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Abstract. Heart disease is a leading cause of death worldwide, with
mitral valve (MV) disease being among the most prevalent valvular
pathologies. The MV, constitutes a complex three-dimensional appara-
tus which makes clinical assessment challenging. Therefore, it would be
highly desirable to have a patient-adapted model of the mitral annulus
shape and its leaflets, both for diagnosis and intervention planning, as
well as follow-up purposes.
The main objective of this work is two-fold: improve the valve segmen-
tation’s quality using modern architectures and extend it to a sequence
of 3D ultrasound recordings for the entire systolic phase. For training
purposes, we used a dataset consisting of 108 volumes that were semi-
automatically segmented using a commercially available package. We
tested several network architectures and loss functions available in the
MONAI package to investigate which ones are best suited for the task at
hand. We aimed for fast processing times that were usable in practice.
Our method was evaluated on 30 recordings and compared to annota-
tions made by two expert echocardiographers. The comparison metrics
include Average Surface Distance (ASD), Hausdorff Distance 95% (HSD
95%), as well as standard classification metrics. Our results were a Dice
score of 77.06 ± 13.18 % on the evaluation test and distance errors of
0.09 ± 0.12 mm for ASD and 0.49 ± 0.43 mm for HSD 95% and the
segmentations were considered comparable to the ground truth provided
by clinicians. The proposed annotation method was significantly faster
than a manual one and yielded results comparable to the state-of-the-art
using a noisier ground truth.
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1 Introduction

Heart diseases are still a leading cause of death worldwide, and the prevalence is
increasing [5]. Early detection is pivotal to decide on the appropriate treatment
and follow-up for patients that are at risk. Among heart afflictions, valvular dis-
ease is a recurrent type of cardiac pathology that increase with age. Disorders of
the mitral valve (MV) are common and may manifest as valve leakage or steno-
sis. Some disorders require surgery that must be planned in advance, monitored,
and controlled after the intervention. Ultrasound (US) is the modality of pref-
erence to perform pre-operative, peri-operative and follow-up assessment of the
MV and left ventricle, as it is non-invasive. A first diagnosis can be made with a
transthoracic echocardiogram (TTE), but for detailed investigation of the MV,
a transesophageal echocardiogram (TEE) is required [16].

The usual way of checking the condition of the MV is to measure the mitral
valve area by interpolating several recordings of 2D transesophageal echocardio-
gram (TEE), each recording imaging the valve at a different cross-section. How-
ever, this measurement can easily be biased by the 2D plane used. To counter this
problem, one can use 3D US. Unfortunately, due to the nature of ultrasound,
a trade-off exists between spatial and temporal resolution in 3D, resulting in
compromised image quality. Furthermore, ultrasound (US) is tedious to analyse,
even for an experienced clinician, given its low image quality compared to other
imaging techniques. It is time-consuming and has high interobserver variability.
3D data are even more cumbersome to evaluate. Moreover, different clinicians
annotate differently [6], and even the same clinician can annotate the same image
differently. This results in high inter- and intra-operator variability, significantly
limiting the clinical yield.

This is why we wanted to automate the data analysis process. To do so, we
planned on segmenting the mitral valve on 3D-TEE using machine learning (ML)
techniques. We focus solely on the closed MV for this work, as other works exist
on solving this problem in an open valve configuration, e.g. [3,14]. This yielded
a stronger challenge, as the boundary between leaflets is unclear at this stage.

Convolutional neural networks (CNNs) were a breakthrough in image recog-
nition and segmentation. However, they require vast amounts of annotated data,
which is hard to acquire in the medical field due to privacy regulations; and near
to impossible for 3D data, as annotating them is extremely time-consuming. In
2015, UNet [15] was presented as a solution to the amount of data needed for
training. It yielded good results in image segmentation tasks, and its use is now
democratized in the field of medical imaging to automate the analysis of data.
Therefore, we used this method as our baseline for our work. We also added the
nnUNet [8] way of parametrizing a UNet in our baseline as it has shown good
results across multiple medical segmentation tasks.

Regarding the mitral valve segmentation on 3D-TEE, some preliminary work
exists, such as [14], that uses a general model of the mitral valve, and the multi-
atlas method to segment each patient’s valve. Multi-atlas method, even though
highly accurate, is however very time-consuming – several hours according to
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[14]. Hence, some work has been done using machine learning (ML) as a seg-
mentation algorithm, since it is fast to apply once the network is trained. Several
UNet types of architectures to segment an open or semi-open valve were tested
[3], and a Residual UNet achieved the best results at segmenting the leaflets [9].
It has also been shown that pre-training a network on classifying the state of the
mitral valve – diastole or systole – helps achieve better Dice score and average
surface distance on the mitral valve’s leaflets 3D segmentation [4]. Finally, some
more recent work has shown that using a multi-head type or architecture worked
best when segmenting several classes [13], i.e., anterior and posterior leaflets of
the mitral valve.

We base our work on semi-automatic ground truth, which is noisier than
a regular, manual segmentation masks, but significantly faster to create. The
mask generation is the basis of this work that aims, in addition to a new way of
creating a ground truth, to: 1) compare the efficiency of modern architectures
for segmenting the MV, 2) implement a multi-head decoder [13] that is able to
differentiate between the anterior and posterior leaflets and 3) we prove that a
network trained exclusively on the mid-systolic frame can segment the MV in
all the systolic frames.

2 Methods

2.1 Dataset

Our dataset is an aggregation of 3D-TEE recordings obtained via General Elec-
tric HealthCare (GE HealthCare) Vingmed Ultrasound in Horten Norway and
St Olavs hospital in Trondheim, Norway. Volumes were acquired using the Vivid
E95 on 141 patients, who had provided informed consent. The probe was left
floating and no attempts to improve image quality, other than the usual gain,
angulation and depth adjustments, were performed. This way, our data is rep-
resentative of real operating room images. Our dataset comprises 153 sequences
that account for 1047 volumes with a closed MV. The dataset is divided into
three collections across the sequences and patients. This means that no volumes
from the same acquisition or patients can be found in two different sets. As the
patients were all screened for investigating potential illnesses, some of those ac-
quisitions depict MV afflictions. An overview of the data distribution between
sets is available in Table 1.

The test set was entirely reviewed and amended by a clinician and a cardi-
ologist, using our semi-automated pipeline (see Section 2.2).

2.2 Semi-automated labeling

Each 3D acquisition was semi-automatically annotated by trained engineers us-
ing the AutoMVQ program, a commercially available software from GE Health-
Care. This tool exhibited good recognition of the MV geometry when compared
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Table 1: Data division between train, validation and test
Train Validation Test Total

Sequence 108 15 30 153
Volumes 661 107 279 1047

Manual landmarks

voxelization
=

growing 
seed

extract

Fig. 1: Annotation process: using AutoMVQ to get the mitral leaflets plane fol-
lowed by region growing algorithm to voxelize the surface into a bounding box.
Pink represents the anterior leaflet and blue the posterior one.

to a more detailed type of imagery [7], and was previously used to quantify the
geometry of patients with mitral regurgitation [1]. This program is on par with
other vendors [17].

AutoMVQ detects when the valve is closed and allows the user to determine
the mitral valve surface semi-automatically by defining six key landmarks as
shown in green in the left part of Figure 1 — four on the mitral annulus, the
coaptation and the base of the aortic valve. The user focused on the mid-systolic
frame while placing these landmarks. The resulting meshes were then automati-
cally propagated to the rest of the systole for further refinement. The surface was
then extracted as two triangular meshes from the software, one for each leaflet.
Since the meshes have no thickness they cannot be used directly as ground truth
for the segmentation mask therefore we built a 3D annotation from there. We
assumed the leaflets to have a 4 mm thickness and the mesh to be located in
the centre. Subsequently, we produced a voxel grid of the same resolution as
the input grid by expanding each triangle of the mesh along its normal vector
direction until it reached 2 mm on both sides of the surface. At this point, we
have a bounding box surrounding the leaflets. We then refined this bounding box
with a growing seed algorithm,5 to remove voxels with insufficient brightness.
We used the US intensity of the voxels located on the surface as a seed for this
algorithm. We found out that sub-dividing each mesh in two in each direction
to initialize the seed worked best6 — each sub-divided part of a mesh had its
own seed.

5 See this Wikipedia article: https://en.wikipedia.org/wiki/Region_growing
6 Code to voxelize the surface is available at https://github.com/mailys-hau/echovox

https://en.wikipedia.org/wiki/Region_growing
https://github.com/mailys-hau/echovox
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Each 3D frame where the MV is considered closed by AutoMVQ is converted
from DICOM to a grey-scale voxel grid of a fixed resolution of 0.5 mm. Some
examples of our annotation are visible in Figure 3.

2.3 Model selection

Fig. 2: Network architecture with the best results: multi decoder heads ResUNet7

We have considered the following architectures for our experiments: UNet,
ResUNet, nnUNet, and multi-head ResUNet [15,9,8,13] and measured their per-
formance on our validation set Table 1. Due to HSD 95% and ASD being com-
puted on CPU, they are only computed for validation, and a validation pass
is performed only every 3 epochs. We ranked them using Dice score, Hausdorff
Distance 95% (HSD 95%) and Average Surface Distance (ASD).

Out of all the models, the multi-head ResUNet with two heads shown in
Figure 2 — one for anterior leaflets and one for posterior leaflets — achieved
the best results overall. Without the multi-head decoding part, networks failed
to segment the posterior leaflet.

2.4 Implementation details

Our experiments were implemented using the PyTorch Lightning8 framework,
which provides an additional layer to PyTorch for ease of use. Our networks were
implemented using MONAI9 module [2] — or using MONAI as a basis. It is a
PyTorch-based module with common network architectures for 2D and 3D data,
7 Implementation of this network is available at here.
8 https://www.pytorchlightning.ai/
9 https://monai.io/

https://github.com/mailys-hau/mitral-leaflets-3dseg/blob/main/src/networks/multi_decoders.py##L58
https://www.pytorchlightning.ai/
https://monai.io/
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with an emphasis on medical imaging. Our implementation has been made open
source on GitHub.10

The volumes are loaded and treated as grey-scale. The target is passed as
a one-hot encoding of the volume. Each volume is cropped and/or padded to a
volume of 128×128×128. While training the crop is randomly centred. We also
performed some data augmentation, including flipping axis, volume distortion,
and Gaussian noise, as it helped the network to perform better. In addition, some
of our validation metrics were computed on CPU, which increased the training
time.

Table 2: Validation metrics for tested network architectures. Accuracies and Dice
score are in %, distances are in voxel11. Each value is taken at the best trained
epoch (out of 300) regarding the validation loss

Network Best Leaflet Accuracies Dice HSD 95% ASD
epoch Accuracy Precision Recall

UNet 185 anterior 77.89 97.77 77.89 86.70 NaN +∞
posterior 0 0 0 0 57.48 26.83

ResUNet 170 anterior 80.64 98.38 80.64 88.63 46.01 22.22
posterior 0 0 0 0 54.56 28.79

nnUNet 212 anterior 67.76 98.74 67.76 80.36 44.96 22.91
posterior 0 0 0 0 54.25 30.65

Multi-head 236 anterior 99.56 68.51 64.55 78.41 44.59 21.76
ResUNet posterior 99.31 64.17 55.08 70.75 56.14 29.17

We started by evaluating different training losses on our ResUNet architec-
ture to see which would better suit the task at hand. Each training ran for 300
epochs with a batch size of 4. Based on accuracy results, Dice score, and surface
distances, we decided to use a mix of weighted Dice and Focal loss [11] as this
helped improve the distance metrics and the precision accuracy.

We tried different network architectures to create a baseline for our dataset.
A summary with the best run of each network is available in Table 2 and shows
that besides the multi-head ResUNet, no architectures were able to properly
discriminate between the two leaflets. Each network was ranked according to
the result of its best epoch in regard to its validation loss.

10 https://github.com/mailys-hau/mitral-leaflets-3dseg
11 Our direction matrix being different than I3, we can’t obtain the distances in mm

simply by multiplying by the spacing. Instead of giving an approximate value in mm,
we kept the precise value in voxel for HSD 95% and ASD.

https://github.com/mailys-hau/mitral-leaflets-3dseg
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2.5 Evaluation pipeline

Network The multi-head ResUNet Figure 2 was re-trained using both training
and validation sets before being finally evaluated. We trained on one Nvidia
RTX A6000, which has a graphic memory of 48GB. The batch size used was 4.
We used the number of epochs yielding the best results in Table 2 (236) and
added 10 to account for the appended data. The training was done using Adam
optimizer [10] with a linear warm-up and a cosine with warm restart learning rate
scheduler [12]. With those settings, training takes around seven hours to attain
epoch 246 — there is CPU bound at validation, cf. Section 2.3. We evaluated our
pipeline on a test set containing 30 volumes spread across 26 different patients
(cf. Table 1).

Clinical feedback Due to our annotation being semi-automatic, we consider
it essential to present a clinical study of the results. As such, the same clinicians
who annotated the evaluation set were presented with a pair of sliced views
of a volume (similar to Figure 3). Each volume was presented several times
to the clinicians, at various slice indices and along both long-axis (LAX) and
its perpendicular. Images were randomly ordered, and the pair ground truth–
predictions were arbitrarily placed left or right from one another. Clinicians were
asked to choose which segmentations looked best — without knowing which one
was the prediction or the ground truth — or “both segmentations look the same”.

3 Results

Concerning the time spent annotating the datasets, we demonstrated a much
faster process due to the use of semi-automated software. We aggregated the
time spent annotating by the expert users over 85 sequences and a file takes
on average 4m12s ± 2m39s, with only two cases over ten minutes — 21m06s
and 13m58s. The annotation time of a file includes: opening the sequence in
AutoMVQ, aligning the views and placing the landmarks, reviewing the anno-
tated frames, saving and quitting. A file contains an average of 6.84 systolic
volumes that are all annotated during this workflow. In comparison, the manual
annotation process described by [13] takes around 15 minutes to annotate one
volume.

The evaluation metrics of our multi-head network are presented in Tables 3
and 4 as well as some example sliced views shown in Figure 4. Hausdorff Distance
95% (HSD 95%) represents the average distance between two segmentation after
removing the 5% largest distances, while Signed Distance Function (SDF) is the
average distance between the two boundaries of the segmentation mask. The
SDF is negative when the prediction is outside of the annotation and positive
otherwise. The Average Surface Distance (ASD) is the absolute value of the SDF.

To have a better understanding of the prediction’s shape in comparison to
the ground truth, a distance comparison is also available in Figure 5 using SDF.
Our worst case in shown in Figure 5a.
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(a) (b) (c) (d)

(e) (f) (g) (h)

Fig. 3: Example of ground-truth along LAX (top line), and their corre-
sponding slice along the axis perpendicular to LAX (bottom line). Pink is
the anterior leaflet, blue the posterior leaflet.

(a) (b) (c) (d)

(e) (f) (g) (h)

Fig. 4: Predictions of our network on the four cases presented in Figure 3

The clinicians’ study overview is described in Table 5. The “Issue with seg-
mentation” column encloses two issues: 1) samples where the clinicians found it
hard to differentiate with the leaflets or recognize the view due to poor image
quality, 2) the segmentation failed to properly distinguish between leaflets —
for both ground truth and prediction. The results of this study show that the
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(a) (b) (c) (d)

(e) (f) (g) (h)

Fig. 5: Example of Signed Distance Function in mm between the ground-truth
and the prediction results. Positive values indicate that the prediction is con-
tained inside the ground truth. Examples on the top line are the same as the
one shown in Figures 3 and 4

Table 3: Distance metrics in mm results for evaluation set at mid-systole frame
(± std. dev.)

Hausdorff distance Average Surface Distance Average Signed Distance

anterior 0.51± 0.46 0.10± 0.14 −0.07± 0.14
posterior 0.49± 0.41 0.09± 0.08 −0.06± 0.09

Multi-head ResUNet [13] architecture yielded results comparable to the clinical
annotation using our semi-automated pipeline (cf Figure 1 and Section 2.2) as
the difference in votes in favour of the ground truth and the predictions are
small.

In addition, using the same training we also evaluated on all volumes with a
closed valve, i.e., we segmented full systole sequences. The results displayed in
Tables 6 and 7 show that given one training on just the mid-systole frame, our
network, while being less accurate regarding the distance metrics, is still able to
generalize to the rest of the systole sequence.
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Table 4: Accuracy metrics in % results for evaluation set at mid-systole frame
(± std. dev.)

Accuracy Precision Recall Dice

anterior 99.48± 0.20 72.04± 13.47 66.77± 10.50 79.60± 7.87
posterior 99.21± 0.41 64.13± 17.90 61.48± 16.58 74.53± 16.68

Table 5: Which segmentation was best according to clinicians when showing two
slices side by side.
View Ground truth Prediction Indistinguishable Issue with segmentation

LAX 48 43 1 19
Perpendicular LAX 55 46 28
Total 103 89 1 47

4 Discussion

As detailed in Section 2.2, the automation of our annotation yielded a ground
truth that is coherent though slightly imprecise, as shown in Figure 3. Never-
theless, it is a fast annotation process: on average, it takes no more than five
minutes to annotate a recording, which contains several volumes — each file
contains on average 6.84 annotated volumes — whereas a manual annotation
done in 3D Slicer [13] takes fifteen minutes for a trained user and yields only
one annotated volume.

Given our annotation, it seems obvious there is an ϵ error between ground
truth and prediction that cannot be reduced. This is due to the annotation over-
estimating the leaflets (cf. Figure 3), and the network having trouble matching
it due to the voxel intensity being bright only on the leaflets. As such it is easy
to obtain a true positive result, but the network will naturally underestimate
in comparison to the ground truth. This is why we focused more on the dis-
tance type of metrics found in Table 3 as well as the clinical study presented in
Section 2.5 and Table 5.

Nevertheless, using a different ultrasound vendor, we achieved results com-
parable to previous research [13] in both mid-systole and systole sequence cases.

Concerning the extension of the mid-systole segmentation to the full systole
sequence using the same training, we observe similar accuracies to the evaluation
solely on the mid-systole frame (cf. Tables 4 and 7), but higher ASD (see Ta-
ble 6). This is due to the lower quality of the frames’ segmentation surrounding
the mid-systole and the input volumes being slightly out of the training man-
ifold. Because the position of the valve can be a bit open before or after the
mid-systole, or appear more v-shaped. Some semi-supervised learning could be
a lead to improve our results here.
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Table 6: Distance metrics in mm results for evaluation set for the full systole
sequence (± std. dev.)

Hausdorff distance Average Surface Distance Average Signed Distance

anterior 0.64± 0.64 1.41± 0.89 −0.63± 0.64
posterior 0.75± 0.59 1.67± 0.87 −0.75± 0.59

Table 7: Accuracy metrics in % results for evaluation set for the full systole
sequence (± std. dev.)

Accuracy Precision Recall Dice

anterior 99.48± 0.22 68.05± 15.67 65.88± 12.83 78.63± 10.60
posterior 99.26± 0.37 62.18± 13.64 62.89± 15.08 75.96± 13.89

As remarked by the clinicians during the qualitative assessment of results,
there is still room for improvement for both the ground truth and the prediction
to distinguish properly between the anterior and posterior leaflets. Refining the
ground truth for part of the training dataset would help the network learn to
discriminate better between the two leaflets.

5 Conclusion

We showed that given a less accurate but much faster annotation process, we
can still obtain results of high quality, comparable to the previous state-of-the-
art that are on pair with the clinical-made ground truth. We were also able to
generalise to surrounding frames in the heart cycle — during systole here. This
is advantageous as this annotation process requires significantly less time than
a manual annotation.
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pipeline, as well as the process of creating a voxel grid from a DICOM and its corre-
sponding surface meshes.
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