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Abstract. Intrapartum ultrasound enables objective monitoring of fe-
tal head progression during labor, yet clinical practice relies predomi-
nantly on single-frame analysis, which is sensitive to noise and fails to
capture continuous anatomical dynamics. Leveraging video clips offers
richer information but introduces a critical challenge in multi-clinic set-
tings: acquisition variability arising from differences in probe motion,
imaging hardware, and clinical protocols distorts latent temporal repre-
sentations in ways that static harmonization methods cannot address. We
collected a novel intrapartum ultrasound dataset from three clinics with
heterogeneous acquisition protocols and propose a self-supervised repre-
sentation learning framework that explicitly disentangles clinic-specific
acquisition distortions from physiologically meaningful motion dynamics.
The framework integrates temporal regularization, adversarial disentan-
glement, and hierarchical cross-attention to effectively separate clinic-
invariant and clinic-specific representations. The proposed Hierarchical
Cross-Attention encoder achieves 99.70% temporal order prediction ac-
curacy, substantially reduces clinic-induced variability, and generalizes
to fetal head segmentation on the HC18 benchmark with a Dice score
of 87.23%, outperforming both an in-domain autoencoder baseline and
random initialization despite its encoder being pre-trained exclusively
on intrapartum video. These results establish temporal disentanglement
as a principled strategy for separating acquisition variability from true
motion dynamics, enabling robust representation learning across hetero-
geneous clinical conditions.

Keywords: Intrapartum ultrasound · Multi-center harmonization · Tem-
poral representation learning · Self-supervised learning · Disentangled
representations
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1 Introduction

Intrapartum ultrasound enables objective assessment of fetal head progression
during labor, providing improved accuracy and reproducibility compared to dig-
ital examination [5,9,17]. Quantitative evaluation of fetal head descent, rotation,
and position supports clinical decision-making, including detection of obstructed
labor and delivery planning. While current practice and most automated meth-
ods rely predominantly on single-frame analysis [5,9,2], labor is a longitudinal
process in which each subject undergoes continuous physiological change across
multiple timepoints — making repeated temporal assessment more informative
than isolated single-frame evaluations. Fetal head progression is inherently dy-
namic, and meaningful clinical information is encoded in motion patterns across
time rather than in static appearance alone.

A key challenge in multi-clinic ultrasound analysis is acquisition variability
arising from differences in hardware, probe configuration, operator technique,
and imaging protocols [19,6]. Existing harmonization and domain adaptation
methods, including ComBat [7], adversarial adaptation [8], and feature align-
ment [18], primarily address static appearance differences. Yet because clinically
meaningful information resides in temporal dynamics, clinic-specific variability
can distort latent temporal trajectories in ways static harmonization fundamen-
tally cannot address (Fig. 1). This motivates explicitly modeling and suppressing
acquisition-induced temporal distortions as a prerequisite for reliable longitudi-
nal representation learning in multi-center obstetric imaging.

Self-supervised learning (SSL) enables transferable representation learning
without manual annotation [3,10,1] and has shown strong performance in med-
ical imaging and ultrasound [20,16,4]. Temporal representation learning further
improves robustness by modelling motion-dependent structure [15,12], yet ex-
isting methods entangle physiological motion with acquisition variability. Dis-
entangled representation learning offers a principled framework for separating
invariant and domain-specific factors [13,14], but its integration with temporal
modelling for multi-clinic ultrasound remains unexplored.

To address this, we collect a novel intrapartum ultrasound dataset from three
clinics with heterogeneous acquisition protocols and propose a self-supervised
framework that explicitly disentangles clinic-specific temporal distortions from
physiologically meaningful motion dynamics, integrating temporal regulariza-
tion, adversarial disentanglement, and hierarchical cross-attention for robust
multi-center representation learning, with the goal of establishing a methodolog-
ical foundation for future clinically robust AI-driven labor monitoring systems.

2 Method

This study was approved by the Bakırköy Dr. Sadi Konuk Training and Re-
search Hospital Clinical Research Ethics Committee (Protocol No: 2025/408).
All data were collected prospectively under informed consent in accordance with
the Declaration of Helsinki.
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Fig. 1. (A–C) Representative frames from three different centers show pronounced dif-
ferences in probe geometry, field-of-view, and brightness (µ values inset). (D) Temporal
intensity dynamics reveal center-specific mean levels and variance profiles across 100
frames. (E) Frame-to-frame absolute transitions (|∆t|) expose highly center-dependent
temporal instability, with example A showing large sporadic spikes (µ = 2.30± 14.15)
compared to near-stationary behavior in example C (µ = 0.46±0.67), motivating tem-
poral rather than purely static harmonization.

We collected 360 video clips from 30 subjects across three clinical centers
with heterogeneous acquisition protocols. All clips from a given subject were
assigned exclusively to a single partition to prevent data leakage, using a strati-
fied 70/15/15 subject-level split (21 subjects for training, 4 for validation, 5 for
testing), with leave-one-center-out cross-validation for generalization assessment.

We propose a self-supervised framework that suppresses center-induced vari-
ability in multi-center intrapartum ultrasound while preserving physiologically
meaningful temporal dynamics (Fig. 2). Our key insight is that acquisition vari-
ability manifests as distortions in latent temporal trajectories rather than purely
static appearance differences. We address this by regularizing latent temporal
transitions and structuring the latent space to separate center-invariant and
center-specific components across five encoder architectures of increasing capac-
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Fig. 2. Overview of the proposed temporally regularized representation learning frame-
work. Detailed architecture and code information can be found at: https://github.
com/miccai-intrapartum/miccai_intrapartum

ity: (1) Temporal Autoencoder with temporal regularization; (2) Dual Encoder
with explicit disentanglement into a center-invariant stream (FE: fixed-effect
encoder) and a center-specific stream (RE: random-effect encoder); (3) Cross
Encoder with bidirectional cross-attention; (4) Bi-Encoder with contrastive tem-
poral learning; and (5) HCA Encoder (Hierarchical Cross-Attention) with hier-
archical multi-scale aggregation. All architectures share the temporal regulariza-
tion foundation and are trained using appropriate subsets of Eq. 6.

Given a sequence X = {x1, . . . , xT }, encoder fθ maps each frame to a latent
embedding zt = fθ(xt), forming trajectory Z = {z1, . . . , zT } with transitions
∆zt = zt+1 − zt.

Temporal Regularization: Two complementary losses stabilize latent trajecto-
ries. Scale regularization penalizes variance in transition magnitudes:

Lscale =
1

T − 1

T−1∑
t=1

(∥∆zt∥ − µ)
2
, µ =

1

T − 1

T−1∑
t=1

∥∆zt∥, (1)

preventing erratic latent motion from acquisition noise. Spectral regularization
suppresses high-frequency instability:

Lspec =
∑
f

wf |F(∆z)f |2 , (2)

where F is the Fourier transform and wf increases with frequency. A decoder gϕ
enforces semantic retention via reconstruction loss Lrec =

1
T

∑
t ∥xt − gϕ(zt)∥2.

Adversarial Disentanglement: A center-invariant encoder fFE and center-
specific encoder fRE decompose the representation:

zFE
t = fFE(xt), zRE

t = fRE(xt). (3)

https://github.com/miccai-intrapartum/miccai_intrapartum
https://github.com/miccai-intrapartum/miccai_intrapartum
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A center classifier C(·) drives functional specialization: fFE is trained adversar-
ially to suppress center information (Ladv = −E[logC(zFE

t )]), while fRE explic-
itly captures acquisition variability (Lbatch = E[CrossEntropy(C(zRE

t ), ct)]). A
variational formulation on the RE stream prevents posterior collapse:

LKL = DKL

(
q(zRE | xt) ∥N (0, I)

)
. (4)

Hierarchical Cross-Attention: Frame-level embeddings are pooled into segment-
and sequence-level representations, with cross-attention enabling multi-scale context-
aware refinement:

zagg = Attention(zframe, zsegment, zglobal). (5)

The full training objective is:

L = Lrec + λscaleLscale + λspecLspec + λadvLadv + λbatchLbatch + λKLLKL. (6)

Evaluation: Temporal order prediction (TOP) probes temporal structure
by classifying ordered versus shuffled sequences from latent transition statis-
tics ∥∆zt∥, evaluated exclusively on unseen subjects to ensure generalization
rather than memorization. Representations that capture meaningful motion dy-
namics produce structured, low-variance transitions for ordered sequences and
irregular transitions for shuffled ones — making TOP accuracy a direct mea-
sure of how well the latent trajectory encodes physiologically consistent motion.
Center invariance is quantified via the Average Silhouette Width (ASW) com-
puted on the FE latent space using center identity as the grouping variable:
lower ASW indicates greater overlap between center clusters, confirming suc-
cessful suppression of center-specific information. Cross-domain generalization
is assessed on the HC18 benchmark [11] — an antenatal fetal head segmenta-
tion dataset comprising 2D B-mode ultrasound images with pixel-level masks
— used here as an external representation quality probe rather than a clin-
ical performance claim. Both datasets share the same imaging modality and
anatomical target, making HC18 a principled choice for evaluating anatomical
transferability of intrapartum-trained representations. Evaluation comprises two
complementary assessments: segmentation Dice score, obtained by fine-tuning a
U-Net decoder on top of the frozen-then-unfrozen encoder using HC18 ground
truth masks, and embedding robustness via cosine similarity under Gaussian
perturbations of increasing magnitude.

3 Results

Across the five architectures, TOP accuracy rises steadily from 95.51% to 99.70%
as temporal modelling capacity increases (Table 1). The Bi-Encoder is the ex-
ception, dropping to 91.62%. Unlike the other architectures, it relies solely on
contrastive objectives to enforce temporal consistency without explicit regular-
ization of latent transitions, which appears insufficient to suppress acquisition-
induced temporal distortions in this multi-center setting.



6 I. Aytutuldu et al.

Table 1. Progressive architecture comparison on temporal order prediction (TOP).
All models share identical CNN backbones and training protocols, differing only in
architectural mechanisms.

Architecture TOP Acc. (%) 95% CI Key Mechanism

Temporal AE 95.51 [93.30, 97.50] Scale + spectral regularization
Dual Encoder 94.41 [93.85, 98.60] FE/RE adversarial decomposition
Cross Encoder 98.04 [96.93, 99.44] Bidirectional cross-attention
Bi-Encoder 91.62 [88.83, 94.69] Contrastive temporal learning
HCA Encoder 99.70 [99.10, 100.0] 3-level hierarchical aggregation

Table 2. Leave-one-center-out (LOCO) validation evaluating generalization to unseen
acquisition centers. Each center is used once as a held-out test set while training on
the remaining centers.

Test Center HCA Acc. (%) Temporal AE Acc. (%) ∆ (%)

Center A 98.6 94.2 +4.4
Center B 97.4 92.1 +5.3
Center C 99.1 95.0 +4.1

Mean 98.4 93.8 +4.6

Under leave-one-center-out evaluation, the HCA encoder maintains strong
performance on each unseen center, averaging 98.4% against 93.8% for the Tem-
poral Autoencoder (Table 2). Gains are consistent across centers, ranging from
4.1 to 5.3 percentage points.

To isolate the contribution of each component, we train incrementally from
reconstruction only to the full model (Table 3). Reconstruction alone yields near-
chance TOP accuracy (52.8%), confirming that standard autoencoders do not
inherently preserve temporal structure. Scale regularization provides the largest
single gain (52.8% to 85.9%), followed by spectral regularization (91.4%) and ad-
versarial training (ASW 0.32 to 0.28). The full HCA model reaches 99.3% TOP
and ASW of 0.24, demonstrating that each component addresses a complemen-
tary aspect of center-induced temporal variability. Against external baselines,
both proposed variants outperform ComBat and DANN on TOP accuracy and
center invariance, with the Temporal Autoencoder already competitive at lower
computational cost (Table 4).

Table 3. The contribution of each component to temporal order prediction accuracy
and center invariance on the test set.

Configuration TOP Acc. (%) ASW (FE)

Reconstruction only (Lrec) 52.8 0.41
+ Scale regularization (Lscale) 85.9 0.36
+ Spectral regularization (Lspec) 91.4 0.32
+ Adversarial loss (Ladv) 96.1 0.28
+ Hierarchical aggregation (full HCA) 99.3 0.24
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Table 4. Comparison with existing harmonization and domain adaptation methods
on the held-out test set.

Method TOP Acc. (%) ASW (FE) Training

Raw (no training) 47.3 ± 0.0 0.40 –
ComBat + Autoencoder 88.6 ± 2.0 0.30 Fast
DANN 92.3 ± 1.6 0.31 Slow
Temporal AE (ours) 95.5 ± 1.1 0.25 Fast
HCA (ours) 99.3 ± 0.4 0.24 Moderate

On HC18, HCA embeddings degrade substantially less under Gaussian noise
than the in-domain autoencoder at every noise level tested (Table 5). At σ =
0.20, cosine similarity remains at 0.907 compared to 0.713, with the gap widening
consistently as noise intensity increases (p < 10−22 throughout).

Table 5. Noise robustness evaluation on HC18 dataset using cosine similarity under
Gaussian perturbations.

Noise σ PlainAE HCA t-statistic p-value

0.02 0.9972± 0.0017 0.9995± 0.0002 12.84 8.50× 10−23

0.05 0.9775± 0.0154 0.9973± 0.0009 12.52 3.99× 10−22

0.10 0.9120± 0.0569 0.9874± 0.0039 12.94 5.28× 10−23

0.15 0.8241± 0.0984 0.9605± 0.0110 13.50 3.53× 10−24

0.20 0.7126± 0.1368 0.9068± 0.0226 14.20 1.31× 10−25

To probe whether the learned representations encode anatomically trans-
ferable structure, we use HC18 as an external evaluation benchmark. A fully
supervised in-domain model achieves approximately 92–93% Dice, establishing
the performance ceiling. Despite being trained exclusively on intrapartum video,
the HCA encoder (87.23%) outperforms both an in-domain autoencoder baseline
(83.12%) and random initialization (80.64%), suggesting that temporal regular-
ization encodes anatomically meaningful structure beyond the intrapartum do-
main. Complementing this, HCA embeddings show significantly greater robust-
ness under Gaussian perturbation at every noise level tested (Table 5), further
supporting the transferability of the learned representations.

4 Discussion

This work demonstrates that center-induced variability in multi-center intra-
partum ultrasound manifests primarily as dynamic distortions in latent temporal
trajectories, and that explicitly regularizing these trajectories is more effective
than conventional static harmonization. The progressive architecture comparison
(Table 1) shows consistent TOP gains from 95.51% to 99.70% with increasing
temporal modelling capacity, confirming that sequential dependencies encode
diagnostically meaningful information beyond static appearance [15,12].



8 I. Aytutuldu et al.

Fig. 3. Qualitative fetal head segmentation results on HC18. Each row shows input,
ground truth, prediction, and overlay. The HCA encoder (bottom row) produces sub-
stantially more complete cranial boundary delineation compared to random initializa-
tion (top) and PlainAE (middle), with the most notable improvement in the lower
cranial region where both baselines show partial or missing contours.

The ablation analysis (Table 3) provides mechanistic validation of each com-
ponent. Scale regularization alone improves TOP from 52.8% to 85.9%, support-
ing the hypothesis that center-dependent acquisition differences disrupt latent
temporal consistency. The dual-stream design achieves clear functional separa-
tion, with RE and FE streams reaching ASW scores of 0.725 and 0.24, respec-
tively, indicating effective isolation of center-specific variability while preserv-
ing invariant representations [13,7]. In contrast, ComBat and DANN operate
on global statistics without temporal awareness and cannot achieve comparable
structured decomposition (Table 4).

Cross-domain evaluation on HC18 further demonstrates the generality of the
learned representations. Despite being trained only on intrapartum video, the en-
coder improves fetal head segmentation performance over an in-domain autoen-
coder (87.23% vs 83.12% Dice) and maintains significantly greater robustness
under Gaussian perturbations (Table 5, p < 10−22). This suggests that tempo-
ral regularization actively organizes the latent space into anatomically transfer-
able representations rather than merely suppressing nuisance variability [1,20].
Qualitative results (Fig. 3) visually confirm improved structural completeness.



Title Suppressed Due to Excessive Length 9

Conventional harmonization and domain adaptation methods address static
distribution shifts [7,8,18], but the baseline comparison (Table 4) highlights their
limitations in temporal settings. The LOCO evaluation (Table 2) shows consis-
tent improvements of 4.1–5.3 percentage points on unseen centers, supporting
robustness across heterogeneous acquisition environments [9,5].

Limitations include the modest dataset size and three-center scope. Future
work should validate on larger cohorts, explore transformer-based temporal ar-
chitectures to capture longer-range dependencies [3,10], investigate deployment-
oriented preprocessing strategies such as adaptive frame trimming and more
comprehensive loss-component ablations, and benchmark against contrastive
self-supervised methods such as CPC and MoCo [15,10] in multi-center tem-
poral settings.

5 Conclusion

We presented a self-supervised framework for disentangling center-induced tem-
poral distortions from physiologically meaningful motion dynamics in multi-
center intrapartum ultrasound. Through progressive architectural refinement,
the framework achieves 99.70% temporal order prediction accuracy, effective
functional separation of center-invariant and center-specific representations, and
cross-domain transfer to fetal head segmentation (Dice 87.23%) without in-
domain training. These results establish temporal regularization as a principled
strategy for robust multi-center ultrasound representation learning.
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