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Abstract. Congenital heart disease (CHD) is the most common birth
defect. Many CHD phenotypes are individually rare, which limits labeled
data and motivates anomaly detection for multi-modal fetal echocardio-
graphy screening. Color flow Doppler (CFD) provides critical hemody-
namic cues in fetal echocardiography, yet its color overlays are often spa-
tially sparse and temporally intermittent, and vary substantially across
scanners and acquisition settings. As a result, reconstruction-error-based
anomaly detection can be poorly calibrated because the reconstruction-
error may be dominated by acquisition shift rather than pathology. Our
key innovation in this paper is to propose a bi-level optimization scheme
that couples a video translator (inner model) with an error estimator
(outer model). The inner and outer tasks are interdependent: the error
estimator predicts clip-wise reconstruction-error estimation to re-weight
the cross-modal translation model training, while the translation errors
produced in the inner model are used to supervise the outer error es-
timator. At inference, we derive a region-discriminated anomaly score
by standardizing observed translation errors with clip-conditioned pre-
dicted error statistics and aggregating in-/out-region deviations into a
participant-level score. The framework was validated on a large-scale,
multi-site clinical cohort of 440 participants, covering six CHD types. Re-
sults show that the proposed method outperforms standard reconstruction-



2 Q. Yang et al.

based baselines, achieving AU ROC,;;=0.723 and Spec@Sens75%=0.497
with all improvements being statistically significant (p < 0.01). Code
will be released at https://github.com/QianyeYang/XCalibAD.

Keywords: Congenital Heart Disease - Anomaly detection - Cross-modal
translation - Bi-level optimization

1 Introduction

Congenital heart disease (CHD) is the most common congenital anomaly, with
a birth prevalence of roughly 8-9 per 1,000 live births worldwide [16]. Despite
this overall prevalence, many clinically important CHD subtypes are individu-
ally rare, limiting the availability of labeled data per phenotype and making fully
supervised learning challenging in real-world screening settings. This motivates
anomaly detection approaches that learn patterns of normal fetal echocardio-
graphy and flag deviations without requiring exhaustive labels for every CHD
subtype.

Most anomaly detection methods in medical imaging follow a one-class paradigm,
where models trained on normal data flag anomalies via reconstruction error
[4,15]. In free-hand ultrasound, acquisition-induced appearance variation and
inter-scanner domain shift can dominate anomaly-indicative residuals, resulting
in poorly calibrated scores that might not be specific to pathology. This is further
exacerbated in fetal echocardiography: B-mode captures anatomy whereas color
flow Doppler (CFD) encodes hemodynamics [2], yet CFD is spatially sparse and
highly sensitive to acquisition settings and scanner variability [3]. Cross-modal
B-mode to CFD translation is thus appealing, but existing work mainly focuses
on synthesis rather than reconstruction-error-based anomaly detection in fetal
echocardiography video [13,5,1].

In this paper, we formulate CHD triage as anomaly detection driven by a
cross-modal translation task together with reconstruction-error calibration. Our
key hypothesis is that, for healthy fetal hearts, the CFD appearance is largely
predictable from the underlying anatomy and motion observable in B-mode,
comparatively much less from clip-dependent variability caused by acquisition
conditions. Therefore, instead of treating raw residuals as anomalies, we aim to
estimate the expected translation error for each input clip and then score anoma-
lies by how much the observed error exceeds this input-conditioned expectation.
This turns reconstruction error into a calibrated, region-discriminated deviation
score that is robust to Doppler sparsity and inter-scanner appearance/domain
shift. To operationalize this, we couple a cross-modal translator with an error
estimator in a bi-level framework that learns clip-conditioned error statistics,
enabling calibrated anomaly scoring under different acquisition conditions.

Our main contributions are: (i) a cross-modal B-mode to CFD anomaly detec-
tion framework that combines video translation with video-clip-conditioned er-
ror calibration for robust reconstruction-error scoring; (ii) a bi-level optimization
scheme that couples translation learning with error calibration to better handle
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heterogeneous normal acquisition patterns; (iii) extensive validation on a real-
world multi-site clinical cohort with multiple scans per participant, demonstrat-
ing statistically significant and consistent improvements over reconstruction-
based baselines and ablations across threshold-free and operating-point metrics.
To our knowledge, this is the first CHD-oriented anomaly detection study in
fetal echocardiography that leverages paired B-mode and CFD ultrasound data.
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Fig. 1. Overview of the proposed bi-level framework. The outer model estimates in/out-
mask reconstruction error statistics to produce batch-wise weights, while the inner
model reconstructs Doppler from B-mode; the two networks are trained by alternating

updates on Doyter and Dipner, which are only from healthy cases.

2 Methods

An overview of the proposed method is shown in Fig. 1. Denote the set of N
participants. Each participant ¢ € P has multiple paired B-mode/Doppler scan

videos indexed by S;. The full dataset is written as D = Uiep{(Vg’s), Vg’s), VJ\(}’S)) :
s € S;}, where Vg’s) and Vg’s) are spatially aligned B-mode and Doppler

videos, and VJS’S) is a binary video mask indicating the color-Doppler active

region. VJ\(,;’S)

is computed from the frame-wise difference between Doppler and

B-mode via a deterministic operator G(-), which denotes a simple image pre-
processing pipeline that includes intensity thresholding followed by morpholog-

ical cleanup to retain the valid color-overlay region VMw) =

G(vy* —

(’L S)|)
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The whole dataset D is randomly split into three non-overlapping subsets at
the participant-level, making D = Djpner U Douter U Diest, where Djppner and
Douter are used to train the inner and outer models. During training and in-
ference, both the inner and outer models operate on a temporally contiguous
clip of fixed length L. For a start time index ¢, define the temporal window
T, L)={t,t+1,...,t+L—1}. The sampled clips C(t) are extracted from the
full videos over the temporal window 7 (¢, L). Each training instance is then a

triplet (49 (¢) = (C% (1), o) (1), (%) (1)).

2.1 Cross-modal Translation

The Cross-modal translator is a deep neural network fi.ans(Cp;6) : C — U
with learnable parameters 6, which maps an input B-mode clip to a Doppler-like
reconstruction through an explicit blood flow representation. Given a B-mode
clip Cg € [0,1]2*LxH*W “the translator predicts a single-channel flow map
u = tanh(fy(Cp)) € [—1,1]1*EXHXW "where the tanh(-) activation enforces a
bounded range and stabilizes subsequent color overlay rendering. The flow mag-
nitude m = |u|? € [0, 1]**EXHXW encodes the strength of the color overlay, while
the sign of u determines the blood flow direction (representing in red/blue) via a
smooth gate p = (tanh(ku)+1)/2, where k represents color gate sharpness. Using
fixed endpoints ¢, = (1.0,0.2,0) and ¢, = (0,0.2,1.0), we form a differentiable
color field c(u) = pe,+(1—p)cy € [0, 1]3*EXH*W and synthesize the Doppler-like
output by alpha blending Cp = mc(u)+ (1 —m)Cp. The translator is optimized
using a masked reconstruction loss within the ground-truth Doppler color region,
together with a soft Dice loss aligning m to the binary color mask and a spa-
tiotemporal smoothness regularizer on u based on the squared ¢ norm of gradi-
ents along time and spatial dimensions. We define the in-mask reconstruction loss
as Lin = |Car ®(Cp —Cp)|l1/(||Carll1 +¢€), and the out-of-mask consistency loss
as Lowt = ||(1=Cr) © (Cp —Cp)|1/(|1 = Casrll1 +€), where ® denotes element-
wise multiplication and ¢ is a small constant. To stabilize learning of the color-
overlay support, we apply a soft Dice loss between the magnitude map m and
the binary mask C)y, given by Lgice = 1 — (2{m, Cpr) +€)/(|lm|l1 + |Cas |1 + €)-
We further regularize the flow map with a spatiotemporal smoothness term
Lsmooth = ||Vul|3, where V denotes finite-difference gradients over (L, H, W).
The overall objective for the translator is as follows with Aout, Adice and Asmooth
controls the weights for individual loss terms.

Etrans = Ein + )\outﬁout + )\diceﬁdice + )\smoothﬁsmooth (1)

During bi-level training, each clip-wise translator loss Liyans is further re-
weighted by a sample difficulty weight predicted by the outer model, yielding a
weighted inner objective. Details will be introduced in Sec. 2.3.

2.2 Region-Discriminative Error Estimation

The region-discriminative error estimator is defined as fo,(Cp; ¢) with learn-
able parameters ¢, which predicts the expected translation error of the in-
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ner model conditioned on the input B-mode clip. Given Cpg, we first compute
two observed errors from the current translator output Cp: an in-mask error
em = ||Cu © (Cp — C)|l1/(ICxll1 + €) and an out-of-mask error eqy =
(1 = Cux)® (Cp = Cr)|l1/(I1 = Carll1 + €). We supervise the estimator on the
log-errors yi, = log(ei, +¢) and yout = log(eout +£). The estimator outputs clip-
wise Gaussian parameters (fin, 0in) and (flout, Oout ), modeling input-dependent
variation in the error estimates. The error estimator is trained by minimizing the
Gaussian negative log-likelihood of (yin, Yout) under the predicted distributions,
encouraging accurate, input-conditioned error calibration. The overall objective
for the error estimator is

Leor = Lnll(yinQ Hin, O'in) + L:nll(yout; Hout» O'out)a (2)

where L (y; p,0) = 0.5-((y—p)/0)? +log(o) and o is constrained to be positive
via a softplus activation: softplus(r) = log(1 + exp(r)).

2.3 Bi-level Optimisation of the Networks

We optimise the inner translator parameters 6 and the outer error-estimator pa-
rameters ¢ in a bi-level manner, where the outer model predicts clip-wise transla-
tion difficulty and uses it to re-weight the inner objective. Let z = (Cs,Cp, Cir)
denote a training instance sampled from a temporally contiguous window, and
recall that D = D;pnner U Douter U Diest 1s split at the participant level.

Given a mini-batch B = {z;}2 , the outer model produces difficulty scores
from the predicted error statistics. In our implementation we use the predicted
in-mask mean log-error as reconstruction difficulty, i.e., d; = pin(Cp,i; ¢), and
convert it to within-batch weights w; = exp(d;/n) / Zle exp(d;/n), where n
is a temperature controlling the sharpness of the weighting. The weighted inner
objective is then defined as

B
Einner(o; ¢) = Z Wy Ltrans(zi; 9)7 (3)
=1

We consider sample with bigger reconstruction errors are hard cases which could
benefit from higher weighting during updating 6.

The outer model is trained to predict the translation error distribution of
the current inner model. Specifically, for samples drawn from D,y 1. Wwe compute
the observed log-errors (in, Yout) from the translator outputs and minimise the
negative log-likelihood objective L (¢);0) defined in Sec. 2.2. We denote the
outer-model objective by Louter, which corresponds to the negative log-likelihood
loss (i.e., Louter = Lerr). The resulting bi-level problem can be written as

¢F = arg m(gn EonDouier [Louter (25 0,07(9))],

4
s.t. 0°(¢) = arg min EsnDinner | Linner (250, )] W
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Directly differentiating through 6*(¢) introduces second-order terms. Follow-
ing a standard first-order approximation [6,10], we ignore the implicit depen-
dence of 6* on ¢ when updating the outer model, ie., VyLouter(¢;60%(9)) =
V¢ Louter(¢; 0). Optimization is performed by alternating updates: we first up-
date ¢ on Dyyier using error targets computed from the current inner model
while holding 6 fixed, and then update 6 on Djy, e, by minimizing a difficulty-
weighted translator objective, where the weights w; are treated as constants with
respect to 6.

2.4 Anomaly Detection

At test time, given a clip z(t) = (Cp(¢t),Cp(t),Cp(t)) from Diest, the in-
ner translator produces a Doppler-like reconstruction Cp (t) = ftrans(CB(t);0).
We then compute the observed in-mask and out-of-mask reconstruction errors
ein(t) and eout(t) (as defined in Sec. 2.2) and their log-transforms yi,(t) =
log(ein(t) + €) and your(t) = log(eout(t) + €). Conditioned on the same in-
put clip, the outer model outputs clip-wise error statistics for (Cp(t);¢) =
(tin (t), Oin (t), pout (t), Oous (t)). We define region-discriminated standardized de-
viations as

Sin(t) = (yin(t)_ﬂin(t)) /Uin(t)a Sout(t) = (yout (t)_,udout(t)) /O'out(t)a (5)

and compute the clip-level anomaly score by a convex combination
s(t) = asi(t) + (1 — @) sout(t), (6)

where a € [0,1] controls the relative contribution of the Doppler color region
versus the background. Larger values of s(¢) indicate that the observed trans-
lation errors are higher than expected for the given input after accounting for
input-conditioned difficulty.

For each clip z(t), we compute s(t) as in Eq. 6 and report anomaly decisions
at the participant level. Specifically, for a participant i, we extract clips from all
available scan videos using a sliding window, compute the corresponding set of
clip scores {s,(j)}, and define the participant-level anomaly score as the mean of
the top 30% clip scores.

3 Experiments

Dataset Curation and Preprocessing We curated a paired B-mode/CFD
dataset of 934 second-trimester participants with 3,800 spatially aligned scan
videos from four medical centres: John Radcliffe Hospital, Oxford University
Hospitals NHS Foundation Trust, Oxford, UK; St George’s University Hospi-
tals NHS Foundation Trust, London, UK; Royal Brompton and Harefield Hos-
pitals, Guy’s and St Thomas’ NHS Foundation Trust, London, UK; and Gold
Coast University Hospital, Southport, Australia. D;ppner and Dyyter include 247
healthy participants each (889 and 857 videos), and Dyes; includes 129 normal
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(412 videos) and 311 CHD participants (1,642 videos). The CHD cohort covers
six diagnoses: hypoplastic left heart syndrome (HLHS, n = 22), coarctation of
the aorta (CoA, n = 71), persistent left superior vena cava (LSVC, n = 68), com-
plete atrioventricular septal defect (CAVSD, n = 27), tetralogy of Fallot (TOF,
n = 44), and ventricular septal defect (VSD, n = 79). Exams were acquired
on a small set of ultrasound platforms dominated by Hitachi ARIETTA 850/70
and GE Voluson E10. For preprocessing, we computed an axis-aligned bounding
square enclosing the CFD color-overlay sector, applied the same square crop to
paired B-mode/CFD frames to preserve correspondence, resized to 256 x 256,
and normalized intensities to [0, 1].

Implementation Details Models were implemented in PyTorch [11] and trained
on an NVIDIA Quadro RTX 6000 (24 GB) with batch size 4. We used a 3D UNet
[12] and a 3D ResNet18 [7] as the inner and outer backbones, optimized with
Adam [8] (Ir 1 x 10~%) for 600 epochs using clip length L = 24. For differen-
tiable Doppler rendering we set v = 1.0 and k£ = 1.0, and used within-batch
weighting temperature 7 = 1.0. Loss weights were Aoyt = 0.2, Agice = 1.0, and
Asmooth = 0.2, and anomaly scoring used a@ = 0.8 in Eq. 6. Hyperparameters
were selected empirically in preliminary experiments.
Recong_,p
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Fig. 2. Participant-level results by CHD type. Left: anomaly-score distributions (nor-
mal vs. six CHD types). Right: one-vs-normal AUROC heatmap comparing baselines
and the ablation (Proposed-direct).

Table 1. Participant-level CHD anomaly detection performance on the test set.
Mean=std is from 100 bootstrap resamples; random AUPRC=0.707.

Method

AUROC .y

AUPRCan

Spec@Sens=75%

Reconp_,p [14]
Cyclic UNet [9]

Proposed-direct
Proposed-full

0.416 £ 0.031
0.427 £ 0.032
0.674 £ 0.028
0.723 + 0.026

0.613 + 0.033
0.621 & 0.034
0.807 £+ 0.026
0.858 £+ 0.020

0.192 £ 0.041
0.201 £ 0.041
0.481 £ 0.061
0.497 + 0.073
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Comparison and Ablation Studies We compared the proposed method with

reconstruction-based baselines trained on normal participants only. Reconp_.p

scores anomalies using the B-mode—CFD reconstruction error [14]. Cyclic UNet
employs a cyclic architecture and scores anomalies by the final B-mode er-

ror (B-mode—CFD—B-mode) [9]. We further report an ablation, Proposed-

direct, which directly predicts CFD appearance without the explicit blood-flow-

map representation and differentiable rendering used in our full model. Finally,

Proposed-full denotes our full approach. Results are summarised in Table 1,

with CHD-type-wise AUROC visualised in Fig. 2.

Evaluation Metrics All metrics are computed at the participant level. For par-
ticipant ¢, we aggregate clip scores {sg)} by averaging the top fraction p = 0.3,
yielding S; = mean(Topp({s,(;)})). We report threshold-free AUROC,;; (all CHD
vs. normal) and AUPRC,;. To analyse phenotype-specific behaviour, we com-
pute type-wise AUROC by comparing each CHD type against normal partic-
ipants (Fig. 2). For assistive triage, we additionally report Spec@Sens = 75%
as a clinically motivated triage operating point to balance sensitivity and false-
positive burden under variable Doppler acquisition.

4 Results and Discussion

CHD Anomaly Detection Table 1 summarises participant-level performance.
Proposed-full consistently outperformed reconstruction-based baselines, achiev-
ing the highest overall AUROC and the best assistive-triage operating-point
performance. Proposed-direct substantially improved over baselines but re-
mained below Proposed-full, indicating additional benefit from explicit flow-
map learning beyond direct Doppler prediction. Fig. 2 shows CHD-type-wise
AUROC: both proposed variants improved AUROC for all reported types, with
the largest gains for phenotypes with more distinctive hemodynamic deviations,
while baselines stayed near chance for most types. Fig. 2 also shows anomaly-
score distributions for Proposed-full, where CHD groups shift to higher scores
than normal, supporting a unified triage decision rule. All improvements ob-
served are statistically significant (p-value< 0.01; paired two-sided t¢-tests on
bootstrapped resamples).

Case Studies Fig. 3 presents two qualitative examples to demonstrate the in-
terpretability of the proposed region-discriminated anomaly score. In the HLHS
case (Case 1), the ground-truth CFD shows little or no flow within the left ven-
tricle (LV), whereas the reconstruction hallucinates a strong LV colour overlay
with intensity comparable to the right ventricle (RV) (yellow arrows), yielding a
prominent out-of-mask error signal. In the VSD case (Case 2), the ground-truth
CFD exhibits a color jet crossing the interventricular septum (yellow circles), but
the reconstruction fails to reproduce this abnormal region and instead follows a
normal-like pattern, which elevates the in-mask error signal.
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1: Pred. CFD

Fig. 3. Qualitative case studies demonstrating region-discriminated interpretability.
Each case shows a temporal sequence over half cardiac cycle (top to bottom: ground-
truth CFD, reconstructed Doppler).

5 Conclusion

We propose a bi-level optimized CHD anomaly detector for fetal echocardiogra-
phy using cross-modal translation with region-calibrated errors. On a multi-site
cohort, it significantly outperforms reconstruction baselines and yields inter-
pretable error patterns. Future work will expand view coverage and Doppler
diversity, and reduce reliance on Doppler data at inference to support broader
clinical scenarios.
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