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a b s t r a c t 

Fetal imaging is a burgeoning topic. New advancements in both magnetic resonance imaging and (3D) ul- 

trasound currently allow doctors to diagnose fetal structural abnormalities such as those involved in twin- 

to-twin transfusion syndrome, gestational diabetes mellitus, pulmonary sequestration and hypoplasia, 

congenital heart disease, diaphragmatic hernia, ventriculomegaly, etc. Considering the continued break- 

throughs in utero image analysis and (3D) reconstruction models, it is now possible to gain more insight 

into the ongoing development of the fetus. Best prenatal diagnosis performances rely on the conscious 

preparation of the clinicians in terms of fetal anatomy knowledge. Therefore, fetal imaging will likely 

span and increase its prevalence in the forthcoming years. This review covers state-of-the-art segmen- 

tation and classification methodologies for the whole fetus and, more specifically, the fetal brain, lungs, 

liver, heart and placenta in magnetic resonance imaging and (3D) ultrasound for the first time. Potential 

applications of the aforementioned methods into clinical settings are also inspected. Finally, improve- 

ments in existing approaches as well as most promising avenues to new areas of research are briefly 

outlined. 

© 2018 Elsevier B.V. All rights reserved. 
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. Introduction 

Prenatal imaging technology for fetal diagnosis has rapidly

volved ( Yan (2017) ). Two-dimensional ultrasound (2D US) is the

rimary screening modality for pregnancy evaluation because

f its relative low cost, real-time imaging, lack of harmful ef-

ects to both fetus and mother, and high resolution. Three- and

our -dimensional ultrasound (3D / 4D US) with additional sonog-

aphy modalities such as color / power Doppler are increasingly

vailable and have been successfully employed to detect fetal

tructural abnormalities ( Roy-Lacroix et al. (2017a) ). 

Although US is still the standard tool for fetal imaging, it

rovides a small field-of-view, limited soft-tissue acoustic contrast,

eam attenuation by adipose tissue, and poor image quality.

urthermore, important limitations arise in the context of an
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ntrauterine environment, such as operator variability, fetal po-

ition, effects due to gestational age (poor visualization, skull

ssification), and fetal tissue definition ( Roy-Lacroix et al. (2017a) ;

eddy et al. (2008) ). In cases where abnormalities cannot be ade-

uately assessed with US, fetal magnetic resonance imaging (MRI)

an be a good alternative. Early studies using MRI in the evaluation

f fetal morphology were hindered due to image degradation by

etal motion on MRI standard sequences and the relatively long

cquisition time. Nevertheless, with ultrafast MRI techniques such

s single-shot fast-spin echo and half-Fourier acquisition turbo

pin echo (HASTE), fetal motion artifacts are minimized. Dramatic

eductions in image acquisition time and improved acquisition

rotocols for multi-planar imaging have enabled MRI to be used

n fetal evaluation ( Story and Rutherford (2015) ). High-quality

etal images are now routinely achieved without maternal or fetal

edation. However, limitations of fetal MRI include the need of

quipment availability and radiology expertise, higher cost, and

onger time to perform a complete examination. 

The increasing advancement and use of fetal imaging for

omputer-assisted prenatal organ assessment provides essential

https://doi.org/10.1016/j.media.2018.10.003
http://www.ScienceDirect.com
http://www.elsevier.com/locate/media
http://crossmark.crossref.org/dialog/?doi=10.1016/j.media.2018.10.003&domain=pdf
mailto:jordina.torrents@upf.edu
https://doi.org/10.1016/j.media.2018.10.003
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Fig. 1. Steps involved in the pre-operative surgical planning. 
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1 MeSH: https://meshb.nlm.nih.gov/search . 
2 PUBMED: www.ncbi.nlm.nih.gov/pubmed/ . 
3 EMBASE: www.elsevier.com/solutions/embase- biomedical- research . 
clinical feedback to design improved ad hoc surgical frameworks.

A better understanding of fetal pathophysiology and early diagno-

sis has paved the way for the development of in utero therapies

rather than postnatally ( Maselli and Badillo (2016) ). In this way,

(3D) US and MRI provide crucial anatomic information that can be

helpful in planning antenatal care and surgical procedures, as well

as predicting fetal development and outcome. Fetal surgery has

emerged as a multidisciplinary field capable of improving fetus

outcomes for a wide range of interventions, such as laser treat-

ment for twin-to-twin transfusion syndrome (TTTS) and open fetal

surgery for spina bifida ( Pratt et al. (2015) ; Slaghekke et al. (2014) ;

Adzick et al. (2011) ). Fetal interventions are expected to increase

in breadth and prevalence as novel surgical or computational

procedures demonstrate to be clinically valid ( Pratt et al. (2015) ;

Mathis et al. (2015) ). As in any surgery, best results are achieved

when doctors are prepared pre-operatively with a detailed un-

derstanding of the baby’s anatomy thanks to fetus-specific 3D

visualizations obtained from medical images. 

The pre-operative phase in fetal surgery involves the following

steps (see Fig. 1 ) ( Pratt et al. (2015) ). First, images of the target

structures are taken. Segmentation and classification methods are

then applied to distinguish between the regions of interest and the

background organs and tissues that can be discarded. The fusion of

several image modalities allows completing the target structures

from the different partial image views. Next, volume rendering

algorithms are applied in the reconstruction stage to yield a 3D

model in which the structural relationships are disclosed. In the

simulation phase, surgeons benefit from this model to visualize

the anatomical structures from different perspectives, and to

understand their intricate relationships. 

Moreover, segmentation and classification techniques can

also provide imaging biomarkers for the prediction of fetal

development and outcome. The shape, volume, morphometry

and texture of fetal organs can be characterized during preg-

nancy to assess fetal health and predict complicated pregnancies

( Dahdouh et al. (2018) ). Early biomarkers of fetal organs disease

that may impair fetal growth and well-being open up brand-new

opportunities to intervene and protect vulnerable fetuses. 

This review attempts to fill existing gaps in the literature. We

sought to uncover both the literature in fetal imaging and to illus-

trate the usefulness of novel approaches to provide additional and

improved diagnostic information. To the best of our knowledge,

the state-of-the-art of segmentation and classification methods

for fetal organs such as placenta, lungs, liver and heart, or even

the whole fetus, in (3D) US and MRI have not been reviewed so

far. Considering the relevance and the steady progress made in

the field, we deemed it necessary to survey them in detail. For
ompleteness, fetal brain is also covered. While several reviews of

etal brain MRI exist (see Section 3.2.1 ), considerably less literature

an be found on fetal brain US. To our knowledge, this is the first

eview that addresses it. 

The contents are structured as follows. Section 2 describes

he search criteria for this work. Section 3 reviews the main

orks on fetal MRI and 2D/3D US imaging, categorized by fetal

rgans: the whole fetus, brain, placenta, lungs, liver, thorax, and

eart. Section 4 provides examples of fetal surgery applications

or which the methods reviewed in Section 3 can be employed at

he pre-operative phase. Section 5 briefly overviews the validation

erformed on the state-of-the-art reviewed. Lastly, Section 6 dis-

usses the most useful contributions to the field by highlighting

ome cutting-edge ideas. 

. Method 

A systematic review on the use of segmentation and classifica-

ion methods in fetal imaging has been performed. To scrutinize

he literature, medical subject headings ( MeSH ) 1 and keywords

elated to the scope of this review (segmentation, classification,

omputer vision, machine learning, fetal MRI and (3D) US imaging)

ere combined with medical terms associated to prenatal diagno-

is. PUBMED 

2 , EMBASE 3 and ISI Web of Knowledge 4 platforms were

earched electronically on September 2017 and updated on July

018. Reference lists of relevant articles and reviews were hand

earched for additional literature, and the papers that cited them

eviewed. Studies published at any time that discussed the use of

RI and (3D) US segmentation and classification methods specif-

cally for fetal organs such as the whole fetus, brain, placenta,

ungs, liver and heart were included. A total of 321 studies were

dentified, of which 189 were excluded after review of the title

nd abstract. The remaining 132 were read in full, and 9 excluded

o be out of the scope. The works included in this review describe

ases in which scientific algorithms could be used to identify

etal structural abnormalities such as those involved in gestational

iabetes mellitus, twin-to-twin transfusion syndrome, pulmonary

equestration and hypoplasia, congenital diaphragmatic hernia,

nd congenital heart disease, etc. Notice that the here-reviewed

tudies are of purely scientific type, since none of the technologies

ave been marketed. 
4 ISI Web of Knowledge: apps.webofknowledge.com/ . 

https://meshb.nlm.nih.gov/search
https://www.ncbi.nlm.nih.gov/pubmed/
https://www.elsevier.com/solutions/embase-biomedical-research
https://apps.webofknowledge.com/
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Fig. 2. Figure adapted from Zhang et al. (2016) and Anquez et al. (2013) : Whole fetus segmentation in MRI ( left ) and US ( right ). 
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. Categorization by fetal organ 

The main challenge to automatically localize and classify the

etal organs such as brain, placenta, heart, lungs and liver, or

ven the whole fetus is the unpredictable fetus position and

rbitrary orientation. This section gathers 123 articles that show

uantitative / qualitative and robust validation of their methods,

hese have been assessed clinically by doctors and have undergone

 peer-review process. 

.1. Whole fetus 

Fetal body segmentation and volumetry are studied in antenatal

esearch and clinical assessments for a wide range of applications.

ypically, these measurements still rely on manual and subjec-

ive clinical tracing. Effective and automatic monitoring of fetal

rowth, body volume, weight and early diagnosis of premature

nomalies requires fetal imaging and analysis across gestation

see Fig. 2 ). Compared with obstetrical US, which routinely covers

regnancy stage determination, placenta positioning, fetal growth,

uantitative measurement of biometric markers, or characteri-

ation of potential pathologies, among others, MRI presents an

xtended field-of-view and superior soft-tissue contrast. MRI has

hus become popular for prenatal examination due to the limited

eld-of-view of fetal US after the first trimester. 

.1.1. Whole fetus segmentation on fetal MRI 

A semi-automatic method was proposed by Anquez et al.

2010) to segment the fetal envelope on ante-natal MRI acquired

sing the Steady State Free Precession sequence. A simplified

keleton was firstly extracted, identifying a group of 25 landmark

oints. An articulated model of a generic fetus was then registered

o the aforementioned skeleton. This registration was employed

o define a narrow-band containing the fetal envelope, which was

egmented via graph-cuts. Although authors obtained a mean

istance of 1.4 mm and a Cohen’s kappa of 0.89, prior knowledge

uch as contrast, shape modeling and biometric information could

e exploited to guide, and consequently, improve the segmenta-

ion. The same authors ( Bibin et al. (2009) ) also implemented a

omputational framework to generate synthetic pregnant women

hrough embryos and women segmented from 3D US (from 8

o 13 gestational weeks (GW)) and MRI (from 30 to 34 GW),

espectively. The method included image segmentation, contour

egularization, mesh-based surface reconstruction, and model in-

egration. All models were validated by obstetricians and pediatric

adiographers. 

Zhang et al. (2016) created an automatic graph-based approach

hat over-segmented 10 uterine images to classify the amniotic

uid, fetal body and background. Once the amniotic fluid was

etected, a specific ROI was defined where a set of edge nodes

ere randomly selected as possible targets. After ranking all graph

odes, the fetal body was delineated iteratively achieving a Dice

oefficient (DC) of 0.69 ± 0.08. 

A distinct approach was realized by Zito et al. (2013) in 20

ingleton pregnancies. The fetal body was determined on each
RI slice through free-form ROIs. The corresponding fetal weight

as also calculated using Baker’s equation and compared to

ctual birth weight. The relative error 1.96% obtained was mainly

ssociated with patient’s body mass index and not with the type

f MRI sequence used. The use of thicker slices ( < 6 or 4 mm)

ignificantly reduced the time for fetal body segmentation. 

.1.2. Whole fetus segmentation on fetal (3D) US 

One of the first works was proposed by Gupta et al. (2011) .

hey used a fuzzy C-means (FCM) clustering with wavelet-based

exture features and Support Vector Machines (SVM) for initial

abel prediction. Afterwards, a conditional random field (CRF) was

mployed to exploit context information and further refine the

etal body segmentation. The proposed methodology was tested

ualitatively on 2 images. Krishnan et al. (2014) used anisotropic

iffusion to enhance the fetus edges. Both isointensity and edge-

ocusing contour approaches were employed to determine the

etus shape as 3D points. After fitting the head and body, the

olume was calculated with an error of 4.8%. 

The approach implemented by Anquez et al. (2013) used a

ayesian formulation to partition the US into amniotic fluid and

etal tissues. An energy functional was minimized through a level

et to identify the optimal partition. They combined Rayleigh,

ormal, exponential, and gamma distribution models to compute

he region homogeneity constraints. The method, validated on 19

ntenatal images, was shown to be robust (DC of 0.89) to different

nitialization types. A variational formulation of the level set

lgorithm was applied by Choong et al. (2012) . An internal energy

enalized the deviation of the level set from a signed distance

unction, while an external energy enforced the motion of the

ero level set towards the desired image features. This variational

evel set presented three advantages: 1) a larger time step was

tilized to speed up the curve evolution, 2) the re-initialization

as eliminated, and 3) the level set curve was implemented for

ifferent object shapes. The total difference percentage obtained

or fetal body extraction was around 2.38%. Another variational

hape-guided method for extracting the fetus envelope was pre-

ented by Dahdouh et al. (2013, 2015) . To compensate the lack of

ontrast and explicit boundaries, authors’ method combined the

ixel intensity distribution, with a fetal envelope shape prior and

 back model depending on fetus age. The intensity distributions

nd the shape prior were encoded using translation-invariant

egendre moments and added as energy terms in the functional to

e optimized. The back model was only employed during the post-

rocessing phase. The method was trained and tested using 5 and

1 US volumes between 8–13 GW. Mean values of 0.72, 0.89 and

.97 were obtained for similarity, sensitivity (SEN) and specificity

SPE), respectively. However, the fetus was under-segmented and

ome false positives still remained due to maternal tissues, and

he back model did not perfectly match the fetus as it was generic.

Li et al. (2017) applied a deep learning architecture to segment

he amniotic fluid and fetal tissues. The model encoded and de-

oded the input US into down-scaled and up-scaled feature maps

sing several convolution and pooling structures. Additional 1 ×
 convolution layers were adopted to discriminate and enhance
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the feature representations. Cross-domain transfer learning was

employed to avoid the need of training with a large dataset.

As a result, they achieved an accuracy (ACC) of 93%, 67% and

78% for background, fetal body and amniotic fluid, respectively.

Yang et al. (2017b) simultaneously segmented the fetus, ges-

tational sac and placenta. Based on their customized 3D Fully

Convolutional Network (CNN), a Recurrent Neural Network (RNN)

was applied to explore 3D semantic knowledge from a sequential

perspective, and refine the local segmentation corrupted by US

ubiquitous boundary uncertainties. Finally, a hierarchical deep su-

pervision mechanism was also introduced to boost the information

flow within the RNN. DC of 0.88, 0.89 and 0.64 were obtained for

fetus, gestational sac and placenta, respectively. 

3.1.3. Whole fetus standard US plane classification 

Precise acquisition of standard US planes of the whole fetus

( e.g., fetal abdominal, face axial and four-chamber view) is a critical

step in obstetric diagnosis. The main goal is to confirm fetal viabil-

ity, establish gestational age, and discover prenatal malformations.

Clinically, US standard plane is manually acquired by finding the

view with concurrent presence of fetal key anatomical structures.

This procedure heavily relies on doctors’ expertise and is very chal-

lenging due to the high intra-class variations of US standard planes

resulting from acoustic shadows, deformations of soft tissues and

various transducer orientations. Therefore, automatic identification

approaches are required to improve the examination efficiency. 

One of the first studies on this domain was presented by

Carneiro et al. (2008a) , which introduced a probabilistic model to

combine discriminative and generative classifiers with contextual

information and sequential sampling. The designed system re-

quired user queries in the form of semantic keywords to represent

structures of interest. Afterwards, the system automatically dis-

played standardized planes and produced biometric measurements

of the fetal anatomies. The framework was capable to solve posi-

tion, orientation and size of three different f etal anatomies in less

than 10 s . The validation was performed on 40 US volumes. Later,

Rahmatullah et al. (2011) basically used the AdaBoost algorithm to

categorize the most probable standard plane slices using the classi-

fier scores. Experimental results on 30 US volumes showed a recall

and precision of 91.29% and 76.29%, respectively. Two cascade

AdaBoost classifiers were also employed by Zhang et al. (2012) to

locate the gestational sac standardized plane by exploiting a

coarse-to-fine detection scheme. A database-guided multi-scale

normalized cuts algorithm generated the initial contour of the sac.

The system was validated on 31 US videos, and obtained a system-

radiologist performance difference of 7.5% ± 5.0%, 5.5% ± 5.2%,

and 6.5% ± 4.6% for early gestational sac selection, length and

depth (diameter) measurements, respectively. Regression random

forests (RFs) were used in Yaqub et al. (2014) . Constraints such as

1) the use of voxels’ information and strength to weight the train-

ing objective function, and 2) the introduction of a regularization

through a geometrical feature, were implemented to improve the

standard plane detection. Results on 87 3D fetal brain US between

23–27 GW indicated that this method was more reproducible than

manual plane finding. One year later, Yaqub et al. (2015) guided

several RF to categorize the following anatomical US views: head

in the trans-ventricular and trans-cerebellar planes, 4-chamber

view of the heart, face, abdominal circumference, femur, spine and

others such as limbs, kidneys, cord insertion, etc. They extracted

translation and orientation invariant features at multiple spatial

resolutions from ROIs that contained meaningful fetal structures.

Evaluated on approximately 30K US, the guided RF achieved an

accuracy of 75%, while traditional RF was 65%. Similarly, both

Ni et al. (2014) and Yang et al. (2014) created a radial component-

based model to describe the geometric constraints of the fetal

stomach bubble, umbilical vein and spine through the fetal ab-
ominal standard plane. A selective search method produced the

ocation for the spine and umbilical vein using the vessel probabil-

ty map algorithm ( Penney et al. (2004) ). This map was obtained

y calculating the image intensity for each pixel, which quantifies

he likeness to the typical vessel appearance of a dark center

ith a relatively bright rim. Next, a RF classifier was used to find

he key anatomical structures at their probable locations within

he regions constrained by the radial component-based model. A

econd-level classifier combined the results from the component

etection to differentiate the fetal abdominal standard plane. Ex-

erimental results on 223 US videos showed an ACC of 85.6%. The

ork presented by Ni et al. (2013) employed a similar method-

logy on 100 fetal abdomen videos, but they used an AdaBoost

lassifier instead of a RF. Other advanced classifiers such as SVM

ere applied by Lei et al. (2015a) to recognize fetal facial standard

lanes. Densely root scale invariant and spatial transform features

ere extracted and encoded using Fisher vector. Experimental

esults demonstrated an ACC of 93.27% and a mean average preci-

ion of 99.19% on 187, 192 and 203 axial, coronal and sagittal plane

mages, and 1153 images without any identified standard plane. 

Very differently, a two-phase algorithm was presented by

iu et al. (2012) to recognize fetal head scan planes. Cranium

etection was followed by template matching to capture the

nternal head structure used in the clinical recognition process of

he planes. Then, an active appearance model was trained on 51

orrect standard US planes to know the presence or absence of the

nclusions within the head. The final error rate was around 28%. 

Predictably, researchers also extended deep neural networks

o standard plane classification. Chen et al. (2015b, 2014) firstly

rained a CNN using the well-known ImageNet database. The

omain transferred CNN was then constructed for fetal abdominal

tandard plane localization in US videos. Initially, the convolutional

ayers of the base CNN were implanted into the transferred CNN.

uthors performed a fine-tuning of the parameters encoded in

he convolutional layers to subsequently train the fully connected

ayers of the transferred CNN with specific US samples. An ACC

nd F1-measure of 89.6% and 0.71 were achieved, respectively.

u et al. (2018) also designed a network with 16 convolutional and

 fully-connected layers. A global average pooling was adopted

o reduce network parameters as well as transfer learning and

ata augmentation, which alleviated the overfitting and improved

he performance. Authors’ dataset included 375, 257 and 405

xial, coronal and sagittal plane images, and 3812 images without

ny identified standard plane. A precision of 96.98% was finally

chieved. The study made by Baumgartner et al. (2016) auto-

atically detected 12 standard planes at more than 100 US fps.

heir fully CNN was extended to obtain saliency maps highlighting

he ROI with the highest prediction outcome in an unsupervised

anner. A large dataset of 1003 scans was used to evaluate the

ethod, obtaining a precision and recall of 69% and 80%, respec-

ively. Furthermore, the network was capable to retrospectively

etrieve correct scan planes with an ACC of 71% for cardiac views

nd 81% for non-cardiac views. The work in Chen et al. (2015a) ex-

lored spatio-temporal regions through a CNN and a long-short

erm memory (LSTM) with knowledge transfer across multi-tasks.

irstly, a ROI classifier was trained across multi-tasks to locate the

ost discriminative US regions for standard plane detection. Sec-

ndly, the temporal information of the previous extracted features

as consecutively explored using the LSTM. Thirdly, the score

f each frame was obtained by averaging all LSTM predictions.

uthors collected 631 US videos between 18–40 GW. Standard

lane detection of the fetal abdominal, face and four-chamber

iew of the heart obtained a mean ACC of 88% and a F1-measure

f 0.68. Recently, Baumgartner et al. (2017) proposed a two-fold

NN named SonoNet that was able to detect 13 fetal standard

iews and provide a localization of several fetal structures via
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Fig. 3. Detection of the fetal brain: ( left ) 3D model of the brain and categorization of its internal structures (MRI), and ( right ) measurement of the fetal skull (3D US). 
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ounding boxes. SonoNet was inspired by the VGG-16 model (13

onvolutional and 3 fully-connected layers). The network per-

ormed a real-time isolation of the target anatomy using weak

upervision based on image-level labels only. Authors achieved

n average F1-score of 0.798 in standard plane detection, an

CC of 90.09% for retrospective frame retrieval, and an ACC of

7.8% on the localization task. Schlemper et al. (2018) introduced

elf-gated soft-attention mechanisms into the SonoNet architecture

 Baumgartner et al. (2017) ). The attention module provided a fast

weakly-supervised) soft object localization during forward pass,

emonstrating that the attended features indeed correlate to the

natomy of interest. In particular, authors implemented a normal-

zation strategy for the attention map, some gridded attention

echanisms, and aggregation strategies. The proposed architecture

chieved an ACC and F1 score of 98% and 0.93, respectively. Li

t al. (2018a,b) presented an iterative transformation network that

earned the relationship between a 2D plane of the brain and the

ransformation parameters required to move that plane towards

he corresponding standard plane. They also introduced additional

lassification probability outputs to act as confidence measures

or the regressed transformation parameters. The effect of two

raining loss functions to exploit the geometry and the data of

he extracted plane was explored. When evaluated on 72 subjects,

his approach obtained an error of 3.83 mm and 3.80 mm for the

ransventricular and transcerebellar planes, respectively. 

.2. Brain 

Quantitative methods for fetal brain analysis are essential in

linical decision-making and neuroscience research. Although US

maging is mainly employed for fetal brain examination, some

onstraints such as reduced amniotic fluid, maternal obesity,

mproper fetal head position, twin pregnancies, and bony reverber-

tion artifacts from the skull, hamper an accurate assessment (see

ig. 3 ). Over the past few years, MRI scans have gained a certain

omentum to be used for those studies. 

.2.1. Brain segmentation on fetal MRI 

Despite advances in the image acquisition, the perinatal brain

RI further exhibit domain-specific challenges such as 1) the

ncreased occurrence of unpredictable motion artifacts and the

eed of faster and multiple acquisitions to correct them, 2) the

ower contrast-to-noise ratio because of the small size of the fetal

rain and shorter scanning periods, 3) the exhibition of a reversed

ray and white matter contrast compared to the adult MRI data,

) the large variation in shape and appearance of perinatal brain

tructures due to the rapid brain development ( i.e., the cortical

ibbon), and 5) the lack of manually-labelled atlases across several

can ages. 

Although fetal brain segmentation in MRI has been re-

orted by Studholme (2011) , Studholme and Rousseau (2014) ,

enkarim et al. (2017) and Makropoulos et al. (2018) , we pro-

ide a summarized overview. A parametric technique based on
 three-stage process was adopted by Anquez et al. (2009) . Au-

hors initially identified the fetus eyes via template matching and

ontrast, morphological operations and biometrical information

n the mid-sagittal plane. A shape was then registered to the

ntire stack to extract a volume of the fetal brain on 24 MRI

etween 30–35 GW using traditional graph-cuts. A Cohen’s kappa

easure of 0.98 was finally obtained. Moreover, Ison et al. (2012) ,

eraudren et al. (2014) and Kainz et al. (2014a) utilized clas-

ical computer vision and machine learning techniques. In

son et al. (2012) analyzed 43 MRI cases aged between 18–

0 GW. A RF classifier was used with 3D Haar descriptors to

uppress the influence of maternal tissues and detect possible

etal brain locations. This organ was then segmented through a

arkov random field (MRF). The results showed ROIs enclosing an

verage of 88% of the brain with center prediction ACC of 81% in

he coronal view, and 78% with center prediction ACC of 60% in

he axial and sagittal views. Keraudren et al. (2014) extracted SIFT

eatures from maximally stable extremal regions that were then

lustered using K-means. The classification into brain and non-

rain was performed through a SVM classifier. Afterwards, this

nitial segmentation was refined with a RF classifier applied on

D patches and CRFs. Their approach was assessed on 66 healthy

etuses ranged from 22 to 39 GW, which achieved a DC of 0.93.

ainz et al. (2014a) followed a similar methodology but trained a

F classifier on 3D Gabor descriptors. The segmentation was also

efined using a 2D level-set. A final DC of 0.90 was produced. 

Atlas-based fusion algorithms have been widely employed for

etal brain localization. Indeed, Taimouri et al. (2015) developed

 template-to-slice block matching that found spatiotemporal

4D) atlas correlations of the fetal brain to the corresponding

RI slice. The method was evaluated on 366 MRI scans of 30

omen. Final results demonstrated a 94% of success rate. In

right et al. (2014) , spatio-temporal atlas were used as tissue

riors in an expectation-maximization approach with second order

RF regularization. This resulted in an improvement of the cortical

oundary estimate and an average surface discrepancy of 1 mm.

ourbier et al. (2015) evaluated the performance of multiple atlas

usion strategies with global weighting based on the normalized

orrelation coefficient. The proposed methodology outperformed 

ther approaches with a DC above 0.90. 

Deep learning has been also exploited to overcome the

forementioned challenges. Khalili et al. (2017) employed a 2D

ulti-scale CNN to learn spatial and detailed local information

rom larger context. A total of 30 fetal T2-weighted MRI scans

ere used to train the network, which achieved a DC of 0.91, 0.95

nd 0.92 for the axial, coronal and sagittal images, respectively.

imilarly, Salehi et al. (2018) developed a fully CNN based on 2D

-Net with auto-context to independently extract 2D sections of

he fetal brain in real-time. They compared the presented archi-

ecture to two alternative fast methods: a voxel-wise fully CNN,

nd a method that utilized SIFT features, RF and CRF. The network

as trained on 250 MRI stacks, and tested on 17 normal fetuses
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and 18 extremely challenging cases. Mean DC of 0.96 and 0.79 for

normal and difficult sets were calculated, respectively. Notice that

the method proposed by Rajchl et al. (2017) (see Section 3.5.1 )

also segmented the fetal brain. 

3.2.2. Brain segmentation on fetal (3D) US 

The fetal head circumference is usually measured on either the

trans-thalamic or trans-ventricular US planes and subsequently

utilized in dating pregnancies beyond 14 GW. Finding such brain

anatomical structures is not straightforward and highly subjective

due to the affected visibility caused by many conditions such as

the US machine, maternal tissue, fetus orientation, sonographer

experience, among others. 

In the literature, there are only a handful of published papers

based on the detection of the fetal brain and its internal struc-

tures in (3D) US. A spherical harmonics model was applied by

Velásquez-Rodríguez et al. (2015a,b) to segment the cerebellum.

The corresponding triangular mesh was generated for each shape

using matching cubes and modeled with the aforementioned

spherical harmonic functions. The optimization was based on a

gray-level energy function and voxel profiles. A mean DC of 0.75

was achieved on 10 US. Becker et al. (2010) bet on a 3D point

distribution model to automatically segment the cerebellum. The

model was adjusted to 5 fetal brain 3D US through a genetic algo-

rithm in order to optimize a fitting function. A 3D statistical shape

model was also presented by Gutiérrez-Becker et al. (2013) jointly

with an ad-hoc objective function optimized via the Nelder-Mead

simplex algorithm. A total of 20 pregnant women between 18 -

24 GW were evaluated with an intra-class correlation coefficient of

0.85 and a mean DC of 0.8. Moreover, traditional frameworks such

as VOCAL were also used by Benavides-Serralde et al. (2009) to

detect the intracranial, frontal, thalamic and cerebellar brain

structures. Volume measurements were done by an inter-/intra-

observer in 78 fetuses between 28–34 GW. The following intra-

class correlation coefficients were obtained: intracranial = 0.97,

cerebellar = 0.69, frontal = 0.66 and thalamic = 0.54. 

Yaqub et al. (2013) built a decision RF framework to segment

5 fetal brain structures. Authors put the volumes into a common

coordinate space and employed template deformation to extract

the skull. The mid-sagittal plane was approximated using a Hough

transform on the responses of a plate detector at different scales.

The neck orientation was then utilized to find the fetal head

orientation and center through the mid-sagittal plane and eye

positions. Some features based on the skull, head center, and left

and right eyes centers were integrated within the RF framework

to efficiently guide the five-fold segmentation. The following ACCs

were achieved in 51 fetuses between 18–26 GW: 79 ± 9% for the

choroid plexus, 82 ± 10% for the lateral posterior ventricle cavity,

74 ± 11% for the cavum septum pellucidi, and 63 ± 15% for the

cerebellum. Another RF model was previously implemented by

Yaqub et al. (2012) and Napolitano et al. (2012) , which implicitly

integrated Haar, cuboid, binary and unary features to be classified

into the aforementioned classes. In this case, 40 fetal brain US

between 19–24 GW were used. The best ACCs were reported in

Yaqub et al. (2012) for choroid plexus (92.9%), posterior ventricle

cavity (91.1%), cavum septum pellucidum (91.9%), and cerebel-

lum (91.9%). Recently, Cerrolaza et al. (2017) designed another

RF-based segmentation method to efficiently integrate semantic

and structural information via generalized geodesic distance trans-

form and contextual trees. A structured label space was finally

employed to capture the morphological variability of the fetal

skull. An averaged DC of 0.80 ± 0.03 was obtained after 3 h of

training. Carneiro et al. (2008b) trained a sequence of discrimina-

tive AdaBoost classifiers. The system required the image and the

measurement of the fetal body and heat to finally segment the

rectangular ROI containing such fetal anatomies (it took less than
.5 s ). A total of 1426 and 325 training samples for the head and

etal body were collected, respectively. 

Differently, the approach designed in Cuingnet et al.

2013) aided the navigation through the brain by aligning the

etal head in less than 1 s . Such alignment was computed using

 reference frame based on the skull, the mid-sagittal plane and

he eyes thanks to their stability across different acquisitions. An

llipsoidal shell model was previously needed to segment the fetal

ead. The skull segmentation was performed using this model as

 deformable template. Maximal alignment errors ranged from 5.1

o 5.8 mm on a dataset of 78 3D US between 19–24 GW. 

.3. Placenta 

The placenta is an organ that maintains the fetus and the uter-

ne wall connected to allow nutrient uptake, thermo-regulation,

espiratory exchange via the mother’s blood, and transfer of waste

roducts. It also prevents against infections and segregates hor-

ones to support pregnancy. Pathologic conditions of the placenta

nclude circulation abnormalities as in TTTS, which produce an

nequal blood distribution and a fatal outcome to one or both

wins. Also, an abnormally adherent placenta (accreta) invading

he myometrium can lead to an increment of heavy bleeding

uring delivery. Placental insufficiency is known as the inability to

rovide nutrients and remove harmful waste. If it happens for a

ong period of time, it may lead to intrauterine growth restriction

IUGR). The placenta is the only biological structure that can

ause the death or injury of more than one person at the same

ime. Therefore, this organ plays a critical role in fetus health

uring gestation as its examination may yield information about

aternal or fetal disorders. In this context, different clinical as-

essments have been performed to quantify the impact of placenta

nsufficiency on fetus healthcare and outcome ( Baschat (2004) ;

uo et al. (2017) ; Lean et al. (2017) ; Phillips et al. (2017) ). 

Quantitative assessment of the human placenta in MRI and

S requires a precise segmentation and classification, which is

hallenging due to the high variability of its position, orientation,

hickness, shape and appearance. 3D data acquisition of the entire

terus is also corrupted by motion artifacts between individual

lices because of both fetal movements and maternal respiratory

otion. The overall anatomy is therefore displaced. Only few

orks are reported in the literature, thus no established procedure

or assessing the placenta condition is currently available. 

.3.1. Placenta segmentation on fetal MRI 

Placenta MRI acquisition provides multi-planar imaging as

ell as a large field of view. Indeed, placenta segmentation is

mproved in terms of accuracy and robustness by acquiring several

RI stacks oriented differently (axial, sagittal and coronal). Such

tacks (see Fig. 4 ) can be utilized simultaneously with their com-

lementary resolution in several directions to support placenta

o-segmentation. Moreover, the large amount of amniotic fluid

eads to a strong field attenuation due to the conductivity artifact

nd the low image quality. The pixel intensity change between the

mniotic fluid and both the mother and fetal subcutaneous fat and

issues also facilitates the placenta extraction. 

The first semi-automated approach for placenta seg-

entation in fetal MRI, termed Slic-Seg, was reported by

ang et al. (2015a) and Wang et al. (2015b) . An interactive

achine learning based method which minimizes user interac-

ion was implemented. The user needs only to select a starting

lice, and to draw a few scribbles to indicate foreground and

ackground. For each pixel, the mean and standard deviation,

s well as texture features obtained by gray level co-occurrence

atrix (GLCM) and Haar wavelet, were extracted. From these input

eatures, a RF learned to predict the probability of an unlabeled
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Fig. 4. Axial ( left ), Coronal ( middle ) and Sagittal ( right ) stacks of a fetal MRI. The placenta region is highlighted as a brown mask in each view. 
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ixel. Next, a Conditional Random Field (CRF) addressed the

isconnectivity of labels resulting from the RF. With the scribbles

eing extended (around 250–300 mm), Slic-Seg rendered a stable

nd accurate segmentation with a DC = 0.79 ± 0.07, but it had

 long runtime (42 s) because high-level features were used. The

ork published by Wang et al. (2016b) aimed at improving this

ethodology by combining multiple volumes acquired in different

iews. The authors refined the segmentation using the comple-

entary resolution of volumes acquired from different views in

 probability-based 4D Graph Cuts framework. A fast free-form

eformation algorithm was used to register both sagittal and

xial view volumes of the same patient. In order to overcome the

nhomogeneous appearance between different slices and images,

nter-slice and inter-image binary energies were defined based on

he RF prediction. Therefore, Slic-Seg was more stable and less

ensitive to the scribbles position. Although changes introduced

ncreased the runtime (1.05 ± 0.13 s per slice) compared to

ang et al. (2015a) and Wang et al. (2015b) , the performance

as improved, yielding a DC of 0.82 ± 0.02. The intra-user Fleiss’

appa coefficient ranged from 0.931 to 0.949, whereas the inter-

ser Fleiss’ kappa was 0.932, indicating high intra- and inter-user

greement with a low variability. Online RFs were also tested by

ang et al. (2016a) to make the aforementioned approach adap-

ive to imbalanced ratio changes. This combined a dynamically

alanced online bagging to model the sequential arrival of data as

 Poisson distribution, and a tree growing and shrinking strategy

o update the online RF. The final probability of an unlabeled pixel

as also combined with a CRF for spatial regularization, providing

 DC = 0.89 ± 0.04. 

The methodology discussed in these seminal works had several

imitations. Firstly, although 4D Graph Cuts reduced the errors

elated to the initial propagation, the accumulated propagation

rror became higher in terminal slices due to a large shape

hange of the placenta between two slices. Secondly, the role

f high-level features was to overcome the low contrast and

eak boundary in the MRI data, which enabled a better de-

cription of the placenta and background than intensity-based

ow-level features. However, high-level information was insuffi-

ient to obtain a good segmentation and discrimination between

he fetus and the mother tissues. Thirdly, to further correct the

egmentations, user-feedback refinement should be considered.

nother limitation is that there might remain a residual mis-

lignment of the placenta between the different views. This could

e improved by defining an inter-image neighborhood based on

ocal voxels weighted by the distance or similarity. To overcome

hese flaws, the works published by Alansary et al. (2016) and

eresa et al. (2017a) aim at avoiding the accumulated propagation

rror, applying learned high-level features to increase the robust-

ess, being fully-automated, and exploiting the 3D neighborhood

elationships. Alansary et al. (2016) proposed a fully automated

egmentation framework with an extension to provide an intu-
tive pre-natal placenta view. Authors adopted a 3D multi-scale

onvolutional neural network (CNN) architecture consisting of

leven layers. Subsequently, a fully connected 3D dense CRF was

mployed to penalize inconsistencies of the previous segmenta-

ion. The first step in placenta segmentation recovery consisted

n applying a flexible motion compensation algorithm based on

atch-to-volume registration. The motion-free 3D image was then

econstructed using interactive super-resolution and 2D / 3D regis-

ration steps. Finally, a novel placenta visualization was supported

y a mean-curvature flow skeleton and textured using techniques

imilar to curved planar reformation. A DC value of 0.72 ± 0.11 for

4 healthy fetuses, and 0.67 ± 0.15 for 22 healthy and IUGR cases

ere obtained. Notice that this multi-scale architecture provides

arger 3D contextual information, which is essential for detecting

ighly variable organs. In this way, Miao et al. (2017) used the

pproach proposed by Alansary et al. (2016) to introduce an

nterior and exterior standardized visual representation of the fetal

nd maternal side of the placenta using a structure-aware slicing

pproach. To improve the segmentation, authors applied a post-

rocessing based on morphological opening and closing operations

o remove small local noise / objects and fill non-isolated holes. 

Recently, a multiple-CNN approach called DeepIGeoS was de-

igned by Wang et al. (2018b) . They proposed to use two CNNs:

n initial and automatic segmentation network and a refinement

etwork. From the initial segmentation and some user inter-

ctions, the second network gives a refined segmentation. The

nteractions are encoded via geodesic distance maps and used

s extra input channels of the CNNs. These distances help to

ifferentiate neighboring pixels with different appearances, and

mprove label consistency in homogeneous regions. A resolution-

reserving network was also presented to provide a better dense

rediction by capturing high-level features from a large receptive

eld without loss of resolution throughout the CNN. The previous

ser interactions were finally integrated as hard constraints into

ack-propagatable CRFs, which applied freeform pairwise poten-

ials rather than Gaussian functions. The proposed method led to

ccurate performances with fewer user interactions and less user

ime than traditional interactive segmentation approaches. Tested

n 25 cases, it achieved a DC of 0.89 ± 0.05 and an average

ymmetric surface distance of 1.22 ± 0.55 mm. 

Ceresa et al. (2017a,b) proposed an approach based on a

D super-resolution of the uterus to automatically segment the

lacenta. Once the Rician noise and artifacts presented in the re-

onstructed MRI were eliminated, authors extracted robust texture

eatures for the detection of the placenta using 3D Gabor filtering

ollowed by GLCM. Finally, a binary SVM was applied to classify the

lacenta and non-placenta pixels. Related to this work, Torrents-

arrena et al. (2018) extracted the entire umbilical cord and

rovided an estimation of the cord insertion located on the pla-

enta surface by means of a 3D recurrent fully-CNN. The method

everaged MRI inter-slice spatial dependences and convolutional
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Fig. 5. An individual slice of a fetal 3D US. The placenta region is highlighted as a brown mask ( middle ), and with color Doppler displaying the blood flow ( right ). 
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Fig. 6. Schematic view of the placenta ( left ) and visual perception of grades in Grannum classification ( right ): Grade 0 ( top-left ), Grade I ( top-right ), Grade II ( bottom-left ) and 

Grade III ( bottom-right ). 
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correlations through internal LSTM. Tested on 10 cases, it achieved

a DC of 0.79 ± 0.03 and a Jaccard coefficient of 0.71 ± 0.02. 

3.3.2. Placenta segmentation in fetal 3D US 

Placenta segmentation through 3D US is nowadays performed

clinically to explore if a significant relation between organ volume

and fetal pathologies exists (see Fig. 5 ). In US imaging, placental

shape can commonly appear irregular. In particular, in early preg-

nancies, where uterine tissue and placenta are very similar, the

placental border measurement is challenging as only weak edges

delineate the anatomical boundary ( Roy-Lacroix et al. (2017b) ). 

Concerning 3D US, two works on semi-automated pla-

centa volumetric segmentation were implemented by

Stevenson et al. (2010) and Stevenson et al. (2015) . The for-

mer ( Stevenson et al. (2010) ) does not provide details on the

designed approach, but specifies that two different observers

measured the placenta volume through various means: manu-

ally, using the virtual organ computer-aided analysis (VOCAL),

and via their proposed volumetric method. Evaluation of inter /

intra observer variability was performed. Authors provided con-

cordant results for manual segmentation and outperformed

VOCAL in terms of observer repeatability / agreement. The latter

( Stevenson et al. (2015) ) described the validation of a random

walker algorithm. By weighting its graph edges with the intensity

gradient, the stochastic movement of the random walker into

heterogeneous intensity areas is avoided, thus favoring homoge-

neous regions of voxels. A first experiment revealed significant

differences in the time taken to initialize VOCAL compared with

the random walker method. A second experiment analyzed intra-/

inter-observer variability using 3 observers. Results showed that

intra-class correlation coefficient values for intra-observer vari-
bility were higher for the random walker method. The DC value

or each observer was 0.84 ± 0.12, 0.94 ± 0.08 and 0.84 ± 0.11,

espectively. However, the main limitations are: 1) only anterior

lacentas were studied; thus, the impact of anatomic variability in

erms of placental positions cannot be evaluated. For a consistent

lacental volume calculation, the position of the organ is much

ore important than their appearance, and 2) intensive training

s required to provide consistent results as Wang et al. (2015a) ,

ang et al. (2015b) , Wang et al. (2016b) and Wang et al. (2016a) .

guz et al. (2016) presented a multi-atlas label fusion on 13

ubjects. A rigid alignment of the atlases and target image using

D US cone was performed after applying a median filter. This

as followed by a bootstrapping approach based on a deformable

egistration between each atlas and the target. This procedure was

epeated by using a ROI to maximize the registration ACC in and

round the placenta. Finally, a post-processing eliminated geomet-

ic artifacts. Although a DC of 0.83 ± 0.05 was achieved, this ap-

roach was limited to anterior placentas as Stevenson et al. (2015) .

Recently, Looney et al. (2017) demonstrated the feasibility

f a CNN to segment automatically the placenta from 3D US

olumes. They employed an open-source CNN called DeepMedic

 Kamnitsas et al. (2017) ). The ground truth data to train the

etwork was derived from their semi-automated random walker

pproach ( Stevenson et al. (2015) ). Compared against their semi-

utomated segmentation, resultant median DC and Hausdorff dis-

ance were 0.73 (0.66, 0.76) and 27 mm (18 mm, 36 mm), respec-

ively. Following a similar pipeline, Yang et al. (2017a) presented

 threefold contribution. Firstly, they implemented a customized

D fully CNN with dense voxel-wise semantic labeling to simul-

aneously segment the fetus, the gestational sac and the placenta.

econdly, due to the ubiquitous boundary uncertainty presented in
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Table 1 

Description of grades in Grannum classification. 

Grade Chorionic plate Placental substance Basal layer Time of appearance 

0 Straight and well-defined Homogeneous No densities Early 1st trimester to 2nd trimester 

I Subtle undulations Few scattered echogenic areas (EGAs) No densities Mid early 2nd trimester to 3rd 

trimester (18 - 29 gestational 

weeks) 

II Indentations into placenta Linear echogenic densities Linear arrangement of small EGAs Late 3rd trimester (30 gestational 

weeks) 

III Indentations communicating with 

basal layer 

Circular densities with echo-spared 

areas in center; large irregular 

densities, which cast acoustic 

shadows 

Large + confluent basal EGAs with 

acoustic shadows 

30 gestational weeks post-dates 
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S, a bidirectional long short-term memory network was designed

o sequentially refine the corrupted intermediate probability vol-

mes provided by the previous CNN. Thirdly, a hierarchical deep

upervision procedure was introduced to adequately boost the

ata flow within the recurrent neural network. A DC of 0.643 was

eported for placenta segmentation. In a more recent work, a fully

NN named OxNNet was trained using 2393 first-trimester pla-

entas ( Looney et al. (2018) ). This exceptionally ground-truth was

egmented through a random walker. The OxNNet was inspired

y a U-Net / V-Net architecture. The number of convolutional

ayers and channels utilized was customized and max-pooling was

eplaced with stride convolutions. The DC monotonically increased

rom 0.73 for 100 training samples to 0.81 for 1200 cases. 

.3.3. Placenta classification in fetal US 

Gestational diabetes mellitus (GDM) appears when women

ithout diabetes, develop high blood sugar levels during preg-

ancy. Usually, few symptoms emerge, but it rises the pre-

clampsia risk, depression, and the chance to need a Caesarean

ection. Babies born from these mothers present a high risk of

eing too large, having low blood sugar, and jaundice. In GDM, the

lacenta suffers several structural and functional alterations such

s an increment of its weight, central thickness and diameter. In

he past, these alterations were simply inspected visually by an

xperienced doctor. To prevent visual fatigue and reduce errors,

rannum’s classification ( Grannum et al. (1979) ) was designed to

ategorize the placenta changes in GDM and high-risk pregnancies.

Hence, placental grading ( Grannum et al. (1979) ) refers to

 US-based four-stage system based on placenta maturity (see

ig. 6 ). This primarily affects the extent of calcifications and

brosis degree. Each grade is defined in Table 1 . 

The classification of the left and right US placenta images

nto normal and GDM was performed by Malathi and Shan-

hi (2009) and Malathi and Shanthi (2011) using statistical

easurements ( e.g., area and perimeter of the segmented placenta,

ean, contrast, correlation, entropy and sum of squares). A feature

imensionality reduction was carried out through a Haar wavelet

ecomposition of 5 levels. A watershed approach and a neural

etwork were then applied to obtain the final segmentation.

imilar statistical features were also extracted and classified in

alathi and Shanthi (2010c) considering that maternal GDM is as-

ociated with an increment of placental thickness. The gestational

ge was estimated using crown-rump length and biparietal diam-

ter in the first trimester, biparietal diameter and femur length in

he second, and biparietal diameter, femur length and abdominal

ircumference in the third trimester. Correlation and regression

nalysis were used to establish the relationship between placenta

hickness and gestational age. A remarkable increase in weight,

iameter and ventral thickness was found in placenta of diabetic

others. In addition, authors found that placenta had a roughly

val or rounded shape in all groups except in those suffering from

DM complications. 
Other authors went deeper in the task of classifying placenta

S images according to the 4-grading proposed by Grannum .

inares et al. (2003) used the ability of a decision tree classifier

o discriminate different textural features such as co-occurrence

atrices, Law’s operators, and neighborhood gray-tone difference

atrices (NGTDM). Results showed an ACC of 87%. Similarly, in

inares et al. (2004) the same set of features was computed

nd weighted separately using the relief-F method. The clas-

ification strategy adopted was the k-Nearest Neighbor (KNN).

n ACC of 60.71% was obtained using Law’s and NGTDM fea-

ures. Instead of extracting NGTDM features, the work proposed

y Chen et al. (2011) utilized 72 texture features derived from

he spatial gray-level dependence and difference matrices to

etermine quantitatively the gestational age. In addition, they

ncorporated the contrast, angular second moment, entropy, mean,

nd inverse difference moment. To assess the relationship between

he aforementioned features and the gestational age, a multiple

inear regression model was applied. Histogram intensity level

nd textural features such as mean, standard deviation, contrast,

orrelation and entropy were also explored in Malathi and Shan-

hi (2010a) and Malathi and Shanthi (2010b) . Since inner and

oundary pixels stand for inner texture regions, segmentation

as achieved by applying an adaptive region growing. The perfor-

ance of grayscale features such as mean, variance, distortion and

urtosis was also investigated by Liu et al. (2009) . A multi-class

VM based on a radial basis function was fed with the previous

eatures. Authors achieved a total recognition rate of 92%. They

lso realized that grade III was often the most confusing stage due

o its subjective visual characteristics. 

Effort s to improve the recognition rate of grade III were made

y several researchers. They discovered that calcifications were

redominant in placentas belonging to Grannum grades II and III .

arly preterm calcification was therefore shown to be associated

ith a higher incidence of adverse maternal and fetal outcomes.

yan et al. (2008) developed a software tool to analyze the pla-

enta in search of calcifications. Firstly, a flood-filling algorithm

as applied to create a reference image, where saturated pixels

ere turned black and the others, white. In order to boost the

lassification of placental borders, the Bresenham ’s line drawing

lgorithm was utilized. A region-growing was then applied to

nd calcifications against a pre-studied threshold. Furthermore,

he selection of individual placental infarcts was enabled through

he implementation of a circular region of interest (ROI) tool. The

ame objective was shared by Moran et al. (2013) , in which a

anual placenta delineation was performed to identify calcifica-

ions through a user-controlled intensity threshold. The doctors’

eproducibility achieved a DC of 0.89 ± 0.06 (involving all permu-

ations for all observed-pairs). Afterwards, a flood-filing algorithm

as employed to create a secondary reference map to be used

uring the quantification. An area under the curve equal to 0.628

as finally obtained for placental grading. 



70 J. Torrents-Barrena et al. / Medical Image Analysis 51 (2019) 61–88 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 7. Figure adapted from Keraudren et al. (2015) : Rough organ segmentation of 

a fetal MRI: heart ( blue ), left lung ( red ), right lung ( green ), liver ( yellow ). (For inter- 

pretation of the references to colour in this figure legend, the reader is referred to 

the web version of this article.) 
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The lack of objectivity, precision and reproducibility of the

Grannum ’s method ( Moran et al. (2009) ) provides a vague defi-

nition of grades II and III , which considerably affects their final

classification accuracy. Although some aforementioned works

( Liu et al. (2009) ) presented good recognition results, the features

do not exactly describe each stage individually due to the qual-

itative definition of this categorization. To overcome this issue,

authors propose an index based on the selected features as a

quantitative alternative to Grannum classification. To this end,

Li et al. (2014) proposed another method to automatically stage

the placenta maturity. Dense sampling was applied to pre-process

all images, and after patch extraction, each feature was calculated

through the local region invariant DAISY descriptor. Features

were encoded to reduce the dimensionality. Afterwards, these

features were fitted to a Gaussian mixture model and clustered

via K-means. These clusters were then fed to a SVM for the final

stage decision. An ACC of 0.874 was obtained, as well as a SEN =
0.996, and a SPE = 0.874. Similar to the previous article, the

method developed in Lei et al. (2014) was also aimed at extracting

local intensity order pattern features in each image region. The

Harris-Laplace algorithm was then adopted to detect placental key

points. This time, features were encoded using a Fisher vector.

The input placental image was partitioned into patches, and each

patch was represented by a local intensity order pattern. The rest

of the methodology was exactly the same as in Li et al. (2014) .

Final results presented an improved ACC of 0.9375. In this case,

authors achieved a lower SEN = 0.9804, but a higher SPE = 0.9375.

Finally, the article in Lei et al. (2015b) summarized the results of

Li et al. (2014) and Lei et al. (2014) . Several future research lines

were suggested such as the use of blood flow information to im-

prove the whole placenta evaluation, and the fusion of classifiers

to accurately recognize all placental grades. 

3.4. Heart 

The finding of a heart defect in the fetus has significant

implications for pregnancy management, delivery planning, and

diagnosis of abnormalities in other organs. Congenital heart dis-

ease (CHD) means a heart condition or defect that develops in

the womb, before a baby is born. There are many different types

of CHD such as aortic stenosis, atrial septal defect, hypoplastic

left heart, patent ductus arteriosus, supraventricular tachycardia,

among others ( Hunter and Simpson (2014) ). Some CHD problems

are currently detected when the mother has an US scan during

pregnancy (usually at 20 weeks of gestation), but sometimes

they are not discovered until the birth, or even until the child

becomes adult. In babies and toddlers, CHD can have a range

of symptoms (extreme tiredness, poor feeding, excessive sweat-

ing, rapid heartbeat, breathing problems, chest pain and a blue

tinge to the skin) because every child and condition is different

( Postma et al. (2016) ). Treatment as medication or fetal heart

surgery depends on the type and severity of the condition. 

An accurate fetal heart segmentation is essential to early locate

such structural heart abnormalities before birth. This is difficult

due to the small size of the fetal heart structure and cavities,

especially the thin chamber boundaries in the atrial septum, the

membranous segment of the ventricular septum, and the valvular

leaflets. 

3.4.1. Heart segmentation in fetal MRI 

Fetal cardiac MRI can provide additional information when

compared to echocardiography. In particular, MRI offers a better

volume estimation of the heart chamber, since US measurements

are often inaccurate due to acoustic shadows. Additionally, the MRI

four-chamber view is widely used as a main screening method

for fetal cardiac defects because of its large field of view. The
egmentation of the fetal heart in MRI is currently a cutting-edge

esearch topic, and only one work has been published so far. Once

t is detected, an accurate 3D volume can be rendered to clinically

xamine any abnormality in the organ. 

Keraudren et al. (2015) proposed to automatically detect the

eart and also the lungs and the liver using random forest and

teerable features (see Fig. 7 ). The main challenge for the fully-

utomated localization of them was the unpredictable orientation

f the fetus. All MRI were mapped into a standard coordinate sys-

em defined by landmarks on the fetal anatomy and normalized

or fetal age. Assuming that the brain center was known, image

eatures were extracted in a coordinate system rotating around the

rain to find the heart. The lungs and the liver were then localized

sing a coordinate system in which one axis was parallel to the

eart-brain axis. Authors validated their method on both healthy

nd IUGR affected fetuses. The detection rate was beyond 90%

or all organs belonging to healthy fetuses provided that motion

rtifacts were not present. The detection rate decreased to 83% for

he heart, 78% for the lungs and 67% for the liver when motion

as present. The method could be used to initialize subsequent

rocessing steps such as segmentation or motion correction. 

.4.2. Heart segmentation in fetal US 

For first-trimester fetus, US imaging is limited by the small

eart size and the low signal-to-noise ratio. Due to these lim-

tations, the whole fetal cardiac structure detection (see Fig. 8 )

s complex even for experienced doctors. Furthermore, fetal ribs

hadowing causes heavy dropouts behind the bony structure. The

our-chambers volume quantification is therefore complicated by

hese artifacts that difficult the determination of cardiac indices

i.e., ejection fraction and stroke volume). Many automatic seg-

entation algorithms can leak through these missing boundaries

f intra-chamber walls are unresolved. 

Dewi et al. (2014) reviewed of 2D fetal echocardiography

echniques. The authors focused on three main topics to support

iagnosis: speckle reduction, image segmentation, and image

nalysis. The section related to image segmentation included

lgorithms such as active contours, level sets and deformable

odels for heart tracking. They also remarked the importance to

easure fetal cardiac characteristics (heart position, cardiac axis,

itus and structural delineation) in abnormal diseases such as CHD.

n this regard, segmentation algorithms can aid the quantification

f geometrical parameters like area, volume and motion cardiac

tructure. Dewi et al. (2014) reviewed 14 segmentation works,

hich are therefore not discussed here. 

Among the pioneering works that have addressed the segmen-

ation of fetal echocardiographic images, Piccoli et al. (1999) dis-

ussed several supervised and unsupervised approaches. On
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Fig. 8. Fetal echocardiography: original four-chamber view ( left ), heart region masked in yellow ( middle ), and heart parts ( right ): left ventricle (LV), right ventricle (RV), left 

atrium (LA), right atrium (RA), moderator band (MB), and descending aorta (DAo). (For interpretation of the references to colour in this figure legend, the reader is referred 

to the web version of this article.) 
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he one hand, they applied a back-propagation neural net-

ork, which received different textural features (mean, variance,

ontrast, entropy and homogeneity) as input. On the other

and, they proposed an unsupervised network based on self-

rganizing maps (SOM) and the K-means technique. Similarly,

emosDeSiqueira et al. (2002) focused on the use of the unsu-

ervised SOM to approximate the probability density function of

he US patterns. The map was also post-processed through the

-means clustering. Each segmented US image was generated by

orrelating its pixels and clusters found in the map. This work

iffers from the previous ( Piccoli et al. (1999) ) as the authors

nly chose mean and variance to train the neural network. To

efine these measurements, the least-means squares error selected

he curve that best fitted the pixels located at the border of the

entricle wall. Additionally, the authors developed an algorithm

o measure semi-automatically the width of the intraventricular

eptum and the left ventricle cavity. Results were affected by ven-

ricle internal wall discontinuities called trabeculations. Although

he supervised methods identified some cavity and tissue regions,

pecially the inter-ventricular septum, important information such

s regions near to the class / tissue border was lost. These defi-

iencies were probably caused by incorrectly selected tissue and

avity samples in the noisy US, or inherent information loss when

omplex US were segmented in just 2 classes. Thus, US segmented

nto more than 2 classes by unsupervised approaches tend to bet-

er preserve heart structures. Subramanian et al. (1997) combined

he region growing and the split / merge technique to segment

 US by speeding up the segmentation via frame-to-frame video

oherence. However, 4–18% of images were wrong. 

Differently, Tutschek and Sahn (2008) aimed to search a novel

bstetric application of their method to semi-automatically seg-

ent and visualize fetal heart cavities (the ventricles, atria and

reat arteries) and vessels. The volumes were studied offline using

 commercially available product designed for ovarian folliculome-

ry . During the analysis, individual cavities in a static volume were

elected. Once the automatic segmentation was done, the system

tarted a search to isolate anechoic or hypo-echoic spaces. Then,

elf-expanding volumetric seeds were placed automatically. The

ain limitation in the method is related to acoustic shadowing,

hich produced hypo-echoic segments and may erroneously

ndicate additional volumes. In addition, it lacked a fully-manual

ode to either place or edit volumes. Due to operator-dependency

equired by manual editing, this approach is not suited for routine

etal echocardiography. 

The active contour algorithm was also employed in echocardio-

raphic images by Lassige et al. (20 0 0) to automatically extract the

ndocardial borders of septal defects. Furthermore, the size of the

efects in the original 2D and 3D datasets were also compared.

he methodology required the selection of 2 points that had to

ccomplish the following criteria: 1) one point must be located

n each side of the septum, 2) the points should not be placed
gainst a potential border of the defect, 3) the points should not

e placed excessively far from the septal defect, and 4) the points

hould be located not just in each of the ventricles between which

he septum was located, but the defect itself should be located on

 line that connects both points. Results were valid for approxi-

ately 70–85% of the tests. It was noted that 3D US seemed to

nderestimate the defects size and may fail to detect small defects.

Most published works, however, employed level set approaches

nstead of active contours to segment the chambers of the fetal

eart. Dindoyal et al. (2007b) evaluated the performance of 3

xisting level set methods: 1) edge-based, 2) region-based, and

) shape-based level sets. As the main advantage, shape-based

evel sets together with shape prior constrained the propagation

o a predefined shape in areas of ambiguity such as missing

hamber walls or spurious edges. When the prior was turned off,

hape-based level sets segmented the cardiac boundaries, but the

eak walls between chambers were punched due to the lack of

 collision term. Unlike region-based level sets, this algorithm did

ot require any coupling between the individual snakes, and it

inimized the inter-chamber leakage. The region-based level sets

ppeared to perform similarly with and without the shape prior

erm as its collision detection abilities handled the weak bound-

ries in-between cardiac chambers. Without shape prior the edge-

ased level sets completely overshot the boundaries due to its

onstant advection term. Hence, it was concluded that the snake

lgorithm with a shape prior term is more robust across many

mages compared to the amorphous snakes. In each snake type,

he shape prior term yielded a better segmentation agreement be-

ng the greatest improvement in the edge-based level sets. Among

heir findings, the same authors outlined an implicit level set

eformable model with shape prior term ( Dindoyal et al. (2007a) ).

fterwards, a Mumford-Shah model was combined to minimize the

egion-based energy function. All segmentations were within 1.5 -

 pixels of error compared to manually traced contours. In the case

f no boundary due to unresolved structures, the shape prior was

ble to provide an estimation based on stored shape knowledge.

riraam et al. (2012a) also suggested the application of amorphous

nakes, in which the shape prior term improved the individ-

al identification of the chamber edges and contours. Another

pproach that inspected an unconstrained level set deformable

odel was designed by Dindoyal et al. (2011) . It was penalized

rom growing into an adjacent cardiac compartment through a

ovel collision detection term. An advantage over the statistical

odel was that the presented method can segment a high varia-

ion of developing hearts that were not considered in the training

et. Hence, errors appeared larger in 3D than for 2D by a discrep-

ncy of 0.5 mm. The left and right ventricles segmentation for the

omputation of ejection fraction provided a 95% of agreement with

he clinical tracings. In the case of fetal heart US images, the left

entricle usually showed the best overlap due to its size, elongated

hape and less wall dropout. In the right ventricle, the papillary
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muscle made the manual segmentation more challenging. The

atria was even more difficult because of the septum. 

In the extraction of cardiac structure patterns is impor-

tant the selection of a suitable ROI. Systems developed by

LemosDeSiqueira et al. (2007) and Deng et al. (2010) firstly com-

puted an entropy texture feature to decide and isolate the most

convenient ROI. Once the candidate regions were found, the posi-

tion of the pattern with a higher degree of similarity with respect

to a fetal heart was kept. The last stage was based on the search

of the ROI inside the US image. To locate the cardiac structure, a

comparison between the previous candidate mold and the heart

structure mold generated in the first stage was performed through

the Bhattacharyya coefficient. The authors were satisfied with a

significant ACC of 89%. Deng et al. (2012) proposed an extension of

their previous work ( Deng et al. (2010) ). The improved approach

consisted of 2 main parts: 1) pre-processing phase: a) a rectangu-

lar mask was used to find the location with the highest level of

accumulated motion based on a Gaussian pyramid, and b) through

the 3D combination of Rayleigh-trimmed filter and anisotropic

diffusion, a despeckling method was developed to eliminate the

speckle noise and emphasize the motion information, 2) the

active cardiac model was designed to detect the fetal heart. The

key contribution of this article was that both the structure and

the motion information were considered simultaneously. Authors

assumed that a fetal heart consists of eight parts: left septum,

upper left boundary, top boundary, inter-ventricular septum, upper

right boundary, right septum, lower right boundary, and lower left

boundary. To represent the spatial relationship among different

parts, a center part was added and connected with the other 8

parts. The connections between parts at the same time represent

the structure information and the connections between parts at

different times represent the motion information. The extended

method had an error lower than 13 pixels. Based on the motion

information, Vijayalakshmi et al. (2013) superimposed consecutive

frames to design the region mask of the four heart chambers.

The dissimilarity between frames (different phases in a cardiac

cycle) was indicated by comparing the amount of residual gray

shades distribution of the chamber region. Once the superimposed

image was converted into a binary image, connected component

labelling was applied. Using the information of the largest con-

nected component, all edges of the heart chamber region were

identified. With the same purpose, Sriraam et al. (2012b) and

Reshmi-Mariam-Reji-Jacob et al. (2013) involved an automatic ROI

localization after a noise removal step based on morphological

operations and the median filter, respectively. The latter also em-

ployed an effective K-means clustering and an active appearance

model to finally identify the fetal heart. Therefore, small ROIs

did not represent adequately the fetal heart structure due to the

present noise, the variability of the heart size, and the fact that

the search was exclusively based on gray intensity. Furthermore,

the performance achieved by Deng et al. (2012) was better than

that obtained by the active appearance model alone. The reason

was that the latter did not consider the motion information for

each part and was mainly based on the appearance information.

When the data were collected at later gestational ages, the ACC

increased, which was reasonable considering that the cardiac

structure becomes bigger and better defined in older fetuses. 

Several authors invested their efforts on modeling the shape

of the left ventricle. Vargas-Quintero et al. (2016a) designed a

multi-texture active appearance model based on the steered Her-

mite transform to efficiently code texture patterns of the input

US scans. Afterwards, different methods such as thresholding,

mathematical morphology and correlation were applied to localize

the left ventricle. Results reported a DC of 0.8631 and a point-to-

curve distance of 2.027 pixels. Similarly, the Hermite transform

was also employed by Vargas-Quintero et al. (2016b) to minimize
he speckle noise present on US images. A point distribution

odel was then trained to detect the fetal left ventricle. Likewise,

argas-Quintero and Escalante-Ramírez (2013) compared the pre-

ious Hermite transform denoising with a wavelet decomposition

pproach as a way to strengthen the performance of the fetal

eft ventricle segmentation. For the latter, a Bayesian estimator at

ubband level for pixel classification was employed. Next, authors

icked out a deformable model to evaluate the influence of the

forementioned filtering techniques. 

Recently, Yu et al. (2017) compared the use of active and

ynamical appearance models with dynamic CNNs to provide a

obust segmentation of the left ventricle. The first US frame was

elineated manually to fine-tune the CNN, and the other frames

pplied a shallow tuning to adapt to the fetus. To differentiate

he left ventricle and atrium regions, the mitral valve base points

ere tracked. Experimental results showed a good segmentation

greement of DC = 0.94 with the ground truth, especially in

mages with leakage, blurry boundaries, and subject-to-subject

ariations. Following the pipeline illustrated in the previous work,

ully CNNs were also used by Sundaresan et al. (2017) to detect

he fetal heart and categorize each US frame as belonging to the

tandard viewing planes. The proposed CNN relied on a deep 16

ayer VGG architecture. To compare the final error rate of several

ully CNN models, predictions were down-sampled by a factor of

2, 16 and 8 to obtain pixel-wise segmentation. In the training

tage, the parameters of each layer were updated using stochastic

radient descent and softmax log loss function. Afterwards, a two-

tage post-processing was designed to eliminate spurious labels:

) multiple non-background labels, which were close (20 pixels)

o an image edge, were removed, and 2) labels smaller than

200 pixels were ignored. Their model obtained a classification er-

or rate of 23.48%. Another deep learning approach was proposed

y Huang et al. (2017) , which presented a three-fold contribution:

) a CNN was developed to predict the visibility, viewing plane,

ocation and orientation of the fetal heart at the frame level, 2) an

nchor mechanism with an intersection over union loss were both

mplemented to increase the localization accuracy, and 3) a bi-

irectional LSTM with 256 dimensional hidden layers was designed

o temporally extract convolutional features, allowing each predic-

ion to be conditioned on the entire fetal cardiac US video. The

odel gave an error of 27.7%. Gao and Alison-Noble (2017) also de-

igned an end-to-end two-stream fully CNN for temporal sequence

earning to recognize, characterize and fuse spatio-temporal fetal

eart representations. The network captured motion and appear-

nce features in a weakly supervised manner. In terms of heart

dentification, the obtained results for 412 US videos demonstrated

 0.90, 0.85 and 0.89 of ACC, precision and recall, respectively. 

Sampath and Sivaraj (2014) involved a probabilistic patch-based

aximum likelihood estimation denoising approach as a pre-

rocessing step to eliminate the inherent speckle noise. Then, a

uzzy connectedness algorithm was applied with the use of user-

redefined seed points inside the fetal heart. Statistical measures

uch as mean and standard deviation of the seeds were calculated

o extract the features. The segmentation results provided a fuzzy

onnectedness map defined by the pixels strength of hanging

ogetherness ( spels ), where the object of interest was extracted

hrough an image thresholding. Hence, boundaries and edges were

haracterized by fuzzy spels of heterogeneity nature, which re-

ained unconnected with their adjacent fuzzy spels . The strength

f fuzzy connectedness in contiguous regions between two spels

as described as the fuzzy spel affinity using a combination of

 parameters: 1) The unit of coordinate space adjacency, 2) The

nit of intensity space adjacency, 3) The unit of gradient intensity

pace adjacency. The average DC after the probabilistic patch-based

aximum likelihood estimation was equal to 0.9795, and without

t the DC was 0.186. Indeed, in recent years, more sophisticated
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echniques appeared to deal with specific heart diseases. For

xample, fetus cardiomegaly, an abnormal enlargement of heart, is

ne of the early indicators of hemoglobin Bart ’s disease. To solve

his non-previously tackled issue, Sardsud et al. (2015) utilized the

orn-Schunck ’s optical flow algorithm to extract a first ROI (that

as supposed to contain the heart chambers) to find the frames

ith end diastolic and end systolic. Then, a second ROI, supposed

o have the fetus chest, was also extracted. They also performed

atch-based C-means with 20 clusters in the second ROI. Similar

atches were finally combined together to segment the heart

hambers. To reduce some small areas of noise, an opening filter

as applied and then, objects that were connected to the bound-

ry of the second ROI and did not overlap with the first ROI were

lso discarded. The authors found out a segmentation error around

.17% compared with an expert’s opinion. Some error occurred

hen the second ROI covered a larger area than expected, since

he algorithm selected the wrong structuring element size in the

pening filter. In this case, the algorithm discarded some correct

reas, producing smaller heart chambers. 

Sridevia and Nirmala (2016) developed a framework to diag-

ose the prenatal truncus arteriosus congenital heart defect for

he first time. The system started with the suppression of unde-

ired distortions through the probabilistic patch-based maximum

ikelihood estimation. Afterwards, anatomical structures were

ighlighted using the fuzzy connectedness segmentation process.

his delineated blood vessels starting from a single seed point /

pel provided by the user. A total of 32 diagnostic features were

xtracted: statistical and Haralick features, laws textural energy

easures features, neighborhood gray tone difference matrix

eatures, Fourier power spectrum features, and shape parameter

eatures. A subset was then selected via Fisher Discriminant ratio

nalysis. To reduce the error rate, authors firstly chose the best 5

eatures to define the most optimal subset. Finally, a new adaptive

euro-fuzzy inference method was built to classify the previous

op ranked features as normal / abnormal fetal heart. The final

verage error rate was: an area under ROC = 0.8954, a F-score =
.9673 and a Kappa = 0.7914. As the main drawback, the proposed

nference system was specifically built to diagnose the presence

r absence of prenatal truncus arteriosus congenital heart defect

mong 13 various types of CHD. In addition, the work published by

irmala and Sridevi (2016) determined the H-shaped sonographic

arker to recognize the prenatal ventricular septal defect. The

ethodology involved cropping out the ROI followed by a prob-

bilistic patch-based maximum likelihood estimation to eliminate

he noise. Then, an unsupervised Markov random field approach

as utilized to detect the fetal heart chambers. It yielded an error

ercentage of 9.83%. Bridge et al. (2017) also presented a method

or the antenatal diagnosis of CHD. To overcome the ambiguity of

ppearance of fetal structures in US images, they used a sequential

ayesian filtering solution. Intensity features provided a fast but

ess accurate prediction of the fetal heart orientation and the

ardiac phase (e.g. classification error of around 50%), whereas the

se of gradient features presented a slower runtime and a lower

rror rate (e.g. classification error of around 30%). The inclusion

f motion features reduced the classification error to under 20%

nd improved the cardiac phase prediction, but with a significant

eduction in speed. Concretely, intensity features performed better

hen more features were available. By contrast, gradient features

ave rich description with a reduced number of features, but

mplied a large reduction in speed. Classification and regression

orests were trained with the aforementioned features to predict

he visibility, location and orientation of the heart. A modification

f such regression forests for circular variables was implemented

o deal with the cardiac phase prediction. Maraci et al. (2017) also

mployed the method presented by Bridge et al. (2017) to auto-

atically detect the fetal heart on 323 free-hand US with a mean
CC of 72.92%. In order to identify the heartbeat, a frame by frame

ategorization followed by a CRF regularization was conducted. A

ubsequent kernelized linear dynamical model achieved a mean

eartbeat classification ACC of 93.1%. 

.5. Lungs 

Congenital lung disorders, also known as cystic lung disease

r congenital lung malformations, occur while the baby is still

n its mother’s womb. Lungs are almost the last organs to be

eveloped during the prenatal stage. Concretely, they are not

ully-grown until the end of pregnancy. A deeper understanding

f the pulmonary anatomy in the premature neonate is achieved

y conducting a longitudinal study of normal lung maturity. Fetal

ung maturity is determined mainly by pulmonary surfactant and

t can only be assessed with laboratory tests on amniotic fluid

 DeSilva et al. (2016) ). The need of non-invasive techniques to

obustly predict the lung maturity has recently emerged. 

With the increased use of obstetric US and MRI scans, con-

enital lung disorders are detected more often antenatally, which

llows for proper planning of peripartum and neonatal man-

gement ( Bhattacharya and Mariani (2013) ). Prenatal treatment

ptions include the maternal administration of steroids, minimally

nvasive procedures or open fetal surgery. These interventions

im to alleviate the mass effect, prevent the progression of

omplications and improve the outcome for affected fetuses. 

.5.1. Lungs segmentation in fetal MRI 

The first semi-automatic method for fetal thorax analysis in

enuine MRI volumes was developed by Kainz et al. (2014b) . A

ast rotation invariant spherical harmonic descriptor was designed

o train a forest ensemble method for the spina cord localization.

s the heart and spinal cord positions were known, a proba-

ility map was generated for lung voxels based on a graphical

odel of the thoracic organs. Authors used logistic regression to

redict the gestational age specific distances between the heart

nd the left / right lung. Subsequently, voxels that belonged to

ach class as initial foreground / background constraints were

efined to apply a geodesic active contours segmentation. Spinal

ord and lung segmentation achieved a DC of 0.89 and 0.87,

espectively. An active contour approach was also employed in

hikop et al. (2014) to render a lung volume for illustrating

iometric measures required to determine fetal developmental

ates in pathology characterization. Segmentation was followed

y morphological operations, which removed spurious regions.

he banding artifact was eliminated through Haar wavelet and

ourier transform filtering. In some cases, these methods obtained

 truncated lung extraction, as certain parts were not visible in

he T 2 weighted scans due to the early gestational week. Since the

egmentation did not rely on a-priori information of the image

ased on hyper or hypo-intensities, the proposed approach would

eed to be extended to deal with T 1 weighted data. In addition,

uthors realized that when lung volumetry was performed on

otion corrected high resolution reconstructions, the performance

ppeared to be closer to post mortem measurements. 

Rajchl et al. (2017) also followed the idea of using an energy

inimization function such as the one applied in the active

ontour model to create a modified graph cut. They extended

ts concept with recent advances in CNN modeling and proposed

eepCut , an architecture to recover semantic segmentations of

mages with corresponding bounding boxes. Authors designed a

imple CNN inspired by LeNet architecture. Because of anticipated

otion artifacts between fetal MRI slices, they decided to empha-

ize the in-plane context of their training patches. Post-processing

ncluded regularization with a densely-connected CRF. The two

roposed DeepCut initialization methodologies achieved higher
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Fig. 9. An individual slice of a fetal chest US ( left ), the lungs region is highlighted as a brown mask by an expert clinician ( right ). 
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average ACC (70.0 ± 8.1% with bounding boxes, and 74.9 ±
6.7% with pre-segmentation), however the ACC remains lower

than fully-supervised CNN (82.9 ± 10.0%). By restricting learning

background patches, the architecture avoids learning features for

the entire image domain, allowing for faster training. Expressing

the employed CRF as a recurrent neural network might be a solu-

tion for back-to-back training of the parameters involved in each

DeepCut iteration. However, the iterative nature of the previous al-

gorithms was limited to find local optima. Thus, the resulting seg-

mentation was dependent on the initial regions. A deep-learning

framework was also implemented in Wang et al. (2018a) to pro-

vide a 2D segmentation of the fetal lungs, placenta and brain.

Authors coupled CNNs incorporated into a bounding box and a

scribble-based pipeline. The proposed method outperformed tra-

ditional interactive segmentation approaches thanks to a weighted

loss and an image-specific fine-tuning which, in turn, make the

CNN model adaptive to any test image. Besides the improved ACC

(achieving a supervised and unsupervised DC of 0.92 ± 0.03 and

0.85 ± 0.06, 0.92 ± 0.03 and 0.86 ± 0.08, and 0.96 ± 0.02 and

0.90 ± 0.06 for lungs, placenta and brain, respectively), fewer

user interactions and shorter computational times were needed. 

As we explained in Section 3.4.1 , the method proposed by

Keraudren et al. (2015) was also aimed to segment the fetal lungs. 

3.5.2. Lungs segmentation in fetal US 

Segmentation of fetal lung in US images (see Fig. 9 ) has become

an ambitious task due to low signal-to-noise ratio of this modality.

In particular, the speckle noise and the signal dropout affect fetal

chest US, which results in a deficient contrast and blurry bound-

aries (poor image quality). A suitable fetal lung segmentation is

also hard to achieve because of the similar tissue densities that

the lung and heart myocardium have. Nevertheless, researchers are

more focused on finding the interrelationship between gestational

age and its corresponding normal fetal lung volume. 

There is only one method, developed by Li et al. (2010) , to

semi-automatically segment the fetal lung from chest US images.

The procedure was firstly proposed to enhance boundary regions

through multiple GLCM textural features such as contrast, correla-

tion, entropy and homogeneity. The median and variance were also

calculated as descriptors of the region. Pixels were classified into 3

categories: 1) background (with low intensities), 2) strong bound-

ary regions (with high intensities, corresponding to real tissue

boundaries), and 3) weak boundary regions (with moderate inten-

sities corresponding to tissue details). For this purpose, a Gaus-

sian mixture model of 3 independent Gaussian distributions was

adopted. The boundary skeleton was calculated through a morpho-

logical thinning process. Since the segmentation was a multi-object

detection task, to avoid interferences, 3 rectangles were manually

defined as ROIs for the fetal chest, the heart and the spine. These

served as initial contours for the vector field convolutional model.

Thus, the fetal lung was the region within the fetal chest, but

excluding the fetal heart and the fetal spine. Further work is
eeded to properly validate this approach, as the results presented

ere qualitative and no performance measures were calculated. 

.5.3. Lungs classification in fetal US 

Several studies have demonstrated that texture analysis of fetal

ung US images based on gray-level measurements, lung tissue

otion and relative features of lung-to-placenta or -liver images

re able to identify feature patterns that correlate strongly with

estational age, or with the results of fetal lung maturity tests on

mniotic fluid. 

Bhanu-Prakash et al. (2002) described the first general attempt

o analyze the fetal lung maturity using US images to obtain the

extural trend of normal fetal lung as a function of the gestational

ge. Regions of interest from lung and liver were utilized to extract

everal texture features such as fractal dimension, lacunarity from

ractal measures, mean, standard deviation, coefficient of variance,

nd second moment calculated from the histogram. The ratio of

hese features was used as input to several well-known classifiers:

earest neighbor, KNN, modified KNN, multilayer perceptron, radial

asis function network, and SVM. An ACC from 73% to 96% was

btained. Although classifiers were not biased by data, the neural

etwork and its variants showed a poor generalization capability.

he performance was better in the case of radial basis function

etwork and SVM classifiers. When the training and test data con-

ained samples from all gestational ages, the neighborhood classi-

ers performed better due to more closeness in the neighborhood

elation among the samples at the boundary of the classes. Along

he same lines, Cobo et al. (2012) explored the feasibility and re-

roducibility of the features extracted from their AQUA software to

rovide gestational age information. This algorithm was also based

n a texture analysis, which obtained 15.300 features per delin-

ation, and a CRF. A statistical learning algorithm was then applied

o select only the most 30 relevant features. Once these features

ere chosen, a regression model composed by random forests was

omputed to test the features’ robustness. The association between

estational weeks and AQUA lung textures yielded a Pearson cor-

elation of 0.97. Palacio et al. (2012) implemented a second release

f the AQUA software built upon genetic algorithms and SVM. The

ormer identified a set of 31 critical descriptors, and the latter de-

eloped a mathematical model using these descriptors to predict

he lung maturity in amniotic fluid. Average ACC of 90.27% was

btained, as well as a SEN and SPE of 95.1% and 85.7%, respectively.

AQUA software therefore provided information about lung

tructural changes in transverse US without any reference tissue

o compute relative echo-densities. No blind samples were used

o test the predictive capacity of the model. Although the previ-

us study provided a proof of principle that fetal lung maturity

ssessment can be achieved through a non-invasive method,

he risk of respiratory morbidity was not considered despite its

linical importance. Recently, Bonet-Carne et al. (2015) tackled

his issue using neonatal respiratory morbidity cases, in which

ome corresponded to respiratory distress syndrome and others to

ransient tachypnea of the newborn. A pre-defined method termed
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Fig. 10 . TTTS fetoscopic laser photocoagulation. This US-guided therapy consists in closing blood vessels (anastomoses) connecting the twins. The selection of the correct 

entry point critically affects the fetoscope maneuverability and the possibility to burn all the anastomoses. 
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uantitative ultrasound fetal lung maturity analysis (quantusFLM 

T M )

as created through 2 different modules. The first feature ex-

ractor module combined invariant features to geometric and

hotometric transformations. Then, lung classification algorithms

uch as regression models, trees and neural networks were trained

n the second module to identify high and low risks of respiratory

orbidity. The performance achieved an ACC = 87%, SEN = 91%,

nd SPE = 86%. To the best of our knowledge, this is the first work

eporting blind validation of quantitative imaging analysis software

esigned specifically to predict neonatal respiratory morbidity. Its

ain difference between previous published studies is the large

umber of images utilized. Nevertheless, three main limitations

rise: 1) a single cohort was used, 2) the image acquisition and

elineation were performed by highly-trained personnel, and 3)

he sample size prevented the performance evaluation within

arrow gestational age ranges. 

. Examples of fetal surgery applications 

There have been attempts to implement segmentation and

lassification algorithms for the aforementioned organs in real

urgeries at pre-operative stage. In the following, examples of fetal

iseases for which these scientific approaches have been applied

or could be employed in the near future) at the pre-operative

evel are highlighted. 

.1. Twin-to-twin transfusion syndrome 

Twin-to-twin transfusion syndrome (TTTS) is a rare, potentially

atal condition that affects around 10–15% of monochorionic twins.

t originates from the blood vessels (small anastomoses) located

nside and on the surface of the shared placenta connecting both

abies ( Valsky et al. (2011) ). In this syndrome, blood is not evenly

istributed, but part of it is rather diverted from one of the twins

the donor ) to the other one (the recipient ). Fetoscopic laser pho-

ocoagulation therapy is one of the most effective TTTS treatments

see Fig. 10 ) and it consists in closing blood vessels connecting

he twins ( Slaghekke et al. (2014) ). If all blood vessels linking

he babies are efficiently burned, the procedure only needs to be

erformed once. Otherwise, to reentry in a different point is highly

ssociated with fetuses’ mortality ( Slaghekke et al. (2014) ). There-

ore, the selection of the correct entry point is probably the most

ritical factor of the intervention as it directly affects the fetoscope

aneuverability and the possibility to reach all the anastomoses. 
Although all methods described in Section 3.3.1 and 3.3.2 can

e used to effectively know the placenta position, only

eresa et al. (2017a) proposed a surgical software for planning

he insertion trajectory taking into account the specific placenta

nd blood vessels localization. In their simulated surgical scene,

he authors load a model of a 2.0 mm fiber fetoscope and let the

urgeon inspect the insertion point interactively using a replica

f the fetoscope connected to an NDI Aurora tracker. Previously,

uks et al. (2001) studied the anatomy of each amniotic cavity, the

oint of placental insertion of the umbilical cord and the location

f the inter-twin membrane in relation to the port placement.

hree models were used to calculate the optimum port entry point,

s well as the length and angle of the curved tool required to

each the target region at the desired angle. In both works, the 3D

econstruction rendered enhanced anatomical understanding at the

reoperative stage, and allowed manipulation of the imaging to fa-

ilitate surgical planning. Moreover, Liao et al. (2009) developed a

ast image mapping system to fuse endoscopic image mosaics with

D US for assisting directly the intrauterine laser photocoagulation

herapy. A Polaris Vicra optical tracking system was employed to

rack the endoscope position and the US probe. The endoscopic im-

ges were registered to the placenta (phantom) surface extracted

rom the 3D US through a GPU-based multi-image processing

pproach. The image mapping accuracy was 2.8 mm on average. 

.2. Congenital heart disease 

As explained in Section 3.4 , CHD refers to a structural heart

bnormality present at birth. The most common surgical treatment

f CHD in the fetus is performed as follows. A 18- to 19-gauge

eedle is introduced into the fetal heart and the ventricle point-

ng toward the corresponding valve through the uterus under

ontinuous US guidance. After ventricular puncture, the needle is

ositioned with the tip within the outflow tract below the valve.

he trocar is removed and the wire with the preloaded and mea-

ured balloon catheter is inserted into the needle and advanced

hrough the valve. The balloon is positioned across the valve on

he basis of previous measurements and appearance on US. When

he position is confirmed, one or more inflations are accomplished.

Although no sophisticated systems have been implemented

o plan the pre-operative stage of this surgery, some prelimi-

ary works recently ( Sridevia and Nirmala (2016) ; Nirmala and

ridevi (2016) ; Bridge et al. (2017) ) address this new line of

esearch. Therefore, the aforementioned methodologies could be

xploited to design a useful pre-operative planning framework. 
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Fig. 11. Congenital diaphragmatic hernia ( from left to right ): Coronal TruFISP, sagittal HASTE and T 1 -weighted images showing a left diaphragmatic defect through which the 

stomach and loops of bowel are herniated ( first figure ). A partly herniated T 2 hypointense liver located anterior in the thorax is also presented ( second figure ). Furthermore, 

a herniated T 1 bright liver is shown ( third figure ). The fetal endoscopic tracheal occlusion is finally illustrated ( fourth figure ). 

Fig. 12. Pulmonary hypoplasia ( from left to right ): US with bilateral large echogenic kidneys, US with a large posterior fossa cyst, Coronal single shot MRI T 2 images of fetal 

brain, chest and upper abdomen that show large posterior fossa cyst communicating with the 4 th ventricle, large hyperintense kidneys. The lungs depict a lower than normal 

volume close to that of surrounding muscles. 
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4.3. Congenital diaphragmatic hernia 

Congenital diaphragmatic hernia (CDH) is a birth defect oc-

curring because the diaphragm is not completely formed (see

Fig. 11 ). Since there is a hole in this structure, the organs in

the abdomen (stomach, bowels, liver) may ascend to the chest,

thereby compressing the lungs and preventing their normal de-

velopment (pulmonary hypoplasia). The intervention consists in

a minimally invasive therapy called Fetal Endoscopic Tracheal

Occlusion ( Mesas-Burgos et al. (2017) ). Through a small incision

in the skin (about 3 mm) a tiny fetoscope is inserted and under

direct vision the endoscope is advanced through the mouth of the

fetus down to the trachea, where a balloon is inflated. This balloon

is left inflated for a period ranging from 3 to 6 weeks and then it

is removed. The rest of the pregnancy can be managed in a usual

way ( Terui et al. (2017) ). 

To the best of our knowledge, no works have been re-

ported on the design of a pre-operative planning system to aid

CDH fetal surgery. Nevertheless, the methodology presented by

Keraudren et al. (2015) could be employed to compute the abnor-

mal displacement of the fetal lungs and liver with respect to their

usual localization. Once surgeons know the position deviation of

these organs, they could estimate approximately the volume of

the inflated ballon to prevent the compression of the lungs. 

4.4. Pulmonary hypoplasia 

Pulmonary hypoplasia (PH) is a condition in which the lungs

are abnormally small, and do not have enough tissue and blood

flow to allow the fetus to breathe on its own (see Fig. 12 ). Most

often the PH is a secondary problem due to another diagnosis

such as CDH or bladder outlet obstruction. Either something is

compressing the lungs or preventing the lungs from developing
roperly ( Matturri et al. (2003) ). Its diagnosis is based upon

easurements (volume and size) taken from US and MRI images

n order to determine whether the problem is life-threatening for

he baby ( Wu et al. (2017) ). Fetal surgery can help reverse the

ffect of the pH while the baby is still developing in the womb. 

No research has been carried out in the field of pH surgical

lanning. However, if pH appears after a CDH abnormality its

re-operative planning could be directly related. A second work-

ow in the CDH planning framework could be added by taking

dvantage of the algorithms reviewed in Section 3.5 . In this line,

 wider analysis of relevant pH risk factors such as size, position

nd maturity of fetal lungs could be reported on both US and MRI

mage modalities to deal with successful surgeries. 

.5. Pulmonary sequestration 

A pulmonary sequestration (PS) is a cystic piece of abnormal

ung tissue that appears next to or within the lung. The diag-

osis is made by prenatal US findings of an echogenic (bright)

ass appearing in the fetus chest (see Fig. 13 ). The mass may

isplace the heart from its normal position or push the diaphragm

ownward, but the key feature of a sequestration is the finding

f an artery leading from the cystic mass directly to the aorta

 Yoon et al. (2017) ). If the fetus has a very large lesion that will

ake resuscitation after delivery dangerous, a specialized delivery

an be planned called the EXIT (ex utero intrapartum treatment)

rocedure. 

Once again, there is no literature on the topic of PS surgi-

al planning. Although several follow-up methods proposed in

ections 3.4 and 3.5 could be utilized to detect the echogenic

ass through the localization of the fetal heart and lungs, its full

mplementation has not been addressed before. The automatic

egmentation of the large vessel arising from the descending
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Fig. 13. Pulmonary sequestration ( from left to right ): US axial, US sagittal, US coronal, US coronal Doppler and MRI T 2 SSFSE. US images : Large hyperechoic homogeneous 

mass is identified in the left chest pushing the heart completely into the right chest. In addition, a large feeder vessel is identified arising from the descending thoracic 

aorta. MRI image: T 2 hyperintense mass in left chest with flow void arising from the descending thoracic aorta. 

Fig. 14. Figure extracted from Fichter et al. (2008) : Axial (left ), sagittal ( middle ) and coronal ( right ) view planes of US scans show a SB defect. The cystic lesion is characterized 

by a fluid-filled sac, where the neural placode is lifted out of the spinal canal and hair-like nerves can be seen rising through the sac (sagittal view). 
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horacic aorta remains unexplored, despite that it plays a crucial

ole in the pre-operative planning. In this case, 3D US doppler

erves to efficiently detect this artery. 

.6. Spina bifida 

Spina bifida (SB) or Myelomeningocele is a birth dysraphic

efect where an incomplete closing of the backbone and mem-

ranes exists around the spinal cord, leading to severe impairment

hroughout the patient’s lifetime ( Fichter et al. (2008) ). SB is

aused by a neurulation failure in the 4 th week of gestation. It

an be diagnosed prenatally in over 80% of all cases by maternal

erum α-fetoprotein and obstetrical US (see Fig. 14 ). Indirect signs

uch as irregularities of the bony spine or a bulging within the

osterior contour of the fetal back are present in most SB cases

efore the 24 th week of gestation. 

The SB fetal surgery implies a delicate procedure where sur-

eons open the mother uterus and close the opening in the baby’s

ack while they are still in the womb. The first cases of SB repair

ere performed fetoscopically to minimize maternal risks, but

roved unsuccessful due to small-calibered instruments, anterior

lacenta, unfavorable fetallie, maternal obesity, technical difficul-

ies of the surgical procedure, among others ( Izatt et al. (2007) ).

ecent advances in robotics have solved some of these technical

roblems, but an accurate surgical planning is still required to

ncrease the success rate. Although no works on SB surgical

lanning have been reported so far, Kohl et al. (2012) performed
 pre-operative sonoanatomic examination of SB aperta to allow

rediction of surgical complexity during subsequent minimally-

nvasive fetoscopic closure on 9 human fetuses. In this way,

uthors made a pre-operative assessment to collect essential

nformation for facilitating surgical planning of the procedure. 

. General performance assessment 

Tables 2–5 summarize the validation done on the 123 articles

iscussed in Section 3 . They involve all fetal image segmentation

nd classification methods in terms of the fetal organs here pre-

ented, namely brain, placenta, lungs and liver (thorax), heart, and

he whole fetus. 

KEY TO TABLE

Modality: MRI (Magnetic Resonance Imaging), US
(Ultrasound), and 3D US (3-dimensional Ultrasound).

Automation (Auto): S (Segmentation), C (Classification), +
(Full), - (Interactive guidance), and = (Substantial guidance).

Evaluation (Eval): QL (Qualitative), and QN (Quantitative
with manual delineations / clinical reference or standard).

Validation (Val): Number of subjects (number of images).
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From Tables 2–5 , some general comments on the state-of-art

reviewed can be made. 

• In the field of medical imaging, some simulation, phantom, and

clinical studies are usually adopted to validate segmentation

and classification approaches of anatomical organs. Such clin-

ical studies are particularly based on the use of manual delin-

eation as the gold standard to be correlated with clinical out-

come. Simulation and phantom studies have been carried out,

but essentially clinical data is utilized during the validation pro-

cess. This is due to the fact that genuine simulations and phan-

toms are hard to define. 
• Manual delineation on clinical data is the preferred modus of

performance assessment. However, the inter-expert and intra-

expert variability in the delineation procedure makes it more

sensible to outliers. It is therefore important to be careful dur-

ing the results interpretation when manual tracing is utilized as

the main reference clinical outcome. 
• There are no guidelines in the performance evaluation. Al-

though authors use well-known and common measures, a di-

rect comparison of methods cannot be easily performed as a

whole, since each work is validated through different measures.
• From Tables 2–5 we can see that 55 articles were validated on

databases with less than 60 images (44.7%), and 11 articles did

not specify the number of images used. Hence, a higher degree

of robustness is needed in forthcoming works. 
• There exists a lack of standardization in the data collected.

There are no public databases on which different research

groups can compare methods. Thus technical benchmarks can

only be performed between algorithms developed by individual

institutions or through research collaborations. This problem is

aggravated in US as there is a huge variability in its low-quality
in comparison to other image modalities such as MRI. s  

Feature 
extraction

HE
Motion
Gradient
Intensity
Texture
Steerable
Entropy
Statistical
GLCM

Wavelets 
& 

Transforms

Haar, Gabor
Fourier
Hermite, Hough

Classification 
& 

Regression

RBF, AdaBoost
SVM
KNN
(O)RF
Decision Trees
MLR
SOM
NN

Clustering
&

Dim. Reduction

(Fuzzy) 
C-means
K-means
GMM
EM
MRF
CRF
PCA

Machine 
Learning

Deep 
Learning

CNN
BiLSTM

(Supervised)

(Unsupervised)

Graph-based 
models

GC
RW

Energy, Shape, Edge, 
Region, Intensity -based 

models

Watershed
MO
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RG
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Deformable 
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Fig. 15. Categorization of the reviewed techniques according to each fetal organ and ima

same as defined in Tables 2–5 . 
. Discussion and future prospects 

Fetal MRI has gained wide acceptance in clinical practice as

 valuable tool to complement prior prenatal (3D) US findings.

utomatic segmentation and classification algorithms can nowa-

ays facilitate the diagnosis of in utero abnormalities of fetal

rgans. In addition, thanks to the major breakthroughs in medical

quipments and the recent advancements in the image acquisition

rotocols, more scalable and high-quality population reference

tudies can be performed. Crucial information is obtained to aid

he decision-making process of a specific treatment. Therefore, the

ccuracy and quality of preoperative fetal MRI and US are of the

tmost importance to avoid an inaccurate diagnosis, since it could

ead to suboptimal or inappropriate intervention. Fetal imaging

eeds to be differently approached in comparison to adult organs

iterature due to the complex and rapid changes that all fetuses

ndergo during the gestational period. 

Fig. 15 describes the intrinsic relation between the reviewed

echniques, organs and image modalities. It gives an overview of

hich are the most employed algorithms, which of them have

een independently applied to different organs and image modal-

ties, and which research lines regarding fetal imaging remain

nexplored. 

Although new MRI classification approaches are capable to

egment fetal organs robustly, the final segmentation is still

ubject to inter-slice motion artifacts. High-level features (e.g.,

ig. 15 - first row) are widely used to overcome the low contrast

nd weak boundaries, which help to obtain a better description of

ll organs and background than intensity-based low-level features.

ikewise, textural features are also utilized in (3D) US data to deal

ith fetal organ analysis such as placenta classification or lungs

egmentation. However, these features have a longer runtime.

he trend is to improve the robustness by adding other features

uch as geometry and morphology. Moreover, deep learning tech-
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Fig. 16. A 3D model of the mother uterus: Axial MRI view ( left ), and 3D isosurface ( right ): placenta ( yellow ), peripheral blood vessels ( red ), uterus ( green ) and umbilical cord 

( purple ). A green simulated fetoscope is located on the top-right of the Axial view. (For interpretation of the references to colour in this figure legend, the reader is referred 

to the web version of this article.) 
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iques (e.g., Fig. 15 - fifth row) can extract robust features using

 network that takes into account local and larger contextual

eatures at the same time (multi-scale features). Despite its recent

dvances, deep learning has not been applied yet to fetal heart and

ungs segmentation / classification in MRI and 2D US, respectively.

ecently, these approaches have also incorporated CRF to address

he disconnectivity of labels resulting from prediction. The appli-

ation of a CRF as a recurrent neural network might be a solution

or back-to-back training parameters involved in each algorithm

teration. Nevertheless, the impact of high-level features and CRF

n fetal imaging has not been investigated in detail (e.g., Fig. 15 -

ourth row). Other techniques such as random forests and support

ector machines (e.g., Fig. 15 - third row), or active contours and

orphological operations (e.g., Fig. 15 - seventh row) are widely

mployed in placenta, lungs, liver and heart. A complete 3D

egmentation could be used to avoid the accumulated propagation

rror in all organs, which is typically higher in terminal slices due

o a large shape change of the organs between slices. Researchers

hould also take on board super-resolution methods to recon-

truct all MRI views to improve the final results and reduce the

oise. 

In the case of the placenta, several feature extractors, super-

ised and unsupervised techniques have been successfully applied

n both MRI and 2D / 3D US (e.g., Fig. 15 - first and second

olumns). Therefore, researchers can go a step further and improve

he anatomical understanding of the placenta by rendering a 3D

odel of its vasculature through the fusion of MRI and US Doppler.

ikewise, MRI and 3D US could be simultaneously used to locate

he vessels. In MRI, vessels appear as black dots whilst in 3D US

hey are seen as black lines and cavities adhered to the placenta

oundary. For instance, vessels segmentation in TTTS has to be

arried out between approximately 16–26 weeks of gestation to

revent the death of both fetuses. The exact location of the umbil-

cal cord insertions should be also addressed in the near future as

he vasculature emanates from it. All the aforementioned improve-

ents would allow surgeons to perform better in the preoperative

tage and carry out self-reliant laser treatment operations. 

Non-invasive diffusion-weighted MRI (DW-MRI) is recently

merging to quantify in vivo global placental perfusion without

he need for exogenous contrast agents, which has a crucial role

or the effective delivery of nutrients and gases to the fetus. More

pecifically, the intra-voxel incoherent motion (IVIM) modality

stimates the fraction of moving blood in the total placenta

olume under the assumption that the DW signal is associated

ith both water diffusion in tissues and blood diffusion inside

apillaries. For instance, Moore et al. (20 0 0) toke advantage of

hese properties to empirically segment the placenta into fetal
chorionic plate) and maternal (decidual plate) compartments. The

ntervillous placenta space was hard to divide due to the complex

nd hierarchical villous branches. This compartment differentiation

as also tackled in Kording et al. (2015) by applying a K-means

lustering of the time-to-peak values obtained from dynamic

ontrast-enhanced (DCE) MRI. An adapted gamma function was

tted to the discrete concentration time curves to improve the

erfusion and segmentation results. A mean DC of 0.91 ± 0.08

nd 0.89 ± 0.08 was found for both compartments. Freshly,

ou et al. (2017) used in vivo IVIM to semi-automatically detect

he compartments via GrowCut multi-labeling. The perfusion

raction was 0.58 ± 0.11 and 0.56 ± 0.13 in the fetal and mater-

al compartments, respectively. Great efforts are being made to

nhance the DW-MRI. Flow and fluid measurement methods are

onfounded by the interaction of relaxation and perfusion features,

hich are rarely simultaneously considered. In this framework,

elbourne et al. (2016) proposed a three compartment model

omprising fast and slowly circulating fluid pools motivated by

he different flow characteristics across the placenta. The placenta

ool was fitted to overlapping multi-echo T2 relaxometry and

VIM. 

Regarding placenta classification in 2D US, it has been shown

hat calcification is higher in placentas with Grannum grades of

I and III. Early preterm calcification is associated with a higher

ncidence of adverse maternal and fetal outcomes. Grade III is

ften the most confusing stage in placenta maturity analysis due

o its subjective visual characteristics. Encoding features as a

unction of the Grannum grade could improve grade III detection

e.g., Fig. 15 - first row and second column). Dense sampling

ould help as well, since it generates a high number of sam-

les to discriminate between different grades. Nevertheless, the

rannum ’s method lacks objectivity, precision and reproducibility.

ndeed, it is presently unused in the clinics. Therefore, suitable

lternatives are needed. In particular, an objective and repro-

ucible quantitative grading system for the assessment of 2D

S images should be designed. Vector methodologies such as

ector of locally aggregated descriptors and Fisher vector could

e implemented as they demonstrated better classification re-

ults. A multi-class SVM could improve the classification of these

eatures. 

Energy, shape, edge, region and intensity -based models are al-

eady implemented for the heart in 2D US (e.g., Fig. 15 - seventh

ow and fourth column), but scarcely used in lung, placenta and

iver. In particular, level set approaches are often used in heart seg-

entation. The shape prior constrains the propagation to a prede-

ned shape in areas of ambiguity such as missing chamber walls

r spurious edges yielding a better segmentation agreement. Re-
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searchers have easily adapted shape prior to different snake algo-

rithms when the shape is unknown. In addition, deformable mod-

els (shape + texture) are widely used to detect the fetal heart

structures (e.g., Fig. 15 - eighth row and fourth column). The trend

is to utilize the heart structure and the motion information simul-

taneously. This can be achieved by using US video sequences in-

stead of single images. Although other organs do not take advan-

tage of fuzzy clustering techniques, in fetal heart they are becom-

ing increasingly important (e.g., Fig. 15 - fourth row and column).

Pre-operative surgical systems to aid fetus cardiomegaly, congeni-

tal heart disease or defect, prenatal ventricular septal defect have

been scarcely reported and therefore there is room for improve-

ment. Likewise, 3D/4D annulus fetal heart segmentation deserves

to be researched in the fetal domain. In adult hearts, segmenting

the mitral valve during closure and throughout a cardiac cycle from

3D/4D US has been demonstrated essential for creation and val-

idation of mechanical models, improved visualization and under-

standing of mitral valve behavior, and pathology diagnosis. Often,

mitral valve segmentation from 3D/4D US images either requires

extensive user interaction and initialization, does not maintain the

valve geometry across a cardiac cycle, or cannot produce a detailed

coaptation line and surface ( Schneider et al. (2011, 2012) ). 

Segmentation of fetal lungs on US images should be addressed.

Only one work has been published so far. Certainly, it is an

extremely challenging task due to the low signal-to-noise ratio.

Currently, no automatic method exists. In the clinics, fetal lung

volumetry is assessed by manually segmenting individual US

slices at a postmortem stage or individual MRI motion corrupted

slices. On the other hand, it would be appealing to improve the

state-of-the-art techniques that provide the textural description of

fetal lungs as a function of the gestational age (e.g., Fig. 15 - first +

third rows and sixth column). This would enable the introduction

of non-invasive techniques into clinical practice to test fetal lung

maturity. For example, neonatal respiratory morbidity could be

predicted based on quantitative analysis, thus replacing current

tests involving amniotic fluid. 

The clinical applications of obstetric ultrasonography can be ex-

tended with an improved understanding of the fetal liver anatomy,

which is mostly overlooked in the US literature, in particular its

morphology. Hepatic calcifications in the fetus are hyperechogenic

areas that are detected by US imaging. They are termed fetal

liver calcifications. The incidence of fetal hepatic calcifications

is undetermined. Although isolated liver calcifications are rela-

tively common, their clinical significance and management are
ot precisely known. Calcifications can form either at the liver

arenchyma or at the liver surface. Fetal liver calcifications were

ound to be associated with other abnormalities on ultrasono-

raphic examination, such as ventriculomegaly, ventricular septal

efect, ascites, and echogenic gut. Possible causes for these lesions

ave been associated with infection, ischemic insults, portal and

epatic vein thromboemboli, tumors, chromosomal abnormalities,

nd sludge or lithiasis in the gallbladder. 

This review demonstrates that new technologies and segmenta-

ion / classification algorithms are currently being investigated to

id the fetal preoperative stage, particularly in specialities where

urgery is complicated, and where the pathology is unusual. Great

ffort s have been made to produce high-fidelity simulators for

etal interventions in spite of being a relatively young research

eld, but there is still a long way to go. The research in other fields

ike brain, breast cancer or pulmonary nodule segmentation is

ore mature, partly because machine learning and deep learning

ethods were implemented earlier in time. 

. Conclusion 

This work provides the most recent landmarks on segmentation

nd classification methodologies in the context of fetal imaging.

 total of 123 relevant studies in which state-of-the-art methods

re used to analyze fetal structural anatomies to identify possible

bnormalities or complications have been surveyed. Although fetal

RI and (3D) US are still improving, with higher resolution and

nhanced signal-to-noise ratio, new processing approaches are

merging. Given the constraints that intrauterine environments

mpose and the intricate fetal anatomy, not only well-designed

omputer-assisted frameworks are required, but also novel, fast,

nd efficient ad hoc fetal algorithms are needed. Fetal surgery

nterventions, for instance, are currently taking benefit from such

echniques to achieve an enhanced pre-operative planning. This

eview grasps the most recent computer-based contributions to

he field of fetal lungs, liver, heart and placenta imaging. 

cknowledgements 

This work was supported by CELLEX foundation and the Google

omen Techmakers scholarship awarded to Jordina Torrents-

arrena. Also this work was funded by the Spanish Ministry of

conomy and Competitiveness under the María de Maeztu Units

f Excellence Programme [ MDM-2015-0502 ]. 

https://doi.org/10.13039/100008050
https://doi.org/10.13039/501100003329


J. Torrents-Barrena et al. / Medical Image Analysis 51 (2019) 61–88 81 

Table 2 

Part I - Summary of all works (123 articles) included in this review. 
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Table 3 

Part II - Summary of all works (123 articles) included in this review. 
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Table 4 

Part III - Summary of all works (123 articles) included in this review. 
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Table 5 

Part IV - Summary of all works (123 articles) included in this review. 

( ∗) The mean value of all observers involved during the experimentation part has been calculated. 

Nomenclature : Random Forest (RF), Conditional Random Field (CRF), Online Random Forest (ORF), Dynamically Balanced Online Bagging (DyBa), Convolutional Neural Net- 

work (CNN), Bidirectional Long-Short Term Memory Network (BiLSTM), Patch-to-Volume Registration (PVR), K-Nearest Neighbor (KNN), Neural Network (NN), Support Vector 

Machine (SVM), Histogram Equalization (HE), Region Growing (RG), MultiLinear Regression (MLR), Fast Local Descriptor for Dense Matching (DAISY), Vector Locally Aggre- 

gated Descriptor (VLAD), Gaussian Mixture Model (GMM), Principal Component Analysis (PCA), Local Intensity Order Pattern (LIOP), Fisher Vector (FV), Active Contours (AC), 

Gray-Level Co-occurrence Matrix (GLCM), Expectation Maximization (EM), Radial Basis Function (RBF), Self-Organizing Maps (SOM), Shape Prior (SP), Fuzzy C-Means (FCM), 

Probabilistic Patch Based Maximum Likelihood Estimation (PPBMLE), Fuzzy Connectedness (FC), Fisher Discriminant Ratio (FDR), Adaptive Neuro Fuzzy Inference System 

(ANFIS), Sugeno Fuzzy Inference System (SFIS), Markov Random Field (MRF), Active Appearance Model (AAM), Dice Coefficient (DC), Tanimoto Coefficient (TC), Root Mean 

Square Error (RMSE), Accuracy (ACC), Area Under Curve (AUC), Sensitivity (SEN), and Specificity (SPE). 
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