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Abstract—Mitral valve assessment for disease diagnosis and
treatment is commonly guided by ultrasound imaging, with 3D
transesophageal echocardiography being the de facto standard
modality. The complex 3D structure of the mitral valve poses a
challenge for its time-efficient and accurate quantification. Deep
neural networks have been proposed for automatic mitral valve
segmentation, but variations in imaging devices and protocols
across ultrasound vendors cause significant domain differences
in echocardiography datasets, leading to suboptimal dataset-
dependent segmentation techniques.

In this work, we apply a semi-supervised learning method to
develop a vendor-agnostic, automatic segmentation tool for 3D
transesophageal echocardiography. We learn from one manually
annotated ultrasound domain, to generate reliable pseudo-labels
using an ensemble of three models, for another unseen ultrasound
domain. Our teacher-student framework is validated on images
from two of the biggest cardiac ultrasound manufacturers.

In our experiments, the student model outperforms each
teacher, with a Dice score of 82.20 +4.62% on known data and
71.32+6.95% on unseen data, and an Average Surface Distance
of 0.37 £ 0.07 mm and 0.82 + 0.15 mm for the mitral valve on
known and unknown domain respectively. These results enable
efficient cross-domain analysis by reducing the need for manual
annotation and ensuring consistent mitral valve analysis across
different vendors.
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I. INTRODUCTION

Mitral valve (MV) diseases affect approximately 2% of the
general population [1]. Proper management requires diagnosis,
screening, careful planning, and follow-up, which typically
rely on Ultrasound (US) imaging for MV assessment. In
particular, transthoracic echocardiogram (TTE) can be used for
a first evaluation, but for a thorough diagnosis transesophageal
echocardiography (TEE) is required [2]. TEE is also com-
monly used to monitor the MV repair intra-operatively, offer-
ing real-time 2D and 3D visualization of the MV, allowing
for a detailed evaluation of the valve morphology. However,
if manually performed, quantitative assessment of the MV
requires pixel/voxel-level annotations, a labour-intensive and
time-consuming process that often exceeds the time constraint
of standard examinations, even for experienced sonographers
[3], and it is not compatible with real-time use.

Machine learning (ML) algorithms, particularly those based
on convolutional neural networks (CNNs), enable automatic
MYV segmentation, providing reliable, repeatable, and time-
efficient analysis. The performance of these methods heavily
relies on the amount and quality of the labeled data used
for their training. Moreover, the ability of these methods to
generalize to unseen data is often evaluated on test sets with
similar distributions as the training sets. In echocardiography,
this translates to CNNs trained and evaluated on single-centre
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datasets where data are acquired using a single ultrasound
scanner. In fact, variations in imaging devices and protocols
between US manufacturers result in significant domain differ-
ences in echocardiography datasets, e.g. in terms of speckle
pattern, intensity distribution, or contrast. These differences
can degrade the performance of segmentation networks on out-
of-distribution echocardiography samples, and hence prevent
their translation into real-world clinical tools.

II. RELATED WORK

CNNs have shown promising performance for supervised
MYV segmentation from cardiac US. In [4] the UNet archi-
tecture was applied for MV segmentation from 2D images.
Later, several UNet variants have been proposed, such as
3D Residual UNet [5], Multi-Decoder Residual UNet [6],
SegResNet [7] and nnUNet [8], [9], for MV segmentation in
its closed state [6], [8], open state [5], [7] or both [9] from
3D TEE images. More recently, a semi-supervised training
strategy with pseudo-labeling [10] was proposed to achieve
automatic 4D segmentation of the MV: by leveraging only
the MV ground truth (GT) segmentations at end-systole and
end-diastole frames — respectively closed and open MV
configurations.

Despite these considerable efforts, all of these works are
limited to volumetric data acquired using single-vendor US
scanners. As a result, the performance of the proposed segmen-
tation networks on images from other US manufacturers re-
mains to be evaluated. This challenge could potentially be mit-
igated through domain adaptation models, such as generative
advesarial Networks (GANSs) [11] or diffusion models [12],
which enable images from different domains to appear visually
similar while preserving semantic content. Although domain
adaptation techniques have been explored in medical imaging
[13], their application to cardiac US is limited and focuses only
on 2D imaging [14] [15]. Despite their potential effectiveness,
these methods are memory-intensive, difficult to train, and
often less effective on low-contrast images, making them
unsuitable for domain adaptation in 3D TEE segmentation.

This work introduces a self-training strategy for cross-
domain MV segmentation from 3D TEE. Inspired by [10], we
apply a semi-supervised learning (SSL) strategy based on a
Teacher-Student framework, that is now extended to handle
data coming from two different US vendors. We leverage
GT MV segmentations of a single echocardiography domain
to train a teacher network, which was subsequently used to
create pseudo labels for another domain. Finally, a student
network was trained on the combined domains using manual
and pseudo labels. This approach offers a viable and effective
alternative to high-demand domain adaptation methods, requir-
ing only a marginal increase in cost compared to a traditional
fully-supervised learning approach.

III. METHODS

A. Dataset

Two hundred and forty (240) MV-centred 4D TEE data, i.e.,
3D volumes acquired over the whole cardiac cycle, from 151

subjects were collected from St. Olavs Hospital in Trondheim,
Norway, and IRCCS San Raffaele Hospital in Milan, Italy.
Both studies were approved by local ethical committees and
all patients provided informed consent. Exactly half of the
total dataset was acquired with a Vivid E95 system with a
6VT probe (General Electric HealthCare Vingmed Ultrasound,
Horten, Norway) on 91 subjects, including healthy individuals
and patients with MV regurgitation or MV stenosis. The
other half was acquired with a Philips EPIQ CVx system
with an X8-2T probe (Philips, Andover, MA, US) on 60
patients suffering from MV regurgitation. For each 4D TEE
acquisition, we extracted the 3D volume only at one time
point with the MV in its closed state. This corresponded to
mid-systole for General Electric HealthCare (GE HealthCare)
and to end-systole for the Philips data. All 3D volumes were
anonymized and exported to a Cartesian format with a fixed
isotropic spacing of 0.5 mm. Furthermore, volumes acquired
with the Philips system were spatially reoriented to match the
coordinate system used in the GE HealthCare images.

Both the Philips and GE HealthCare datasets were randomly
split into training, validation and test subsets, with a ratio of,
respectively, 75%, 10% and 15%. Additionally, special care
was taken to ensure that recordings from the same patient
did not appear in more than one set split. All volumes were
spatially cropped to 128 x 128 x 128 voxels grids. A trained
operator manually annotated the entire Philips dataset using
the method described in [6] with 3D Slicer [16]. The MV was
annotated using three classes by individually identifying the
mitral annulus (MA), the anterior leaflet, and the posterior
leaflet. The same trained operator also annotated the GE
HealthCare test set (18 volumes), while the rest of the GE
HealthCare dataset was left without annotations.

B. Self-training for Cross-Domain Segmentation

Borrowing the approach of [10], we implemented a semi-
supervised teacher-student training strategy (Fig. 1), where the
teacher model (7") was trained on the Philips data with super-
vision from manual annotations, and used to generate pseudo-
labels for the unlabeled GE HealthCare data. To improve the
pseudo-labels, 7' was based on ensemble modelling [17]. T’
consisted in the ensemble of three teacher models consisting
each one in a different variation of a UNet-based network
that was separately trained: a Residual UNet [18] (Tp), a
Multi-Decoder Residual UNet [6] (1}), and a SegResNet (73)
[19]. The argmaz of their combined predictions over the GE
HealthCare data was used to create the pseudo-labels.

The labeled and pseudo-labeled data were then combined to
train the Student model (S), which was based on a SegResNet
architecture due to its lightweight design and faster inference
times, as well as it being the best of the T}.

C. Pseudo-label enhancement

To mitigate the impact of unrealistic pseudo-labels during
Student training, we applied strong data augmentation (SDA)
and dropout to the GE HealthCare dataset. Following [10],
we incorporated Gaussian blurring and Cutout transforms
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in the standard data augmentation routine, which already
included intensity scaling, random Gaussian noise, random
rotation, random axis flip and random elastic deformation.
SDA serves as a regularization technique, preventing .S from
over-fitting to incorrect pseudo-labels. A 0.1 dropout rate,
determined through hyper-parameter search, was selected as
it provided the best results in early experiments. Additionally,
before training .S, the pseudo-labels were processed using the
reconstruction algorithm proposed in [20], which automati-
cally restores a continuous and regular 3D profile for the
MA in cases of under-segmentation or noisy prediction. A
morphological closing image filter [21] was also applied to fill
under-segmented regions in the interior or at the boundaries
of the leaflet predictions.

D. Training and Evaluation Details

Ty, Ty, To, and S were trained over 500 epochs with a
batch size of 2 or 1 on an Nvidia RTX A6000 with 48GB of
memory using the Novograd optimizer with a 0.001 learning
rate and Dice Focal loss. Their evaluation was carried out on
two held-out test sets, one for the Philips and one for the
GE HealthCare dataset of 20 volumes each, using the weights
saved at the best validation epoch for the teachers, and the
last epoch for the students. For the GE HealthCare dataset,
we utilized the manual segmentations that were produced for
the test set only, as described in Section III-A. Dice scores,
Average Surface Distances (ASDs) and Hausdorff Distances
95% (HDFs 95%) were evaluated for the MV leaflets, while
the curve-to-curve error was used for the MA as in [22], [23].
The evaluation metric for the MA was calculated following
the application of the reconstruction algorithm from [6].
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Fig. 1: Schematic view of our semi-supervised teacher-student
training strategy

To assess the impact of SDA and post-processing on the
pseudo-labels, we trained and evaluated the S network both
with and without SDA, and with either refined or unrefined
pseudo-labels.

IV. RESULTS
A. Performance on Philips Dataset

Table I presents the performance of Ty, Ty, 15, and S on
the Philips test set. Among the individual teacher models, the
SegResNet architecture (7%) performed best, achieving a Dice
score above 81% and a low HSD 95% of 1.53 £0.61 mm for
the leaflets, and a curve-to-curve error of 1.66 & 0.64 mm for
the MA. As expected, the ensemble model T" outperformed the
individual teachers, achieving the highest Dice score (82.12+
4.80%) for the leaflets and the lowest curve-to-curve error
(1.584+0.63 mm) for the MA. Overall, the S model performed
comparably to the ensemble 7', with a Dice score of 82.20 &
4.62% and a HSD 95% of around 1.6 mm for the leaflets, and
a curve-to-curve error around 1.6 mm. Notably, the S model
with SDA achieved the lowest ASD for the leaflets, with a
value of 0.37 £0.07 mm. The use of SDA during its training
did not visibly affect the performance of the S model on the
Philips dataset. Fig. 2 shows qualitative segmentation results,
which align with the quantitative results. Both the ensemble
model 7" and the student model S demonstrated reliable MV
segmentation, closely matching the GT. Even in the worst-case
scenario (Fig. 2i to Fig. 2p), a complete MV reconstruction
was achieved despite being spatially shifted relative to the GT
(Figs. 20 and 2p), likely due to low image contrast, which
made the task more challenging.

B. Performance on GE HealthCare Dataset

Table II presents the performance on the GE HealthCare
test set. Similarly to the results on the Philips dataset, the
SegResNet architecture (7%) outperformed the 3D Residual
UNet (71p) and the Multi-Decoder UNet (77), yielding a
Dice score above 69%, the lowest HSD 95% of all T}, with
4.27 + 2.63 mm for the leaflets, and a suitable curve-to-curve
error of 5.55 + 3.82 mm for the MA. The ensemble model
T consistently improved performance over the individual
teachers in terms of Dice score for the leaflets and distance
metrics for both the leaflets and MA. Notably, compared to the
results on the Philips dataset (Table I), the performance metrics
were generally worse for the teacher models on the unseen
GE HealthCare dataset. However, the S model effectively
mitigated this performance drop, achieving the best Dice score
(71.324+6.95%) and the best HSD 95% (3.15+ 1.61 mm) for
the leaflets, and a curve-to-curve error of 4.51 & 3.58 mm for
the MA. As with the Philips dataset, the application of SDA
only marginally impacted the performance of the S model.
Also, the S model showed the best agreement with the GTs,
providing more reliable segmentations for both the leaflets and
the MA as compared to the teacher models (Fig. 3). It is
worth noting that in the worst-case scenarios (the two bottom
rows of Fig. 3) the S model struggled to fully reconstruct
the leaflets and distinguish between the anterior and posterior
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TABLE I: Evaluation of teachers and students network on the Philips dataset. For the students, the metrics are reported
considering the refined pseudo-labels during training, with and without the application of SDA. The best values for each metric

across all the models are highlighted in bold.

. Teacher Student
Metric
To e T T S w/o SDA S w/ SDA
Dice score (%) 80.65 £ 7.60 80.71 & 7.92 81.59 +5.09 82.12 +4.80 81.89 & 4.44  82.20 + 4.62
ASD (mm) 0.39 £+ 0.07 0.38 4+ 0.07 042 4+ 0.11 042 +£0.09 0.40 £ 0.08 0.37 + 0.07
HSD 95% (mm) 1.86 & 1.72 1.79 £ 1.86 1.53 £ 0.61 1.58 £1.02 1.63 £ 1.19 1.62 + 1.24
Curve to curve (mm) 1.85 + 1.16 1.80 4 1.0.1 1.66 £ 0.64 1.58 + 0.63 1.60 + 1.12 1.63 4+ 0.70
Ground Truth S w/o SDA S w/ SDA Ground Truth T S w/o SDA S w/ SDA

()]
(h)
E

(m) (n) (0) (p)

Fig. 2: Segmentation examples over the Philips dataset. The
first two rows show 2D views and 3D renderings of our best
case, and the bottom ones of the worst case, according to the
Dice score. Color code: annulus is green, anterior leaflet is
red, and posterior leaflet is blue.

leaflet, failing to identify the prolapse in the lateral portion of
the posterior leaflet (Figs. 3i and 3m). Yet, the MA was fully
reconstructed after applying the post-processing algorithm [6],
showing good agreement with the GT (Figs. 30 and 3p).

C. Evaluation of pseudo-labels enhancement

Table III compares the performance of the S model on
both test datasets when trained with either refined or unrefined
pseudo-labels. Overall, the S model benefited from the use of
the refinement algorithm [6], particularly on GE HealthCare
data, showing a 2% point improvement in Dice score for
the leaflets and a reduction in Curve-to-curve error for the
MA. The impact of SDA was more pronounced when the

(m) (m) (0) ®

Fig. 3: Segmentation examples over the GE HealthCare
dataset. The first two rows show 2D views and 3D renderings
of our best case, and the bottom ones of the worst case,
according to the Dice score. Color code: annulus is green,
anterior leaflet is red, and posterior leaflet is blue.

pseudo-labels were not pre-processed with the reconstruction
algorithm. Notably, the performance on the Philips dataset
remained consistent, indicating that the refinement process did
not degrade results on the original training domain.

V. DISCUSSION

In this work, we applied a semi-supervised training strategy
using pseudo-labeling to address the domain shift between
US images from different vendors, focusing on automatic MV
segmentation from 3D TEE. By leveraging a Teacher-Student
framework, we combined labeled and pseudo-labeled data to
train a robust segmentation model capable of generalizing
across two US domains.
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TABLE II: Evaluation of teachers and students network on the GE HealthCare dataset. For the students, the metrics are reported
considering the refined pseudo-labels during training, with and without the application of SDA. The best values for each metric

across all the models are highlighted in bold.

. Teacher Student
Metric
To T Ts T S w/o SDA S w/ SDA
Dice score (%) 62.89 + 844 6201 £ 11.09 6747 £692 69.38 +7.67 71.15+ 649 7132 + 6.95
ASD (mm) 0.88 £+ 0.21 1.23 + 1.14 0.89 £+ 0.26 0.88 £ 0.22 0.82 £+ 0.15 0.83 £ 0.15
HSD 95% (mm) 4.43 + 2.20 5.19 + 4.09 427 £+ 2.63 345 +1.60 3.15 + 1.61 3.33 + 1.65
Curve to curve (mm) 6.99 4+ 4.65 7.58 + 5.32 5.55 + 3.82 4.14 + 3.66 4.52 + 3.74 4.51 + 3.58

TABLE III: Comparison of pseudo label’s refinement effect on training the student networks

Unrefined Refined
Metric Philips GE HealthCare Philips GE HealthCare
S w/o SDA S w/ SDA S w/o SDA S w/ SDA S w/o SDA S w/ SDA S w/o SDA S w/ SDA
Dice score (%) 82.10 £ 4.34 8234 £ 443 6847 =794 6893 £ 698 81.89 £ 444 8220 £4.62 71.154+ 649 7132 £+ 6.95
ASD (mm) 0.37 + 0.08 0.35 £ 0.07 0.86 + 0.21 0.83 £ 0.18  0.40 £ 0.08 037 £ 0.07 0.82 £ 0.15 0.83 £ 0.15
HSD 95% (mm) 1.58 &+ 1.00 1.71 £ 139  3.65 £ 1.98 338 £1.58 1.60 £ 1.12 1.62 £ 1.23 3.15 £ 1.61 3.33 £ 1.65
Curve to curve (mm) 1.70 £ 0.97 1.71 £ 1.12 457 £ 3.85 513 £4.02 1.72 £0.79 1.63 £0.70 4.52 £ 3.74 4.51 4+ 3.58

Our approach utilized three state-of-the-art CNN architec-
tures previously applied to MV segmentation from 3D TEE
data [S]-[7]. Each model demonstrated unique strengths and
limitations in this task. We employed ensemble modeling
to mitigate these individual limitations while enforcing their
strengths to ensure the creation of reliable pseudo-labels.

On the labelled Philips dataset, the individual teacher mod-
els (T}, j € {0,1,2}) achieved good metrics scores as com-
pared to the GT (cf Table I). The ensemble model T further
improved performance, particularly in terms of Dice score
(82.124+4.80% for the leaflets) and distance error (1.58 +0.63
mm for the MA), confirming the advantage of ensemble
methods in providing more accurate and robust predictions
by averaging out biases [17]. The student model S performed
comparably to, or even better than 7', achieving the best Dice
score (82.20 +4.62%) and the lowest ASD (0.37 + 0.07 mm)
for the leaflets, resulting in more reliable MV segmentation
masks (Figs. 2c, 2d, 2g and 2h). The use of pseudo-labels
generated by the ensemble 7" on the unlabeled GE HealthCare
dataset did not negatively affect the performance of the S
model on the Philips dataset. Instead, the S model appeared
to benefit from the larger, combined training dataset, which
likely helped it learn better MV features. Although direct
comparisons cannot be made due to differences in datasets,
the results are comparable to previous works on single-vendor
MYV segmentation [6]—[8], which report Dice scores ranging
between 81% and 87.7%, ASD values between 0.32 mm and
0.92 mm, and HSD 95% values between 1.86 mm and 1.99
mm. Similarly, the curve-to-curve errors equal to 1.58 and
1.60 mm obtained by the ensemble model 7" and the student
model S for the MA are comparable to those from previous
works reporting curve-to-curve errors equal to 2.04 mm [22]
and 1.96 mm [23].

On the unlabeled GE HealthCare dataset, the teacher models
showed a significant drop in performance, as expected. The en-
semble model 7', again, provided the best results among them,

with Dice score just below 70%, ASD of 0.88 +0.22 mm and
HSD 95% of 3.454+1.60 mm for the leaflets, as well as curve-
to-curve error of 4.14 + 3.66 mm for the MA. On the other
hand, the S model outperformed the ensemble 7', achieving
a better Dice score (71.32 &+ 6.95%), ASD (0.82 4+ 0.15 mm)
and HSD 95% (3.15 £ 1.61 mm) for the leaflets, resulting
in more reliable MV segmentation masks (Figs. 3c, 3d, 3g
and 3h). S model’s improved performance on the unseen
GE HealthCare domain demonstrates the effectiveness of our
strategy, which leverages additional training examples through
pseudo-labeling. The ensemble model 7' generated realistic
and reliable pseudo-labels, outperforming individual teachers
and enhancing generalization across domains, as confirmed
by the results on the GE HealthCare test set. Any residual
uncertainty in the pseudo-labels was likely mitigated by incor-
porating SDA in the student training. Evaluating the quality
of pseudo-labels and the impact of label noise on deep neural
network training is a critical aspect of this approach. In this
study, we assessed these factors by using a small subset of
manually annotated volumes from the GE HealthCare dataset.
Alternative methods for evaluating the impact of label noise
exist [24], including approaches that do not require a noise-
free subset or prior knowledge of the noise level in the labels
[25]. However, these analyses were considered beyond the
scope of this work. The favourable results achieved on the GE
HealthCare dataset, particularly through ensemble modeling,
demonstrate that our strategy effectively addresses challenges
associated with pseudo-label noise and enhances cross-domain
segmentation performance.

The student performance on unseen GE HealthCare dataset
benefited from the proposed pseudo-label refinement, which
efficiently reduced the impact of possible unrealistic pseudo-
labels during student training while maintaining performance
on the Philips dataset, as shown in Table III. Unexpectedly,
the role of SDA, which mitigates the impact of incorrect
training examples in student training, as described in [10], was
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negligible when refined pseudo-labels were used. This further
confirms the effectiveness of the proposed pseudo-label refine-
ment, which ensures high-quality training examples, reducing
the uncertainty to mitigate and helping the model learn robust
features from pseudo-labeled data.

However, the performance on the GE HealthCare dataset
was overall worse than compared to the Philips dataset and
previous works on single-vendor MV segmentation. This dis-
crepancy may be attributed to the generally higher variability
of the available GE HealthCare dataset which is representative
of a wider range of MV conditions: healthy and affected
by primary or secondary mitral regurgitation, or by mitral
stenosis, whereas the Philips dataset is only focused on mitral
regurgitation. This means that in addition to a domain shift
between the US vendors, there is also a distribution shift
in the represented MV shapes. Our method addressed the
US domain shift effectively. However, variations in disease
distribution remain a challenge to be tackled, since different
diseases or even different aetiologies of the same disease can
lead to different deformations in MV anatomy, e.g., MA size
and shape, and leaflet thickness and extent, and in MV closed
configuration, which is characterized by billowing leaflets in
primary regurgitation and by tethered leaflets in secondary
regurgitation. Anonymizing the datasets prevented linking spe-
cific disease conditions to TEE acquisitions, limiting disease-
specific analysis and optimization.

Our semi-supervised approach reduces annotation workload
and tackles domain shift challenges in 3D TEE MV segmen-
tation. Future studies could explore complementary weakly
supervised training methods to enhance these results further.
For example, a pyramid network approach was introduced
in [26] to learn image segmentation tasks from both labeled
and unlabeled data, integrating uncertainty estimation within a
pyramid consistency framework to better leverage the impact
of unlabeled data. More recently, a hybrid CNN-transformer
approach was proposed in [27] to perform efficient segmenta-
tion leveraging scribble annotations. These alternative weakly
supervised training methods are well-suited for addressing
domain shift challenges and should be considered for future
comparisons.

Additionally, a direct quantitative comparison with domain
adaptation models [14], [15] was not feasible due to the
challenges of training such networks on 3D US images. It is
reasonable to assume that the proposed self-training strategy
for efficient cross-domain MV segmentation from 3D TEE
is more computationally attainable than using a 3D GAN
or a diffusion model. The proposed method required only
a marginal increase in computational cost as compared to a
traditional fully-supervised learning approach, while ensuring
strong generalization across different domains and delivering
state-of-the-art performance for MV segmentation.

Finally, the proposed strategy was evaluated using datasets
from the two biggest cardiovascular ultrasound vendors. GE
HealthCare and Philips accounted for 48% of the ultrasound
equipment in 2023, but to further demonstrate its potential
and applicability in real-world scenarios, future work should

involve a broader comparison across additional US vendors, as
well as a more comprehensive representation of MV diseases.

VI. CONCLUSION

We proposed a vendor-agnostic and automatic segmentation
tool for 3D TEE using a teacher-student training strategy. We
showed that this strategy allows for domain shift between two
of the main US manufacturers, as well as improves inference
over the initial US domain. This is a significant step towards
vendor-agnostic segmentation of 3D TEE.
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