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Abstract

Curvilinear structure segmentation is essential in domains
such as medical imaging, remote sensing, and materials
science. Existing methods often require extensive domain-
specific training and lack generalization to novel domains.
To overcome these limitations, we propose the Segment Any-
thing Curve Model (SACM) — a universal framework for
curvilinear structure segmentation built upon the pretrained
Segment Anything Model (SAM). SACM introduces a dual-
level adapter architecture that enables both fine-grained
local adaptation and robust cross-domain generalization:
block-level internal adapters refine local structural repre-
sentations, while external adapters facilitate cross-domain
feature alignment. Specifically, the internal adapters are
embedded within each Transformer block to locally adapt
and refine features for thin and intricate curvilinear pat-
terns, while the external adapters operate across blocks to
capture global, multi-layer contextual information and fa-
cilitate domain adaptation. Furthermore, SACM introduces
a feature fusion mechanism that aggregates multi-layer fea-
tures from all external adapters via a feed-forward network
module, and a dual-stage refinement process in the mask
decoder to enhance topology and connectivity. This design
enables prompt-free, data-efficient fine-tuning and achieves
robust cross-domain generalization when trained with only
18 annotated images. Extensive experiments across twelve
diverse curvilinear datasets validate that SACM achieves
state-of-the-art performance. The code is available at
https://github.com/kylechuuuuu/SACM.

1. Introduction

Curvilinear structures, such as vascular networks, neural
pathways, and road systems, form the essential skeletons of
objects across a vast spectrum of scientific and engineering
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Figure 1. Segmentation results across four diverse domains using
SACM. These results demonstrate the model’s superior general-
ization in extracting complex curvilinear structures, including wire
networks, tyre tread, remote sensing roads, and retinal vessels.

domains [17]. Their accurate and automated segmentation
is not merely a technical task but a critical enabler for funda-
mental applications, from quantifying neuronal degradation
in neurodegenerative diseases [5] and monitoring infras-
tructural integrity [39] to analyzing root system architec-
tures for crop improvement [13]. However, the manual de-
lineation of these intricate patterns is notoriously laborious
and unscalable, creating a significant bottleneck that im-
pedes large-scale quantitative analysis and the deployment
of high-throughput systems. This underscores a compelling
and persistent need for automated segmentation methods
that are not only precise but also robust and generalizable
across diverse real-world scenarios.

Curvilinear Structure Segmentation (CSS) presents a
formidable challenge rooted in a fundamental dichotomy:
the need to reconcile local, fine-grained feature fidelity with
global, long-range topological coherence. On one hand,
these structures are defined by subtle local characteristics,
such as faint boundaries, heterogeneous intensity profiles,
and rapidly varying widths, which are often corrupted by
noise or occluded by surrounding tissues [25, 28]. This de-
mands a model with high sensitivity to low-level details.
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Figure 2. Structure of different SAM-based adapter mechanisms:
(a) ViT Block in SAM without adaptation, (b) Medical Image
Adapter [4] with internal-only adaptation, and (c) Our dual-level
adapter architecture with both block internal and external adapter.

On the other hand, these structures are defined by their con-
tinuity, elongation, and branching topology, necessitating
the preservation of global structural connectivity across ex-
tended regions. Many established CSS methods, from clas-
sic filter-based approaches to modern deep convolutional
networks [15, 22, 43], often excel at one aspect at the ex-
pense of another. They tend to produce fragmented seg-
ments in low-contrast regions or lose fine details, thereby
failing to maintain topological integrity. Furthermore, their
heavy reliance on large, domain-specific annotated datasets
severely limits their cross-domain generalization, as models
trained on retinal vessels, for example, typically fail to seg-
ment satellite road imagery, hindering their practical utility.

The recent advent of large-scale foundation models, par-
ticularly the SAM [12], has marked a paradigm shift in com-
puter vision, demonstrating unprecedented zero-shot gen-
eralization capabilities. However, these models were pri-
marily designed for generic object segmentation and har-
bor intrinsic architectural biases that render them subopti-
mal for the unique geometric properties of curvilinear struc-
tures. A direct application is fundamentally challenged:
(1) The prompting mechanism is ill-posed for CSS. The
dense, tortuous, and interconnected nature of curvilinear
networks makes discrete point- or box-based prompting im-
practical and inefficient for achieving complete segmenta-
tion. (2) Existing adaptation strategies are insufficient. Cur-
rent fine-tuning or adapter-based methods [3, 4, 18, 24]
typically insert lightweight modules into the MLP layers
of the Transformer blocks (as shown in Fig. 2(b)). This
single-level adaptation primarily refines block-level local
features, while neglecting the global structural modeling
mechanism itself. Consequently, it fails to explicitly en-
hance the model’s capacity for capturing long-range spatial
dependencies that are essential for maintaining the continu-
ity of curved global structures. This architectural limitation
restricts their ability to effectively model global topology
and transfer structural knowledge across disparate domains.

To address the limitations of adapting generic vision
foundation models for CSS, we propose SACM, a uni-
versal framework built upon the pre-trained SAM. Fig. 1
demonstrates SACM’s superior segmentation results across

diverse domains. Our approach introduces a novel Dual-
Level Adapter (DLAda) architecture (as shown in Fig. 2(c)),
designed to enhance both fine-grained local adaptation and
robust global context refinement. Complementing this, we
develop a Prompt-Free Adapter-Fusion Decoder (PFAF-D)
that integrates multi-layer features and employs a dual-stage
refinement process to generate precise and topologically co-
herent segmentation masks. This synergistic design forms
our contributions, which are summarized as follows:

* We propose SACM, a universal, prompt-free framework
for curvilinear structure segmentation built on the pre-
trained SAM, enabling direct mask prediction without
user prompts, requiring only a few-shot training set for
fine-tuning, and robust cross-domain generalization.

* We introduce a dual-level adapter architecture compris-
ing: (1) block-internal adapters in each Transformer MLP
path for fine-grained local feature tuning, and (2) block-
external adapters between Transformer blocks for global,
multi-layer feature injection. (3) An Adapter Fusion
module aggregates multi-layer features from all external
adapters and injects them into the mask decoder to en-
able prompt-free segmentation. The decoder then em-
ploys a two-stage refinement process to enhance segmen-
tation accuracy and topological connectivity.

» Extensive experiments demonstrate that SACM con-
sistently outperforms state-of-the-art baselines across
twelve curvilinear datasets, achieving strong cross-
domain generalization with only few-shot training data,
highlighting its practical utility for data-scarce scenarios.

2. Related Work

2.1. Curvilinear Structure Segmentation

Curvilinear segmentation targets thin, elongated struc-
tures. U-Net [25] established the baseline; subsequent
CNN improvements include residual blocks [1], multi-
scale aggregation [14], attention modules [27], and de-
formable or dilated convolutions [47]. However, CNNs
often produce fragmented outputs and rely on costly post-
processing. Recent architectures emphasize global context
and long-range dependencies: hybrid Transformer designs
(e.g., TSNet [46]), state-space models with edge enhance-
ment (MambaVesselNet [16]), semi-supervised Trans-
former methods for low-data regimes (EXP-Net [26]), and
context-distillation decoders (FCoDT-Net [42]).

2.2. SAM-based Semantic Segmentation

Foundation models shifted segmentation toward prompt-
driven, general-purpose frameworks. The SAM [12] en-
ables zero-shot, promptable masks and has inspired three
adaptation paths: (1) domain transfer via fine-tuning or
adapters (SAM-Med2D [4], CWSAM [24]); (2) prompt
and output refinement to improve boundary quality (HQ-
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Figure 3. Overview of the SACM framework. SACM leverages the pretrained SAM as the foundation model, enhanced with dual-level
adapter fine-tuning. Multi-layer features from external adapters are aggregated and integrated into the mask decoder via a dual-stage

refinement mechanism to improve curvilinear structure segmentation.

SAM [11]); and (3) structure-aware prompting for geomet-
rically constrained targets (e.g., SAM-OCTA [33]).

2.3. Adapter-Based Fine-tuning

Adapters provide parameter-efficient adaptation by freez-
ing most pretrained weights and training small modules [3,
24, 37]. Originating in NLP [6, 8], adapters are effective
across vision tasks [7, 34, 38] and help reduce memory
and compute during transfer [32, 44]. However, by insert-
ing adapters only locally within Transformer blocks, these
methods lack a mechanism for global, multi-scale feature
aggregation. This architectural limitation makes them in-
herently unsuitable for curvilinear segmentation, which de-
mands long-range spatial dependency modeling to maintain
topological continuity.

3. Methodology

This section provides a detailed description of SACM, our
prompt-free framework for CSS, built upon a frozen SAM
image encoder. SACM'’s architecture is centered around
two key components: (1) DLAda for both local and global
feature adaptation within the encoder, and (2) PFAF-D for
multi-layer features fusion and dual-stage mask refinement.
The overall pipeline is illustrated in Fig. 3, with each com-
ponent elaborated in the subsequent subsections.

3.1. Dual-Level Adapter Architecture

The DLAda architecture is the core component enabling
parameter-efficient fine-tuning and robust domain general-
ization for curvilinear structures. As demonstrated in Fig. 3,

it is strategically integrated into every Transformer block
across the depth of the frozen SAM image encoder. This
design achieves feature adaptation across multiple granu-
larities while effectively preserving the knowledge encoded
within the pretrained foundation model backbone. The
DLAda architecture comprises two distinct, yet comple-
mentary, components that collaboratively address the chal-
lenge of fine-grained local feature discrimination and global
topological coherence: the block-internal adapter (Adapter-
I) and the block-external adapter (Adapter-E).

3.1.1. Block-Internal Adapter

The block-internal adapter is designed for fine-grained local
feature adaptation within the transformer block, focusing
on refining feature representations crucial for distinguishing
thin structures from the complex background. Following
established parameter-efficient fine-tuning methodologies,
Adapter-I is embedded within the residual pathway of the
MLP sub-module of the [-th Transformer block.

Concretely, let X() € RV*P be the input sequence to
block [ (where N is the sequence length and D the em-
bedding dimension). The internal adapter is a token-wise
bottleneck module:

Adapter-1(X) = G(XW/) W/, (1)

where W/ € RP*" and W € R™*P are the down-/up-
projection matrices, r is the bottleneck ratio, and G denotes
GELU activation. This per-token design keeps the adapter’s
Jacobian block-diagonal across tokens, concentrating up-
dates on channel-wise, local refinements.
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The MLP output augmented by the internal adapter is
incorporated via the residual connection:

H/, = MLP(LN(Y)) + Y+ Adapter-I (LN(Y)), (2)

out

where Y is the feature sequence after the MSA, and LN de-
notes LayerNorm. Embedding Adapter-I in the MLP path
emphasizes local discriminative features (e.g., thin edges,
fine vessel details) while preserving the pretrained trans-
former’s global structure.

3.1.2. Block-External Adapter

Unlike conventional adapter approaches that operate solely
within individual Transformer blocks, our block external
adapter operates at the block level, creating direct pathways
for cross-layer feature fusion and hierarchical representa-
tion learning. Positioned in the residual connection around
the entire Transformer block, it facilitates global contextual
propagation. The external adapter processes the normalized
block output:

XD = R (XD) + Adapter-E(LN(F(X1)), (3)
where F; denotes the Transformer block at layer [, with the
same bottleneck form but independent parameters:

Adapter-E(Y) = G(YW]) W[, “)

where WP € RP*" and W € R™*P.

Because Adapter-E receives features after attention-
based token mixing in Fj, its perturbation is naturally propa-
gated through subsequent attention layers. Unlike Adapter-1
which refines tokens locally, Adapter-E injects global fea-
ture updates at the block boundary. Through successive
layers, this effect compounds: each deeper layer increases
cross-token interaction density, enabling Adapter-E’s struc-
tural cues to influence distant tokens and capture long-
range dependencies. This hierarchical propagation enables
Adapter-E to inject global, multi-layer context for preserv-
ing long-range continuity in curvilinear structures.

This mechanism is validated by: (i) Grad-CAM visu-
alizations showing Adapter-E captures broad vessel struc-
tures globally, while Adapter-I focuses on local details;
and (ii) ablation studies demonstrating that combining both
adapters yields synergistic gains, confirming their comple-
mentary roles in multi-layer feature adaptation.

3.2. Prompt-Free Adapter Fusion Decoder

To overcome the limitations of prompt-driven segmentation
for thin, branching structures, SACM introduces a prompt-
free mask decoder with two key components: (1) a prompt-
free feature-fusion stream that aggregates multi-layer out-
puts from external adapters to provide global structural pri-
ors, and (2) a dual-stage refinement module that ensures
both local boundary precision and global topological coher-
ence. The following sections detail these components.

Figure 4. The orange regions indicate the SAM (ViT-L) output
mask, while the green regions represent the input prompts. The
visual evidence suggests that the segmentation performance across
all three prompt modalities (points, box, and mask) is suboptimal
for curvilinear structure segmentation.

3.2.1. Adapter Fusion for Prompt-Free Segmentation

Prompt-based segmentation (points, boxes, and masks) is
inherently ill-suited for CSS due to three fundamental mis-
matches (as shown in Fig. 4): (i) positional bias—sparse
prompts introduce localized cues that blur fine bound-
aries and disrupt thin structure continuity; (ii) scale mis-
match—fixed prompts struggle to encode multi-scale infor-
mation needed for both thin vessels and complex junctions;
(iii) topology agnostic—prompts provide no global conti-
nuity guidance for maintaining branching topology.

SACM operates in a fully prompt-free manner by replac-
ing interactive prompts with learned, feature-level structural
guidance. The Adapter Fusion module aggregates multi-
layer outputs from external adapters, which inherently cap-
ture cross-layer, attention-mixed context, and injects this
fused descriptor into the mask decoder. External adapters
encode long-range dependencies across encoder layers, nat-
urally capturing thin, elongated geometry and branching
structures, while internal adapters perform token-wise re-
finements. The fused multi-layer descriptor provides global
feature priors, addressing CSS challenges and enabling au-
tomatic segmentation of curvilinear structures.

Formally, let {&,...,&L} denote the external adapter
outputs from L encoder layers, where each &; corresponds
to the output at layer [. We compute layer-wise descriptors
via average pooling:

zi=A&) (I=1,...,0L), 5)
where A denotes average pooling.

Since different encoder layers contribute unequally to

CSS, we then learn adaptive weights & = [avq, . .., ] that
reflect each layer’s contribution:
a = Softmax (FFN (Concat(z1, ...,21))), (6)

where FFN denotes a feed-forward network.
The weighted fusion aggregates multi-layer structural in-
formation:

L
Frusion = UP (MLP (Z a - &)) , (7)

=1
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Figure 5. Dual-stage mask refinement: Stage-1 generates coarse
descriptors and ranks heads by confidence scores; Stage-2 refines
masks with reordered descriptors, balancing boundary precision
and topological consistency.

where UP denotes upsample operations. The fused repre-
sentation is then injected into the decoder via a residual con-
nection:

out __ in .
decoder — Fdecoder + -Ffuslon' (8)

3.2.2. Dual-stage Refinement

Single-pass mask decoding often produces locally plausi-
ble but globally inconsistent predictions for CSS, exhibit-
ing topological inconsistencies such as discontinuous ves-
sels or spurious branches. To address this, we introduce a
two-stage refinement module that separates local boundary
precision from global topological coherence. The structure
of the dual-stage refinement module is shown in Fig. 5.

Let U denote the fused feature map from the decoder
upsampling path. The module employs two identical-
architecture MLP networks: MLP; for coarse mask gener-
ation and MLPy for refined mask prediction. In the first
stage, coarse masks M) are generated to assess global
topological coherence:

M® = MLP, (U), w = Softmax (M(M<1>)) )

where M denotes the max pooling and w represents confi-
dence weights. Heads are ranked by their maximum spatial
activation strength: s = argsort(w, descending).

In the second stage, refined masks M(?) are generated
using the same feature map but conditioned on the ranking:

M® = MLP,(U,s), (10)

An MLP-based IoU predictor selects the optimal mask
from the ordered candidates. This two-stage design en-
sures topologically sound heads dominate final predictions
while maintaining boundary precision, producing segmen-
tation that balances sharp local boundaries with preserved
vessel connectivity.

3.3. Loss Function and Evaluation Metrics

The loss function is formulated as a weighted sum of Binary
Cross-Entropy (BCE) loss and Dice loss to achieve optimal
segmentation performance:

Lsacm = Lece + A Lpice, (1)

Split Distribution Dataset Modality Target

DRIVE [31] Fundus Vessel 3
- CHASEDBI [23] Fundus Vessel 3
Train - DCA1 [2] X-ray Vessel 3
- CrackTree [50] RGB Crack 3
CREMI! Microscopy Boundary 3
CORN [21] Microscopy Nerve 3
Seen DRIVE [31] Fundus Vessel 20
Seen CHASEDBI [23] Fundus Vessel 8
Seen DCAI1 [2] X-ray Vessel 100
Test (Base)  Seen CORN [21] Microscopy Nerve 100
Unseen FIVES [10] Fundus Vessel 200
Unseen DSCA [45] X-ray Vessel 45
Unseen XCAD [19] X-ray Vessel 126
Unseen CRACK RGB Crack 31
Unseen ROAD [20] Aerial Road line 49
. Unseen LEAF RGB Venation 31
TestNovel) jpdeen  TYRE RGB Tread line 36
Unseen WIRE RGB Wire 31

Table 1. Details of the datasets for experiments.

where A controls the trade-off between the two loss items.
We use both pixel-level and topology-aware metrics to
provide a comprehensive assessment of segmentation qual-
ity. Specifically, Dice [41] and Intersection-over-Union
(IoU) [35] measure pixel-wise agreement between predic-
tions and ground truth, clDice [29] evaluates topological
correctness by comparing skeletonized centerlines, and the
95th-percentile Hausdorff distance (HD95) [36] assesses
boundary localization while reducing sensitivity to extreme
outliers. All metrics are computed on binarized masks
(threshold = 0.5); clDice is computed on skeletonized
masks obtained via standard morphological thinning. For
HDO95, lower values indicate better boundary agreement.

4. Experiments
4.1. Datasets

To fine-tune SACM, we randomly sampled a training set
of only 3-shot per dataset (18 images) from six curvilinear
benchmarks: DRIVE [31], CHASEDBI1 [23], DCA1 [2],
CrackTree [50], CREMI', and CORN [21]. These datasets
cover diverse curvilinear segmentation tasks, including reti-
nal vessel extraction, neuron boundary delineation, crack
detection, and nerve fiber segmentation. Modalities, targets,
and case counts for all training and evaluation datasets are
summarized in Table 1.

For evaluation, we partitioned the test data along two di-
mensions: class familiarity (Base or Novel) and data distri-
bution (Seen or Unseen). Base refers to curvilinear structure
classes that appeared in the training set, while Novel refers
to entirely new classes never encountered during training.
Seen indicates test images from the same datasets used in
training, while Unseen indicates test images from different
datasets with distinct data distributions.

The Base-Seen subset comprises test images from
the training datasets (DRIVE [31], CHASEDBI [23],
DCAT1 [2], and CORN [21]), evaluating in-distribution per-

et ps://cremi.org/

36304


https://cremi.org/

DRIVE [31]

CHASEDBI [23]

DCALI [2] CORN [21]

Method ‘Pmmpt‘ Dicet IoUt cIDicet HD95) | Dicet IoUf cIDicef HD95/ | Dicet IoUf cIDicet HD95) | Dicet IoUt cIDicet HD95,
U-Net(2015) [25] X | 7466 5981 25.19 1748 | 71.53 5589 1327 34.06 | 6741 5177 3040 2978 | 22.46 12.88 11.81 60.92
CS2Net(2021) [22] X 7583 60.12 2645 1692 | 72.14 5678 1423 3345 | 68.68 53.12 3096 27.86 | 23.89 1345 1234 59.67
BCUNet(2023) [43] | X 78.08 6432 2940 9.07 | 7824 6435 17.20 2352 | 73.35 5829 3098 21.02 | 29.76 17.57 1535 41.35
MaskVSC(2025) [48] | X 6747 51.06 1437 1356 | 6639 49.76 9.22 28.07 | 590.78 43.02 2021 50.I11 | 35.16 2146 19.13 23.64
nnWNet(2025) [49] | X | 68.12 5234 1567 12.89 | 6745 5023 1045 27.34 | 7192 5647 29.84 2349 | 3623 22.67 19.78 22.45
SAM-Med2d(2023) [4]| ¢ | 59.23 4220 721 16.68 | 53.01 36.18 447 8379 | 45.76 29.71 1689 7125 | 2534 1467 589 5523
SAMOCTA(2024) [33]| v | 6045 4312 834 1567 | 5423 3789 512 8234 | 61.84 4475 2475 4288 | 26.78 1534 645 54.12
CWSAM(2025)[24] | v | 61.01 4356 855 1503 | 5485 3822 531 8152 | 63.60 4691 2588 3876 | 27.07 1553 662 5354
KnowSAM(2025) [9] | « | 58.13 41.14 7.05 17.12 | 5242 3588 4.03 8452 | 43.87 28.10 1597 7592 | 2456 13.89 567 5634
SegDINO(2025) [40] | X 6178 4456 9.12 1489 | 55.67 3923 634 8145 | 4895 3241 1816 6635|2734 1612 701 53.67
Ours (SACM) X 7889 6524 20.02 834 | 7927 6572 1666 14.58 | 7567 61.10 32.65 16.67 | 5538 3844 3470 16.07

Table 2. Comparison of Dice(%), IoU(%), clDice(%) and HD95 (px) on 4 base datasets. Best results are in bold, second best are underlined.
The upper part of the table represents models without pre-trained weights, while the lower part represents models with pre-trained weights.

DSCA [45] CRACK XCAD [19] FIVES [10]

Method Prompt| picet IoUt cIDicet HD95) | Dicet IoUt clDicet HD95) | Dicet IoUT clDicet HD95) | Dicet IoUt clIDicet HD95.,
U-Net(2015) [25] X | 3449 2117 1237 80.66 | 2456 1552 13.57 165.02| 4837 3222 862 112.54| 4294 2933 637 150.53
CS2Net(2021) [22] X 3563 23.55 13.68 8032 | 1957 12.84 1248 12036 5550 4040 9.97 8823 | 37.54 2510 842 168.16
BCUNet(2023) [43] | X | 30.54 1863 1278 12558 2562 1556 13.88 93.88 | 21.15 1263 601 98.09 | 5601 4174 973 12816
MaskVSC(2025) [48] | X | 31.85 19.11 865 225.17| 3338 2055 1089 236.64| 37.80 23.56 572 12457| 6471 4887 556 12024
nmnWNet(2025) [49] | X 1899 1070 13.01 17630| 566 337 248 28224 6327 47.78 1148 78.03 | 3286 2134 540 36426
SAM-Med2d(2023) [4]| v | 3652 2435 1085 12345| 568 4.54 1437 160.18| 2559 1667 531 102.34| 1071 857 298 120.65
SAMOCTA(2024)[33]| v | 65.65 49.46 1396 128.01| 5230 3740 16.83 76.23 | 68.58 54.86 668 9234 | 7451 6094 1044 87.26
CWSAM(2025)[24] | « | 4431 12886 775 19747| 4921 3423 1594 109.14| 6832 5224 1033 11292| 6495 4865 8.78 105.13
KnowSAM(2025)[9] | « | 3810 2391 1.60 11579 | 1438 811 355 140.77| 25.02 1471 403 81.53 | 4509 29.64 151 129.88
SegDINO(2025) [40] | X 3546 2240 1.81 294.60| 1442 824 201 168.17| 57.54 4074 328 20422| 4693 3120 289  78.66

Ours (SACM) X | 6843 5351 1551 7822 | 63.17 47.80 19.19 62.03 | 7429 5774 1346 4333 | 7548 6226 12.24 69.47
Table 3. Cross-dataset Performance on Four Unseen Datasets.
ROAD [20] LEAF TYRE WIRE

Method Prompt| picet IoUt cIDicet HD95) | Dicet IoUf clDicet HD95) | Dicet IoUt clDicet HD95) | Dicet IoUt clDicet HD95)
U-Net(2015) [25] X 142 072 027 180.17| 070 036 018 166.81| 3127 2027 1644 109.80| 35.13 21.82 1211 106.90
CS2Net(2021) [22] X 221 177 036 15022| 036 029 012 19228 | 2478 16.14 1343 12948 2648 1726 1132 11231
BCUNet(2023) [43] | X 105 053 022 14338| 487 290 087 180.40| 3246 21.19 1420 8826 | 2991 1820 1273 93.49
MaskVSC(2025) [48] | X 562 297 066 20399| 10.16 569 204 11511| 3159 1943 1025 99.63 | 3503 2246 12.14 83.88
nmnWNet(2025) [49] | X 097 049 049 32395| 1398 793 626 16394 | 31.68 19.60 1159 121.32| 1574 931 631 191.72
SAM-Med2d(2023) [4]| v 052 042 0.2 34012 235 188 035 15023 | 1206 9.65 1.14 12045| 599 479 242 14528
SAMOCTA(2024)[33]| v | 21.62 1411 524 15022 2043 1337 643 9412 | 2008 13.16 834 11023 | 4420 3037 14.67 79.53
CWSAMQ2025)[24] | v | 2479 1453 299 182.50| 2785 17.01 7.94 11580 30.77 19.19 1043 99.04 | 2261 29.55 14.65 80.42
KnowSAM(2025) [9] | v 042 021 004 16029| 841 446 T.I8 10654| 13.68 770 147 16581 17.13 981 331 9575
SegDINO(2025) [40] | X 081 041 013 26729 454 239 067 10430| 1853 1071 227 108.82| 2646 1588 227 100.99
Ours (SACM) X | 4043 2631 680 131.79| 36.80 23.61 932 4888 | 3743 2412 1056 7552 | 54.60 3825 1743 55.66

Table 4. Cross-dataset Performance on Four Unseen Datasets with Novel Classes.

formance on familiar classes. The Base-Unseen subset
includes FIVES [10], DSCA [45], XCAD [19], and the
CRACK collection [50], testing generalization to new data
distributions for familiar structure classes. The Novel cat-
egory contains the public ROAD benchmark [20] and our
in-house datasets LEAF, TYRE, and WIRE, representing
completely new curvilinear structure classes from unseen
distributions. The in-house images were captured with mo-
bile phones and annotated with pixel-level masks; most im-
ages have a resolution of 1024x768.

4.2. Implementation Details

For fair comparison, all SAM-based baselines and SACM
use the ViT-L image encoder from SAM at the same
scale and are initialized with identical pretrained weights.
All compared methods were trained under the same
3-shot per-dataset protocol (18 images total from DRIVE,
CHASEDBI1, DCA1, CrackTree, CREMI, and CORN). Ex-
periments were conducted on a server with an NVIDIA

RTX 4090 GPU (24 GB) and PyTorch version 2.9.1. Fine-
tuning is performed for 50 epochs with a batch size of 1 and
a learning rate of 3 x 10~%, using the AdamW optimizer (/3
=0.9 and Sz = 0.999) and a cosine learning rate scheduler.
The image encoder block is frozen during fine-tuning; only
the DLAda and the PFAF-D are updated.

4.3. Comparison to State-of-the-art

4.3.1. Quantitative Results

We evaluate SACM against representative curvilinear seg-
mentation methods, including classic CNN-based models
(U-Net [25], CS?Net [22], BCUNet [43], MaskVSC [48],
nnWNet [49]) and recent SAM-based adaptations (SAM-
Med2d [4], SAM-OCTA [33], CWSAM [24]). We fur-
ther include KnowSAM [9], a semi-supervised SAM adap-
tation, and SegDINO [40], which builds on DINOv3 [30]
pretraining, to cover diverse adaptation strategies and pre-
training regimes. According to the released code of the
compared methods, all compared SAM-based methods use
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point prompts during fine-tuning or inference, whereas our
method is completely prompt-free and does not rely on any
additional prompt information. Tables 2, 3 and 4 report the
Dice, IoU, clDice, and HD95 scores on twelve curvilinear
datasets. The upper part of the table represents small mod-
els without pre-trained weights, while the lower part repre-
sents fine-tuned models with pre-trained weights.

For the seen (Base) test sets (Table 2), SACM achieves
state-of-the-art performance across all reported metrics.
Concretely, SACM attains Dice scores of 78.89, 79.27,
75.67 and 55.38 on DRIVE, CHASEDBI1, DCAl and
CORN respectively, with corresponding IoU values of
65.24, 65.72, 61.10 and 38.44, improved clDice mea-
sures and substantially reduced HD95 errors (e.g., 8.34
on DRIVE). These results indicate that, under the same
3-shot fine-tuning protocol, SACM consistently improves
pixel-level overlap and boundary accuracy compared to
both conventional CNN baselines and recent SAM-based
adaptations.

On the unseen domains (Tables 3 and 4), SACM
demonstrates strong cross-domain generalization without
any prompt engineering. On the open unseen benchmarks
DSCA, CRACK, XCAD and FIVES, SACM reports the
following Dice and IoU results: DSCA 68.43 and 53.51,
CRACK 63.17 and 47.80, XCAD 74.29 and 57.74, and
FIVES 75.48 and 62.26. On the in-house novel domains
ROAD, LEAF, TYRE and WIRE, SACM achieves Dice
and IoU of 40.43 and 26.31 on ROAD, 36.80 and 23.61
on LEAF, 37.43 and 24.12 on TYRE, and 54.60 and 38.25
on WIRE. These improvements, particularly on structurally
diverse datasets such as XCAD, FIVES and WIRE, suggest
that our prompt-free approach effectively transfers curvilin-
ear priors across domains.

4.3.2. Qualitative Results

Fig. 6 presents a qualitative comparison of SACM
against BCUNet [43], nnWNet [49], CWSAM [24],
KnowSAM [9], and SegDINO [40], across eight curvi-
linear segmentation datasets (DSCA [45], XCAD [19],
ROAD [20], FIVES [10], CRACK, LEAF, TYRE, WIRE).
SACM produces cleaner masks with improved structural
continuity and sharper boundaries.

On FIVES and XCAD, the colorized segmentation over-
lays show more complete and anatomically plausible vas-
cular and tubular structures, with fewer spurious fragments
and fewer missing branches, demonstrating SACM’s supe-
rior ability to maintain long-range structural continuity. On
LEAF and ROAD, SACM preserves long-range connectiv-
ity and fine curvilinear detail under cluttered backgrounds
and partial occlusions, whereas competing methods often
fragment or over-cover the target structures. On CRACK
and TYRE, dominated by thin, irregular, high-contrast pat-
terns, SACM accurately captures subtle fractures and tread
features with minimal noise and fewer breaks. Similar

KnowSAM SegDINO SACM(Ours)

Figure 6. Visual comparison of segmentation results showing
SACM’s strong generalization to varying curvilinear datasets. Dif-
ferent colors are used to highlight differences between datasets for
better visualization.

trends are observed across the remaining datasets.

4.4. Ablation Studies
4.4.1. Impact of Different Components

We conduct an ablation study to assess the individ-
ual and combined effects of the block-internal adapter
(Adapter-I), block external adapter (Adapter-E), adapter fu-
sion (Adapter-F), and Dual-stage. Table 5 reports results
on the WIRE dataset. The baseline SAM performs poorly
(Dice 5.61%, clDice 2.32%), confirming that domain adap-
tation is essential. Adding Adapter-I or Adapter-E individ-
ually yields large gains (Dice 46.11%, clDice 14.83% and
Dice 45.02%, clDice 15.24%, respectively), indicating both
internal and external adapters contribute substantially. Us-
ing both adapters raises Dice to 50.38% (cIDice 15.52%),
and adding the Adapter-Fusion further increases Dice to
53.93% (cIDice 16.02%). The full model with Dual-Stage
refinement achieves the best performance (Dice 54.60%,
clDice 17.43%), showing that internal adapters, external
adapters, and multi-layer fusion provide complementary
and cumulative improvements for curvilinear structure seg-
mentation.

4.4.2. Impact of Training Shot Size

We studied SACM’s data efficiency by varying the num-
ber of training shots per dataset. Experiments were con-
ducted under 1-shot to 7-shot settings. As shown in Fig. 7,
SACM achieves strong performance even with only 3-shot
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Adapter-I  Adapter-E  Adapter-F  Dual-stage | Dicet clDicet

- - 5.61 2.32
v - 46.11 14.83
- v - 45.02 15.24
v v - - 50.38 15.52
v v v - 53.93 16.02
v v v v 54.60 1743

Table 5. Ablation study of different components on WIRE dataset.
v indicates the component is enabled.
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Figure 7. Dice of SACM versus the number of training shots per
dataset on the WIRE dataset.
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Figure 8. Grad-CAM visualizations of the original SAM, SAM
with only Adapter-1, and SAM with only Adapter-E.

per dataset, outperforming other SAM-based models fine-
tuned with the same amount of data. Performance improves
with more shots, but the gains diminish beyond 5-shots,
indicating SACM leverages limited annotations for robust
curvilinear segmentation.

4.4.3. Grad-CAM of Different Adapters

To visualize the distinct contributions of the internal and ex-
ternal adapters, we generate Grad-CAM heatmaps for three
configurations: original SAM without adapters, SAM with
only Adapter-I, and SAM with only Adapter-E. As shown in
Fig. 8, the original SAM exhibits diffuse attention patterns.
With only Adapter-I, the model attends more to local ves-
sel regions but lacks global context. In contrast, with only
Adapter-E, the attention highlights broader vessel structures
but introduces more irrelevant regions. This demonstrates
that Adapter-I enhances local feature representation while
Adapter-E captures global context, and their combination
in SACM leads to comprehensive curvilinear segmentation.

4.4.4. Impact of Hyperparameters

We evaluate the effect of two key hyperparameters on the
WIRE dataset via grid search: the adapter bottleneck ra-
tio r and the loss weight A\. As shown in Fig. 9(a), perfor-
mance peaks at 7 = 0.1. A smaller bottleneck constrains the
adapter capacity, leading to more moderate updates to the
pretrained encoder, while a larger r increases the adapter’s
degrees of freedom and can lead to overfitting on limited
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Figure 9. Validation score with different bottleneck ratio r and
loss weight .
2?riginél Features

CWSAM Features 25SACM Features
] .

o 57 N 10 Y o
w -~ A w w
z 0 z z 0
[ -1 w 0 [ 5
¥-25 < *_10 S 25| &
=25 0 25 =50 0 50 -25 0 25
t-SNE 1 t-SNE 1 t-SNE 1

[ . DSCA FIVES . ROAD - XCAD - crack - leaf tyre - wire ]

Figure 10. t-SNE visualization of SAM, CWSAM, and SACM;
colors represent different data domains.

data. Based on this observation, we set » = 0.1 as the de-
fault setup. Similarly, for the loss weight A, Fig. 9(b) shows
that performance peaks near A = 0.4, indicating that a bal-
anced combination of BCE and Dice loss yields optimal re-
sults for curvilinear structure segmentation.

4.4.5. Visualization of t-SNE

To demonstrate the generalization of the SACM, we visu-
alize feature embeddings from eight domains using t-SNE.
As an illustration in Fig. 10, we compare the baseline of
CWSAM with SACM. The CWSAM exhibits heavily over-
lapping, diffuse clusters with poor intra-domain cohesion
and blurred domain boundaries. In contrast, SACM pro-
duces tighter, well-separated intra-domain groups, clearly
distinguishing each domain in the embedding space. This
improvement stems from dual-level adapter fine-tuning,
which enhances domain-specific invariance.

5. Conclusion

In this paper, we presented SACM, a prompt-free frame-
work for curvilinear structure segmentation built on SAM.
By improving both local detail and global structural con-
tinuity, SACM achieves strong few-shot and cross-domain
performance. Experiments on twelve datasets show that
SACM consistently outperforms existing baselines using
only 18 training images. Future work will explore continual
adaptation, more efficient fine-tuning, and improved robust-
ness to severe domain shifts.
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