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Abstract

Source-free unsupervised domain adaptation (SF-UDA),
which relies only on a pre-trained source model and unla-
beled target data, has gained significant attention. Pseudo-
labeling, valued for its simplicity and effectiveness, is a key
approach in SF-UDA. However, existing methods neglect
the consistency priors of anatomical features across sam-
ples, leading them fail to revise of high-confidence noise
in structurally inconsistent regions, ultimately manifesting
as significant discrepancies in pseudo-labeled samples espe-
cially in limited source data scenarios. Motivated by this in-
sight, we propose a novel Geometric Correspondence Con-
strained (GCC) pseudo-labeling framework. GCC first strati-
fies pseudo-labeled samples into high/low-quality subsets. It
then refines low-quality samples by leveraging the anatomi-
cal features inherent in high-quality samples while injecting
Gaussian perturbation to perturb high-confidence noise to-
wards the decision boundaries. This process effectively mit-
igates high-confidence noise disruptive effect and preserves
critical prior anatomical knowledge, making it particularly
powerful for scenarios with limited source data. Experiments
on cross-domain fundus image datasets demonstrate that our
method achieves state-of-the-art performance.

Code — https://github.com/PHDhzhy/GCC

Introduction

While deep neural networks have achieved significant
progress in medical image segmentation, especially for the
analysis of fundus images such as optic cup/disc, these
methods typically require extensive pixel-level annotations
(Tajbakhsh et al. 2020). Furthermore, data collected across
different hospitals often exhibit substantial distribution dis-
crepancies (domain shift) due to variations in acquisition de-
vices and scanning protocols (Wang et al. 2019), causing
models trained on data from one source to generalize poorly
to others. To simultaneously address the challenges of an-
notation scarcity and domain shift under privacy-preserving
constraints (Chen et al. 2021), source-free unsupervised
domain adaptation (SF-UDA) has emerged as a critical
paradigm, which use only a pre-trained source model and
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Figure 1: (a) Existing methods struggle to refine high-noise
samples under unreliable boundaries, yielding pronounced
anatomical discrepancies across pseudo-labeled samples. (b)
GCC stratifies samples as high/low quality, aligns distribu-
tions using high-quality anchors, and optimizes alignment
via Gaussian perturbation.

unlabeled target data (Bateson et al. 2022; Niu et al. 2022;
Yang et al. 2022; Zeng et al. 2024; Chen et al. 2021; Huai
etal. 2023; Xu et al. 2022; Tang et al. 2023; Tian et al. 2023;
Li, Zhou, and Yang 2024; Zhang et al. 2024; Zheng et al.
2025).

Existing SF-UDA methods can be roughly divided into
three categories: entropy minimization enhances prediction
certainty on target data, source image approximation recon-
structs source-domain characteristics without source data
access, and pseudo-labeling leverages high-confidence pre-
dictions as self-training supervisory labels. Among these ap-
proaches, pseudo-labeling has gained prominence due to its
direct supervisory mechanism, which focuses on discard-
ing or correcting erroneous pseudo-labels to provide tar-
geted training signals (Chen et al. 2021; Xu et al. 2022;
Huai et al. 2023; Tang et al. 2023; Zhang et al. 2024).
This characteristic makes it particularly suitable for medi-
cal applications where annotation scarcity necessitates ef-
fective unsupervised learning. However, current pseudo-
labeling approaches focus primarily on intra-sample re-
finement while critically neglecting cross-sample anatom-
ical consistency priors inherent in data distributions. Un-
der source-scarce scenarios frequently caused by data ac-
cess restrictions and expert annotation constraints, source
models develop unreliable decision boundaries for target



data (Zhao et al. 2022). Consequently, pseudo-labels ex-
hibit substantial noise contamination. Sole reliance on intra-
sample refinement proves inadequate for mitigating signifi-
cant residual noise, particularly high-confidence noise per-
sisting in structurally inconsistent regions, manifesting as
pronounced anatomical discrepancies across samples (as il-
lustrated in Figure 1(a)). These inconsistencies ultimately
disseminate erroneous anatomical priors that degrade model
performance. This inspire us to develop a geometric corre-
spondence constrained alignment strategy to improve SF-
UDA for medical image segmentation.

In this paper, as illustrated in Figure 1(b), we pro-
pose a novel Geometric Correspondence Constrained
(GCC) pseudo-labeling framework for SF-UDA, address-
ing pseudo-labeled samples distribution discrepancies under
limited source data. Specifically, we first develop a pseudo-
labeled sample quality judgment strategy to stratify pseudo-
labeled samples into high/low-quality (high/low-Q) subsets.
Subsequently, high-Q samples serve as anchors to align
the distribution of low-Q samples toward these anchors. At
the same time, to mitigate the disruptive effects of high-
confidence noise during alignment, we develop a Sample-
Adaptive Perturbation Estimation (SAPE) mechanism that
dynamically injects Gaussian perturbations to each sample,
perturbing high-confidence noise toward decision bound-
aries, maximizing error correction while preserving correct
predictions. While CPR (Huai et al. 2023) resolves local se-
mantic consistency and IPLC (Zhang et al. 2024) relies on
external SAM models, GCC establishes global anatomical
constraints through unsupervised geometric correspondence
without external supervision. Unlike prototype-based meth-
ods (Chen et al. 2021), our high-Q anchors preserve fine-
grained structural priors lost in averaging. As a result, our
proposed method enables effective propagation of anatom-
ical priors through pseudo-label distribution alignment. To
sum up, the main contributions of this paper are as follows:

e We presents a novel SF-UDA approach, GCC, to
unify pseudo-labeled samples distribution for refinement
while injecting SAPE-controlled perturbation for high-
confidence noise correction.

* We establish the first anatomy-aware distribution align-
ment paradigm through unsupervised stratification of
pseudo-labels and geometric knowledge transfer from
high-Q anchors to low-Q samples, enabling cross-sample
anatomical consistency propagation without external su-
pervision.

* We present the first work to integrate adaptive perturba-
tion into pseudo-label denoising, with rigorous theoret-
ical proof of its critical role in alignment efficacy (see
Supplement). Experimental results demonstrate the su-
perior performance of our method over current SF-UDA
approaches.

Related Works

Source-free unsupervised domain adaptation

Domain shift caused by heterogeneous imaging protocols
and modalities presents a fundamental challenge in medical
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image analysis. SF-UDA has emerged as a critical paradigm
to address this issue under clinical data privacy constraints,
where only a pre-trained source model and unlabeled tar-
get data are accessible. Existing SF-UDA methods can be
roughly divided into three categories: entropy minimization
(Bateson et al. 2022, 2020; Wang et al. 2020; Niu et al. 2022,
2023), source image approximation (Yang et al. 2022; Zeng
et al. 2024), and pseudo-labeling (Chen et al. 2021; Hou and
Zheng 2021; Huai et al. 2023; Tang et al. 2023; Tian et al.
2023; Xu et al. 2022; Zhou, Ye, and Xiao 2022; Li, Zhou,
and Yang 2024; Zhang et al. 2024; Zheng et al. 2025).

Entropy minimization, which assumes that more confi-
dent model predictions lead to better generalization, aims to
reduce generalization error in the target domain by minimiz-
ing prediction entropy (Bateson et al. 2020). TENT (Wang
et al. 2020) pioneered this direction by minimizing predic-
tion entropy during test-time adaptation, dynamically updat-
ing batch normalization layers to reduce distribution shift.
Subsequent innovations like ETTA (Niu et al. 2022) im-
proved efficiency through sample selection, prioritizing re-
liable and non-redundant target instances, while SAR (Niu
et al. 2023) enhanced stability by identifying and mitigating
performance-degrading factors during adaptation. However,
these methods risk reinforcing incorrect predictions when
confronted with high-confidence errors inherent in medical
images, particularly under significant domain gaps where
entropy signals become unreliable.

Source approximation techniques bridge domain gaps by
generating source-like target representations. FSM (Yang
et al. 2022) leverages Fourier domain transformations
to synthesize source-style images, enabling feature-space
alignment without accessing source data. Recent advances
incorporate generative models: RSA (Zeng et al. 2024) pre-
served anatomical structures through edge-guided diffusion
with uncertainty filtering, while D2SFDA (Zhou et al. 2024)
proposed diffusion perturbation flow to generate semanti-
cally consistent target views using pseudo-labels as condi-
tional inputs for diffusion models. While effective in nar-
rowing domain discrepancies, these methods often compro-
mise fine-grained textures and class-specific variations dur-
ing reconstruction, limiting their ability to capture the full
complexity of medical imaging distributions.

Compared to entropy minimization and source approx-
imation, pseudo-labeling has gained significant traction as
the dominant paradigm in SF-UDA due to its intrinsic abil-
ity to directly provide supervisory signals for target do-
main adaptation without reconstructing source data or re-
lying solely on prediction confidence. This characteristic
makes it particularly well-suited for medical imaging tasks
where anatomical structures exhibit inherent spatial regular-
ity. Our GCC also aims to improve the performance of the
model by dealing with pseudo-labels.

SF-UDA based Pseudo-labeling

Pseudo-labeling techniques mitigate domain shifts by gen-
erating target pseudo-labels for self-training, focusing on
discarding or correcting erroneous labels induced by dis-
tribution discrepancies. Current research advances are cen-
tered around three primary strategies. The first paradigm



enhances pseudo-label quality via denoising mechanisms:
CPR (Huai et al. 2023) resolves anatomical incoherence
through contextual similarity learning, which corrects am-
biguous boundaries by enforcing local semantic consistency,
while IPLC (Zhang et al. 2024) iteratively refines labels us-
ing entropy-weighted correction and robust prompts gener-
ated by the Segment Anything Model (SAM). The second
paradigm screens unreliable pseudo-labels; notable imple-
mentations include DPL (Chen et al. 2021) dual-level de-
noising, which dynamically masks noisy pixels based on un-
certainty and selects category-consistent labels via prototype
alignment, and U-D4R (Xu et al. 2022) that employs Monte
Carlo Dropout for uncertainty quantification with adaptive
thresholding. The third paradigm designs robust training dy-
namics to counter error propagation: CBMT (Tang et al.
2023) mitigate class imbalance via global statistics-guided
loss calibration, RIOG (Yan et al. 2025) align gradient di-
rections and magnitudes across tasks to improve minority-
class labels, and PLPB (Li, Zhou, and Yang 2024) enhance
boundary robustness by combining adversarial training with
pseudo-boundary constraints.

Despite their efficacy, existing methods are constrained
to intra-sample information, neglecting rich geometric cor-
respondences and anatomical consistency across samples.
This oversight manifests as inconsistent pseudo-labeled
samples, where low-Q samples exhibit anatomically implau-
sible distortions misaligned with their high-Q counterparts.
Such inconsistencies propagate segmentation errors during
self-training. To address this limitation, our work bridges
the gap by leveraging across-sample structural knowledge
for pseudo-label refinement.

Methods

Let f° : X*—)* denote the model trained on the source
domain D¢ = (X* Y*), and D! denotes the target do-
main. The goal of SF-UDA is to construct a model f*—¢
that performs well in the target domain with only the unla-

beled dataset {z!}7, where ! € X*. Generally, the seg-
mentation of the fundus image can be treated as a multi-
label segmentation task with z; € RHEXWX3 and Y €
{0, 1}H*WXC \where C denotes the number of classes.

As illustrated in Figure 2, our Geometric Correspondence
Constrained (GCC) pseudo-labeling framework consists of
three stages. In this section, we first introduce the pseudo-
labeled sample quality judgment strategy. Next, we propose
the pseudo-label alignment framework. The training proce-
dures with the refined pseudo-labels for the model adaption
are finally described.

Pseudo-labeled Sample Quality Judgment

To ensure distribution consistency among all generated
pseudo-labeled samples, we focus on the low-Q pseudo-
labeled sample judgment and the refinement. As illus-
trated in in Figure 2(a), high-entropy pseudo-labeled sam-
ples demonstrate reduced structural rationality due to quasi-
circular anatomical prior of optic cup/disc, exhibiting char-
acteristic low Iso-Perimetric Quotient (Li, Goodchild, and
Church 2013) compared to low-entropy counterparts. There-
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fore, we utilize entropy values as the basis for assessing the
quality of pseudo-labeled sample. Given a target image !
and source model f*, we obtain the context-aware probabil-
ity p,, for each pixel following CPR (Huai et al. 2023).

Recognizing that pseudo-label quality is inherently rela-
tive, we establish a sample-wise ranking criterion achieved
by computing the mean entropy for each probability map p.
The entropy for the ¢-th sample in pseudo-labeled sample set
of size N is calculated as:

1 HxW
E; = _H < W UZ::l pv(@) Ingv(Z)- e

Samples are then sorted in descending order of entropy
(Ey > Es > --- > Ey), establishing an inverse correla-
tion between entropy rank and pseudo-label quality: higher-
ranked samples with greater entropy exhibit lower quality.

To accommodate the evolving alignment capability of the
refinement network during training, we implement a dy-
namic stratification strategy. This strategy progresses from
initial conservative filtering, where low-Q assignments are
limited to the lowest entropy samples in early stages, to
a gradual expansion that applies increasingly strict qual-
ity thresholds as the network’s alignment competence im-
proves. This progression is formalized through a time-
dependent selection function:

iter
. 2
Iter’ @)

where « define the proportion of samples designated as low-
Q during the initial training phases, iter is the current epoch,
and Iter is the total epochs. The quality assignment is then
determined for each sample as follows:

. Piow if rank(E;) < [r(iter) - N|,
iy e {7 (E) < [riter) - N
high Otherwise,

r(iter) = a+ (1 — @)

3)

with rank(E;) = k indicating F; = Ej in the sorted se-
quence.

Pseudo-label Alignment

After partitioning pseudo-labeled samples into high-Q
(Phign) and low-Q (Pioy) subsets, refining low-Q pseudo-
labeled samples is naturally achieved by aligning them
with high-Q counterparts through geometric correspon-
dence. We introduce a GAN with generator G and dis-
criminator D to enforce structural and semantic consis-
tency (Figure 2(b)). However, high-confidence noise in
structurally inconsistent regions presents a critical challenge
where enforcing anatomical consistency may corrupt cor-
rect pseudo-labels adjacent to high-confidence noisy areas.
To address this limitation, our pseudo-label alignment im-
plements a dual-stage refinement strategy. First, randomized
perturbations establish foundational robustness and smooth-
ness through anatomical consistency learning, building ba-
sic refinement capability. Second, sample-specific perturba-
tion injection expands variance of pseudo-labels, perturbing
high-confidence noise toward the correct side of decision
boundaries while preserving semantically correct informa-
tion with maximal possibility.
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Figure 2: The overview of Geometric Correspondence Constrained (GCC) pseudo-labeling framework. It consists of three
stages: (a) Generating probability maps and judging the quality of probability maps; (b) The Pseudo-label Alignment, where
low-Q samples are aligned after injecting with adaptive Gaussian perturbation; (c) Model adaptation with refined pseudo-labels.

Geometric correspondence learning. To develop funda-
mental noise immunity, this stage enhances decision bound-
ary stability and smoothness through controlled randomiza-
tion. During training, we apply randomized Gaussian pertur-
bation to low-Q probability maps. For each p;y € Prow, We
generate perturbed versions via linear interpolation:

pfow:(l_r)‘plow"‘r'ﬁ ENN(O,l),
t 4)
= —, t~U(0,T
r T7 U(()? )7

where ¢ is uniformly sampled from discrete timesteps. The
generator GG learns to denoise these perturbed inputs under
triple composite objectives:

Lyt = Ellog D(phign)] + Ellog(1 — D(G(piow)))],
Lsem = Ele™ prowlogiow). |G (p ow) — Plow|1];
‘Cent = E[ (plow)log(G(pfow) ]

minimizing the composite loss Lgan = Lsir + AsemLsem +
AentLent. Lsem enforces semantic consistency with uncer-
tainty weighting, while L.,; minimizes prediction entropy
to sharpen outputs. This adversarial framework simultane-
ously enforces structural consistency through discrimina-
tion, establishing fundamental refinement capability that re-
liably revises relative low-confidence errors under moder-
ate perturbation conditions. However, for high-confidence
noise, the semantic consistency constraint and structural
consistency constraint designed herein conflict with each
other, compromising the refinement effectiveness.

1-
&)
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Sample-adaptive perturbation estimation. To specifi-
cally combat high-confidence noise in structurally incon-
sistent regions, this module learns optimal perturbation in-
tensities that maximally correct labeling errors. In essence,
we implement a “tipping point” perturbation philosophy
that pursues the Goldilocks Zone of intensit, neither ex-
cessive nor insufficient, to identify the precisely calibrated
strength for each sample. This optimal intensity flips per-
sistent noise while preserving valid anatomical structures.
Relevant proofs are provided in the supplement.

Specifically, following GAN training, we freeze the gen-
erator’s parameters to stabilize the decision boundary and
train the Sample-Adaptive Perturbation Estimation (SAPE)
module to discover sample-specific optimal noise ratios.
The SAPE architecture combines a feature extractor F' with
Gumbel-Softmax (Jang, Gu, and Poole 2016) to estimate
gradients for discrete distributions (Pang et al. 2022), map-
ping piow to optimized timesteps ¢t € (0,7). To efficiently
navigate the expansive search space, we implement a hierar-
chical decomposition strategy:

t =23 oN2x100 + 2V ©N2x10 4 29 & N1 (6)
— — —

hundreds tens units

where z = argmaxz(GS(F(piow))) via differentiable cat-
egorical sampling, with Ny [1,..,97 and Ny =
[0, ...,9]T. This hierarchical encoding dramatically reduces
the perturbation intensity search space dimensionality. The
resulting ¢ determines noise ratio r t/T in Eq.(4), en-
abling precise perturbation calibrated to each sample’s noise



characteristics.

This optimal perturbation strategically transitions erro-
neous pseudo-labels across decision boundaries while main-
taining correct labels within their original classification re-
gions. SAPE parameters are optimized end-to-end using an
entropy-aware penalty:

‘Cpen = E[plowZOQ(plow) . eG(Pfow)—PlowL @)

where the exponential term amplifies penalties for high-
confidence misalignments, driving the module toward max-
imally effective denoising configurations.

Model Adaptation with Refined Pseudo-Labels
After training, the reliabel pseudo-label ¢, is calculated by:
t= SAPE(p)AD S Bow U Phigh7

G = ¥lp, >, p, = G(p}).

Considering that the injection of Gaussian perturbation
inevitably disrupts semantic information, filtering reliable
pseudo-labels at the pixel-level to constrain model training
to reduce the error impact caused by Gaussian perturbation:

©))

where 7, and ypign are two thresholds for filtering out
pseudo-labels without confident probabilities. The target
model f*~! is trained with cross-entropy loss:

Eseg - E[mv'lgv log(ft(l't)v)‘i’(l*yv) log(lfft(xt)l(lzg)

®

my = Hé(p;; < Vow OT p;; > ’)/h,igh,)7

Experiments

Dataset. Building on previous research (Chen et al. 2021;
Huai et al. 2023), we opted for three datasets for fundus
image segmentation: Drishti-GS (Sivaswamy et al. 2015),
RIM-ONEr3 (Fumero et al. 2011), and the validation set
of the REFUGE Challenge (Orlando et al. 2020). These
datasets were partitioned into 50/51, 99/60, and 320/80 splits
for training and testing, respectively. We designate Drishti-
GS with the smallest volume as the source domain to simu-
late limited source data scenarios.

Implementation details and evaluation metrics. Fol-
lowing prior works (Chen et al. 2021; Huai et al. 2023;
Wang et al. 2019; Xu et al. 2022), our segmentation
network is MobileNetV2-adapted (Sandler et al. 2018)
DeepLabv3+ (Chen et al. 2018). Our G consists of multi-
layer ResNet (He et al. 2016), and D consists of multi-
layer convolution, and F' consists of multiple layers of con-
volution and three-branch fully connected layers. We set
o = 0.2 as the proportions of low-Q samples during the
initial training phases. To ensure SAPE’s fine-grained es-
timation, we set a sufficiently large 7' = 1000. For loss
function, Aser, = 5 and Agp: = 1. The remaining hyperpa-
rameters follow established practices from prior work (Chen
et al. 2021; Huai et al. 2023), where the confidence thresh-
old ~ is set to 0.75, and two thresholds for filtering out un-
confident refined pseudo-labels are set as 7;,,, = 0.4 and
Yhigh = 0.85. Each image is pre-processed by clipping a
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512 x 512 optic disc region (Wang et al. 2019). The same
augmentations as in (Chen et al. 2021; Huai et al. 2023; Xu
et al. 2022) are applied, including Gaussian noise, contrast
adjustment, and random erasing. The Adam optimizer is
adopted with learning rates of 2e-4 and 3e-4 in the geometric
correspondence learning stage the target domain adaptation
stage respectively. The momentum of the Adam optimizer
is set to 0.9 and 0.99. The batch size is set to 8. This im-
plementation was executed using PyTorch on an NVIDIA
GeForce RTX 3090 GPU. For evaluation, we utilized widely
adopted metrics such as the Dice coefficient and Average
Surface Distance (ASD).

Comparision with the state-of-the-arts. Table 1 com-
pares our method with state-of-the-art fundus segmentation
approaches, including UDA methods (BEAL (Wang et al.
2019), CLR (Feng et al. 2022)) and SF-UDA techniques
(SRDA (Bateson et al. 2020), TENT (Wang et al. 2020),
DPL (Chen et al. 2021), FSM (Yang et al. 2022), U-D4R
(Xu et al. 2022), CPR (Huai et al. 2023), CBMT (Tang et al.
2023), PLPB (Li, Zhou, and Yang 2024)). Results demon-
strate that the GCC framework significantly outperforms ex-
isting methods by leveraging geometric priors from high-Q
pseudo-labels and strategically injecting Gaussian perturba-
tions to refine low-Q samples. This advancement is particu-
larly pronounced compared to SF-UDA methods lacking ex-
plicit pseudo-label distribution consistency constraints. The
performance gap validates the necessity of enforcing cross-
sample anatomical consistency, especially under limited-
source conditions where conventional approaches fail to mit-
igate structural discrepancies. Notably, GCC’s explicit ge-
ometric correspondence constraints enable superior perfor-
mance on clinically critical metrics, achieving state-of-the-
art ASD scores even compared to UDA methods that ac-
cess target domain labels during training. Qualitative com-
parisons in Figure 3 further confirm these advantages, with
our results exhibiting the most anatomically complete seg-
mentations and closest alignment with GT annotations.

Ablation study on components. The ablation study sys-
tematically validate the necessity of each component in
our framework, as shown in the Table 2. Solely applying
Pseudo-label Alignment reduces performance, which con-
firms that rigid spatial matching corrupt correct pseudo-
labels adjacent to high-confidence noisy areas. This observa-
tion is corroborated by our pseudo-label refinement ablation
(Table 4), where removing Gaussian disturbance causes sig-
nificant deterioration (-3.05% cup Dice). Integrating SAPE
with geometric correspondence learning reverses this trend,
demonstrating its role in correcting high-confidence noise
through statistical distribution matching. While Filter alone
achieves competitive results, its full synergy with alignment
modules yields peak performance, proving our cascaded re-
finement philosophy: geometric correspondence learning es-
tablishes structural priors, SAPE mitigates high-confidence
noise disrupt effect, and Filter eliminates outliers through
confident probabilities constraints.

Ablation study on losses. Additionally, we conduct an
ablation study on the loss functions of the geometric cor-



Dicel%]T ASD[pixel ]
Methods Source Opticcup  Optic disc Avg Optic cup Opticpdisc Avg
Source: Drishti-GS; Target: REFUGE
No adaptation - 42.8741481 58871532 50.874497 |51.244506 52.284446 H1.7644 50
Upper bound - 87.38i1,01 95-40i0.63 91-39i0.75 43210469 3.6710474 3~99i0467
BEAL (Wang et al. 2019) v 85.82:‘:1.77 96.86:‘:0.21 91.34:‘:0.95 16.90:&3‘98 5.48:‘:0‘42 11.19:&2,12
CLR (Feng et al. 2022) v 81.84i0,97 90-60i0.62 86-22i0.68 10.86i1_07 10.58i0_93 10-72i0.87
DPL (Chen et al. 2021) X 65.90:‘:5.42 84.99:‘:4.38 75-45:t4.08 18.65:&4,46 25'01:|:8.71 21.83:&5,26
FSM (Yang et al. 2022) X 67.62i5.38 84-42i3.85 76.02i4,19 15-63i3.98 13-89i6.84 14.76i4_97
CPR (Huai et al. 2023) X 71.621407 86.344255 78984047 |11.5242989 10.154918 10.8311.34
CBMT (Tang et al. 2023) X 66.92:‘:4.37 90.96:|:1_03 78.94:‘:2.39 1540:&2.89 7.84:&1,27 11.62:&1,81
PLPB (Ll et al. 2024) X 74-46i6.22 85-76i5.62 80-11i5.46 12-21i5.00 21-21i9.40 16-71i6.10
GCC (ours) X 77.87:|:3.2(=_;Jr 83.42i2,74 80.65:|:1_46 8.84:i:1_87]L 11-55i1.63 ]_().]_g:i:().gs]L
Source: Drishti-GS; Target: RIM-ONE-13

No adaptation - 61.3942.00 78434241 69.91100s [33.154318 33.294374 33.224979
Upper bound - 82-07i1,88 95.60i0,40 88.84i1.11 8-42i1.16 5~44i0.55 6.93i0.77
BEAL (Wang et al. 2019) v 68.731237 92.2641.11 80.504+157 [29.664650 11.711253 20.6814.16
CLR (Feng et al. 2022) v 84-53i0,67 93.86i0,40 89.20i0,33 12-00i0.97 8~53i0.60 10-27i0.44
SRDA (Bateson et al. 2020)| X 62.08491.48 90.6211548 76.35118.48 | 15.834851 8.854793 12.341g99
TENT (Wang et al. 2020) X 62.89i19.83 90-25i10.41 76.57i15.12 14-83i8.62 8.28i6‘95 11.56i7,79
DPL (Chen et al. 2021) X 70-47i2.68 92-15i1.41 81-31i1.37 15-04i1.73 9~93i4402 12'49i2.33
FSM (Yang et al. 2022) X 72~98:t4.84 91.75i2_55 82~37:t3.63 13~47:|:3.18 9'2]&:2.65 11.34:|:2_59
U-D4R (Xu et al. 2022) X 685911387 93.31li541 80951964 |11.621566 6.6316.05 9.-1315.36
CPR (Huai et al. 2023) X 75-4Oi2.65 93-82i1.42 84.61i1_75 9~84i3.10 5~44i1497 7~64i2438
CBMT (Tang et al. 2023) X 70~]—5:t2.87 89.98:‘:1_25 80.06:‘:1_48 12.26:|:2,63 9.39:‘:1,33 10.82:|:1_27
PLPB (Li et al. 2024) X 71-70i2.78 90-22i1.02 80.96i1,63 13-70i1.68 10-56i1.67 12-13i1.46
GCC (ours) X |77.2515.00' 94.4810.72' 85.8711.35|8.6910.821 4.7410.57" 6.7110.67'

Table 1: Comparison with state-of-the-arts on two settings. “No adaptation” refers to directly evaluating the source model on
the target dataset. “Upper bound” refers to training the model on the target dataset with labels. Results are averaged across 10

independent runs. Statistical significance versus baselines determined by Wilcoxon signed-rank test (: p < 0.01)
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Figure 3: Comparison of the optic cup and disc segmentation results with different methods on the Drishti-GS to RIM-ONE-r3.
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respondence learning module, as detailed in Table 3. The
Lsem alone improves the Dice score by 0.26% and reduces
the ASD by 0.77 compared to the baseline without both
losses, demonstrating its effectiveness in preserving struc-
tural semantics. The L.,; alone, while not improving the
Dice score, reduces the ASD by 0.86, indicating its role
in refining boundary predictions. Critically, the synergistic
integration of both losses yields a substantial performance
gain, boosting the Dice score by 0.98% and reducing the
ASD by 1.42. This underscores the complementary nature
of the two losses: L., enforces high-level anatomical co-
herence while L.,; sharpens prediction confidence at am-
biguous regions.

Alignment Filter Dice[%]
Consistency | SAPE Optic cup | Optic disc | Avg
X X X 75.55 93.83 [84.69
v X X 74.71 93.40 |84.01
v X v 75.67 94.01 |84.84
v v/ X 76.15 93.78 |84.97
X X v 75.99 94.67 |85.33
v v v 77.25 94.48 | 85.87

Table 2: Ablation study of GCC components on the Drishti-
GS to RIM-ONE-r3 adaptation (Alignment: Pseudo-label
Alignment; Consistency: geometric correspondence learn-
ing; w/o SAPE: random perturbation ratio injection; Filter:
pixel-level reliable pseudo-label filtering).

As@'rn[-:se’rn Aent£ent AVngC AVgASD
X X 84.89 8.13
v X 85.15 7.36
X v 84.80 7.27
v v 85.87 6.71

Table 3: Quantitative ablation study of geometric correspon-
dence learning on the Drishti-GS to RIM-ONE-r3 adapta-
tion.

Dice[%]
Methods Optic cup | Optic disc
Initial pseudo-label 70.97 93.62
Refined pseudo-label 72.34 93.72
Refined pseudo-label (w/o perturb) | 69.29 93.00

Table 4: Comparison of pseudo-label quality of the training
set with different methods on the Drishti-GS to RIM-ONE-
r3 adaptation.

Analysis of high-confidence noise. Figure 4 reveals a
systematic prediction bias in pseudo-label generation: For
both optic cup and disc segmentation at the 0.75 confidence
threshold, false positives substantially outnumber false neg-
atives (376k vs. 39k for cups; 321k vs. 92k for discs), indi-
cating strong foreground over-prediction in background re-
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gions. This systematic bias motivates our SAPE design fo-
cused exclusively on background noise mitigation through
precision-controlled perturbation intensity.

Optic cup le Optic disc le7
(0] o
E E
= 5 ISR 376194 — SRR 320650
O O O O
SZ sz
2 22
H% 39469 665854 F% 91559 2499602
Ay =W

Negative Positive 0
Predicted label

Negative Positive 0
Predicted label

Figure 4: Confusion matrix analysis of pseudo-labels pro-
duced by (Huai et al. 2023) on the Drishti-GS to RIM-ONE-
r3 adaptation.

SAPE vs. fixed perturbation ratios. To validate SAPE’s
capability for sample-adaptive estimation of optimal per-
turbation ratios, we compare it against fixed-ratio perturba-
tions. Experimental results demonstrate SAPE’s consistent
performance superiority in domain adaptation (Figure 5(a)),
confirming its effectiveness in enabling sample-specific per-
turbation estimation.

Avg-Dice(%)*Avg—ASl% 0 Avg-Dice(%)*Avg—AS]% 0

86.0 86.0
855 75 855 75
85.0 70 850 /\\/**\/"‘ 7.0
84.5 65 845 65

84.05AP0 0.10.20.30.40.50.60.7 -0
Perturbation ratio

(a) Effectiveness of SAPE.

84.070.10.20.30.40.50.60.70.80.9 60
o

(b) Sensitivity of a.

Figure 5: Analysis of SAPE effectiveness and hyperparame-
ter sensitivity on the Drishti-GS to RIM-ONE-r3 adaptation.

Analysis of hyperparameter sensitivity. We conduct a
comprehensive sensitivity analysis of the hyperparameter c,
with results presented in Figure 5(b). The constrained per-
formance fluctuations demonstrate significant model robust-
ness to « variations, indicating minimal dependence on pre-
cise hyperparameter tuning. This stability is particularly ad-
vantageous in clinical deployment scenarios where exhaus-
tive parameter optimization is often impractical.

Conclusion

This work proposes GCC framework for SF-UDA in fundus
image segmentation. GCC identify low-Q pseudo-labeled
samples and refine them by leveraging the geometric knowl-
edge inherent in high-Q pseudo-labels. Additionally, GCC
controls Gaussian perturbation injection to mitigate the im-
pact of high-confidence noise. Finally, the refined pseudo-
labels are denoised with consideration of structural and se-
mantic consistency, used for adaptation of model. Experi-
mental results demonstrate that GCC outperforms other SF-
UDA methods. Our approach provides a novel perspective
on pseudo-label refinement in SF-UDA.
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