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A B S T R A C T

Fetal echocardiography (ultrasound of the fetal heart) plays a vital role in identifying heart defects, allowing
clinicians to establish prenatal and postnatal management plans. Machine learning-based methods are emerging
to support the automation of fetal echocardiographic analysis; this review presents the findings from a literature
review in this area. Searches were queried at leading indexing platforms ACM, IEEE Xplore, PubMed, Scopus,
and Web of Science, including papers published until July 2023. In total, 343 papers were found, where 48
papers were selected to compose the detailed review. The reviewed literature presents research on neural
network-based methods to identify fetal heart anatomy in classification and segmentation modelling. The
reviewed literature uses five categorical technical analysis terms: attention and saliency, coarse to fine, dilated
convolution, generative adversarial networks, and spatio-temporal. This review offers a technical overview for
those already working in the field and an introduction to those new to the topic.
1. Introduction

Congenital heart defects (CHDs) are the leading cause of neonatal
mortality due to birth defects [1], and affect up to 1.2% of live births
worldwide [2]. Early detection of CHDs during fetal life is important
because it allows an appropriate plan to be made, such as birth in a
proper centre equipped to deal with the condition. Evidence suggests
that infants diagnosed after birth are less likely to survive (both before
and after heart surgery) and are more likely to have adverse long-term
neurological outcomes than those diagnosed prenatally [3].

Assessment of the fetal heart is an integral part of the routine
obstetric scan offered to all pregnant women and usually takes place
around 20 weeks as part of the routine anatomical survey [4] using
fetal echocardiography. This well-established clinical technique uses
prenatal ultrasound imaging to evaluate the fetal heart and nearby
connected blood vessels [5,6].

Fetal echocardiography is non-invasive and allows real-time data ac-
quisition; it is reliable, safe, and inexpensive [7]. It has evolved with the
introduction of spectral, colour Doppler [8] and three-dimensional (3D)
imaging [9]. However, despite all these advantages and forming a core
component of routine fetal ultrasound, it has been estimated that prena-
tal CHD detection is missed in approximately half of all cases [10]. Fetal
echocardiography in clinical settings remains highly human-dependent,
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requiring the operator to know the fetal anatomy, excellent hand-eye
coordination to acquire informative images [11], and the ability to
recognise heart defects (see Fig. 1). Research suggests that the most
frequent reasons a CHD is not diagnosed during a second-trimester
routine scan are the incorrect acquisition of echocardiographic images
or inadequate interpretation of the images acquired [10].

To overcome these deficiencies in image acquisition, detection,
and recognition of CHDs, researchers have been investigating the in-
tegration of machine learning-based algorithms into fetal ultrasound
examination, showing early promising results in clinical image and
video analysis, for instance [12–17] (see also Appendix C for details
of the reviewed literature).

Several reviews and surveys have been published, for example, [11,
14,16,17] focused on the subject of machine learning-based appli-
cations in the medical domain, addressing the topic from a clinical
perspective, with a brief discussion of machine learning methodology.
Reviews such as [13,18] summarise literature on the automation of
echocardiogram analysis, providing technical insights but are primarily
centred on the analysis of adult echocardiograms. Others, such as [19],
offer an informative review; however, due to its broad scope, it ded-
icates less than 900 words to discuss technical insight on machine
learning techniques for the analysis of fetal heart images and videos,
which is the main focus of our review. Reviews like [15] briefly discuss
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Fig. 1. Overview of implementing machine learning to support clinical decision-making. Echocardiographic acquisition uses three techniques: B-mode, colour Doppler and 3D
modalities (Top left). Screening is undertaken by imaging five standard echocardiographic views: situs, four-chamber (4CH), left ventricular outflow tract (LVOT), three-vessel
(3VV), three-vessel and trachea (3VT) views (top right). At the bottom, a generic image processing workflow is shown: Data Gathering, as the process of acquiring data, and Data
Curation, as the process of enhancing informative image features. Through machine learning-based image analysis (Feature Extraction, Feature Characterisation) and interpretation
(Interpretation of Data), automated machine learning-based analysis has the potential to assist in identifying anatomical defects in the fetal heart.
the technical aspects of the machine learning methods. Contrary to
the above reviews and surveys, our review paper summaries studies
focused on automated fetal echocardiography image and video analysis,
emphasising the technical contributions of the reviewed literature.
Our review aims to answer the research question, ‘‘What neural net-
work machine learning methods and fetal heart anatomical structures
have been researched to analyse fetal echocardiographic images and
videos?’’. It adds to the existing literature by providing:

• A technical scoping review of machine learning methods for
automated fetal echocardiographic images and video analysis.

• A taxonomy of methods used in studies and the datasets found
in the reviewed literature on automated analysis of fetal echocar-
diographic images and videos.

2. Methodology

The reviewed literature was analysed as a scoping report [20]
following Okali and Schabram’s guide, a methodology which aims
to produce a comprehensive review and discussion of the existing
literature in the field of information systems [21].

2.1. Protocol & training

Authors NH, OP, CT, ATP, and JAN collaborated on this scoping
review paper. With expertise in computational clinical image analysis,
NH, CT, and JAN led the technical contributions. OP, with expertise in
fetal cardiology, and AP, with expertise in obstetrics and fetal medicine,
led the clinical contributions. Additionally, AN and ATP provided
guidance and oversight throughout the research process.

NH conducted the initial literature search across multiple databases,
systematically retrieved relevant papers based on pre-determined
search terms, and screened titles and abstracts to identify poten-
tially eligible papers. Throughout the review process, NH, OP, and CT
2 
assessed the quality and relevance of the included papers using es-
tablished appraisal criteria. Any disagreements were resolved through
discussions.

2.2. Searching the literature

Searches were restricted to journals and conference proceedings
with a technological and scientific orientation at ACM, IEEE Xplore,
PubMed, Scopus, and Web of Science databases.

The literature search consisted of four groups of keywords: (i) stage
of gestation (fetal, fetus, feticide, foetus, embryo, heart, cardiac), (ii)
ultrasound modality (echocardiography, echo, ultrasound, doppler),
(iii) data type (image, video, 3d, 4d), and (iv) computational analysis
approach (machine learning, artificial intelligence, neural network,
deep learning, expert system, knowledge engineering, intelligent re-
trieval) (queries are available at Appendix A). Searches were restricted
to papers written in English. There was no restriction on the publication
year. The last literature search update was conducted in July 2023.

2.3. Practical screening and quality appraisal

The retrieved papers were cross-referenced to avoid duplication,
then screened by title and abstract to ensure they fit within the scope
of interest, followed by full-text screening for quality appraisal. Find-
ings from the searched literature identified the early year of 2000 as
the beginning of research in fetal echocardiographic image analysis
using machine learning, with an increase in published literature since
2010, with the highest number of publications between 2019 − 2023.
This coincides with the introduction of CNNs in 1989 [22], the first
paper using CNNs for fetal echocardiographic image analysis [23] in
1999, and the AlexNet architecture [24] — first deep CNN referenced
a landmark in computer vision in 2012 leading to the adoption of
deep convolutional neural networks in computer vision tasks. We also
noticed that the keywords expert system, knowledge engineering, and



N. Hernandez-Cruz et al.

s

p
t
a

m

t
r
i
p
S

f
a
t

Computers in Biology and Medicine 186 (2025) 109666 
Fig. 2. Flow diagram illustrating the steps in the selection criteria for the papers included in this review.
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intelligent retrieval did not contribute to adding literature to our
earch. Despite their minimal impact, we retained these terms in the

search strategy to ensure the query remained broad enough to capture
otential interdisciplinary studies, as these concepts are closely related
o the broader topic in the group of keywords ‘‘(iv) computational
nalysis approach’’.

As shown in Fig. 2, a total of 342 papers were retrieved. We excluded
112 papers due to duplication across the databases. Following this, we
excluded 68 papers because their titles and abstracts did not suggest
using echocardiographic analysis and machine learning-based methods.
We read the remaining papers in full, from which we excluded 119
papers for not meeting five quality criteria: (1) the research objective
of the study is clear; (2) the research focuses on human medical images
or videos; (3) the use of machine learning algorithms is clear; (4)
the study includes sufficient details in the methodology, experiment,
and results; and (5) the study adds technical value to the existing
literature or showcases the applicability of machine learning methods
in the medical field. We also excluded papers consisting of research
in the adult heart and fetal plane/view detection, which would not
contribute to answering our research question or use cases with no

ethodological or technical contribution. Additionally, we added 5
papers identified from reference lists or otherwise not identified in
he original search (grey literature). This review concentrates on 48
elevant papers, i.e., 28 journal research papers, 12 research papers
n conference proceedings, and 8 review/survey papers. The relevant
apers were read in detail; we selected 20 papers to discuss in our main
ection 3 due to their insightful contribution to machine learning-based

fetal echocardiography analysis.

2.4. Data extraction

We examined the selected papers, focusing on understanding the
technical contribution and the data characteristics used. Information
regarding the technical methodology was summarised into four cate-
gories: (1) technical methodology, consisting of the machine learning
algorithm(s) used or extended to develop the claimed contribution.
(2) machine learning tasks used to identify and locate specific areas
of the heart where the defects are present; tasks include instance
segmentation (IS), object detection (OD) and image classification (IC).
(3) results, and (4) contribution.

Information regarding the data characteristics was summarised into
ive categories to facilitate understanding of the research application
nd assess the extent to which findings generalise: (1) medical condi-
ion, i.e. the specific CHD being examined. (2) fetal echocardiographic

standard views. (3) fetal anatomical structure being researched, i.e. the
region of the heart analysed. (4) data characteristics details such as
sample size. (5) gestational age in weeks, as the stage of pregnancy
can have varying implications on development and imaging in CHDs.
Refer to Appendix D for a table with the taxonomy of datasets in the
reviewed literature.
3 
2.5. Analysis of findings

The information extracted in the previous step of the literature
rotocol was used for analysis and interpretation by contrasting and
dentifying technical attributes and similarities in the reviewed lit-

erature. Findings indicated that research focuses on improving fea-
ure extraction methods for machine learning-based segmentation and
lassification tasks. Seven categories emerged: architectures, attention
nd saliency, coarse to fine, dilated convolution, generative adversary
etwork, spatio-temporal, and texture feature.

The category of architectures refers to papers evaluating the per-
formance of state-of-the-art backbones using fetal echocardiographic
images, including ensemble architectures. The attention and saliency
analysis category relates to methods that include drawing attention
to visually salient areas, helping to highlight regions that may con-
tain visual clues, and helping the machine model make a decision.
Coarse-to-fine refers to methods where a neural network architecture
processes an image by progressively analysing and refining the infor-
mation at different levels of abstraction. Dilated convolution analysis
refers to methods that help generate increased-resolution feature maps,
enabling more comprehensive context information extraction without
introducing additional parameters to the neural networks. Generative
adversarial networks refer to learning deep representations without
extensive annotated training data; this enables them to mitigate overfit-
ting and capture data distributions, simplifying image generation tasks.
Texture feature analysis refers to converting visual features extracted
from images into a structured representation similar to textual data.
Spatio-temporal analysis refers to the combined analysis of spatial and
temporal dimensions in video.

We decided to omit two categories for detailed discussion: (1) archi-
tecture — as this category encompasses known architectures applied to
fetal echocardiographic images without modification, and (2) texture
feature analysis — as such reported methods were considered not as
up-to-date as more recent deep learning methods. These studies are
not discussed further but are included in Appendix C for reference and
completeness.

3. Technical methodology categorisations

This section organises the reviewed literature according to our five
methodology categories. Fig. 3 illustrates how machine learning tasks
ike instance segmentation of anatomical heart structures, image clas-

sification (including plane detection of fetal hearts following the FASP
rotocol1), and object detection of anatomical heart structures, are

distributed across these five categories. Refer to Appendix B for a list
f acronyms and abbreviations of clinical conditions and terminology

used in this section.

1 https://www.gov.uk/government/publications/fetal-anomaly-screening-
programme-handbook/20-week-screening-scan

https://www.gov.uk/government/publications/fetal-anomaly-screening-programme-handbook/20-week-screening-scan
https://www.gov.uk/government/publications/fetal-anomaly-screening-programme-handbook/20-week-screening-scan
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Fig. 3. Summary of instance segmentation, image classification, and object detection tasks across the technical methodology categorisation surveyed in this paper.
Fig. 4. Illustration of the residual channel attention (RCA) block based on [28].
3.1. Attention and saliency

Attention and saliency analysis has been used by researchers in the
segmentation and detection of heart structures. These analyses can help
identify and visualise important features of an image by employing
methods that highlight regions visually salient [25]. In CHD detection,
saliency maps can draw attention to regions with abnormalities or
findings associated with heart conditions [26]. Researched methods
include integrating residual channel attention blocks to explore inter-
channel interactions of feature maps [27,28] and using attention maps
as a metric for continuously training models [29].

The work in [27] used the segmenting objects by locations (SOLO-
v2) [30], an instance segmentation method with category and mask
branches. The category branch predicts the instance’s class, and the
mask branch creates its segmentation mask. The reviewed paper ex-
tended SOLO-v2 by adding an attention branch, which takes the fusion
of a feature pyramid network (FPN) feature map (levels P2, P3, P4,
P5, P6), which contains deep and shallow semantic information as
input. The method achieved an average Dice coefficient of 0.78 with
an average precision of 0.46 for heart structure segmentation in the
4CH for the clinical conditions NAHS, AVSD, EA, FCR, HLHS, PA/IVS,
and TAPVC.

The work in [28] integrated an attention mechanism [25] into
their neural network backbone. This enhancement aimed to enhance
feature extraction for heart structures while disregarding irrelevant
background features. The method includes a residual channel attention
(RCA) module and a residual spatial attention (RSA) module to consider
spatial context and channel interactions. In the RCA block (Fig. 4),
global average pooling forms a channel descriptor 𝐼𝐶 . A two-layer
CNN and gating mechanism generate a logical channel structure 𝑈𝐶 .
A weighted sum of 𝑈𝐶 and the original feature map 𝑀 produces a
temporary channel attention map. This is added to 𝑀 via a residual
connection to create the final channel attention map 𝑈 . The RSA block
(Fig. 5) uses a convolutional layer to produce a spatial descriptor 𝐼𝑆 ,
which forms a logical spatial structure 𝑈 .
𝑆

4 
In the RSA block, the spatial information is combined with the
input feature maps to create a temporary spatial attention map using a
weighted sum. Like the RCA block, the RSA block adds this temporary
map to the input feature map. This combined result is passed through
a residual connection to produce the final spatial attention feature map
𝑈 showing where to highlight or suppress. Results achieved an F1 score
of 0.94 for heart structure detection in the 4CH of the NAHS clinical
condition.

Other work, like [29], used a class activation mapping with the
gradient-weighted class activation mapping (GradCAM) [31] to gen-
erate attention maps. The underlined strategy consists of using the
attention maps as a metric for assessing the models’ ability to learn
from unseen classes, thus enabling the adaptation capabilities of models
in the lifelong learning [32] approach. For a loss function, the method
implements a dual objective of minimising a shift on learnt represen-
tations in the form of prior logits in the final model layers using a
knowledge distillation approach [33] and performing a cross-entropy
classification on the current task classes. The method improved the
accuracy of 0.63 for heart structure detection in the 3VT, 3VV, 4CH,
and LVOT of the NAHS clinical condition.

3.2. Coarse to fine

Coarse-to-fine analysis has been researched for heart structure seg-
mentation. The idea behind coarse-to-fine analysis is to break down
a complex analysis into simpler analyses, each focusing on a different
level of detail. At the initial coarse level of a network, layers may cap-
ture global features; the network refines these features as the data flows
through subsequent layers, incorporating more localised and high-level
details [34]. Researched methods include combining architectures with
different classification strategies [34–36], or joining them with fusion
techniques [37].

The work in [35] joined two consecutive U-Nets [38], wherein the
initial network incorporates a coarse loss function, and the subsequent
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Fig. 5. Illustration of the residual spatial attention (RSA) block based on [28].
Fig. 6. Illustration of the cascaded of U-Nets based on [35], where each network consists of three types of layers, max-pooling, transposed, and convolutional. The decoder is
symmetrical to the encoder, and a skip connection connects the encoder’s feature maps with the decoder’s feature maps.
network employs a fine loss function (Fig. 6). The loss function consists
of the structural similarity index (SSIM) [39], which learns structural
information. Each layer from the networks comprises three operations:
convolution, instance normalisation, and application of a ReLU ac-
tivation function. The first network performs a coarse segmentation
and sends the extracted features to the second network for further
segmentation refinement. To address the inherent problem of vanishing
gradients caused by the cascaded networks, the method used a two-fold
process: first, by adding auxiliary supervision of the first network, and
second, by redesigning an inter-network connection from the encoder
layers of the first network to the encoder layers of the second network.
The method avoids connecting the networks from the first decoder to
prevent prior information of shallow layers from being preserved and
transferred to deeper layers, which can affect the characterisation of
the heart structure. The method achieved an average Dice coefficient
of 0.86, a Hausdorff distance of 3.31, and a pixel accuracy of 0.93
for heart structure segmentation in the A4CH of the NAHS clinical
condition.

The work in [36] used a method consisting of two network mod-
els (called super and sub) with different classification strategies. The
super-model is a coarse classification consisting of convolutional layers
leading to a temporal-marching recurrent stage using long short-term
memory (LSTM) layers to classify video sequence input into pre-defined
top-level classes. The model output comprises SoftMax probabilities,
combined and averaged for a batch of inputs to determine the coarse
or top-level class. This approach differs from traditional classification
pipelines like in [34], where each input is classified separately. The
sub-model consists of a fine classification implemented by a set of
sub-models representing each coarse class the super-model has been
pre-trained with. The two models are pre-trained for classification with
convolutional and fully-connected architectures and initialised in a
5 
Xavier-improved schema [40]. Results showed an accuracy of 0.72 for
heart structure detection in the 3VT, 3VV, 4CH, and LVOT for the
clinical conditions NAHS, ASD, ECD, FCR, HLHS, PA/IVS, and TAPVC.

Similarly, the work in [37] designed a method consisting of two
interactive branches, coarse and fine, joined over the fusion of features.
As shown in Fig. 7, the coarse branch processes the input as a complete
image, and the fine branch processes the input in image patches.
Branches are designed using dual-path chains as the building block,
consisting of a three-layer CNN, followed by a gated axial-transformer
encoder inspired by Axial-DeepLab [41], and upsampling layers, where
the gated axial-transformer encoders consist of learnable parameters
that enable the network to be used for any size data set. The coarse and
fine branches simultaneously extract high-level semantic information
and spatial dependencies among image patches. Respective features are
fused over pixel-wise addition, obtaining precise contour information
of the segmented objects. The method uses two dual-path chains to
control how much information the positional embedding learns. Results
showed an F1 score of 0.97 and an intersection over union (IoU) of
0.94 for heart structures segmentation in the 4CH of the NAHS clinical
condition.

3.3. Dilated convolution

Dilated convolution has been researched for heart structure detec-
tion and segmentation. It can help generate higher-resolution feature
maps, enabling more comprehensive context information extraction
without introducing additional parameters to the neural networks.
Incorporating dilated convolutions into a network architecture allows
it to capture a broader range of spatial dependencies and enhances
the model’s ability to understand intricate details within the input
data [42]. Nevertheless, excessively high dilation rates can result in an
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Fig. 7. Illustration of the architecture consisting of four dual-path chains based on [37].
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overly receptive field [43], potentially impeding the model to capture
local details or subtle variations in the input [44]. Researched methods
nclude strategies like finding the balance between local and global

context [44,45], and the use of different dilation rates [42].
Finding an appropriate balance between local and global context

is key to ensuring accurate and meaningful representations. For exam-
le, the work in [45] used a series of dilated convolutions organised

sequentially to achieve the saw-tooth wave-like effect [46] (see Figs. 8
and 9), helpful to expand the receptive field progressively, allowing the
network to improve local information utilisation by capturing multi-
cale contextual information simultaneously. In addition to the dilated
etwork, the method proposes a fine-grained network consisting of con-
olutional and transposed convolutional layers inspired by the U-Net
rchitecture. The method mitigates unwanted distortions and enhances
he quality of the input data, facilitating the accurate localisation of
he targeted heart structures and enabling the segmentation in images
ith poorly defined boundaries. The method enables the propagation
f the underlying information that might be lost in higher-resolution
ayers, which can delineate heart structure details for more precise
egion boundary segmentation. The method achieved a Dice coefficient
f 0.83, pixel accuracy of 0.93, and AUC of 0.99 for heart structure
egmentation in the A4CH of the NAHS clinical condition. These are
roadly similar to the results achieved in [44] that used a method to
ncrease the receptive fields and prioritise intricate details using spatial
yramid pooling (SPP) [47] block, which combines multi-scale features

by employing multiple parallel filters in a dilated convolution man-
ner. SPP uses dilated convolutions with different dilation rates, which
enables the original image with multiple filters to complement the
receptive fields, thus capturing useful image context at multiple scales.
The latter method suggests using a multi-class dice coefficient as the
loss function and then adding binary cross-entropy loss as a constraint
on each pixel to improve the performance when implementing SPP. The
method achieved an average for IoU of 0.72, cross-entropy (CE) of 0.03,
and Dice coefficient of 0.90 for heart structures segmentation in the
4CH for the clinical conditions NAHS, EA, ECD, FCR, HLHS, PA/IVS,
and TAPVC.

The work in [42] used dilated convolution with different dilated
ates relevant to the heart structures (i.e., larger rates for structures

like the heart ventricles and atriums and small rates for structures like
the tricuspid and mitral valves) in combination with receptive field
locks (RFB) [48] to enhance the feature representation. The method
xplores the use of grouped and dilated convolutions in a bottleneck
tructure with three layers to achieve this. Experiments show that the
ethod improves the feature representation, making the detection of

natomical structures more accurate, reporting a mean average preci-
sion (mAP) of 0.94 without compromising inference speed for heart
tructures detection in the 4CH of the NAHS clinical condition.
6 
3.4. Generative adversarial networks

Generative adversarial networks (GANs) have been researched to
improve the classification of heart images, such as in-plane detection.
GANs are a type of machine learning that simultaneously trains two
etworks: one for image generation and the other for discrimination.
hey offer a way to learn deep representations without large amounts
f annotated training data, enabling them to capture data distribu-
ions [49]. However, GAN training can be challenging, as it requires

balancing the competition between the generator and discriminator
and mitigating potential issues like mode collapse, where the generator
fails to capture the full diversity of the training data, resulting in the
generator producing limited or repetitive samples. Researched methods
include adopting adversarial cycle learning [50], sub-adversarial losses
nd attention mechanisms [51].

The work in [50] presented a network referred to as DANomaly,
hich extends the adversarially learned one-class classifier architecture

ALOCC) [52] by incorporating adversarial cycle learning to train
an end-to-end one-class classification network. As shown in Fig. 10,
DANomaly consists of the raw and noise image model branches. The
raw image branch reconstructs images using the ALOCC architecture to
minimise the difference between the raw 𝐼 and reconstructed images
𝐼𝑂. A sub-adversarial loss is used to enhance the reconstruction ability.
The noise image branch reconstructs noise images and emphasises
their proximity to the raw images. The Encode–Decode from the noise
image branch trains a mapping relationship between the input 𝐼𝑂
and output images 𝑁𝑂. Thus, when representative samples train the
model, the reconstructed image of the outlier samples will be distorted
because the mapping relationship has been changed. When inputting
a noise image, the ideal reconstructed image should be close to the
raw image, not the noise image itself. DANomaly leverages the raw
image model to enhance the noise model’s classification capability by
improving the reconstruction performance. The various loss functions
encourage the relationship between the reconstructed and raw images,
resulting in better performance and accuracy. The network is then used
with an intact architecture that follows a Wasserstein GAN gradient
penalty (WGAN-GP) [53] for classification tasks achieving a perfor-
mance of 0.85 accuracy and AUC of 0.88 on the reported test data for
classification of 4CH images of the NAHS clinical condition.

Similarly, the work in [51] proposed a one-class classification
method to recognise out-of-distribution samples corresponding to fetal
earts diagnosed with CHDs. The method consists of an auto-encoding
enerative adversarial network (𝛼-GAN) model, where the discrimina-
or networks aim to learn the salient features of the heart area during
raining and generate an out-of-distribution score. As shown in Fig. 11,

the method includes two discriminators focusing on the latent feature
space and data, respectively. The latent feature space discriminator
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Fig. 8. Illustration exemplifying the dilated convolution at different rates.
Fig. 9. Illustration exemplifying the series of dilated convolutions organised sequentially, which aims to gain accurate localisation and grasp the global information based on [45].
Fig. 10. DANomaly network, which extends the ALOCC architecture based on [50].
a

consists of four linear layers with Leaky ReLU activation functions.
he method discriminates latent representations 𝐼𝐹 generated by the

encoder network from samples of a standard Gaussian distribution. The
data discriminator consists of four convolutional-batch normalisation-
ReLU layers. It takes the input image 𝐼 and the generated image 𝑅
and outputs a probability of the input being real or fake. The out-
of-distribution score is computed using a gradient-based method by
applying GradCam to the output of the data discriminator; it also
outputs an attention map useful to localise the CHDs. The intuition of
using attention maps for computing anomaly scores is based on the
hypothesis that after training, the discriminator learns to discriminate
between normal and abnormal samples and focuses on relevant features
n the image. Thus, in the case of a heart diagnosed with CHD, a
iscriminator should identify and locate the defects. This work reaches

an AUC of 0.81 to classify 4CH images of the HLHS and NAHS clinical
onditions.

3.5. Spatio-temporal

Spatio-temporal analysis has been researched for heart structure
etection and segmentation and the classification of images of the
eart, such as in-plane detection. Spatio-temporal refers to the com-
ined analysis of both spatial and temporal dimensions in the context
 c

7 
of video (moving images and motion patterns); it poses challenges due
to the complexity of accurately interpreting video and tracking motion
patterns [54]. Various methods have been reported, including adapting
recurrent neural networks (RNNs), extending YOLO-based networks,
nd fusing data [55–57,57–59].

For example, the work in [55] used RNNs within an architec-
ture design to propagate temporal information across video frames.
The method replaces the first layer from each sliding window of a
VGG-16 architecture with a recurrent layer. The recurrent layer is
a bi-directional RNN consisting of two separate LSTM hidden layers
that process the input sequence forward and backward. The inputs to
each LSTM layer contain convolutional features computed from the
current window at the current frame and a temporal vector from the
previous frame. The bi-directional RNN allows for two goals: first, it
allows each prediction to be conditioned on the same spatial location
over sequential frames; second, it works at a local, regional level of
the frames and can focus on local details of the heart, making it
discriminative for describing heart details. They achieved a location
error of 0.22 and a class error of 0.16 for the heart structures detection
in 3VV, 4CH, and LVOT of the NAHS clinical condition. Other works
like [56–58] used RNNs to detect the fetal heart and identify the
ardiac cycles as a classification task. The method in [57] integrated
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Fig. 11. Architecture of the 𝛼-GAN model based on [51].
o
d
r

f

three modules, first to extract the fetal heart based on target detec-
tion using the YOLO-v3 [60] architecture, second to retain temporal
ependency information, and third to add a classification strategy for
ocalising the phases of the cardiac cycle. The first module uses the

YOLO-v3 architecture. The second consists of fusion methods used
o retrain temporal dependency between images. The classification

module consists of three-category classes, including the cardiac cycle
phases (end-systolic and end-diastolic) and a middle phase representing
those images between phases, achieving an accuracy up to 0.95 frame

ismatch for the end-systolic and end-diastolic frames on correct sam-
les of classification of heart structures in A4CH, B4CH, P4CH of the
AHS clinical condition.

Similar to the application of neural networks for cardiac cycle de-
ection, [56] proposed a neural network consisting of two concatenated
etworks, where training data is in the form of linear interpolation

of the heart region to a sinusoidal curve as sin(𝑦𝑖), where 𝑦𝑖 = 𝜋
2

and 𝑦𝑖 = 3𝜋
2 represented the end-systolic and end-diastolic phases of

he cardiac cycle. The method used a feature extractor network of six
sequential convolutional layers alternated with a pooling operation and
batch normalisation layers. Logits from the first network concatenate
to a second consisting of four sequential RNNs, where each RNN, in
turn, returns the hidden state of the network and passes it onto the next
layer. The final layer then takes a channel-wise average of the hidden
states to determine the cardiac cycle phase, reporting a mean squared
error concerning the human-annotated ground truth of 0.18 for the
classification of 4CH images of the HLHS and NAHS clinical conditions.
Contrary to sinusoidal interpolation, in [58], this method used the
ariance between consecutive images to quantify motion. Specifically,
he method uses an optic flow network [61] trained using gradients of
mage sequences to train a model to detect cardiac motion. The method

used the architecture of FlowNet [62], which enables two branches, one
consisting of simple convolutional layers that process an image pair to
extract the motion information between them and a second one that
performs multiplicative patch comparisons feature maps to differentiate
between the end-systolic and end-diastolic phases of the cardiac cycle.
The paper presents qualitative results to identify the heart structure
motion in the PLAX of the NAHS clinical condition.

In addition to fetal heart detection, [59] focused on segment-
ing heart structures via a YOLO-v3-based architecture. The proposed
method differs from the classical two-stage (object detection and mask
prediction) instance segmentation (YOLO-v3) in that the segmentation
results of the two-stage approach are either overly dependent on
the detector’s performance or severe inter-class competition in mask
prediction. The model extends the traditional YOLO-v3 architecture
with a one-stage instance segmentation branch where the prediction

of the mask does not depend on the object detection task; the design
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includes a new multi-level non-maximum suppression (NMS) mecha-
nism to improve further the segmentation performance that consists
of three levels of selection. The output is a binary mask. As the
specific tasks of foreground determination, classification, localisation,
and segmentation focus on different content, the method decouples the
four tasks as four branches, ensuring that each task branch achieves
more accurate predictions. The intuition behind the model’s strategy is
that the object detection step’s accuracy heavily influences the quality
of the segmentation results. If the detector fails to detect an object
accurately or misses it altogether, the subsequent mask prediction will
also be compromised. This decoupling allows the model to learn more
specialised features for each task, avoiding potential confusion or errors
that might arise when these tasks are combined. Results report an
accuracy of 0.84 for heart structure segmentation in the 4CH of the
NAHS clinical condition.

4. Discussion and future directions

In this section, we discuss and present insight into future directions
n five interconnected topics: data accessibility, video analysis, data
imensionality, first trimester of gestation, and Doppler echocardiog-
aphy.

4.1. Data accessibility

Machine learning-based analysis requires large and diverse datasets
or training and testing. However, various factors hinder large-scale

data and annotation access, such as privacy laws and data regulations,2
acquisition or access costs, data heterogeneity due to multi-vendor
systems and standardisation of acquisition, and the rareness of certain
health conditions [2,63]. For instance, in the reviewed literature, none
of the selected papers made their data sets available for open-access.
In addition to this, we are only aware of two open access data sets3,4

of fetal heart echocardiography images and videos [64,65]. The open-
access data is available in portable network graphics (PNG) and joint
photographic group (JPG) format.

Throughout the reviewed literature, we noted common practices
included using JPG and PNG for image format, and MPEG-4 (MP4)
and audio video interleave (AVI) formats for videos. These formats
are common due to ultrasound machines’ anonymisation and export

2 https://www.gov.uk/data-protection
3 https://zenodo.org/records/3904280
4 https://sites.google.com/view/ped-life/data-sets

https://www.gov.uk/data-protection
https://zenodo.org/records/3904280
https://sites.google.com/view/ped-life/data-sets
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options. While digital imaging and communications in medicine (DI-
COM) files are the standard formats for medical imaging, current
ultrasound machines used in clinical practice do not offer DICOM files
nonymisation.

Another challenge with ultrasound data is that it is derived from
ifferent acquisition settings (medical vendor equipment and data man-

agement software). Neglecting these variations when designing ma-
hine learning models can lead to performance issues and reduced
eneralisability of the models.

Future directions to address the lack of data in fetal echocardiogra-
hy analysis could include synthetic data, self-supervised learning [66,

67], and federated analysis [68]. Data augmentation aims to generate
synthesised samples to augment a dataset. This augmentation technique
has been widely utilised and demonstrated to enhance model perfor-

ance by increasing the diversity and variability of the training data,
itigating heterogeneity and imbalance properties of some datasets,

nd thus improving generalisation [66]. Algorithm-level techniques
include self-supervised methods that leverage unlabelled data to learn
useful representations or features without requiring explicit supervision
or labelled examples [67]. Federated analysis may help develop fetal
echocardiography image and video analysis due to the opportunities to
stablish collaborations across different institutions without violating
rivacy regulations and is particularly relevant due to the rarity of some
HDs [68].

Federate learning has been investigated in applications such as
brain imaging [69–71], pulmonary imaging-related diseases [69,72,
73], among others (see references within [74]); nevertheless, there
eems to be scarcity evidence on the specific implementation of fetal

heart ultrasound analysis, and particularly in the topic of CHD [68].

4.2. Video availability

In clinical practice, storing fetal echocardiographic video may be
one for different purposes, such as reviewing to confirm the diagnosis,
eviewing discrepancies in diagnosis after birth/on postmortem, audit-
ng, and teaching. However, due to storage costs, video is not stored in
outine scanning in many clinical settings. The primary clinical focus
s often on immediate diagnosis, usually prioritising the documentation
f key findings, measurements, and diagnostic reports that can be
chieved through image storage rather than comprehensive storage of
ideo.

Research indicates potential benefits of automated echocardiographi
video analysis, such as simplifying scanning acquisition protocols [75],
allowing the visualisation and assessment of the fetal heart structure
and function, blood flow, and breathing movements [76]. The dynamic
valuation of fetal heart function can then support the monitoring of
he processes of maturation and development of the fetal central ner-
ous system, which has been proposed as a method for differentiating
etween normal and abnormal growth [77].

Future research could focus on leveraging the potential benefits
f fetal echocardiographic video analysis, as the reviewed literature
ndicates that research has not yet successfully developed machine-
earning-based video analysis methods to address CHD detection in
eal-world scenarios effectively. While automated video-based analysis
hows promise, further advances are needed to harness its full potential
n fetal medicine. The use of efficient data storage formats and libraries
or efficiently managing large N-dimensional arrays5 may support and
nable the effective handling of large datasets, similar to the use of
edical imaging frameworks such as SimpleITK6 and MONAI.7

5 https://zarr.dev/
6 https://simpleitk.org/
7 https://monai.io/index.html
 u
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4.3. Data dimensionality

Fetal echocardiograms can represent fetal heart anatomy in 2D
(width and height), 3D (width, height, and depth), and 4D (3D with
the addition of time, capturing motion or changes over time).

While 2D imaging in fetal analysis has been widely adopted as
the standard visualisation for heart structures for diagnosis, it has
limitations in providing in-depth information and accurately represent-
ng the inter-planar relationships between anatomical structures for
pecific medical conditions, potentially leading to misinterpretation, as
t happens on other medical domains [78]. Matrix transducers [79]

offer the ability to capture 3D information directly [80]. However, the
kills and techniques that lead to successful decision-making in the 2D

echocardiograms are not the same as those that will lead to success
in the reading of 3D echocardiograms; this is true not only for the
sonographer [81] but also for machine learning algorithms [82], likely
ue to the reduced information available in 2D compared with 3D
ata [83].

Research using 3D and 4D data in fetal echocardiography represents
a promising future direction due to the potential benefits of acquiring
a more comprehensive representation of fetal heart anatomy. Current
literature is limited; our literature search retrieved only three papers
with preliminary insight into machine learning-based methods applied
to 3D [84] and 4D [58,85] data. Papers [58,85] focused on optical
flow algorithms for object recognition and motion detection; their
esearch demonstrated that the obtained optical flow information could
epresent the movement pattern of the heart. The paper [84] fused

extracting features (colour and texture) from 3D images to train deep
eural networks for image classification tasks.

4.4. First-trimester of gestation

The detection of cardiac abnormalities represents a distinct chal-
lenge for prenatal screening. In many countries, the gold standard
nvolves a second-trimester evaluation of cardiac anatomy because it
s not before week 10 that the fetal heart is fully developed [86]. This

coincides with the findings reported in this review consisting of 31%
nd 38% of the papers discussing solutions in the second and early third
rimester of gestation, respectively (31% of the papers did not disclose
he gestational age); see Appendix D for further details.

We argue that future research should investigate the potential of
machine learning-based methods in the first trimester, as clinical stud-
ies in the first trimester have shown relevant results in fetal echocardio-
graphy studies within the range of 11-14 weeks of pregnancy [87]; other
itations can be found within [86]. Also, researchers have investigated

the inferences between the development of the heart and the placenta,
inding them interlinked through several mechanisms, representing an
pportunity to predict abnormalities, such for an example as trans-
ositions of the great arteries, which may arise if the placenta fails
o function as a selective barrier to xenobiotics and other teratogens

in the umbilical-placental circulation, influencing cardiac development
in the fetus [88]. This is yet to be demonstrated in the scope of
machine learning image and video analysis, which, if successful, could
contribute towards detecting fetal heart abnormalities at the first weeks
of gestation when the heart is not fully developed.

4.5. Doppler echocardiography

In the clinic, colour Doppler is essential in fetal echocardiography
because it identifies blood flow patterns within the heart and blood
vessels, which is crucial for detecting CHDs [4]. Colour Doppler images
and videos can improve diagnostic accuracy in identifying abnormal
lood flow and heart function. Research in this regard, however, is
imited. Our literature search found only two papers [58,89] reporting
reliminary results when using colour Doppler images. The latter paper
sed colour Doppler images for view classification and the former for

https://zarr.dev/
https://simpleitk.org/
https://monai.io/index.html


N. Hernandez-Cruz et al.

o

l
t
a
a

s
t
c
o
a

W

t
t
S

I

w

c
i

Computers in Biology and Medicine 186 (2025) 109666 
motion characterisation of the heart.
Research in colour Doppler techniques is a promising future direc-

tion to enhance diagnostic accuracy, minimise inter-observer variabil-
ity, and improve the prediction of clinical outcomes in fetal echocardio-
graphy. This focus could lead to more reliable and efficient assessments
f fetal heart conditions.

5. Final remarks

This review presents the current state-of-the-art in machine
earning-based fetal echocardiography analysis. Findings suggested ac-
ive research on machine learning-based methods in five categories:
ttention and saliency, coarse to fine, dilated convolution, generative
dversarial networks, and spatio-temporal analysis.

We conclude that machine learning is emerging with promising
early results in automated fetal echocardiographic analysis. However,
further research is needed to demonstrate that machine learning-based
methods are effective at scale in real-world scenarios and clinical
ettings; this includes infrastructure requirements, cost implications,
raining needs for medical staff, and integration with existing health-
are systems. Future research may also delve deeper into suggestions
n policy or framework changes that might be needed to facilitate the
doption of these technologies in healthcare systems.
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