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Abstract. Congenital heart defects (CHD) are a leading cause of fe-
tal morbidity and mortality. Early prenatal detection using ultrasound
can inform delivery management and postnatal intervention planning.
Automated CHD screening from fetal ultrasound can support clinicians,
particularly in settings with limited specialist resources. In this work,
we propose an anomaly detection framework for CHD screening from
four-chamber view (4CV) fetal echocardiography videos, one of the most
widely acquired fetal cardiac views. Our method learns a motion repre-
sentation from normal videos, yielding a one-dimensional latent motion
trajectory over time. In normal hearts, this trajectory evolves smoothly
and quasi-periodically across the cardiac cycle. In CHD, deviations from
normal dynamics introduce increased high-frequency fluctuations. We
capture this phenomenon using a cycle-adaptive spectral regularity score,
defined as the ratio of high-frequency power to total power within sliding
windows spanning a fixed number of cardiac cycles and robustly aggre-
gated over videos of arbitrary length. Evaluated on one in-centre test set
and two external-centre cohorts, the proposed framework outperforms
reconstruction-based and latent-distance anomaly baselines, demonstrat-
ing improved effectiveness and generalizability across sites and across a
range of critical CHD conditions. On the in-centre test set, our method
achieves performance comparable to clinical expert readers, highlighting
its potential to support fetal CHD screening.

Keywords: Anomaly detection - Fetal echocardiography - Motion rep-
resentation - Spectral analysis.
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1 Introduction

Fetal congenital heart defect (CHD) comprises structural or functional abnor-
malities arising during pregnancy, affecting approximately 0.8% of live births
worldwide [6] and remaining a leading cause of infant morbidity and mortality
[15]. Ultrasound is the standard prenatal screening tool, with structured as-
sessment of recommended cardiac planes during the second-trimester scan [4].
However, CHD detection in routine care remains variable, particularly outside
specialist centres [3]. Automated CHD screening tools could be useful in settings
with limited specialist resources [6, 1]. Among standard views, the four-chamber
view (4CV) is widely acquired and clinically informative. Reliable automated
analysis of 4CV echocardiography is a key component of scalable fetal CHD
screening.

Most existing 4CV CHD detection pipelines operate on static images due
to computational efficiency and simpler supervision. Image-based one-class ap-
proaches learn normality and flag deviations, including adversarial one-class
models [7] and GAN variants using reconstruction- or attention-guided scores [5].
Supervised classification on curated (e.g., Doppler-enhanced) 4CV images can
also achieve strong performance when labels are available [9]. However, frame-
based decisions typically rely on selecting or sampling representative frames and
do not explicitly model the periodic dynamics that encode functional regularity.
Moreover, structural defects and functional irregularities are often interleaved:
altered anatomy can induce abnormal contraction patterns, suggesting that mo-
tion provides complementary cues for detecting abnormality.

Video-based methods address this limitation by leveraging temporal informa-
tion. SONO produces timeline-style anomaly indications from supervised fetal
substructure detector, which is time-consuming and labor-intensive [8]. TVAE
models cardiac periodicity by imposing a fixed periodic latent trajectory struc-
ture shared across videos and detects anomalies using reconstruction-based cri-
teria and maximum a posteriori (MAP) scoring [12]. However, it was developed
on infant 4CV data rather than fetal echocardiography, and its reconstruction-
driven scoring primarily reflects appearance/anatomy deviations rather than ir-
regular motion patterns, which may reduce robustness under fetal-specific vari-
ability and domain shifts. DISCOVR learns broadly transferable spatiotemporal
representations from normal echocardiography videos via self-supervision and
demonstrates strong downstream performance, including fetal CHD detection
[10]. However, that method requires labeled CHD cases for operating-point se-
lection, which is less practical when CHD cases are rare and heterogeneous.
Overall, there remains a gap for normal-only, motion-aware fetal 4CV anomaly
detection methods that generalize reliably in heterogeneous clinical settings.

In this work, we propose a motion-centric framework for fetal CHD screening
from 4CV echocardiography videos. Since normal fetal cardiac videos are abun-
dant whereas CHD cases are relatively rare and heterogeneous, we formulate
screening as an anomaly detection problem that learns a model of normality
from normal videos and flags deviations at test time. Our approach (i) adapts
a latent motion trajectory model for unsupervised cardiac phase feature extrac-
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tion [17, 18] to produce a 1D latent trajectory that tracks phase progression, and
(ii) introduces a cycle-adaptive spectral regularity score that quantifies
abnormality as elevated high-frequency content in this latent trajectory, captur-
ing irregular /off-manifold dynamics. We evaluate on three independent datasets
(one in-centre test set and two external test sets) spanning multiple hospitals
and ultrasound vendors, and demonstrate improved effectiveness and cross-site
generalizability compared with video anomaly detection baselines TVAE [12]
and DISCOVR [10]. Our proposed method also shows performance approaching
clinical experts on the in-centre test set.

2 Methods

The proposed framework consists of two stages. First, we adopt a latent motion
trajectory (LMT) model trained with normal fetal 4CV videos to extract a 1D
latent motion signal that summarizes cardiac phase dynamics . In contrast to
prior LMT formulations using a 2D motion subspace [17,18], we enforce a 1D
trajectory to obtain a compact phase-related signal suitable for spectral scoring.
(Fig. 1 (a-b)) Second, at inference phase, we score each test video using a spectral
regularity measure computed from this 1D signal (Fig. 1 (c)).

2.1 Latent motion trajectory model (1D)

Given a video {X; € REXW}T | "an encoder € produces frame features h; =
E(X;) € RP, with D the hidden dimension. Each frame is embedded as an
anchor-plus-motion decomposition constrained to a shared 1D axis (Fig. 1(b)):

2 =2"+ayv,z € RP (1)

where z° € RP is a video-specific anchor, v € R” |v| = 1 is a learnable
global direction shared across videos, and «; € R is the scalar motion coordinate
forming the latent trajectory aq.7.

We parameterize z® and oy via lightweight MLPs (Fig. 1(a)):

1 T
2% = gs (T th> ; ar = gm(ht). (2)
t=1

2.2 Self-supervised decoder heads

With previously defined encoder and latent motion trajectory design, we train
the autoencoder using one of two self-supervised decoder heads (both evaluated
in our experiments, (Fig. 1(a))).

Reconstruction head (LMT-Rec). A decoder Dy predicts reconstructed
frames X; = Diec(2:) € RT*W . We optimise frame-wise reconstruction and also
decode z® to reconstruct the mean appearance [17]:

T T
1 S
Lrec(X) = T Z I Drec(2°) = Xill3 + Z |1 Drec(2:) — Xill3 (3)
t=1

t=1
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Fig. 1. Method overview. (a) We train an autoencoder that encodes a latent motion
trajectory (LMT) on normal fetal 4CV videos using one of two self-supervised instan-
tiations: a pixel-reconstruction model or a registration model that predict deformation
fields. (b) At train time, the per-frame latent code is constrained to z; = z° +a¢v (blue
circles), where z° is a video-specific anchor (red circle) and oy is a scalar motion coor-
dinate along a shared direction v, forming a 1D latent trajectory ai.r. (¢) At inference,
we extract ai.r from a test video and compute the spectral regularity score. Videos
with scores above a threshold set on a normal validation set are flagged as anomalous.

Registration head (LMT-Reg). A decoder D, predicts a stationary velocity
field (SVF) u; € R2*H*XW per frame relative to an implicit reference [2, 18]. The
deformation from frame ¢ to j is approximated as @;., = exp(u; — u;) [13, 18].
We train by maximizing similarity between short-range temporal neighbors:

5 T—f

ﬁreg = - Z Z {NCC(Xt o étetJrf,XtJrf) + NCC(Xt+f o @ertth)} (4)
f=1t=1

where o denotes warping and NCC is normalized cross-correlation.

2.3 Spectral regularity score

After training on normal videos, the LMT model outputs aj.7. a; of normal
cases is expected to be smooth and quasi-periodic over the cardiac cycle. CHD
cases may deviate from normal dynamics, introducing additional high-frequency
(HF) content. We therefore quantify spectral irregularity by the proportion of
HF power in ay (Fig. 1(c)).

We first estimate the dominant heart-rate frequency f, from the global
power spectral density (PSD), f, = argmaxssoPSD(ai.r, f), where PSD(-)
is computed using Welch’s method [14]. Using f, and the frame rate frpg, we
define a cycle-adaptive window length L that spans two cardiac cycles L =
round(2 frps/ f) to reduce spectral leakage. For each sliding segment cv.411,—1
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with stride 1 frame, we compute

slt] = 221> feuion £ SD (@it 11, f)
> PSD(agpsr—1,f)

We set the cutoff frequency feutof to be 2.5f, to treat the fundamental and
first two harmonics as regular periodic content and penalize higher-frequency
irregularities. The video-level spectral regularity score is S = median st],t =
1,2,.. T — L + 1. Figure 2 shows detailed examples of spectral regularity score
computation.

3 Experiments

Dataset We collected retrospective fetal 4CV videos acquired during the sec-
ond trimester of gestation from three hospitals, John Radcliffe Hospital, Ox-
ford University Hospitals NHS Foundation Trust, Oxford, UK (Hospital 1), St
George’s University Hospitals NHS Foundation Trust, London, UK (Hospital 2),
and Royal Brompton and Harefield Hospitals, Guy’s and St Thomas’ NHS Foun-
dation Trust, London, UK (Hospital 3). The dataset forms part of a retrospective
cohort collected under the CAIFE study, which aims to develop artificial intelli-
gence models for the early detection of congenital heart disease from ultrasound
videos [11]. Training/validation (85%/15%) include 1662 normal 4CV videos
from 994 participants at Hospital 1. The test set contains 534 videos from 366
participants across three independent cohorts: (1) Set 1 (Hospital 1): 170
videos from 138 normal participants and 60 videos from 24 CHD participants.
There is no participant overlap between training/validation and test. As with
the training/validation data, all videos were acquired on GE Voluson machines.
This forms the in-centre test set. (2) Set 2 (Hospital 2): 109 videos from 69
normal participants and 95 videos from 67 CHD participants. Vendors include
Fujifilm ARIETTA850 (70%), Canon TUS-AI800 (19%), GE Voluson (7%), and
Samsung HERAW10 (4%). (3) Set 3 (Hospital 3): 48 videos from 32 nor-
mal participants and 52 videos from 36 CHD participants. All videos from Set
3 were acquired on Fujifilm ARIETTA machines. We include in this study the
CHD conditions that usually demonstrate lesions in 4CV, including coarcta-
tion of the aorta (COA), hypoplastic left heart syndrome (HLHS), dysplastic
tricuspid valve or ebstein anomaly (DTV/EA), complete atrioventricular septal
defect with unbalanced ventricles (CAVSD/U), pulmonary atresia with the in-
tact interventricular septum (PA/IVS), tricuspid atresia with ventricular septal
defects and normally related great arteries (TAVSD/NRA), mitral atresia with
ventricular septal defect (MA/VSD), aortic stenosis (AS) and univentricular
heart (UVH). The diagnosis of all studies were confirmed after birth.

Implementation For the training/validation set (Hospital 1 normal), the heart
ROI was cropped using a public automatic cropping tool [16] and augmented
with in-plane rotations (0°, 90°, 180°, 270°) during training to increase orienta-
tion variability. For the test sets, to reduce confounding probe/fetal motion and
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standardize the evaluation across vendors, heart ROIs were manually cropped by
an experienced engineer and verified by an experienced obstetrician (without us-
ing diagnostic labels). All test videos were resampled to 30 Hz using anti-aliasing
resampling. This maintains sufficient temporal resolution for the fetal heart rate
range and ensures consistent frame rate across vendors.

For LMT models (LMT-Rec and LMT-Reg), we temporally downsample by
a factor of 2 for training and randomly sample 25 consecutive frames (spatially
128 x 128) from each cropped video. We follow the same LMT architecture
as in [17], with the dimension of latent motion subspace set to 1. LMTs are
optimized with Adam (learning rate 1 x 10~%, batch size 16) for 500 epochs, and
we select the checkpoint with the lowest validation loss. We compute video-level
score according to Sec. 2.3.

Baselines TVAE [12] and DISCOVR [10] are trained from scratch on the
same training set (resampled to 30 Hz to be consistent with test data) using their
official implementations . For DISCOVR, we use a kNN-based (20 neighbours)
anomaly score computed in the learned embedding space. For TVAE, we use
the default MAP-based anomaly score with 100 iterations. We report the mean
score of 5 randomly sampled clips as the video-level score.

Evaluation To evaluate anomaly detection performance, we aggregate video-
level scores to a participant-level score by taking the maximum across each
participant’s videos. Two clinical experts (one junior obstetrician and one se-
nior specialist) independently reviewed each test video (blinded to diagnosis)
and provided a binary normal/abnormal decision per video. We then converted
video-level expert decisions to participant-level labels using an OR rule: a par-
ticipant is marked abnormal if any of their videos is judged abnormal. This
aggregation reflects a screening setting where any suspicious clip for a partici-
pant should trigger referral. For all methods, the operating threshold is set to the
80th percentile of scores on the normal validation set. We use this percentile to
tolerate occasional residual non-ideal clips (e.g., view mismatch or unexpected
motion) present in the validation data.

4 Results

Overall performance across sites. Table 1 reports participant-level perfor-
mance. Metrics are computed using 2,000 stratified bootstrap resamples over
test participants within each site (mean + standard deviation across bootstrap
runs). On the in-centre test set (Set 1, Hospital 1), LMT-Reg achieves the best
performance among all anomaly detection methods (AUROC 92.72 + 3.45, F1
72.49 + 5.16), substantially improving over TVAE (AUROC 78.36 + 5.92) and
DISCOVR (AUROC 74.21 £ 6.37). At the operating point, LMT-Reg matches
the expert’s sensitivity (91.67 vs 91.56/91.73) while markedly improving speci-
ficity (89.28 vs 73.24/67.43). Figure 3 (a) further shows the high agreement
between merged expert opinion (OR rule, see Sec. 3) and LMT-Reg prediction
with respect to different CHD subtypes.
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Fig. 2. Qualitative examples from Set 1. Top row: normal case. Bottom row: CHD
(HLHS) case. (a) A representative frame from the input 4CV video. (b) Extracted 1D
latent motion trajectory aq.r. The red marker indicates the time point shown in (a). (¢c)
Global PSD of ai1.7 (Welch) used to estimate the dominant cardiac frequency f, and
define the cutoff frequency foutorr- (d) Sliding-window PSD of « using a cycle-adaptive
window length (stride 1 frame), visualized as a time—{requency map. (e) Windowed
spectral regularity scores s[t]. The red dashed line denotes the final video-level score

S = mediany s[t]. In this example, the CHD case yields a higher score than the normal
case.
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Fig. 3. Subtype analysis. (a) Subtype-wise composition of agreement between LMT-
Reg predictions and the merged expert assessment (senior/junior) on site 1, showing
the proportions of cases where both agree, only LMT-REG is correct, only the expert
is correct, or both are wrong relative to the participant-level CHD ground truth. (b)
AUROC for detecting each CHD subtype vs Normal (all test sets pooled). Numbers in
brackets indicate participants per subtype (Normal: 239).

On the external test sets (Sets 2-3), all methods degrade under domain shift.
Nevertheless, LMT-Reg remains the strongest deep learning method on both
sites (Set 2 AUROC 75.56 &+ 4.21; Set 3 AUROC 67.25 + 6.78) and maintains
high sensitivity across all test sets (Set 1 91.67 £ 5.55, Set 2 83.63 & 4.47, Set 3
77.9246.93), which is desirable in a screening setting. Specificity decreases on the
external test sets, likely due to vendor-dependent domain shifts. Because the op-
erating threshold was fixed using the in-centre normal validation set acquired on
GE Voluson machines, external normal videos from different vendors may receive
higher anomaly scores, leading to more false positives. This suggests that future
deployment may benefit from additional vendor-specific normal training data
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Table 1. Participant-level evaluation on test sets. AUROC: Area Under the
Receiver Operating Characteristic curve. BACC: Balanced Accuracy. Sen.: Sensitivity.
Spe.: Specificity. Bold: best metric (excluding expert metrics). Yellow color: expert

metrics.

Test ‘ Method

| AUROC

F1

Sen.

Spe.

Ezpert (Senior)
Expert (Junior)
TVAE
DISCOVR

Ours (LMT-Rec)
Ours (LMT-Reg)

78.36 = 5.92
74.21 £6.37
86.37 £ 4.61

52.58 £ 6.54
47.99 £ 6.34
43.06 + 5.27
36.68 = 4.55
65.47 £ 7.66

91.56 £+ 5.86
91.73 £5.79
70.75 £9.19
70.79 £9.26
67.06 & 9.76

92.72 £ 3.45 72.49 £ 5.16 91.67 + 5.55

73.24 £3.74
67.43 £ 4.06
72.46 £ 3.80
62.49 £ 4.16
93.47 £2.09
89.23 £ 2.62

Ezpert (Senior)
Ezpert (Junior)
TVAE
DISCOVR

Ours (LMT-Rec)
Ours (LMT-Reg)

60.38 £4.91
46.83 = 4.89
69.45 £ 4.56

88.24 £ 3.05
81.39 = 3.78
28.04 £6.03
58.38 £ 3.17
67.99 = 3.73

87.58 +4.22
79.21 £5.09
19.38 £4.75
74.54 £5.33
74.71 £5.20

75.56 £4.21 72.77 + 3.14 83.63 £ 4.47

89.90 £ 3.59
85.33 £ 4.23
82.53 £4.62
21.67 £4.97
56.30 £ 5.94
55.10 £5.89

Expert (Senior)
Ezpert (Junior)
TVAE
DISCOVR

52.82 £ 7.22
50.45 £ 7.11
45.81 £ 7.07

87.47 + 4.68
67.21 £ 7.39
19.03 £ 8.50
56.25 £ 5.61
51.33 £5.77

78.03 £7.29
52.56 £ 8.48
11.06 £ 5.43
61.06 = 7.83
55.77 £ 7.99

100.00 £ 0.00
96.78 & 3.12
96.82 £+ 3.11
37.48 £ 8.65
31.46 £ 8.15

Ours (LMT-Rec)
Ours (LMT-Reg)

67.25 £6.78 68.31 £ 4.66 77.92 £ 6.93 43.65 £ 8.97

or target-site/vendor calibration. Finally, compared with LMT-Rec, LMT-Reg
consistently provides better cross-site performance, suggesting that registration-
based self-supervision promotes a representation that transfers more robustly
across vendors than pixel reconstruction.

Figure 2 shows representative cases. Normal videos typically yield smooth,
quasi-periodic latent trajectories ay.r, whereas CHD cases more often produce
trajectories with increased temporal irregularity and higher-frequency fluctu-
ations, resulting in elevated spectral regularity scores. Since the LMT model
extracts frame-wise features learned from normal data (without imposing an
explicit temporal model), increased high-frequency content in aj.r can arise
from genuinely abnormal motion and/or temporal ambiguity introduced by out-
of-distribution appearance in CHD cases. In both cases, the loss of periodic
regularity is captured by the proposed spectral score.

Subtype analysis. To examine detection variability across diagnoses, we per-
form subtype-versus-normal detection for each CHD subtype and summarize
AUROC values in Fig. 3 (b). All test cases are pooled together. Across most
subtypes, LMT-based methods achieve higher AUROC than TVAE and DIS-
COVR, and LMT-Reg is typically the best-performing variant. We note that
several subtypes have small sample sizes (as low as n = 3 participants), so these
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subtype-level results should be interpreted as exploratory. For CHD types with
larger participant number, such as COA (n=44), HLHS (n=36) and DTV/EA
(n=12), the proposed LMT-Reg demonstrates higher AUROC than other meth-
ods, demonstrating its potential for prenatal screening of critical CHD.

5 Conclusion

We presented an anomaly detection framework trained on normal fetal 4CV
echocardiography videos for fetal CHD screening. Our approach builds on a la-
tent motion trajectory model to extract a 1D phase-related latent trajectory of
cardiac dynamics, and we introduce a spectral regularity score that measures ab-
normality as the proportion of high-frequency power in this latent motion signal.
Across three independent test sets spanning multiple hospitals and ultrasound
vendors, the proposed method, particularly the registration-based variant (LMT-
Reg) consistently outperformed strong video baselines (TVAE and DISCOVR)
and showed improved robustness under cross-site domain shift. Subtype-wise
analysis further indicates broad screening potential, with AUROC exceeding
0.80 for 8 of 9 CHD conditions in our cohort. Notably, on the in-centre test
set, LMT-Reg achieved performance comparable to clinical experts (a junior
obstetrician and a senior fetal cardiologist). Overall, these results suggest that
modeling motion regularity in a compact latent space provides an effective and
generalizable cue for fetal CHD screening.
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