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Abstract. Deep learning-based echocardiography segmentation models
often suffer performance degradation when deployed across different cen-
ters and ultrasound vendors. This gap is especially pronounced between
public datasets and real-world clinical data, mainly due to differences in
imaging physics, speckle statistics, and vendor-specific post-processing.
Existing domain generalization methods typically aim to make models
passively tolerate unseen appearance shifts, while generative adapta-
tion may unintentionally alter anatomical structures essential for clin-
ical diagnosis. We propose Proactive Domain Unification (PDU), an
inference-time framework that maps heterogeneous target images into
a fixed source-aligned domain without requiring target labels or test-
time model updating. PDU employs a structure-conditioned generative
unifier guided by boundary cues to normalize appearance while lim-
iting geometric drift. To further preserve anatomical integrity, we in-
troduce a reliability-guided frequency fusion module that retains low-
frequency structural components from the raw image and injects unified
high-frequency style residuals under reliability-controlled strength. On
EchoNet→CAMUS, PDU consistently improves six strong segmentation
architectures, achieving average gains of +6.0% Dice and −4.7 mm HD95.
Across three representative architectures, it recovers 67.2–83.5% of the
cross-domain performance gap relative to the in-domain upper bound.
Validation on a private clinical dataset further confirms its robustness in
real-world scenarios. These results position proactive input-domain uni-
fication as a promising route for medical image domain generalization.
Code is available at https://github.com/PXinTao/PDU.
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1 Introduction

Accurate segmentation of the left ventricle (LV) in echocardiography is essential
for automated cardiac functional assessment [19], such as ejection fraction [32]
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(EF) and global longitudinal strain (GLS). However, cross-center deployment
remains challenging: unlike MRI or CT, ultrasound image formation is highly
sensitive to acquisition settings, operator-dependent scanning, and proprietary
post-processing, leading to pronounced shifts in speckle statistics, gain/contrast,
and texture patterns [28]. Consequently, models trained on a single source dis-
tribution may generalize poorly to real-world clinical data from different centers
or devices.

To mitigate domain shift, prior studies have explored domain generaliza-
tion (DG), unsupervised domain adaptation (UDA), and data augmentation
strategies [4,2,8]. However, in multi-center echocardiography, domain gaps are
frequently texture-dominant, vendor-dependent, and highly non-linear, where
passive feature invariance or perturbation-based robustness may be insufficient
when the target appearance lies far from the source manifold [17]. Generative
translation offers an alternative by rewriting target images toward a source-
like style before segmentation. However, unconstrained generation may intro-
duce geometric drift, hallucinated boundaries, or structure-dependent artifacts
that directly compromise clinical measurements [2,10,14]. Therefore, the cen-
tral challenge is not merely to translate image style, but to proactively unify
heterogeneous appearances while explicitly preserving anatomy and avoiding
over-reliance on unreliable generated content.

To this end, we propose Proactive Domain Unification (PDU), an inference-
time framework that maps heterogeneous inputs into a fixed, source-aligned
appearance space before segmentation, without requiring target labels or test-
time model updating. Rather than asking the segmenter to passively tolerate
unseen appearances, PDU proactively unifies the input domain before segmen-
tation. PDU employs a boundary-conditioned generative unifier [31,6] guided
by LV cues from a dedicated HED model [26] to normalize appearance while
suppressing geometric drift. We further introduce a reliability-guided frequency
fusion mechanism that inherits low-frequency anatomical components from the
raw image and injects source-aligned texture into high-frequency subbands under
reliability-controlled strength. As a plug-and-play preprocessor, PDU is model-
agnostic and orthogonal to training-time DG/UDA strategies.

Our contributions are threefold: (1) We introduce PDU, a proactive inference-
time unification paradigm requiring no target labels or test-time fine-tuning. (2)
We design a structure-constrained generative unifier that normalizes vendor-
specific appearance under explicit LV boundary guidance. (3) We propose a
reliability-guided frequency fusion mechanism that preserves low-frequency anatomy
and adaptively injects high-frequency source-style cues for structure-preserving
domain unification.

2 Method

Cross-center echocardiography exhibits substantial appearance variation across
vendors and sites, which often causes brittle cross-domain segmentation. We
propose Proactive Domain Unification (PDU), a plug-and-play preprocessing
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Fig. 1. Overview of Proactive Domain Unification (PDU). Stage I trains a structure-
conditioned unifier on the source domain. Stage II applies the unifier to source images
to construct raw–unified pairs for Stage III reliability learning. At inference, PDU
first generates a source-aligned unified image for each target input, then estimates its
reliability and performs reliability-guided wavelet fusion to produce the final input for
segmentation.

framework that maps heterogeneous target images into a fixed, source-aligned
appearance space while explicitly preserving anatomy (Fig. 1). Let Dsrc denote
the labeled source domain used to train the segmentation model, and let xtgt

denote an unlabeled target image at deployment. PDU does not require target la-
bels and does not update the segmenter at test time. Instead, it proactively trans-
forms the input image into a source-aligned representation before segmentation.
The framework consists of four stages: (i) training a structure-conditioned gen-
erative unifier on the source domain, (ii) generating source-domain raw–unified
pairs, (iii) learning a reliability embedding to estimate the trustworthiness of
unification, and (iv) performing reliability-guided wavelet fusion at inference.

Structure-conditioned diffusion unification. In ultrasound imaging, tex-
ture statistics are tightly coupled with anatomy due to acoustic scattering.
Therefore, appearance rewriting must be explicitly constrained to avoid anatomy-
altering geometric drift. We extract topology-preserving structural conditions us-
ing a HED model [26] tailored to cardiac ultrasound, which provides LV bound-
ary cues as anatomical guidance.

We adopt a ControlNet-conditioned diffusion model [31] as the generative
unifier Gθ. It is trained only on source-domain images Dsrc to model the source
appearance distribution conditioned on structural cues, i.e., p(xsrc | csrc). Given
an unlabeled target image xtgt, we first compute its structural condition ctgt and
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then synthesize a source-style unified image:

xuni = Gθ(xtgt | ctgt) , ctgt = HEDϕ(xtgt). (1)

This design encourages the generated image to adopt source-domain appearance
statistics while remaining anchored to target-image anatomical boundaries.

Hypersphere-based reliability estimation. Although structural condi-
tioning reduces geometric drift, unified images may still contain artifacts when
the target image is far from the source distribution or when boundary cues are
unreliable. We therefore estimate a reliability score S ∈ [0, 1] to control how
much unified high-frequency appearance should be trusted during fusion.

We train a BYOL-style self-supervised encoder [3] to map each image onto
a unit hypersphere. Let fψ be the encoder and g(·) the projector:

z(x) =
g(fψ(x))

∥g(fψ(x))∥2
∈ SD−1. (2)

During training, raw–unified source pairs are treated as positive pairs. This
encourages the embedding to be invariant to benign source-style appearance
changes while remaining sensitive to semantic or structural corruption.

We combine two complementary reliability cues. First, raw–unified consis-
tency measures whether the unified image remains semantically consistent with
the raw target image:

srg =
1

2

(
1 + cos

(
z(xtgt), z(xuni)

))
∈ [0, 1]. (3)

Second, distributional safety measures how far the raw target embedding de-
viates from the source-domain prototype (µ, σ2), where a diagonal covariance
is used for stability. We compute the Mahalanobis distance on the raw target
embedding rather than the unified embedding, so that the unifier cannot mask
out-of-distribution target signals:

dM (xtgt) =

√√√√ D∑
j=1

(zj(xtgt)− µj)2

σ2
j

. (4)

We calibrate the distance using a robust source-domain scale s = Qq({dM (xsrc)}),
where Qq denotes the q-th quantile, and define:

sdist = exp

(
−β · dM (xtgt)

s

)
∈ [0, 1]. (5)

The final reliability score is a convex combination of raw–unified consistency and
distributional safety:

S = α srg + (1− α) sdist, S ∈ [0, 1]. (6)

Reliability-guided wavelet fusion. Directly using the generated image
may introduce hallucinated structures or subtle boundary distortions. To avoid
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over-trusting generated content, we fuse the raw and unified images in the
wavelet domain. This separates global anatomical structure from local texture
details, enabling PDU to preserve anatomy while selectively borrowing source-
aligned appearance cues. We apply a single-level 2D Haar discrete wavelet trans-
form (DWT) [16]:

{LL,LH,HL,HH}raw = DWT(xtgt), {LL,LH,HL,HH}uni = DWT(xuni).
(7)

The approximation band LL contains the dominant low-frequency anatom-
ical layout. To preserve topology, we directly inherit this band from the raw
target image:

LLfused = LLraw. (8)

For the high-frequency detail bands, we inject source-aligned unified texture
using a reliability-controlled coefficient:

γ(S) = clip(λmaxS
η, 0, 1), (9)

and fuse each detail band B ∈ {LH,HL,HH} by:

Bfused = (1− γ(S))Braw + γ(S)Buni. (10)

Finally, the fused image is reconstructed by inverse DWT:

xfused = IDWT({LLraw, LHfused, HLfused, HHfused}). (11)

The resulting xfused is then fed into the frozen segmentation model. By lock-
ing the low-frequency anatomical layout and adaptively injecting high-frequency
source-style residuals, PDU performs domain unification while reducing the risk
of geometry-altering generation.

3 Experiments

Dataset and Implementation Details. We evaluate the proposed framework
on the EchoNet [18]→CAMUS [12] dataset and further validate its robustness
on a private clinical dataset (PrivateEcho). PrivateEcho contains 203 annotated
echocardiographic images from 20 patients, including non-ED/ES frames unseen
during model training, which introduces additional cardiac-phase variability and
makes the benchmark more challenging and clinically realistic. All images are
resized to 256× 256 pixels. Segmentation models are trained exclusively on the
EchoNet source domain and evaluated with frozen weights on target domains
without any target labels or adaptation. During inference, PDU serves as a
plug-and-play preprocessor, generating unified and fused inputs (xfused) for the
segmenters.

Parameter Settings. The reliability encoder utilizes an ImageNet-pretrained
ResNet-50 [5] within a BYOL framework [3]. Source prototypes are estimated us-
ing held-out embeddings with diagonal variance (ϵ=10−5) and calibrated via the
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Table 1. Quantitative cross-domain evaluation on CAMUS and a private clinical
dataset (PrivateEcho). Models are trained exclusively on EchoNet. Best results are
bolded.

Method
EchoNet → CAMUS (Public) EchoNet → PrivateEcho (Private)

Baseline (Raw) Ours (PDU) Baseline (Raw) Ours (PDU)

Dice↑ HD95↓ Sen↑ Dice↑ HD95↓ Sen↑ Dice↑ HD95↓ Sen↑ Dice↑ HD95↓ Sen↑

UNet 63.19±0.69 52.65±2.06 50.41±0.56 69.74±0.45 45.12±0.07 56.58±0.65 76.67±2.05 41.00±2.54 65.29±2.84 82.25±0.53 32.53±0.87 73.33±1.43

UNext 80.00±3.00 34.70±4.70 73.67±5.83 83.04±4.12 29.02±6.16 80.91±6.04 67.47±3.89 47.13±3.15 54.79±4.56 80.49±2.31 35.62±3.37 74.18±3.89

Swin-UNet 64.60±5.94 48.08±5.65 51.76±8.32 80.32±0.34 45.67±1.50 76.09±0.12 75.32±4.37 39.15±4.42 64.94±7.18 79.16±1.81 35.55±0.24 73.21±3.75

VMUNet 76.51±2.63 34.92±2.35 65.90±3.48 80.54±0.95 30.72±1.46 73.48±0.78 71.45±3.95 41.90±3.23 57.30±4.69 73.28±1.66 41.18±3.25 62.41±3.63

UKAN 76.21±2.32 37.20±3.92 67.40±2.48 79.77±6.10 33.15±8.88 76.28±10.5 78.60±7.16 36.66±7.28 69.24±10.6 84.43±1.38 32.29±1.58 80.47±4.70

SegMamba 85.28±1.92 22.76±2.20 82.34±4.88 88.42±0.31 18.48±0.64 85.84±0.96 77.75±2.78 42.09±4.02 68.99±2.61 81.54±3.32 37.36±4.17 79.16±6.02

0.95 quantile of the Mahalanobis distance (α=0.6, β=2.0). For wavelet fusion,
we employ a single-level 2D Haar DWT with strict low-frequency inheritance
(λmax=1.0, η=2.0).

Training Protocol. The generative unifier (Stage I) and reliability encoder
(Stage III) are trained for 50 and 200 epochs, respectively, using the Adam [11]
optimizer (lr= 1 × 10−4) with cosine annealing [15,29]. Data augmentation
includes random horizontal flipping and rotations. All experiments are imple-
mented in PyTorch on an NVIDIA RTX A6000 GPU. Performance is quantified
using Dice (%), Hausdorff Distance (HD95, mm), and Sensitivity (%).

To validate the effectiveness and model-agnostic nature of PDU, we evaluate
it across six diverse state-of-the-art segmentation architectures: classic/lightweight
CNNs (U-Net [20], UNext [22]), Transformers (Swin-UNet [1]), state space mod-
els (VM-UNet [21], SegMamba [27]), and Kolmogorov-Arnold Networks (U-KAN
[13]). For a rigorous comparison, the Baseline models are trained on the raw
source domain (EchoNet) and tested directly on the raw target domains. Con-
versely, the PDU models are trained on the PDU-unified source domain and
evaluated on the correspondingly PDU-unified target images.

As shown in Table 1, the baselines suffer severe performance degradation
under large domain shifts. Incorporating PDU yields broad and consistent im-
provements across all six architectures. On the CAMUS dataset, PDU delivers
average improvements of +6.0% in Dice and −4.7 mm in HD95, with SegMamba
achieving the highest Dice score of 88.42%. On the private clinical dataset (Pri-
vateEcho), which exhibits more complex real-world distribution shifts, PDU also
improves robustness, notably increasing U-Net’s Dice from 76.67% to 82.25%.

As illustrated in Fig. 2, models trained on raw data frequently suffer from
boundary leakage and under-segmentation under domain shifts. PDU mitigates
the disruptive effects of vendor-specific speckle and contrast variations by proac-
tively aligning heterogeneous target images to the source distribution at the
input level. This unification allows diverse architectures to better leverage their
learned representations, consistently generating complete and anatomically faith-
ful LV masks on unseen domains.

Reference comparison with UDA methods. As shown in Table 2, we
provide a reference comparison with representative UDA methods on the EchoNet
→ CAMUS, following the reported results in GraphEcho [28]. Since these meth-
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Table 2. Reference comparison with rep-
resentative UDA methods on EchoNet →
CAMUS. Best result is bolded.

Method Avg. Dice ↑

SOTA UDA Methods

RIPU [25] 54.55
U2PL [24] 58.75
Caco [7] 66.25
PLCA [9] 68.25
FADA [23] 75.35
FDA [30] 77.40
GraphEcho [28] 85.00

Ours (PDU)

PDU (SwinUNet) 80.32
PDU (VMUNet) 80.54
PDU (UNext) 83.04
PDU (SegMamba) 88.42

Fig. 2. Segmentation visualization on
CAMUS. PDU mitigates boundary leak-
age and under-segmentation under do-
main shifts.

ods differ in adaptation protocols, target-domain usage, and backbone designs,
this comparison should not be interpreted as a strictly identical training set-
ting. Nevertheless, PDU follows a stricter deployment assumption: it does not
require target labels, does not update the segmenter at test time, and serves
only as a plug-and-play inference-time preprocessor. Under this setting, PDU
with SegMamba achieves 88.42% Dice, outperforming the reported GraphEcho
result of 85.00%. This suggests that proactive input-domain unification can pro-
vide a competitive and complementary route to existing UDA strategies, while
requiring less target-domain intervention.

In-Domain Stability. To assess whether PDU over-processes images al-
ready from the source distribution, we evaluate it on EchoNet. As shown in
Table 3, PDU does not degrade in-domain performance and yields small but
consistent gains across all models, with Dice improvements ranging from +0.11%
to +1.32%. This indicates that PDU preserves source-domain anatomy and can
be applied without introducing harmful appearance distortion.

Frequency Fusion Ablation. Table 4 validates the necessity of reliability-
guided fusion. Directly using the generated image (Pure GEN) performs poorly,

Table 3. In-Domain Stability. PDU
maintains strong performance on the
source domain (EchoNet).

Method
Baseline (Raw) Ours (PDU) Gain

Dice HD95 Dice HD95 ∆Di ∆HD

UNet 92.80±0.12 5.95±0.20 93.01±0.02 5.82±0.03 +0.21 -0.13
UNext 92.73±0.03 5.15±0.03 92.84±0.05 5.02±0.05 +0.11 -0.13
SwinUNet 90.59±0.34 7.36±0.46 91.91±0.12 6.20±0.03 +1.32 -1.16
VMUNet 89.41±0.26 9.83±0.63 90.54±0.05 8.54±0.29 +1.13 -1.29
UKAN 92.88±0.02 5.03±0.01 93.02±0.01 4.96±0.03 +0.14 -0.07
SegMamba 92.46±0.32 6.18±0.27 93.06±0.12 5.76±0.27 +0.60 -0.42

Table 4. Reliability-guided frequency fu-
sion mitigates geometric drift caused by
pure generation.

Method
Pure GEN Ours (PDU) Impact

Dice HD95 Dice HD95 ∆Di ∆HD

UNet 57.20±2.55 45.41±2.53 69.74±0.45 45.12±0.07 +12.5 -0.29
UNext 66.14±0.50 39.27±1.52 83.04±4.12 29.02±6.16 +16.9 -10.2
SwinUNet 56.60±1.25 46.08±1.33 80.32±0.34 45.67±1.32 +23.7 -0.41
VMUNet 51.44±5.60 52.90±4.45 80.54±0.95 30.72±1.46 +29.1 -22.1
UKAN 63.71±2.38 40.43±2.46 79.77±6.10 33.15±8.88 +16.0 -7.28
SegMamba 64.38±0.86 39.92±2.28 88.42±0.31 18.48±0.64 +24.0 -21.4
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Fig. 3. Frequency-domain verification. PDU
preserves large-scale anatomy while suppressing
texture details.

Fig. 4. RAW, PDU-processed
image, and their difference
visualization; PDU preserves
structural information while
leveraging fine-grained texture
to achieve domain unification.

suggesting that unconstrained generation may introduce artifacts or geomet-
ric drift. By locking low-frequency topology and injecting high-frequency source
style cues under reliability control, PDU substantially improves Dice by +12.5%
to +29.1% across architectures, confirming the importance of structure-preserving
fusion.

Structural Preservation and Safety. To analyze the mechanism of PDU,
we examine its spectral effect. As shown in Fig. 3, PDU suppresses domain-
specific high-frequency noise, with mean reductions of 15.9% and 12.6% for
EchoNet and CAMUS, respectively, while keeping global structural deviations
negligible. The residual maps in Fig. 4 further show that modifications are mainly
localized to background speckle and contrast regions, without visible ventricular
boundary distortion. These results support the structure-preserving nature of
PDU.

Fig. 5. Domain-gap recovery and improve-
ment. PDU significantly recovers the cross-
domain gap on CAMUS.

Fig. 6. PDU consistently improves both
ED and ES phases.
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Domain Gap Recovery & Clinical Robustness. Compared with the
fully supervised target-domain upper bound, PDU recovers 67.2% to 83.5%
of the cross-domain performance gap across three representative architectures,
as shown in Fig. 5. Since cardiac functional assessment requires accurate de-
lineation at both end-diastole (ED) and end-systole (ES), we further evaluate
phase-wise robustness. As shown in Fig. 6, PDU consistently improves both
phases, suggesting robustness to cardiac phase-related shape variations.

4 Conclusion

We presented Proactive Domain Unification (PDU), an inference-time framework
that proactively aligns heterogeneous echocardiography inputs to a source-style
domain for robust cross-center segmentation. By coupling boundary-conditioned
generation with reliability-guided frequency fusion, PDU normalizes vendor-
dependent texture while preserving low-frequency anatomical structure. Experi-
ments on EchoNet→CAMUS and a private clinical cohort show consistent gains
across diverse architectures, with PDU recovering up to 83.5% of the cross-
domain performance gap. These results position proactive input-domain unifi-
cation as a promising route for medical image domain generalization.
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