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Abstract

Echocardiography, a widely used imaging modality, offers
real-time assessments of cardiac morphology and function,
with a particular emphasis on left ventricular dynamics.
Despite its clinical importance, existing automated methods
for echocardiographic analysis struggle to ensure temporal
consistency in left ventricular key-point trajectories, largely
due to their reliance on static frame annotations. To over-
come these challenges, we propose a semi-supervised tra-
Jjectory refinement framework that employs inter-frame cor-
relations to enhance key-point trajectory estimation across
echocardiography videos. A semi-supervised trajectory
learning scheme is presented to improve the efficacy of key-
point trajectory analysis using unannotated echocardiogra-
phy videos. The experiments present considerable improve-
ments in both spatial accuracy and temporal stability of the
left ventricle key-point trajectories, outperforming state-of-
the-art baselines and demonstrating the clinical applicabil-
ity for robust echocardiography analysis.

1. Introduction

Medical ultrasound is among the most widely adopted
imaging modalities due to its cost-effectiveness, non-
ionizing radiation, and real-time imaging capabilities. Of
its various clinical applications, echocardiography (Echo) is
particularly prominent because the Echo captures dynamic,
real-time images of the beating heart, making it essential
for diagnosing and monitoring various cardiac conditions
[18, 20].

The heart is a dynamic organ that continuously adapts
and remodels in response to physiological stresses and ex-
ternal perturbations. Intrinsic cardiac disorders and sys-
temic insults lead to morphological abnormalities in the left
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ventricular (LV) wall and blood pool throughout the car-
diac cycle [18]. Therefore, accurate assessment of LV func-
tionality is significant for diagnosing major cardiac diseases
and predicting clinical outcomes. For example, heart failure
and cardiomyopathy cause significant changes in LV blood
pool size. Variations in LV wall thickness during systole
and diastole provide clinically significant biomarkers such
as post-systolic thickening and delayed time-to-peak thick-
ening in ischemia, as well as temporal thickening patterns
observed during stress Echo. [2, 32].

However, it remains challenging to accurately diagnose
LV disorders based solely on human observation. As a re-
sult, computer-aided quantification methods have been in-
creasingly employed to facilitate LV functionality assess-
ment [I, 33]. Traditionally, such measurements rely on
manual image interpretation, where medical experts anno-
tate key anatomical landmarks to estimate LV wall thick-
ness and blood pool size. Such manual measurements are
time-consuming, labor-intensive, and susceptible to con-
siderable intra- and inter-operator variability [44]. Conse-
quently, there is growing interest in automated Echo tech-
niques that can provide more consistent, efficient, and ob-
jective measurements of LV morphology and function.

Recent studies have demonstrated that learning-based
Echo analysis provides clinical phenotypes with greater
accuracy compared to conventional image interpretation
methods. In particular, the detection of LV key-points from
clinically informative parasternal long-axis (PLAX) Echo
videos has gained considerable attention. The methods
enable the automated estimation of key clinical measure-
ments, such as left ventricular internal dimensions (LVID),
interventricular septum thickness (IVS), and left ventricular
posterior wall thickness (LVPW) [9, 12, 21, 30].

Despite recent advancements, current Echo video anal-
ysis techniques demonstrates limited precision, particularly
for more sophisticated cardiac disease analyses. The lim-
itation arises from the fact that existing methodologies are
mainly trained on datasets composed of static echocardio-



graphic images with single-frame key-point annotations,
rather than full-video annotations [9]. Acquiring compre-
hensive key-point annotations across all frames of an Echo
video presents a significant challenge, as it places a consid-
erable workload on medical experts. As a result, publicly
available datasets typically include only one or two anno-
tated frames per video. Such lack of data hinders the ability
to interpret inter-frame correlations necessary for maintain-
ing the temporal stability of cardiac key-points and accu-
rately identifying clinically relevant biomarkers.

To address the challenge, we propose a semi-supervised
temporal key-point trajectory refinement framework, that
enhances spatial precision and temporal stability of Echo
video key-point trajectory analysis. Inspired by recent ad-
vances in point-tracking methodologies, we interpret the
inter-frame relationships of the key-points and utilize the
interdependencies to refine and stabilize key-point trajec-
tories. In addition, for rigorous evaluation, we introduce,
to the best of our knowledge, the first publicly available
PLAX-view Echo video key-point dataset.

2. Related work
2.1. PLAX-view Echo

The PLAX-view Echo is a fundamental imaging method,
that provides comprehensive insights into the structure and
function of the LV. The PLAX-view Echo provides essential
anatomical landmarks, including LVID, IVS, and LVPW,
which are significant for the diagnosis and monitoring of
various cardiac conditions [19, 20, 29, 35].

Accurate measurements of the PLAX-view biomarkers
are crucial for evaluating LV function and identifying car-
diac disorders such as hypertrophic cardiomyopathy, my-
ocardial infarction, and heart failure. For instance, in-
creased IVS thickness suggests hypertrophic cardiomyopa-
thy, while the abnormal LVPW measurement is an indicator
of myocardial infarction [10]. Additionally, LVID at end-
diastole (ED) and end-systole (ES) are fundamental for cal-
culating ejection fraction (EF), a key parameter in diagnos-
ing heart failure [28]. Despite the importance of the PLAX-
view in clinical practice, its interpretation is hindered by
operator-dependent variability, which compromises the re-
producibility of measurements.

2.2. Automated PLAX-view measurement

Automated PLAX-view Echo measurement has emerged as
a promising solution to reduce the workload associated with
manual measurements and enhance the consistency of clin-
ical assessments. Recent developments in learning-based
PLAX-view Echo analysis enable the precise acquisition of
key anatomical biomarkers, such as LVID, IVS, and LVPW.

Early techniques, primarily based on convolutional neu-
ral networks (CNNs), achieved high performance in de-
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tecting key-points of static images for ED and end-systole
Echo frames. For instance, EchoNet-LVH [9] employs
a DeepLab V3-based static CNN for PLAX-view key-
point detection and facilitates automated LV wall quantifi-
cation. More recent advancements, such as the hierarchical
graph neural network (GNN)-based EchoGLAD [30] fur-
ther demonstrates the potential of learning-based automated
Echo measurements.

Despite recent advances, the precise diagnosis of car-
diac disorders using deep learning remains challenging. So-
phisticated PLAX-view analysis requires evaluating mor-
phological abnormalities across frames within the Echo cy-
cle. However, current learning-based methods are mainly
trained on static Echo image datasets, which limits their
ability to capture the temporal dynamics of the LV. There-
fore, there is a critical need for advanced automated
biomarker measurement techniques that ensure enhanced
temporal reliability across the Echo cycle.

Video-based Echo analysis enables advanced temporal
interpretation of Echo by incorporating inter-frame image
understanding. However, video-based analysis remains un-
derexplored in the field of Echo, primarily due to the high
cost of key-point annotation for every video frame. To
address the limitations, we propose a semi-supervised ap-
proach to enhance video-based Echo analysis, utilizing tem-
poral correlations to improve performance.

2.3. Point-tracking

Point-tracking techniques enable the detection and tracking
of key-points across video frames. Traditional methods,
such as the Kanade-Lucas-Tomasi (KLT) tracker [25, 41],
propose to employ optical flow for point trajectory analysis.
However, such methods encounter difficulties in complex
scenarios involving rapid motion, occlusions, and signifi-
cant visual changes.

Recent advancements in deep learning have mitigated
the limitations of traditional point-tracking methods even
under challenging conditions. A prominent contribution to
the progress is TAP-Vid [6], which provides diverse datasets
for benchmarking point-tracking methods. Deep learning
methodologies have also contributed to improving point-
tracking accuracy. For instance, RAFT [39], employs dense
correlation volumes and iterative updates to achieve en-
hanced performance. Similarly, CoTracker2 [16], TAPIR
and BootsTAP [7, 8], and PIPs/PIPs++ [11, 43] integrate
spatial and temporal refinement to achieve enhanced track-
ing accuracy in complex scenarios.

In Echo, accurate tracking of anatomical deformation is
significant for evaluating cardiac function. Recent learning-
based point-tracking methods show potential for application
in Echo video interpretation, enabling precise key-point tra-
jectory analysis and offering new opportunities for advanc-
ing cardiac measurement workflows.



2.4. Semi-supervised video analysis

Semi- and self-supervised video analysis has emerged as a
promising paradigm for reducing the cost of dense anno-
tation while simultaneously enhancing model performance
[5, 13, 23, 24, 26, 27]. In the domain of Echo, self-
supervised strategies propose to exploit the intrinsic peri-
odicity of cardiac motion, thereby learning robust represen-
tations from unannotated images through cycle-consistency
objectives [5]. As an alternative self-supervision scheme,
temporal masking has been employed in Echo [26], pre-
training encoders by reconstructing masked frames in tem-
poral sequences, thereby achieving enhanced training of
cardiac temporal pattern. Semi-supervised segmentation is
predominantly realized through the generation of pseudo
labels, by enforcing mean-teacher consistency [38, 42] or
by utilizing optical-flow—guided supervision across consec-
utive frames to encode motion cues [3 1, 34]. Building on re-
sent advances, we extend such pseudo-label strategy to the
task of PLAX-view key-point trajectory estimation. Specif-
ically, we introduce optical-flow—based pseudo key-point
labeling to extract supervisory signals from unlabeled Echo
videos and to align trajectories without frame-level anno-
tation. We further propose a pixel-wise patch-correlation
objective that enforces appearance consistency around each
landmark across the cardiac cycle, thereby refining trajec-
tory estimation with higher precision.

3. Method
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Figure 1. Overview of the proposed Echo key-point trajectory re-
finement scheme.

Figure 1 presents an overview of the proposed semi-
supervised trajectory-refinement scheme. A static key-point
detection neural network (SK-net) is employed to generate
a confidence map for each frame of the Echo video. The
frame exhibiting the highest key-point detection confidence
is then selected as the reference frame, with its observed
PLAX-view key-points denoted by kyt ~ RE*2. C de-
notes the number of key-points. Then, the relative coordi-
nate vectors for the key-points in each frame are computed
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with respect to reference key-points, yielding Akgycle ~

RT*C%2m where T is the time frames of the Echo. The tra-
jectory refinement network (TR-net) iteratively refines the
relative coordinates, resulting in Aké}’cle ~ RTXCx2 By
adding the refined coordinates back to ks ~ RE*2 the

refined key-points kQ,, ~ RT*“*2 is obtained.

3.1. Static key-point detection

To identify key anatomical landmarks for subsequent tra-
jectory analysis, a SK-net is employed. Specifically, the
network infers four primary PLAX-view key-points, cor-
responding to LVID, LVPW, and IVS, from each Echo
frame. The network output comprises spatial confidence
maps, Lmap ~ REH*W where C is the number of key-
points (i.e., 4), and both H and W are set to 224. By
analyzing the spatial coordinate showing maximum confi-
dence value for each I.p,p, the PLAX key-point locations
are extracted as k ~ R®*2. The SK-net architecture is
based on HR-net [37], which demonstrates the high compu-
tational efficiency and key-point estimation accuracy (dis-
cussed in Section 5.1). Training is conducted employing
the EchoNet-LVH dataset, which provides static Echo im-
ages paired with ground-truth key-points. Each key-point is
represented as a heatmap, Igr ~ R *W generated via
Gaussian sampling to emulate human variation.

Due to the sparse nature of the key-point annotations,
a modified mean squared error (MSE) loss function is
adopted to enhance training stability:

95[ = arg min £ [(IGT - ]cmap) : (1 + 'Y) IGT] ; (D)

where v = 0.01. The model is optimized using the AdamW
optimizer with a learning rate of 1 x 1074,

3.2. Trajectory refinement network configuration

Although the SK-net identifies key-points on a frame-
by-frame basis, the resulting key-point vectors Keycle ~
RT*E*2 4o not inherently capture the inter-frame relation-
ships required to characterize the dynamic movement of the
LV during systole and diastole. Consequently, tracking LV
wall motion and precise interpretation of PLAX-view Echo
remains challenging.

To overcome the limitations, we introduce a TR-net de-
signed to leverage inter-frame correlations for enhanced
temporal key-point estimation. Specifically, the reference
frame, ks, is selected as the frame that exhibits the high-
est aggregate I.map across all key-point channels. TR-net
then recursively refines the relative key-point coordinates,
Alkcycle, by analyzing the relationships between Echo video
frames and corresponding key-point attributes across the
cardiac cycle, ensuring enhanced temporal reliability.

Figure 2 provides an overview of the input configura-
tion for the TR-net, which consists of three primary compo-
nents: (1) relative vectors, (2) semantic features, and (3)
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Figure 2. (a) Input configuration of the TR-net. (b) TR-net architecture, (c) Optical flow network configuration.

correlation features. The relative vectors encode the po-
sition of each key-point with respect to kyr. The seman-
tic features are subdivided into image patches and context
patches. Image patches, widely employed in point-tracking
methods, are extracted by cropping P x P the region around
each key-point in every Echo frame, where P(= 24) is the
patch size. Context features, introduced as an additional in-
put to the TR-net, are obtained from the intermediate feature
representations generated by the SK-net.

As the Echo images are fed forward through the static
network (HR-net in this case), perceptual characteristics
associated with each key-point are emphasized within the
intermediate features. We observed that incorporating the
key-point-specific perceptual features into the TR-net sig-
nificantly improves its ability to track key-points more pre-
cisely. In HR-net, as in other convolutional architectures,
the image undergoes down-sampling and encoding across
multiple resolutions. Accordingly, we extract representative
intermediate features Fio <224, Frl2x 112 fR6x560 prasx2s
from the four resolution subnetworks of HR-net (detailed
in Figure 2). For each of the intermediate feature maps, a
P x P patch is cropped around the key-point coordinates
and employed as a context feature in the trajectory refine-
ment scheme.

In addition to the relative vectors and semantic features,
the correlation feature serves as the final input to the TR-
net. The correlation feature is specifically designed to cap-
ture the correlation between the reference and the target
frames, thereby enabling a more accurate estimation of the
inter-frame relationship. Following the RAFT framework
[39], we configure a 4D correlation feature by computing
the dot product of each pixel in the reference frame patch
with every pixel in the corresponding target frame patch.
Unlike standard implementations that rely solely on image
patches, we incorporate context patches to embed the cor-
relation information with perceptual cues derived from in-
termediate representations of SK-net, enhancing the overall
performance of TR-net.

The network operates recursively, iteratively refining

Akéyde. At each iteration i, the key-point coordinates for
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each frame are updated according to

Kl e = ket + A,

cycle*

(@)

i
cycle

Using the updated coordinates, the corresponding semantic
features, image and context patches, and the correlation fea-
ture are recalculated for the subsequent iteration. Through
the iterative process, key-point localization is progressively
improved, thereby facilitating robust tracking of LV wall
movement throughout the cardiac cycle.

3.3. Semi-supervised trajectory learning scheme

We introduce a semi-supervised trajectory learning scheme,
which enables the TR-net to be trained using unannotated
Echo videos.

To enable semi-supervised training of the TR-net, we in-
troduce two loss functions: (i) pseudo optical flow loss and
(ii) weighted patch correlation loss. During each training it-
eration, the network dynamically balances the relative con-
tributions of these loss functions, effectively utilizing their
complementary properties.

Pseudo optical flow loss utilizes a pretrained optical
flow estimation model, adapted for Echo video, to gener-
ate pseudo key-point labels l_ccyde. At the early stages of
each iteration, greater weight is given to the pseudo optical
flow loss, thereby aligning the overall trajectory with the
pseudo labels. The alignment step serves as a coarse yet
stable initialization for subsequent refinements. In parallel,
the weighted patch correlation loss measures the pixel-wise
similarity of image patches centered on key-points across
frames. By leveraging key-point patch features, the loss en-
ables a more precise estimation of key-point trajectories. As
iteration progresses, the weight of the patch correlation loss
gradually increases, allowing the TR-net to achieve progres-
sively refined trajectory adjustments with each iteration.

Pseudo optical flow loss. Figure 3 illustrates the config-
uration of the pseudo optical flow loss, which is introduced
to align the TR-net predictions with pseudo key-point la-
bels. To generate the pseudo labels, we employed an op-
tical flow neural network. Figure 2. (c) shows configura-
tion of the network architecture, which is based on PWCNet



[36]. The target and reference B-mode frames are processed
through a shared-weight feature extractor. Then, a series of
feature correlation and flow estimators are applied to pro-
gressively refine the optical flow. The network is trained us-
ing the unsupervised framework proposed in ARFlow [22].
EchoNet-LVH video data are used to train the optical flow
model, ensuring that the network is adapted to the charac-
teristics of Echo images.

Optical flow estimation Pseudo optical flow loss

Target B-mode
(x7)

Optical flow net Optical flow estimation(F) Pseudo label Output

Figure 3. Illustration of the pseudo optical flow loss framework.

The SK-net provides a reference Echo frame as intro-
duced in section 3.1. The pretrained optical flow network
measures the optical flow, F, between the reference frame
and target frame in the Echo cycle. The optical flow is
then applied to the reference key-points, k., generating
the pseudo key-point labels for the target frame Ecycle =
(I + F)kyr, where I denotes the identity matrix.

The network is trained to minimize squared loss between
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Figure 4. Configuration of weighted patch loss.
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Weighted patch correlation loss. Although the pseudo
optical flow loss provides a coarse alignment based on op-
tical flow-derived pseudo labels, it alone is insufficient to
achieve precise trajectory refinement. To address the lim-
itations, we propose a weighted patch correlation loss, il-
lustrated in Figure 4, which directly measures the similarity
of the image patches surrounding each key-point across the
Echo cycle.

Specifically, for each frame in the cycle, we extract a
patch centered on the key-point prediction kCycle We then
compute the cosine similarity between the patches across all
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pairs of frames, assigning higher weights to pairs of frames
that are closer in time. The proposed weighting scheme ex-
ploits the observation that adjacent frames tend to preserve
local similarities more robustly, thereby effective in local
trajectory refinement. The weighted patch correlation loss
is defined as:

I I
i tch,k tch,
)\'k ]‘ patc patch, j (4)

Lpatch =

”IpzatchJc ” HIplatch,j ‘ ’

where A = 0.9 adjusts the penalty according to the tem-
poral distance |k — j|. Here, I},  and I}, ; denote the
patches extracted around the key point in frames k and 7,
respectively.

Refinement over iterations. The TR-net progressively
updates the predicted key-points over multiple iterations,
transitioning from coarse alignment to a more precise tra-
jectory estimation. To facilitate the refinement, we combine
the pseudo optical flow loss Lpseudo and the weighted patch
correlation loss Lpaen With iteration-dependent weighting
factors. The overall loss function at each iteration is defined
as:

E:

a‘M_M (CP88ud0 + ﬁ“\/l_itl‘cpatch) )

where hyper-parameter « = 0.8 and 3 = 0.8. M =5
denotes the total number of iterations, and i, is the index of
current iteration.

In the initial iteration phase, Lpseudo is Weighted heav-
ily, enabling the network to converge efficiently on a
coarse global trajectory derived from the optical flow—based
pseudo labels. As iteration progresses, the weight of Lpaich
increases, refining local key-point alignment via the patch
similarity measurement.

Implementation details. MLP-Mixer [40] is employed
as the backbone architecture of TR-net. The configuration
of TR-net is presented in Figure 2. Semantic and corre-
lation features are embedded through fully connected lay-
ers and concatenated with kcycle The concatenated rep-
resentation is subsequently processed through a series of
mixer layers to generate Akcycle AdamW optimizer with
a learning rate of le-4 is applied for the optimization. The
open-access EchoNet-LVH Echo videos are employed for
the semi-supervised training of the TR-net.

4. Dataset

EchoNet-LVH dataset. EchoNet-LVH is an open-access
Echo video dataset specifically designed for the evaluation
of left ventricular hypertrophy (LVH). The dataset com-
prises 12,000 echocardiogram videos. For each video, up to
two static frames representing end-diastole and end-systole
are annotated with four key-points to offer precise measure-
ment of LVID, IVS, and LVPW. EchoNet-LVH is developed



Table 1. Quantitative assessments of TR-net and baseline scheemes. Metrics include the < davg, MAE and AVE for Septal Endocardial
Point (SEnP), Septal Epicardial Point (SEpP), Posterior wall Endocardial Point(PEnP), and Posterior wall Epicardial Point (PEpP)

Name Method MAE MAE (ED/ES) remporat AVE

< 0wy LVPWd LVIDs LVSd LVPWd LVIDs LVSd LVPWd LVIDs LVSd SEnP SepP PEnP PEpP
S SK-net Static Supervised 303% _ 5.03 918 615 47l $73 525 141 177 146 333 346 223 170
TR-net Point tracking _ 32.8%  4.83 893 335 469 854 350 112 172 098 135 162 113 091
Conventional KLT Tracker Point tracking _ 25.9%  7.86 1140 444 780 1159 511 453 299 258 154 197 129 101
Speckle Tracking ~ Point tracking  26.7% 609 1085 3.84 568 1046 401 164 198 123 146 1.60 119 094
EchonetLVH  Stafic Supervised 25.0%  7.93  12.64 346 550  12.60 429 137 215 113 343 379 289 2.3
Echo-based TM  EchoGLAD GNN 262% 1331 1075 1015 1958 1433 1220 251 250 162 479 478 405 253
EchoTracker Point tracking _ 3/.3% 466 981 367 451 987 400 LI 185 119 7142 165 133 102
C":};‘;“:” Point tracking ~ 29.5%  6.69 1048 452 634 1044 500 500 403 250 163 211 157  1.80
CV-based TM C°3:‘l’ii':”3 Point tracking ~ 264% 697 1293 451 671 1348 539 485 748 238 224 282 230  2.00
CoTracker2 Point tracking _ 20.6% 871 1856 610 925 2102 729 585 613 271 369 392 328 325
BootsTAPIR Point tracking _ 30.5% 512 958 351 494 1120 388 3.0 175 117 146 155 129 093
TAPIR Point tracking _ 18.6% 1229 2456 790 1190 2499 937 362 551 243 497 419 277 276

by Stanford University researchers, who adhered to strict
ethical standards.

PLAX video dataset. For precise evaluation of Echo
video key-point trajectory schemes, we configured a PLAX-
view Echo video dataset. The proposed PLAX video dataset
includes annotations for four key-points in every frame of
the PLAX-view Echo video. The Echo videos are acquired
using a diverse range of ultrasound machines, including the
Vivid E9 and Vivid IQ series from GE Healthcare (US), the
EPIQ 7C and EPIQ CVx systems from Philips Medical Sys-
tems (NL), and the ACUSON SC2000 from Siemens (DE).

Table 2. Distribution of cardiac diseases

Disease category # subject Age (mean + SD) Male Female
Normal 75 64.3+13.8 35(46.7%) 40 (53.3%)
Angina 62 67.4£10.9 37 (59.7%) 25 (40.3%)
Atrial fibrillation 32 64.9 £16.4 16 (50.0%) 16 (50.0%)
Cardiomyopathy 16 67.6 = 10.1 9 (56.2%) 7 (43.8%)
Heart failure 12 59.9 £15.7 10 (83.3%) 2 (16.7%)
Myocardial infarction 12 729+ 142 8 (66.7%) 4 (33.3%)
Valvular disease 7 73.7+8.3 1 (14.3%) 6 (85.7%)
Others 82 61.7+14.6 40 (48.8%) 42 (51.2%)
Total 298 64.9 £ 14.0 156 (52.3%) 142 (47.7%)

For each subject, comprehensive diagnostic procedures,
including MRI, CT, and patient history reviews, are con-
ducted and patient’s cardiac disease is confirmed by medi-
cal experts. Detailed subject configurations, including age
and gender distribution across different disease categories,
are introduced in Table 2. Annotations are performed by six
medical experts with extensive experience in Echo.

The annotations are verified and refined using full video
sequences to ensure accurate tracking and coherence of the
labeled points throughout the cardiac cycle. For further re-
finement of the dataset, the labeled data is reviewed by a
clinician, ensuring the reliability of the dataset. The dataset
comprises 298 US videos. Each video includes more than
one full cardiac cycle. The video consists of a temporal
sequence with more than 24 image frames. The image res-
olution of the Echo video is 224 x 224 pixels.
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5. Experiments

Evaluation metrics. For quantitative assessment of the
proposed TR-net and the comparative baselines, we em-
ployed the average distance within the threshold, day,, as
proposed in TAP-Vid [6]. We report the mean average error
(MAE) of LVID, IVS, and LVPW of entire cardiac cycle
and ED and ESD key cardiac frames, to evaluate the ac-
curacy of the biomarker measurements. Temporal stability
is assessed by measuring standard deviation crtemp(,ral(o) be-
tween the ground-truth key-point LVID, IVS, and LVPW
and the reconstructed ones over time. In addition, the aver-
age vector error (AVE), calculated as the average magnitude
of the difference vector between the predicted and ground
truth points over time, is investigated.

5.1. Comparative study

In this section, we present a comparative study evaluating
the performance of the proposed TR-net for key-point es-
timation in Echo videos. The proposed method is bench-
marked against multiple state-of-the-art (SoTA) baselines.
The comparative baselines include conventional speckle
tracking scheme [14], KLT tracker [4], the the EchoNet-
LVH network [9], and EchoGLAD [30]. In addition, we
compare the TR-net with EchoTracker [3], which applies
point-tracking techniques to Echo.

We also evaluate advanced point-tracking networks from
the computer vision domain, including TAPIR [7], Boot-
STAP [8], Cotracker2 [16], and Cotracker3 [15], which are
known for robust performance in tracking tasks.

Quantitative assessment. Quantitative results, summa-
rized in Table 1, indicate that the proposed model outper-
forms the baseline methods in overall. In the static inference
experiment, the proposed SK-net achieves a higher d,,, and
lower MAE than -EchoNet-LVH. The result demonstrates
the efficacy of the SK-net architecture introduced in Section
3.1. Leveraging TR-net for the key-point trajectory refine-
ment significantly improves key-point estimation accuracy,
achieving a 16% reduction in MAE compared to SK-net.
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Figure 5. Qualitative assessments. The key-point trajectories are analyzed across four cardiac phases (Phase A, B, C, and D).

The proposed TR-net demonstrates enhanced robustness
compared to the GNN-based EchoGLAD showing 6.6%
higher d,,s. When evaluated against EchoTracker, the pro-
posed semi-supervised trajectory estimation approach ex-
hibites improved performance in 5avg and AVE metrics, ef-
fectively interpreting the dynamic movements of Echo.

Among computer vision-based tracking methods, Boot-
STAP achieves the best performance, demonstrating 30.5
Javg- However, the proposed TR-net outperforms Boot-
sTAP in both 6, and MAE, emphasizing the suitability
of the semi-supervised learning paradigm for echocardio-
graphic key-point tracking. In addition, the proposed TR-
net demonstrates a improvement in temporal stability com-
pared with the baseline static SK-net. In addition, TR-net
shows superior performance relative to other comparative
networks.

Qualitative assessment. Figure 5 provides a qualitative
assessment of the proposed TR-net and comparative base-
lines. Static models, including EchoNet-LVH, EchoGLAD,
and the baseline SK-net, accurately identify key-points in
individual frames but lack temporal consistency, resulting in
unstable and jittery trajectories. Temporal models such as
BootsTAP, Cotracker3, and EchoTracker demonstrate im-
proved temporal consistency leveraging inter-frame corre-
lations. However, the networks struggled to capture the dy-
namic movements and rapid transition of the heart during
systole and diastole. In contrast, the proposed model, de-
spite its semi-supervised nature, effectively interprets se-
mantic information and inter-frame correlations to accu-
rately detect cardiac wall movements. The proposed model
reliably identifies clinically significant landmarks, includ-
ing LVID, IVS, and LVPW. The results validate the pro-
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posed TR-net as a robust and clinically applicable solution
for echocardiographic key-point tracking.

5.2. Ablation study

Table 3. Ablation study on the loss configuration

MAE
Lpseuto  Lpwen < Owe T [ypwq LviDs LVSd

30.3% 5.03 918  6.15

Provosed 31.3% 4.99 9.04 341
P o  328% 483 893  3.35

Loss configuration. An ablation study is conducted to eval-
uate the contributions of the proposed Lyseudo and Lpaech to
the model performance. The quantitative results in Table
3 present the efficacy of loss configuration. Training the
model exclusively with L. makes the optimization chal-
lenging. The combined use of Lyscudo and Lpaich presents the
optimal results, achieving the highest d,y, (32.8%) and the
lowest MAE values for LVPWd (4.83), LVIDs (8.93), and
LVSd (3.35). The Lpseudo provides global trajectory align-
ment for stabilizing the trajectory refinement, while Lpach
enables the network to refine the detailed key-point trajec-
tory effectively.

Figure 6 demonstrates the accuracy of the proposed
scheme with respect to iteration progression and hyperpa-
rameter variations. In terms of performance across itera-
tions, the baseline model, with the ablation of Lpych, rapidly
converged at early iterations, resulting in limited further
performance improvement. However, the proposed scheme,
which utilizes Lyucn to more precisely analyze the inter-
frame relationships between key-points, showed consistent



(a) Accuracy per iteration (b) Accuracy by parameter a (c) Accuracy by parameter g

Baseline
WO Lywcn
51 —— Proposed

+— Proposed —— Proposed

Figure 6. Quantitative assessment. (a) Accuracy plot per iteration.
Accuracy plot for varying parameter « (b) and 3 (c)

improvements in accuracy as iterations progressed. Regard-
ing the hyperparameter analysis, optimal accuracy was em-
pirically confirmed at « = 0.8 and 8 = 0.8.

Table 4. Ablation study of the input configuration.

Semantic < Guvg 1 MAE
input ave LVPWd LVIDs LVSd
Proposed 31.3% 4.87 8.97 3.37
o 32.8% 4.83 8.93 3.35

Input configuration. The influence of semantic fea-
tures on the input configuration is assessed through the ab-
lation experiment. Table 4 presents the quantitative eval-
uation of the ablation study. Incorporating semantic fea-
tures enhances the perceptual understanding of individual
key-points, leading to improved localization accuracy. The
results demonstrate that integrating semantic features im-
proves the TR-net key-point detection precision by 2.5% in
the day, metric.

Table 5. Quantitative assessment of the proposed confidence-
based frame configuration.

MAE

Frame  <dweT yvpwa LvIDs LVSd

First  324% 522 971 352

Proposed Random 32.7% 5.08 9.65 3.78
ours  32.8%  4.83 893 335

Confidence-based frame configuration. The proposed
model incorporates a confidence-based frame selection
scheme, where the frame with the highest key-point con-
fidence is designated as the reference frame for key-point
tracking. To assess the effectiveness, two alternative config-
urations are made: selecting the first frame as the reference
frame, a common practice in general computer vision tasks,
and selecting a frame at random. The results indicate that
the confidence-based frame configuration provides an opti-
mal initial condition for point tracking, leading to enhanced
overall trajectory estimation performance.
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Table 6. Comparison of methods on three cardiac diseases

Heart failure Cardiomyopathy  Myocardial infarction

AUC Spe Sen AUC Spe Sen AUC Spe Sen
TR-net 0.85 077 070 083 0.68 080 082 0.80 0.73
SK-net 082 070 0.69 073 0.60 060 075 0.67 0.70
Kumar, et al 075 073 0.63 070 065 070 0.62 0.60 0.60
Speckle tracking 0.78 0.67 0.63 066 059 063 075 0.67 0.67
EchoNet-LVH 0.66 0.61 043 076 040 0.60 0.65 0.60 0.67
EchoTracker 070 073 057 071 040 0.60 0.73 0.67 0.73
CoTracker3 offline 0.73 0.65 0.63 062 0.57 053 073 0.60 0.67

6. Cardiac disease classification

To assess the clinical effectiveness of the proposed frame-
work, we conducted an evaluation on representative car-
diac conditions present within the dataset, namely heart
failure, cardiomyopathy, and myocardial infarction. For
each method under comparison, the lengths of the IVS, left
LVID, and LVPW are measured across the entire cardiac
cycle, beginning at ED. The scheme of Kumar et al. [17]
is evaluated by implementing the scale-invariant feature ex-
traction method described in the study. These quantitative
features are subsequently used as inputs to a support vec-
tor machine classifier to distinguish between normal and
pathological subjects, with performance assessed via 5-fold
cross-validation. Evaluation metrics include the AUROC,
specificity (Spe), and sensitivity (Sen), as summarized in
Table 6. By providing refined key-point trajectories, TR-net
demonstrates superior performance in downstream cardiac
disease classification, achieving higher AUROC not only
compared with conventional pre-deep learning approaches
but also relative to recent learning-based automated Echo
analysis approaches.

Limitations. While the TR-net improves spatiotemporal
consistency, several limitations persist. Performance may
deteriorate in studies with suboptimal acoustic windows
that partially occlude the myocardial wall and weaken local
evidence. Robust trajectory estimation in the presence of
occlusions is a promising subject in further investigation.

7. Conclusion

In this paper, we introduce a semi-supervised framework
for key-point trajectory analysis in Echo videos, addressing
the critical need for temporally consistent tracking of LV
key-points. By incorporating the proposed semi-supervised
learning strategy, TR-net achieves enhanced performance
in spatial precision and temporal stability. The quantita-
tive and qualitative evaluations validate the efficacy of the
method, emphasizing the potential for clinical deployment
in Echo workflows.

8. Ethics statement

All patient data used in this study are obtained under the
IRB approval of Seoul National University Bundang Hos-
pital (IRB Number: B-2305-828-104).
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