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Abstract:  This  review  provides  a  comprehensive  overview  of  echocardiographic  image  segmentation  techniques  in
representative  clinical  contexts,  including  valvular  heart  disease  (VHD),  congenital  heart  disease  (CHD),  and  left  ventricular
(LV) dysfunction and heart failure. The article first outlines the standardized workflow for ultrasound (US) image segmentation,
establishing a technical framework for comparing and evaluating different approaches. This is followed by a brief overview of
the pathophysiological characteristics of these conditions, highlighting their anatomical segmentation requirements and clinical
implications. Subsequently, the review summarizes the evolution and key contributions of traditional image processing, machine
learning (ML), and deep learning (DL) methods across different disease types. Comparative analysis indicates that DL models,
with  their  end-to-end  training  strategies  and  hierarchical  feature  representation,  demonstrate  substantial  advantages  in
segmentation  automation  and  accuracy.  Finally,  the  article  discusses  current  challenges  in  data  acquisition,  model
generalizability,  and clinical  integration,  and explores  future research directions to promote the development  and translational
application of intelligent echocardiographic analysis.
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E chocardiography (Echo)  is  a  widely  used   imag-
ing  modality  in  clinical  practice  for  evaluating
cardiac structure  and  function,  offering   advan-

tages such as non-invasiveness, safety, and repeatability
[1].  Diagnostic  interpretation  based  on  imaging  signs
relies  on  observing  cardiac  motion  and  doppler  flow
characteristics to  identify  morphological  and   hemody-
namic abnormalities, making it valuable for the diagno-
sis  and  treatment  evaluation  of  various  heart  diseases.
However, its clinical application remains limited by sev-
eral  factors,  including  operator  dependence,  suboptimal
acoustic windows, and subjectivity in interpreting imag-
ing signs [2].

Current  medical  image  processing  primarily  focuses
on  image  enhancement,  segmentation,  registration,  and
computer-aided  diagnosis  systems  (CADx)  [3].  Tradi-
tional  approaches  often  rely  on  handcrafted  rules  or
physical models, leading to limited accuracy and gener-
alizability. In contrast, artificial intelligence (AI), partic-
ularly  deep  learning  (DL)  models,  has  demonstrated
superior  performance  in  feature  extraction  and  pattern
recognition from medical images. DL has been increas-
ingly  applied  to  retrospective  analyses  of  Echo  data,
showing  promising  potential  in  structural  segmentation
[4,5],  functional  assessment  [6,7],  disease  identification
[8,9],  and  telemedicine  applications  [10,11], thus  offer-
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ing a new direction for intelligent Echo analysis.
Among these tasks, image segmentation plays a cen-

tral role in medical image processing and analysis, serv-
ing as a fundamental step for anatomical structure delin-
eation  and  region  identification.  However,  traditional
segmentation  methods  face  considerable  challenges  in
real-world  scenarios,  such  as  ambiguous  boundaries
between the  LV  and  myocardium,  and  significant   tem-
poral variations in cardiac morphology [12]. DL models,
with  their  powerful  representation  learning  capabilities,
have  enabled high-precision segmentation  across  multi-
ple organs and imaging modalities, significantly improv-
ing  the  automation  of  image  analysis  [13].  AI-driven
segmentation has  been  widely  explored  in  Echo,   com-
puted tomography (CT),  and magnetic  resonance   imag-
ing  (MRI),  and  has  become  a  research  hotspot  in  the
pursuit  of  intelligent  medical  image  analysis,  showing
great potential for future applications.

Different  cardiovascular  diseases  impose  distinct
imaging and segmentation demands [14].  In the case of
valvular disease,  segmentation  of  heart  valves  is   essen-
tial for assessing regurgitation and stenosis; in heart fail-
ure,  accurate delineation of the left  ventricle is vital  for
evaluating ejection fraction. By contrast, CHDs demand
precise  localization  of  structural  anomalies  across
diverse  anatomical  variants.  To  reflect  these  clinical
needs,  this  review categorizes  segmentation  approaches
based on major disease types, aiming to bridge algorith-
mic advances with practical applications.

 General Workflow  of  Ultrasound  Image  Seg-
mentation

Before  examining  disease-specific  applications,  a
clear  understanding  of  the  general  workflow  of  US
image segmentation  is  foundational  to  subsequent   dis-
ease-specific applications [15]. As illustrated in figure 1,
the  general  workflow involves  three  core  stages:  image
preprocessing, region of interest (ROI) localization, and
pixel-wise segmentation [16,17].

In the first stage, US images undergo various prepro-
cessing  steps  aimed  at  enhancing  image  quality  and
improving  downstream  model  performance  [11].  Tech-
niques  such as  filtering,  denoising,  and binarization  are
employed  to  improve  image  quality  [18],  while  data
augmentation  methods  including  rotation,  translation,

and  scaling  are  applied  to  enrich  the  diversity  of  the
dataset [19].

The  second  stage  involves  the  identification  and
localization  of  the  ROI  [20].  Traditional  methods  such
as thresholding, edge detection, and K-means clustering
[21,22], which  are  used to  generate  preliminary  bound-
ary information for isolating target areas, thereby prepar-
ing for precise segmentation in subsequent steps.

Finally,  fine-grained image  segmentation  is   per-
formed  to  assign  each  pixel  or  voxel  to  a  specific
anatomical  class  or  structure  [23].  These  segmentation
maps are then used for quantitative analysis, morpholog-
ical  measurement,  and  feature  extraction  [24]. In  medi-
cal imaging, particularly in Echo, accurate segmentation
is  essential  for  a  wide range of  clinical  tasks,  including
the  detection  of  pathological  abnormalities,  localization
of  structural  defects  [25],  volumetric  assessments,  and
real-time procedural  guidance [26]. As such,  segmenta-
tion  plays  a  foundational  role  in  enabling  intelligent
diagnostic  tools  and  facilitating  clinical  decision-mak-
ing across various cardiovascular disease settings.

 Segmentation for Valvular Heart Disease
Valvular Heart Disease (VHD) is a common catego-

ry  of  cardiovascular  disorders  and  represents  a  leading
cause  of  cardiac  morbidity  and  mortality  worldwide
[27]. VHD refers  to  structural  or  functional   abnormali-
ties  affecting  one  or  more  cardiac  valves,  either  due  to
primary  etiologies  such  as  degenerative,  congenital,  or
rheumatic causes or secondary factors, for example ven-
tricular remodeling,  resulting  in  stenosis  or   regurgita-
tion [28]. These valvular lesions alter the heart's preload
or afterload, leading to compensatory ventricular remod-
eling and, ultimately, heart failure. Based on anatomical
location,  VHD  can  be  classified  into  four  major  types:
mitral valve (MV) disease,  tricuspid valve disease,  aor-
tic  valve  disease,  and  pulmonary  valve  disease.  These
conditions may occur independently or coexist in combi-
nation [29].

The Echo  is  considered  the  gold  standard  for   diag-
nosing  VHD,  offering  real-time  visualization  of  both
valvular structure and function [30]. Precising segmenta-
tion  of  complex  valvular  components,  such  as  leaflets
and annuli,  serves  as  a  critical  foundation  for  assessing
disease  severity  and  carries  significant  implications  for
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Figure 1    General  workflow  of  ultrasound  image  segmentation,  comprising  preprocessing,  ROI  localization,  and  pixel-wise segmentation,  which   sup-
ports clinical tasks such as defect detection and quantitative analysis.
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clinical  decision-making  and  patient  prognosis  [31].
Nevertheless,  the  inherently  thin  and  highly  dynamic
nature  of  valve  structures,  combined  with  their  strong
dependency  on  the  orientation  of  the  US  transducer,
presents  substantial  technical  challenges  for  achieving
accurate and reliable segmentation.

 Traditional and machine learning methods in valvu-
lar segmentation

Early  methods  for  valvular  segmentation  primarily
relied  on  predefined  mathematical  rules  and  manually
designed algorithms, including thresholding, edge detec-
tion, and region growing segmentation. These approach-
es are conceptually straightforward and computationally
efficient,  offering  rapid  segmentation.  However,  their
accuracy  deteriorates  significantly  in  the  presence  of
speckle  noise  or  when  valve  boundaries  are  poorly
defined.

To overcome the instability and operator dependence
of traditional rule-based segmentation, researchers began
to explore machine learning (ML) algorithms that could
automatically  learn  discriminative  features  from  image
data  rather  than  relying  on  rule-based  segmentation
strategies.

Benefiting  from the  continuous  advancement  of  ML
theories and  algorithms,  methods  such  as  Support  Vec-
tor  Machines  (SVMs)  and  Random  Forests  (RFs)  have
been applied to the automated segmentation of valvular
structures.  Çomak  et  al.  proposed  a  wavelet  feature-
based  diagnostic  support  system  using  SVM,  which
automatically  identifies  abnormalities  in  valvular  color
Doppler flow imaging (CDFI) and outperforms conven-
tional  neural  network  (CNN)  models  in  terms  of  both
diagnostic  accuracy  and  efficiency  [32].  Avci  et  al.
developed a classification system for valvular CDFI sig-
nals in VHD using a genetic algorithm-enhanced SVM,
achieving  a  classification  accuracy  of  up  to  95%  [33].
Hernandez-Suarez et  al.  employed  multiple  ML   algo-
rithms,  including  logistic  regression  (LR),  Naive  Bayes
(NB), and RF, to predict in-hospital mortality following
transcatheter  aortic  valve  replacement  (TAVR)  in  a
cohort  of  10,883 patients  [34].  In  another  study,  Zhang
et al. used an SVM classifier to automatically detect key
hinge points of the mitral annulus, facilitating the quan-
titative assessment of mitral regurgitation (MR) [35].

While these  ML  methods  have  improved   segmenta-
tion efficiency and stability to some extent, their perfor-
mance  remains  constrained  by  several  factors,  such  as
dependence on handcrafted feature design, limited train-
ing data,  and  suboptimal  generalizability  across   differ-
ent patient  populations.  Specifically,  handcrafted   fea-
tures  such  as  texture,  gradient,  or  shape  descriptors  are
often  tailored  to  static  imaging assumptions  and cannot
adapt to  the  rapid  valve  motion,  complex  speckle   pat-

terns,  and  variable  acoustic  quality  that  characterize
Echo. As a result, feature-based models tend to lose dis-
criminative power in low-contrast or dynamically chang-
ing regions.

Moreover,  the  limited  size  and  diversity  of  training
datasets  restrict  abilities  of  models  to  capture  inter-
patient and inter-device variability,  further undermining
robustness in multi-center clinical scenarios. These limi-
tations explain why traditional ML approaches, although
efficient in controlled experiments, often fail to achieve
consistent and  clinically  reliable  segmentation   perfor-
mance  in  real-world echocardiographic  imaging,   there-
by motivating  the  shift  toward  deep  learning   frame-
works  capable  of  learning  hierarchical  spatiotemporal
features directly from raw ultrasound data.

 Deep learning methods in valvular segmentation
To  address  these  limitations,  researchers  have

increasingly turned to DL techniques, which offer pow-
erful  capabilities  for  automatic  feature  extraction  and
end-to-end  model  training,  providing  new  solutions  for
high-precision segmentation of valvular structures.

An  increasing  number  of  studies  have  demonstrated
that  CNNs  and  their  variants,  particularly  the  U-Net
architecture,  have  exhibited  excellent  performance  in
valvular segmentation tasks and have become one of the
mainstream  methodologies  in  the  field.  Vrudhula  et  al.
developed  and  evaluated  a  DL-based  automated  model
using  58,614  transthoracic  echocardiographic  (TTE)
images to assess the severity of MR through CDFI in the
apical  four-chamber  view  (A4C)  [36].  Aaron  et  al.
focused on  TTE  as  well,  applying  a  DL  model  to   pro-
cess  61,689  complete  echocardiographic  studies.  By
incorporating multiple TTE views, they categorized MR
severity into four grades, and demonstrated that the mul-
ti-view  approach  achieved  a  classification  accuracy  of
99.2%,  outperforming  the  A4C  view  alone  [37]. Wifs-
tad et al. introduced an Attention U-Net with deep super-
vision  and  attention  weight  scheduling  for  automated
mitral  valve  segmentation  and  motion  tracking  in
transthoracic  echocardiography  [38]. The  model   archi-
tecture is illustrated in figure 2.

More  recently,  the  application  of  Transformer-based
models has further enhanced the ability to capture long-
range  dependencies.  An  et  al.  proposed  the  CA-ISNet,
which  leverages  attention  mechanisms  to  significantly
improve the  accuracy  and  robustness  of  valvular   seg-
mentation  in  fetal  and  pediatric  echocardiographic
datasets [39].

These DL approaches have overcome the limitations
of  traditional  and  ML-based methods  in  terms  of   seg-
mentation accuracy and generalizability and have gradu-
ally  become  the  dominant  direction  in  the  research  of
valvular disease segmentation.

Li et al. A review of ultrasound image segmentation in cardiovascular disease
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 Segmentation for Congenital Heart Disease
Congenital  heart  disease  (CHD),  encompassing  a

spectrum  of  cardiovascular  malformations  resulting
from abnormal embryonic development of the heart and
great  vessels,  remains  a  major  cause  of  neonatal  and
pediatric  mortality  in  China  [40].  With  an  estimated
prevalence  of  0.5-0.7%  among  newborns  [41],  CHD
poses  significant  clinical  challenges,  particularly  due  to
the high incidence of specific subtypes such as ventricu-
lar  septal  defects  (VSDs)  and  atrial  septal  defects
(ASDs),  which account for  approximately 25% and 10-
15%  of  cases,  respectively  [42,43]. The  accurate   seg-
mentation and localization of these structural anomalies
are  critical  for  facilitating  early  diagnosis,  optimizing
treatment planning,  and  improving  postoperative   man-
agement.

However, despite ongoing progress in imaging tech-
nology and algorithmic development, the automatic and
precise segmentation  of  CHD structures  remain  a  diffi-
cult  task.  This  is  primarily  due  to  the  small  anatomical
scale of  fetal  and  neonatal  hearts,  their  structural   com-
plexity,  and  the  inherently  low  quality  of  US  imaging.
These  challenges  highlight  the  urgent  need  for  robust,
automated segmentation  techniques  tailored  to  the   spe-
cific demands of CHD assessment in pediatric Echo.

 Traditional and  machine  learning  methods  in   con-
genital heart diseases segmentation

In the early stage of research, the segmentation of US

images in cases of CHD primarily depended on manual
delineation  of  anatomical  contours  or  semi-automatic
techniques based  on  classical  image  processing   algo-
rithms. As one representative approach,  region growing
methods, which expand seed regions based on grayscale
intensity or  textural  similarity,  achieved  moderate   suc-
cess  in  segmenting  structures  such  as  ASDs  and  VSDs
with  well-defined boundaries.  However,  their  effective-
ness significantly  declined  in  scenarios  involving   sub-
stantial image noise or pronounced anatomical variation.

Despite these encouraging results, the performance of
ML-based segmentation remains far from ideal in practi-
cal echocardiographic applications. To improve segmen-
tation  efficiency  and  reduce  operator  dependence,
researchers  progressively  introduced  ML  algorithms,
including  SVM,  RF,  and  Extreme  Gradient  Boosting
(XGBoost), to  enable  automatic  identification  and clas-
sification  of  abnormal  cardiac  structures.  For  instance,
Yan  et  al.  employed  SVM,  LR,  RF,  and  XGBoost  to
predict  the  risk  of  postoperative  arrhythmia  in  a  cohort
of 1,384 patients with peri membranous ventricular sep-
tal defect (PMVSD) [44]. Sun et al. constructed an artifi-
cial  intelligence  model  incorporating  natural  language
processing (NLP) and ML, trained on more than 29,000
PMVSD cases,  which  demonstrated  excellent   perfor-
mance  in  predicting  spontaneous  closure  at  1,  3,  and  5
years,  with  an  area  under  the  curve  (AUC)  as  high  as
0.98 [45]. Du et al. developed an XGBoost-based predic-
tive model  using  surgical  risk  indicators  and   preopera-
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highlight the thin, rapidly moving mitral valve leaflets while suppressing responses from surrounding myocardium and blood cavity. This selective focus-
ing  improves  boundary  delineation  of  low-contrast,  fast-moving  valve  tissue.  Deep  supervision  further  stabilizes  the  attention  weights  across  training
epochs, ensuring consistent localization throughout the cardiac cycle. Together, these mechanisms address the major challenges of echocardiographic seg-
mentation, poor contrast, motion blur, and leaflet thinness, thereby yielding more temporally consistent and anatomically reliable results. (Reprinted with
permission from copyright Elsevier) [38]
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tive  variables  to  estimate  in-hospital mortality,   achiev-
ing an AUC of 0.907, sensitivity of 0.785, and specifici-
ty of 0.824 [46].

Although these models incorporated multidimension-
al  features  such  as  intensity,  texture,  and  shape,  their
segmentation  performance  remained  constrained  by
strong  dependence  on  handcrafted  feature  engineering
and limited generalization across diverse patient popula-
tions and imaging conditions.

The variability in cardiac morphology,  ranging from
ASD  and  VSD  to  complex  multi-chamber  malforma-
tions, creates a highly heterogeneous imaging landscape
in CHDs. Handcrafted features, often derived from stat-
ic texture  or  boundary  descriptors,  lack  the   representa-
tional flexibility to capture such structural diversity, par-
ticularly when  the  defect  geometry  and  acoustic   win-
dow vary drastically among patients.

Moreover,  handcrafted  features  are  vulnerable  to
ultrasound-specific  artifacts  such  as  speckle  noise,
acoustic  shadowing,  and  inconsistent  probe  orientation,
all  of  which  distort  feature  distributions  and  degrade
model robustness.

Consequently,  ML-based  segmentation  frameworks
frequently fail to delineate malformed chambers or sep-
tal discontinuities  with  sufficient  accuracy and continu-
ity,  especially  in  low-contrast  or  artifact-prone  regions.
These challenges underline the limitations of traditional

feature-driven approaches and highlight the necessity for
deep learning models that can automatically learn hierar-
chical and  spatially  adaptive  representations  from   het-
erogeneous echocardiographic data.

 Deep learning methods in congenital  heart diseases
segmentation

An increasing number  of  researchers  have sought  to
leverage end-to-end learning mechanisms and enhanced
feature abstraction capabilities to achieve more accurate
and robust  segmentation  of  CHD anomalies.  DL  meth-
ods, particularly those that integrate CNN with attention
mechanisms,  have  emerged  as  effective  approaches  for
the  automated  and  precise  delineation  of  complex
anatomical  structures  in  neonatal  echocardiographic
images. A representative study by Nurmaini et al. devel-
oped a  DL framework specifically  tailored for  fetal  US
that demonstrated  superior  capability  in  capturing   intri-
cate cardiac structures, significantly improving segmen-
tation accuracy for critical regions such as the atrioven-
tricular septum and heart valves [47]. Figure 3 shows the
sample  annotated  images  of  defect  position  in  ASD,
VSD, and AVSD.

Furthermore, Transformer-based architectures, owing
to  their  self-attention  mechanisms,  have  shown  great
promise  in  modeling  long-range  spatial  dependencies
within  cardiac  anatomy,  thereby  contributing  to  greater
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Figure 3    The sample of annotated image by maternal–fetal clinician for heart defect detection in case: (A) ASD; (B) VSD; and (C) AVSD. In the annota-
tion, the green line is RA, the red line is LA, the purple line is RV, the blue line is LV, and the yellow line is defective. (Reprinted with permission from
copyright MDPI) [47]
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stability  and  accuracy  in  segmentation  tasks  [48,49].
Given the frequent scarcity of labeled clinical data, espe-
cially  for  rare  or  abnormal  cases,  few-shot  learning
strategies  based  on  self-supervised  or  transfer  learning
paradigms have  attracted  growing  interest.  By  pretrain-
ing model parameters or  acquiring anatomical  priorities
through  self-supervised tasks,  such  methods  have   suc-
cessfully  reduced  reliance  on  large-scale  annotated
datasets  and  demonstrated  encouraging  translational
potential in clinical applications.

Overall,  echocardiographic  segmentation  for  CHD
has evolved from manual annotation and semi-automat-
ic  techniques  such  as  region  growing  to  increasingly
sophisticated  DL  models  driven  by  CNN,  attention
mechanisms, and  Transformer  architectures.  This   tech-
nological  shift  has  significantly  enhanced  the  level  of
automation  and  accuracy  in  segmentation  tasks.
Nonetheless, widespread  clinical  adoption  remains   hin-
dered by persistent challenges, including annotation bot-
tlenecks  and  limited  model  generalizability.  Looking
ahead,  advancements  in  few-shot  learning,  self-super-
vised methods, and multimodal data fusion are expected
to further accelerate the clinical translation and practical
deployment of  CHD ultrasound  segmentation   technolo-
gies.

 Segmentation for  Left  Ventricular  Dysfunc-
tion and Heart Failure

Heart  failure  (HF),  a  clinical  syndrome  representing
the terminal  stage of  various cardiovascular  diseases,  is
primarily  characterized  by  impaired  cardiac  pumping
function, with LV dysfunction being the most prevalent
manifestation [50]. Among the key parameters for eval-
uating the severity and prognosis of HF, the left ventric-
ular ejection fraction (LVEF) serves as a crucial quanti-
tative indicator; however, its accurate assessment is criti-
cally dependent  on  the  precise  delineation  of  the   endo-
cardial  and  epicardial  boundaries  of  the  LV  through
image  segmentation  techniques  [51,52].  Despite  adva-
nces in imaging and algorithmic approaches, the task of
automated  and  accurate  segmentation  remains  highly
challenging,  owing  to  the  substantial  morphological
variations  of  the  LV  throughout  the  cardiac  cycle,  the
structural complexity of the myocardium, and the inher-
ent  limitations  of  echocardiographic  images,  including
low contrast and the presence of noise.

 Traditional  and  machine  learning  methods  in  left
ventricular dysfunction and heart failure segmenta-
tion

In early clinical practice, segmentation of LV largely
relied on manual contouring by experienced operators or

the  use  of  semi-automatic  annotation  tools.  This  is
exemplified by  the  work  of  Prashant  et  al.  who   devel-
oped  an  edge  detection  algorithm  based  on  weighted
radial  filters,  which  effectively  identified  ventricular
boundaries within  cardiac  chambers  by  leveraging   spa-
tially  weighted  gradients  [53].  Similarly,  Huang  et  al.
proposed  a  motion  segmentation  method  based  on
dynamic texture  modeling,  incorporating  temporal   con-
straints  to  improve  boundary  delineation  performance
across cardiac cycles [54].  While these techniques have
been widely  adopted  in  clinical  workflows,  their   out-
comes are  inherently  influenced by operator  experience
and  interactive  input,  resulting  in  significant  inter-
observer variability and limited reproducibility.

To enhance segmentation efficiency and reduce sub-
jective  bias,  traditional  image  processing  techniques
such as  thresholding  and  region  growing  were   intro-
duced. Mühlenbruch et al.  evaluated a novel semi-auto-
mated  three-dimensional  region-growing  segmentation
algorithm for functional LV analysis, reporting a 44.2%
reduction in processing time and strong agreement with
conventional  methods  [55].  Although  these  algorithms
are  computationally  efficient  and  relatively  simple  to
implement,  their  performance  deteriorates  in  cases
involving  thin  myocardial  walls  or  blurred  boundaries,
rendering them inadequate for the precision demands of
clinical diagnosis.

As traditional methods reached a plateau in segmen-
tation  accuracy,  increasing  attention  has  been  directed
toward  learning-based  approaches.  ML  algorithms,  by
extracting  discriminative  features  from  annotated
datasets,  have  significantly  enhanced  the  capacity  for
automated  boundary  recognition  in  LV  segmentation
tasks.  Classifiers  such  as  RF,  SVM,  and  others  have
been  deployed  to  automatically  delineate  LV  contours.
To  illustrate,  Khellaf  et  al.  integrated  a  structured  RF
with  an  active  shape  model  to  segment  the  LV in  both
end-systolic  and  end-diastolic frames  of   echocardio-
graphic  sequences  [56]. These  methods  have   demon-
strated  notable  improvements  in  the  consistency  and
robustness of myocardial structure segmentation. As ML-
based  segmentation  techniques  continue  to  evolve,  the
level  of  automation  in  LV  analysis  has  markedly
improved,  substantially  reducing  reliance  on  manual
intervention and laying a  solid foundation for  standard-
ized and time-efficient clinical assessment workflows.

 Deep learning  methods  in  left  ventricular   dysfunc-
tion and heart failure segmentation

As  segmentation  tasks  increasingly  demand  finer
delineation of  structural  boundaries  and  greater   adapt-
ability  to  morphological  variability,  the  limitations  of
traditional ML  models,  particularly  in  terms  of   expres-
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sive power and spatial modeling capacity, have become
progressively more apparent.  In  contrast,  DL approach-
es,  with  their  end-to-end training  paradigm  and   hierar-
chical feature abstraction capabilities, are better suited to
address the  challenges  of  segmenting  dynamic   struc-
tures such as the LV and have gradually become the cen-
tral focus of research in this domain.

Among  various  DL  architectures,  U-Net  has  gained
widespread  adoption  for  precise  delineation  of  both
endocardial and  epicardial  boundaries  in  LV segmenta-
tion. One such effort is the CNN model proposed by Yu
et  al.  who  investigated  LV  contour  segmentation  in
infant echocardiograms and proposed a CNN incorporat-
ing  multi-scale feature  extraction,  which  produced   seg-
mentation  results  closely  aligned  with  clinical  ground
truth  values  [57].  Moreover,  advanced  U-Net  variants,
such as nnUNet and Attention U-Net, have demonstrat-
ed  superior  performance  and  robust  generalization  in
echocardiographic segmentation tasks. Amer et al. intro-

duced  ResDUnet,  an  enhanced  model  that  integrates
residual  blocks and semantic  features  encoding into the
U-Net  framework,  achieving  a  1.2%  improvement  in
Dice score over the original architecture [58]. Similarly,
Moradi  et  al.  proposed  the  MFP-Unet  model,  which
addresses the semantic deficiency of conventional U-Net
through  a  novel  architecture  and  achieved  an  average
Dice coefficient of 0.953 [59]. Carneiro et al. developed
a novel supervised learning model capable of delivering
reliable segmentation  performance  using  only  20   anno-
tated  echocardiographic  images  [14].  Huang  et  al
designed  a  deep  learning  network  VDS-UNET  to
achieve the classification of mitral regurgitation [60]. In
figure 4, the red contour is marked by professionals, and
the green contour is the result of network segmentation.
It shows that the LA can be segmented well in all three
sections of echocardiography.

In  parallel,  attention-based  architectures,  most
notably  Transformer  models,  have  begun  to  be  applied
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Figure 4    These nine images illustrate segmentation outcomes across three echocardiographic views. Images (A, D, G) correspond to apical two-chamber
views with normal mitral valves, (B, E, H) represent apical three-chamber views with functional MR, and (C, F, I) show apical four-chamber views with
mitral valve prolapse. The Dice scores for LA, LV and MV were 0.935, 0.915 and 0.757, respectively, indicating strong performance in normal and func-
tional MR cases but reduced accuracy in prolapse, where leaflet thickening, asymmetric deformation and blurred coaptation boundaries make segmenta-
tion substantially more challenging. (Reprinted with permission from MDPI) [60]
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to LV segmentation, significantly improving the accura-
cy  and  stability  of  segmentation  across  different
echocardiographic views and cardiac cycle phases. Liao
et al. proposed and validated two Transformer-based LV
segmentation  models  utilizing  Swin  Transformer  and
Segformer backbones to overcome the limited receptive
field of CNNs in echocardiographic imaging, ultimately
achieving a Dice score of 92.79% [61].

With continued  advancements,  segmentation   tech-
nologies  for  LV dysfunction and HF are  evolving from
static  structural  recognition  toward  dynamic  functional
modeling,  from  two-dimensional  contour  extraction  to
the  integration  of  temporal  features,  and  from auxiliary
assessment tools toward alignment with clinically quan-
tifiable metrics. In this context, DL models, particularly
those augmented with attention mechanisms and tempo-
ral modeling  capabilities,  are  gradually  supplanting   tra-
ditional approaches that rely on handcrafted features and

static images, becoming the dominant paradigm in both
research and application. Future efforts should focus on
enhancing  model  generalizability  across  devices  and
patient populations, reducing dependence on large-scale
annotated  datasets,  and  improving  the  real-time  perfor-
mance and interpretability of segmentation outcomes to
accelerate clinical translation and deployment.

 Challenges and Prospects
Although echocardiographic image segmentation has

achieved  notable  progress  in  clinical  contexts  such  as
VHD, CHD, and LV dysfunction and HF (table 1), sev-
eral fundamental challenges continue to hinder its broad-
er clinical translation.

First,  publicly  available  datasets  remain  scarce,  and
access  to  high-quality,  expertly  annotated  clinical  US
data is limited. The demanding nature of manual annota-

 

Table 1    Representative literature on heart segmentation

Category Author Model Content Dataset Evaluation

VHD Çomak et al. [32] LS-SVM (ML) Identify abnormalities in valvular CDFI Patients: 215 AUC: 0.950

Avci [33] GSVM (ML) Classify the CDFI of heart valve diseases Patients: 215 Accuracy: 0.950

Hernandezet al. [34] LR, ANN, NB, RF (ML) Predict in-hospital mortality after TAVR Patients: 10883 AUC: 0.920

Vrudhula et al. [36] 3D CNN (DL) Detect mitral regurgitation severity Videos: 80833 AUC: 0.998

Holste et al. [62] CNN (DL) Detect severe aortic stenosis Videos: 17570 AUROC: 0.978

Yazan et al. [63] CNN, LSTM (DL) Classify different heart valvular diseases Videos: 4541 Accuracy: 0.979

CHD Yan et al.[44] SVM, LR, RF, XGBoost (ML) Predict postoperative arrhythmia Patients: 1384 AUC: 0.863

Sun et al. [45] NLP, RSF (ML) Predict spontaneous closure of PMVSD. Patients: 29142 AUC: 0.950

Nurmaini et al. [47] Mask-RCNN (DL) Segment and detect congenital heart defects Images: 1149 Dice: 0.983

Nova et al. [48] U-Net, V-Net (DL) Segment cardiac septal defects from 2D Echo images Images: 2609 Accuracy: 0.991

Tan et al. [64] CNN (DL) Detect CHD from fetal US images Patients: 100 Precision: 0.890
Recall: 0.820

Jiang et al. [65] ResNet50 (DL) Classify seven CHD views Patients: 1411
Images: 14838

Accuracy: 0.923

Nemri et al. [66] Swin Transformer, U-Net (DL) Segment echocardiographic images Videos: 10030 Dice: 0.870

Ventricle Huang et al. [54] DMM-ACM (Traditional Method) Localize and segment the heart Images: 1280 FNF: 0.033
FPF: 0.057
TPF: 0.967

LV Khellaf et al. [56] SRF (ML) Segment the LV in 3D echocardiograms Videos: 45 Dice (ED): 0.899
Dice (ES): 0.864

Carneiro et al. [14] DBN, PCA (DL) Segment LV in small dataset Images: 480 TPR: 0.950
FPR: 0.008

Jafari et al. [67] 3D U-Net (DL) Estimate LV ejection fraction from Echo Patients: 45 Dice (ED): 0.933
Dice (ES): 0.909

LVEF Liao et al. [60] Transformer, K-Net (DL) Segment LV correctly and assess LVEF Videos: 10030 Dice: 0.929

Jafari et al. [68] Deep Bayesian (ML) Estimate ejection fraction and detect foreshortening Patients: 2680 Dice: 0.920

VHD, valvular heart disease; SVM, support vector machines; CDFI, color doppler flow imaging; AV, aortic valve; MV, mitral valve; LR, logistics
regression; ANN, artificial neural network; NB, naive bayes; RF, random forest; STS, the Society of Thoracic Surgeons; ACC, The American College of
Cardiology; TVT, transcatheter valve therapy; TAVR, transcatheter aortic valve replacement; AUC, area under curve; DL, deep learning; CNN,
convolutional neural network; LA, left atrium; AUROC, area under receiver operating characteristic curve; LSTM, long short-term memory; AS, aortic
stenosis; MS, mitral stenosis; MVP, mitral valve prolapse; MR, mitral regurgitation; CHD, congenital heart disease; XGBoost, eXtreme Gradient Boosting;
NLP, natural language processing; RSF, random survival forest; PMVSD, perimembranous ventricular septal defects; ML, machine learning; IoU,
Intersection over Union; Echo, echocardiography; DICOM, digital imaging and communications in medicine; DMM, dynamic metric map; ACM, active
contour model; FNF: false negative fraction; FPF: false positive fraction; TPF: the positive fraction; LV, left ventricular; ED, end diastolic; ES, end systole;
DBN, deep belief network; PCA, principal component analysis; EF, ejection fractions; LVEF, left ventricular ejection fractions.
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tion, combined with institutional and ethical constraints,
results  in  datasets  that  are  often  insufficient  in  scale,
diversity,  and  anatomical  complexity.  These  limitations
significantly affect model training and hinder generaliz-
ability to real-world scenarios.

Second,  pronounced  heterogeneity  across  imaging
equipment, acquisition protocols, and operators leads to
performance  degradation  when  models  are  applied  in
multi-center or cross-device environments. Furthermore,
segmentation performance  remains  suboptimal  in   chal-
lenging cases, such as those involving indistinct anatom-
ical boundaries or motion-related artifacts.

At  the  clinical  level,  concerns  persist  regarding  the
interpretability  of  AI  model  outputs,  limited  clinician
trust, and  the  technical  complexity  of  integrating   seg-
mentation tools into existing diagnostic workflows.

To  address  these  challenges,  future  research  should
advance along several strategic and transformative direc-
tions.  At  the  data  level,  establishing  harmonized  data
ecosystems spanning institutions and populations will be
essential  to  advance  echocardiographic  AI.  Federated
learning  can  enable  collaborative  model  training  across
institutions without sharing patient data, promoting data
diversity while preserving privacy.

From a  methodological  standpoint,  weakly   super-
vised  and  self-supervised  learning  can  mitigate  the
reliance  on  exhaustive  manual  annotations,  whereas
domain adaptation and transfer  learning enhance model
generalization across centers and devices. Architectural-
ly,  integrating  temporal  attention  or  transformer-based
modules can improve the capture of spatiotemporal car-
diac  dynamics.  Furthermore,  incorporating  uncertainty
quantification  and  explainable  AI  frameworks  can
increase transparency and clinician confidence.

In  summary,  future  echocardiographic  segmentation
research  should  establish  a  synergistic  pathway  across
data sharing,  algorithmic  innovation,  and  clinical   trans-
lation, ultimately enabling deployable, interpretable, and
trustworthy AI systems that can sustainably support pre-
cision cardiovascular diagnostics.
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