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Figure 1: Comparison of different test-time adaptation (TTA) frameworks. (a) Model adaptation adjusts the source model weights to fit the
target data, but it is prone to error accumulation and catastrophic forgetting when the target domain shifts continuously. (b) Data adaptation
freezes the source model and aligns distributions by transforming target data, yet achieves suboptimal feature-level matching. (c) We propose
Synergistic Data-Model Adaptation (SDMA) that concurrently optimizes both model and data for superior domain alignment.

Abstract
Domain shift, predominantly caused by variations in medical imaging across different institutions, often leads to a decline in
the accuracy of medical image segmentation models. While Test-Time Adaptation (TTA) holds promise to address this issue,
existing methods exhibit significant limitations: model adaptation is prone to error accumulation and catastrophic forgetting in
continuous domain learning. Meanwhile, data adaptation struggles to achieve deep latent alignment due to the inaccessibility of
source domain data. To address these challenges, we propose Synergistic Data-Model Adaptation (SDMA), which innovatively
leverages Batch Normalization (BN) layers as a bidirectional bridge to enable a two-stage joint adaptation process. In the data
adaptation stage, domain-aware prompts dynamically adjust the BN statistics of incoming test data, achieving low-level distri-
bution alignment in the Fourier space. In the model adaptation stage, we dynamically optimize the BN affine parameters based
on strong-weak data augmentation and entropy minimization, enabling adaptation to high-level semantic features. Experiments
conducted on five retinal fundus image datasets from various medical institutions demonstrate that our method achieves an
average Dice improvement of 1.23% over previous state-of-the-art (SOTA) methods, establishing a new SOTA performance.

CCS Concepts
• Computing methodologies → Image segmentation;

1. Introduction

Medical image segmentation aims to automatically localize and
recognize lesion areas, thereby improving diagnostic accuracy and

† Corresponding author: Wei Chen, chenwei@nudt.edu.cn

efficiency while reducing human error [LTC∗20]. With the suc-
cess of deep learning, medical image segmentation has seen sig-
nificant improvements in accuracy. However, deep networks are
typically sensitive to domain shifts [HMW∗23], which are com-
mon in medical imaging scenarios. Medical imaging exhibits in-
trinsic domain variability due to discrepancies in hardware scanner,
protocol-specific parameter configurations, and temporal changes
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in signal-to-noise ratio. These variations can cause domain shift
that degrade the accuracy of segmentation models in real-world
applications. To address the domain shift problem, Unsupervised
Domain Adaptation (UDA) [BGR∗06, ZPIE17, HTP∗18, SLL∗21,
GWD∗23, ZWA∗24, ZLSZ24] has been proposed, which leverages
labeled source data and unlabeled target data during training with
the goal of improving prediction accuracy on the target domain.
However, in clinical practice, timely diagnosis and treatment often
require immediate predictions on individual test samples or small
batches, making it impractical to wait for a large volume of test
images from the same domain for UDA. Besides, due to medical
data privacy concerns, accessing source domain training data dur-
ing testing is not always feasible. Therefore, Test-Time Adaptation
(TTA) [WSL∗20, WFVGD22, YCJ∗22, LFW∗24, CPY∗24, BY24,
CYPX25] emerges as a more promising solution in such scenarios.

Test-time adaptation relies solely on test data, adapting the
model to incoming samples to improve performance. In real clinical
environments, the target domain undergoes continuous changes. To
address this, we focus on the continual test-time adaptation (CTTA)
setup, which extends TTA to a sequence of distribution shifts. A
common solution is model adaptation, as illustrated in Fig. 1(a),
which continuously updates the weights of source model using
the streaming target data. However, due to the absence of super-
vision, most TTA methods adopt self-supervised strategies, such as
entropy minimization [WSL∗20] and pseudo-labeling [LFW∗24].
These methods are subject to noisy supervision, which can lead
to error accumulation over time. Moreover, continuously train-
ing on new domains can cause catastrophic forgetting, resulting
in notable accuracy degradation. To mitigate these issues, data
adaptation strategies have recently emerged. Instead of updating
model weights, data adaptation (Fig. 1(b)) transforms the target
data distribution to resemble that of the source domain. For ex-
ample, VPTTA [CPY∗24] freezes the pre-trained model and learns
low-frequency prompts for each image to conduct data adaptation.
Basak et al. [BY24] propose a generative latent search paradigm to
reconstruct the closest clone of each target image from the source
latent space. Since the model remains frozen, it avoids problems
like error accumulation and catastrophic forgetting. However, with-
out access to source domain data, aligning the adapted target data
with the source model becomes challenging. Despite apparent vi-
sual similarities, deep networks may still interpret them quite dif-
ferently. Moreover, the target data itself contains valuable cues that
can be exploited to further improve the model. A natural question
arises: can we combine the strengths of data adaptation and
model adaptation?

Despite the clear motivation, the above question has been hardly
explored in prior works, to the best of our knowledge. A major
challenge is that data and model naturally serve varying roles in
deep learning, making it hard to jointly optimize data and model
adaptation. Nevertheless, we found that Batch Normalization (BN)
layer is a subtle intermediate variable to bridge data and model
adaptation. The BN layer consists of both statistical parameters
(mean µ and variance σ) and affine parameters (scale factor γ and
shift factor β). The normalization step first standardizes the in-
put x using µ and σ to obtain x̄ = (x − µ)/σ, then transforms it
through affine parameters to produce the final output x′ = γx̄+ β.
In which, the statistical parameters are non-trainable and capture

the data distribution, while the affine parameters are trainable and
enhance the model’s adaptability to different domains. When do-
main shift occurs, discrepancies in statistical parameters between
the target and source domains lead to a decline in model accu-
racy [WSL∗20, LXY∗21, NWZ∗23].

To address this issue, we propose Synergistic Data-Model Adap-
tation (SDMA) (Fig. 1(c)) that aligns the BN layer’s outputs be-
tween target and source domain data. Data adaptation modifies the
mean and variance of statistical parameters to match low-level char-
acteristics (style/texture), while model adaptation fine-tunes the
affine parameters via gradient updates to handle high-level seman-
tic shifts. These two strategies work synergistically to mitigate the
impact of output mismatches between source and target domains
in the BN layer. In the data adaptation stage, we optimize domain-
aware prompts to adjust the low-frequency Fourier components of
test images (encoding style/texture), aligning them with the source
distribution. The key adaptation signal comes from minimizing BN
statistics divergence (µ/σ) between source and prompted target fea-
tures. In the model adaptation stage, we first leverage multi-head
predictions on weakly augmented target samples to generate reli-
able pseudo-labels, which are then used to supervise the predictions
of strongly augmented target images. In addition, we apply entropy
minimization as a regularization strategy to update the affine pa-
rameters of the BN layers. After updating both the statistical pa-
rameters and affine parameters of the BN layers, we effectively
align the data and latent feature distributions between source and
target domains.

Our main contributions are as follows:

• We introduce a two-stage TTA framework that synergistically in-
tegrates data-level distribution alignment with model-level fea-
ture calibration, establishing a new paradigm beyond single-
stage approaches.

• We incorporate a consistency loss with strong–weak data aug-
mentations and investigate different update strategies to better
align data adaptation with model adaptation. These carefully de-
signed enhancements enable a synergistic effect.

• We reveal the bidirectional bridging role of Batch Normalization
layers as distribution shift detectors (via µ and σ) for data adap-
tation and feature calibrators (via γ and β) for model adaptation,
achieving error reduction through co-adaptation.

• Extensive validation on five clinical retinal fundus datasets
shows our method achieves 1.23% average Dice gain over
SOTA, proving the superiority of employing two-stage synergis-
tic data-model adaptation.

2. Related Work

2.1. Unsupervised Domain Adaptation

Unsupervised Domain Adaptation (UDA) has been extensively ex-
plored as a means to address performance degradation caused by
domain shifts between training (source) and testing (target) do-
mains. Existing UDA approaches can generally be classified into
three main categories. The first category leverages feature statis-
tics alignment [BGR∗06, SLL∗21], aiming to reduce domain dis-
crepancies by matching the statistical characteristics of feature
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distributions. The second category is based on adversarial learn-
ing [ZPIE17, HTP∗18, ZLSZ24], where domain discriminators are
employed to extract domain-invariant features through adversar-
ial optimization. The third category relies on self-training strate-
gies [ZWA∗24,GWD∗23], which iteratively refine the model using
pseudo-labels generated from its own predictions on unlabeled tar-
get data.

While effective, these methods usually require source data and
abundant target samples, making them impractical when source
data is unavailable and target data is scarce or arrives incrementally.
This has motivated growing interest in test-time adaptation, which
adapts models at deployment without source data. Building on the
test-time adaptation paradigm, our method entirely eliminates the
need for source data.

2.2. Test-Time Adaptation

Test-Time Adaptation (TTA) aims to adapt a source-pre-trained
model to target domain data during inference in a source-free and
online manner. In practice, we focus on the continual test-time
adaptation (CTTA) setup. Most existing methods focus on model
adaptation, updating the model’s parameters to fit the test data. For
example, TENT [WSL∗20] minimizes the entropy of model pre-
dictions by updating the trainable parameters in Batch Normal-
ization (BN) layers. CoTTA [WFVGD22] introduces a teacher-
student framework, where the student model is adapted through
weight-averaged parameters and augmentation-averaged predic-
tions. DLTTA [YCJ∗22] proposes a dynamic learning rate strategy
to achieve efficient and stable adaptation.

However, the absence of labels and the continuously chang-
ing distribution of the target domain can lead to error accumu-
lation and catastrophic forgetting in such model-centric methods.
To overcome these issues, recent works have begun to explore
data adaptation, which aims to transform test-time inputs to better
match a fixed, source-trained model, thus avoiding direct parame-
ter updates. For instance, VPTTA [CPY∗24] freezes the pre-trained
model and introduces low-frequency prompts generated per image
to adjust the input in medical image segmentation. Similarly, Basak
et al. [BY24] propose a variational sampling strategy in the source
representation space to retrieve the closest "clone" of a target image
and reconstruct it using the latent distribution of the source domain.
By keeping the model fixed, these data-centric methods mitigate er-
ror propagation and forgetting. However, in the absence of source
data, the transformed target inputs often fail to fully align with the
source-trained model.

To address these challenges, we propose a Synergistic Data-
Model Adaptation (SDMA) strategy that combines the strengths of
both paradigms. Our method jointly aligns low-level image charac-
teristics and high-level semantic features.

2.3. Batch Normalization-Based Test-Time Adaptation

Many existing TTA methods leverage the statistical and affine
parameters of Batch Normalization (BN) layers to facilitate do-
main adaptation. For example, Adaptive Batch Normalization (Ad-
aBN) [LWS∗16] recomputes BN statistics on test data to en-
hance the generalization capability of deep neural networks. Liu

et al. [SLL∗21] categorized BN parameters into low-order compo-
nents (mean and variance) and high-order components (scale and
shift). During inference, they updated only the low-order statis-
tics using test data while keeping high-order parameters fixed,
achieving improved performance in medical image segmentation.
SoTTA [GKL∗23] introduced an exponential moving average strat-
egy to update BN statistics dynamically. Similarly, several stud-
ies [SRE∗20,NPS∗20,ZMD∗21] have shown that recomputing BN
statistics with test data can effectively alleviate the domain shift
between source and target. In addition, some works [GKL∗23,
NWZ∗23] have explored updating only the affine parameters of BN
layers via backpropagation, demonstrating that tuning these limited
parameters can yield adaptation performance comparable to full
model fine-tuning, while offering better stability and efficiency.

In contrast to prior approaches, our method leverages BN lay-
ers as a bidirectional bridge between data adaptation and model
adaptation. Through a two-stage adaptation framework, we jointly
utilize BN statistics and affine parameters, enabling more effective
and robust domain adaptation during inference.

3. Methodology

The pipeline of our proposed method is illustrated in Fig. 2. In this
section, we first present the problem formulation, and then detail
the data adaptation and model adaptation stage.

3.1. Problem Formulation

We consider a continual test-time adaptation setting. The source
domain dataset is denoted as DS = {(xS

i ,y
S
i )}NS

i=1, consisting of NS

labeled medical images, where xS
i ∈ X S are the input images and

yS
i ∈ YS are the corresponding labels. A pre-trained model Fθ0 is

obtained by training on DS. Our objective is to continuously adapt
this model to a dynamically changing target domain in an online
manner, without access to source domain data during inference.

The unlabeled target data X T arrives sequentially as a time se-
ries, with the model only accessing data at the current timestep. We
consider an extreme scenario where only a single image is available
at each timestep. At time t, the model receives an input xT

t and must
predict its corresponding label ŷ ∈ YT . While the source and tar-
get domains differ in distribution (X S ̸= X T ), they share the same
label space (YS = YT ). Notably, the distribution of xT

t may shift
over time, and the model is evaluated solely based on its online
prediction performance.

3.2. Data Adaptation

Directly applying target domain test data to a model trained on the
source domain often results in significant performance degradation
due to domain shift. To alleviate this, we adapt the test data to bet-
ter match the source domain distribution before inference. Inspired
by previous work [GBL∗23, CPY∗24], we employ domain-aware
prompts to adjust the appearance of test images, encouraging simi-
larity to the source domain in style and texture.

As shown in Fig. 2, we first apply the Fast Fourier Trans-
form (FFT) to the test image to decompose it into amplitude and
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Figure 2: Overview of our proposed method. After obtaining the source domain model during the pretraining stage, each test image un-
dergoes two adaptation stages. In the data adaptation stage, the test image is transformed toward a source-like distribution using Fourier
transformation and domain-aware prompt optimization. A memory bank is utilized to effectively initialize these prompts, while the absolute
distance of BN statistical parameters guides the prompt optimization process. In the model adaptation stage, the affine parameters of the
Batch Normalization (BN) layers are optimized through consistency learning between strong and weak data augmentations, along with en-
tropy minimization. During inference, the adapted test image is passed through the adapted model to generate the final segmentation result.
By jointly calibrating BN statistics and affine parameters, the process achieves synergistic adaptation.

phase components. The frequency spectrum is centered so that low-
frequency components, which are closely related to image style
and texture [CPY∗24], are positioned at the center to enable ef-
fective frequency-domain manipulation. A learnable domain-aware
prompt is then used to modify the low-frequency region of the am-
plitude spectrum, adjusting the image’s global appearance while
preserving its semantic content.

Formally, for a test image xT
t ∈ RH×W×C at timestep t, let

FA(xT
t ) and FP(xT

t ) denote its amplitude and phase components,
respectively. Given a prompt Pt ∈ R(αH)×(αW )×C, the adapted im-
age x̃T

t is computed as:

x̃T
t = F−1

([
OnePadding(Pt)⊙FA(xT

t ),FP(xT
t )
])

, (1)

where F−1 is the inverse FFT, ⊙ denotes element-wise multiplica-
tion, and OnePadding one-pads the prompt Pt to match the spatial
resolution H ×W . The scaling factor α ∈ (0,1) controls the region
of the amplitude spectrum modified by the prompt, encouraging it
to focus on low-frequency components.

Prompt Initialization. To enable stable and effective prompt learn-
ing, we introduce a memory bank of length M for prompt ini-
tialization. This memory bank stores pairs of low-frequency am-
plitude components and their corresponding prompts, denoted as
{km,vm}M

m=1, where km represents a stored low-frequency compo-
nent and vm is its corresponding prompt. All entries are initially set
to ones and updated using a First-In-First-Out (FIFO) strategy: new
entries are enqueued, and the oldest are removed.

The memory bank effectively captures the dynamically chang-
ing low-frequency styles encountered over time. To retrieve a rel-
evant initialization for the current test image xT

t , we compute the
cosine similarity between its low-frequency amplitude component
FA

low(x
T
t ) and each stored component km in the memory:

Cos(FA
low(x

T
t ),km) =

⟨FA
low(x

T
t ),km⟩

∥FA
low(x

T
t )∥ · ∥km∥

, (2)

where ⟨·, ·⟩ denotes the dot product, and ∥·∥ is the Euclidean norm.

We sort the similarity scores and retrieve the top-N nearest
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neighbors to construct a support set Rt = {kn,vn}N
n=1 for the cur-

rent image. Each corresponding prompt vn is assigned a weight wn
based on its similarity score, such that prompts corresponding to
more similar low-frequency components receive higher weights.
The weights are normalized to ensure ∑

N
n=1 wn = 1. The initialized

prompt Pt is then computed as a weighted combination:

Pt =
N

∑
n=1

wnvn. (3)

Statistical Alignment. Batch Normalization (BN) statistics,
specifically the mean µ and variance σ, capture domain-specific
characteristics. A major cause of performance degradation under
domain shift is the mismatch between BN statistics from the source
and target domains [NWZ∗23]. To mitigate this, we use BN statis-
tics to guide low-level distribution alignment of the target data.

After passing the adapted image x̃T
t through the source model

Fθ0 , we update the prompt by minimizing the discrepancy in BN
statistics. The loss function LBN is defined as the average absolute
difference between source and target BN statistics:

LBN =
1
J

J

∑
j=1

(
|µ j

s −µ j
t |+ |σ j

s −σ
j
t |
)
, (4)

where J is the total number of BN layers in Fθ0 , and µ j
s ,σ

j
s , µ j

t ,σ
j
t

are the mean and variance from the j-th BN layer under source and
target inputs.

During backpropagation, only the prompt Pt is updated to mini-
mize LBN , while the parameters of Fθ0 remain frozen. The updated
prompt is denoted as P ′

t . This enables lightweight and stable test-
time adaptation by aligning the low-level style and texture of target
data with the source domain.

3.3. Model Adaptation

During the model adaptation stage, we dynamically update the
affine parameters (γ and β) of the Batch Normalization (BN) layers
to better align deep semantic features. Although the domain-aware
prompt narrows the visual gap between target and source data, dis-
crepancies remain in their deep feature representations. To bridge
this, we refine BN’s affine parameters, adjusting γ for precise fea-
ture scaling and β for translation, aligning the target BN output
γt(xt −µt)/σt +βt , with the source BN output γs(xs −µs)/σs +βs,
thus achieving effective semantic alignment in feature space.

As illustrated in Fig. 2, at each timestep t, we use the prompt P ′
t

from the data adaptation stage to generate the adapted image x̂T
t :

x̂T
t = F−1

([
OnePadding(P ′

t )⊙FA(xT
t ),FP(xT

t )
])

, (5)

We apply multiple weak augmentations to this image, including
rotation, horizontal flipping, and vertical flipping. These weakly
augmented samples are fed into the model from the previous
timestep, Fθt−1 , to obtain pseudo-labels ŷ via a multi-head ensem-
ble of predictions. This ensemble strategy leverages the fact that
weight-averaged models tend to produce more reliable predictions,
and that averaging over multiple augmentations can further en-
hance pseudo-label quality [WFVGD22].

Next, we apply strong augmentations to x̂T
t and input the result

into Fθt−1 to obtain the predicted probability map pt . The pseudo-
label ŷ from the weakly augmented samples is then used to super-
vise the prediction from the strongly augmented image, leading to
the consistency loss Lconsis:

Lconsis =−∑ ŷ log pt . (6)

In addition to consistency training, we also perform entropy min-
imization on the prediction ỹ from Fθt−1 when fed with the adapted
image x̂T

t . The entropy loss Lent is defined as:

Lent =−∑ ỹ log ỹ. (7)

The final loss combines both terms as a weighted sum:

Ltotal = ρLconsis +(1−ρ)Lent, (8)

where ρ ∈ (0,1) controls the trade-off between consistency and en-
tropy minimization.

We apply Ltotal to update only the BN affine parameters in Fθt−1 ,
yielding the adapted model Fθt after just one iteration. By enforcing
consistency between strongly and weakly augmented samples and
minimizing the entropy of predictions, our method encourages the
model to preserve augmentation-invariant features while enhancing
prediction confidence.

3.4. Inference

After completing the data and model adaptation stages at each
timestep t, the adapted image x̂T

t is fed into the adapted model Fθt

to produce the final segmentation output yt :

yt = Fθt (x̂
T
t ). (9)

Here, Fθt represents the model whose Batch Normalization affine
parameters have been fine-tuned online using the latest target do-
main data, allowing it to better capture the changing distribution
features. Consequently, the segmentation result yt is expected to
be more accurate and reliable compared to directly using the pre-
trained source model without adaptation. This continuous adapta-
tion enables the model to maintain robust performance despite on-
going domain shifts.

4. Experiments

4.1. Experimental Setup

Datasets and Evaluation Metrics. We evaluate our method on five
publicly available retinal fundus image datasets, all focusing on

Table 1: Overview of five retinal fundus image datasets from di-
verse medical centers for cross-domain experiments.

Domain ID Dataset Sample size
Domain A RIM-ONE-r3 [FAS∗11] 159
Domain B REFUGE [OFB∗20] 400
Domain C ORIGA [ZYL∗10] 650
Domain D REFUGE-Validation/Test [OFB∗20] 800
Domain E Drishti-GS [SKJ∗14] 101
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Table 2: Quantitative evaluation results of the segmentation on the retinal fundus datasets. The ↑ sign indicates a higher score is better. The
best results are in boldface.

Method
Domain A Domain B Domain C Domain D Domain E Average

DSC DSC DSC DSC DSC DSC↑
Source Only 64.53 76.06 71.18 52.67 64.87 65.86

TENT-Continual [WSL∗20] 73.07 78.66 71.94 46.81 70.20 68.13
CoTTA [WFVGD22] 75.39 75.98 69.14 53.99 70.40 68.98

DLTTA [YCJ∗22] 75.11 78.85 73.89 51.64 69.71 69.84
DUA [MMPB22] 72.28 76.59 70.13 56.17 71.38 69.31
SAR [NWZ∗23] 74.55 77.71 70.78 55.40 71.72 70.03

DomainAdaptor [ZQSG23] 74.50 76.39 71.81 56.78 70.55 70.01
VPTTA [CPY∗24] 73.91 79.36 74.51 56.51 75.35 71.93

SDMA (Ours) 76.07 78.87 71.18 71.78 67.91 73.16

Figure 3: Qualitative comparison of segmentation results on reti-
nal fundus images among the W/o Adaptation baseline, VPTTA,
and our proposed method. "D → A" indicates that the model is
trained on source domain D and evaluated on target domain A.
The optic cup (OC) and optic disc (OD) are displayed in red and
green contours respectively.

the optic cup (OC) and optic disc (OD) segmentation task. These
datasets, collected from different medical centers, are designated to
as domain A to domain E, which are described in Table 1.

For each image, we crop a region of interest (ROI) centered on
the OD with a fixed size of 800×800 pixels, following the proto-
col in [HLX22]. Each ROI is then resized to 512×512 pixels and
normalized using min-max normalization. For evaluation, we adopt
the Dice Similarity Coefficient (DSC) as the metric, consistent with
prior studies [CPY∗24].

Implementation Details. We follow a cross-domain evaluation
protocol in each experiment: the source model is trained on one
domain and tested on the remaining target domains. We report the
average performance across all target domains to evaluate general-
ization under diverse domain shifts.

We use ResUNet-34 [HZRS16] as the segmentation backbone.

During test-time adaptation, all methods including ours and the
baselines perform one adaptation iteration per incoming test sam-
ple (batch size = 1) to ensure fair comparison. In the data adaptation
stage, we use the Adam optimizer [Kin14] with a learning rate of
0.05. The prompt size ratio α is set to 0.01. The memory bank size
M is 40, and the support set size N is 16, following [CPY∗24]. For
model adaptation, we again use the Adam optimizer with a learning
rate of 1×10−5. The balancing factor ρ in the total loss is set to 0.5.
Batch Normalization statistics are updated online using the incom-
ing test data. Each adaptation step consists of one cycle combining
data-level transformation and model-level parameter refinement.

All experiments are implemented in PyTorch and conducted on
a single NVIDIA Quadro RTX 6000 GPU with 24 GB memory.
The strong data augmentation strategies include brightness adjust-
ment, contrast variation, Gamma transformation, Gaussian noise,
and Gaussian blur.

4.2. Comparison with State-of-the-Arts

We begin by outlining the comparative methods. As shown in Ta-
ble 2, “Source Only” serves as the lower bound, where the model is
trained solely on the source domain and evaluated on the target do-
main without any adaptation. Our proposed method is compared
against a range of continual test-time adaptation (CTTA) meth-
ods, including both model adaptation and data adaptation meth-
ods. Among model adaptation methods, CoTTA [WFVGD22] is
based on pseudo-labeling, while TENT-continual [WSL∗20] and
SAR [NWZ∗23] employ entropy minimization to guide adap-
tation. DLTTA [YCJ∗22] introduces dynamic learning rate ad-
justment, DomainAdaptor [ZQSG23] combines entropy loss with
Batch Normalization (BN) statistics fusion, and DUA [MMPB22]
focuses on modifying BN statistics. In terms of data adapta-
tion, VPTTA [CPY∗24] adjusts input data distributions via vi-
sual prompts. The performance results of these methods are taken
from [CPY∗24] for consistency and fair comparison.

Our proposed approach achieves state-of-the-art performance
on the optic cup and optic disc segmentation task, with an av-
erage Dice Similarity Coefficient of 73.16%, outperforming all
baseline methods. Notably, on Domain D, our method achieves a
DSC of 71.78%, surpassing the second-best method, DomainAdap-
tor, which scores 56.78%, by more than 15 percentage points.
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Table 3: Ablation Study on different components of our method.

Components Domain A Domain B Domain C Domain D Domain E Average
Data Adaptation Model Adaptation DSC DSC DSC DSC DSC DSC↑

64.53 76.06 71.18 52.67 64.87 65.86
✓ 73.90 79.35 74.51 56.53 75.35 71.93

✓ 74.49 77.47 70.73 58.75 73.14 70.92
✓ ✓ 76.07 78.87 71.18 71.78 67.91 73.16

Figure 4: The change of DSC score on OC/OD segmentation with
different training iterations in the model adaptation stage.

This highlights the strong cross-domain generalization capability
of our method. While VPTTA performs well on Domain B with
79.36%, Domain C with 74.51%, and Domain E with 75.35%,
our method demonstrates more balanced performance across all
domains. Specifically, SDMA achieves the highest DSC on Do-
main A with 76.06%, outperforming VPTTA’s 73.91%. On Do-
main B, our result of 78.87% is nearly on par with VPTTA, with
only a 0.49% difference. Most notably, on Domain D, our method
achieves 71.63%, substantially outperforming VPTTA’s 56.51%,
demonstrating superior robustness.

This consistent performance advantage across domains suggests
that our method effectively mitigates domain shifts, especially in
challenging scenarios such as Domain D, where other methods ex-
perience severe degradation exceeding 10%. The strength of our
approach lies in its synergistic integration of data and model adap-
tation, enabling more comprehensive domain adaptation.

Finally, Fig. 3 provides a qualitative comparison of segmentation
results on Domain D. The W/o Adaptation baseline exhibits signifi-
cant prediction bias, including structural distortion and poor bound-
ary delineation. While VPTTA shows moderate improvements, it
still suffers from segmentation artifacts and incomplete delineation,
particularly within the optic cup. In contrast, our method produces
more accurate and complete segmentation, demonstrating superior
spatial precision and boundary localization.

4.3. Ablation Study

To evaluate the contribution of each component within our pro-
posed framework, we perform an ablation study on Data Adapta-
tion and Model Adaptation. The results across five source domains
(A–E) are presented in Table 3.

Applying Data Adaptation alone boosts the average DSC from
65.86% (no adaptation) to 71.93%, with consistent gains across
all domains. This underscores the importance of input-level distri-
bution alignment for mitigating domain shifts. With Model Adap-
tation alone, the average DSC reaches 70.92%. Although slightly
less effective than Data Adaptation in some domains (e.g., A and
B), it still provides substantial improvement by refining semantic
features via adaptive feature normalization. The best performance
(73.16%) occurs when both components are enabled, confirming
their complementarity: Data Adaptation reduces distribution gaps
at the visual level, while Model Adaptation enforces feature-level
consistency and prediction robustness.

Overall, these results clearly demonstrate the effectiveness of
each component and validate the design of our synergistic data-
model adaptation strategy. The integration of both adaptation stages
provides superior generalization across diverse domains.

4.4. Discussions

Analysis of Training Iterations in the Model Adaptation Stage.
The trend of DSC over adaptation iterations in the modal adapta-
tion stage is presented in Fig. 4 for five source domains (A–E). In
most domains, performance peaks after the first iteration and then
gradually declines, which indicates that a single iteration is suffi-
cient for optimal adaptation. This degradation arises because only
one image is available at each test step, making excessive iterations
prone to overfitting and consequently causing catastrophic forget-
ting. Notably, Domain A behaves differently, where DSC continues
to improve with more iterations, suggesting that extended adapta-
tion can sometimes be advantageous.

Effectiveness of Affine Parameter Update. Fig. 5 presents a com-
parison of segmentation performance under different parameter up-
date strategies on five source domains (A–E). The results clearly
show that our adaptation method, which updates only the affine pa-
rameters of Batch Normalization layers, consistently outperforms
full-model fine-tuning in most domains. This demonstrates the ef-
fectiveness and efficiency of focusing on BN parameters for do-
main adaptation. Specifically, BN-based adaptation achieves higher
DSC scores in four out of five domains. The only exception is Do-
main E, where performance is slightly lower, possibly due to its
greater intra-domain variability.

Effectiveness of Continually Updating Model. To validate the ef-
fectiveness of continuous model updating, we compare two dis-
tinct adaptation strategies. The first is the reset-to-source ap-
proach, which reinitializes model parameters to their source-
domain configuration after each batch adaptation. The second is the

© 2025 The Author(s).
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Table 4: Performance of two strategies: (1) Reset-to-source model - where parameters are reinitialized to the source model after each batch,
and (2) Continuously updated model - where parameters are iteratively refined.

Strategy
Domain A Domain B Domain C Domain D Domain E Average

DSC DSC DSC DSC DSC DSC↑
(1) Reset 74.80 78.42 71.56 58.96 73.00 71.35

(2) Continuously 76.07 78.87 71.18 71.78 67.91 73.16

Table 5: Performance of two strategies: (1) performing secondary data-model adaptation after the initial data-model adaptation cycle on a
batch, and (2) only perform data-model adaptation once.

Strategy
Domain A Domain B Domain C Domain D Domain E Average

DSC DSC DSC DSC DSC DSC↑
(1) Two Cycles 74.44 77.87 71.21 59.17 72.10 70.96
(2) One Cycle 76.07 78.87 71.18 71.78 67.91 73.16

Figure 5: Segmentation performance between BN-layer-only up-
dating and full-model fine-tuning.

continuous-update paradigm, where model parameters are progres-
sively updated across iterations, with each subsequent batch pro-
cessed using the model adapted from the previous one. As shown
in Table 4, the continuous-update strategy achieves superior over-
all results, with an average Dice Similarity Coefficient of 73.16
and an improvement of 1.81 percentage points. It offers substantial
gains in challenging domains such as Domain D while maintaining
competitive performance across others. Despite the performance
drop in Domain E, the overall results highlight the effectiveness of
continuous adaptation in accumulating and transferring knowledge
across sequential batches, enabling later samples to benefit from
earlier adjustments. These findings provide strong empirical sup-
port for the importance of maintaining model adaptation continuity
to achieve robust cross-domain performance.

Cycles of Data-Model Adaptation. Table 5 compares the seg-
mentation performance of single versus double cycles of data-
model adaptation. The results indicate that a single adaptation cy-
cle achieves superior overall performance, with an average DSC of
73.16%, notably outperforming the 70.96% achieved after a sec-
ond adaptation cycle. The improvement is particularly pronounced

in Domain D, suggesting that repeated adaptation may lead to over-
fitting in certain domains. However, performance in Domain E
slightly declines under the single-cycle setting. Overall, although
multiple adaptation cycles may benefit specific domains, a care-
fully optimized single-cycle adaptation demonstrates more robust
performance across multiple domains. This may be attributed to its
ability to preserve the core knowledge of the source model while
still achieving effective domain alignment. In addition to an aver-
age DSC improvement of 2.2 percentage points, the single-cycle
approach also offers greater computational efficiency by reducing
adaptation steps by 50%, making it a more practical and preferable
choice for real-world deployment.

5. Conclusion

In this paper, we propose Synergistic Data-Model Adaptation
(SDMA) for test-time adaptive medical image segmentation. We
introduce a novel use of Batch Normalization layers as a bidirec-
tional bridge to facilitate a two-stage joint adaptation process. The
data adaptation operates by learning domain-aware prompts that
transform test images in Fourier space to match source-domain
style/texture distributions, measured through BN statistical param-
eter alignment. Concurrently, the model adaptation refines affine
parameters through onsistency learning between strong and weak
data augmentations, along with entropy minimization. The data
and model adaptation align both low-level data characteristics and
high-level semantic features through Batch Normalization layer
optimization. Extensive experiments on five public retinal fundus
datasets demonstrate the effectiveness of our method, which out-
performs several state-of-the-art TTA methods.
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