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Abstract. Morphological characteristics of vessels serve as important
biomarkers for numerous diseases, making accurate vessel segmentation
fundamental to computer-aided diagnosis. However, cross-center domain
shifts often lead to substantial segmentation performance degradation
in real-world deployment. Continual Test-Time Adaptation (CTA) ad-
dresses this challenge by updating models online using streams of unla-
beled test data, while mitigating error accumulation and catastrophic for-
getting. Nevertheless, when applied to 3D vessel segmentation, CTA of-
ten introduces topology-breaking artifacts, such as vessel disconnections
and spurious branches. To address these challenges, we propose DyCo-
CTA, a dynamic collaborative continual test-time adaptation framework
tailored for 3D vessel segmentation. Unlike conventional CTA methods
with fixed teacher—student roles, we recognize that the teacher is not
always more reliable than the student for complex 3D vessel structures,
which may introduce bias and reduce adaptation quality. To mitigate
this issue, we design a dynamic collaborative network that enables the
two models to adaptively exchange teacher—student roles based on their
relative reliability. In addition, we introduce a pseudo-break transforma-
tion to construct complementary teacher—student inputs that explicitly
encourage structural integrity during adaptation. To further preserve
global vessel connectivity, we propose a topological regularization loss
that aligns topological critical points beyond pixel-level consistency. Ex-
tensive experiments on 3D cerebrovascular and cardiovascular segmenta-
tion benchmarks demonstrate that DyCo-CTA outperforms state-of-the-
art methods, achieving improvements of 3.05% and 2.66%, respectively.
Our code is available at: https://github.com/lixiangcog/DyCo-CTA.

Keywords: Continual Test-Time Adaptation - 3D Vessel Segmentation
- Dynamic Collaborative Learning - Domain Shift - Cardio-Cerebrovasculature

1 Introduction

Morphological alterations in vascular networks act as key disease biomarkers,
highlighting the importance of accurate vessel segmentation in computer-aided
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diagnosis [I]. However, clinical deployment is often hindered by domain shift, as
imaging data from different centers, devices, and patient populations may follow
varying distributions [2IT9T3]. Consequently, models trained in one institution
suffer degradation when applied to unseen environments [30]. Moreover, due to
privacy and data storage constraints that limit access to source data, models
must be capable of adapting to new domains without retraining.

To address this issue, Continual Test-Time Adaptation (CTA) [20] has emerged
as a practical paradigm: it updates a deployed model online using a non-stationary
stream of unlabeled target-domain data, aiming to maintain performance under
ongoing distribution shifts and potentially mitigate catastrophic forgetting. Most
CTA methods perform self-supervised updates and can be categorized by their
adaptation mechanisms into: 1) approaches that leverage batch normalization
(BN) statistics to guide updates [ITI26022]; and 2) teacher—student modeling
schemes [202TT6I5I8I28]. BN-statistics-based adaptation is often ineffective for
3D volumetric data, as memory and computational constraints require small
batch sizes that produce unstable statistics, yielding limited improvement or
even performance degradation. In this context, an effective strategy for 3D ves-
sel segmentation is to adopt a teacher-student framework [7] and perform online
self-supervised updates with entropy-minimization objectives [1824T4].

Although CTA has shown promise across a wide range of tasks, it still
faces challenges in 3D vessel analysis. Because adaptation often relies on self-
supervised signals, the model can reinforce its own errors. Vessels typically ap-
pear as fine tubular structures characterized by strong connectivity and topo-
logical constraints. Under continual adaptation, error reinforcement leads to
topology-breaking artifacts, such as vessel disconnections and spurious branches [29].
These errors extend beyond pixel-level inaccuracies, disrupting global connectiv-
ity and further accelerating error accumulation [30]. In addition, static teacher-
student schemes assume that the teacher consistently outperforms the student.
However, this assumption often breaks down due to domain shift, image-quality
variation, and anatomical complexity in 3D vessel segmentation. Unreliable teacher
pseudo-labels can bias supervision, mislead online optimization, and amplify
structural errors, resulting in more severe topological violations. [I0].

To address these challenges, we propose DyCo-CTA, a dynamic collaborative
continual test-time adaptation method tailored for 3D vessel segmentation. To
our knowledge, this is the first work to explore CTA in the 3D vessel segmen-
tation setting. Compared with the static teacher—student framework adopted
by conventional CTA methods, DyCo-CTA incorporates dynamic collaboration,
pseudo-break transformations, and topology-aware constraints, enabling online
adaptation under continual domain shifts. The main contributions are as follows:

1) We propose DyCo-CTA, the first dynamic collaborative CTA framework
tailored for 3D vessel segmentation, which alleviates the cognitive bias caused
by the static teacher-student assumption. 2) We further design a pseudo-break
transformation to construct teacher-student inputs that explicitly focus on pre-
serving structural integrity. 3) We propose a topological regularization loss that
aligns topological critical points beyond pixel-level consistency, reducing the ac-
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cumulation of errors such as vessel disconnections and spurious branches. 4)
Experiments on 3D cerebrovascular and cardiovascular benchmarks show DyCo-
CTA outperforms state-of-the-art methods by 3.05% and 2.66%, respectively.

2 Proposed method

As shown in Fig. [I} the proposed DyCo-CTA method is built upon three key
components: a dynamic collaborative framework that mitigates the cognitive
bias induced by the static teacher-student assumption (i.e., the teacher model is
always superior to the student), the pseudo-break transformation, and a topolog-
ical regularization constraint. The latter two components help preserve vascular
structural integrity during continual updates and prevent error accumulation.

2.1 Dynamic Collaborative (DyCo) CTA

To mitigate the cognitive bias in the static teacher-student framework (Fig.[1|(a)),
where the teacher is assumed to be consistently more reliable and may generate
erroneous supervisory signals that are further amplified during online updates,
we propose a dynamic collaborative network (Fig. [1] (b,c)). This network com-
prises two sub-networks, M7 and Ms, which dynamically supervise each other
and collaboratively improve performance. Both M; and M, are initialized with
the weights of the source model.
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Fig. 1: Overview of DyCo-CTA. It comprises three components: (c) a dynamic
collaborative CTA framework for 3D vessel segmentation; (d) the pseudo-break
transformation; and the topological regularization constraint Ly,;.
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As shown in Fig. [l (b), at each adaptation step, we take the original volume
z and its pseudo-break counterpart z”® as 1nputs where 2P° = T, (), and Ty
denotes the pseudo-break transformation (Sec. . Both z and 2P’ are fed into
M; and Ms to produce predictions:

YO, vl = Mi(x), My(a?), i={1,2}. (1)

We compute prediction entropy on x: L%, = lepy (Y(i)) .1 € {1,2}, where lower
entropy indicates higher confidence, providing an effective criterion for assigning
teacher-student roles. We define £.,,; as the volume-averaged voxel-wise entropy:

gent(Y )* |Q‘ ZZp:) logp )( ) (2)

vel c=1

where (2 denotes the voxel set, ¢ € {1,2} indexes the two classes, and pgl)(v) is
the softmax probability at voxel v; minimizing £+ (Y(i)) is also an optimization
objective that encourages confident predictions [8]

We assign roles by comparing £1,, and £2,: if L1, < L2, M is the
teacher and M, is the student; otherwise, the roles are swapped. Accordingly,
the pseudo-label on P’ and the prediction to be supervised are defined as:

Y Y(1)7 Eént < Egnh o Y(i)7 Etlent < Egnt’
Yoo =9 (2 pb = (1) (3)
Y. otherwise, Y. otherwise.

Then, the loss L (Eq. is computed by comparing Yy, with Ypb This
loss is used to update the current student model via gradlent descent. We
use the teacher prediction on P’ as a detached pseudo-label Ypb to supervise
the student prediction Y, and update only the student network. In this way,
our method enables dynamic teacher-student supervision between the two sub-
networks. Through mutual supervision, M; and M> can dynamically refine their
respective capabilities, leading to improved overall performance and a more fine-
grained, deeper understanding of the complex characteristics of vessel data.

2.2 Pseudo Break Transformation (PBT)

As shown in Fig. [1| (d), to explicitly simulate topology-breaking perturbations
and encourage restoration-oriented adaptation, we introduce the PBT. We draw
an unlabeled target image x from the incoming stream and obtain a pseudo
mask using the source model fy: § = I(fo(z) > 7),9 € {0,1}%, where 7 is a fixed
threshold. We then remove the pseudo-labeled vessel structures via an inpainting
operator [I7] with a mask dilated three times to ensure smooth boundaries:

Tinpainted = Inpaint(x, dilate(g, times = 3)). (4)

We generate a pseudo-break sample by locally replacing selected structure re-
gions in « with Zinpainted- Let C = {q¢1, ..., qmn} denote a set of pixel coordinates
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selected from the current teacher prediction, where each ¢ € C' is treated as a
patch center for local erasing. For any pixel coordinate u, we blend Zinpainted
into x within a local patch centered at each ¢ using a Gaussian kernel:

9(u,q,0) = exp(—|lu — q|[3/20°) € [0,1], ()

where |lu — g||2 is the Euclidean distance between u and the center ¢, and o
controls the spatial decay of the blending weight. The patch operator ¢(q, s)
denotes the set of coordinates within an s x s square patch centered at ¢, and
the indicator I[u € ¢(q, s)] activates blending inside that patch. We aggregate
contributions from all selected centers by defining a blending mask M € [0,1]%:

Mu = I ) : y q, )
max [[u € ¢(¢,5)] - g(u.g,0) (6)

so that each pixel u takes the strongest local blending weight among candidate
patches. Finally, the pseudo-break image is obtained by:

2Pt =gz + Mo (xinpainted - 17), (7)

where ® denotes element-wise multiplication. These steps are visualized in Fig. [1{(d).

2.3 Topological Regularization Constraint (L)

To reduce error accumulation such as vessel disconnections and spurious branches,
we propose a topological regularization (L)) in addition to pixel-level consis-
tency (CE loss [15]). Inspired by persistence-diagram-based [23] unsupervised
regularization, we develop a teacher-student objective for CTTA, where the
teacher and student roles are assigned dynamically (Sec. . Let f; and fq
be the teacher and student likelihood maps, with persistence diagrams Dgm(f)
and Dgm(fs). Direct matching may introduce spurious correspondences, so we
split each diagram into signal and noise by persistence and apply constraints.

For any point p € Dgm(f), its persistence is defined as per(p) = death(p) —
birth(p), where birth(p) and death(p) [23] denote the filtration values at which
the corresponding topological structure appears and disappears, respectively.
Using a threshold ¢, we split the diagram as:

Dgm(f)*"" = {p € Dgm(f) | per(p) > ¢},
Dgm(f)"***¢ = {p € Dgm(f) | per(p) < }.

This decomposition is applied to both Dgm(f;) and Dgm(fs). We use a fixed ¢
in all experiments. After decomposition, we encourage the student to match the
teacher on meaningful topological signals by computing an optimal matching on
the signal diagrams. Specifically, we solve: v* = arg mincp Zpeng(fs)sigwl lp—

(8)

v(p)||3, where I" denotes the set of bijections between generalized persistence di-
agrams, and unmatched points are matched to the diagonal. v(p) is the matched
point of p in the teacher diagram. The corresponding signal consistency loss is:

2
‘Ctls{)po—cons = ZpEng(fs)“W“” ||p - 7*(p)||2 : (9)
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While the signal term aligns stable structures, we suppress unstable artifacts
by minimizing the total persistence of the student’s noise diagram:

. 2
Eg)po_rem = Zpeng(fs)mise [death(p) — bw‘th(p)] . (10)

The final noise-aware topological consistency loss Li;; becomes the sum of
the two topology-aware loss terms:

ﬁtrl = ‘Cg)po-cons + ‘Ctls{)po—rcm' (11)

We adopt a persistence diagram construction so that gradients can backpropa-
gate through birth(-) and death(-).

3 Experiments

3.1 Dataset and Evaluation

Cerebrovascular segmentation task. We evaluate test-time adaptation on
six cerebral vessel segmentation datasets collected from different sources, denoted
as domain A (IXI—HHE|), B (IXI-Guys®), C (IXI-IOP®), D (COSTA-LocH1 [12]),
E (ICBMY), and F (CereVessMRA-CN []). We treat one of the six domains as
the labeled source domain and regard the remaining domains as unlabeled target
domains, in order to assess the method’s generalization and online adaptation
ability under distribution shifts. For consistent preprocessing, all MRA volumes
are resampled to a unified voxel spacing and reformatted to a consistent in-
plane size of 512x512 (with variable depth along the slice dimension), and are
normalized following standard practice in cerebral vessel segmentation [12].
Cardiovascular segmentation task. We validate DyCo-CTA on two CTA
segmentation datasets from different sources: ImageCAS [25] and ASOCA [3].
All CTA volumes are resized to 512x512 (with variable depth along the slice
dimension) and normalized using the same protocol as the cerebral vessel task.
For the above tasks, we report DICE and HD95 [9] as the evaluation metrics.

3.2 Implementation Details

All experiments were conducted on a workstation equipped with an NVIDIA
GeForce RTX 4090 (24GB) GPU, using a containerized environment based on
PyTorch 2.4.0 and CUDA 12.4. For each task, we independently trained a source
model on the source domain (using ResUNet3D [6] and setting the Adam learning
rate to 0.01), and performed CTA evaluation on the remaining target domains;
the final results were reported as the average performance across target domains.
For online continual test-time adaptation, we used four update steps per test
batch with a batch size of 1 and a learning rate of 1 x 10~%. The weight Stochastic

® http://brain-development.org/ixi-dataset/
S https://www.nitrc.org/projects/icbmmra
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Restoration mentioned in Fig. [1| follows [20]. In the pseudo-label transformation
module, the mask binarization threshold 7 was set to 0.5 and the patch size
was set to 15 x 15. In topological regularization, the persistence threshold ¢ for
decomposing persistence diagrams was set to 0.7.

3.3 Experimental Results

Cerebrovascular and cardiovascular segmentation results. As shown in
Table [2| (cerebrovasculature), DyCo-CTA achieves the best performance across
all target domains (A—F'), obtaining the highest average Dice (0.7529) and the
lowest average HD95 (13.67). It significantly outperforms the “Source Only” base-
line (0.6799/18.55) and further surpasses the strongest prior teacher-student
method. Table [3| (cardiovasculature) shows DyCo-CTA achieves the best mean
Dice/HD95 (0.7628/10.19), outperforming Source Only and MoASE [27].

Long-term adaptation performance. To evaluate the performance of
DyCo-CTA in the CTA setting [20], we conducted multiple-round experiments
on the cerebrovascular segmentation task, and report the results of each round
in Table[I] This experiment aims to verify the model’s ability to cope with error
accumulation and to suppress catastrophic forgetting over multiple adaptation
rounds. DyCo-CTA achieves the highest average Dice score while exhibiting the
smallest performance degradation.

Qualitative comparison. As shown in Fig.[2| DyCo-CTA yields predictions
closest to the ground truth across cross-domain settings, with improved vessel
continuity and fewer spurious branches than other methods.

Visualization of the PBT effect. As shown in Fig. [3] we visualize the
effect of our PBT by showing patch-level comparisons across three views: the
original image patch, the inpainted patch, and the resulting pseudo-break patch.

Table 1: Under the long-term CTA setting, the performance of DyCo-CTA and
other methods on the cerebrovascular segmentation task is evaluated by DICE.
“Perform. Degra.” denotes the difference between Round 1 and the average over
subsequent rounds. Round 1 results match Table |7| and are omitted for brevity.

Time
Round 2 3
Methods A B C D E F Ave. A B C D E F Ave.

Avg. DICE #t|Perform. Degra. |

No Adapt 0.6843 0.6297 0.6931 0.6504 0.7013 0.7206 0.6799 | 0.6843 0.6297 0.6931 0.6504 0.7013 0.7206 0.6799 0.6799 0.0000
TENT 0.6534 0.5821 0.6017 0.4839 0.6243 0.6132 0.5931 | 0.5982 0.5234 0.5576 0.3984 0.5837 0.5428 0.5340 0.5636 0.0854
DLTTA 0.7018 0.6521 0.7302 0.6974 0.7236 0.7412 0.7077 | 0.6871 0.6432 0.7148 0.6803 0.7107 0.7324 0.6948 0.7013 0.0117
CoTTA 0.7146 0.6661 0.7634 0.7324 0.7407 0.7482 0.7276 | 0.7084 0.6591 0.7571 0.7264 0.7352 0.7416 0.7213 0.7245 0.0062
MoASE 0.7094 0.6603 0.7576 0.7291 0.7351 0.7523 0.7239 |0.7118 0.6521 0.7527 0.7234 0.7292 0.7486 0.7196 0.7218 0.0083
DyCo-CTA (Ours)|0.7327 0.7064 0.7812 0.7432 0.7587 0.7743 0.7494(0.7274 0.7031 0.7796 0.7408 0.7561 0.7684 0.7459 0.7477 0.0052

3.4 Ablation Studies

In Table[d] to assess the contribution of each module to DyCo-CTA on the cere-
brovascular segmentation task, we conduct ablation studies covering the dynamic
collaborative framework, the pseudo-break transformation, and the topological
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Table 2: Performance comparison of DyCo-CTA, the “Source Only” baseline, and
other SOTA methods on the cerebrovascular segmentation task. The best and
second-best results in each column are highlighted in bold and underlined.

M ) [ | Domain A | DomainB | DomainC | DomainD | DomainE | DomainF |  Average
ethods Category

| | DICEY HD95|| DICEt HD95|| DICEt HD95|| DICEt HD95||DICEt HD95||DICEt HD95||DICEY HD95|
Source Only (ResUNet3D) | - | 0.6843 2231 [ 06297 21.74 | 0.6931 1842 | 0.6504 2027 | 0.7013 1486 | 0.7206 13.72 | 0.6799 1855
DUA (CVPR 2022) [II] BN-based | 0.6974 21.08 | 0.6472 20.03 | 0.7068 17.39 | 0.6735 19.04 | 0.7126 14.07 | 0.7199 12.49 | 0.6929 17.35
DomainAdaptor (CVPR 2023) [Z6] | BN-based | 0.7028 20.43 | 0.6536 10.37 | 0.7197 1648 | 0.6894 18.16 | 0.7231 1455 |0.7429 11.82 | 0.7053 16.80
SICTA (MedIA 2026) [27] BN-based | 0.7115  19.74 | 0.6594 18.43 | 0.7338 15.06 | 0.7026 17.31 | 0.7342 13.06 | 0.7523 11.18 | 0.7156 1580
TENT (ICLR 2021) [18) Entropy Min. | 0.6792 23.68 | 0.6193 2473 | 0.6482 28.34 | 0.5831 3541 | 0.6732 21.26 | 0.6004 20.03 | 0.6489 25.58
DLTTA (TMI 2022) [21] Entropy Min. | 0.7132 10.81 | 0.6124 1872 | 0.7438 15.31 | 0.7120 17.06 |0.7307 12,63 | 0.7568 11.02 | 0.7131 15.76
SAR (ICLR 2023) [I1 Entropy Min. | 0.7214  19.36 2 1834 | 07496 14.83 | 0.7197 16.74 | 0.7368 1294 | 0.7529 1116 15.56
CoTTA (CVPR 2022) [20) Teacher-student | 0.7201  19.42 18.26 14.35 | 07364 1614 | 0.7415 1279 | 0.7493 10.97 32
UPL-TTA (IPMI 2023) [2]] Teacher-student | 0.7168  19.73 18.82 14.77 16.76 | 0.7394 13.04 | 0.7534 11.39 248
ECOTTA (CVPR 2023) [IG! Teacher-student | 0.7094 2008 19.03 15.04 17.04 07324 1336 | 0.7468 1176 | 0.7175 16.05
BECOTTA (ICML 2024) [5; Teacher-student | 0.7124  19.86 | 0.6627 18.74 14.81 16.83 | 0.7365 13.14 | 0.7541 1147 | 0.7233 1551
MoASE (AAAI 2026) [Z7] Teacher-student | 0.7118  19.49 | 0.6624 17.36 | 0.7628 1344 | 0.7327 16.19 | 0.7473 14.68 | 0.7635 10.82 | 0.7301 1533
DyCo-CTA (Ours) Teacher-student | 0.7352 17.76 | 0.7094 16.38 |0.7841 12.73 0.7473 14.42 0.7612 11.20 0.7804 9.46 |0.7529 13.67

Table 3: Comparison of different SOTA Tuple 4. Ablation study of the DyCo-
methods on the cardiovascular dataset. ¢"TA on the cerebrovascular datasets.

Methods | Category  11ma9eCAS —+ ASOCA|ASOCA — ImageCAS| Avg.
S \DICET HDw i |DICET  HDSs | |DICE 1 HD% | Components

Source Only (ResUNet3D) 07024 13 |06ml 1823 |06 160 AN Do A AVg DICE T AVg HD95 J,
DUA (CVPR 2022) BN-based | 0.7143 1429 0.6826 17.14 06985 15.72 DyCO PBT Lt’!‘l
DomainAdaptor (CVPR 2023)| BN-based | 0.7238 1356 | 06942 1628 | 07090 1492
SICTA (MedIA 2026) BN-based | 0.7351 12,89 0.7064 15.42 07208 1416 0.6799 18.55

20 Fatropy M | 06513 2101 | 06128 2835 [06621 2070

Entropy Min.

ot 1w |one e |omw nm v 0.7342 15.38
e e BB e

oforis  dtwr forse  dtu fomw pn v 0.7426 14.64

ent| 0.7381 12.42 0.7047 15.68 07214 14.05

ECOTTA (CVPR 2023)

TTA (ICML 2024) dent| 0.7462 1151 0.7163 14.34 07313 1291
MoASE (AAAI 2026) Gt 075t 063 oz s |orme nm v v v 0.7529 13.67
DyCo-CTA (Ours) Teacher-student] 0,742 9014 07518 1124 [0.7628 10.19

regularization term. When the pseudo-break transformation is disabled, we re-
place it with the conventional TTA data augmentation strategy [8]. When the
topological regularization term is removed, we use the CE loss instead.

4 Conclusion

We proposed DyCo-CTA, a dynamic collaborative continual test-time adapta-
tion framework for 3D vessel segmentation under domain shift. By dynamically
swapping teacher—student roles, introducing a pseudo-break transform to empha-
size structural integrity, and enforcing topological regularization beyond pixel-
level consistency, DyCo-CTA effectively reduces topology-breaking artifacts such
as disconnections and spurious branches during online adaptation. Experiments
on 3D cerebrovascular and cardiovascular benchmarks demonstrate consistent
improvements over prior CTA methods, validating the benefit of topology-aware
dynamic collaboration for robust real-world deployment.
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Fig. 2: Visualization of cerebrovascular and cardiovascular segmentation results
for DyCo-CTA and other state-of-the-art methods.
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Fig. 3: Visualization of pseudo-break transformation. We show the pseudo-break
patch (image-inpainted-break) to illustrate the effect of the transformation.
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