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ABSTRACT

Growing demands for clinical data privacy and storage constraints have spurred
advances in Source Free Unsupervised Domain Adaptation (SFUDA). SFUDA ad-
dresses the domain shift by adapting models from the source domain to the unseen
target domain without accessing source data, even when target-domain labels are
unavailable. However, SFUDA faces significant challenges: the absence of source
domain data and label supervision in the target domain due to source free and un-
supervised settings. To address these issues, we propose HEAL, a novel SFUDA
framework that integrates Hierarchical denoising, Edge-guided selection, size-
Aware fusion, and Learning-free characteristic. Large-scale cross-modality ex-
periments demonstrate that our method outperforms existing SFUDA approaches,
achieving state-of-the-art (SOTA) performance. The source code is publicly avail-
able at: https://anonymous.4open.science/r/HEAL-10CS5.

1 INTRODUCTION

Medical image segmentation is crucial in diagnosis, treatment planning, and disease progression
monitoring. Deep learning methods have shown remarkable success in this field Havaei et al.
(2017)Isensee et al. (2021)He et al. (2025). However, these methods typically require large labeled
datasets for training, which are often difficult and expensive to acquire due to the need for expert an-
notation. Furthermore, data collected from different institutions using various imaging modalities or
acquired from different devices can exhibit a significant domain shift, which significantly degrades
the cross-modality generalization capability of models Sandfort et al. (2019)Wachinger et al. (2018).

In response to the increasing challenges of domain shift, unsupervised domain adaptation (UDA)
has emerged as a crucial research direction. UDA strategically utilizes labeled data from the source
domain to enable model adaptation in the completely unlabeled target domain Oza et al. (2023).
However, these methods require access to sensitive source domain data, which may raise privacy
concerns or make collaboration between institutions difficult due to data sharing restrictions Abadi
et al. (2016)Yang et al. (2019). Therefore, source free unsupervised domain adaptation (SFUDA)
has emerged as a promising paradigm in which a pre-trained source model is adapted to unlabeled
target domains without accessing data from the source domain Tian & Zhao (2024). The source
free and unsupervised settings are particularly appealing in medical image analysis, where data
privacy is paramount. However, SFUDA presents significant challenges due to the inaccessibility
of source domain data and the absence of guidance in target domain adaptation. Several SFUDA
approaches focus on generating pseudo-labels in the target domain and using them for self-training
Dai et al. (2020); Zou et al. (2018). Other approaches leverage generative models to generate source-
like data for domain gap mitigation Litrico et al. (2023), where diffusion models Ho et al. (2020)
are promising in this paradigm Zeng et al. (2024). However, existing SFUDA methods often involve
self-training or fine-tuning the pre-trained model on the target domain, which can still raise concerns
about computational cost and potential privacy leakage.

In this work, we propose a novel SFUDA framework (HEAL) for cross-modality medical image seg-
mentation. HEAL incorporates Hierarchical denoising (HD), Edge-guided selection (EGS), size-
Aware fusion (SAF), and Learning-free characteristic.
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Figure 1: An overview of HEAL, illustrating its key components: hierarchical denoising, edge-guided selec-
tion, and size-aware fusion.

A key distinguishing feature of HEAL is the "learning-free” characteristic, which sets it apart from
conventional SFUDA methods. In HEAL, the model is exclusively pre-trained on the source domain,
and no further training, fine-tuning, or parameter updates are performed during domain adaptation
to the target domain. Instead, the entire adaptation process is conducted purely through inference.
This stands in stark contrast to many existing SFUDA approaches, which typically involve a target-
domain learning phase, such as self-training with pseudo-labelsDai et al. (2020); Zou et al. (2018),
iterative optimization to reduce domain shift, or training auxiliary networks to bridge domain gaps.
By eliminating the need for such training, HEAL not only enhances computational efficiency and
simplifies deployment but also preserves the integrity of the pre-trained source model and reduces
the risks associated with learning from noisy or limited target data. The contributions of our study
are summarized as follows:

1. We introduce HEAL, a novel SFUDA framework for cross-modality medical image seg-
mentation. HEAL can achieve effective domain adaptation without requiring further train-
ing or parameter updates to the pre-trained model, which inherently ensures superior data
privacy and exceptional computational efficiency.

2. We propose hierarchical denoising that refines pseudo-labels by sequentially leveraging
entropy uncertainty and Normal-Inverse Gaussian (NIG) uncertainty, effectively mitigating
error accumulation in the pseudo-labels.

3. We introduce edge-guided selection to identify the most reliable samples generated by the
diffusion model. By leveraging the inherent stochasticity of the diffusion model, multiple
candidate images are synthesized, and the one with the highest structural consistency metric
is selected as the most trustworthy.

4. We develop size-aware fusion that dynamically integrates pseudo-labels based on the size
of the segmentation targets. This approach stabilizes the overall segmentation structure
while enhancing the performance of small targets.

2 METHOD

Figure 1 shows the overview architecture of HEAL. First, during the pre-training stage, we train a
segmentation model Mg and a diffusion model using source domain data { Xg, Ys}, where Xg are
the source domain data and Yg are the label. Then, the segmentation model Mg is employed to
generate initial pseudo-labels Y7 from the target domain data X7. To mitigate error accumulation
in pseudo-labels, we introduce HD to refine pseudo-labels utilizing entropy and NIG uncertainty
maps. Subsequently, EGS is used to select the most reliable source-like sample /5 by measuring
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the structural consistency. Finally, we design SAF to dynamically fuse the segmentations of EGS-
selected samples Mg (Ip) and the HD-refined pseudo labels Y7/

2.1 HIERARCHICAL DENOISING
2.1.1 ENTROPY DENOISING:

Given pseudo-labels Yr = Mg(Xr), we first compute voxel-wise entropy from the probability
distribution of the initial pseudo-labels Y. Voxel-wise entropy is assigned to each class in each
voxel as a measure of uncertainty, and higher entropy values indicate greater uncertainty. The voxel-
wise entropy is used to guide the refinement of coarse error regions by filtering out voxels with high
uncertainty. For a given voxel v and a set of C' classes, let P(v|c) denote the predicted probability
of pseudo-label that voxel v belongs to class c¢. The entropy H (v) of the voxel v is computed as:

c
H(v) == P(cv) - log, (P(clv)) (1)

For each voxel v in the target domain, the entropy-refined pseudo-labels Y="""°"Y can be calculated:

Yr(v), if Hv) <7

0, if H(v) > 7 @

Y;ntropy(v) =Yr(v) Ta@wy<n = {

Where It ondition) 18 the indicator function, and 71 is the entropy threshold.

2.1.2 NORMAL-INVERSE GAUSSIAN VARIANCE DENOISING:

To further mitigate fine-grained pseudo-label errors, we introduce NIG denoising. Specifically, we
model the class probability p of each voxel in Y7 as a Gaussian distribution N (1, 02), where the
mean p and variance o2 are governed by a NIG prior. This prior is derived from the entropy-refined
pseudo-labels Y="""?Y. The class probability p can be calculated:

BrVw 1\ 28 + w(y — p)?
p(u,oﬂa,mw:W(az) exp{‘zgz}

Where T'(+) is the gamma function and the NIG parameters v, w, o, 3 are calculated from Y;”t"(’p Y,

Specifically, ~y is directly governed by Y="""°  which anchors the distribution center to high-
Y;ntropy'

3)

confidence regions. In contrast, « is modulated by the discrepancy between Y7 and
Meanwhile, w and 8 are dynamically tuned based on the regional entropy E(v), ensuring finer
adjustments in regions of higher uncertainty. The NIG parameters can be calculated as follows:

1
mE) +n2

Where x,(1,71 > 0 and €, (2,79 are small positive offsets. Here, we clarify that F(v) is dis-
tinct from the voxel-wise entropy H (v) used in the previous entropy denoising stage. While H (v)
quantifies uncertainty at the individual voxel level, E(v) captures regional uncertainty by averaging
entropy values within a local 3 x 3 voxel neighborhood around v.

a=r-|Yr =Y + e, B=C((1— E@)+ G,w= )

After we approximate the NIG distribution, the NIG uncertainty is quantified through the variance
of NIG distribution to generate a binary mask for refining the Y. The HD-refined pseudo-label Y
can be obtained by:

Var(NIG) = m Y7 (v) = Yo (v) - Ivarmic)<ra} 5)

2.2 EDGE-GUIDED SELECTION

Due to the inherent stochasticity of diffusion models, the quality of generated samples can vary
significantly Song & Ermon (2020). Therefore, selecting high-fidelity samples is crucial to ensure
effective segmentation by the source pre-trained model Ho & Salimans (2022). To address this issue,
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we introduce EGS to select the most reliable generated sample based on the structural consistency
metric S;. First, we use the pre-trained diffusion model to generate n samples conditioned on Y.
Then, we apply n sets of Canny edge detectors, where each set consists of two independent detectors:
one for processing the generated sample I; (where i = 1,2, ..., n) and the other for the corresponding
diffusion model conditions Y7:

HEn, By} AEL, By}, ., {EL,, By } = Canny ({11, I, ..., In}, Y7) (6)

Where E7, represents the edge map of the iz, generated image [;. Evy: represents the edge map of
the corresponding diffusion model conditions Y. Canny/(-, ) denotes the application of the Canny
edge detector. To quantify the consistency between the generated image and the conditions, we
calculate the structural consistency metric .S; for each generated image I;:

|E ;N EY,I’:
= Eo (7
vzl
Where S; is the structural consistency metric for the i, generated image I;. |Er, N Ey| represents

the number of aligned edge pixels between the generated image J; and the diffusion condition Y7.
|EY,1’§ represents the total number of edge pixels in the diffusion model conditions Y. A higher
S; indicates greater consistency between the generated sample and the conditions, suggesting a
more reliable sample. After calculating the structural consistency S;, we select I with the highest
structural consistency .S; for subsequent segmentation.

2.3 SIZE-AWARE FUSION

The EGS-selected sample Ip demonstrates superior structural preservation for large anatomical
structures due to its global consistency modeling Karras et al. (2022), whereas the HD-refined
pseudo-labels Y/ provide reliable guidance for small objects Xu et al. (2024). Therefore, we propose
SAF that dynamically selects the most reliable source for each target according to the size. Specif-
ically, we fuse the categories with the smallest proportion of voxels in Y with other categories in

Mg(Ip). The final segmentation result Y can be obtained by:
R c
V=" M [0k = tmin) - Vit + L0k 7 vmin) - Ms(I)] ®)
k=1

Where vp,in, = min{vy, ve, ..., v} denotes the fewest voxels of the target category, Mg (Ip) is the

—1
; k- is the dynamic weight of the smallest

segmentation of the EGS-selected sample I , and \;, = .

target.

3 EXPERIMENTS AND RESULTS

3.1 EXPERIMENTAL SETUP

3.1.1 DATASET AND EVALUATION METRICS:

We validate our method on the BraTS 2021 dataset Menze et al. (2014), Kvasir-SEG Jha et al.
(2020), and CVC-ClinicDB Bernal et al. (2015). BraTS 2021 provides 1,251 fully annotated 3D
MRI volumes with four modalities: T1, contrast-enhanced T1 (Tlce), T2, and FLAIR. The seg-
mentation targets within this dataset encompass three tumor subregions: whole tumor (WT), tumor
core (TC), and enhancing tumor (ET). Kvasir-SEG is a widely used benchmark dataset consisting
of 1,000 endoscopic images with pixel-wise annotated segmentation masks. CVC-ClinicDB com-
prises 612 still frames extracted from multiple colonoscopy video sequences with corresponding
binary masks delineating the polyp regions.

We evaluate HEAL on two medical image segmentation tasks across four domain adaptation direc-
tions: T1—Tlce and T2—FLAIR for brain tumor segmentation, and Kvasir-SEG—CVC-ClinicDB
and CVC-ClinicDB—Kvasir-SEG for polyp segmentation. Segmentation performance is quantita-
tively assessed using two standard metrics: the Dice similarity coefficient (Dice) Dice (1945) and
the average surface distance (ASD) Taha & Hanbury (2015). For the polyp segmentation tasks, due
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T1—Tlce T2—FLAIR

Method Dice (%) T ASD (mm) | Dice (%) T ASD (mm) |

WT TC ET Mean|WT TC ET Mean| WT TC ET Mean|WT TC ET Mean
No Adaptation 64.3 57.2 551 589 (33 2.0 32 28 [67.2 63.0 509 604 |32 51 24 3.6
Supervised 86.2 93.1 73.2 842 |13 06 14 1.1 [93.0 84.3 81.1 86.1 |08 14 1.0 1.1
ProtoContraYu et al. (2023)|46.1 479 334 425 |60 55 4.0 52 |63.3 56.7 37.6 525 |43 58 44 4.8
DPLChen et al. (2021) 543 499 448 49.7 |53 3.7 3.6 4.2 |58.8 364 185 379 |40 7.0 7.8 6.3
TIAPCCao et al. (2024) 594 58.8 348 51.0(73 6.1 6.1 6.5 |65.1 534 309 498 |45 54 58 52
UPLWu et al. (2023) 66.1 67.7 60.0 64.6 (49 3.6 2.8 3.7 [54.0 484 277 434|199 74 65 79
HEAL 80.7 829 68.1 77.3 |25 1.5 2.0 2.0 |829 745 63.0 73.5 |28 2.6 24 2.6

Table 1: Performance comparison of SFUDA methods for brain tumor segmentation. Best results are in bold,
second best are underlined.

Method Kvasir-SEG—CVC-ClinicDB | CVC-ClinicDB—Kvasir-SEG
Dice (%) T ASD (mm) | Dice (%) T ASD (mm) |

No Adaptation 65.1£21.5 5.8+11.1 60.2+27.0 23.7£20.4
Supervised 99.8+0.1 0.36+0.1 97.4+1.3 0.87£1.1
ProtoContraYu et al. (2023) | 78.0%12.1 0.91+0.6 68.9+26.4 9.5+15.0
DPLChen et al. (2021) 67.2+£24.0 8.0+12.4 66.1+33.1 7.8+17.7
IAPCCao et al. (2024) 73.3£29.6 44479 61.2+26.3 13.7£13.2
UPLWu et al. (2023) 67.1+:14.6 2.2+0.9 60.24+31.3 11.44+17.2
HEAL 81.8+£22.6 43482 66.5+28.8 9.15£11.6

Table 2: Performance comparison of SFUDA methods for polyp segmentation. Best results are in bold, second
best are underlined.

to their single-class nature, HEAL is applied without the size-aware fusion, employing only hierar-
chical denoising and edge-guided selection. As the target domain is not used during training, we do
not partition it into training and testing subsets. Instead, the model is directly performing inference
on the full target domain to assess its adaptation performance.

3.1.2 IMPLEMENTATION DETAILS:

All experiments were implemented using the PyTorch framework and conducted on an NVIDIA
RTX 4090 GPU with 24GB memory. We used Med-DDPM Dorjsembe et al. (2024) with a noise
schedule of 250 time steps ¢, and the nnUNet framework Isensee et al. (2021), which employs a
ResNet-based U-Net architecture, trained for 300 epochs. Both the entropy threshold 7; and the
NIG distribution variance threshold 7 were set to 0.2. In EGS, the number of generated samples n
is 6, and the threshold of the Canny edge detector is O.1.

3.2 COMPARISON WITH SOTA METHODS

In our experiments, No Adaptation indicates training on the source domain and directly testing
on the target domain without adaptation. Supervised indicates training and testing on the target
domain. Furthermore, we compared HEAL with four SOTA SFUDA methods: 1) ProtoContra Yu
et al. (2023), 2) DPL Chen et al. (2021), 3) UPL Wu et al. (2023), and 4) IAPC Cao et al. (2024).
We reproduce all the comparison methods according to their official codes and configurations.

The quantitative evaluation results for cross-modality brain tumor segmentation are presented in
Table 1. A substantial performance gap is observed between the Supervised and No Adaptation
baselines in both directions, highlighting the severe domain shifts between the source and target
domains. In both directions, HEAL remarkably outperforms all other SFUDA approaches on WT,
TC, and ET, achieving the highest mean Dice of 77.3%, 73.5%, and the lowest mean ASD of 2.0mm,
2.6mm in T1—Tlce and T2—FLAIR, respectively. Moreover, compared to No Adaptation, the
competitive performance of HEAL on both Dice and ASD can be attributed to the synergistic effect
of HD, EGS, and SAF.

Table 2 presents the quantitative results for cross-modality polyp segmentation. There is a clear
performance gap between the Supervised, with Dice scores of 99.8% and 97.4%, and the No Adap-
tation, which achieves Dice scores of only 65.1% and 60.2% in the Kvasir-SEG—CVC-ClinicDB
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Figure 2: Ablation study of each component in HEAL on brain tumor segmentation. HD refers to the results
obtained by hierarchical denoising, HD+EGS denotes the combination of hierarchical denoising and edge-
guided selection, and HEAL represents the full method with hierarchical denoising, edge-guided selection, and
size-aware fusion.

Kvasir-SEG—CVC-ClinicDB | CVC-ClinicDB—Kvasir-SEG

Method Dice (%) T | ASD (mm)] | Dice (%) T | ASD (mm) |
Baseline 6515215 58111 6021270 | 23.74204
Entropy-refined 72.6424.5 5.8412.2 63.14£33.0 17.9439.6
HD 76.44+21.3 5.1£10.9 63.8435.4 16.2420.8
HEAL (HD+EGS) | 81.8£22.6 43182 6651288 | 9.15+11.6

Table 3: Ablation study of HEAL on polyp segmentation. Entropy-refined refers to the pseudo-labels refined
by voxel-wise entropy. Best results are in bold, second best are underlined.

and CVC-ClinicDB—Kvasir-SEG directions, respectively. This substantial gap highlights the chal-
lenges posed by domain shift, thereby underscoring the necessity for effective adaptation meth-
ods such as HEAL, which demonstrates strong domain adaptation capability. Specifically, in the
Kvasir-SEG—CVC-ClinicDB direction, HEAL achieves the best Dice of 81.8%, a remarkable im-
provement over the No Adaptation and surpassing other SFUDA methods. In the reverse direc-
tion, CVC-ClinicDB—Kvasir-SEG, HEAL also delivers highly competitive performance, obtain-
ing a Dice of 66.5% and an ASD of 9.15mm, which are marked as second-best results among the
compared adaptation techniques. These results demonstrate HEAL’s effectiveness in significantly
mitigating domain shift and enhancing segmentation accuracy across different polyp datasets and
modalities without relying on source data.

3.3 ABLATION STUDY

To assess the individual contributions of each component in HEAL, we perform ablation studies on
brain tumor segmentation and polyp segmentation. For brain tumor segmentation, we evaluate four
configurations, Baseline (No Adaptation), HD, HD+EGS, and HEAL (HD+EGS+SAF), under two
adaptation adaptations: T1—Tlce and T2—FLAIR. For polyp segmentation, we conduct ablation
under two adaptation directions: Kvasir-SEG—CVC-ClinicDB and CVC-ClinicDB—Kvasir-SEG,
using four configurations: Baseline, Entropy-refined, HD, and HEAL (HD+EGS).
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Source Image Target Image  Ground-truth No Adaptation  Entropy Map NIG Uncertainty HD-Refined

Figure 3: Qualitative ablation study of hierarchical denoising on brain tumor segmentation. The first row
corresponds to patient #0000, and the second row to patient #0051.

As shown in Figure 2 (a), in the T1—Tlce direction, HEAL demonstrably enhances segmenta-
tion performance, yielding significant Dice improvements over the Baseline of 16.4%, 25.7%, and
13.0% for WT, TC, and ET, respectively. Figure 2 (b) reveals that HD reduces ASD for WT rel-
ative to the Baseline. Furthermore, the integration of EGS and SAF in HEAL further diminishes
ASD to 2.8mm and 2.6mm, respectively. Similarly, Figure 2 (c) demonstrates that HEAL achieves
Dice gains of 15.7%, 11.5%, and 12.1% compared to the Baseline in the FLAIR—T?2 direction. As
visualized in Figure 2 (d), HEAL effectively minimizes ASD across all tumor sub-regions in the
FLAIR—T2 direction. These results collectively underscore the significant and consistent improve-
ments in segmentation performance achieved by HEAL across different modalities.

Table 3 demonstrates that HEAL consistently enhances polyp segmentation performance across
both adaptation directions. Beginning with the Baseline, the Entropy-refined led to a substan-
tial Dice improvement of 7.5%, particularly in the Kvasir-SEG—CVC-ClinicDB direction. As
the entropy-refined pseudo-labels provide reliable prior knowledge for subsequent NIG denoising,
HD further enhances segmentation performance, leading to consistent improvements in Dice and
reductions in ASD across both directions. Finally, integrating EGS with HD, HEAL achieves
the best overall results, with Dice improvements of 16.7% and 6.3% over the baseline in Kvasir-
SEG—CVC-ClinicDB and CVC-ClinicDB— Kvasir-SEG, respectively. Additionally, ASD is sub-
stantially reduced, particularly in the CVC-ClinicDB—Kvasir-SEG. These results highlight the ef-
fectiveness and complementary contributions of hierarchical denoising and edge-guided selection
within HEAL.

Figure 3 visually demonstrates the effectiveness of HD in the refinement of pseudo-labels. In the No
Adaptation column, we observe that the segmentation results exhibit noticeable inaccuracies com-
pared to the Ground-truth. The Entropy Map is a heatmap that highlights the regions of entropy
uncertainty, primarily concentrated around the coarse errors. Subsequently, the NIG Uncertainty
further refines these uncertainty regions, pinpointing areas requiring more precise error correction,
as highlighted by the red bounding boxes. This qualitative assessment underscores the critical role
of HD in enhancing the reliability of pseudo-labels and improving the overall segmentation perfor-
mance of HEAL.

To further investigate the effectiveness of HEAL in aligning feature distributions across domains, we
visualize the feature distribution using t-SNE, as shown in Figure 4. In both adaptation directions,
the feature representations of samples from the source domain, the target domain, and source-like
samples generated by the diffusion model are projected into a 2D space. The visualizations demon-
strate that the source-like features lie closer to the source domain than the target domain, indicating
that the diffusion model effectively re-renders the target domain’s structural information into a new
representation that is stylistically aligned with the source domain. By leveraging the source knowl-
edge captured during diffusion model pretraining, HEAL mitigates the risks of over-segmentation
and information loss that may arise from hierarchical denoising, ultimately facilitating more robust
and accurate domain adaptation.
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Figure 4: t-SNE visualizations of feature distribution in T1—T1ce and T2—FLAIR on BraTS2021.

4 CONCLUSION

In this work, we proposed HEAL, a novel SFUDA framework for cross-modality medical image
segmentation without any training when performing target domain adaptation. The hierarchical
denoising effectively mitigates error accumulation through entropy and NIG denoising, then the
edge-guided selection ensures diffusion-generated samples preserve the critical anatomical structure
and transfer the target domain knowledge to the source domain. Finally, the size-aware fusion
effectively fuses the reliable classes in the HD-refined pseudo-labels and the segmentation of the
EGS-selected sample. Experimental results on brain tumor and polyp segmentation tasks validate
the superior performance of our method compared to existing SFUDA approaches.

A key aspect of HEAL’s mechanism is that the framework does not attempt to make the source model
directly interpret the target image. Instead, it leverages the structural information encapsulated in
the HD-refined pseudo-label. The diffusion model, conditioned on the target image, is tasked with
generating a source-like sample that is stylistically consistent with the source domain but structurally
aligned with the target’s anatomy. Therefore, the segmentation model is not processing the target
image it has never seen; it is segmenting a synthesized source-like image where the tumor structures
have been rendered according to the guidance from. This process effectively translates the adaptation
challenge from a difficult cross-modality recognition problem into a more manageable in-domain
segmentation task for the frozen source model.

limitations: The effectiveness of HEAL is inherently linked to the generalization capability of the
pre-trained segmentation model. When the domain shift is excessively large, the initial pseudo-
labels may be of low quality, which propagate errors through the subsequent process and ultimately
degrade HEAL’s performance. Furthermore, the learning-free nature of our approach may limit its
ability to capture nuanced or novel target-specific features that could otherwise be addressed by
methods involving target-domain parameter update.
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