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Abstract. Accurate guidewire segmentation is essential for safe and pre-
cise navigation in fluoroscopy-guided interventions, yet it remains chal-
lenging in Digital Subtraction Angiography (DSA) images due to ex-
treme thinness, severe class imbalance, motion blur, and confusing linear
artifacts from bones and contrast-filled vessels. We present PRE-SAM,
a domain-adaptive extension of the Segment Anything Model (SAM)
tailored for guidewire segmentation. PRE-SAM injects LoRA into the
SAM image encoder for parameter-efficient specialization, and augments
the mask decoder with class-specific experts for guidewire and vessels.
A prompt-routed router conditioned on a learnable implicit prompt to-
ken performs conservative residual fusion, injecting expert logits into
the global multi-class prediction to better capture thin structures and
connectivity while preserving the baseline pathway. To further improve
anatomical plausibility, we propose a lightweight anatomy-constrained
refinement that leverages the predicted vessel mask to form a toler-
ance band and repairs small guidewire discontinuities via morphology-
aware filtering and endpoint bridging. We curate a clinically collected
DSA dataset of over 3,000 images with pixel-level annotations for both
guidewires and vessels. Extensive experiments demonstrate that PRE-
SAM consistently outperforms strong baselines, achieving higher Dice
and substantially lower HD95, while maintaining stable optimization
through progressive training.
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1 Introduction

Accurate guidewire segmentation plays a critical role in interventional proce-
dures, where guidewires serve as the structural backbone for device navigation
and support. Reliable delineation of guidewires is essential for procedural safety,
precision control, and robotic assistance [11]. Automated guidewire segmentation
can reduce operator dependency and provide real-time visual feedback, facilitat-
ing the development of semi-autonomous and fully autonomous interventional
systems.
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Despite recent advances in deep learning for medical image analysis, guidewire
segmentation in fluoroscopic sequences remains highly challenging. Guidewires
are extremely thin and occupy only a small fraction of image pixels, leading to
severe class imbalance. Motion blur, low signal-to-noise ratios, and interference
from visually similar linear structures such as bones or contrast-filled vessels
further complicate discrimination. In addition, the limited scale and diversity of
publicly available datasets restrict the robustness and generalization of existing
models in complex anatomical scenarios.

Early approaches rely on geometric modeling and tracking techniques [20, 2,
17], which often lack robustness under low-contrast fluoroscopy. With the rise
of deep learning, U-Net-based architectures [15] have been widely adopted for
curvilinear structure segmentation. For example, Ambrosini et al. [1] propose
an automatic catheter segmentation framework, and Vlontzos et al. [18] intro-
duce a multi-class twin U-Net for joint vessel and instrument segmentation.
FGA-Net [22] incorporates attention mechanisms to alleviate class imbalance
and better model irregular guidewire morphology. Zhang et al. [23] propose a
Transformer-based guidewire detection framework. However, purely CNN-based
models often lack global contextual modeling, limiting their ability to distinguish
guidewires from visually similar structures in complex DSA sequences.

Recently, foundation models have gained increasing attention in medical
imaging. The Segment Anything Model (SAM) [9] shifts the paradigm toward
promptable segmentation, but its pretraining on natural images introduces a sub-
stantial domain gap when applied to medical data [4, 14]. MedSAM [13] performs
large-scale fine-tuning for medical adaptation, while Medical SAM Adapter [21],
SAMed [24] and H-SAM [3] explore parameter-efficient strategies. Nevertheless,
the uniform decoding design of SAM limits its capability in thin-structure and
motion-blurred tasks such as guidewire segmentation, where class-specific rep-
resentation and structural constraints are crucial.

Mixture-of-Experts (MoE) architectures dynamically route features to spe-
cialized sub-networks [6, 16, 10] and have demonstrated remarkable success in
large-scale language models [7, 12]. However, their application in medical image
segmentation, particularly for disentangling anatomical (vessel) and instrumen-
tal (guidewire) structures, remains underexplored [19]. Achieving structural spe-
cialization while maintaining parameter efficiency and training stability remains
an open challenge.

To address these limitations, we propose PRE-SAM, a domain-adaptive ex-
tension of SAM tailored for guidewire segmentation. We employ Low-Rank
Adaptation (LoRA) [5] for parameter-efficient domain specialization, and in-
troduce a prompt-routed expert decoder that disentangles guidewire and vessel
representations through residual gating. Unlike prior approaches that treat ves-
sels and instruments independently, we jointly predict vessel masks to provide
structural constraints that assist guidewire refinement. An anatomy-constrained
post-processing module further enforces spatial and topological consistency by
leveraging the vessel prediction to regularize guidewire continuity.
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To support this study, we construct a large-scale DSA dataset comprising over
3,000 clinically collected images with dual pixel-level annotations of guidewires
and vessels. Extensive experiments demonstrate that PRE-SAM consistently
outperforms existing methods across multiple evaluation metrics.

In summary, our contributions are three-fold:

– We construct the largest clinically annotated DSA guidewire segmentation
dataset to date, enabling joint modeling of guidewires and vessels.

– We propose a prompt-routed expert-guided extension of SAM with LoRA-
based domain adaptation, specifically designed for thin-structure segmenta-
tion.

– We introduce an anatomy-constrained refinement strategy that leverages ves-
sel predictions to enhance guidewire continuity and topological plausibility.

2 Method

2.1 Overview

PRE-SAM model extends the SAM foundation model. The architecture of our
model is illustrated in Figure 1. After preprocessing, the input image is fed into
the SAM image encoder (ViT), where Low-Rank Adaptation (LoRA) is injected
into the encoder for parameter efficient finetuning. The mask decoder, after a
shared transformer decoding step, outputs three parallel logits: global multi-class
logits, guidewire expert logits, and vessel expert logits. The router takes the im-
plicit prompt embedding as input and generates two gates for guidewire and ves-
sel. These gates are then used in a residual fashion to inject the expert logits into
the global logits, resulting in the final logits. Finally we apply an anatomical con-
straint post-processing module that performs topological correction on guidewire
prediction results based on vascular morphological prior knowledge. This method
significantly improves the accuracy and spatial rationality of guidewire segmen-
tation through two-stage optimization of frequency-domain feature modulation
and anatomical structure.

2.2 LoRA in Image Encoder

In this work, we apply the LoRA (Low-Rank Adaptation) technique to fine-tune
the image encoder of SAM for guidewire segmentation.LoRA enables efficient
customization by updating a minimal subset of parameters, significantly reduc-
ing the computational overhead while maintaining performance. We adopt the
following approach for fine-tuning the image encoder: we freeze the majority of
the transformer blocks in the encoder and introduce low-rank approximations
to the projection layers of the query and value transformations. This strategy
not only helps in reducing memory and computational costs but also achieves
satisfactory segmentation results on medical images. The projected output of
the transformer block is updated using two learnable matrices A ∈ Rr×Cin and
B ∈ RCout×r, where r is much smaller than Cin and Cout, the input and output
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Fig. 1. Overview of the proposed PRE-SAM framework. The model extends SAM
with LoRA-based encoder adaptation and introduces class-specific expert heads for
guidewire and vessel segmentation. A prompt-conditioned router performs conserva-
tive residual fusion, injecting expert logits into the global prediction while preserving
the baseline pathway. An anatomy-constrained refinement module further enhances
structural continuity and spatial plausibility of the final guidewire mask.

dimensions of the attention mechanism, respectively. LoRA proposes a low-rank
approximation to update the projection layer as follows:

F̂ = WF (1)

Ŵ = W +∆W = W +BA (2)

where A ∈ Rr×Cin and B ∈ RCout×r represent the low-rank matrices, with
r ≪ min(Cin, Cout). The updated token sequence F̂ is computed by the low-
rank adaptation of the original projection layer W , allowing efficient fine-tuning
with minimal parameter updates.

2.3 Expert Guided Decoder

To handle the segmentation of both thin structures (guidewires) and large con-
nected regions (vessels), we introduce class-specific expert heads into the SAM
mask decoder. These expert heads specialize in the segmentation of guidewires
and vessel, respectively, enabling the model to focus on the distinct features of
each class. The outputs from the expert heads are then fused using a router
mechanism that adjusts the contribution of each expert based on the image’s
content. The router uses the learnable implicit prompt embeddings as input to
generate gating values for each expert. These gating values are learned during



Title Suppressed Due to Excessive Length 5

training and control the weighted combination of expert logits. The overall seg-
mentation output is given by the following fusion mechanism:

Lfinal = Lglobal + α (gwire · Lwire + gvessel · Lvessel) (3)

where α is a scaling factor initialized to zero and gradually increased during
training. For the loss function, we use a combination of cross-entropy loss (CE)
for the global output, binary cross-entropy loss (BCE) for the expert outputs,
and Dice loss for both the global and expert outputs.

Ltotal = Lglobal + λwire · Lwire + λvessel · Lvessel (4)

2.4 Post-processing Module

To improve anatomical plausibility and structural continuity, we apply a lightweight
morphology- and constraint-aware refinement to the predicted label map Ŷ ∈
{0, 1, 2}H×W (vessels and guidewire). Binary masks are extracted as

M̂c = 1[Ŷ = c], c ∈ {1, 2}. (5)

Isolated noise is removed via connected-component filtering with class-specific
thresholds. Vessels undergo mild opening–closing for regional stabilization, while
a light closing is applied to the thin guidewire to suppress micro-fragmentation.
To enforce anatomical consistency while tolerating boundary ambiguity, a vas-
cular tolerance band is constructed by dilation,

M̂dil
1 = Dilate(M̂1; r), (6)

guidewire predictions are constrained by:

M̂2 ← M̂2 ∩ M̂dil
1 (7)

This suppresses anatomically implausible detections outside the vascular neigh-
borhood. To repair small discontinuities of the elongated guidewire structure,
skeleton endpoints are detected and endpoint pairs with ∥pi − pj∥2 < dmax are
bridged within the tolerance band, followed by mild thickening:

M̂2 ← M̂2 ∪ Bridge(M̂2). (8)

The refined masks are finally recomposed into the output label map, yielding
topologically coherent and anatomically consistent segmentation.

2.5 Training Strategies

To ensure stable optimization and controlled capacity expansion, we adopt a
progressive three-phase training strategy that preserves baseline performance in
early stages and gradually activates additional modules.
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In the first phase, expert heads and the router are frozen, and only the global
branch with the LoRA-adapted backbone is optimized. The router contribution
is set to zero, so the model degenerates to the original SAM+LoRA baseline. This
guarantees stable initialization and prevents performance degradation caused by
randomly initialized expert components.

In the second phase, the expert heads are unfrozen while the router remains
fixed. The global branch continues to be optimized jointly. With additional class-
specific supervision and exclusivity constraints, the experts learn to specialize
in thin guidewire and connected vessel structures without disturbing the global
representation.

In the final phase, the router is unfrozen and trained with a smaller learning
rate to learn adaptive gating conditioned on the implicit prompt token. Since
expert logits are injected in a residual manner, the global pathway is always pre-
served, ensuring that worst-case performance remains comparable to the base-
line. This staged strategy enables a smooth transition from global prediction to
dynamic expert-enhanced segmentation.

3 Experiments

3.1 Datasets

The dataset uses in this study comprises more than 3,000 authentic clinical
DSA images. These images encompass diverse vascular anatomical structures
and catheter insertion angles, sourced from approximately twenty patients un-
dergoing various interventional procedures, including aneurysm repair, internal
carotid artery stenosis treatment, and vascular malformation interventions. The
dataset images have a resolution of 688×688 pixels. Following a patient-level
split, the dataset is divided into a training set of 2,584 images and a test set
of 485 images. All image annotations are manually performed at the pixel level
using the LabelMe tool. The annotation results undergo cross-verification by two
medical professionals to ensure accuracy.

3.2 Results

To comprehensively evaluate the performance of our proposed model, we conduct
systematic comparisons against three representative categories of baseline meth-
ods. First, we included vascular segmentation models named DARL [8] , which
are specifically designed to capture elongated, tree-like anatomical structures.
Since guidewires share similar geometric characteristics with vascular branches,
these methods serve as strong references for evaluating the capability of modeling
thin and topologically complex structures.

Second, we compare against SAM-derived medical adaptation models, includ-
ing Medical-SAM-adaptor [21], H-SAM [3] and SAMed [24]. These approaches
leverage large-scale visual pretraining and contextual representation learning,
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Table 1. Quantitative comparison on the test set. The best results are shown in bold.

Method Dice (%) ↑ HD95 (px) ↓

DARL (ICLR 2023) 76.8 23.25

Medical-SAM-adaptor (MEDIA 2025) X.X X.X
H-SAM (CVPR 2024) 83.1 6.89
SAMed (preprint) 77.4 18.25

FGA-Net (QIMS 2025) 78.7 17.09

PRE-SAM (Ours) 83.9 2.98

Fig. 2. Training results.

or incorporate domain-specific fine-tuning for medical imaging applications, en-
abling them to capture spatial relationships among guidewires, catheters, and
blood vessels.

Finally, we include a dedicated guidewire segmentation model, FGA-Net [22],
which is specifically designed for guidewire extraction tasks, providing a task-
oriented benchmark for performance comparison. As shown in Table 1, PRE-
SAM achieves state-of-the-art performance on the test set. In particular, it ob-
tains the highest Dice score and the lowest HD95 value among all compared
methods, demonstrating superior capability in preserving structural continuity
and reducing boundary errors. Notably, for the highly slender and low-occupancy
guidewire structures, PRE-SAM significantly improves segmentation complete-
ness while maintaining precise boundary localization. These results validate the
effectiveness of the proposed expert specialization mechanism and conservative
router-based fusion strategy in challenging medical imaging scenarios.

Our training results are presented in Figure 2.

3.3 Ablation Study

As shown in Table 2, we conduct a progressive ablation study to quantify the
contribution of each component to guidewire and vessel segmentation, while ex-
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Fig. 3. Visualization of post-processing module.Compared with the raw predictions,
the refinement step suppresses anatomically implausible detections outside vessel re-
gions, repairs small discontinuities in elongated guidewire structures, and improves
boundary coherence.

plicitly verifying training stability. Our baseline, SAM+LoRA, augments the
SAM backbone with a learnable implicit prompt embedding to enable prompt-
free inference, and applies LoRA-based adaptation to the image encoder for
angiography-domain specialization. We then introduce Experts (no router)
by attaching two lightweight class-specific expert heads (wire/vessel) on top of
the shared mask-decoder trunk, trained with additional binary supervision and
an exclusivity regularizer to encourage class specialization, while keeping the
global branch output unchanged. Next, Experts+Router activates a prompt-
token router that maps the implicit prompt token to gating coefficients and
injects the expert logits into the global logits via residual fusion, thereby im-
proving thin-structure and connectivity modeling while preserving the baseline
global pathway. For Experts+Router+Post-processing, instead of further
quantitative comparison, we present qualitative visualization results (Fig. 3) to
highlight structural refinements. The post-processing module primarily enforces
anatomical plausibility and topological consistency, which are not fully captured
by region-based metrics. Visual comparisons show that it effectively suppresses
anatomically implausible detections, repairs small discontinuities in guidewire
predictions, and enhances boundary coherence, especially in challenging low-
contrast and overlapping regions.

4 Conclusion

In this work, we proposed PRE-SAM, a domain-adaptive framework for guidewire
segmentation in Digital Subtraction Angiography (DSA) images. Built upon the
Segment Anything Model (SAM), our approach integrates LoRA-based parameter-
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Table 2. Ablation study of the proposed components. All settings share the same
backbone, implicit prompt token, and LoRA configuration.

Method LoRA+Implicit Prompt Experts Router Dice↑ HD95↓

SAM + LoRA ✓ 80.2 9.25
+ Experts ✓ ✓ 82.8 8.32
+ Experts + Router ✓ ✓ ✓ 83.9 2.98

efficient adaptation, class-specific expert heads, and a conservative prompt-routed
fusion mechanism to address the challenges of slender structure segmentation
and anatomical inconsistency. The progressive training strategy ensures stable
optimization while enabling expert specialization.Our approach was validated
on a dataset consisting of over 3,000 DSA images from approximately twenty
patients, all collected in clinical settings by experienced medical professionals.
Experimental results demonstrate that this method significantly outperforms
existing guidewire segmentation models across multiple evaluation metrics.
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