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Abstract. Accurate thoracoabdominal multi-organ segmentation of the
fetal from mid-trimester volumetric ultrasound is crucial for prenatal
screening and assessment of fetal development. Over half of severe struc-
tural anomalies can be detected through such examinations. However,
this task is particularly challenging due to the inherent low contrast and
ill-defined boundaries in volumetric ultrasound, which are compounded
by significant feature distribution shifts caused by variations in fetal
pose. To address this, we propose PoseBridgeNet, a novel framework for
segmenting six key organs in this challenging setting. Our core inno-
vation is the integration of a Pose-Evolving Schrédinger Bridge (PSB)
within the bottleneck of the segmentation model. This module formu-
lates the alignment of feature distributions across different poses as an
entropy-regularized optimal transport problem. By explicitly simulating
the dynamic evolution of features across pose variations via a learn-
able stochastic differential equation, the model gains robustness against
pose-induced feature shifts. Furthermore, we design a Mixture-of-Experts
(MoE) decoder that integrates the stochastic features from the Pose-
Evolving Schrédinger Bridge: it consists of one shared expert capturing
cross-pose anatomical commonalities and multiple specialized experts
modeling organ- and pose-specific variations, enabling joint optimiza-
tion of pose-aware feature alignment and segmentation. Evaluated on an
in-house dataset of fetal volumetric ultrasound, PoseBridgeNet outper-
forms existing methods, achieving an average DSC of 85.52% , an IoU of
75.44% and a HD of 3.10 mm. Ablation studies further validate the ef-
fectiveness of each proposed component. The code and data are available
at https://github.com/GanSusan/PoseBridgeNet.git.
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1 Introduction

Mid-trimester fetal thoracoabdominal ultrasound is essential for prenatal screen-
ing, detecting over half of severe structural anomalies such as bilateral renal agen-
esis and single ventricle defect. Volumetric probes now acquire three-dimensional
anatomical data covering all key thoracoabdominal organs in a single scan, en-
abling automated analysis via deep learning-based multi-organ segmentation to
assist diagnosis and fetal growth assessment.

However, automatic segmentation faces significant technical challenges. As
illustrated in Fig.1(a)-(b) and (e), inherent imaging limitations include low inter-
organ contrast, along with low resolution and ill-defined boundaries. More crit-
ically, fetal pose variation exacerbates these issues. As shown in Fig.1(c)-(d),
postural changes within the uterus substantially alter organs’ spatial arrange-
ment, projected morphologies, and mutual occlusion relationships, inducing sys-
tematic feature distribution shifts. Fig.1(f) demonstrates this with the liver: its
grayscale disparity across different poses approaches that between distinct or-
gans. This pose-induced feature distribution shift undermines performance con-
sistency, limiting the generalization of existing methods.

Grayscale distribution Analysis
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Fig. 1. Overview of fetal thoracoabdominal volumetric ultrasound images and Pose-
Evolving Bridge. (a,b) Abdominal organs in supine and prone positions; (c,d) Coronal
views in supine and prone positions.(e) Grayscale distributions of all organs; (f) Liver
grayscale distribution in supine vs. prone positions.

(c) Coronal plane of supine position (d) Coronal plane of prone positiont | (f) Grayscale distribution of liver in different pose

Existing fetal volumetric ultrasound studies have explored images of the first-
trimester [1], head [2], and femur [3], but research on mid-trimester thoraco-
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abdominal images remains scarce. Although prior work have recognized the im-
portance of pose modeling in prenatal ultrasound, proposing spatial normaliza-
tion preprocessing frameworks[4] or deep learning-based pose estimation algo-
rithms [5], these methods have not integrated pose modeling with the segmenta-
tion model to address the impact of pose-induced feature distribution shifts on
segmentation performance.

Recently, the Schrodinger bridge framework has gained traction in com-
puter vision. Rooted in entropy-regularized optimal transport, it constructs
learnable stochastic interpolations between distributions, demonstrating strong
performance in image generation [6-8], score-based dynamics [9, 10|, and cross-
modal translation [11-13]. This provides a principled mathematical framework
for modeling feature shifts induced by fetal pose variations. Meanwhile, Mixture-
of-Experts (MoE) architectures enhance representational capacity for complex
data via dynamic gating [14], with recent medical segmentation studies integrat-
ing MoE into U-Net [15] and SAM [16] for improved feature fusion [17].

We propose PoseBridgeNet, a multi-organ segmentation network for mid-
trimester fetal thoracoabdominal volumetric ultrasound. Built upon U-Net [18§],
our model introduces two core innovations: a pose-evolving Schrédinger bridge
in the bottleneck layer that explicitly models pose-induced feature shifts, and a
MoE decoder that leverages the bridge’s stochastic features for joint optimization
of the Schrodinger bridge and segmentation tasks. Our main contributions are:

1. The first multi-organ segmentation model for mid-trimester fetal thoracoab-
dominal volumetric ultrasound, addressing an underexplored yet clinically
critical application.

2. A pose-evolving Schrédinger bridge in the bottleneck layer that explicitly
models feature distribution shifts caused by fetal pose variations via a learn-
able stochastic process, conferring inherent robustness to pose changes.

3. A MoE decoder that effectively integrates stochastic features from the pose-
evolving bridge and enables joint optimization of the Schrédinger bridge
formulation and segmentation, achieving appreciable performance gains on
challenging ultrasound data.

2 Method

2.1 The Pose-Evolving Schrédinger Bridge

Problem Formulation We consider the volumetric ultrasound images of a fetus
under different poses as a continuous family of distributions, where variations in
the pose parameter 6 induce a continuous shift in the feature distribution Fy. For
any two poses 65 and 6;, we aim to construct a stochastic process that transports
features from the distribution Fy, to Fp, such that the path of this process follows
the continuous evolution of anatomical structures. This objective aligns with the
Schrédinger Bridge framework—an entropy-regularized optimal transport model
that seeks the most likely stochastic evolution path given prescribed boundary
distributions.
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Fig. 2. Overall framework of our proposed PoseBridgeNet

To construct the boundary distributions for the evolution path during train-
ing, for each input X; (corresponding to pose 6;), we denote its bottleneck feature
as zg € RE*H>W From the current batch, we randomly select another sample
X (corresponding to pose 6;) whose bottleneck feature is denoted as z;. We
treat zp as an instance drawn from the source distribution Pg and z; as an in-
stance drawn from the target distribution Pr. By guiding the model to learn the
Schrédinger bridge from Pg to Pr, the model acquires the ability to robustly
model features across different poses.

Stochastic Evolution Process and Its Parameterization Taking z; as
the initial state, we define a stochastic process {z:}+c[0,1) that satisfies the Ito
stochastic differential equation (SDE):

dze = f(z,t) dt + V22 AW, (1)

where f : R x [0,1] — R® denotes the learnable drift function, ¢ is a fixed
diffusion coefficient, and W; represents standard Brownian motion. The terminal
distribution z; of this SDE is required to approximate the target distribution
Pr, which is the objective of the Schrédinger bridge problem. The drift function,
which takes the time ¢ and the current state z; as inputs, is implemented by a
drift block consisting of two 1 x 1 x 1 convolutional layers and one 3 x 3 x 3
convolutional layer (Fig. 2(a)).
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f(zt,t) = DriftBlock (GroupNorm ([z;v(¢)])) (2)

Here, v(t) is the sinusoidal positional embedding of time ¢. This design en-
ables the drift function to dynamically adjust features according to the evolution
time step, guiding a smooth transition of features while preserving anatomical
consistency.

Numerical Simulation and Consistency Learning We simulate the
stochastic differential equation using the Euler—-Maruyama method. Let the time
interval [0, 1] be discretized into N steps with step size At = 1/N, and denote
the discrete time points as t,, = nAt forn =0,1,..., N. The discretized form of
the differential equation can be expressed as follows: for any time ¢, the solution
is given by:

k—1 k—1

2 =20+ Y folz,, tn) At + Y V2eAt G, &~ N(0,1) (3)
n=0 n=0

Eq. (3) yields the entire discretized trajectory {z#,, zt,,.-.,2ty } With z:, = 2o

and z;, = 2; denoting the terminal feature.

To obtain diverse intermediate features under different poses, during training
we independently sample m time points {¢;}; ~ U(0,1) along the evolution
path and compute the corresponding features {z, }/; using Eq. (3). These fea-
tures, together with the original bottleneck feature zg, are fed into the decoder
to produce the corresponding segmentation probability maps Py and {P;, }1,
respectively.

1 m
L =\-— Y Dii(P| P, 3 — 2|3, 4
PSB mi_zl KL (Pol|Pr;) + 1121 — 2113 (4)
where A > 0, v > 0 are hyperparameters. The first term implicitly guides the
Schrédinger bridge evolution path to maintain segmentation consistency, while
the second term steers the terminal state toward the target feature associated
with the Schrédinger bridge’s boundary condition.

2.2 Mixture-of-Experts Decoder

To effectively leverage the stochastic features from the Pose-Evolving Schrédinger
Bridge while jointly optimizing the Schrédinger bridge and segmentation, we
equip the decoder with a MoE module (Fig. 2(b)). It comprises one shared ex-
pert capturing cross-pose anatomical commonalities and N specialized experts
modeling organ- and pose-specific variations. Given an input X € REXWXC the
gating network applies global average pooling to obtain a global context vector
Xgiobar € RE , then computes expert weights g = [g1,2,...,gn]" Vvia linear
mapping and softmax:

exp (W, Xgiobal + bi)
>0y exp (W] Xyiobat + by)

g9i =

()
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where w; € R® and b; € R are learnable parameters of the gating network.
The shared and N specialized experts are implemented as 3 x 3 X 3 convolutional
layers, producing Fiparea € REIXW*C and {F; € REXWXCIN | respectively.
The final output Y combines shared features and the weighted sum of specialized
features:

N
Y = Fihared + Z 9iF (6)

=1

2.3 Optimization Objective

We formulate an end-to-end trainable objective integrating multi-organ segmen-
tation supervision with pose evolution. The final loss is a sum of segmentation
loss Lgeq, pose-evolving bridge loss Lpsp and L2 regularization:

L= Lseg+ Lpsp +al[ W3 (7)

where o > 0 is a hyperparameter and ||[W||3 is L2 weight decay.

3 Experiments and Results

3.1 Implementation Details and Datasets

Implementation Details We implemented our model using PyTorch 2.6.0 and
MONALI 1.4.0 on two NVIDIA A6000 GPUs. All input volumes were resampled
to 128 x 128 x 128 voxels with isotropic spacing. The network was optimized
using AdamW with an initial learning rate of 1 x 1073, and a weight decay of
1 x 1075, Early stopping was applied if the validation metric did not improve
for 10 consecutive epochs. Five-fold cross-validation was performed to ensure
reliable evaluation.

Datasets and Evaluation Metrics We collected fetal volumetric ultra-
sound scans (21-24 weeks) from 80 subjects using a GE Voluson scanner with a
RABG6-D probe. All volumes were manually annotated by two experts with over
10 years of experience for six organs: heart, lungs, liver, stomach, left kidney,
and right kidney. Segmentation performance was evaluated using Dice Similarity
Coefficient (DSC), Intersection over Union (IoU), and 95th-percentile Hausdorff
Distance (HD).

3.2 Comparison with Other Methods

Quantitative Comparison We compared our method with representative 3D
segmentation networks [18-22]. As shown in Table 1, our approach achieves
state-of-the-art performance, with mean DSC of 85.52%, mean IoU of 75.44%,
and mean HD of 3.10mm. Compared to the second-best method (VNet [21]),
ours improves DSC by 0.6% (from 84.92% to 85.52%) and IoU by 0.8% (from
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Table 1. Comparison of different methods on thoracic organs and overall performance.
Overall denotes the average metric over six organs. All metrics are reported as mean
values across folds (DSC and IoU in %, HD in mm). Standard deviations are omitted
for brevity. The best results are highlighted in bold. * indicates statistical significance
between the best and second-best results (Wilcoxon signed-rank test, p < 0.05)

Method Lungs Heart Overall (6 organs)

DSC | IoU | HD | DSC | IoU | HD | DSC | IoU | HD
3D UNet[18] 84.92 | 74.47 | 4.93 | 84.60 | 74.05 | 5.72 | 83.15 | 72.16 | 5.76
VNet[21] 86.28 | 76.46 | 3.60 | 86.26 | 76.43 | 4.12 | 84.92 | 74.64 | 4.01

Att-UNet[19] 86.09 | 76.53 | 6.91 | 85.92 | 76.14 | 6.12 | 84.20 | 73.83 | 7.76
SegResNet[22] 86.11 | 76.19 | 4.15 | 86.33 | 76.54 | 4.54 | 84.65 | 74.30 | 4.86
SwinUNETR|20]| 83.70 | 72.98 | 6.87 | 84.57 | 73.85 | 7.14 | 82.59 | 71.48 | 6.86
Ours 87.25%|77.87"|2.78%(86.49"|76.797|2.91"|85.52%|75.44"|3.10"

Table 2. Comparison of Different Methods on Abdominal Organs. All metrics are
reported as mean values across folds (DSC and IoU in %, HD in mm). Standard de-
viations are omitted for brevity. The best results are highlighted in bold.* indicates
statistical significance between the best and second-best results (Wilcoxon signed-rank
test, p < 0.05)

Stomach Liver Left Kidney Right Kidney
Method DSC| IoU |HD| DSC | IoU | HD | DSC | IoU | HD | DSC | IoU | HD
3D UNet 87.60 | 78.57 [4.73| 84.86 | 74.41 | 5.71 | 79.91 | 67.62 | 5.77 | 77.01 | 63.86 | 6.99
VNet 89.53| 81.47 [1.57| 85.61 | 75.46 | 4.12 | 82.16 | 70.64 | 4.52 | 79.70 | 67.43 | 5.86
Att-UNet 88.24| 79.78 13.80| 85.13 | 75.09 | 6.12 | 81.24 | 69.57 |10.27| 78.56 | 65.90 |12.18
SegResNet [ 88.98| 80.70 |2.36| 85.54 | 75.43 | 4.53 | 81.29 | 69.72 | 6.08 | 79.67 | 67.22 | 6.03
SwinUNETR|88.29 | 79.68 |4.33| 83.55 | 72.58 | 7.15 | 78.60 | 66.03 | 9.01 | 76.84 | 63.79 | 7.79
Ours 87.87(81.54"|1.50|87.56"|78.36"|3.97"(82.80"|71.56"| 3.68 (81.13"|69.10"|4.00"

74.64% to 75.44%), while reducing HD by 22.7% (from 4.01 mm to 3.10 mm),
demonstrating superior region overlap and boundary accuracy. Notably, as shown
in Table 2, the liver, which is the organ most susceptible to pose variations due
to acoustic shadowing from the spine (Fig. 1), achieves the largest improve-
ment among abdominal organs, with DSC increasing by 1.95% (from 85.61%
to 87.56%), IoU by 2.9% (from 75.46% to 78.36%), and HD decreasing by 3%
(from 4.12mm to 3.97 mm), validating the effectiveness of our method in model-
ing pose-induced feature shifts. We further performed the Wilcoxon signed-rank
test between the best and second-best methods, and found that all improvements
were statistically significant (p < 0.05), except for the HD95 on the stomach and
left kidney.

Qualitative Comparison Fig. 3 presents a qualitative comparison of seg-
mentation results produced by different methods. Our model exhibits superior
robustness and modeling capacity. As shown in the first and second rows of
Fig. 3, competing methods struggle to distinguish between the left and right
kidney regions. Additionally, their segmentation of other organs exhibits subop-
timal smoothness and false positives. For particularly challenging cases, exempli-
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fied in the third row of Fig. 3, some methods generate substantial false positives,
severely degraded in segmentation. Our model, however, continues to produce
reliable segmentations under such difficult conditions.

98499596
@ § a & & a @

Lungs I stomach [l Liver [ Heart Left Kidney [l Right Kidney

Fig. 3. 3D visualization of segmentation results from different models.

3.3 Ablation Study

We performed ablation studies on PoseBridgeNet, with results summarized in
Table 3. All metrics are computed by first averaging over five folds for each organ
and then across all six organs. Using a 3D U-Net as the base model (DSC 83.15%,
IoU 72.16%, HD 5.76 mm), adding the Pose-Evolving Schrodinger Bridge (PSB)
improved DSC by 0.69%, IoU by 1.01%, and reduced HD by 1.27 mm by explicitly
modeling feature dynamics across poses to mitigate feature shifts. Adding only
the MoE decoder achieved increases of 2.27% in DSC, 3.18% in IoU, and a
reduction of 1.46 mm in HD, validating its ability to handle diverse multi-organ
morphologies under varying poses. Integrating both modules yielded the best
performance: DSC of 85.52%, IoU of 76.44%, and HD of 3.10 mm. This synergy
demonstrates that PSB generates rich pose-evolved feature representations while
MoE effectively leverages them for multi-organ segmentation, jointly enhancing
robustness on challenging fetal thoracoabdominal ultrasound data.

4 Conclusion

We propose PoseBridgeNet for mid-trimester fetal thoracoabdominal multi-organ
segmentation. To address feature shift caused by fetal pose variations, we in-
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Table 3. Ablation study on PoseBridgeNet. Results are reported as mean + standard
deviation. The best results are highlighted in bold.

Method DSC (%) IoU (%) HD (mm)

Base model 83.15+9.33 |72.16 £ 12.66| 5.76 £ 9.95
Base model + PSB 83.84 +9.29 [73.17 + 12.61|4.49 £6.71
Base model + MoE 85.42 +7.96 |75.34 + 11.38| 4.30 £ 7.39
Base model + PSB + MoE|85.52 + 4.59(75.44 + 7.74(3.10 4+ 3.68

troduce a Schrodinger bridge-based stochastic process in the bottleneck layer
that explicitly models feature evolution via a learnable SDE. A MoE decoder
integrates shared and specialized experts to fuse stochastic features for segmen-
tation. Experiments show our method outperforms existing approaches on the
DSC, IoU, and HD, demonstrating robustness to pose-induced shifts. Ablation
studies confirm the complementary effectiveness of both modules.
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