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Fetal ultrasound Background: Detecting congenital heart defects (CHDs) is challenging due to the difficulty of identifying subtle
Congenital heart defects abnormalities in fetal heart structures.

Segmentation Objectives: To develop a deep learning-based method for segmenting vessels in the three-vessel view (3VV)

to characterise the vessels by size and spatial relationships to detect abnormal fetal hearts.

Methods: We present a deep learning-based method that takes as input a fetal heart ultrasound (US) video
of the three vessels view (3VV) and an anchor frame, which contains the segmentation of the pulmonary
artery (PA), aorta (Ao), and superior vena cava (SVC) in the 3VV. The method automatically segments the
anatomical structures subsequent to the anchor frame and classifies the US video as normal or abnormal. The
method consists of two phases. The first phase combines three residual networks (ResNets) extended with a
self-attention block and a refinement module. The second phase extends a ResNet with two CoordConv layers
integrating spatial coordinates. We assess segmentation performance using the intersection over union (IoU)
and dice similarity coefficient (DSC) metrics and classification of US videos using sensitivity and specificity. We
also investigate the tolerance to failure of the method by introducing mislabelled anchor frames. The dataset
used in this study consists of 150 US videos of the 3VV; 50 videos were used for training, and 100 videos (50
normal videos, 50 abnormal videos) for testing.

Results: In terms of anatomical structure segmentation accuracy, the method achieves an average IoU of 89.5%
(99.5% for PA, 85.0% for Ao, and 84.1% for SVC), and an average DSC of 0.950% (0.946% for PA, 0.969%
for Ao, and 0.934% for SVC). Detection of abnormal videos achieved a sensitivity of 0.99 and specificity of
1.0. The tolerance to failure analysis shows a decrease in the sensitivity of 0.023 and 0.015 for normal and
abnormal case videos, respectively.

Conclusions: The initial evaluation of our approach to fetal CHDs on 3VV ultrasound videos is promising
but requires further refinement and evaluation on a larger dataset to assess clinical utility. The approach is
designed to be translatable to low-resource settings where fetal echocardiography experts are unavailable due
to the simple acquisition protocol.

1. Introduction three-vessel view (3VV), and three-vessel trachea view (3VT) [3]. Each
view helps to examine intra-cardiac connection and spatial relationship,

Fetal congenital heart defects (CHDs) are structural cardiac malfor- structural anatomy, chamber and vessel dimensions [4]. Although 60%
mations affecting 8 to 9 per 1000 births worldwide [1]. Prenatal de- of CHDs can be detected using the 4CH alone, several major CHDs such
tection of CHDs is achieved by fetal echocardiography, a non-invasive as tetralogy of Fallot (the most common defect, afflicting 5% of all
technique that uses real-time ultrasound (US) image acquisition to CHDs), transposition of the great arteries (the second most common
evaluate the fetal heart [2]. In high-income settings with fetal screening defect afflicting 2% of all CHDs), truncus arteriosus, double-outlet right

programs, assessment of the fetal heart usually takes place in 18-22
week gestational-age fetuses [3], and uses five standard views: situs,
four-chamber view (4CH), left ventricular outflow tract view (LVOT),

ventricle and some others can be missed unless views of great arteries
are included [5]. During two-dimensional echocardiography, the 3VV
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Fig. 1. The 3VV is obtained by moving the transducer in the axial scanning plane across the fetal chest from the 4CH towards the fetal head (cephalic direction). (a) Position of
the transducer directed over the fetus. (b) Position of the transducer directed over the fetal heart. (c) 3VV of a normal fetal heart showing the great vessels (pulmonary artery,

PA; aorta Ao) and superior vena cava (SVC).

allows the examination of the number, size, position and course of the
great vessels (pulmonary artery, PA; aorta Ao) and superior vena cava
(SVQC) (Fig. 1). Convolutional neural networks (CNNs) can be particu-
larly useful in this context, as they are adept at analysing both spatial
and temporal features in US videos, thus aiding accurate assessment of
vessel integrity throughout the cardiac cycle.

2. Related work

Good segmentation of fetal heart anatomy is crucial in detect-
ing CHDs as it allows for the accurate delineation and identification
of anatomical structures in US scans, ensuring the correct interpre-
tation of potential structural abnormalities. Semantic segmentation
is an essential task in medical image analysis. Traditional convolu-
tional neural networks (CNNs), widely used for semantic segmentation,
may need help modelling global context due to their local recep-
tive fields. Alternatively, transformers, another type of neural network
architecture, have shown excellent performance in capturing long-
range dependencies between pixels and learning meaningful image
representations [6]. Transformer-based architectures for medical image
segmentation include the Vision Transformer (ViT) [7], U-Net++ [8],
TransUNet [9], DeiT-Seg [10], among others. These architectures utilise
different mechanisms, such as self-attention and positional encoding, to
capture global context and to improve the segmentation performance.
ViT is a purely transformer-based architecture that uses self-attention
mechanisms to capture global dependencies between pixels in an im-
age; it treats each image as a sequence of tokens and then feeds
them to multiple transformer layers to operate [7]. U-Net++ and
TransUNet are modified versions of the U-Net [11] architecture that
integrates transformers into the decoder path. They use a combination
of skip connections and transformers to improve feature propagation
and context integration [8]. Similarly, DeiT-Seg offers a variant of DeiT
vision transformer architecture adapted for image segmentation tasks,
combining transformers with traditional CNNs to capture global and
local information [10].

In addition to the above, hierarchical and pyramidal transformer-
based architectures such as Swin [12], CvT [13], CoaT [14], LeViT [15],
and Twins [16] have focused on enhancing the local continuity of
features and removing fixed-size position embedding to improve the
performance of transformers, demonstrating the potential of a pure
transformer backbone compared to CNN counterparts in segmenta-
tion tasks. While several architectures have been proposed, these
Transformer-based methods have very low efficiency in terms of com-
putational and memory resources and, thus, are challenging to deploy
in real-time applications. Lightweight architectures include the Space-
Time Memory network (STM) [17], Recurrent Network for Video

Object Segmentation (RVOS) [18], Space-Time Convolutional Net-
work with improved memory coverage (STCN) [19], and Long-Term
Video Object Segmentation with an Atkinson-Shiffrin Memory Model
(XMem) [20]. STM [17] uses a memory-augmented neural network
where features from previous frames are stored and retrieved for
accurate mask propagation. This approach addresses occlusions and
appearance changes over time, improving segmentation accuracy and
temporal coherence. RVOS [18] employs a recurrent neural network
to model temporal dependencies. It integrates a convolutional LSTM
to propagate object segmentation masks through time, effectively cap-
turing long-term temporal information. The recurrent structure allows
the network to handle significant appearance changes and occlusions,
thereby enhancing the robustness of the segmentation results over ex-
tended video sequences. STCN [19] utilises a long-term memory of past
frames to inform the segmentation of the current frame. XMem [20]
includes components for sensory storage, short-term memory, and long-
term memory. This hierarchical memory structure balances computa-
tional efficiency and segmentation accuracy over long video sequences,
achieved by strategically leveraging different memory components to
handle varying temporal spans.

Research on the automatic segmentation of the 3VV is limited. Some
studies [21-23] use knowledge distillation, where a compact model
(student) is trained under the guidance of a larger model (teacher). For
instance, in [21], channel-wise knowledge distillation is chosen over
pixel-wise distillation due to its effectiveness in aligning point-wise
classification scores [24]; this method converts feature maps on each
channel to probability maps, aligning the channel-wise probabilities of
the teacher and student models with a divergence-based loss. Other
studies [22] adopted the DeepLabv3+ [25] architecture with channel-
wise distillation to segment three vessels in fetal heart US images,
where both teacher and student networks share the same architecture,
with training data involving cropped regions of interest (Rol) from full-
size images for teacher model training. The teacher network’s logit
output from cropped inputs distils knowledge into the student model,
which is then trained using full-size images. Another study, [23],
proposes a multi-task learning method for fetal heart diagnosis, cover-
ing segmentation, classification, and detection; this approach uses the
Mask-RCNN architecture, which includes region proposal networks for
feature extraction and CNN-based models for classification, detection,
and segmentation.

To our knowledge, our paper described the first work on segmenting
vessels in the 3VV over US videos. We present a method that operates
in two phases: first, it segments frames in the US videos, and second, it
characterises the vessels by size and spatial relationships to detect ab-
normal fetal hearts. We validate the method with experiments involving
150 US videos.
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Fig. 2. The method architecture consists of two phases. The first phase extracts ¢ and k, corresponding to the fetal heart anatomy embeddings in the anchor frame. W and S
are then calculated based on the pairwise similarity between ¢ and k followed by a SoftMax operation. Readout features are obtained by mapping v incorporating information
from both the image and the segmentation to W; embeddings are then passed to a decoder to generate a segmentation, followed by their refinement. The second phase uses a

CoordConv network to detect abnormal US videos.

3. Methods

The method follows the one-shot approach [26], where the first
frame of the video (anchor frame) contains the segmentation of the fetal
heart anatomical structures in the 3VV. The work described by [20] in-
forms the method, enhancing its architecture with self-attention blocks
and a refinement component for segmenting the 3VV. Additionally, we
incorporate a CoordConv [27] network to classify US videos as normal
or abnormal by analysing the size, alignment, and number of vessels.

Fig. 2 shows the method receives a US video of the 3VV and
an anchor frame. The method characterises the segmented anatomy
the anchor frame provides and propagates its segmentation across
subsequent frames. The method refines the outputted segmentations
and classifies the US video as normal or abnormal.

The method comprises two memory modules (working memory
and sensory memory), three CNNs extended with self-attention blocks
(query encoder, decoder, and classifier), and three image analysis
components (affinity matrix, readout features, and refinement); further
information on memory, affinity matrix, and readout features can be
found at [20]. In the following section, we describe the refinement
components and CNN architecture (Encoder, Decoder, and Classifier),
which are the original contributions of our method.

The method initialises the memory modules with random values.
For subsequent iterations, the method utilises the working memory.
The encoder extracts query-specific image features, the decoder uses
the output of the working memory step to generate the segmentations,
and the classifier further categorises the generated segmentations for
abnormal video classification. Considering the input segmentation, the
affinity matrix and readout feature components characterise relevant
features from the frames in the sweep. Refinement focuses on fill-
ing gaps in the generated segmentation to address discontinuities in
segmented regions.

3.1. Refinement component

The refinement component consists of two algorithms Sklansky’s
[28] employed to simplify the contours of m, by removing redundant
points along the edges of the segmentation. The simplified contours are
then used to find the Rol representing the gap between two blobs de-
fined by the nearest sequence of points, and the Douglas-Peucker [29]
used for the simplification of polygonal curves (represented by a se-
quence of points along the contours).

3.2. Encoder and decoder

The encoder and decoder use a ResNet50 architecture as the back-
bone. We extend the backbone using self-attention blocks to capture
dependencies and relationships within input sequences of features [30].
The self-attention blocks are placed at the beginning of each residual
block and consist of two convolutional layers followed by Sigmoid
activation. The query encoder component generates essential feature
information for feature extraction to create the query (g). The decoder
component reconstructs the output based on the encoded information.
It involves concatenating the hidden representation (4,_;) with the
readout feature (F), then iteratively upsampling them while incorpo-
rating skip connections from the query encoder at multiple stages.
This process refines and reconstructs the final output, culminating
in a single-channel logit generated through a convolution operation.
Finally, this logit is bilinearly upsampled to match the input resolution.

3.3. Classifier

Similarly to the encoder and decoder, the classifier uses a ResNet50
and self-attention blocks and adds a CoordConv [27] layer at the
network’s end. The CoordConv layer adds two extra channels (i and
j coordinates) to the associated convolutional layers, enabling spatial
information at each pixel to bolster its ability to discern and leverage
spatial relationships in the segmentations. This is necessary for the
classifier to characterise the properties of the vessels in terms of size,
alignment, and number of vessels. Our method follows clinical practice
diagnostic criteria [31], which indicate that a normal 3VV consists of
three visible vessels (PA, Ao, SVC), their size follows a proportion such
as the PA > Ao and Ao > SVC, and they are aligned one after the other
(the PA followed by Ao and the Ao followed by SVC). Our method de-
clares any example that fails the criteria as abnormal 3VV. For example,
in Fig. 3, we illustrate a normal and an abnormal case (diagnosed with
coarctation of the aorta) where there was a disproportion between great
vessels (Ao and PA). Our method currently distinguishes (by binary
classification) normal and abnormal videos, whereas the classification
of specific abnormalities may be addressed in future work.
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Fig. 3. Schematics and US images showing normal and abnormal 3VV examples. On the left, the schematic and image show a normal heart consisting of three vessels, normal
proportion in size (PA > Ao and Ao > SVC), and alignment (the PA on the left side of the fetal chest followed by Ao and then SVC on the right side of the fetal chest). On the
right, the schematic and image show an abnormal heart (diagnosed with coarctation of the aorta), which is different by having a disproportion of the great vessels (Ao < PA).

3.4. Implementation

Model training was performed using a batch size of 8 on two
Nvidia RTX 6000 GPUs with 24 GB of VRAM and 16 CPU cores (see
Appendix C for minimal technical requirements for implementation).
We used bootstrapped cross-entropy loss and dice loss, assigning equal
weight. AdamW [32] optimisation was utilised with a learning rate set
at le — 5 and a weight decay of 0.05. For the segmentation tasks, we
used intersection over union (IoU) and dice similarity coefficient (DSC)
metrics. We used sensitivity and specificity to assess the detection of
abnormal heart US videos.

To compare the performance of our method against the state-of-
the-art, we implemented the following methods accordingly to the
original papers: Space-Time Memory network (STM) [17], Long-Term
Video Object Segmentation with an Atkinson-Shiffrin Memory Model
(XMem) [20], Recurrent Network for Video Object Segmentation
(RVOS) [18], and Space-Time Convolutional Network with improved
memory coverage (STCN) [19]. The pixel resolution of the input
data was adjusted to meet the architectural requirements of each
network: STM (224 x 224), XMem (512 x 512), RVOS (448 x 448), STCN
(224 x 224), and our method (512 x 512).

3.5. Dataset

The data used in this paper comes from the study Clinical Artificial
Intelligence Models in Fetal Echocardiography (CAIFE). The CAIFE
study data consisted of US videos on the fetal hearts and included
pregnant women > 18 years of age in their second trimester (13-27
weeks; mean gestational age of 20 weeks). Ethics approval was granted
by the East Midlands - Leicester Central Research Ethics Committee
(REC Reference 23/EM/0023).

Data was obtained by experienced fetal cardiologists using stan-
dard curvilinear transducers and different US machines. The US ma-
chine models consisted of General Electric Voluson (E8 and E10),
Fuyjifilm (ARIETTA 850), Samsung (HERA-W10), Sonoscape (P60), and
Canon (TUS-AI800), using their preferred imagine tint map. The videos
were extracted on Digital Imaging and Communications in Medicine
(DICOM') format using ViewPoint v5 as the image management system.

Videos were extracted from the DICOM files at the frame level to
ensure high-quality graphics. Each frame was converted into Tagged
Image File Format (TIFF) and converted into greyscale using DCMTK
(DICOM Toolkit)? and then anonymised using ImageMagic® library. The
image resolution was preserved as available in the original DICOM files.
The pixel resolution varied between videos, for example, 1024 x 768
and 1280 x 960.

Anonymisation involved placing a 65 pixels-high black rectangle at
the header section of each image, spanning the full width to cover

1 https://www.dicomstandard.org/current/
2 https://dicom.offis.de/en/
3 https://imagemagick.org/

participant, hospital, and scan date details. Additionally, identifiable
information (such as participant, operator, and hospital details) was
removed from the DICOM metadata using the demdump* library.
Anonymised images were converted into MP4 videos (using the H.264
codec) via OpenCV® library. The video’s approximate duration is 1.5 s
(60 frames per video).

For the current work, two datasets of US videos (one per participant)
were selected. Dataset-A consists of 50 normal US videos where all
frames are manually annotated. Dataset-B consists of 100 videos (50
normal and 50 abnormal) where, in each case, only the anchor frame
is manually annotated. The combined number is 150 US videos (7193
frames in total). The US videos with abnormal cases included the
following CHD: hypoplastic left heart syndrome (20 videos), tetralogy
of Fallot with left aortic arch (10 videos), complete transposition of
the great arteries with intact interventricular septum (10 videos), and
coarctation of the aorta (10 videos). The selection criteria included
videos of the 3VV with clearly visible anatomy of the pulmonary artery
(PA), aorta (Ao), and superior vena cava (SVC) and diagnosis as either
normal or abnormal (positive for a CHD).

Appendix B provides a breakdown of the participants’ pathology
and the scanning system. Each participant’s identifier consists of six
characters: the first character represents the participant, the second
indicates pathology (with ‘N’ for normal and ‘A’ for abnormal), and the
third is followed by four arbitrary digits.

4. Experiments and results

We conducted two experiments: first, to select a segmentation archi-
tecture suitable for our task with validation on normal US videos; sec-
ond, to evaluate the method for detecting normal and abnormal videos
and to investigate the method’s tolerance to failure by mislabelling the
anchor frame.

4.1. Experiment 1

The first experiment assessed the segmentation of the vessels in the
3VV. We used Dataset-A, dividing it into three subsets (80% training,
10% validation, and 10% testing) to investigate the performance of our
referenced CNN-based video processing methods: STM, XMem, RVOS,
STCN, and our method. Each network model was trained using the
training subset to produce the probability scores for each substructure
(PA, Ao, and SVC). As shown in Table 1, our method achieves a mean
IoU of 0.895 (0.995 for PA, 0.850 for Ao, and 0.841 for SVC) and mean
DSC of 0.950 (0.946 for PA, 0.969 for Ao, and 0.934 for SVC) at 31.2
frames per second (FPS), which is superior to STCN in IoU by 0.071
(0.020 for PA and 0.109 for Ao) and in DSC by 0.036 (0.010 for PA,

4 https://manpages.ubuntu.com/manpages/focal/man1/dcmdump.1.html
5 https://opencv.org/
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Comparison of four state-of-the-art methods for one-shot video segmentation and our method. Our method achieves the highest

intersection over IoU and DSC.

Method IoU | DSC (PA) IoU | DSC (Ao) IoU | DSC (SVC) Mean IoU | DSC FPS

STM 0.378 | 0.047 0.022 | 0.048 0.019 | 0.046 0.140 | 0.047 10.6

XMem 0.855 | 0.706 0.580 | 0.723 0.539 | 0.697 0.658 | 0.709 26.6

RVOS 0.962 | 0.792 0.648 | 0.811 0.651 | 0.782 0.754 | 0.795 22.7

STCN 0.975 | 0.936 0.756 | 0.932 0.741 | 0.873 0.824 | 0.914 24.4

Our method 0.995 | 0.946 0.850 | 0.969 0.841 | 0.934 0.895 | 0.950 31.2
Image Ground truth Segmentation

3

Fig. 4. Qualitative results for the segmentation of 3VV compared to the manually derived GT. These images have been manually overlapped (bottom) and 50% zoomed in to
contrast differences for illustrative purposes. The red, green, and blue colour codes represent the PA, Ao, and SVC, respectively. (For interpretation of the references to colour in

this figure legend, the reader is referred to the web version of this article.)

Table 2

For brevity, we provide a breakdown sample of performance case-based for 30 of the subset of tested US
videos. The first column shows the list of participants, followed by classification sensitivity and specificity.
The result of the performance from the videos not listed is 1.0.

Participants

Sensitivity Specificity

PNO191, PNO195, PN0197, PN0198, PN 0199, PN 0202, PN 0203,

PN0204, PN0205, PN 0206, PN 0207, PN 0208, PN 0213, PA0458, 1.0 1.0
PA0516, PA0769, PA0812, PA0900, PA0962, PA0975, PA1057,

PA1133, PA1150, PA13717, PA1485, PA1509, PA1601, PA1624

PN0214 0.85 1.0
PN0193 0.96 1.0
Average 0.99 1.0
SD 0.02 0.0

0.037 for Ao, and 0.061 for SVC) and 4.6 FPS compared to XMem.
Qualitative evaluation confirms that the method’s segmentation is more
precise than other methods in segmenting, such as the valve location
and underlying vessels.

Fig. 4 presents qualitative results from a challenging segmentation
case. This image contains a shadow from the fetal rib running along
the length of the pulmonary artery. Such a case may be difficult to
segment for a human due to the poor border definition of vessels
and their structures. The correct vessel size is important in clinical
practice, as a disproportion between the great vessels is associated
with several congenital heart defects. For this example, our model
overestimates the dimension of the pulmonary artery compared to
the manually determined ground truth (GT). An explanation for this
difference between the two methods is that the pulmonary artery is
acoustically shadowed, giving an impression that the PA is larger than
it is physically. See Appendix A for a presentation of further qualitative
results.

4.2. Experiment 2
This experiment aimed to classify US videos as containing normal

or abnormal fetal anatomy. We performed US video classification using
the trained model, which reached the highest mean IoU and DSC in

Table 3

Sensitivity results for the introduction of mislabelled anchor frames at different
positions, where ‘No Frames’ stands for no mislabelled frames; ‘First frame’ stands
for mislabelling the first frame of the video; ‘Half Quartile’ stands for mislabelling the
frame at position 12.5% of the video; ‘Quartile’ stands for mislabelling the frame at
position 25% of the video.

No Frame First Frame Half Quartile Quartile Diff
Normal 0.996 0.939 0.942 0.940 0.023
SD 0.059 0.079 0.093 0.085 0.026
Abnormal 1.000 0.975 0.981 0.985 0.015
SD 0.000 0.031 0.027 0.025 0.025

experiment 1 and used Dataset-B as a testing dataset only. We also in-
vestigated the method’s tolerance to failure by deliberately mislabelling
the anchor frames.

4.2.1. Detection of abnormal US videos

Overall evaluation achieved a sensitivity of 0.99 (SD of 0.02) for
normal videos and 1.0 (SD of 0.0) for abnormal videos, and specificity
of 1.0 for both classes. Table 2 shows the breakdown of the video
assessment.



N. Hernandez-Cruz et al.

Frames:

WFUMB Ultrasound Open 2 (2024) 100075

Temporal Space for US Video PN0214

Fig. 5. Mislabelled frames in PN0214 (normal heart). Correct frames are represented in blue, and mislabelled frames are in red. US of the mislabelled frames (3, F10, and F17)
are shown above the timeline. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

Frames: NNNNNNENNNNNN NN NN NN NN NN NN NNNNNNNNNN

- 51

Temporal Space for Video PN0193

Fig. 6. Mislabelled frames in PN0193 (normal heart). Correct frames are represented in blue, and mislabelled frames are in red. A sample of the mislabelled US frames (F5 and
F8) is shown above the timeline. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

In the normal video PN0214, three frames were incorrectly labelled
as abnormal instead of normal; this happened due to acoustic shadows
generated from the ribs running across all images; Fig. 5 locates the
mislabelled frames (F3, F10, and F17) in the temporal space represen-
tation of the US scan video. This case is challenging even for a trained
sonographer. In PN0193, two frames were mislabelled; in these frames,
the aorta (Ao) appears smaller than the pulmonary artery (PA), which
corresponds to an abnormal heart; a clinical expert (OP) confirmed that
this occurred due to the fetal motion during scanning. Fig. 6 locates the
mislabelled frames (F5, and F8) in the temporal space representation
of the US scan video.

4.2.2. Tolerance to failure

The method follows the one-shot approach [26], where the first
frame of the video (anchor frame) is paired with a manual segmen-
tation of the fetal heart anatomical structures in that frame. In this
experiment, we investigate the tolerance to failure of the method by
mislabelling the anchor frame. Mislabelled anchor frames were defined
by labelling extra vessels where normal US videos would appear abnor-
mal, and abnormal US videos would appear normal. Mislabelled frames
were placed at different temporal positions in the video: the first frame,
the frame at position 12.5% of the video (half quartile), and the frame

at position 25% of the video (quartile). We used the 30 US videos from
Dataset-B (15 normal videos and 15 abnormal videos) for evaluation.

Table 3 shows the results for normal and abnormal US videos when
anchor frames are mislabelled. We observed that when the anchor
frames mislabelled anatomical structures like the ventricles (in addition
to the expected three vessels in the 3VV; PA, Ao, and SVC), method
sensitivity decreases by an average of 0.023 (SD 0.026) and 0.015 (SD
0.025) for normal and abnormal US videos respectively. We noted that
the highest decrement occurred when the anchor frame at the diastole
phase of the cardiac cycle was mislabelled (see Fig. 7).

In this assessment of tolerance to failure, we observed that the
classification sensitivity varies across the four variations in Table 3 (no
frame, first frame, half quartile, and quartile) because the morphologi-
cal appearance of heart anatomical structures, like ventricles, changes
over the fetal cardiac cycle. Fig. 7 illustrates the changes in ventricle
appearance.

5. Conclusion
We developed a method to segment the fetal heart anatomy in the

3VV and classify real-world US videos of the fetal heart as normal
or abnormal. We note two limitations of the current approach. First,
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Ventricular systole

Ventricular diastole

One cardiac cycle

Fig. 7. Image (A) shows the morphological changes of a mislabelled heart vessel. Images in (B) show the segmentations generated by the method followed by their respective US
image in (C). The leftmost column shows the smallest mislabelled vessel during the (1) end-diastolic phase of the cardiac cycle — when the heart’s ventricles are filled with blood
just before they contract. (2, 3) Shows the changes along the transition to the systole phase of the cardiac cycle. The right-most images (4) show the mislabelled heart vessels are
the biggest size at the end-systolic cardiac phase when the ventricles have contracted and ejected the blood.

the method assumes the existence of an anchor frame to segment the
vessels in the US video; second, the data used in the study consisted
of 50 abnormal case videos, a restriction imposed by data availability
at the time of doing this work. Although this is a good number for an
initial study, a larger abnormal dataset is needed to capture expected
variability in abnormal case videos. In future work, we plan to extend
our method to automatically generate the anchor frame segmentations
and report results on more abnormal case US videos. In principle, our
method is translatable to low-resource settings where fetal echocardiog-
raphy experts are unavailable due to the simple acquisition protocol. In
the future, this could aid in adopting clinical US pregnancy assessments
in areas where trained sonographers are scarce or non-existent.
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Appendix A. Comparison of methods qualitative results

Table 4 shows a sample of qualitative results of our method seg-
mentation compared to the ground truth and state-of-the-art methods
for four participants not seen by the model. Qualitative evaluation
confirms that our method’s segmentation is more precise than the
other methods in showing the valve location and underlying vessels.
Our method’s segmentations align with ground truth, demonstrating its
reliability in delineating vessel boundaries across the different frames
from the video clips.

Appendix B. Breakdown of participants and US systems used

Tables 5-8 show a breakdown of participants’ US machines used
during scanning and pathologies. Each participant’s identifier consists
of six characters: the first character represents the participant, the
second indicates pathology (‘N’ for normal and ‘A’ for abnormal),
and the third is followed by four arbitrary digits. US machine mod-
els included General Electric Voluson (E8, E10, and S10), Fujifilm
(ARIETTA 850), Samsung (HERA-W10), Sonoscape (P60), and Canon
(TUS-AI800). Pathologies included hypoplastic left heart syndrome
(HLHS), tetralogy of Fallot with left aortic arch (TOF-LAA), com-
plete transposition of the great arteries with the intact interventricular
septum (TOF-IVS), and coarctation of the aorta (COA).
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Table 4
Qualitative results. The original fetal heart ultrasound frame is shown in the first row, followed by the ground truth
(GT) and the segmentation results from the state-of-the-art methods.

PNO0051 PN0154 PN0178 PNO0170

S

us

GT

STM

XMem

RVOS

STCN

Ours

Table 5

This table outlines participants and the ultrasound system used for scanning, corresponding to normal US video diagnoses.
Participant Diagnosis Machine Manufacturer Machine Model Machine Serial Number Software Version
PN0004 Normal General Electric Voluson E10 E81395 21.x.x VE
PN0005 Normal General Electric Voluson E10 E81395 21.x.x VE
PN0008 Normal General Electric Voluson E8 E39416 18.x.x VE
PN0021 Normal General Electric Voluson E10 E81395 21.x.x VE
PN0022 Normal General Electric Voluson E10 E81395 21.x.x VE
PN0023 Normal General Electric Voluson E10 E81395 21.xx VE
PN0024 Normal General Electric Voluson E10 E81395 21.x.x VE
PN0027 Normal General Electric Voluson E10 E81395 21.x.x VE
PN0030 Normal General Electric Voluson E8 E39416 18.x.x VE
PN0031 Normal General Electric Voluson E8 E39416 18.x.x VE
PN0039 Normal General Electric Voluson E8 E39416 18.x.x VE
PN0042 Normal General Electric Voluson E10 E81395 21.x.x VE
PN0058 Normal General Electric Voluson E10 E81395 21.xx VE
PN0059 Normal General Electric Voluson E10 E81395 21.x.x VE
PN0071 Normal General Electric Voluson E8 E39416 18.x.x VE

(continued on next page)
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Table 5 (continued).
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Participant Diagnosis Machine Manufacturer Machine Model Machine Serial Number Software Version
PNO0078 Normal General Electric Voluson E10 E81395 21.x.x VE
PN0079 Normal General Electric Voluson E10 E81395 21.x.x VE
PN0083 Normal General Electric Voluson E10 E81395 21.x.x VE
PN0091 Normal General Electric Voluson E10 E81395 21.x.x VE
PN0092 Normal General Electric Voluson E10 E81395 21.x.x VE
PN0095 Normal General Electric Voluson E10 E81395 21.x.x VE
NO110 Normal General Electric Voluson E10 E81395 21.x.x VE
PNO0129 Normal General Electric Voluson E10 E81395 21.x.x VE
PNO0135 Normal General Electric Voluson E10 E81395 21.x.x VE
PNO0140 Normal General Electric Voluson E10 E82066 21.x.x VE
PNO0141 Normal General Electric Voluson E10 E82066 21.x.x VE
PNO142 Normal General Electric Voluson E10 E82066 21.x.x VE
PNO0143 Normal General Electric Voluson E10 E82066 21.x.x VE
PN0145 Normal General Electric Voluson E10 E82066 21.x.x VE
PNO0159 Normal General Electric Voluson E10 E81395 21.x.x VE
PNO0175 Normal General Electric Voluson E10 E81395 21.x.x VE
PNO0176 Normal General Electric Voluson E10 E81395 21.x.x VE
PN0177 Normal General Electric Voluson E10 E81395 21.x.x VE
PNO0183 Normal General Electric Voluson E10 E81395 21.x.x VE
PN0192 Normal General Electric Voluson E10 E81395 21.x.x VE
PN0206 Normal General Electric Voluson E10 E81395 21.x.x VE
PN0207 Normal General Electric Voluson E10 E81395 21.x.x VE
PN0208 Normal General Electric Voluson E10 E81395 21.x.x VE
PN0213 Normal General Electric Voluson E10 E81395 21.x.x VE
PN0214 Normal General Electric Voluson E10 E81395 21.x.x VE
PNO0191 Normal General Electric Voluson E10 E81395 21.x.x VE
PN0193 Normal General Electric Voluson E10 E81395 21.x.x VE
PN0195 Normal General Electric Voluson E10 E81395 21.x.x VE
PNO0197 Normal General Electric Voluson E10 E82066 21.x.x VE
PNO0198 Normal General Electric Voluson E10 E82066 21.x.x VE
PNO0198 Normal General Electric Voluson E10 E82066 21.x.x VE
PN0202 Normal General Electric Voluson E10 E81395 21.x.x VE
PN0203 Normal General Electric Voluson E10 E81395 21.x.x VE
PN0204 Normal General Electric Voluson E10 E81395 21.x.x VE
PN0205 Normal General Electric Voluson E10 E81395 21.x.x VE
Table 6

This table outlines participants and the ultrasound system used for scanning, corresponding to hypoplastic left heart syndrome

(HLHS) US video diagnoses.

Participant Diagnosis Machine Machine Model Machine Serial Number Software Version
Manufacturer

PA0403 HLHS Fujifilm ARIETTA 850 NA 20200530
PA0458 HLHS Fuyjifilm ARIETTA 850 NA 20200530
PAO516 HLHS Fujifilm ARIETTA 850 NA 20200530
PA0525 HLHS Fujifilm ARIETTA 850 NA 20200530
PA0769 HLHS Canon TUS-AI800 5LB2082031 V6.5 SP0004*
PA0868 HLHS Canon TUS-AI800 AED1722087 V2.3 SP0102*
PA0869 HLHS Canon TUS-AI800 AED1722087 V2.3 SP0102*
PA0900 HLHS Canon TUS-AI800 AED1722087 V2.3 SP0102*
PA0962 HLHS Canon TUS-AI800 AED1722087 V2.3 SP0102*
PA0975 HLHS Canon TUS-AI800 AED1722087 V2.3 SP0102*
PA1063 HLHS Canon TUS-AI800 AED1722087 V2.3 SP0102*
PA1101 HLHS Canon TUS-AI800 AED1722087 V2.3 SP0102*
PA1176 HLHS Canon TUS-AI800 AED1722087 V2.3 SP0102*
PA1359 HLHS Canon TUS-AI800 AED1722087 V2.3 SP0102*
PA1370 HLHS Canon TUS-AI800 AED1722087 V2.3 SP0102*
PA1469 HLHS Canon TUS-AI800 AED1722087 V2.3 SP0102*
PA1638 HLHS Canon TUS-AI800 AED1722087 V2.3 SP0000*
PA1639 HLHS Canon TUS-AI800 AED1722087 V2.3 SP0000*
PA1693 HLHS Canon TUS-AI800 AED1722087 V2.3 SP0000*
PA1718 HLHS Canon TUS-AI800 AED1722087 V2.3 SP0000*

Appendix C. Models technical specifications

We used different models to investigate the performance of CNN-
based video processing, including Space-Time Memory network (STM),
Long-Term Video Object Segmentation with an Atkinson-Shiffrin Mem-
ory Model (XMem), Recurrent Network for Video Object Segmentation
(RVOS), Space-Time Convolutional Network with improved memory

coverage (STCN), and our method. In Table 9, we provide computa-
tional requirements specifically for implementing (inference), includ-
ing the number of parameters, size, and minimum resources; these
resources encompass GPU memory, CPU, and RAM, as detailed below:

GPU Memory (VRAM): A general rule of thumb is to have enough
VRAM to accommodate the model size and input data, with a
buffer for intermediate activations. This can often be 1.2 to 1.5
times the model size.
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Table 7

WFUMB Ultrasound Open 2 (2024) 100075

This table outlines participants and the ultrasound system used for scanning, corresponding to tetralogy of Fallot with left
aortic arch (TOF-LAA) and complete transposition of the great arteries with the intact interventricular septum (TOF-IVS).

Participant Diagnosis Machine Machine Model Machine Serial Number Software Version
Manufacturer
PA0273 TOF-LAA Fujifilm ARIETTA 850 NA 20200530
PA0273 TOF-LAA Fuyjifilm ARIETTA 850 NA 20200530
PAO500 TGA-IVS Fujifilm ARIETTA 850 NA 20200530
PA0O521 TGA-IVS Fujifilm ARIETTA 850 NA 20200530
PA0703 TGA-IVS General Voluson E10 E66394 17.x.x VE
Electric

PA0739 TGA-IVS Fujifilm ARIETTA 850 NA 20200530
PA0799 TOF-LAA Canon TUS-AI800 AED1722087 V2.3 SP0102*
PAO812 TOF-LAA Canon TUS-AI800 AED1722087 V2.3 SP0102*
PA0837 TGA-IVS Canon TUS-AI800 AED1722087 V2.3 SP0102*
PA0942 TOF-LAA Canon TUS-AI800 AED1722087 V2.3 SP0102*
PA1057 TGA-IVS Canon TUS-AI800 AED1722087 V2.3 SP0102*
PA1061 TOF-LAA Canon TUS-AI800 AED1722087 V2.3 SP0102*
PA1377 TOF-LAA Canon TUS-AI800 AED1722087 V2.3 SP0102*
PA1485 TGA-IVS Canon TUS-AI800 AED1722087 V2.3 SP0102*
PA1509 TGA-IVS Canon TUS-AI800 AED1722087 V2.3 SP0000*
PA1577 TGA-IVS Canon TUS-AI800 AED1722087 V2.3 SP0000*
PA1590 TGA-IVS Canon TUS-AI800 AED1722087 V2.3 SP0000*
PA1601 TOF-LAA Canon TUS-AI800 AED1722087 V2.3 SP0000*
PA1603 TOF-LAA Canon TUS-AI800 AED1722087 V2.3 SP0000*
PA1801 TOF-LAA Fujifilm ARIETTA 850 NA 20200530

Table 8

This table outlines participants and the ultrasound system used for scanning, corresponding to coarctation of the aorta (COA).

Participant Diagnosis Machine Machine Model Machine Serial Number Software Version
Manufacturer

PA0322 COA Fujifilm ARIETTA 850 NA 20200530

PA0499 COA Fujifilm ARIETTA 850 NA 20200530

PAQ767 COA Samsung HERA W10 BS100AHKB NA

PA0967 COA Canon TUS-AI800 AED1722087 V2.3 SP0102*

PA1133 COA Canon TUS-AI800 AED1722087 V2.3 SP0102*

PA1150 COA Canon TUS-AI800 AED1722087 V2.3 SP0102~

PA1223 COA Canon TUS-AI800 AED1722087 V2.3 SP0102*

PA1423 COA Canon TUS-AI800 AED1722087 V2.3 SP0102*

PA1425 COA SonoScape P60 NA NA

PA1624 COA Canon TUS-AI800 AED1722087 V2.3 SP0000*
Table 9

Technical specifications of CNN-based video processing methods. The first column lists the input size in pixels, the second
column presents the number of parameters in millions, and the third column presents the size of the parameters in megabytes.
The rightmost column estimates the minimum computational requirements needed for implementation.

Method Input (px) Parameters (M) Size (MB) Requirements

STM 224 x 224 39 148 GPU: 3-4 GB, CPU: 4 cores, RAM: 4-8 GB
XMem 512 x 512 62 237 GPU: 4-6 GB, CPU: 4-6 cores, RAM: 8-12 GB
RVOS 448 x 448 30 114 GPU: 3-4 GB, CPU: 4 cores, RAM: 4-8 GB
STCN 224 x 224 54 208 GPU: 4-6 GB, CPU: 4-6 cores, RAM: 8-12 GB
Our method 512 x 512 74 285 GPU: 6-8 GB, CPU: 4-8 cores, RAM: 12-16 GB

[4]

+ CPU: A multi-core CPU is generally recommended. At least 4-8
cores with a clock speed of 3.0 GHz or higher are advisable for
handling preprocessing and data loading.

+ System RAM: The system RAM should also be sufficient to handle
the processed data. A good estimate would be 1.2 to 1.5 times the
model’s size.
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