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Abstract—Robust medical image segmentation across imag-
ing modalities is challenging because of large differences in
appearance and intensity distributions. Models trained on a
single modality often show substantial performance drops when
applied to unseen domains. In this work, we develop a unified
3D pancreas segmentation framework that applies domain-
adversarial learning to 4,604 heterogeneous CT and MRI scans
to learn anatomical representations. A shared nnU-Net encoder-
decoder is trained for whole-pancreas segmentation, with a latent
domain discriminator encouraging CT-MRI feature alignment.
The learned encoder is subsequently transferred to pancreatic
head-body-tail segmentation using limited MRI-only subregion
annotations. An average Dice score of 87.31% on the in-
distribution test set and Dice scores ranging from 84.20%
to 88.09% across external OOD datasets were achieved in
whole pancreas segmentation. Dice scores of 80.53% on MRI
and 83.05% on CT were achieved for downstream subregion
segmentation, without using CT subregion annotations. These
results demonstrate that a unified anatomical representation can
support both cross-modality pancreas segmentation and label-
efficient downstream transfer.

Keywords—Pancreas segmentation, Domain Adversarial Net-
work, Domain Adaptation, Medical Image Analysis

I. INTRODUCTION

Accurate pancreas segmentation is essential for many clin-
ical and research applications, including disease diagnosis,
surgical planning, and downstream analysis [1], [2]. However,
this task remains challenging due to large anatomical variabil-
ity, irregular organ shape, and low contrast with surrounding
tissues. These difficulties are further amplified across imaging
modalities such as CT and MRI, where appearance and
intensity distributions differ substantially.

In clinical practice, abdominal imaging is routinely acquired
using multiple modalities and MRI sequences (T1-weighted
(T1W), T2-weighted (T2W), and out-of-phase (OOP)). Train-
ing separate models for each modality is inefficient and often
infeasible due to limited annotations. Although a unified multi-
modal model is desirable, directly combining CT and MRI
data typically leads to performance degradation caused by
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strong modality-induced domain shifts, resulting in models
that rely on modality-specific appearance cues rather than
stable anatomical representations.

To address this challenge, learning modality-invariant
anatomical features is critical for robust cross-modality pan-
creas segmentation and for downstream tasks such as pan-
creas subregion segmentation or following analysis [3]. While
domain adversarial learning has been explored for cross-
modality segmentation, its effectiveness in learning general-
izable representations under limited-data or single-modality
supervision remains insufficiently studied. Our contributions
are summarized as follows:

« We develop a unified CT-MRI pancreas segmentation
framework that uses domain-adversarial learning to learn
modality-invariant pancreatic representations, enabling a
single model to segment the pancreas across multiple
imaging modalities.

« We demonstrate that the learned representations are trans-
ferable to downstream tasks, allowing limited annotations
from a single modality to support cross-modality down-
stream segmentation.

« Specifically, we achieve pancreatic head—body—tail seg-
mentation on CT without using any CT subregion annota-
tions during downstream training, addressing a clinically
relevant setting in which fine-grained anatomical labels
are unavailable in the target modality.

Code and weights will be provided upon acceptance.

II. RELATED WORK
A. Domain Adversarial Learning

Domain adversarial learning has been widely studied to
mitigate domain shift by encouraging domain-invariant feature
representations. A seminal work in this area is the Domain-
Adversarial Neural Network [4]-[6], which introduces a gra-
dient reversal layer to align feature distributions between
source and target domains through adversarial training. This
framework has inspired many extensions in both computer
vision and medical image analysis.


https://arxiv.org/abs/2609.13043v1

@andard Training Workflow

\

Segmentation Loss
(Dice Loss)

/Organ Subregion Segmentation\

Single modality finetuning
. TIW
Modallty{ T2W

Pancreatic head
Mask{ Pancreatic body

Pancreatic tail

Modality-Invariant
Representation Learning

‘ Discriminator —>‘

Domain Label
CT:1 MRI:0

Domain Loss
(Cross Entropy)

T |
Reversed A/
Gradient

GRL

< -

——> Forward
= =» Backward
—> Forward (domain supervised branch)

— — » Backward (domain supervised branch)
"""" > B d (reversed gradient)

=3 = 5 | Decoder| — f’

DQ Segmentation Backbone
l:l Gradient Reversal Layer (GRL)
D Domain Discriminator

Segmentation Loss
(Dice Loss)

Downstream Task
(Transfer Learning)

Fig. 1: Modality-invariant representation learning. Mixed CT and MRI images are input to a shared encoder-decoder. Latent
features pass through a GRL into a domain discriminator for modality prediction, enforcing modality-invariant representations.
The decoder is trained with standard segmentation loss, and the learned encoder is transferred to pancreas subregion

segmentation under limited-data or single-modality fine-tuning.

In medical imaging, domain adversarial learning has been
widely adopted to address variations introduced by different
imaging protocols, scanners, and acquisition modalities. Kam-
nitsas et al. [7] employed adversarial training for unsupervised
domain adaptation in brain lesion segmentation, achieving
improved generalization across datasets. Beyond cross-dataset
settings, adversarial learning has also been extended to cross-
modality scenarios, where aligning latent feature representa-
tions between CT and MRI has been shown to effectively
reduce modality discrepancies in organ segmentation [8], [9].

B. Pancreas Segmentation

Automatic pancreas segmentation has long been recognized
as a challenging task due to the organ’s large anatomical
variability, low contrast, and irregular shape. Early methods
relied on multi-atlas registration and handcrafted features [2],
but were later surpassed by deep learning-based approaches.

With the success of convolutional neural networks, archi-
tectures such as U-Net [10] and its variants have become
the mainstream for organ segmentation [11], [12]. nnU-Net
later provided a standardized and robust framework that adapts
network configurations to specific datasets, achieving strong
performance across a wide range of medical segmentation
tasks [13].

Despite these advances, most pancreas segmentation meth-
ods are still designed for CT. Pancreas segmentation in
MRI remains relatively underexplored, largely due to the
limited availability of annotated datasets and substantial ap-
pearance differences across TIW and T2W sequences. Re-
cently, PaNSegNet [3], [14] demonstrated state-of-the-art per-
formance using large-scale MRI data, pushing this challenge

to the next level: learning representations that are robust and
transferable across imaging modalities, which has not been
fully addressed.

III. METHODOLOGY
A. Problem Statement

Let {X, Y} be a multi-modal pancreas segmentation dataset
containing N images. For the i-th sample, x; € X denotes
the input image, y; € Y represents the ground-truth seg-
mentation mask, and d; € {0,1} indicates the modality label
(MRI: 0; CT: 1). The standard segmentation network, such
as nnUNet [13], contains an encoder £ and a decoder D.
It generates a segmentation prediction for the given image:
¥i = D(E(x;)). The primary segmentation objective is to
minimize a joint loss function comprising the Dice loss and
Cross-Entropy (CE) loss between the segmentation prediction
and the ground-truth segmentation mask to capture both global
overlap and voxel-wise accuracy:

N-1
Lseg = Y (Loice(¥i:¥:) + Loa(Fiyi) . (D
=0

While effective for a single modality, the significant domain
shift between MRI and CT often degrades the generalizability
of the model to unseen distributions.

B. Modality-Invariant Representation Learning

To mitigate domain shift, we adopt a modality-invariant
representation learning strategy based on the standard domain-
adversarial neural network (DANN) [4], introducing a domain



discriminator C as illustrated in Fig. 1. The domain discrimina-
tor C provides an adversarial supervisory signal to the encoder
&, effectively penalizing the extraction of modality-specific
features. By competing against the discriminator, the encoder
is encouraged to map both CT and MRI inputs into a latent
space where anatomical representations are domain-invariant
and robust across modalities.

1) Domain Discriminator and Joint Optimization: The do-
main discriminator is trained by minimizing the cross-entropy
loss:

N-1
Edomain = Z ECE (C(g(xl))a dz) . (2)
=0

This component aims to identify the imaging modality of the
input based on the latent features produced by the encoder. By
minimizing this loss, the discriminator can distinguish between
MRI and CT distributions. To stabilize domain adversarial
training, we follow [4] to insert a gradient reversal layer
(GRL) R between the segmentation encoder and the domain
discriminator. The GRL acts as an identity transformation
during the forward pass but reverses the gradient during
backpropagation:

dR
dx
where I is the identity matrix. This reversal forces the encoder
to suppress domain-specific information, thereby learning fea-

tures that are indistinguishable across modalities. The total
objective function is formulated as:

L:total = (]- - )\)‘Cseg + )\cdomain7 (4)

R(X) =X, _I7 (3)

where A € [0,1] is a hyperparameter scaling the influence of
the adversarial signal. To ensure the encoder learns meaningful
anatomical features and to maintain training stability, we
utilize a warm-up strategy: A is initialized at 0 and gradually
increased to a maximum of 0.5 as training progresses.

2) Pancreas Subregion Segmentation: With preserving
modality-invariant representation, the encoder is subsequently
reused for the downstream pancreas subregion segmentation
task. Given that subregion annotations are available only for
a limited subset of data, the encoder is frozen and transferred
as a shared feature extractor, while a task-specific decoder
is trained using single-modality subregion labels. This de-
sign allows the model to benefit from the modality-invariant
anatomical representations learned from the upstream pancreas
segmentation task. With a robust encoder, the downstream
decoder can therefore be adapted using limited subregion
annotations from a single modality.

IV. EXPERIMENTS
A. Tasks and Datasets

We define two pancreatic segmentation tasks to evaluate the
efficacy of our framework:
Whole Pancreas Segmentation (Primary): The primary
objective is the binary segmentation of the entire pancreatic
volume across CT and MRI modalities. This task is used to

TABLE I. Dataset distribution. ID and OOD denote in-
distribution and out-of-distribution, respectively.

| Dataset Modality Scans
Cyst-X [15], [16] MRI 1461
D Private MRI 1888
AbdomenCT-1K [17] CT 1000
Peri-Pancreatic Edema [18] CT 255
AMOS [19] MRI 60
U-Mamba [20] MRI 50
OOD | Amo0s [19] CT 300
BTCV [21] CT 30

train the domain-invariant encoder and is evaluated on both
in-distribution (ID) test sets and out-of-distribution (OOD)
datasets to assess cross-center and cross-modality robustness.
Anatomical Subregion Segmentation (Downstream): To
assess the representational quality of the learned features,
we perform a fine-grained segmentation task. This involves
partitioning the organ into three anatomical subregions: the
head, body, and tail. This task follows a transfer learning
protocol where the domain-invariant encoder is frozen, and
a task-specific decoder is trained to delineate these complex
structures. Only the training and validation subset from the
Cyst-X dataset [15], [16] is utilized in the fine-tuning. Sub-
region segmentation of MRI and CT will be evaluated on
the Cyst-X test subset and CT images from AMOS [19] and
BTCV [21].

As summarized in Table I, this study utilizes a large-scale
collection of pancreas abdominal scans organized into two
primary categories:

In-Distribution (ID) Training and Testing: This cohort
comprises 4,604 scans across MRI (Cyst-X [15], [16] and
a private MRI dataset) and CT (AbdomenCT-1K [17] and
Peri-Pancreatic Edema [18]) modalities. The ID dataset was
partitioned into training, validation, and test sets using an 8:1:1
ratio. Among these, only the Cyst-X dataset provides ground-
truth masks for both the whole pancreas and its subregions
(head, body, and tail).

Out-of-Distribution (OOD) Evaluation: To assess general-
ization under distribution shifts, we evaluated the framework
on three external datasets: AMOS [19], BTCV [21], and U-
Mamba [20]. Because these datasets lacked subregion annota-
tions, an expert radiologist manually segmented the pancreatic
head, body, and tail for a subset of the OOD CT data (7 scan
from AMOS and 10 scans from BTCV) to facilitate a rigorous
performance validation on the CT modality.

B. Implementation Details

Experiments were implemented with a standard nnU-Net
backbone [13] and executed on a server with 8 NVIDIA
A6000 GPUs. The standard nnU-Net preprocessing pipeline
was adopted, with all CT and MRI images and corresponding
annotations resampled to the median training-set spacing along
each spatial axis. Image intensities were normalized using
z-score normalization. The network was trained using 3D
patches of 80 160x 192 voxels, and sliding-window inference



was used to make whole-volume predictions. The segmenta-
tion network and discriminator were jointly optimized using
the Adam optimizer [22] with an initial learning rate of 0.001.
For downstream applications, the domain-invariant encoder is
frozen, and the task-specific segmentation decoder is trained
independently. We adopted a multi-stage training strategy to
balance segmentation accuracy with domain invariance:
Stage I Warm-up: The network was trained on combined
CT and MRI data for 2,000 epochs using only the segmen-
tation loss Ly to stabilize the model’s capture of complex
pancreatic anatomy before introducing adversarial training.
Stage II Adversarial Alignment: Training continued for
1,000 epochs with the domain discriminator integrated. Do-
main supervision was applied at the modality level (CT
vs. MRI) rather than differentiating between specific MRI
sequences. This design is supported by the shared underlying
physics of MR imaging and our preliminary t-SNE visualiza-
tion (Fig. 3), which reveals latent feature distributions across
MRI sequences are relatively congruent, while the divergence
between CT and MRI remains the main source of domain shift.

C. Experimental Results

1) Whole Pancreas Segmentation: Fig. 2 shows the whole
pancreas segmentation and pancreas subregion segmentation
results visualized in 3D Slicer. Table II summarizes the perfor-
mance of the proposed model on the in-distribution (ID) test
set and multiple out-of-distribution (OOD) datasets. On the
ID test set, our framework demonstrates robust and consistent
performance across modalities, achieving an overall average
Dice score of 87.31%. Within the MRI sub-modalities, T2W
images yield superior boundary accuracy, characterized by the
lowest distance-based errors (HD95: 2.923 mm, ASSD: 0.537
mm), indicating highly precise contour delineation. The OOP
MRI subset achieves the highest overlap metrics, with a Dice
score of 89.76% and an IoU of 82.67%. Performance on CT
images remains comparable (Dice: 87.53%), confirming the
efficacy of our cross-modality feature alignment.

The model exhibits stable generalization on OOD datasets
without the need for additional fine-tuning. Dice scores consis-
tently exceed 84% across all external benchmarks, highlighting
strong robustness to distribution shifts. Specifically, the model
achieves Dice scores of 84.20% on AMOS (CT) and 84.58%
on BTCV (CT). Performance on MRI-based OOD datasets is
notably high, reaching 86.87% on AMOS (MRI) and 88.09%
on the U-Mamba dataset. These results may suggest that the
domain-invariant representations generalize effectively across
varied scanner protocols and imaging centers.

2) Pancreas Subregion Segmentation: The results for the
downstream subregion segmentation task are detailed in Ta-
ble III. The transferred encoder achieves an average Dice of
80.53% on MRI and 83.05% on CT. This result is notable
because no CT subregion annotations were used during down-
stream training

Consistent with anatomical challenges, the pancreatic head
demonstrates the highest segmentation accuracy (e.g., 85.19%
in MRI), while the tail remains the most difficult region to

TABLE II: Pancreas segmentation performance on 10% test
set and out-of-distribution dataset.

Dataset Dice(%) HD95 ASSD IoU(%)
Overall 8731 5.229 0940 78.42
Test TIW 8559 5432 0966 75.88
T2W 88.27 2923 0.537 80.06
OOP 89.76  8.469 0.827 82.67
CT 8753 6.176 1312 78.33
AMOS(CT) 8420 7.928 0.854 74.29
00D AMOS(MRI) 86.87 3.436 0.778 71.79
BTCV(CT) 84.58 3901 0.652 73.64
U-Mamba(MRI) 88.09 5.814 0992 79.34

TABLE III: Segmentation performance of pancreatic anatom-
ical subregions on MRI and CT test sets.

Modality Subregion Dice(%) HD95 ASSD IoU(%)
Avg 80.53 4.878 1.014 68.97
MRI Head 85.19 3.402 0576 74.87
Body 80.23 5289 0.769 67.84
Tail 76.18 5944 1.698 64.22
Avg 83.05 4290 0.649 71.33
cT Head 8229 4901 0.746 70.14
Body 8326 4.613 0.464 71.59
Tail 83.61 3.355 0.737 72.25

delineate (e.g., 76.18% in MRI) due to its smaller volume
and high anatomical variability. However, the remarkably low
distance-based errors on CT (Average HD95: 4.290 mm)
suggest that the learned representations capture stable anatom-
ical structures that translate well to fine-grained segmentation
tasks.

3) Ablation study of partial single-modality fine-tuning:
Fig. 4 presents the ablation study evaluating the effect of
domain adversarial training under partial single-modality fine-
tuning. The segmentation model is fine-tuned using varying
proportions (10%, 50%, and 100%) of MRI data from either
TIW or T2W sequences, and evaluated on both MRI and
CT test sets. On the MRI test set, the model with domain-
adversarial pretraining outperformed or matched the baseline
across all fine-tuning settings, with the largest numerical
improvement observed after fine-tuning on 100% of the TIW
data. On the CT test set, the gains were most evident with
10% and 50% of the T2W data, whereas several TI1W and
full-data T2W settings showed only small differences. Overall,
these results suggest that the benefit of modality-invariant
pretraining depends on both the MRI sequence and the amount
of downstream supervision.

D. Discussion

To further examine the impact of joint optimization, we
visualize bottleneck features using t-SNE (Fig. 3). Without
domain adversarial training, CT and MRI features form clearly
separated clusters, indicating a strong modality-induced do-
main shift. In contrast, features from different MRI sequences
largely overlap, suggesting smaller intra-MRI variability. Af-
ter introducing the domain discriminator, modality-specific
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clustering becomes less pronounced, indicating that modality-
dependent cues are suppressed in the latent space. Although t-

SNE is qualitative, these observations align with the improved
robustness and cross-modality transfer observed in the quan-
titative results.

These findings should be interpreted within the scope of the
study. First, the framework focuses on modality-level align-
ment (CT vs MRI) because experiments and feature analysis
show this to be the dominant source of distribution shift, while
finer-grained factors such as scanner or protocol variation are
left for future work. Second, the subregion experiment in-
tentionally reflects realistic annotation constraints, where part
labels are available only in MRI; evaluating CT without CT
subregion labels therefore directly tests cross-modality trans-
fer under limited supervision. Third, the adversarial training
schedule is empirically designed to ensure stable optimization
in this multi-stage setting. Finally, the study is centered on
pancreas segmentation, and extending the framework to other
organs and tasks remains future work.

V. CONCLUSION

In this study, we developed a unified pancreas segmen-
tation framework that uses domain-adversarial learning to
learn modality-invariant anatomical representations, enabling
a single model to segment the pancreas across CT and
MRI. Evaluation on 4,604 multi-center scans and multiple
external OOD datasets demonstrated robust cross-modality
performance and generalization. The learned representations
also transferred effectively to downstream pancreas subregion
segmentation using limited annotations from a single modality.
In particular, the model achieved pancreatic head—body-tail
segmentation on CT without using CT subregion annotations
during downstream training, supporting a practical solution to
fine-grained label scarcity across imaging modalities.
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