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Abstract. Driven by privacy regulations, Source-Free Domain Adap-006 006

tation (SFDA) has emerged as a practical paradigm for medical image007 007

segmentation. However, in the presence of severe domain shifts and ex-008 008

treme class imbalance, unsupervised SFDA methods are highly prone to009 009

confirmation bias and feature entanglement. While Active Learning (AL)010 010

mitigates these issues via expert intervention, existing methods suffer011 011

from inaccurate sample selection or rely on clinically impractical multi-012 012

round queries. To this end, we propose Adapt-Label-Adapt (A2L), a013 013

single-round active SFDA framework. Unlike direct sampling, A2L first014 014

structures the target manifold via Unsupervised Prototypical Alignment015 015

(UPA), thereby inherently reducing sampling bias. This structured man-016 016

ifold enables our Prototypical-Aware Uncertainty Herding (PAUH) strat-017 017

egy to identify a representative sample subset for one-time annotation.018 018

These queried samples then serve as reliable centroids to drive Label-019 019

Guided Manifold Calibration (LGMC). By reshaping the feature space020 020

around these definitive anchors, A2L globally calibrates the manifold021 021

and rectifies confirmation bias. Extensive experiments on fundus seg-022 022

mentation benchmarks demonstrate that A2L achieves state-of-the-art023 023

performance under an extremely low annotation budget.024 024

Keywords: Source-Free Domain Adaptation · Active Learning · Con-025 025

trastive Learning · Medical Image Analysis026 026

1 Introduction027 027

Medical image segmentation is crucial for computer-aided diagnosis [1,16,56]. In028 028

fundus image analysis, existing methods [19, 28, 32, 36] show promising results,029 029

but often struggle with limited cross-domain generalization due to domain shifts030 030

caused by variations in imaging parameters like illumination and resolution.031 031

To mitigate these challenges, Unsupervised Domain Adaptation (UDA) has032 032

emerged as an effective paradigm [46, 55]. By minimizing domain discrepancy033 033

across heterogeneous data distributions, UDA methods [14, 29, 34, 39] enable034 034

joint learning from labeled source data and unlabeled target images. Neverthe-035 035

less, their practical adoption in clinical settings remains limited due to stringent036 036

privacy regulations and ethical constraints. In many real-world medical scenar-037 037

ios, labeled source datasets are highly sensitive and restricted by institutional038 038

policies, preventing data sharing or cross-institutional access.039 039
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Fig. 1: Comparison of Active SFDA paradigms. Left: Direct sampling leads to
biased annotations. Middle: Multi-round sampling is clinically impractical. Right:
A2L performs single-round adaptation via UPA (manifold structuring), PAUH (infor-
mative sample selection), and LGMC (global feature calibration).

Source-Free Domain Adaptation (SFDA) is a popular method for adapting040 040

a pretrained source model to the target domain using only unlabeled target041 041

data [10, 23]. SFDA has recently been applied to fundus image segmentation.042 042

Many methods use entropy minimization for target domain adaptation, but they043 043

are vulnerable to noise from domain shifts. To address this, Mean Teacher-based044 044

frameworks have been used to improve robustness. CBMT [45] uses consistency045 045

regularization and global loss calibration to handle label noise and class imbal-046 046

ance, while CCMT [61] improves stability by adjusting the teacher’s update rate047 047

and aligning output distributions. Despite these improvements, SFDA still faces048 048

challenges due to the limited knowledge of the source model. This results in049 049

unreliable predictions for uncertain data, which unsupervised adaptation can-050 050

not fix. Therefore, a more effective strategy for handling informative samples is051 051

needed, motivating the use of Active SFDA.052 052

Active SFDA methods [30, 50, 63] use uncertainty metrics to identify hard053 053

samples. However, under extreme domain shifts and class imbalance, these meth-054 054

ods often fail during the initial query phase [11, 31, 35, 43, 44, 57]. While multi-055 055

round active learning strategies like LFTL [31] alleviate some of these issues,056 056

they are impractical for clinical settings that require a single-round process.057 057

To address this challenge, we propose the Adapt-Label-Adapt (A2L) frame-058 058

work, a single-round active learning approach for SFDA. As shown in Figure 1,059 059

direct sampling on entangled features leads to biased annotations, and multi-060 060

round sampling is impractical due to continuous training interruptions. A2L061 061
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solves these issues with a progressive disentanglement strategy. It starts with062 062

Unsupervised Prototypical Alignment (UPA) to untangle the target manifold.063 063

On this aligned space, Prototypical-Aware Uncertainty Herding (PAUH) queries064 064

a highly informative core-set in one round. Finally, Label-Guided Manifold Cal-065 065

ibration (LGMC) uses the minimal annotations for global adaptation. By com-066 066

bining unsupervised alignment with active calibration, A2L offers a one-time067 067

solution for clinical workflows. Our contributions are summarized as follows:068 068

1) We propose Adapt-Label-Adapt (A2L), a single-round SFDA framework069 069

that alleviates sampling bias caused by domain shifts through Unsupervised070 070

Prototypical Alignment (UPA) and identifies hard samples for active queries.071 071

2) We propose Prototypical-Aware Uncertainty Herding (PAUH), which in-072 072

corporates class frequency weights and geometric coverage to overcome inaccu-073 073

rate sampling due to domain shifts and class imbalance.074 074

3) We propose Label-Guided Manifold Calibration (LGMC), which uses min-075 075

imal expert annotations to globally calibrate the feature space and disentangle076 076

representations, achieving state-of-the-art performance.077 077

2 Related Work078 078

Source-Free Domain Adaptation. SFDA aims to achieve cross-domain fea-079 079

ture transfer relying solely on pre-trained source models and unlabeled target080 080

domain data, thereby effectively circumventing data leakage. This paradigm first081 081

achieved significant progress in natural image segmentation tasks [22,27,59,62].082 082

Subsequently, it was rapidly introduced into the field of medical image segmen-083 083

tation [4, 20, 58, 60], which is constrained by strict privacy regulations. Among084 084

various medical modalities, fundus image segmentation imposes higher demands085 085

on SFDA algorithms due to extreme class imbalance and boundary ambigu-086 086

ity. Existing purely unsupervised SFDA methods for fundus image segmenta-087 087

tion [6,45,61,63] rely on pseudo-label denoising or Mean Teacher architectures to088 088

tackle these challenges. However, limited by the knowledge blind spots of source089 089

models, these unsupervised methods are prone to generating high-confidence yet090 090

erroneous pseudo-labels on long-tail hard samples with vast morphological varia-091 091

tions, thereby falling into confirmation bias. Furthermore, simple self-supervised092 092

clustering or denoising mechanisms struggle to fundamentally disentangle fea-093 093

ture representations at extremely blurred boundaries.094 094

Active Learning for SFDA. Active Learning (AL) seeks to maximize model095 095

performance at minimal cost by heuristically querying the most informative un-096 096

labeled samples for expert annotation under a strict budget [9, 13, 38, 40]. To097 097

overcome the confirmation bias of unsupervised SFDA, AL is integrated into098 098

this framework, termed Active SFDA. Early attempts primarily relied on local099 099

uncertainty or feature perturbations for sampling [2,25,26,50]. As this paradigm100 100

extends to challenging dense prediction tasks, tackling extreme domain shifts101 101

and improving clinical deployment efficiency become pivotal. Consequently, re-102 102

cent studies focus on precise alignment in complex regions, such as the dual-103 103

reference sampling in STDR [51] and supportive negative sampling in SNSA [63].104 104
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Furthermore, Lyu et al. [31] revealed the long-tail error manifold, where model105 105

errors concentrate on scarce hard samples, demonstrating superior feasibility of106 106

single-round AL over multi-round interactions. However, existing Active SFDA107 107

methods mostly based solely on uncertainty or outlier distances. By neglect-108 108

ing local density and global topological diversity, they easily incur sampling109 109

redundancy. Moreover, merely applying simple cross-entropy fine-tuning after110 110

obtaining labels fails to explicitly disentangle features in ambiguous regions.111 111

Contrastive Learning. Contrastive learning has revolutionized self-supervised112 112

learning by pulling positive pairs closer and pushing negative pairs apart in113 113

the representation space [8, 15, 18]. This classic image-level paradigm heavily114 114

relies on tailored data augmentations to construct discriminative features. How-115 115

ever, since dense prediction tasks demand high-resolution spatial localization116 116

and fine-grained semantic classification, traditional image-level contrast often117 117

loses critical local context. Consequently, researchers have shifted contrastive118 118

mechanisms from the image level to the pixel or region level. Notably, Wang et119 119

al. [53] pioneered Cross-Image Pixel Contrast in semantic segmentation, achiev-120 120

ing fine-grained alignment from a global perspective by constructing pixel-wise121 121

positive and negative pairs across different images. Recently, Dense Contrastive122 122

and Prototypical Contrastive approaches have been widely applied to medical123 123

image segmentation [3,5,54,60]. For instance, Basak et al. [3] demonstrated the124 124

indispensability of contrastive learning for extracting minute lesion features in125 125

few-shot medical segmentation, while Yu et al. [60] combined prototype anchors126 126

with contrastive learning to explore cross-domain feature alignment. Although127 127

these methods significantly enhance representation discriminability, under ex-128 128

treme domain shifts of SFDA [42, 62], the lack of reliable supervision makes129 129

models highly prone to forcibly aligning noisy pseudo-labels as pseudo-positives.130 130

3 Theoretic Motivation131 131

In medical image analysis, adapting a model to a target domain faces severe132 132

covariate shift and class imbalance. In this section, we highlight the main math-133 133

ematical challenges of applying active learning under these conditions. By identi-134 134

fying the limitations of standard methods in prototype corruption and topologi-135 135

cal collapse, we motivate the need for our Adapt-Label-Adapt (A2L) framework.136 136

Due to space constraints, detailed proofs are provided in the Appendix.137 137

3.1 Prototype Corruption138 138

The objective of AL is to query a minimal subset of unlabeled data S∗ that139 139

maximizes a utility function A(S) balancing informativeness and diversity:140 140

A(S) =
∑
xi∈S

U(xi, {µc})− γ
∑

xi,xj∈S

K(zi, zj), (1)141 141

where U measures uncertainty with respect to class prototypes {µc} and K142 142

promotes diversity. In SFDA, target labels are strictly unavailable, so the uncer-143 143

tainty metric U must rely on feature distances to estimated prototypes derived144 144
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from the frozen source model’s pseudo-labels. Under severe domain shift, source145 145

boundaries overlap with high-density target regions, leading to pseudo-label cor-146 146

ruption and prototype bias. To quantify this, we decompose the prototype esti-147 147

mation error into stochastic sampling error and structural bias:148 148

Proposition 1 (Prototype Estimation Error Bound). Let Sc be the sub-149 149

set of target samples with pseudo-label c and nc = |Sc|. Define the oracle centroid150 150

µ∗
c := E(x,y)∼DT

[ f(x) | y = c ], and the empirical prototype µ̂c :=
1
nc

∑
xi∈Sc

f(xi).151 151

Further define the misclassification mean µerr := E[ f(x) | y ̸= c, ŷ = c ], the152 152

false discovery rate αc := P(y ̸= c | ŷ = c), and the selection bias vector153 153

βc := E[ f(x) | y = c, ŷ = c ] − µ∗
c . Then, with probability at least 1 − δ, the154 154

estimation error satisfies155 155

∥µ̂c − µ∗
c∥2 ≤ M

√
2d log(2d/δ)

nc
+ (1− αc)∥βc∥2 + αc∥µerr − µ∗

c∥2,156 156

where the first term reflects sampling variability and the remainder captures157 157

structural bias.158 158

This decomposition reveals a deadlock, i.e., while the stochastic sampling er-159 159

ror diminishes with larger nc, the structural bias component remains irreducible160 160

whenever αc > 0. This residual bias distorts uncertainty estimates and under-161 161

mines active sampling.162 162

While Proposition 1 bounds the stochastic error using the worst-case feature163 163

norm M , in practice, this sampling variability is directly governed by the em-164 164

pirical intra-class variance, denoted as σ2
c . Compressing this variance effectively165 165

tightens the practical estimation error.166 166

Lemma 1 (Vulnerability of Query Guarantee).167 167

Assume the active learning utility function U(x, µ) is L-Lipschitz continuous168 168

w.r.t. the prototype µ. Let ∆ := U(xa, µ
∗) − U(xn, µ

∗) > 0 be the true utility169 169

margin between a structural anchor xa and out-of-distribution noise xn. If the170 170

empirical prototype µ̂ suffers from structural bias Bc = ∥µ̂ − µ∗∥2 > ∆
2L , then171 171

there exists a feasible adversarial configuration where the theoretical guarantee172 172

to prioritize xa over xn is compromised, i.e.,173 173

U(xn, µ̂) > U(xa, µ̂).174 174

Lemma 1 implies that directly applying active learning on an uncalibrated175 175

source model can bias sampling toward irrelevant noise rather than meaningful176 176

boundary structure. To restore query purity (Bc → 0), we introduce Unsuper-177 177

vised Prototypical Alignment (UPA), which uses high-confidence masking to178 178

drive αc → 0 and self-contrastive refinement to compress intra-class variance.179 179

3.2 Topological Collapse180 180

Even if structural bias Bc is reduced through UPA, sampling strategies that fo-181 181

cus purely on local uncertainty can misrepresent the global topological structure182 182
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of the target distribution. Uncertainty sampling emphasizes boundary instances,183 183

while space-covering strategies like Core-set sampling risk wasting the query bud-184 184

get on large, uninformative background regions, especially under extreme class185 185

imbalance. In both cases, the distribution of queried samples P̂Q deviates from186 186

the true target distribution DT . This distributional mismatch impacts general-187 187

ization, which we bound using the 1-Wasserstein distance between distributions.188 188

Proposition 2 (Generalization Bound via Optimal Transport).189 189

Let hQ ∈ H be a hypothesis trained on a queried subset SQ of size n drawn190 190

i.i.d. from the query distribution PQ. Let DT be the overall target distribution.191 191

Assume covariate shift: P (y|x) is identical across DT and PQ. Assume the loss192 192

ℓ(y′, y) is bounded by Mℓ and is Lℓ-Lipschitz w.r.t. its prediction argument, and193 193

each h ∈ H is Lh-Lipschitz w.r.t. x. Then with probability at least 1− δ,194 194

RDT
(hQ) ≤ R̂Q(hQ) + 2JSQ

(H) + 3Mℓ

√
log(2/δ)

2n
+ LℓLh ·W1(D

X
T , PX

Q ), (2)195 195

where R̂Q(hQ) is the empirical risk, JSQ
(H) is the Rademacher complexity of196 196

H, and W1(D
X
T , PX

Q ) is the 1-Wasserstein distance between the marginal input197 197

distributions.198 198

The Wasserstein term in the above bound penalizes distributional mismatch,199 199

reflecting the geometric cost of transporting mass between DT and P̂Q. When200 200

acquisition strategies focus on local uncertainty or sparse coverage, W1(DT , P̂Q)201 201

could be increased, leading to weakened generalization guarantees. To control202 202

this penalty without succumbing to the background-domination flaw of vanilla203 203

Core-sets, the sampling strategy must be topology-aware and class-calibrated.204 204

Motivated by this bound, we propose Prototypical-Aware Uncertainty Herding205 205

(PAUH), which excludes background noise, applies class frequency weighting,206 206

and centers queries around UPA-disentangled prototypes. This ensures the sam-207 207

pled subset preserves the global geometry of DT while controlling the Wasserstein208 208

penalty, promoting balanced and robust target generalization.209 209

4 Methodology210 210

Guided by our theoretical analysis, the Adapt-Label-Adapt (A2L) framework211 211

addresses active domain adaptation bottlenecks through a three-stage pipeline.212 212

As illustrated in Fig. 2. A2L includes: (1) UPA to reduce feature variance and de-213 213

couple bias; (2) PAUH for single-round target distribution alignment; (3) LGMC214 214

to adjust the target manifold using a minimal query budget.215 215

For these stages, we use a weak-strong augmented Mean Teacher architec-216 216

ture [45,61] as the feature extractor. During unsupervised adaptation, the teacher217 217

network generates pseudo-labels ŷ to guide the student. To avoid manifold dis-218 218

tortions from noisy labels, the teacher is updated via an Exponential Moving219 219

Average (EMA) of the student’s parameters. Let zi ∈ Rd represent the fea-220 220

ture embedding of pixel i from the student network. A detailed summary of the221 221

framework is provided in the Appendix.222 222
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Fig. 2: Overview of the A2L framework. UPA generates pseudo-centroids to reduce
structural bias, PAUH selects a core subset via pixel uncertainty and geometric diver-
sity, and LGMC uses annotated samples to calibrate the target feature manifold.

4.1 Unsupervised Prototypical Alignment (UPA)223 223

Directly sampling from the raw target space is flawed due to the structural bias224 224

(Bc) from pseudo-label false discovery (αc > 0), as shown in Proposition 1.225 225

To restore query purity, UPA constructs a global pseudo-centroid µc for each226 226

class c ∈ C using the teacher’s stable representations. To reduce structural bias227 227

(Bc → 0), we apply a masking strategy that filters uncertain predictions. The228 228

centroid update follows an EMA formula:229 229

µ(t)
c = αµ(t−1)

c + (1− α)
1

|M (c)|
∑

j∈M(c)

zj , (3)230 230

where M (c) is a dynamic high-confidence mask and α is the momentum of the231 231

exponential moving average. This ensures that only reliable samples contribute232 232

to µc, decoupling prototypes from misclassified noise.233 233

While masking mitigates structural bias, the stochastic error (σ2
c ) remains.234 234

To compress this intra-class variance (σ2
c → 0) and enforce inter-class uniformity,235 235

we optimize the student via a self-contrastive loss Lsca [53]:236 236

Lsca = − 1

|Ω|
∑
j∈Ω

log
exp(sim(zj , µŷj )/τ)∑
k∈C exp(sim(zj , µk)/τ)

. (4)237 237

where Ω is the spatial pixel set, sim denotes cosine similarity, and τ is the238 238

temperature hyperparameter.239 239
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The warm-up objective integrates this contrastive alignment with the seg-240 240

mentation loss Lseg (Cross-Entropy and Dice losses):241 241

Lwarmup = Lseg + βLsca, (5)242 242

where Lseg is guided by the teacher’s pseudo-labels, and β is a balancing factor.243 243

This phase disentangles the target space, enabling unbiased sampling.244 244

4.2 Prototypical-Aware Uncertainty Herding (PAUH)245 245

By greedily sampling boundaries, standard AL exacerbates distribution mis-246 246

match and violates generalization bounds. In fundus segmentation, background-247 247

dominated uncertainty further biases queries against minority structures.248 248

To evaluate structural value without background interference, we propose249 249

PAUH. We compute pixel-level uncertainty ui,p for each pixel p ∈ Ωi (the spatial250 250

pixel set of image Xi) based on its cosine divergence from the UPA-calibrated251 251

centroid:252 252

ui,p = ωŷi,p ·
(
1− sim(zi,p, µŷi,p)

)
, (6)253 253

where ωŷi,p
= 1/

√
fc prioritizes minority classes based on their global pixel254 254

frequency fc. Instead of aggregating over the whole image, we focus on localized255 255

bottlenecks. For each foreground class c ∈ Cfg in Xi, we collect the top-N most256 256

uncertain pixels to form a hard subset Hi,c, and compute its feature center vi,c257 257

as:258 258

vi,c =
1

|Hi,c|
∑

p∈Hi,c

zi,p. (7)259 259

The image-level uncertainty U(Xi) is then the macro-average over these hard260 260

subsets:261 261

U(Xi) =
1

|Cfg|
∑

c∈Cfg

 1

|Hi,c|
∑

p∈Hi,c

ui,p

 . (8)262 262

To enforce geometric diversity, we measure image-to-image similarity by263 263

aligning foreground centers via a similarity kernel K(·, ·):264 264

K̄(Xi, Xj) =
1

|Cfg|
∑

c∈Cfg

K(vi,c, vj,c). (9)265 265

We use a greedy herding objective to iteratively select the active subset St from266 266

the unlabeled target pool Dt:267 267

V (Xi) =
∑

Xj∈Dt

K̄(Xi, Xj)−
∑

Xs∈St

K̄(Xi, Xs),

Xt+1 = arg max
Xi∈Dt\St

[
U(Xi) · V (Xi)

]
.

(10)268 268

Here, V (Xi) quantifies the geometric diversity gain. Multiplying U(Xi) and269 269

V (Xi) ensures selected samples are both highly uncertain and structurally rep-270 270

resentative, stopping when the budget |St| = B is reached.271 271
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4.3 Label-Guided Manifold Calibration (LGMC)272 272

While UPA and PAUH successfully sample an unbiased core-set, unsupervised273 273

contrastive alignment can cause blind repulsion, tearing apart semantically sim-274 274

ilar instances due to the lack of ground truth. Once the subset S∗ is annotated275 275

with labels YS∗ , we introduce LGMC as a supervised intervention to correct the276 276

target manifold.277 277

We improve the metric space by replacing noisy pseudo-centroids (µc) with278 278

reliable, label-guided anchors gc. To ensure target stability, we compute these279 279

anchors using an EMA over the newly annotated foreground pixels:280 280

g(t)c = EMA

 1

|Ω∗
c |

∑
X∈S∗

∑
j∈Ω∗

c

zj

 , (11)281 281

where Ω∗
c is the set of labeled pixels for class c. Using these anchors, we apply a282 282

supervised contrastive loss Lcal to bind the representations to their true centers:283 283

284 284

Lcal = − 1

|Ω∗|
∑
j∈Ω∗

log
exp

(
sj,yj

/τ
)

exp
(
sj,yj/τ

)
+
∑

k ̸=yj
exp (sj,k/τ)

. (12)285 285

where Ω∗ =
⋃

c∈C Ω∗
c denotes the set of all annotated pixels across all classes286 286

in the active subset S∗, yj is the ground-truth label for pixel j, and sj,k =287 287

sim(zj , gk) represents the cosine similarity between the pixel feature zj and the288 288

label-guided anchor gk.289 289

To prevent overfitting to the sparse annotations of S∗ (e.g., 4% ∼ 5% budget),290 290

we continue to use the geometry of the unlabeled data. Thus, we preserve the291 291

teacher’s unsupervised pseudo-segmentation (Lseg) and the original prototypical292 292

alignment (Lsca) on the unlabeled target set (Dt \ S∗). The final objective is:293 293

Lfinal = Lsup(S
∗) + Lseg(Dt \ S∗) + βLsca(Dt) + λLcal(S

∗), (13)294 294

where Lsup provides standard supervision on S∗, and λ controls calibration295 295

strength. This formulation ensures label-guided intervention is balanced with296 296

continuous unsupervised manifold maintenance.297 297

5 Experiment298 298

5.1 Dataset and Implementation Details299 299

Datasets and Evaluation Metrics. We evaluate A2L on standard optic disc300 300

and cup segmentation benchmarks. Following cross-domain protocols, we use301 301

REFUGE [33] (320 train/80 test images) as the fully annotated source. Adap-302 302

tation is evaluated on two target domains: RIM-ONE-r3 [12] (99 train/60 test)303 303

and Drishti-GS [41] (50 train/51 test). For our active SFDA setting, the anno-304 304

tation budget B is strictly limited to 5% (5 images) for RIM-ONE-r3 and 4%305 305

(2 images) for Drishti-GS. All images are cropped to a 512× 512 ROI [52]. We306 306
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Table 1: Quantitative comparisons on the RIM-ONE-r3 and Drishti-GS datasets.
The best and second best results are highlighted. "–" denotes methods without
reported results. "S-F" indicates source-free. "±" represents the standard deviation
across samples. "*" indicates active learning methods.

Method Venue S-F
Optic Disc Segmentation Optic Cup Segmentation

Dice[%] ↑ ASSD[pixel] ↓ Dice[%] ↑ ASSD[pixel] ↓

RIM-ONE-r3

w/o DA [6] MICCAI’21 83.18 ± 6.46 24.15 ± 15.58 74.51 ± 16.40 14.44 ± 11.27
Oracle [52] MICCAI’19 96.80 – 85.60 –

BEAL [52] MICCAI’19 × 89.80 – 81.00 –
AdvEnt [48] CVPR’19 × 89.73 ± 3.66 9.84 ± 3.86 77.99 ± 21.08 7.57 ± 4.24
SRDA [4] MICCAI’20 ✓ 89.37 ± 3.66 9.91 ± 2.45 77.61 ± 13.58 10.15 ± 5.75
DAE [20] MIA’21 ✓ 89.08 ± 3.32 11.63 ± 6.84 79.01 ± 12.82 10.31 ± 8.45
DPL [6] MICCAI’21 ✓ 90.13 ± 3.06 9.43 ± 3.46 79.78 ± 11.05 9.01 ± 5.59

TT-SFDA [47] PMLR’24 ✓ 85.00 17.05 76.62 10.31
TENT [49] ICLR’21 ✓ 82.92 23.63 72.95 14.00

SFDA-FSM [58] MIA’22 ✓ 82.98 23.69 73.56 14.51
CBMT [45] MICCAI’23 ✓ 93.36 ± 4.07 6.20 ± 4.79 81.16 ± 14.71 8.37 ± 6.99
CCMT [61] Neurocomputing’25 ✓ 95.45 ± 1.79 3.97 ± 1.56 83.71 ± 12.00 7.33 ± 4.33
SEE [17] TPAMI’25 ✓ 95.28 ± 2.15 4.10 ± 1.84 84.07 ± 9.79 6.80 ± 4.20

SNSA* [63] AAAI’25 ✓ 94.76 4.55 81.53 8.16

A2L* Ours ✓ 95.53 ± 2.24 3.88 ± 1.82 85.23 ± 7.66 6.44 ± 3.68

Drishti-GS

w/o DA [6] MICCAI’21 93.84 ± 2.91 9.05 ± 7.50 83.36 ± 11.95 11.39 ± 6.30
Oracle [52] MICCAI’19 97.40 – 90.10 –

BEAL [52] MICCAI’19 × 96.10 – 86.20 –
AdvEnt [48] CVPR’19 × 96.16 ± 1.65 4.36 ± 1.83 82.75 ± 11.08 11.36 ± 7.22
SRDA [4] MICCAI’20 ✓ 96.22 ± 11.30 4.88 ± 13.47 80.67 ± 11.78 13.12 ± 16.48
DAE [20] MIA’21 ✓ 94.04 ± 2.85 8.79 ± 7.45 83.11 ± 11.89 11.56 ± 6.32
DPL [6] MICCAI’21 ✓ 96.39 ± 1.33 4.08 ± 1.49 83.53 ± 17.80 11.39 ± 10.18

TT-SFDA [47] PMLR’24 ✓ 95.22 6.00 80.67 13.00
TENT [49] ICLR’21 ✓ 94.06 7.56 80.12 13.52

SFDA-FSM [58] MIA’22 ✓ 93.83 7.76 83.19 11.95
CBMT [45] MICCAI’23 ✓ 96.61 ± 1.45 3.85 ± 1.63 84.33 ± 11.70 10.30 ± 5.88
CCMT [61] Neurocomputing’25 ✓ 96.91 ± 1.16 3.48 ± 1.35 86.36 ± 12.24 9.03 ± 5.51
SEE [17] TPAMI’25 ✓ 96.89 ± 1.12 3.52 ± 1.21 85.33 ± 11.50 9.68 ± 5.25

SNSA* [63] AAAI’25 ✓ 96.92 3.48 86.54 8.78

A2L* Ours ✓ 97.02 ± 1.11 3.35 ± 1.22 86.74 ± 12.26 8.70 ± 5.39

compare A2L against state-of-the-art UDA [48,52], unsupervised SFDA [4,6,17,307 307

20, 45, 47, 49, 58, 61], and Active SFDA [63] frameworks. Performance is quanti-308 308

fied using the Dice Similarity Coefficient (Dice) for spatial overlap and Average309 309

Symmetric Surface Distance (ASSD) for boundary precision.310 310
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Fig. 3: Quantitative results of different methods on the RIM-ONE-r3 and Drishti-GS
datasets.

Implementation details. Consistent with prior studies [6, 45, 52, 61, 63], we311 311

adopt DeepLabv3+ [7] equipped with a MobileNetV2 [37] backbone as our seg-312 312

mentation architecture. Optimization across all stages is performed using the313 313

Adam optimizer (β1 = 0.9, β2 = 0.99). For target adaptation, we employ a314 314

weak-strong augmented Mean Teacher architecture with a batch size of 8 and a315 315

learning rate of 5 × 10−4. Specifically, the adaptation begins with an initial 10316 316

epochs of unsupervised alignment guided by the self-contrastive loss Lsca, where317 317

the EMA momentum is 0.98, γ = 0.75, temperature τ = 0.10, and β = 1.0.318 318

Next, we extract the top-512 uncertain pixels per foreground class for active319 319

querying. Finally, the model is calibrated for a subsequent 20 epochs using the320 320

supervised contrastive objective Lcal, utilizing a temperature of 0.10, a margin321 321

scale of 0.20, and λ = 1.0. The entire framework is implemented in PyTorch on322 322

a single NVIDIA 5090 GPU.323 323

5.2 Experiment Results324 324

We quantitatively evaluate the A2L framework on two challenging fundus im-325 325

age segmentation benchmarks and compare it with UDA, SFDA, and the latest326 326

active SFDA methods. As shown in Table 1, on the RIM-ONE-r3 dataset, A2L327 327

achieves Dice scores of 85.23% and 95.53% for optic cup and optic disc segmen-328 328

tation, respectively. Notably, its optic cup segmentation result significantly out-329 329

performs the state-of-the-art (SOTA) active SFDA method, SNSA [63] (81.53%).330 330
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Table 2: Ablation study on the core components of our proposed A2L framework.
AL denotes Active Learning. Lcal and Lsca represent the two variants of Contrastive
Learning. The best and second best results are highlighted.

Baseline Active
Contrastive Learning Metrics

Lsca Lcal Avg. Dice[%] ↑ Avg. ASSD[pixel] ↓

✓ 88.59 6.84
✓ ✓ 89.70 5.74
✓ ✓ 89.34 5.95
✓ ✓ ✓ 89.16 6.00
✓ ✓ ✓ 90.08 5.47

✓ ✓ ✓ ✓ 90.38 5.16

Furthermore, in terms of the ASSD metric, A2L achieves the minimum bound-331 331

ary deviation, with ASSD values of 3.88 pixels and 6.44 pixels for optic cup and332 332

optic disc segmentation, respectively, which significantly surpasses other SOTA333 333

methods. On the Drishti-GS dataset, A2L achieves Dice values of 97.02% and334 334

86.74% for optic disc and optic cup segmentation, respectively. Compared with335 335

the unsupervised Mean Teacher architectures CBMT [45] and CCMT [61], A2L336 336

effectively fills the knowledge gap of the source model in the target domain337 337

through precise single-round active intervention, thereby mitigating the confir-338 338

mation bias problem caused by severe domain shift.339 339

As shown in Figure 3, we present the qualitative segmentation results of340 340

various methods on the RIM-ONE-r3 and Drishti-GS datasets. Due to severe341 341

domain shift, the baseline model without domain adaptation exhibits significant342 342

structural distortions. Although unsupervised SFDA methods [45, 61] and the343 343

active learning method [63] improve overall localization, they are still prone to344 344

producing irregular contours in regions with blurred boundaries. In contrast,345 345

A2L achieves more accurate boundary delineation and demonstrates superior346 346

segmentation performance for the optic disc and cup.347 347

5.3 Further Analyses348 348

Ablation Study. To evaluate the contribution of each component in A2L, we349 349

report an ablation study in Table 2. The results show that incorporating AL sig-350 350

nificantly improves performance, which confirms that limited expert supervision351 351

effectively corrects pseudo-label errors in source-free adaptation. Introducing352 352

UPA (Lsca) further enhances performance, which proves that compressing intra-353 353

class variance improves feature space organization and sampling efficiency. Ad-354 354

ditionally, LGMC (Lcal) yields additional gains, which demonstrates that using355 355

precise anchors and class-adaptive margins enforces wider decision boundaries,356 356

redistributing and decoupling the global feature manifold.357 357

Hyper-parameter Analysis. Figure 4 (a) and (b) illustrate the parameter358 358

sensitivity of the unsupervised alignment weight β and the label-guided calibra-359 359

tion weight λ in Eq. (13). The results indicate that the model achieves optimal360 360
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Table 3: Quantitative evaluation of various methods under the open compound set-
ting across the two datasets. The best and second best results are highlighted. "*"
indicates active learning methods.

Method Venue

Compound(C) Open(O) Avg.

RIM-ONE-r3 Drishti-GS REFUGE val C C and O

Dice ↑ ASSD ↓ Dice ↑ ASSD ↓ Dice ↑ ASSD ↓ Dice ↑ ASSD ↓ Dice ↑ ASSD ↓

BEAL [52] MICCAI’19 81.08 16.42 91.10 12.49 68.43 50.14 86.09 14.45 77.26 32.30
AdvEnt [48] CVPR’19 80.62 11.90 87.06 9.68 64.33 30.85 83.84 10.79 74.09 20.82
OCDA [60] MICCAI’23 81.61 13.85 87.68 9.62 82.26 21.95 84.64 11.74 83.45 16.84

DPL [6] MICCAI’21 84.96 9.22 89.96 7.74 78.81 11.67 87.46 8.48 83.13 10.07
TT-SFUDA [47] PMLR’24 80.81 39.95 87.95 9.50 80.23 22.78 84.38 24.72 82.30 23.75

TENT [49] ICLR’21 77.94 18.82 87.09 10.54 64.33 30.85 82.51 14.68 73.42 22.76
SFDA-FSM [58] MIA’22 78.27 19.10 88.51 9.86 79.42 8.62 83.39 14.48 81.40 11.55

PLPB [24] WACV’24 85.42 8.30 90.04 7.56 86.42 6.83 87.73 7.93 87.07 7.38
SNSA* [63] AAAI’25 88.15 6.36 91.73 6.13 88.02 5.63 89.94 6.24 88.98 5.94

A2L* Ours 90.38 5.16 91.88 6.03 88.64 5.19 91.13 5.60 89.89 5.40

performance on both Dice and ASSD metrics when β = 1.0 and λ = 1.0. Ex-361 361

cessively small weights result in insufficient contrastive constraints to effectively362 362

organize the feature space, while excessively large weights interfere with the363 363

primary segmentation loss.364 364

Open Compound Study. We evaluated the generalization of our framework365 365

on open-domain datasets, following the Open Compound Domain Adaptation366 366

protocol in SF-OCDA [24, 63]. Specifically, we used the REFUGE validation367 367

set [33] (80 images) as the open domain for testing after training on the target368 368

domain. As shown in Table 3, our approach outperforms SNSA in this open369 369

compound setting. By utilizing unlabeled data, our method achieves a 0.91%370 370

improvement in Dice and a 0.54 reduction in ASSD compared to SNSA. These371 371

results highlight our architecture’s strong adaptation potential for handling pre-372 372

viously unseen data while maintaining state-of-the-art performance.373 373

Sample Selection Methods. To verify the efficacy of our sample selection374 374

mechanism, we conduct a comprehensive comparison against several learning375 375

strategies [21, 30, 63]. For a fair assessment, all methods are evaluated under376 376

consistent experimental settings across various labeling budgets. As illustrated in377 377

Figure 4 (c) and (d), our proposed A2L framework consistently achieves superior378 378

performance over all competing strategies across all budget levels. These results379 379

validate that the performance gains of A2L are not merely due to the amount of380 380

labeled data, but rather our superior ability to curate high-value samples.381 381

Feature Visualization. To show the effectiveness of A2L, we visualize the pixel382 382

feature embeddings using t-SNE in Figure 5. After adaptation, features of pixels383 383

from the same class are clustered together, while features from different classes384 384

are well-separated, confirming that the features align with our expectations.385 385
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Fig. 4: Further analyses of the proposed A2L framework. (a) and (b) illustrate the
parameter sensitivity analysis for the unsupervised alignment weight β and the label-
guided calibration weight λ. (c) and (d) present the performance comparison of A2L
against various active sampling strategies under varying annotation budgets.

Fig. 5: t-SNE of target features. Left: Before adaptation, features are entangled
with blurry boundaries. Right: After A2L, features form compact intra-class clusters
with clear decision boundaries.

6 Conclusion386 386

To tackle domain shifts and confirmation bias in Source-Free Domain Adap-387 387

tation (SFDA) for medical image segmentation, we propose Adapt-Label-Adapt388 388

(A2L), an efficient single-round active framework. First, Unsupervised Prototyp-389 389

ical Alignment (UPA) structures the target manifold, overcoming mode collapse390 390

and sampling bias. Next, Prototypical-Aware Uncertainty Herding (PAUH) se-391 391

lects the most representative sample subset for one-time annotation while ad-392 392

dressing class imbalance. Finally, Label-Guided Manifold Calibration (LGMC)393 393

uses reliable anchors to globally reshape the feature space. Experiments show394 394

that A2L outperforms existing methods, offering a strong new paradigm for395 395

privacy-restricted clinical image analysis.396 396
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