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ABSTRACT

Cross-modality domain adaptation (e.g., CT ↔ MR) in
medical image segmentation is hindered by both intensity
distribution shifts and structural discrepancies. Traditional
histogram matching partially addresses intensity gaps but
remains non-differentiable and static, limiting its integration
with deep learning. Moreover, structural misalignments re-
main unresolved. To overcome these challenges, we propose
a dual-alignment framework. First, we redesign histogram
matching as a differentiable, learnable module that employs
soft histogram and CDF matching with adaptive bin offsets
guided by style and structure features, enabling robust global
intensity alignment. Second, we introduce density map align-
ment to enforce local structural consistency by matching
feature-derived and label-derived density maps. This joint
global–local alignment effectively bridges both intensity and
structural gaps, yielding significant improvements in cross-
modality segmentation tasks.

Index Terms— Unsupervised domain adaptation, Medi-
cal Image, Image segmentation, Distribution alignment, Den-
sity map

1. INTRODUCTION

Medical imaging encompasses diverse modalities such as
MRI, CT, and X-rays, each offering complementary diag-
nostic value. Deep learning has greatly advanced medical
image segmentation, yet models trained on one modality
often fail on unseen modalities due to severe domain gaps.
This challenge is compounded by the scarcity of pixel-level
annotations, which are costly and require expert knowledge.
To mitigate these limitations, unsupervised domain adapta-
tion (UDA) has become a prominent solution, transferring
knowledge from a labeled source domain to an unlabeled
target domain. Most UDA methods rely on adversarial learn-
ing to align domains at either the image level [1] or feature
level [2, 3], with more recent works [4, 5] integrating both.

† These authors contributed equally to this work.

While effective, adversarial strategies are notoriously un-
stable and difficult to optimize, underscoring the need for
simpler yet more robust alternatives.

In cross-modality adaptation (e.g., CT ↔ MR), model
performance is often degraded by both intensity distribu-
tion gaps and structural discrepancies. Traditional histogram
matching offers a straightforward way to reduce intensity
differences, but its non-differentiable and non-learnable na-
ture limits its integration into deep learning frameworks.
Moreover, aligning pixel intensities alone is insufficient, as
anatomical structures themselves undergo substantial shifts
across modalities.

To address these challenges, we propose a dual-alignment
framework. At the global level, we redesign histogram match-
ing as a differentiable, learnable module (AdaHist) based on
soft histogram and CDF matching, where style and structure
features predict adaptive offsets for each bin. This enables
flexible and robust intensity alignment across domains while
preserving anatomy. At the local level, we introduce density
map alignment (MAP), which enforces structural consistency
by aligning feature-derived density maps with label-derived
ones, thereby ensuring that the learned representations are
coherent both statistically and anatomically. Through this
joint “global distribution alignment + local structure align-
ment,” our framework simultaneously narrows intensity and
structural gaps, significantly enhancing performance in cross-
modality UDA tasks such as CT ↔ MR segmentation. We
validate our proposed UDA method on cardiac dataset and ab-
dominal dataset, consistently demonstrating that our approach
outperforms state-of-the-art methods.

2. RELATED WORK

Unsupervised Domain Adaptation (UDA) enables models
trained on annotated data to generalize to unlabeled domains
and has been extensively explored in medical imaging. Early
studies leveraged generative translation, with CycleGAN-
based methods such as SASAN [1] and SIFA [4] performing
image- and feature-level alignments to synthesize target-style
representations. Contrastive learning emerged as an effective
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Fig. 1: An overview of the proposed unsupervised domain adaptation framework. This framework is devised to tackle the
fundamental aspects of consistency regularization in UDA: global distribution alignment and local structure alignment.

strategy for domain-invariant representation, as in MPSCL [6]
and SSC [7]. Category-level alignment methods [8] further
reduced semantic mismatches by aligning class prototypes.
More recently, probabilistic approaches such as PUTF [9] and
FSUDA [10] incorporated normalizing flows, optimal trans-
port, and frequency–spatial cues to enhance robustness. In
summary, UDA for medical imaging has evolved from gen-
erative models to contrastive and probabilistic frameworks,
progressively improving resilience to domain shifts.

3. METHODS

We address cross-modality domain adaptation for medical im-
age segmentation by jointly handling global intensity shifts
and local structural misalignments. As illustrated in Fig. 1,
our framework consists of two complementary components:
(1) an Adaptive Histogram Alignment module that performs
structure-aware global intensity alignment in a fully differen-
tiable manner, and (2) a Density Map Alignment module that
enforces local structural consistency at the feature level. To-
gether, these modules achieve coordinated global–local align-
ment, mitigating modality-induced appearance discrepancies
while preserving anatomical fidelity.

3.1. Adaptive Histogram Alignment Module (AdaHist)

To address modality-dependent intensity variations, we pro-
pose Adaptive Histogram Alignment (AdaHist), a differen-
tiable alternative to conventional histogram matching. Un-
like static mappings, AdaHist is fully learnable and seam-
lessly integrated into deep networks, enabling adaptive inten-
sity transfer while preserving anatomical structures. Its de-
sign is guided by two principles: (i) soft histogram and CDF
approximations for stable, GPU-parallelizable optimization,

and (ii) learnable bin offsets predicted from style and struc-
ture cues for domain-aware adaptation.
Soft histogram and CDF. Given a source image Xs and a
target image Xt normalized to [0, 1], we first construct soft
histograms by assigning each pixel to bins through Gaussian-
kernel weighting:

W (x, b) =
exp

(
− (x−cb)

2

2δ2

)
∑

b′ exp
(
− (x−cb′ )

2

2δ2

) , (1)

where cb is the center of the b-th bin and δ controls as-
signment smoothness. The histogram is then computed as the
normalized average of bin memberships, and followed by a
cumulative distribution function (CDF) over bins:

H(b) =
1

Ns

∑
x∈X

W (x, b), CDF (b) =
b∑

i=1

H(i), (2)

where Ns and Nt denote the number of pixels in the
source and target images, respectively.
Differentiable histogram mapping. To align source and tar-
get intensity distributions, we construct a soft bin-to-bin map-
ping using a differentiable soft-argmin formulation:

Map(b) =
∑
b′

Softmax(− |CDFs(b)− CDFt(b
′)|) · cb′ ,

(3)
where b and b′ index source and target bins, respectively. This
formulation provides a smooth approximation of histogram
matching and allows gradients to propagate end-to-end.
Adaptive offset prediction. While the soft mapping captures
global distribution shifts, it is sample-agnostic. To enable
adaptive alignment, we introduce learnable bin-wise offsets
∆b. These offsets are predicted by fusing two complementary
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cues: (i) style features Fstyle extracted from shallow target-
domain layers, encoding modality-specific intensity statistics,
and (ii) structure features Fstructure derived from deep source-
domain representations regularized by density maps, empha-
sizing anatomical consistency. This fusion yields domain-
aware adjustments to histogram bins, allowing the mapping
to adapt to varying modality gaps. The final adaptive map-
ping is given by:

Map′(b) = Map(b) + α ·∆b, (4)

where α controls the strength of the adaptive adjustment.
Output reconstruction. Each source pixel is remapped
using Map′, producing the aligned image Xs→t while pre-
serving the original spatial layout. The fully differentiable
pipeline ensures computational efficiency and structural in-
tegrity, making AdaHist suitable for cross-modality intensity
alignment within end-to-end training.

3.2. Density Map Alignment Module

Although global intensity alignment reduces modality dis-
crepancies, local feature misalignment often persists, partic-
ularly near anatomical boundaries. To address this issue, we
introduce a Density Map Alignment (DMA) module that ex-
plicitly regularizes local structural organization by comparing
feature neighborhoods with label-derived structural priors.
Dilated neighborhood construction. Given a feature map
F ∈ RB×C×H×W , we construct for each pixel a dilated
neighborhood controlled by a dilation factor d. Specifically,
we unfold F into local windows of size (2d+ 1)× (2d+ 1)
and retain only the boundary elements to reduce redundancy:

Nd(fc) = {fi,j | (i, j) ∈ ∂Ωd}, (5)

where fc denotes the central feature vector and ∂Ωd the
boundary of the dilated window. This design emphasizes
boundary-sensitive geometry while capturing multi-scale
context.
Feature density computation. For each pixel, we compute
cosine similarity between the central feature fc and its neigh-
bors fn ∈ Nd(fc). The feature density is defined as the aver-
age cosine distance:

Dfeat(i, j) =
1

|Nd|
∑

fn∈Nd(fc)

(1− sim(fc, fn)) . (6)

The resulting density map highlights regions of structural
inconsistency, with higher values typically corresponding to
boundaries or class transitions.
Alignment with label-derived density. Using the same pro-
cedure, we construct a label-derived density map Dlabel from
ground-truth segmentation masks, which naturally encode
anatomical consistency. We enforce structural alignment by
minimizing the ℓ1 distance between feature and label densi-
ties:

Ldensity = ∥Dfeat −Dlabel∥1 . (7)

This objective encourages intra-class compactness and inter-
class separability in feature space.

3.3. Training Strategy

We adopt a mean teacher framework to exploit labeled source
data and unlabeled target data. The student network is opti-
mized using three losses: (i) a supervised segmentation loss
Lsup on labeled source samples, (ii) an unsupervised consis-
tency loss Lunsup on target samples, where CutMix augmen-
tation enforces prediction consistency under local perturba-
tions, and (iii) a density alignment loss Ldensity that regular-
izes structural consistency. The overall objective is:

Ltotal = Lsup + λuLunsup + λdLdensity, (8)

where λu and λd balance the contributions of unsupervised
and structural alignment terms. This joint optimization en-
ables effective cross-modality adaptation by combining re-
liable source supervision with structure-aware target align-
ment.

4. EXPERIMENTS

Datasets. MM-WHS Dataset: The MM-WHS 2017 bench-
mark [11] provides 20 CT and 20 MRI scans with annotations
for four cardiac structures (AA, LAC, LVC, MYO). Follow-
ing SIFA [4], we use the released preprocessed data and con-
struct two transfer tasks: CT→MR and MR→CT. Abdominal
Multi-Organ Dataset: We adopt 30 CT scans from [12] and
20 MRI scans from the CHAOS challenge [13], with labels
for the liver, spleen, and both kidneys. Similar to MM-WHS,
we use the preprocessed version from SIFA [4] and design
CT→MR and MR→CT transfer tasks.
Implementation Details. AdaHist extracts style features
from the second backbone stage via channel-wise global av-
erage pooling and structure features from density-regularized
source representations refined by two 3 × 3 Conv+ReLU
layers. Their concatenation is mapped by a single-layer MLP
with Tanh to predict bin-wise offsets. Unless specified oth-
erwise, we use 256 histogram bins, α = 0.02, and d = 1,
with λu = λd = 0.1. Training is stable, and ablations show
consistent performance degradation when removing AdaHist
or DMA without optimization instability.
Comparison with State-of-the-Art Methods. We evaluate
our framework against a wide range of representative domain
adaptation methods, as summarized in Table 1. For refer-
ence bounds, we also report (i) direct transfer without adapta-
tion (w/o adaptation) as the lower bound and (ii) fully super-
vised training on the target domain as the upper bound. Com-
pared with state-of-the-art domain adaptation methods, our
approach achieves the best overall Dice scores on both Ab-
domen MRI→CT and Cardiac CT→MRI tasks. In particular,
we surpass the previous best FSUDA by a clear margin, with
notable gains on the liver and spleen in the abdomen task,
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as well as consistent improvements across all cardiac struc-
tures. These results highlight the effectiveness of our frame-
work in enhancing cross-domain generalization, especially in
challenging organ boundaries.

Table 1: Performance of different domain adaptation algo-
rithms. † represents our reproduced results.

Method Dice ↑
Liver R.kidney L.kidney Spleen Average

A
bd

om
en

M
R

I→
C

T

Supervised training 92.14 88.06 87.91 89.07 89.30
w/o adaptation 75.13 41.39 55.33 55.62 56.87
AdvEnt† [14] 83.07 82.95 81.51 82.70 82.56
SIFA† [4] 85.08 82.53 84.34 83.55 83.88
DACS† [15] 88.65 74.90 70.19 71.86 76.40
SSC [7] 88.50 83.30 82.00 83.10 84.20
MPSCL† [6] 88.85 82.41 83.82 83.18 84.57
PUFT [9] 89.70 84.90 87.60 86.30 87.30
FSUDA [10] 89.80 85.40 87.90 88.40 87.80
Ours 91.51 86.77 85.36 91.07 88.68

Method AA LAC LVC MYO Average

C
ar

di
ac

C
T
→

M
R

I

Supervised training 83.57 86.32 91.66 80.54 85.52
w/o adaptation 5.69 12.36 39.94 9.64 16.91
AdvEnt† [14] 54.37 63.49 76.67 41.48 59.00
SIFA† [4] 65.29 62.27 78.90 47.27 63.43
DACS† [15] 60.64 38.05 78.09 66.46 60.81
SE ASA [8] 68.30 74.60 81.00 55.90 69.90
MPSCL† [6] 63.93 75.07 76.58 50.34 66.48
PUFT [9] 69.30 77.40 83.00 63.60 73.30
FSUDA [10] 72.50 78.60 82.60 68.40 75.50
Ours 81.36 79.44 90.30 74.55 81.41

Image w/o adaptation SIFA MPSCL Ours SupervisedGround truth

Fig. 2: Visual comparison of segmentation results produced
by different methods for the cardiac dataset(the first row) and
the abdominal multi-organ dataset(the second row).

Ablation Studies. As shown in Table 2, introducing either
AdaHist or DMA individually improves performance over the
baseline, while combining both yields the best results with a
clear gain in mDice (+4.9) and a reduced mASD. This con-
firms the complementary benefits of global intensity align-
ment and local structural consistency in our framework.

Table 2: Ablation study on the effectiveness of various com-
ponents on Cardiac datasets. (Cardiac MRI → CT)

CutMix AdaHist DMA mDice (↑) mASD (↓)

✓ 84.21 4.96
✓ ✓ 88.15 ↑ 3.94 3.03 ↓ 1.93
✓ ✓ 86.57 ↑ 2.36 3.38 ↓ 1.58
✓ ✓ ✓ 89.07 ↑ 4.86 2.59 ↓ 2.37

We benchmark our learnable histogram transfer against

Style Randomization, FDA, CycleGAN, and traditional his-
togram matching. Unlike these static methods, our approach
adaptively adjusts bin offsets using domain-specific features,
yielding superior results. UMAP visualizations further con-
firm its effectiveness, showing well-mixed CT and MR clus-
ters after adaptation.

Table 3: Effectiveness of various style transfer methods.
“learnable” indicates whether it is learnable.

Method learnable mDice (↑) mASD (↓)

None - 84.21 4.96
CycleGAN [16] ✓ 86.03 ↑ 1.82 3.85 ↓ 1.11

FDA [17] - 86.57 ↑ 2.36 3.38 ↓ 1.58
Style Randomization - 86.13 ↑ 1.92 3.97 ↓ 0.99

Match Histograms - 86.67 ↑ 2.46 3.51 ↓ 1.45
AdaHist ✓ 88.15 ↑ 3.94 3.03 ↓ 1.93

Fig. 3: UMAP visualization of image distributions for MR
and CT images. Left: original distribution. Right: Aligned
distribution.

We also visualize the effect of the DMA module, show-
ing that it produces more compact and well-separated feature
clusters, highlighting its role in enforcing structural consis-
tency.

Fig. 4: Visual Comparison of DMA Modules.

5. CONCLUSION

We proposed a dual-alignment framework for cross-modality
medical image segmentation that addresses both global inten-
sity shifts and local structural discrepancies. Through dif-
ferentiable, structure-aware histogram alignment and density-
based structural regularization, the framework provides an ef-
fective yet lightweight solution for cross-modality segmenta-
tion where intensity gaps dominate.
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