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Abstract

Decoupling domain-variant information (DVI) from domain-
invariant information (DII) serves as a prominent strategy for
mitigating domain shifts in the practical implementation of
deep learning algorithms. However, in medical settings, con-
cerns surrounding data collection and privacy often restrict
access to both training and test data, hindering the empiri-
cal decoupling of information by existing methods. To tackle
this issue, we propose an Autonomous Information Filter-
driven Source-free Domain Adaptation (AIF-SFDA) algo-
rithm, which leverages a frequency-based learnable informa-
tion filter to autonomously decouple DVI and DII. Informa-
tion Bottleneck (IB) and Self-supervision (SS) are incorpo-
rated to optimize the learnable frequency filter. The IB gov-
erns the information flow within the filter to diminish redun-
dant DVI, while SS preserves DII in alighment with the spe-
cific task and image modality. Thus, the autonomous infor-
mation filter can overcome domain shifts relying solely on
target data. A series of experiments covering various medical
image modalities and segmentation tasks were conducted to
demonstrate the benefits of AIF-SFDA through comparisons
with leading algorithms and ablation studies.

Introduction

In recent years, there has been considerable advancement
in the field of medical image segmentation methods based
on deep learning (DL) (Li et al. 2024a). However, real-
world scenarios frequently involve open datasets where the
test data (target domain) is unseen and likely exhibits do-
main shifts in comparison to the training data (source do-
main) (Guan and Liu 2021), attributed to practical variations
in acquisition devices, patient demographics, image quality,
and other variables. These domain shifts can significantly
affect the performance of segmentation models on target do-
mains (Li et al. 2023a). Therefore, effectively transferring
segmentation models from the source domain to the target
domains is both logical and essential to enhance the utiliza-
tion of DL algorithms.

To address this issue, Unsupervised Domain Adaptation
(UDA) has been proposed to generalize models by leverag-
ing labeled source data in conjunction with unlabeled target
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Figure 1: To develop an autonomous information filter in
SFDA scenarios, we utilize IB-constrained mutual informa-
tion constraint to reduce DVI in the image information while
preserving DII through SS-constrained guidance.

data. A prominent strategy (Yang and Soatto 2020; Liu et al.
2021) within UDA revolves around decoupling information
into domain-variant and domain-invariant information (DVI
& DII), followed by the compression of DVI and the en-
hancement of DII to enable robust inference on novel data.

Specifically, configurable information filters based on fre-
quency filtering are applied to process images or features,
selecting DVI and DII from various frequency components.

In these type of approach, filter configurations are typi-
cally derived by identifying characteristics and commonali-
ties between the source and target domains in the frequency
spectrum. Configurations can be obtained by empirically
comparing frequency features (Liu et al. 2023) or through
autonomous optimization guided by task-related losses (Lin
et al. 2023). Nevertheless, jointly accessing both source and
target domains leads to concerns involving data collection
and privacy, often unacceptable in various practical contexts,
especially medical scenarios.

Accordingly, source-free domain adaptation (SFDA) (Li
et al. 2024b) becomes imperative to enable the adaptation of
pre-trained models solely using unlabeled target data. How-
ever, challenges emerge in decoupling DVI and DII in SFDA
settings. 1) The absence of labeled source data in SFDA re-
sults in a lack of guidance for decoupling DVI and DII. 2)
The preservation of DII is complicated when relying solely
on unseen and unlabeled target data. 3) Frequency filter-



driven algorithms often rely on empirical filtering config-
uration, which is impractical in SFDA.

To facilitate SFDA in medical image segmentation, we
propose an Autonomous Information Filter (AIF-SFDA) au-
tonomously aimed at decoupling DVI and DII for adap-
tation during the inference phase. The AIF-SFDA enables
learnable frequency filters through IB and SS, autonomously
reducing DVI and preserving DII relying solely on tar-
get data. Specifically, the IB regulates information flow
within the filter to eliminate redundant DVI, while SS is
derived from confidence-aware pseudo-labeling and consis-
tency constraints to guide DII extraction. Our main contri-
butions can be summarized as follows:

* We propose a source-free domain adaptation algorithm
for medical image segmentation termed AIF-SFDA to
adaptively decouple DVI and DII using learnable fre-
quency filters.

* An autonomous information filter is constructed based
on learnable frequency filters to reduce DVI and preserve
DII, exclusively leveraging target data.

* The IB and SS are implemented to regulate the learnable
frequency filters, enabling the adaptive decoupling of do-
main information for SFDA.

* Cross-domain experiments were conducted across di-
verse medical image modalities and segmentation tasks
to assess the efficacy of AIF-SFDA through comparisons
with state-of-the-art algorithms and ablation studies.

Related Work
Source-free Domain Adaptation

UDA algorithms have been designed to tackle domain shifts
effectively by utilizing both the source and target data con-
currently. However, due to concerns related to data access
and privacy, SFDA has emerged as an alternative approach.
SFDA allows the transfer of knowledge from a pre-trained
source model to unlabeled target data without the need to
access the source domain (Li et al. 2024b). SFDA methods
can be broadly categorized into data-based and model-based
approaches. Data-based methods process target data using
knowledge from the source model to reduce discrepancies
with the source domain, such as selecting target data to gen-
erate surrogate source data (Ye et al. 2021) or using image
translation to adapt target domain images to a source-like
style (Yang et al. 2022). Model-based methods primarily in-
volve self-supervised tasks on intermediate features and seg-
mentation outputs, such as contrastive learning (Zhang et al.
2024), pseudo-label supervision (Li et al. 2023b), or regular-
ization constraints like entropy minimization (Fleuret et al.
2021).

Frequency-based Domain Information Decoupling

Frequency domain methods established by operations such
as DCT and DFT enable data transformation between the
spatial and frequency domains. Past studies on transfer
learning have demonstrated that different frequency com-
ponents exhibit varying domain-related characteristics, thus
facilitating domain information decoupling (Xu et al. 2021;
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Liu et al. 2023). A common approach involves empirically
designing filters based on the a priori knowledge contained
in labeled source data. For instance, splitting DII and DVI
domains by high/low frequencies with a fixed threshold
(Yang and Soatto 2020; Liu et al. 2021; Li et al. 2022) or
selecting the most suitable components for the downstream
task through spectral analysis (Huang et al. 2021). These as-
sumptions are typically derived from the labeled source data.
Another approach involves using adaptive filters with learn-
able parameters to guide DII extraction through supervised
task-related loss (Lin et al. 2023). However, these methods
that explicitly include supervised learning are not directly
applicable in the SFDA scenario. Therefore, it is necessary
to design a domain decoupling mechanism that does not re-
quire access to source data.

Information Bottleneck in Deep learning

IB theory is an information-theoretic approach (Tishby,
Pereira, and Bialek 2000), aimed at obtaining compact data
representations by reducing task-irrelevant parts of the data.
For a certain model, IB achieves this by minimizing the
mutual information (MI) between the input and interme-
diate variables, while maximizing MI between the inter-
mediate variables and the output. Recently, IB theory has
been used to provide interpretable analyses for DL meth-
ods due to its clear mathematical framework. (Tishby and
Zaslavsky 2015) viewed information extraction in multi-
layer networks as deriving the minimum sufficient statistic,
while (Kawaguchi et al. 2023) showed that IB can control
the generalization error of DL methods. Studies like (Alemi
et al. 2016) explicitly utilize the IB principle, implementing
a variational approximation with a variational network and
showing high generalization performance. In this work, IB
is applied to the information filter process to reduce DVI in
the filtered image through MI constraints, thereby aiding the
extraction of DIL

Method

Overview

To enhance the cross-domain performance of the seg-
mentation model, SFDA consists of two distinct stages.
In the source domain pre-training stage, given a source
dataset Xg = {(z7,v7),s = 1,...,Ng} that includes
images and corresponding labels, a source model g(-)
is well-trained to obtain the parameter 6,, i.e., 0,
arg ming_ Nis Zf\il Is(g(xf;0,),y7), where Is denotes a
certain supervised segmentation loss. In the target domain
adaptation stage, given an image-only unlabelled target
dataset X7 = {(at,),i = 1,..., Ny} as well as the source
model, it is necessary to improve the segmentation model’s
generalizability on the target data in the absence of direct
access to source data.

The overall architecture of the AIF-SFDA algorithm we
designed is shown in Figure 2. To effectively boost the do-
main information decoupling through image transformation,
we incorporate a frequency-based information filter f(-) that
autonomously decouples DVI and DII in the target domain
image x! according to task type and instance characteristics.
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Figure 2: The architecture of our proposed AIF-SFDA.

To guarantee that the information filter works robustly on the
target data, IB-constrained DVI reduction is firstly achieved
by optimizing mutual information minimization loss L1
based on the image features z° and 2! before and after filter-
ing. Furthermore, SS-constrained DII is preserved through
confidence-aware pseudo-label supervision loss Lpy, and
adversarial feature consistency loss L¢,y,, ultimately en-
hancing the generalization performance of the segmentation
model.

Frequency-based Information Filter

To adaptively compare and select domain variant and invari-
ant information, an adaptive filter should possess two prop-
erties: 1) learnable parameters that can be easily optimized,
and 2) the ability to adaptively process image information
based on the input image. To achieve these two goals, our
proposed adaptive filtering can be briefly described as ap-
plying spatial attention to the spectrum obtained after the
DCT transformation. Denote the 2D DCT process as F(-),
and the basis functions are:

m(2i+ 1)u m(2f5 + 1)v
T AT

For each channel of z¢, perform the 2D DCT process (as-
suming x! is a grayscale image):

B = cos(

u,v

). (M

H-1W-1

]:(ft)uyv = Z Z mg,jBZ,]b

i=0 j=0

@)

where (u,v) are the indices on the spectrum, F(z!) €
R#-W _Then, input F(2") into the attention module Mg (-)
to obtain the attention map. The adaptive filtering process is
formulated as:

ol = fo, (') = F (Mg, (F(2)) © F(2)), ()

where F~1(+) denotes the inverse DCT transform, and ®
represents the Hadamard product. Through the above pro-
cess, a filter capable of self-adjusting to select and remove
information based on the input image is established.
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Domain Information Decoupling driven by
Adaptive Filtering

IB-constrained DVI Reduction In the flow of image seg-
mentation algorithms that incorporate an information filter,
27 can be interpreted as an intermediate variable. Referring
to the common practice of IB theory, we use information-
theoretic methods to constrain the feature embeddings of !
and 7 in order to modulate the adaptive filter. This ensures
that -/ approximates as closely as possible the task-relevant
minimal sufficient statistics of x?, thereby reducing the un-
wanted DVI. This process is described mathematically by IB
as:

min [I(’;2") — BI(3:2")),

p(zf|z?)

“4)

where (3 is a Lagrange multiplier.

Considering the difficulty of quantifying the latter term in
Eq. 4, we constrain only the former term. Since the compu-
tational complexity is limited by the high dimension of the
data if MI is computed directly among images, we constrain
it indirectly by the MI between the corresponding feature
embeddings of 2* and 27 outputted by a shared encoder with
parameter 6. In other words, we aim to reduce I(z%;2%).
According to the definition in (Cheng et al. 2020), I(z%; z*)
has the following upper bound when p(z%|2*) is known:

1(z% zt) < Epes 2t [logp(zt | zs)]

—Epaoypieny [logp(z' [ 2)]. (5

However, since p(z*|2*) is intractable, we approximate it
with a variational distribution gy, (2*|2°). When the approx-
imation is good, we can reduce I(2*; 2') by optimizing the
following loss function:

N N
1 1
Lur = > llog g, (24]27) — N > loggs, (2412)],

i=1
(6)
To ensure that g(z*|2%;6,) can approximate p(z'|z%), we

j=1



need to include the negative log-likelihood loss function:

N
1
Lri=— ;mg a0, (2']2"), ™

The proposed IB-constrained DVI Reduction prompts 2/
to remove the useless information in x?, but it does not guar-
antee the retention of the DII in the original data. Therefore,
we need an information preservation mechanism to avoid the
loss of meaningful information.

SS-constrained DII Preservation To preserve DII in do-
main information decoupling, AIF-SFDA employs self-
supervised learning by fully utilizing unlabelled target data,
using pseudo-label (PL) supervision and feature consistency
constraints.

PL self-supervision helps the information filter learn the
most task-specific DII, while also enabling the segmentation
model to adapt to changes in the filtered image. A teacher-
student architecture is employed to generate PLs while re-
taining source domain knowledge, with the teacher decoder
parameterized by 6, and the student decoder by ;. Denote
the outputs of teacher and student decoders as p’ and p®, the
PL is y* = arg max, p, and the confidence associated with
the pseudo-label is ¢(y?) = max, pt.

To address the interference of low-confidence pixels in
PLs on the optimization of the information filter and seg-
mentation models, we implement a PL filtering mechanism
based on a confidence threshold. This approach aims to mit-
igate the impact of potentially incorrect pseudo-labels. The
PL supervised loss function is defined as follows:

1 HW
ﬁPL = W hz: ]l[d)(gz,w) > T]ZCS(Q;L,vaZ,w)a (8)

where 1(-) denotes the indicator function, I..(-,-) rep-
resents pixel-wise cross entropy, and 7 is the confidence
threshold as a hyperparameter.

The distance between feature embeddings z° and 2!
should be maximized for the information filter, while it
should be minimized for the segmentation model, as both
embeddings contain the same task-specific semantic infor-
mation. This dual requirement motivates the design of fea-
ture consistency constraints for optimizing the segmentation
model encoder, which enhances both the information extrac-
tion of the segmentation model and the adversarial optimiza-
tion of the information filter.

We use the commonly used cosine similarity to implement
the consistency constraint:

(28, 21)
Loon = oo ©)
SR ESTTTER]
where (-,-) and || - || denotes inner product and L2 norm

respectively.

Source-Free Domain Adaptation

The complete process of the proposed AIF-SFDA is out-
lined in Algorithm 1. The optimization process is divided
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Algorithm 1: The training procedures of AIF-SFDA

Input: Target dataset X7, source model gg_, information
filter fq,, variational distribution gy, max training iteration
number N

1: 0.,0; < 6, > Copy to teacher model
2: 0.,05 <0, > Copy to student model
3: foriter k = 1to N do

4 2% ~ Xp. > Sample target data
5: af «— fo,(ah). > Eq. 3
6: 2", p' < go. .0, (2"). > Teacher model process z¢
7. 2%,p° < go,0.(z7). > Student model process =/
8:  Compute L7, L1i, Loon based on 2t and 2°.

9:  Compute Lpr, based on pt and p®.
10:  Update ¢ by Lpr, and L. > Eq. 10
11:  Update 0., 0,,0, by Lpr, L1; and Lcon. > Eq. 11
12:  Update 6; based on 6, through EMA. > Eq. 12
13: end for

into two steps. First, the information filter is optimized using
pseudo-label self-supervision combined with IB-constrained
DVI reduction, enabling the filter to autonomously extract
DII and eliminate DVI:
I%in[ﬁpL + OélﬁM]}.
Secondly, we optimize the parameters of the variational
distributions in the student model and the MI constraints to
assist in the optimization of the information filter and im-
prove model generalization by learning the DII in the filtered
image, i.e.:

(10)

(an

eH(}ine [Lpr + a2l + azLlcon),
RUNCR

where a1, ag, and a3 are balancing hyperparameters. Af-
ter each optimization iteration, we optimize the teacher de-
coder using the exponential moving average (EMA) based
on the student decoder parameter:

0t < nby + (1 — n)bs,
where 7) is a coefficient ranging between [0, 1].

12)

Experiments
Experimental Settings
Datasets and Metrics The datasets involved in this work
are shown in Table 1. In the fundus photography retinal ves-

sel segmentation task, all datasets used are publicly avail-
able, with DRIVE (Staal et al. 2004) serving as the source

Task Dataset Volume
Retinal DRIVE", AVRDB, 40, 100,
Vessel CHASEDBI1, DRHAGIS, 28, 40,

LES-AV, STARE 22,20

Joint A".B.C 956, 982, 750

Cartilage

* DRIVE and A are used as source domains in the two tasks, respectively.

Table 1: Datasets and their volumes used in this work.



Algorithm | SF AVRDB CHASEDBI | DRHAGIS LESAV STARE
DSCT  IoUT | DSCT ToUT | DSCT ToUT | DSCT 1oUT | DSCT  IoUT

Source 7 | 5434 3947 | 5236 37.87 | 54.65 39.48 | 58.12 42.18 | 58.53 42.69
Rolling-Unet | / | 59.64 4323 | 59.95 43.08 | 61.01 4491 | 63.44 4651 | 64.28 4752
DTMFormer | / | 60.73 44.54 | 60.69 44.33 | 6222 4576 | 63.84 4745 | 64.64 48.41
CS-CADA | X | 65.16 4858 | 64.15 4748 | 69.94 5556 | 7522 60.48 | 7471 60.26
DAMAN X | 6297 4696 | 61.62 4454 | 63.55 48.06 | 7424 5935 | 6828 55.09
MAAL X | 60.80 47.73 | 61.80 4572 | 68.88 52.60 | 77.56 63.73 | 70.95 58.97
SFODA v | 64.69 4879 | 63.88 46.87 | 6625 51.03 | 76.83 62.69 | 74.69 61.65
UPL-SFDA | v | 6131 4357 | 62.88 4581 | 66.64 51.49 | 76.59 6245 | 7533 62.20
UBNA v | 6156 4383 | 6335 4628 | 6637 5117 | 76.86 6271 | 74.61 61.54
TSFCT v | 4736 3172 | 5328 3645 | 6844 5352 | 7567 61.01 | 70.19  56.00
AIFSFDA | v | 6622 49.85 | 64.44 47.49 | 69.99 55.16 | 78.08 63.15 | 76.68 63.01

* Here we denote vanilla, UDA, and SFDA segmentation algorithms by /, X , and v/, respectively.

Table 2: Comparison results on retinal vessel segmentation datasets, DSC (%) and IoU (%).

domain and AVRDB (Niemeijer et al. 2011), CHASEDB1
(Owen et al. 2009), DRHAGIS (Holm et al. 2017), LES-
AV (Fraz et al. 2014), STARE (Hoover, Kouznetsova, and
Goldbaum 2000) as the target domains. For the ultrasound
joint cartilage segmentation task, the private datasets A, B,
and C were provided by Southern University of Science and
Technology Hospital, with dataset A used as the source do-
main. All datasets were randomly divided into training and
test sets in a 1:1 ratio. We employed two common segmenta-
tion metrics to evaluate the performance of each algorithm:
the Dice Similarity Coefficient (DSC) and the Intersection-
over-Union (IoU), where higher DSC and IoU indicate better
segmentation results.

Implementation Details In the source domain pre-
training stage, the segmentation model selects parameters at
the optimal epoch based on the test set according to the early
stopping mechanism. In the target domain adaptation stage,
the model uses the parameters from the last epoch for perfor-
mance evaluation on the test set. During the training process
of both stages, we employ the Adam optimizer with an ini-
tial learning rate of 0.001 and a batch size of 2. The model is
trained for 400 epochs in the retinal vessel segmentation task
and 20 epochs in the ultrasound cartilage segmentation task,
with the learning rate uniformly reduced to 0 in the latter half
of the epochs. We use a naive U-net (Ronneberger, Fischer,
and Brox 2015) as the segmentor, and the attention module
M in the information filter is implemented using a three-
layer lightweight U-net. The variational distribution model
q employs a multivariate Gaussian distribution, parameter-
ized using two 2-layer multi-layer perceptrons, each with a
hidden size of 1024. The pseudo-label screening threshold 7
is set to 0.8. The balancing coefficients o, o, and a3 are
set to 0.5, 1, and 1, respectively. The EMA coefficient 7 is
set to 0.9995.

Comparison with State-of-the-Art Methods

In the comparison experiments, we selected nine SOTA
segmentation baselines, including two vanilla segmenta-
tion algorithms: Rolling-Unet (Liu et al. 2024) and DTM-
Former (Wang et al. 2024), three UDA algorithms: DAMAN
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. B C
Algorithm = T TDSCT ToUT
Source | 6343 5798 | 5157 5220
SFODA | 6669 60.11 | 55.14 55.21
UPL-SFDA | 6408 6044 | 4975 44.86
UBNA | 6539 60.57 | 5448 5336
TSECT | 67.03 5713 | 51.02 4727
ATF-SFDA | 69.14 62.07 | 55.16 55.70

Table 3: Comparison results on ultrasound cartilage datasets,
DSC (%) and IoU (%)

(Mukherjee et al. 2022), CS-CADA (Gu et al. 2022) and
MAAL (Zhou et al. 2023), and four SFDA algorithms:
SFODA (Niloy, Bhaumik, and Woo 2024), UPL-SFDA (Wu
et al. 2023), UBNA (Klingner et al. 2022) and TSFCT (Li
et al. 2023b).

Result for Retinal Vessel Segmentation Table 2 presents
the comparative results for the fundus vessel segmentation
task, encompassing both the source domain model and the
cross-domain performance of each baseline model, along-
side our proposed AIF-SFDA. As observed, most baselines
exhibit superior generalization on the target domain relative
to the source model that solely employs U-net. In general,
UDA and SFDA algorithms outperform naive segmentation
methods due to their specialized design for cross-domain
segmentation. Among the UDA algorithms, CS-CADA out-
performs DAMAN and MAAL, indicating that its approach
could be well-suited for the vessel segmentation task. While
most SFDA methods enhance cross-domain segmentation
performance, with SFODA achieving over a 6% DSC im-
provement across all datasets compared to the source model,
TSFCT also demonstrates negative adaptation, underscoring
the inherent challenges of adapting without access to source
data. Notably, AIF-SFDA outperforms all baselines in gen-
eralizability, thereby validating the efficacy of the proposed
autonomous information filtering mechanism.

We show a qualitative comparison of fundus vessel seg-
mentation experiments in Figure 3. It can be seen that the



Source CSCADA

Sample

Rolling-Unet DTMFormer

DAMAN

AIF-SFDA
SFODA UPL-SFDA UBNA TSFCT (ours)

MAAL

Figure 3: Qualitative results for retinal vessel segmentation, where true positive pixels are colored in magenta, false positive

pixels in red, and false negative pixels in blue.

AIF-SFDA
(ours)

Ground Truth  SFODA UPL-SFDA UBNA TSFCT

Figure 4: Qualitative results for cartilage segmentation.

domain differences between the fundus image datasets are
mainly in the overall brightness of the images and task-
irrelevant noise, which makes the baseline methods prone
to ignoring small vessels in regions with uneven brightness
and to misclassifying non-vessel noise pixels as false posi-
tives. Our proposed AIF-SFDA effectively exploits the fre-
quency domain properties shared by vessel pixels, making
the foreground pixels more conspicuous by processing the
image with the autonomous information filter, thus improv-
ing the accuracy of small vessel segmentation and reducing
the interference caused by unseen image noise in the target
domains.

Result for Joint Cartilage Segmentation To conduct a
more extensive comparison of medical images across mul-
tiple modalities, the segmentation results of the ultrasound
joint cartilage segmentation task are shown in Table 3. It
can be found that the DSC of the source domain model
on C is worse than the performance on dataset B, and
both UPL-SFDA and TSFCT exhibit negative adaptation,
possibly because C differs more from the source domain

4721

MIMin. PLSel. Cons. | DSCT | IoU?T
58.62 | 42.79

v 62.34 | 46.22

v v 65.25 | 49.08

v v 63.22 | 46.88

v v v 66.22 | 49.85

Table 4: Ablation Study on AVRDB.

than B. Notably, TSFCT and SFODA achieve the best DSC
in the baseline on B and C, respectively, suggesting that
pseudo-labeled SFDA may perform better with smaller do-
main shifts, while feature-based algorithms are more effec-
tive with larger shifts. AIF-SFDA, which integrates both
techniques, achieves the optimal DSC on both datasets.
Qualitative results are shown in Figure 4. Generalization
errors in cartilage segmentation often arise from contrast and
luminance differences between ultrasound datasets, leading
to poor continuity in segmentation. In dataset B, uneven im-
age brightness hindered baseline methods from detecting
end cartilage pixels, while the darker images in dataset C
resulted in higher false negatives for SFDA baselines except
for SFODA and UBNA. AIF-SFDA, using its information
filter, mitigates the effects of blurring and low luminance,
contributing to its strong generalization performance.

Ablation Study

Ablation Study of Modules Table 4 shows the ablation
experiments performed. We combine the MI minimization
constraint (MI Min.) in IB-constrained DVI Reduction, the
confidence-aware pseudo-label selection mechanism in SS-
constrained DII Preservation (PL Sel.), and feature consis-
tency constraints in SS-constrained DII Preservation (Cons.)
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Figure 5: Information filter processing for different tasks.
(a) and (b) show the filtering process for vessel and optic
disc (OD) segmentation, respectively. (I. original image, II.
filtered image, III. filter map, I'V. ground truth)

sequentially to the model to validate the contribution of each
module in AIF-SFDA to the target domain adaptation. The
results indicate that the MI minimization constraint signif-
icantly contributes to enhancing the generalization of AIF-
SFDA, confirming the effectiveness of selectively reducing
DVI for information decoupling. Additionally, the incorpo-
ration of a confidence-aware pseudo-label selection mech-
anism markedly improves the stability of algorithm adap-
tation, while the feature consistency constraint enhances the
model’s feature extraction capability. The results of the abla-
tion experiments prove the rationality of each module’s set-
tings.

Information Filter in Various Tasks When faced with
different segmentation tasks, we expect the information filter
to extract the frequency domain components that best fit the
DII for different segmentation objectives. To verify this, we
included an extra fundus optic disc (OD) segmentation ex-
periment (see Technical Appendix for experimental details
and quantitative analysis). Figure 5 shows the performance
differences of the information filter guided by different seg-
mentation tasks, all within the modality of fundus photogra-
phy. It is evident that the filter map focuses on the middle and
high-frequency regions for vessels with more pronounced
high-frequency characteristics, while for the OD segmenta-
tion task, the filter map focuses on the middle and low fre-
quencies. This demonstrates the flexibility of the informa-
tion filter in AIF-SFDA, which can self-adjust according to
the task type and instance characteristics.

Comparison with Fixed-setting Filters To demonstrate
the importance of adaptive filtering for domain information
decoupling, we replaced the information filter in AIF-SFDA
with fixed frequency domain filters, removing the MI min-
imization loss for 6 optimization. As shown in Figure 6,
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Figure 6: Comparison of fixed and adaptive filters on
AVRDB. Left y-axis: DSC for vessel segmentation, indi-
cating cross-domain performance. Right y-axis: Edge gradi-
ent magnitude around vessel pixels, indicating boundary dis-
tinctness. The filtered images outputted by fixed and adap-
tive filters are also visualized.

following (Li et al. 2023a), we used high-pass frequency fil-
ters with thresholds ranging from 0.01 to 0.1 for vessel seg-
mentation on AVRDB. Fixed filter decoupling usually clas-
sifies components within the same frequency band as the
same type of domain information and lacks the ability to
autonomously adjust the filtering process based on the im-
age, which prevents achieving optimal configuration. The
learnable autonomous information filter in AIF-SFDA, com-
pared to the fixed filter, increases vessel pixel edge gradients
and effectively prevents artifact generation, enhancing cross-
domain segmentation performance.

Conclusion

In this paper, we present an Autonomous Information Fil-
ter driven Source-free Domain Adaptation (AIF-SFDA)
algorithm for medical image segmentation tasks. The
method employs a frequency-based information filter to au-
tonomously eliminate DVI from images through mutual in-
formation minimization based on information bottleneck
theory and guides DII extraction through unsupervised task-
relevant loss, thereby facilitating target domain adaptation.
The results of cross-domain experiments on various medi-
cal image segmentation tasks demonstrate that AIF-SFDA
outperforms existing SFDA methods.
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