attempts have been
made to alleviate this problem, such as: (1) interactive learning
[7], 8], [9] where human users assess the intermediate outputs
from the networks to improve the performance; (2) weakly-
supervised learning [[10], [L1] where the networks learn from
easy-to-acquire coarse annotations; and (3) semi-supervised
learning [12]], [13] where the networks learn from a small
set of labeled data and a larger set of unlabeled data. We
focus on semi-supervised networks in this work because they
perform well while requiring minimum human annotations and
interventions, making them suitable for integration into clinical
and research settings [3].

Recently proposed semi-supervised methods often aim to
enforce consistency between the network outputs produced
on labeled and unlabeled data to regularize the network
training. Examples include the SASSNet [16], where a multi-
task segmentation network producing segmentation labels and
signed distance fields (SDF) [22], [23] is regularized by
a discriminator to produce consistent SDF on labeled and
unlabeled data. The mean-teacher network [15] imposes data-
level and model-level consistency by training a student model,
using its weights to update an ensemble model, and enforcing
mutually-agreed outputs on data under different perturbations.
Consistency regularization is further explored in [20], [21],
which combine multi-task learning with the mean-teacher
network and propose a triple-uncertainty-guided mean-teacher
approach imposing uncertainty-guided data-level, model-level,
and task-level consistency.

Existing semi-supervised networks typically operate either
on 2D or on 3D images, not both. However, this single-mode
learning approach is limited. As pointed out in [41], [42], [43],
2D networks do not probe along the third dimension of volu-
metric data, whereas the high computational cost and memory
constraints limit the depth of 3D networks. Furthermore, 3D
networks struggle to extract features efficiently from data with
high spatial anisotropy (e.g., volumetric data with a voxel size
of 0.4 x 0.4 x 5 mm) due to the large spacing between the
slices [42]. 2.5D segmentation networks such as [33]] have



been proposed to alleviate this issue. They stack adjacent slices
from different orientations together and use 2D operations such
as convolution to process them. Likewise, hybrid networks
augment 3D features with their 2D counterparts to enhance the
network’s feature learning capability and have demonstrated
promising performance if trained on sufficient data [41]], [42].

Inspired by recent progress in hybrid and multi-task learn-
ing, we propose a hybrid mean-teacher network which we
name Hybrid Dual Mean-Teacher (HD-Teacher), to achieve
efficient feature learning with minimal data annotation. Dif-
ferent from existing mean-teacher networks such as [20], [21],
the proposed HD-Teacher simultaneously utilizes two sets of
mean-teacher networks, one 2D and one 3D, to extract hybrid
features and produce segmentation labels, SDF predictions
and their uncertainties. SDF measures the distance between
a given pixel and the nearest boundary of foreground objects
and is predicted as a secondary task to model the shape
information into the HD-Teacher, allowing for more accurate
segmentation results with refined surfaces. To address the issue
that a 2D/3D mean-teacher network may struggle to extract
adequate information from a single dimensionality, we first
use segmentation probability maps from the 2D mean-teacher
network to distill contextual information to be used by the
3D mean-teacher network. Then, features produced by the
2D mean-teacher network and its 3D counterpart are fused
to construct hybrid features, which train both mean-teacher
networks with information extracted from 2D and 3D spaces.
Next, HD-Teacher dynamically fuses outputs from 2D and 3D
teacher models into a hybrid prediction using individually esti-
mated uncertainty and estimates the overall hybrid uncertainty
from the result. The hybrid uncertainty suppresses unreliable
parts in the hybrid prediction and ensures that both students
are jointly regularized by trustworthy hybrid information from
both dimensions. As such, HD-Teacher effectively addresses
the weakness of existing mean-teacher networks and, as a
result, demonstrates significant performance improvement.

Our contributions can be summarized as follows:

« We propose to integrate semi-supervised, multi-task and
hybrid feature learning, and develop a novel hybrid dual
mean-teacher network for semi-supervised segmentation
of medical images. The proposed framework utilizes a
2D and a 3D component to learn hybrid features that are
rich in semantic and geometric information.

e We propose to dynamically merge outputs from 2D
and 3D teacher models into a single hybrid prediction
and estimate the overall hybrid uncertainty of the entire
framework from the result. We then use the hybrid uncer-
tainty to re-weigh the hybrid prediction for regularization,
enabling both student models to learn from reliable hybrid
knowledge by encouraging them to produce results close
to the calibrated hybrid prediction.

o We demonstrate that the proposed framework offers a
significant performance improvement over state-of-the-art
semi-supervised methods through extensive experiments
involving binary and multi-class segmentation of three
MRI datasets, including both anisotropic and isotropic
data.

II. RELATED WORK
A. Semi-Supervised Learning for Segmentation

Semi-supervised segmentation networks aim to leverage
labeled and unlabeled data to improve segmentation accuracy.
One popular category of semi-supervised segmentation is
methods producing pseudo labels. Examples include [38]],
where a neural network produces pseudo labels and updates
its parameters in an alternating manner. Adversarial learning
is another popular technique to mine useful information from
unlabeled data. For instance, a discriminator network can
encourage similar SDF predictions to be produced on labeled
and unlabeled data [16].

Lately, methods enforcing consistency have been gaining
popularity due to their performance. Typically, consistency is
enforced at data, model, or task level. Data-level consistency
models, such as the II-model proposed in [39], aim to produce
consistent predictions on data with variable noise levels using
temporal ensembles of outputs from previous epochs for
regularization. Networks with task-level consistency such as
[17] encourage consistent predictions, regardless of the task,
to be made on the same input. The mean-teacher network
[15] improves the II-model by enforcing consistent predictions
between the student model and its ensemble, an exponen-
tial moving average (EMA) of the student model, thereby
achieving data and model-level consistency. One issue with
the mean-teacher is that the ensemble model may produce
unreliable results. Thus, uncertainty estimation [12], [13[], [14]
is integrated with the mean-teacher network to facilitate more
reliable knowledge transfer from the ensemble, resulting in
more accurate segmentation labels than competing methods.
Uncertainty-guided mean-teacher networks have been further
improved by using triple-uncertainty in [20], [21]], where data,
model and task-level consistencies are combined via multi-task
learning to exploit unlabeled data with higher efficiency.

Unlike existing mean-teacher networks operating on images
of only a single dimensionality, we propose a hybrid setup
wherein a set of 2D and 3D mean-teacher networks extract,
exchange, and merge 2D and 3D information toward more
accurate segmentation labels and uncertainty estimation and
enable cross-dimension consistency regularization.

B. Feature Learning for Segmentation

Numerous attempts have been made to include inter-slice
information and spatial contexts in 2D neural networks. A
notable approach is 2.5D networks [33]], [34], which refer to
frameworks using 2D convolutional neural networks (CNNs)
with adjacent slices, potentially from different planes and
orientations, as input. 2.5D networks can also be implemented
by combining 2D and 3D operations in a single model
where higher layers in the encoder and decoder employ 2D
operations, and lower layers use 3D ones to approximate a
balanced receptive field along each axis [35]. 2.5D networks,
regardless of their implementations, outperform traditional
2D/3D networks, demonstrating the importance of learning
features from multiple sources and orientations.

To further improve the feature learning capability of neu-
ral networks, hybrid feature learning merges detailed intra-
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Fig. 1. Schematic view of the proposed HD-Teacher, where a 2D and a 3D uncertainty-guided multi-task mean-teacher network work in tandem to produce

segmentation and SDF predictions using hybrid features. Each mean-teacher network has a student model, trained using stochastic gradient descent, and
a teacher model, which is an ensemble of the student model and provides uncertainty-weighted regularization. The 2D student model is first trained and
regularized by predictions and uncertainties from the 2D teacher model. Then, its 3D counterpart is augmented by 2D features and segmentation maps
while being trained and regularized by outputs and uncertainties from the 3D teacher model. Finally, both student models are jointly fine-tuned with hybrid
prediction and uncertainty calculated from a weighted combination of outputs from 2D and 3D teacher models. The complete training procedure is summarized

in Algorithm

slice/2D features with 3D contexts captured by inter-slice/3D
features to improve model performance. In addition, hybrid
learning enables deep and efficient 3D networks [41], and
extracts features more effectively from spatially anisotropic
data [43]. We further investigated hybrid learning in [42]]
with spatial and channel-wise attention [36] to boost model
performance. Likewise, a hybrid 2D/3D CNN architecture
is proposed in [44] to fuse 2D and 3D features in the
downsampling phase for segmenting chronic stroke lesions.
2D and 3D features from 2D and 3D CNNs are merged in
[45]], [46] to segment the lung lobe and tumors, respectively.

The proposed HD-Teacher improves upon existing hybrid
networks in (1) practicality by reducing the requirement of
data annotation via semi-supervised training, (2) generalizabil-
ity by employing uncertainty-guided regularization, and (3)
performance through multi-task learning to refine shapes of
segmented objects.

C. Multi-Task Learning for Segmentation

Multi-task learning is a technique wherein multiple relevant
tasks are learned in tandem, and shared knowledge is utilized
to improve generalization. In the case of neural networks,
knowledge of different tasks is typically propagated via soft
or hard parameter sharing. In soft parameter sharing, different
models are trained for different tasks, and regularization is
used to minimize the difference between their model weights
[24], [25]. In hard parameter sharing, several output branches
are integrated into a single model, producing results for
different tasks using shared features from lower layers [26].

Multi-task learning has enabled significant performance
improvement in the task of medical image segmentation. In
[27], a single CNN takes different imaging modalities as input

and learns common features for the segmentation task. Seg-
mentation and classification of tumors from breast ultrasound
images are jointly performed in [28] using feature maps from
a shared encoder. Joint glioma segmentation and isocitrate
dehydrogenase are integrated into a single framework in [29]]
using correlated features from a CNN-Transformer encoder. A
shape-refined segmentation framework with atlas propagation
is proposed in [30] to learn segmentation and landmark loca-
tion simultaneously. Shape information of foreground objects
is utilized in [31]], [32] to enhance the details around the edges
of the predicted segmentation labels.

Motivated by these existing works, we employ the hard
parameter-sharing strategy by utilizing a shared encoder for
segmentation and SDF tasks, ensuring that learned features
contain semantic and geometric shape information while keep-
ing HD-Teacher compact.

III. METHODS

The mean-teacher network refers to a framework where
a student model is trained, and the EMA of its weights is
used to update an ensemble model called the teacher model.
Our framework integrates hybrid learning into the mean-
teacher architecture, utilizing one 2D and one 3D mean-teacher
network to extract hybrid features from both dimensionali-
ties for the segmentation and SDF prediction tasks (Fig. [I).
This hybrid setup overcomes issues associated with single-
dimension learning by (1) appending contextual information
to the 3D input volume and (2) fusing 2D and 3D features
weighted by their uncertainties, allowing for more efficient and
more accurate predictions (described in upcoming sections). It
trains in stages: the 2D and 3D mean-teacher networks are



trained separately before they are jointly fine-tuned (Algo-
rithm [I). The training dataset is divided into the labeled set
D' = {X"Y* Z'}N | and unlabeled set D" = {Xz}fvt\,j\il,
where N and M denote the number of labeled and unlabeled
samples, and X and Y represent the input image and the
corresponding reference labels, respectively. Z denotes the
ground-truth SDF which is used for multi-task learning and
is calculated using the SDF function proposed in [22]. We set

M > 4N across all our experiments.

A. 2D Mean-Teacher Network

The student model in the 2D mean-teacher network follows
the design of the popular U-Net [S]], except for (1) the initial
number of feature maps, which is set to 32 to match the dimen-
sion of the 3D mean-teacher network for later feature fusion
and (2) it has one encoder, which is shared between its two
decoders: one for segmentation and the other for predicting
SDF maps. This multi-task learning paradigm enforces the
encoder to extract semantic features with rich geometric shape
information, allowing both decoders to succeed in their tasks.
It also implicitly establishes cross-task guidance, enabling each
decoder to improve its output with additional semantic/shape
information.

Given a batch of 2D input images, X 2P € , where
b, ¢, w and h denote batch size, number of channels, and
image width and height, respectively, the 2D student model
produces segmentation labels, SDF predictions, and feature
maps learned by the last block of both decoders:

P2 g2 pe2d F2d = ps2( X2, g g (1)

seg
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where Y2 and Z*2¢ denote the predicted segmentation prob-
ability and SDF maps activated by the softmax and tanh func-
tion, respectively. F3a' and Fj represent feature maps learned
by the last block of segmentation and SDF decoders. These
feature maps are later fused with their 3D counterparts to
generate the final segmentation and SDF predictions (Section
[-B). 529 indicates both decoders in the student model and
62 their parameters. ¢ is random Gaussian noise added to
X?P to enhance the robustness of the networks. We omit the
shared encoder and its parameters for simplicity.

The teacher model is identical to the student model except
for an additional dropout layer [37] inserted after its encoder’s
last layer. Therefore, the teacher model has identical outputs
and utilizes them to regularize the student model. To ensure
a reliable regularization process, the teacher model measures
the uncertainty from its predictions to filter out unreliable
ones. We follow [12]], [[13] and estimate the uncertainties in
the teacher’s outputs using Monte Carlo Dropout [40]. More
specifically, in each training step, the teacher model performs
K forward passes, resulting in K intermediate segmentation
probability maps {Y‘z‘j} ¢ , and SDF predictions {ZtZd}
being produced under random dropouts and noise perturba-
tions (i.e., random Gaussian noise added to the input image).
The uncertamty of each intermediate segmentation probability
map Useg is then estimated as the entropy:

seg2d % Y
U = = YV gV @
ceC

where the log function is based on the number of classes C
for the segmentation task. The entropy U; 820 ¢ 10,1] indi-
cates areas with high uncertainty (large Values), allowing the
teacher model’s confidence in each intermediate segmentation
probability map to be estimated as {1 — ;egZd K.

We then follow [20], [21] to normalize all confidence
maps to [0,1] by stacking them and applying the softmax
function, ie., {W}<, = softmax({1 — U;egZd ). Wy,
the jth channel of the result, indicates the trustworthiness of
the corresponding intermediate segmentation probability map.
The final probability map is calculated as a weighted sum
of intermediate probability maps and their trustworthiness to

assign more weights to more trustworthy intermediate results:

YtZd Z W @ Ytzd (3)

j=1

where ® denotes the element-wise multiplication opera-
tion. The overall segmentation uncertainty of the teacher
model is estimated again as the entropy, i.e., /&%

— D meN Y 2d]og V24, {75224 ig Jater used to suppress un-
reliable parts in Y2 (o establish a more effective knowledge
transfer to the student model (Section [III-D).

The uncertainty for the SDF prediction task cannot be
estimated using the entropy method since SDF prediction is
implemented as a regression task with real-valued outputs
rather than probabilities. Thus, as per [40]], we first obtain the
final SDF prediction by taking the average of K intermediate
SDF predictions as 22! = L Y% | Z%¢ and estimate the un-
certainty as the variance, i.e., U2 = L Z;il(ZAfd — Zudy2
to regularize the student model with reliable information.

At the end of the 2D training phase, we freeze the weights
of both 2D models and proceed to train the 3D mean-teacher
network.

B. 3D Mean-Teacher Network

The 3D mean-teacher network is architecturally identical to
its 2D counterpart except all layers operate in the 3D space,
allowing it to also benefit from the multi-task learning setup.
However, 3D models have been shown to perform poorly on
anisotropic data due to their inability to extract semantic-rich
information from adjacent slices with large gaps in between
[41]], [42], [43]. As such, we propose to augment the 3D mean-
teacher network with features and segmentation outputs from
its 2D equivalent to enhance its learning capability.

Specifically, we first define a function C to convert a
batch of 3D volumes X3P € RU*exdxwxh (5 2D images
X?P ¢ Rbdxexwxh py stacking the batch dimension b and the
depth dimension d together. The inverse transformation of C'
is denoted as C' . Then, in each training step, we first acquire
the 2D outputs and feature maps from the trained 2D student
model by replacing X?P in Eq. () with X The obtained
2D segmentation outputs are then converted to volumetric
shapes using C~! and concatenated with the original volumes
X3D to form X3P, which is fed to 3D models to distill
contextual information and provide additional guidance. Next,
the 3D student model processes X3 with its encoder and



produces segmentation feature maps F:eld and SDF feature
maps F53‘1 from its decoders. These feature maps are then
fused Wlth their 2D counterparts (in volumetric shapes via
C~1) using an element-wise summation operation to construct
hybrid features. Lastly, the final predictions are generated from
hybrid features using 1 x 1 x 1 convolution operations. We add
random Gaussian noise to X3P and X2P to further enhance
the robustness of HD-Teacher.

The forward pass of the 3D teacher model is identical
except for the addition of the Monte Carlo Dropout, which
performs K forward passes to estimate the 3D segmentation
uncertainty U*€*¢ and SDF uncertainty U*45¢ identically to its
2D counterpart (see Eq. (2) and onward). The segmentation
and SDF outputs and their corresponding feature maps of the
3D teacher model are denoted as {Y24}H< | {Z84} K | psid

ad 3 j=1> " seg~>
and Fg;, respectively.

C. Hybrid Prediction and Uncertainty Estimation

After training the 3D mean-teacher network with a fixed 2D
student model, we ‘unfix’ its weights and jointly fine-tune both
2D and 3D mean-teacher networks to improve performance
with a hybrid co-training paradigm. As part of the process, we
propose to dynamically merge outputs from 2D and 3D teacher
models into a single hybrid prediction based on their individual
uncertainty scores and estimate the hybrid uncertainty, which
assesses the confidence level of the entire framework, from
the result. The estimated hybrid uncertainty enables (1) re-
weighing of the hybrid prediction to suppress questionable
information from the perspective of both dimensionalities and
(2) cross-dimensionality hybrid consistency to be imposed
between the calibrated hybrid prediction and both student
models for further performance improvement.

Given 2D and 3D intermediate segmentations and SDF
predictions from their respective teacher models {Y‘2d}
{Zl2d}J_ 1 {Yﬂd}7 1 and {ZtSd}j 1
final hybrid segmentation prediction Y™ as an uncertainty-
weighted combination of 2D and 3D intermediate segmen-
tation outputs by:

V)35, = Con (O (V1) ()5
2K
{Uh}] 1 _{ Z ]nlOgN }
i=1 )

nenN =
{W}3E| = softmax ({1 — U}}3E))

2K
=D _ W;e0y;
j=1

Jj=1
we first generate the

where Con denotes the concatenation operation and c1!
converts 2D tensors to volumetric shapes. {W 2, is an
entropy-based weight map that reflects the trustworthmess of
all (2D and 3D) intermediate segmentation maps at each pixel
location. The hybrid segmentation uncertainty is then esti-
mated as the entropy of Y", ie., Up® = — 3 v ViMog, V.
Similarly, the final hybrid SDF prediction is obtained by

concatenating all 2D and 3D intermediate SDF predictions
together and averaging the result, which is defined as:

(2335, = con (07 (1Z21,) AZ8) %)
1 2K R
= 3% Z: zZh

The hybrid SDF uncertalnty is then measured as the variance
of Zh, i, Updl = oh 228 (20 — M2

(&)

D. Training Procedures: 2D, 3D, Hybrid

We optimize both student models with two loss terms:
supervised loss Ls and consistency loss L.. The supervised
loss L is defined as:

N
N N 1 N N
LYY 2 2) = = 3 (L0 Y) + Ll 23, 22))
i=1
(©)

where Y* and Y represent the segmentation probability map
produced by a student model and the corresponding reference
labels. Likewise, Z* and Z are the SDF predictions made
by a student model and the corresponding ground-truth SDF,
respectively. Ly is implemented with the Dice loss function
[6]] and Ly uses the mean squared error (MSE). The EMA
of the student model’s weights is used to update the teacher
model at each training iteration with an EMA decay coefficient
T to control the update rate. Teacher models are expected to
produce consistent results as student models on the same input
data due to their ensemble nature. We enforce such consistency
between student and teacher models with L.:

LC(YS, YA—t, Zs, Zt, Useg’ Usdf) _
Lzeg(?s’ f/t’ Useg) + def(2s7 Zt7 Usdf)

1
seg __ seg Y Yt
: N+M;exp< U)o ( )
1 N+M
sdf sdf s Zt\2
= U, z°— 7
o= N X SR 6 (2

where U*¢ and U are segmentation and SDF uncertainties
estimated by a teacher model, and Y*, Z%, V', Z' are outputs
from a student and a teacher model, respectively.

As mentioned, the 2D and 3D mean-teacher networks are
trained separately before they are jointly fine-tuned for optimal
performance (Algorithm [I). The 2D student model is first

trained using Eqgs. (6) and (7) as:
Lo = L(Y™Y, 2%, 2)+
AL (V520 20 592 700 rses2d prsdiady (®)
C ) ) 7 7 )

where \*¢ controls the strength of the consistency loss. We
then fix the weights of the 2D student model and use it to

help train the 3D student model using Eqs. (6) and (7) as:
L3d = LS(}A/S3d7 K 253d7 Z)+
/\SdL (Ys3d Y/t3d ZsBd Zt3d Useng Usded) ©)
C ) ) 7 7 )

where A\3¢ again balances the contributions of the consistency
loss. Finally, the 2D and 3D student models are jointly trained



using reference labels and regularized by the hybrid prediction
and uncertainty to achieve cross-dimensionality consistency:

Ly = L' + aLy?
Lﬁd — LS<Y/52d, K Zde’ Z) 4 )\ZdLC(YSZd7 }A/h7
Zde’ Zh, U]feg’ ;df)
_ LS(YSM, Y, ZAsSd’ Z) + )\SdLC(YS3d, Y/h,
Zs:3d7 Zh, Uﬁeg, 1idf)

(10)

3d
Lh

where « is a hyperparameter set to balance the contributions
of the 2D student model.

Algorithm 1 Training procedure of HD-Teacher.

Require: 2D and 3D mean-teacher models.

2D stage:

1. Train the 2D student model with the combined 2D loss
L4 to enforce consistency between 2D student and teacher
models as per Eq. (§).

2. Once trained, freeze the weights of 2D models.

3D stage:

1. Augment 3D student and teacher models with feature
maps Fgﬁgd, F:29 and segmentation probability map ys2d
produced by the frozen 2D student model.

2. Train the 3D student model with the combined 3D loss
L34 to enforce consistency between 3D student and teacher
models as per Eq. ().

3. Once trained, unfreeze the weights of 2D models.
Hybrid stage:

1. Augment 3D student and teacher models with feature
maps F32, F524 and segmentation probability map ¥
produced by the trainable 2D student model.

2. Calculate uncertainty-weighted hybrid prediction yh

and Z" from outputs of 2D and 3D teacher models using
Eqgs. @) and (3).

3. Jointly fine-tune 2D and 3D student models with the
combined hybrid loss Ly to enforce consistency between
both student models and hybrid predictions as per Eq. (I0).

IV. EXPERIMENTS & RESULTS
A. Dataset Configurations

HD-Teacher was evaluated on the Left Atrium (LA) dataset
[47], the Muscle Growth in the Lower Extremity (MUGgLE)
dataset [43], and the Multimodal Brain Tumor Segmentation
Challenge 2019 (BraTS2019) dataset [48]. All three are MRI
datasets and cover different anatomies and have different at-
tributes, enabling a comprehensive evaluation of the proposed
method. Scans across all datasets were normalized to zero
mean and unit variance to accelerate the training process [13],
(30, [L6].

The LA dataset contains 100 3D gadolinium-enhanced MR
imaging scans (GE-MRIs) and corresponding manual labels
of the left atrial cavity with an isotropic resolution of 0.625 x
0.625 x 0.625 mm. All scans were cropped around the heart
region into volumes of 200 x 200 x 88 voxels. We randomly
split the dataset into 70 scans for training, 10 for validation,
and 20 for testing.

The MUGgLE dataset contains 48 T;-weighted MRI scans
of the lower leg of children with cerebral palsy and typi-
cally developing children. Each scan was annotated with 13
segmentation labels, representing 11 muscles and two bones
of the lower-leg. All scans have an anisotropic resolution of
0.4 x 0.4 x 5 mm. Five scans were annotated by a second
rater to determine inter-rater reliability (first row of the middle
section of Table[l). All scans were center cropped into volumes
of 378 x 378 x 96 voxels. We randomly split the dataset into
35 scans for training, 2 for validation, and 11 for testing.

The BraTS2019 dataset consists of 335 isotropic (1 x 1 x 1
mm) scans of brain tumors with four modalities available for
each (Tq, Tice, FLAIR, and Ts). The FLAIR modality and the
whole tumor case were chosen as per [2], [3] for performance
evaluation because they provide sufficient information for
physicians to investigate malignant tumors. All scans were
center cropped into volumes of 200 x 200 x 140 voxels. The
dataset was randomly split into 245 scans for training, 25 for
validation, and 65 for testing.

B. Experimental Settings & Evaluation Metrics

Two experiments were conducted on each dataset using
a random selection of 10-11% and 20% of the training set,
respectively, as the labeled set D' to train each network. The
rest of the training set was used as the unlabeled set D". Both
D' and D" were fixed throughout each experiment so that
training data remained the same.

Training was performed with random patches (112 x 112 x
80 voxels for the LA dataset, 256 x 256 x 32 voxels for the
MUGgLE dataset, and 96 x 96 x 96 voxels for the BraTS2019
dataset) with random on-the-fly flip and rotation for aug-
mentation. The stochastic gradient descent (SGD) optimizer
was used to train HD-Teacher for 3,000 epochs (for each
training stage) with a learning rate decay policy that reduced
the learning rate by a factor of 0.1 every 1,000 epochs. The
initial learning rate was set to 0.1 in the 2D and 3D stages
and to 0.01 in the hybrid stage. The batch size was set to
32 and 2 for the 2D and 3D student models, respectively.
Half of each mini-batch was filled with labeled data and the
other half with unlabeled data. The EMA decay coefficient 7
was set to 0.99 to control the update to the teacher model.
K was set to 8 for the Monte Carlo Dropout. A>¢ and A3 in
Eq. were set using a time-dependent Gaussian warm-up
function A(i) = 0.1exp(—5(1 — ——)?), where i and imax
denote the current training step and the maximum number
of training steps. Hyperparameter o« was empirically set to
1 for experiments on the (anisotropic) MUGgLE dataset to
utilize more 2D features on anisotropic scans, and to 0.5 for
experiments on the (isotropic) datasets LA and BraTS2019.
The output of the 3D teacher model was used for inference
and performance evaluations. All the benchmarked methods
were trained with their original training settings.

Dice Similarity Coefficient (Dice), Jaccard Index (Jaccard),
95% Hausdorff Distance (HD9S5), and Average Symmetric
Surface Distance (ASD) were used to quantitatively evaluate
network performance as per [20], [21], [17], [L6]. HD95
and ASD were measured in mm and lower measurements
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Fig. 2. Visual comparison of results produced by the benchmarked networks and the corresponding reference labels. The rows show the results on (a) the
MUGgZLE dataset, (b) the BraTS2019 dataset, and (c) the LA dataset. From left to right, each row shows the manual reference labels, the segmentation result
by our HD-Teacher network, the results by the competing semi-supervised networks TU-MT, MC-Net (2D), MC-Net (3D), UA-MT, DTC, and SASSNet, and
finally, the result by the baseline network V-Net trained in full-supervision with all annotated training scans.

indicate better performance. Dice and Jaccard have a range of
[0, 1] and higher measurements represent higher segmentation
accuracy. Wilcoxon singed-rank test was used to determine if
results between two networks were significantly different. The
significance threshold o was set to 0.05.

All experiments were run on a computational node provided
by National Computational Infrastructure (NCI) Australia. The
node runs the CentOS8 operating system and was configured
to have two Nvidia Tesla V100 GPUs, 24 Intel Xeon ‘Cascade
Lake’ processors, and 32 GB of RAM.

C. Quantitative & Qualitative Evaluations

We benchmarked HD-Teacher against similar consistency
regularization-based state-of-the-art semi-supervised methods,
including Triple-Uncertainty-Guided Mean-Teacher (TU-MT)
[20], [21], 2D and 3D versions of the Mutual Consistency Net
(MC-Net) [18], [19]], Uncertainty-Aware Mean-Teacher (UA-
MT) [13]], Dual Task Consistency Net (DTC) [17]], and Shape
Aware Semi-Supervised Network (SASSNet) [16]. The V-Net
[6] was also trained with all available training data to serve as
a reference to the baseline performance achievable with full
supervision.

1) Results on the LA Dataset: HD-Teacher performed well
in both experiments conducted on the LA dataset (see the left
section of Table E]) In the first experiment, where seven labeled
and 63 unlabeled scans were randomly sampled and fixed for
training all networks, HD-Teacher outperformed other semi-
supervised methods by at least 3% Dice and demonstrated a
performance very close to the fully-supervised V-Net trained
using 70 labeled scans. The second experiment, where 14
labeled and 56 unlabeled scans were randomly sampled and
fixed for training, saw HD-Teacher outperforming other semi-
supervised methods by a bigger margin (> 5% Dice) and
matching the performance of V-Net. Those improvements
demonstrated the efficacy of our HD-Teacher. Specifically,
the hybrid learning approach allowed HD-Teacher to assign

more weights to inter-slice features for the segmentation of
isotropic scans, resulting in label maps that accurately capture
the 3D structure of the anatomy of interest. By contrast, 2D
networks such as TU-MT and MC-Net (2D) may produce
under-segmented label maps due to their inability to correlate
features from adjacent slices (see the last row of Fig. [2]
columns 2-4). 3D networks such as MC-Net (3D), UA-MT,
DTC, and SASSNet produced label maps with reasonable 3D
structure yet lacking details, such as some line segments were
not correctly curved inward. On the other hand, HD-Teacher
selectively merged detailed intra-slice semantic information
from the 2D space with inter-slice features and produced
label maps that were more detailed than those from 3D
networks while retaining structural correctness for the anatomy
of interest.

2) Results on the MUGGLE Dataset: Similar advantages of
HD-Teacher could be observed in experiments conducted on
the MUGgLE dataset, which contains anisotropic scans. HD-
Teacher and 2D networks performed well in both experiments,
while the opposite was true for 3D networks. Specifically, in
the first experiment where a fixed set of randomly sampled
scans, four labeled and 31 unlabeled, were utilized for training
all networks, 2D networks, namely, TU-MT and MC-Net (2D),
matched or exceeded the performance of the fully-supervised
V-Net trained using 35 labeled scans. 3D networks such as
DTC, SASSNet, MC-Net (3D), and UA-MT performed poorly.
In comparison, HD-Teacher outperformed all networks by at
least 3% Dice (see middle section of Table 1). The second
experiment, where training was conducted using a fixed set of
seven labeled and 28 unlabeled scans, showed a similar pic-
ture: HD-Teacher demonstrated the best performance, followed
by 2D and 3D networks. We attribute the performance of
HD-Teacher to its hybrid learning and regularization modules.
MC-Net (2D) and TU-MT imposed consistency constraints
by minimizing model uncertainty in the 2D space. While
functional on anisotropic scans, their inability to capture inter-



slice correlation resulted in label maps showing under/over-
segmented anatomies with irregular contours (see the first row
of Fig. [2| columns 3 and 4). Similarly, 3D networks enforced
consistency or shape constraints in the 3D space. However,
the large spacing between slices of anisotropic scans from
the MUGgLE dataset prevented effective 3D feature learning,
resulting in segmentation results of inadequate quality. HD-
Teacher addressed the limitations of 2D and 3D networks via
the hybrid learning approach to merge 2D and 3D features
for the segmentation task. The proposed hybrid regularization
module further imposed model consistency in the hybrid space
and dynamically adjusted the amount of 2D/3D information
used for training. In the case of anisotropic scans where
informative 3D features were difficult to acquire, HD-Teacher
diverted more weight to 2D features while still mining spatial
context from 3D features, thereby producing segmentation
label maps with accuracy that is on par with human expert
raters (see the first and last row of the middle section of Table
.

3) Results on the BraTS2019 Dataset: Finally, HD-Teacher
also demonstrated the best performance on the BraTS2019
dataset: it outperformed other competing semi-supervised
methods in both experiments by a notable margin (see the
right section of Table [). Specifically, our method outper-
formed all competing methods by a significant margin, in-
cluding the fully-supervised V-Net, in the first experiment (la-
beled/unlabeled: 24/221). The increased number of annotated
scans in the second experiment (labeled/unlabeled: 49/196)
allowed HD-Teacher to improve its performance further. The
second and third best results, produced by MC-Net (2D) and
TU-MT, respectively, were very close to ours. Nonetheless,
the statistical test revealed that our results were significantly
different from those of MC-Net (2D) and TU-MT when
measured by at least two evaluation metrics. We note that
HD-Teacher produced the most visually pleasing label maps
with almost no under/over-segmented areas. In comparison,
other methods, 2D or 3D, semi- or fully-supervised alike,
all produced label maps with either disconnected blobs of
pixels or under-segmented anatomies (see the middle row
of Fig. ). The BraTS2019 dataset has the highest number
of slices across all three datasets, yet only a fraction of
them contain the anatomy of interest. Those blank slices may
distract networks from learning discriminative features. HD-
Teacher, with its dual-dimensionality approach, could capture
discriminative features from multiple viewpoints to produce
accurate label maps.

D. Ablation Study

To further investigate the efficacy of HD-Teacher, we con-
ducted an ablation study on the LA and MUGgLE datasets
with the first experimental setting (i.e., around 10% and 90%
of the training set were used as labeled and unlabeled data,
respectively) to showcase the improvement each component
introduced. The LA dataset provided insight into isotropic
datasets with one target class and relatively sufficient reference
labels, while the MUGgLE dataset was representative of
anisotropic datasets with limited annotated data and multiple
classes for segmentation.

We started with a baseline 2D mean-teacher network
with uncertainty-guided regularization (2D Net+2D Reg). We
then gradually built our HD-Teacher by adding each com-
ponent to the baseline model, including multi-task learn-
ing (2D Net+SDF+2D Reg), hybrid learning but with sep-
arate 2D and 3D uncertainty-guided regularization (2D+3D
Nets+SDF+Separate Reg), and finally, hybrid prediction and
regularization (2D+3D Nets+SDF+Hybrid Reg).

We observed that all proposed modules consistently im-
proved the segmentation performance on both datasets to vary-
ing degrees (Table[MI). Specifically, on the isotropic LA dataset,
adding a supplementary SDF prediction enforced the shared
encoder to learn features informative for both segmentation
and SDF prediction, thereby allowing the segmentation de-
coder to be ‘shape-aware’ and produce label maps with refined
contours. As a result, the performance was improved by up to
4% Dice. With the introduction of hybrid learning came a more
significant performance gain. Hybrid learning coordinated 2D
and 3D feature learning and combined complementary 2D
and 3D features into hybrid features. The constructed hybrid
features were rich in spatial contexts and intra-slice seman-
tic representations, allowing produced label maps to reflect
anatomies accurately with a complete 3D structure. However,
under the naive hybrid learning approach, results from 2D
and 3D mean-teacher networks were separately regularized
with uncertainty estimated from their respective space. Hybrid
regularization improved the hybrid approach by first assessing
the contributions of 2D and 3D features by merging 2D and
3D teacher predictions into a unified hybrid prediction based
on their uncertainty scores. Then, the hybrid uncertainty was
estimated from the hybrid prediction, allowing HD-Teacher to
impose uncertainty-weighted model consistency in the hybrid
space. As a result, a further gain of 2% Dice was obtained.
All modules also improved the performance on the anisotropic
MUGgLE dataset, albeit to a lesser degree due to the spatial
anisotropy of the scans and the lower number of available
labeled training data (4 with MUGELE and 7 with LA).
Nonetheless, each proposed module could improve the model
performance consistently, demonstrating their effectiveness
further.

V. DISCUSSION

Despite the recent progress of semi-supervised networks
based on the mean-teacher architecture and uncertainty es-
timation [13], [20]], [21] in medical image segmentation, one
issue remained unattended to: those networks rely on features
learned from images of a single dimensionality to produce
segmentation labels and estimate uncertainties from outputs
produced by the teacher model to help regularize the student
model. This approach is weak, however, as features obtained
from a single dimensionality may not cover the full spectrum
of information needed for accurate predictions of segmentation
labels and uncertainty estimation. For instance, 3D mean-
teacher based networks such as the UA-MT could not approxi-
mate adequate uncertainty maps to guide their training, leading
to an unsatisfactory performance on the MUGgLE dataset.
This poses a challenge for mean-teacher networks, as the



LA MUGgLE BraTS2019

N/M Dice Jaccard HD95 ASD N/M  Dice Jaccard HD95 ASD N/M  Dice Jaccard HD95  ASD
Inter-Rater N/A 5/0 0.86 0.77 4.9 0.9 N/A
VNet 70/0 091 0.83 6.4 1.5 35/0 0.79%f  0.67*} 7.0%% 1.3} 245/0  0.80*t  0.70%f 11.4%F  4.8%F
UA-MT 7/63 0.79*  0.69* 16.8%  5.4% 4/31 0.40%* 0.30* 37.2%  14.5% 24/221  0.77* 0.67* 13.7* 4.4%
SASSNet 7/63 0.86*  0.76* 13.1%  3.3% 4/31 0.40 0.29 * 34.2% 13.1% 24/221  0.82* 0.72% 10.2* 2.4%
DTC 7/63 0.85*%  0.76* 10.9%  3.0% 4/31 0.42% 0.30%* 29.4%  92% 24/221  0.77* 0.66* 14.6* 4.1%
MC-Net (2D) 7163 0.64*  0.52% 24.9*%  3.6% 4/31 0.80%* 0.70* 5.4% 1.3% 24/221  0.79* 0.69* 10.6* 1.6%
MC-Net (3D) 7/63 0.81*  0.71* 14.7%  2.5% 4/31 0.41% 0.31* 39.0%  16.3* 24/221  0.82* 0.72 10.7* 2.7%
TU-MT 7/63 0.83*  0.71* 10.1%  3.2% 4/31 0.79% 0.68* 10.8*%  4.1%* 24/221  0.81* 0.71% 9.9% 1.7*
Proposed 7/63 0.89 0.80 7.6 1.9 4/31 0.83 0.72 5.2 1.0 24/221  0.85 0.75 7.6 14
UA-MT 14/56 079t  0.69F 16.8t  5.4f 7/28 0.401 0.301 3551 14.01 49/196  0.77¢ 0.671 13.41 3.7t
SASSNet 14/56  0.861  0.76} 10.61  2.1f 7128 0.4171 0.30f 2541 8.8f 49/196  0.831 0.731 10.01 2.61
DTC 14/56  0.85f  0.761 1031 1.8f 7128 0.421 0.317 247t 8.4% 49/196  0.79% 0.691 13.81 4.0%
MC-Net 2D)  14/56  0.84f  0.73f 10.6t 3.0 7128 0.8171 0.71% 5.1% L1} 49/196  0.85% 0.761 8.2 2.0
MC-Net (3D) 14/56  0.90 0.81 7.4 1.8 7/28 0.411 0.311 39.0t 16.3t 49/196  0.82% 0.72¢ 9.3¢ 2.8%
TU-MT 14/56  0.861  0.76F 9.5t 2.4t 7128 0.8171 0.701 1031 4.0f 49/196  0.84% 0.741 8.1 1.6
Proposed 14/56  0.91 0.83 6.2 1.6 7/28 0.85 0.76 4.4 0.8 49/196  0.86 0.77 7.5 14

TABLE I

PERFORMANCE OF THE EVALUATED METHODS ON ALL THREE DATASETS. THE ASTERISK AND DAGGER SYMBOLS DENOTE THE STATISTICAL
SIGNIFICANCE (P | 0.05) BETWEEN A NETWORK AND HD-TEACHER TRAINED WITH THE FIRST AND SECOND EXPERIMENTAL SETTINGS. N/M DENOTES
THE RATIO OF LABELED TO UNLABELED SCANS. BEST RESULTS ARE MARKED IN BOLD.

teacher model may mislead the student model on data where
limited information could be extracted by a single 2D/3D
model, resulting in reduced performance and generalization.

In response, we developed HD-Teacher, where hybrid, semi-
supervised, and multi-task learning come together to tackle the
segmentation problem. HD-Teacher utilizes hybrid learning
with a 2D and a 3D mean-teacher network to fuse 3D context
with detailed 2D features to produce accurate segmentations
and SDF predictions. By learning from both spaces, HD-
Teacher can effectively deal with data having different voxel
sizes by dynamically adjusting the amount of information it
extracts from both planes to achieve the best accuracy possible.
In addition, we proposed to combine uncertainty-weighted
outputs from 2D and 3D teacher models into a single hybrid
prediction and estimate the hybrid uncertainty from it. The hy-
brid uncertainty re-calibrates the hybrid prediction to filter out
any unreliable information it may contain, leaving only trust-
worthy knowledge to regularize 2D and 3D student models.
Hybrid learning and regularization allows both student models
to learn from reliable information dynamically extracted from
2D and 3D dimensions, effectively addressing the issue of
the single-dimensionality approach, thereby achieving better
performance and generalization than competing methods.

Extensive experiments were conducted on three datasets
covering different MRI modalities, voxel sizes, segmentation
tasks, and anatomies. HD-Teacher demonstrated significant
performance improvement over benchmarked semi-supervised

Components Dice Jaccard HD95 ASD
LA

2D Net+2D Reg 0.77 0.67 12.6 3.1

2D Net+SDF+2D Reg 0.81 0.70 10.9 3.0

2D+3D Nets+SDF+Separate Reg  0.87 0.78 8.0 2.0

2D+3D Nets+SDF+Hybrid Reg 0.89 0.80 7.6 1.9
MUGgLE

2D Net+2D Reg 0.79 0.68 6.2 1.6

2D Net+SDF+2D Reg 0.80 0.69 6.0 1.5

2D+3D Nets+SDF+Separate Reg  0.82 0.70 53 1.2

2D+3D Nets+SDF+Hybrid Reg 0.83 0.72 5.2 1.0
TABLE I

ABLATION STUDY OF HD-TEACHER ON THE LA AND MUGGLE
DATASETS. BEST RESULTS ARE MARKED IN BOLD.

networks on all three datasets, matching the performance
of fully-supervised networks and human expert raters. With
an efficient feature learning capability, a low requirement
for data annotation, reliable generalizability, and consistent
performance, our network could potentially be integrated
into various clinical applications and large-scale research to
automatically produce segmentation labels, reducing the cost
of manual labeling. The proposed multi-task learning, hybrid
learning, and regularization modules were also systemically
evaluated through an ablation study performed on two repre-
sentative datasets, illustrating their effectiveness further.
While demonstrating superior performance, HD-Teacher
had a few issues worth mentioning. Our framework used a
simple U-Net as the backbone and element-wise summation
to fuse 2D and 3D features to illustrate the efficacy of the
proposed approaches. Substituting those simple designs with
their more advanced counterparts would likely improve the
segmentation accuracy further. The outputs from 2D and 3D
teacher models were also weighted using a simple softmax
function. While functional in most scenarios, some edge cases
may exist where the softmax function would not suffice. Future
work will focus on developing more sophisticated feature
learning and weighting mechanisms to capture the information
and overall uncertainty from the hybrid space more effectively.

VI. CONCLUSION

In this paper, we integrated hybrid, semi-supervised, and
multi-task learning into one framework to tackle the challenge
of medical image segmentation. The presented dual mean-
teacher network utilized 2D and 3D mean-teacher networks
to produce hybrid features that led to accurate segmentation
labels across a range of MRI scans. A hybrid scheme was
also proposed to dynamically combine results from 2D and
3D teacher models for cross-dimensionality regularization,
allowing further refinement of the produced segmentation la-
bels. Quantitative and qualitative evaluations on three datasets
demonstrated the effectiveness of our approach in binary
and multi-class segmentation when limited annotated labels
were available for training, revealing its potential for clinical
applications due to its human-level performance.
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