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Abstract—Road extraction in high-resolution remote sensing
imagery remains a persistent challenge due to occlusions and
complex backgrounds, which lead to fragmented road topologies.
However, existing road extraction methods constrained by limited
pretraining remote sensing data often lack the generalization
capability to distinguish roads from complex backgrounds. To
address this issue, we propose Anchor-SAM, a novel framework
that actively mines latent semantic anchors embedded in the SAM
encoder to guide topological reconstruction. Our approach stems
from a pivotal insight: the SAM encoder is able to abstract com-
plex scenes into sparse semantic anchors at deep layers, thereby
implicitly encoding the global structural skeleton. To harness
these implicit cues, we introduce the multiscale deformable con-
text perceiver (MDCP) and the deformable Bayesian conditional
interaction module (DBCIM). The MDCP explicitly utilizes spa-
tial cues to aggregate global semantics across distributed anchors,
establishing a robust initial context for the decoder. The DBCIM
facilitates the diffusion of semantic cues to surrounding regions
and effectively suppresses noise. Specifically, by leveraging the
semantic certainty of anchors to guide deformable sampling
trajectories, this mechanism proactively filters out background
regions while precisely repairing fragmented road topologies. Our
method achieves competitive performance on both the DeepGlobe
and Massachusetts datasets. The source code will be publicly
available at https://github.com/Hmbb0606/Anchor-SAM

Index Terms—Deformable convolution, multiscale context per-
ception, remote sensing imagery, road extraction, segment
anything model.

I. INTRODUCTION

OAD extraction from high-resolution remote sensing
imagery plays a critical role in applications such as
urban planning, autonomous navigation, and disaster response
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[1]. However, despite considerable progress in deep learning
techniques, accurate road segmentation in complex scenarios
remains challenging. Specifically, fragmented road topology
is often caused by tree occlusions, shadows, and interference
from road-like background features [2]. In these occluded
regions, inconsistent spectral features hinder the model’s abil-
ity to utilize contextual information, resulting in discontinuous
segmentation results.

Existing road extraction methods predominantly utilize
ImageNet-pretrained CNNs [3] or ViTs [4] as backbones,
aiming to enhance feature representation through archi-
tectural refinements [5], [6]. However, these methods are
constrained by two intrinsic drawbacks. First, the local
receptive fields of traditional CNNs limit the modeling of
long-range dependencies. Second, standard backbones are
constrained by the relatively small scale of pretraining data,
typically on the order of millions. Consequently, limited by
restricted receptive fields and data scale, these backbones
tend to capture textural patterns rather than achieve global
scene understanding. As a result, they lack the sufficient
generalization capability to distinguish roads from complex
backgrounds.

To address these constraints, we investigate large vision
foundation models (VFMs) known for their strong generaliza-
tion [7]. Recently, models such as SAM [8], empowered by
billion-scale pretraining data, have shown impressive univer-
sal representation capabilities. However, current SAM-based
adaptations for road extraction mostly rely on superficial
feature fusion [9], [10], or simple fine-tuning [11], neglect-
ing to deeply investigate the internal feature representation
mechanisms of large foundation models. Motivated by this,
in exploring the adaptation of the SAM2 encoder for road
extraction, we observed a unique feature response pattern
in Fig. 1(a): the backbone abstracts complex remote sensing
scenes into a set of sparse semantic anchors within its deep lay-
ers. This contrasts sharply with the textural features typically
generated by traditional encoders. These anchors are not con-
fined to specific road intersections but are widely distributed
across diverse semantic regions of the image. This implies
that the backbone has implicitly encoded the global structural
layout, demonstrating a comprehensive understanding of the
scene context. Consequently, as illustrated in Fig. 1(b), we
hypothesize that these distributed semantic anchors act as
critical contextual cues, enabling global reasoning to maintain
the connectivity of road networks.

However, the utilization of these sparse anchors is con-
strained by their intrinsic properties. While these anchors
encode critical global cues, their implicit and sparse nature
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Fig. 1. Illustration of the latent semantic anchors discovered within the SAM?2
encoder. (a) Input image, feature response heatmap, and final prediction.
Semantic anchors are defined as the sparse high-activation regions in this
heatmap. (b) Our hypothesized inference mechanism. (c) Spatial distribution
of the semantic anchors visualized in 2-D and 3-D.

hinders the recovery of fine-grained pixel-level details through
direct decoding. Furthermore, naive feature fusion tends to
treat these prominent semantic points as considerable noise.
Therefore, we need a mechanism to actively perceive and
aggregate these global semantic anchors while propagating
their semantic information, thereby proactively suppressing
noise in regions centered around background anchors.

Building upon this distinctive feature response pattern, we
propose the Anchor-SAM framework, which introduces two
core components. First, to address the challenge of effectively
perceiving implicit sparse anchors, we propose the multiscale
deformable context perceiver (MDCP) at the bottleneck. The
MDCP employs DCNv3 [12] with varying dilation rates to
aggregate dispersed semantic anchors. Through the coordi-
nated action of spatial localization via the sparse cue activator
(SCA) and semantic correlation via the global relationship
reasoner (GRR), it effectively integrates sparse semantic repre-
sentations. Second, to address the challenge of semantic signal
diffusion during feature fusion, we propose the deformable
Bayesian conditional interaction module (DBCIM) within the
skip connections. In the DBCIM, we introduce the concept
of Bayesian maximum a posteriori (MAP) estimation, which
is instantiated by the proposed Bayesian posterior estimator
(BPE). Specifically, we model the semantic anchors generated
by SAM2 as priors for regional semantic centroids, utiliz-
ing horizontal interaction features as observational evidence.
Through probabilistic inference, the BPE generates a guidance
map to optimize the directionality of vertical deformable
sampling. Crucially, this mechanism utilizes anchor semantics
to guide spatial propagation: background anchors actively
suppress texture noise aggregation in their respective regions
via the generated guidance map. The main contributions of
this work are summarized as follows.

1) We reveal the intrinsic capability of the SAM?2 encoder
to abstract complex scenes into sparse semantic anchors.
Based on this insight, we propose the Anchor-SAM
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framework, designed to leverage these semantic cues for
road extraction.
We design the DBCIM. It utilizes the BPE to generate
a guidance map, which optimizes vertical deformable
sampling. This mechanism leverages the spatial diffusion
of anchor semantics to suppress noise and repair road
topology.
We propose the MDCP. This module employs
deformable convolutions to aggregate distributed seman-
tic anchors. Furthermore, it constructs a robust global
context for the decoder by synergizing the explicit
localization of the SCA with the implicit modeling of
the GRR.

4) We conduct extensive experiments on the DeepGlobe
and Massachusetts datasets to evaluate Anchor-SAM.
The results demonstrate that our proposed method
achieves competitive performance compared to state-of-
the-art approaches.

2)

3)

II. RELATED WORK

In this section, we review the evolution of feature encoder
backbones, existing road extraction methods, and the develop-
ment of deformable convolution.

A. Evolution of Feature Encoder Backbones

In remote sensing image segmentation, the encoder—decoder
architecture is the dominant paradigm [13]. In this architecture,
the representation capability of the feature encoder largely
determines the segmentation performance. The evolution of
encoders has generally progressed from convolutional neural
networks (CNN5s) to vision transformers (ViTs), and recently
to VFMs.

Early road extraction methods primarily relied on classic
CNN architectures, such as ResNet [14] and DeepLabv3+
[15]. Owing to the effective translation invariance and local
inductive bias, this backbone paradigm remains prevalent
in current research [16]. For instance, recent methods like
TransRoadNet [17] and CGCNet [18] continue to employ
ResNet encoders to capture high-frequency details such as
road edges. However, their limited receptive fields restrict the
modeling of long-range dependencies. This creates challenges
when processing long and narrow roads, often leading to
fragmented results in complex scenarios.

To address the limitation of local receptive fields, ViTs
[19] and hybrid architectures have become mainstream. For
example, RoadCT [20] and CMTFNet [21] combine CNNs
and transformers in a parallel manner. The former uses hybrid
encoders to extract complementary features, while the latter
integrates local details and global semantics via a multiscale
attention fusion module. However, transformers suffer from
quadratic computational complexity. To solve this, state-space
models (SSMs) have recently gained attention [22]. Zhao et al.
[23] proposed an omnidirectional selective scan mechanism,
which achieves efficient global modeling with linear complex-
ity. Subsequently, FDMamba [24] integrates frequency-aware
modeling with a rotation-aware Mamba mechanism to improve
the connectivity of elongated road structures.
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While these architectures improve feature extraction, they
rely on supervised pretraining with limited datasets, restrict-
ing their generalization. Recently, VFMs like SAM [8] and
DINOV2 [25] have learned robust visual representations from
billion-scale data, offering new solutions for domain discrep-
ancies in remote sensing. Furthermore, the rapid advancement
of VFEMs has spurred the development of foundation mod-
els tailored specifically for the remote sensing domain. For
instance, Spectral GPT [26] leverages large-scale spectral data
to construct versatile pretrained representations. Similarly,
SeaMo [27] integrates multiseasonal remote sensing informa-
tion to enhance the perception of surface dynamics, while
Fleximo [28] focuses on flexible multimodal data fusion to
adapt to diverse downstream tasks.

However, existing applications of these large models
in specific tasks remain relatively preliminary. Specifically,
UrbanSAM [29] employs an invariance adapter to handle scale
variations in complex urban scenes, whereas other approaches
directly apply simple fine-tuning [30]. These generic feature
extraction strategies often overlook the sparse semantic cues
embedded in the deep features of foundation models. In fact,
effectively mining and employing these latent anchors is criti-
cal for accurately representing and reconstructing fragmented
road topological structures.

B. Road Extraction From RSIs

Road extraction remains a challenging task due to inherent
characteristics such as long spans, narrow widths, and frequent
occlusions. To address these challenges, existing research
primarily follows two paradigms: enhancing contextual feature
representation and imposing geometric topology constraints.

To enhance contextual representation, Zhou et al. [31]
utilized dilated convolutions with varying dilation rates to
capture multiscale context. Xu et al. [32] developed a gated
self-attention mechanism to model long-range dependencies
and suppress noise, thereby improving performance in com-
plex backgrounds. To address insufficient context and feature
interference, Hua et al. [33] proposed a flexible multiscale
feature extractor that enhances context perception with low
computational cost. Furthermore, Yang et al. [34] developed
a semantic-spatial feature refinement network that employs
global-local context decoupling and refines shallow features
with deep semantic guidance to suppress background noise
and enhance topological consistency.

However, feature enhancement alone is often insufficient to
fully resolve topological breaks caused by occlusions. Conse-
quently, the second paradigm focuses on restoring topological
relationships via prior constraints. Hu et al. [35] employed
a multitask learning framework with an auxiliary road local-
ization task to recover missing predictions. Deng et al. [36]
utilized a direction-aware module and strip convolutions to
explicitly reinforce connectivity during decoding. Similarly,
Mei et al. [37] designed a connectivity loss function to
encourage the model to capture pixel-wise neighborhood rela-
tionships. Furthermore, Chen et al. [38] introduced a focused
masked image modeling strategy to learn latent dependencies
between occluded and visible segments, thereby mitigating
occlusion effects. To further improve geometric accuracy,
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Qi et al. [39] proposed dynamic snake convolution, which
integrates continuity constraints into the kernel design to
adaptively capture slender road features.

However, both paradigms primarily rely on extracting tex-
ture features from the image, rather than deeply understanding
the scene. Consequently, they struggle to maintain topological
continuity when visual evidence is ambiguous or occluded.
They typically overlook the semantic anchors embedded in
VEMs. To address this, we propose MDCP and DBCIM to
effectively activate these anchors for road extraction.

C. Deformable Convolution

In road extraction tasks, roads typically exhibit elongated
and curvilinear geometric features. However, standard CNNs
are constrained by fixed geometric sampling grids, making
it difficult to precisely capture these diverse and irregular
shapes. To address this limitation, the deformable convo-
lutional network (DCN) series has been widely adopted.
Dai et al. [40] proposed DCNv1, which learns adaptive 2-D
offsets from input features to dynamically adjust sampling
positions according to the orientation of targets. Although
DCNv1l improves sampling flexibility, its sampling points
occasionally stray into background regions, introducing irrele-
vant noise. Based on DCNv1, Zhu et al. [41] introduced a mod-
ulation mechanism in DCNv2. By learning additional modu-
lation scalars to weight each sampling point, DCNv2 enables
the network to regulate the intensity of feature responses.

Subsequently, to address the demand for operator efficiency
in large-scale vision tasks, Wang et al. [12] proposed DCNv3.
This method proposes the design principles of depthwise
separable convolution and multigroup attention mechanisms,
significantly reducing the computational burden. Nevertheless,
the general-purpose DCNv3 operator still employs a 2-D
planar sampling strategy, which is not entirely compatible
with the high aspect ratio and linear extension characteris-
tics inherent to roads. Addressing this geometric mismatch,
Yu et al. [42] proposed DSAN, a more adaptive strip-wise
deformation scheme. DSAN decomposes the 2-D sampling
process of DCNv3 into two orthogonal 1-D strip convolutions
and utilizes a spatial attention mechanism to replace the
original modulation mask.

Building upon these advancements, we incorporate the
deformable mechanism into the design of our MDCP and
DBCIM modules. However, unlike previous methods that
rely solely on local texture features to drive deformation,
we leverage semantic anchors from the foundation model as
high-level guidance. By adaptively focusing on these sparse
yet critical cues, our method achieves precise road network
reconstruction even in complex backgrounds.

III. PROPOSED METHOD

In this section, we introduce the overall architecture of
the proposed Anchor-SAM. Subsequently, we describe the
DBCIM and MDCP in detail, along with the specific com-
positions of the encoder and decoder.
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Fig. 2. Overall framework of the proposed Anchor-SAM. It is composed of five components. (a) EncBlock for hierarchical feature extraction. (b) DBCIM for
leveraging anchor priors via Bayesian estimation to suppress noise. (c) MDCP for aggregating sparse semantic anchors to establish a robust global context.
(d) Decoder for progressively reconstructing the continuous road network. (e) DMB for serving as the fundamental probabilistic unit within DBCIM.

A. Overview

The overall architecture of Anchor-SAM is illustrated in
Fig. 2, following an encoder—decoder paradigm. We utilize the
pretrained SAM2 hierarchical architecture as the backbone.
The input image is processed by the encoder to generate
multiscale features at four hierarchical levels, denoted as E =
{E\, E», E5, E4}. Through lateral connections within the FPN
structure, the encoder produces a feature set with unified chan-
nels, F = {Fy, Fy, F3, F4}. Subsequently, the deepest feature £,
is fed into the MDCP to capture sparse internal semantic cues
and establish an initial global context. Meanwhile, the features
F; serve as inputs for the DBCIM via skip connections. The
DBCIM utilizes a Bayesian posterior mechanism to suppress
background noise and produce refined features F;. Finally, the
decoder fuses the features from the preceding decoding stage
with F; to progressively restore spatial resolution and output
the road segmentation mask.

B. Encoder

We employ the pretrained SAM?2 encoder for feature extrac-
tion. It consists of the hierarchical backbone and the FPN. The
backbone processes the input image to generate hierarchical
features at four levels, denoted as E = {E,E,, E;, E4}.
Subsequently, the FPN projects these multiscale features into
a unified channel dimension of 256 via top—down pathways.
Specifically, this process starts with the deepest feature Ey4
as the initial basis. For shallower features, we fuse their
corresponding lateral projections with the upsampled results

from the preceding deeper level. Let F; denote the aligned
feature at the ith level. This process is defined as follows:

Fyq = Convyyx (Ey)
F; = Convix (E)) + Usx (Fis1),

(D
2
where U, (+) represents the 2x nearest-neighbor upsampling.

Finally, the encoder yields the feature set F' = {Fy, F», F3, Fy4}
and provides aligned inputs for the subsequent modules.

i€{3,2,1}

C. Deformable Bayesian Conditional Interaction Module

To globally propagate the sparse semantic anchors of SAM2
while circumventing the quadratic complexity of 2-D atten-
tion, existing approaches typically adopt an axial decoupled
strategy. However, this sequential decomposition leads to
information loss, as the vertical sampling step lacks access
to the structural details captured during the horizontal step.
To address this limitation, we design a Bayesian-inspired
interaction mechanism that dynamically integrates horizontal
structural evidence to construct an optimal guide map for the
subsequent vertical deformation.

We define the semantic anchors as the latent geometric
state ¢ and the horizontally sampled features as the observed
structural evidence M. To probabilistically model the sparse
nature of these anchors, we decompose the global state ¢ into
spatially independent local states 1#;, and formulate the prior
belief P(:9) as a pixel-wise Bernoulli distribution

P@ilp) = p;" (1= p'™" (3)
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where ¥; € {0, 1} denotes the discrete existence state of an
anchor at location i. Correspondingly, p; € (0,1) denotes
the probability of a semantic anchor existing at that location,
which is continuously approximated via a Sigmoid activation
in our network. Instead of explicitly defining the likelihood
function P(M|#), we adopt an implicit probabilistic modeling
perspective [43], where complex conditional distributions are
parameterized directly through deep neural representations.
Specifically, we draw inspiration from the multiplicative nature
of Bayes’ theorem to integrate the prior and the evidence

P@IM) o< P(MIP) P (F) “4)

where P(9| M) is the posterior state and P(M|9) is the like-
lihood of the evidence M. To achieve MAP inference guided
by this proportional relationship, we design a BPE to model
this conditional interaction. By employing an element-wise
gating mechanism, the prior probability acts as a soft gate to
dynamically filter the horizontal structural evidence M. This
translates the theoretical Bayesian update into a differentiable
feature recalibration, yielding the optimized geometric state
Dmap for the subsequent vertical deformation. To physically
instantiate the BPE, we introduce the distribution modeling
block (DMB), a transformation unit employing a bottleneck
structure

DMBy« (x) = Convs; (Convi, (Convi, )  (5)

where X is the input tensor, k is the kernel size, and » denotes
the channel compression ratio.

The DBCIM performs the feature interaction via a struc-
tured sequential procedure. First, the input feature F; encodes
the prior ¢, and collects horizontal structural evidence M.
In this step, ¥, serves as both content and offset guidance

O prior = Conves s (GELU (Convy i (F)))) (6)
M = DSCN; (feat = o, guide = Fpyior) - (7)

Subsequently, we design an asymmetric BPE to perform the
MAP inference. The BPE models the prior P(¢}) via a shallow
DMB and the likelihood P(M|#) via a deep stacked DMB.
The optimal state is computed by fusing these components
through a residual gating mechanism, which approximates the
conditional posterior expectation of the features

vap = Fprior+0 (07 (DMBi 1 (Fprior)) @ DMBJZ, (M) (8)

where o denotes the Sigmoid activation function. This allows
the prior to act as a differentiable soft gate, and © represents
the element-wise Bayesian interaction. Crucially, we employ
a residual connection by adding the initial ©,,,, to the update
term. Finally, p is instantiated as a DMBx; to serve as
the belief projection layer. It maps the updated probabilis-
tic posterior back into the geometric offset domain, thereby
guiding the vertical deformable convolution. Thereafter, the
vertical reconstruction and feature recalibration are computed
as follows:

Y = DSCN, (feat = M, guide = ﬁMAp) 9
ﬁi=C0I1V1><1(Y)®COHV1><1(FZ‘) (10)
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where Y denotes the content reconstructed via vertical
deformable convolution, and F; represents the final refined fea-
ture. This process enables the DBCIM to efficiently propagate
sparse semantic anchors along posterior-optimized trajectories,
thereby suppressing background noise and repairing frag-
mented road topology.

D. Multiscale Deformable Context Perceptor

The heatmap visualization in Section IV-E demonstrates
that encoder features manifest as sparse semantic cues starting
from deeper levels. Consequently, the MDCP utilizes the deep-
est feature E4 as input to consolidate these discrete anchors
into a robust global context. Specifically, the module employs
four parallel branches configured with increasing dilation rates
d; € {1,3,5,7} to capture multiscale information, providing
progressive initial receptive fields to adaptively aggregate
spatial context

branch; = DCN; (Es), j€{1,2,3,4} (1)

where branch; denotes the feature extracted by the jth branch,
and DCN; represents the deformable convolution [12] with the
corresponding dilation rate. To effectively utilize these multi-
scale features, we design two parallel perception branches.

1) Spatial Cue Activator: We employ the SCA to precisely
localize semantic cues. First, the module aggregates multiscale
features to generate a spatial saliency map Wj,, which
perceives key cues in the spatial dimension

W, = o (ConvFEN (Cat (branch;))) (12)

where Cat(-) denotes channel concatenation, ConvFFN(:) is
a bottleneck convolution, and o is the sigmoid activation
function. Subsequently, the generated weights are split and
applied to each branch to enhance spatial responsiveness

4
Fyea =Y _ Split; (W) © branch;
j=1

13)

where Split (-) slices the weight map along the channel dimen-
sion to match the jth branch, and ® denotes the element-wise
product for spatial reweighting.

2) Global Relation Reasoner: Building upon spatial activa-
tion, the GRR aims to further establish semantic consistency
among discrete anchors. First, we utilize a Swin transformer
to capture long-range dependencies and aggregate them into a

global semantic vector Vgjopar
Veiobal = AvgPool (Swin (Cat (branch;))) (14)

where Swin(-) represents the Swin transformer block used
for global reasoning, and AvgPool(-) compresses the spatial
information into a global descriptor. Then, this vector is
projected to recalibrate the channel responses of each branch

4
For = Y _ Split; (0 (MLP (vgiopar))) © branch; — (15)
j=1

where MLP maps the global vector to channel-wise weights.
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Finally, the MDCP fuses the spatially activated and seman-
tically reasoned features to provide a robust initial bottleneck
input for the decoder

Fmdcp = Fyea + Fgrr- (16)

The resulting feature F4., encapsulates a comprehensive
representation wherein internal semantic interest points are
both explicitly activated in space and logically verified in
semantics, thereby effectively guiding the subsequent road
network reconstruction.

E. Decoder

The decoder is responsible for fusing the global context
cues from the MDCP with the road detail features from the
DBCIM to reconstruct the high-resolution road network. We
employ deformable convolutions in the decoder to dynamically
adjust the receptive field according to the road shape. Finally,
DySample [44] is adopted as the upsampling operator to
maintain clear boundaries while restoring spatial resolution.

The decoding process proceeds through four stages. In each
stage, we concatenate the features decoded from the upper
level with the refined skip connection F;. The formula for the
decoding phase at stage i is

D; = DySample (DCN (Cat (D41, F;))) 17

where D, represents the feature from the previous deeper
stage (with the initial input D5 = Fuq.p). After restoring the
feature map to the original resolution, a final convolution layer
projects the features to generate the binary road segmentation
mask.

IV. EXPERIMENTS

In this section, we evaluate Anchor-SAM on the DeepGlobe
and Massachusetts datasets. First, we introduce the experi-
mental setup and implementation details. Then, we elucidate
the discovery of semantic anchors via heatmap visualizations.
Finally, we compare with state-of-the-art methods and validate
the core components through ablation studies.

A. Datasets

To comprehensively evaluate our proposed Anchor-SAM
method, we conducted experiments on the DeepGlobe [45]
and Massachusetts [46] datasets. These two datasets offer
strong complementarity in spatial resolutions and geograph-
ical topographical features, serving to validate our model’s
capability in extracting road topology under complex occluded
environments.

The DeepGlobe dataset provides 6226 high-resolution
image pairs with a spatial resolution of 0.5 m/pixel and
dimensions of 1024 x 1024 pixels. Collected primarily from
Thailand, Indonesia, and India, this imagery presents an
inherent topographical challenge because dense vegetation
frequently occludes the road networks. For our experiments,
we established an 8:1:1 split ratio by randomly allocating 4981
image pairs for training, 623 for validation, and 622 for testing.

The Massachusetts road dataset encompasses diverse urban,
suburban, and rural landscapes characterized by severe inter-
ference from complex building environments. It comprises
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©
Fig. 3. Error samples in the Massachusetts dataset. (a) Original imagery
from the Massachusetts dataset. (b) Erroneous mask result (blank regions

incorrectly labeled as road). (c) Corrected mask result (blank regions corrected
to background).

1171 aerial image pairs with a resolution of 1 m/pixel and
a larger size of 1500 x 1500 pixels. While the official con-
figuration designates 1108 image pairs for training, 14 for
validation, and 49 for testing, we identified and manually
rectified inherent errors in the original ground truth across 364
training and two validation image pairs to prevent performance
degradation, as illustrated in Fig 3. Subsequently, these cor-
rected image pairs were cropped into overlapping 1024 x 1024
patches to align with the model input requirements.

B. Implementation Details

Our model was implemented using the PyTorch 2.2.0 frame-
work, and all experiments were conducted on a single NVIDIA
RTX 4090 GPU platform.

We employed the AdamW optimizer combined with a
cosine annealing scheduler, where the minimum learning rate
was set to 1 x 107°, The weight decay was consistently
set to 1 x 107, and the batch size was fixed at 2. We
adopted dataset-specific initial learning rates: 1 x 107 for the
DeepGlobe dataset and 2 x 10 for the Massachusetts dataset.
Additionally, we utilized automatic mixed precision (AMP)
to conserve GPU memory and accelerate training. For model
initialization, the encoder was loaded with pretrained weights
from SAM2. We employed a full fine-tuning strategy to ensure
the model effectively adapted to the feature distribution of the
road extraction task. The evaluation metrics follow those used
in [14].

To supervise the network training, we utilize a hybrid loss
function composed of binary cross-entropy loss [47] and Dice
loss [48]

L=a-Lpice+ P Lpck (18)

where « and 8 are balancing coefficients, both of which are
set to 1 in our experiments.

Furthermore, we developed four variants based on the
SAM?2 encoder scales: Anchor-SAM-T, -S, -B, and -L. These
variants are distinguished by the block counts in their four
hierarchical stages, denoted as {Ni, N,, N3, N4}. Specifically,
the configurations range from the lightweight tiny {1,2,7,2}
and small {1,2, 11,2} versions to the deeper base {2, 3, 16, 3}
and large {2, 6,36, 4} models. For comprehensive performance
evaluation, the selected baseline models encompass classic
CNN-based architectures such as UNet [13], DeepLabv3+
[15], and D-LinkNet [31]. Furthermore, we incorporate rep-
resentative approaches from the last three years to cover
various structural paradigms. These include recent CNN-based

Authorized licensed use limited to: Universidade de Macau. Downloaded on April 29,2026 at 01:58:19 UTC from IEEE Xplore. Restrictions apply.



LI et al.. ANCHOR-SAM: ACTIVE MINING OF LATENT ANCHORS FROM SAM ENCODER 5617514
TABLE 1
ROAD EXTRACTION RESULTS ON THE DEEPGLOBE ROAD DATASET AND THE MASSACHUSETTS ROAD DATASET
Method DeepGlobe Dataset (1024 x1024) Massachusetts Dataset (1024 x 1024)
Precision T Recall T Fl-score T IoU T APLS 7 Precision T Recall T Fl-score T IoU T APLS T
UNetygy5/ [13] 78.15 78.56 78.35 64.41 65.63 75.92 75.89 75.90 61.17 60.14
Deeplabv3+501g/ [15] 81.81 77.32 79.50 65.98 69.19 78.10 73.95 75.97 61.25 61.43
D-LinkNetygg/ [31] 81.72 80.79 81.25 68.42 72.57 80.12 76.55 78.30 64.34 69.58
TransRoadNetggg9r [17] 81.03 8147 81.25 6842 7121 80.91 74.95 77.81 63.68 6833
CMTFNetggos3r [21] 80.36 78.65 79.50 65.98 69.74 80.81 76.21 78.44 64.53 69.99
C2Net2024' [14] 78.63 78.49 78.56 64.69 68.26 80.99 74.90 77.82 63.69 71.08
StripUnetggoys [16] 81.61 80.05 80.82 67.81 71.95 81.92 74.27 7791 63.81 69.07
RS-Mambaggays [23] 82.21 82.76 82.49 70.20 76.16 80.41 77.35 78.85 65.08 70.05
CGCNetgga5 [18] 81.47 79.61 80.53 67.41 69.01 79.86 77.18 78.50 64.61 65.34
AFDANety25/ [36] 81.42 79.07 80.23 66.99 71.15 81.58 75.07 78.19 64.19 70.48
RSAM-Segapas/ [30] 76.25 78.42 77.32 63.02 61.50 77.45 76.18 76.81 62.35 66.66
Anchor-SAM-T 83.97 83.25 83.61 71.84 76.16 80.81 76.44 78.56 64.69 69.40
Anchor-SAM-S 84.57 83.21 83.88 72.24 77.01 80.48 77.47 78.95 65.22 71.94
Anchor-SAM-B 83.98 84.18 84.08 72.53 77.07 79.77 78.36 79.06 65.37 72.04
Anchor-SAM-L 85.01 84.53 84.77 73.57 80.26 82.48 77.90 80.11 66.82 7291
methods like C2Net [14], StripUnet [16], and CGCNet [18], TABLE II

as well as CNN-transformer hybrid architectures represented
by TransRoadNet [17], CMTFNet [21], and AFDANet [36].
Finally, we extend our comparisons to SSMs like RS-Mamba
[23], and SAM-based adaptations including RSAM-Seg [30].

C. Experimental Results and Analysis

In this section, we conduct comparative experiments on
the DeepGlobe and Massachusetts datasets to evaluate our
proposed framework against current state-of-the-art methods.

The comparative results of Anchor-SAM and its variants
on both datasets are presented in Table I, where Anchor-
SAM demonstrates consistently superior performance. In the
DeepGlobe dataset, Anchor-SAM-L achieves the best results
with an IoU of 73.57% and an F1-score of 84.77%. Com-
pared to RS-Mamba, which performs competitively among the
baselines, Anchor-SAM-L achieves an IoU improvement of
approximately 3.37%. Notably, the recently proposed RSAM-
Seg achieves relatively lower performance, obtaining an IoU
of 63.02 on the DeepGlobe dataset. This unexpected underper-
formance likely stems from its generalized feature adaptation
approach designed for diverse remote sensing tasks. Con-
versely, our framework effectively adapts the SAM2 encoder to
complex remote sensing scenes, contributing to the steady per-
formance gains. Additionally, the lightweight Anchor-SAM-T
outperforms state-of-the-art methods such as TransRoadNet
and C?Net with an APLS of 76.16, thereby validating the
structural effectiveness of our design.

D. Visual Results

Consistent with the previous findings, Anchor-SAM-L
demonstrates competitive performance on the Massachusetts
dataset, yielding an F'1-score of 80.11%, an IoU of 66.82%,
and an APLS of 72.91. Notably, compared to other methods,
Anchor-SAM-B demonstrates a high recall of 78.36% on this
dataset. Such a prominent recall indicates an enhanced ability
to minimize false negatives, directly aligning with the design

QUANTITATIVE EVALUATION OF COMPUTATIONAL COMPLEXITY
AND INFERENCE SPEED FOR DIFFERENT METHODS

Method Params (M) FLOPs (G) FPS
UNetag15/ [13] 31.04 1751.61 23.19
Deeplabv3+,018/ [15] 61.39 2088.67 19.65
D-LinkNetogg: [31] 31.10 268.69 63.48
TransRoadNetygoor [17] 36.01 647.47 42.18
CMTFENetzga3: [21] 30.07 261.97 47.70
C?Netygour [14] 61.51 980.43 27.15
StripUnetagaqs [16] 58.69 504.46 13.66
RS-Mambasgays [23] 50.38 298.22 13.65
CGCNetygoss [18] 8.51 222.09 65.19
AFDANetyg25/ [36] 29.59 351.08 28.08
RSAM-Segogoss [30] 350.29 1429.95 3.10
Anchor-SAM-T 49.94 432.09 18.61
Anchor-SAM-S 57.03 493.96 17.65
Anchor-SAM-B 96.66 768.44 15.24
Anchor-SAM-L 251.91 1879.55 8.97

motivation of our MDCP module. By actively aggregating
distributed semantic anchors, the model captures long-range
dependencies more effectively, thereby facilitating the repair of
topological breaks in occluded road regions. Furthermore, we
observe that Anchor-SAM maintains high precision alongside
high recall. For instance, Anchor-SAM-L achieves a precision
of 85.01% on the DeepGlobe dataset. This balance can be
attributed to the DBCIM introduced in the skip connections,
which assists the model in distinguishing road-like background
interference, consequently reducing false positives.

As shown in Table II, to comprehensively assess the
practical value of Anchor-SAM, we compare its model
complexity and inference speed against existing methods.
Anchor-SAM-S consists of 57.03 M parameters, representing
a smaller scale compared to the 350.29 M parameters of the
RSAM-Seg. Additionally, Anchor-SAM-S achieves an infer-
ence speed of 17.65 FPS, vastly outperforming RSAM-Seg
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Fig. 4. Comparative results of different network models on (a)-(e) DeepGlobe dataset and (f)—(h) Massachusetts dataset. True positives, false positives, and
false negatives are marked in red, yellow, and green, respectively. Predictions are overlaid on the original images for better visualization.

at 3.10 FPS and RS-Mamba at 13.65 FPS. This represents a
speed improvement of nearly 29.3% over RS-Mamba while
maintaining a comparable model scale. Furthermore, the
lightweight Anchor-SAM-T achieves higher detection accu-
racy with a computational cost of 432.09 GFLOPs, which
is considerably lower than the massive 1429.95 GFLOPs
required by RSAM-Seg. Overall, these results highlight
the superiority of our proposed model in terms of effi-
ciency and practicality compared to existing road extraction
methods.

Representative scenes from the DeepGlobe and Mas-
sachusetts datasets were selected to benchmark Anchor-SAM-
T against other competing methods. To provide a qualitative
visualization of our model’s performance, we superimposed
the predicted results onto the original images, as illustrated in
Fig. 4.

1) Performance in Urban Areas: Urban environments fre-
quently feature abundant regular geometric structures. For
example, the narrow building gaps in Fig. 4(a) and (c)
and parking markings in Fig. 4(g) pose notable background

interference. Anchor-SAM demonstrates robust discriminative
power in such complex scenarios, as evidenced by the visual
results. In particular, as shown in Fig. 4(g), false detections
on the parking lines are effectively suppressed, while the
irregular road regions in the upper portion are captured with
high accuracy.

2) Scenes With Background Similarity: As observed in
Fig. 4(b), the linear features of field ridges often induce visual
confusion. Consequently, methods such as RSAM-Seg and
CGCNet exhibit noticeable discontinuities in these regions,
suggesting limitations in capturing subtle features. Similarly,
in Fig. 4(d), the background color bears a high resemblance to
the road surface, leading AFDANet to generate a substantial
number of false positives. In contrast, our proposed method
maintains improved connectivity and accuracy in these areas.
This enhanced context capture capability is largely attributed
to the effective aggregation of semantic anchors by the MDCP.
This design allows the model to effectively leverage contex-
tual information and perform joint inference to obtain more
accurate road regions.
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Fig. 5. Visualization of feature activations within Anchor-SAM-T. The figure displays the hierarchical evolution of features, covering the SAM2 encoder
layers (EncBlock and FPN), skip connections, and decoder outputs. In the heatmaps, red indicates high activation values, while blue represents low activation.

3) Scenes With Tree Occlusion: In Fig. 4(c) and (e), roads
are severely occluded by dense vegetation or building shadows,
presenting challenging scenarios. When the road surface is
obscured, comparative methods struggle to maintain long-
range semantic consistency, leading to fragmented predictions.
This observation suggests that models relying primarily on
local visual texture features are susceptible to errors when
explicit visual information is missing. In contrast, Anchor-
SAM preserves robust topological integrity in these occluded
regions. This implies that the model moves beyond the reliance
on local texture features and effectively leverages the implicitly
encoded global structural context to infer occluded paths,
thereby facilitating the restoration of topological connectivity.

E. Heatmap Analysis

To facilitate an understanding of the internal representations
within Anchor-SAM, we visualize the feature maps from key
stages using heatmaps, as illustrated in Fig. 5. The model takes
an Image as input and generates a final prediction Pred. From
left to right, the columns correspond to: the encoder output
features E;, the FPN features F;, the features F; output by the
DBCIM, and the decoder reconstruction features D;.

1) Evolution of Encoder Features: As illustrated in Fig. 5,
at the shallow stages (Ej, E»), the feature maps progres-
sively exhibit distinct grid-like textures. This phenomenon is
fundamentally attributed to the window attention mechanism
inherent in the hierarchical architecture, where the image is
partitioned into nonoverlapping windows to calculate local
attention. The elevated activation values at the grid boundaries
suggest that the model is sensitive to feature discontinuities
at window margins, while simultaneously capturing high-
frequency texture details within the windows, such as building
edges and road boundaries. As the network deepens from
E, to E,, these grid patterns become more pronounced,
indicating that the model effectively aggregates local textures
into preliminary structural units.

2) Emergence of Semantic Anchors: As the network deep-
ens, we observe distinct transitions in the heatmaps. At the
E5 stage, rigid grid patterns dissipate to give way to sparse
high-activation regions as shown in Fig. 5. This phenomenon
is primarily attributed to the introduction of global attention
blocks in EncBlock and the substantial expansion of the recep-
tive field inherent to the deepening hierarchy. Consequently,
the model surpasses the limitations of local windows, shifting
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Fig. 6. Comparison of E3 stage heatmaps and local predictions for different
Anchor-SAM scales. (Left to right) Correspond to Anchor-SAM-T, S, B, and
L. Predictions are overlaid on raw images for better visualization. Colors
indicate TP (red), FP (yellow), and FN (green).

its focus toward broader semantic information. We refer to
these distinct high-activity regions as semantic anchors. In
particular, their distribution is not limited to road intersec-
tions, but extends across dense clusters of buildings and road
margins. This pattern indicates that the encoder effectively
captures global semantic context, which in turn facilitates the
accurate segmentation of road regions.

3) Denoising and Topology Repair via DBCIM: A compar-
ison between the aligned features F; and the refined features F;
highlights the noise suppression efficacy of the DBCIM. While
F; facilitates channel alignment, it retains residual grid artifacts
and background noise inherited from the encoder. For instance,
in F, and F3, vertical and horizontal stripe patterns remain
visible. However, following DBCIM processing, this noise is
effectively suppressed, thereby enhancing the distinctness of
the road regions.

4) Dissipation of Semantic Anchors: We observe in Fig. 5
that semantic anchors are suppressed in shallow DBCIM stages
yet remain prominent in deeper layers, eventually fading dur-
ing the decoding phase. This phenomenon is likely attributed
to two primary factors. First, the deformable convolutions
within the decoder diffuse the information from these anchor
points across various spatial directions, leading to their gradual
disappearance. Second, the GRR within the MDCP module
exerts an implicit influence. Since the GRR operates primarily
along the channel dimension, its effects are challenging to
visualize directly. However, theoretically, the GRR leverages
Swin transformer blocks to establish contextual connections
between regions of interest and their surroundings, thereby
facilitating joint inference for global semantics.

F. Properties of Semantic Anchors

To further explore the physical characteristics of semantic
anchors in Anchor-SAM, we visualize the heatmaps of models
across different parameter scales. As indicated by the white
boxes in Fig. 6, the heatmaps of Anchor-SAM-T and Anchor-
SAM-S primarily focus on the road surface itself, exhibiting
a distinct tendency toward texture dependence. In contrast,
the heatmaps of Anchor-SAM-B and Anchor-SAM-L reveal
a unique semantic anchor mechanism, gradually breaking
away from the local texture paradigm. This indicates that an
increase in parameters drives a paradigm shift in the model,

IEEE TRANSACTIONS ON GEOSCIENCE AND REMOTE SENSING, VOL. 64, 2026

50 48.6 30 [ Base
[ Large
225
40 ‘g
8,
g 30 a8
£ E1s
“ 5 172 8
-g 10
&
10 5
Anchors per image
0 0
Base Large 0 17 25 50 75 100 160180
(a) (b)
250 [0 Background [ Road
2 94.2% 99.9%
107
2
A_OO ;\;
» < 1
& © 10 58%
Qo 150 §°
Z E
] 10
<< 100 K
= 0.1%
10
50
o
10 "
Base Large Base Large
(© (d)

Fig. 7. Statistical analysis of the properties of semantic anchors extracted
by Anchor-SAM-B and Anchor-SAM-L on the DeepGlobe test set. (a) The
average number of semantic anchors per image reflects the sparsity of these
anchors. (b) Distribution of anchor counts is evaluated across the entire
dataset. (c) Spatial distance distribution between anchors demonstrates their
spatial discreteness. (d) Semantic directionality of the anchors illustrates their
localization distribution on road versus background regions.

transitioning from low-level texture feature extraction to high-
level global scene understanding.

We conduct a quantitative statistical analysis to investigate
the physical properties of the semantic anchors in Anchor-
SAM-B and Anchor-SAM-L. As illustrated in Fig. 7, this
analysis covers three dimensions: anchor quantity, spatial
discreteness, and semantic directionality.

1) Anchor Quantity: Regarding the number of semantic
anchors, as shown in Fig. 7(a), Anchor-SAM-L extracts an
average of 17.2 anchors per image, compared to the 48.6
anchors of Anchor-SAM-B. Furthermore, the probability den-
sity distribution in Fig. 7(b) indicates that the anchor count
distribution of Anchor-SAM-L is more concentrated. These
results confirm the sparsity of semantic anchors.

2) Spatial Distribution: To evaluate the spatial arrangement
of anchors, we employ the average nearest neighbor distance
(ANND) to measure the pixel-level Euclidean distance among
them. Fig. 7(c) demonstrates that the semantic anchors of
Anchor-SAM-L generally avoid aggregation in local regions.
Instead, they maintain larger distances from each other. This
demonstrates their strong spatial discreteness compared to the
Base model.

3) Semantic Allocation: Regarding the semantic placement
of anchors, Fig. 7(d) reveals an interesting pattern. Most
semantic anchors in both Anchor-SAM-B and Anchor-SAM-L
are located in the background regions rather than on the road
bodies. This indicates that the spatial distribution of semantic
anchors is physically separated from their target regions. They
act differently from traditional center pixels that are densely
distributed inside the roads.
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TABLE III
ABLATION RESULTS OF THE PROPOSED DBCIM AND MDCP COMPONENTS IN ANCHOR-SAM ON THE DEEPGLOBE AND MASSACHUSETTS DATASETS

Method Components DeepGlobe Massachusetts

SAM Enc. DBCIM  MDCP | Precision Recall F1 TIoU APLS | Precision Recall F1 TIoU APLS
Baseline v 82.05 79.16  80.58 6748  66.98 81.34 7452 7778  63.64  66.85
+ DBCIM v v 82.57 80.47 81.51 68.79 66.34 79.26 77.21 7822 6423  65.60
+ MDCP v v 82.58 79.37 80.94 6798 66.80 81.00 75.59 7820 6420 66.01
Ours v v v 85.01 84.53 8477 7357 80.26 82.48 7790 80.11 66.82 7291

TABLE IV
INTERNAL ABLATION RESULTS OF THE MDCP ON THE DEEPGLOBE AND MASSACHUSETTS DATASETS

Method Components DeepGlobe Massachusetts

DCN SCA GRR | Precision Recall F1 TIoU APLS | Precision Recall F1 IoU APLS
w/o DCN v v 82.37 80.26  81.30 6849  65.40 80.29 76.29 7824 64.26 66.18
w/o SCA v v 81.40 80.92 81.16 68.29  64.88 80.68 7547 7798 6391  64.39
w/o GRR v v 82.41 8047 8143 68.68 65.37 79.94 76.47  78.17 64.16  65.46
Ours v v v 85.01 84.53 84.77 73.57 80.26 82.48 7790 80.11 6682 7291
Based on the quantitative analysis above, we summarize TABLE V

the physical meaning of semantic anchors. The model utilizes
sparse and spatially discrete anchors distributed in background
regions to establish scene understanding. This approach helps
the network mitigate the impact of occlusions and infer the
road topology from a global perspective.

We further evaluate the impact of anchor distribution on
segmentation performance via heatmaps and prediction maps.
As shown in Fig. 6, the anchors generated by Anchor-SAM-B
are noticeably denser than those of Anchor-SAM-L. However,
in the segmentation results indicated by the arrows, Anchor-
SAM-B shows more missed detection regions. We attribute
this to the global representation capability of Anchor-SAM-
B remaining in a transitional stage, making it difficult to
effectively merge redundant local anchors. This limitation
leads to mutual interference in the feature space.

G. Ablation Study

To comprehensively evaluate the efficacy of the core compo-
nents and internal mechanisms proposed in the Anchor-SAM
framework, we performed detailed ablation studies on the
DeepGlobe and Massachusetts datasets. All experiments were
conducted using the Anchor-SAM-T model.

1) Effectiveness Analysis of Core Components: We desig-
nated the network utilizing only the pretrained SAM2 encoder
as the baseline model. As shown in Table III, the baseline
exhibited relatively high APLS across both datasets. However,
recall and IoU were comparatively low, with a recall of 79.16%
and an IoU of 67.48% on DeepGlobe. This indicates that while
the SAM2 encoder yields high-quality semantic features, it
requires additional mechanisms for effective context aggrega-
tion and detail recovery.

Upon incorporating the DBCIM into the baseline, the
recall on the DeepGlobe dataset improved by 1.31% to reach
80.47%, while the IoU increased to 68.79%. This suggests that
the DBCIM effectively suppresses noise during the encoding
process, thereby improving the capability to recall road details.

INTERNAL ABLATION RESULTS OF THE DBCIM ON THE DEEPGLOBE AND
MASSACHUSETTS DATASETS

Dataset Method Precision  Recall Fl ToU APLS
w/o BPE 82.57 79.77  81.15 6828  63.62

DeepGlobe
Ours 85.01 84.53 84.77 73.57 80.26
Massachusetts w/o BPE 78.72 7693  77.81 63.68  65.11
Ours 82.48 7790 80.11 66.82 7291

Integrating the MDCP alone raised the IoU on DeepGlobe to
67.98% while maintaining precision at a high level (82.58%).
This validates that the MDCP effectively constructs a robust
global context by aggregating sparse semantic anchors, thus
enhancing the model’s perception of the overall road topol-
ogy. When both DBCIM and MDCP are integrated, the
model achieves superior performance across all metrics on
both datasets. This demonstrates the strong complementarity
between the two modules in feature enhancement and contex-
tual reasoning.

2) Analysis of Mdcp Internal Mechanisms: We conducted
further ablation studies on the MDCP, with results presented
in Table IV. Replacing the parallel DCNv3 branches with
standard convolutions led to a decrease in IoU on the Mas-
sachusetts dataset to 64.26%. This illustrates that utilizing
DCNv3 with varying dilation rates to actively perceive mul-
tiscale context is essential for capturing distributed semantic
anchors. Meanwhile, removing either the SCA or the GRR
resulted in performance degradation. Specifically, excluding
the SCA reduced the IoU on Massachusetts to 63.91%, con-
firming the role of explicit spatial activation in guiding feature
focus.

3) Effectiveness of the BPE: We assessed the advan-
tage of the Bayesian-inspired interaction mechanism within
the DBCIM through comparative experiments. As shown in
Table V, removing the BPE and directly utilizing the initial
prior 3., as the guidance feature for vertical sampling yields
an IoU of 68.28% on the DeepGlobe dataset. In contrast,
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+MDCP w/o DCN w/o SCA w/o GRR w/o BPE

Qualitative comparison of ablation experiments on the DeepGlobe dataset. True positives, false positives, and false negatives are marked in red,

yellow, and green, respectively. Predictions are overlaid on the original images for better visualization. (a) and (b) Representative samples from the DeepGlobe

dataset.

employing the BPE to dynamically integrate structural evi-
dence achieves an IoU of 73.57%. This 5.29% improvement in
IoU confirms that dynamically integrating horizontal structural
evidence effectively mitigates the information loss in sequen-
tial decomposition, yielding an optimal guide map for vertical
sampling.

4) Qualitative Analysis of the Proposed Components: We
provide a qualitative comparison of the ablation configurations
on the DeepGlobe dataset. In Fig. 8(a), the scenes contain
complex backgrounds and roads severely occluded by dense
vegetation or buildings. The baseline model is easily affected
by these factors, resulting in obvious background noise and
fragmented road segments. Adding the DBCIM effectively
removes false positives, but topological breaks still remain.
In contrast, using the MDCP alone reconnects the fragmented
roads but leaves some false positives. However, when both
modules work together, false positives are greatly reduced, and
road connectivity is highly improved. Furthermore, the internal
ablation results show that removing specific components leads
to clear performance drops. For example, without the SCA and
GRR modules in Fig. 8(b), false negatives and topological
breaks still exist. Relying only on the prior without the BPE
module cannot effectively reduce false positives. When all
proposed modules are combined, most prediction errors are
removed, and road connectivity is further enhanced. Therefore,
our model achieves the best visual results in road extraction.

V. CONCLUSION

We propose Anchor-SAM, a novel framework actively
mining latent semantic anchors within the SAM encoder to
address road fragmentation caused by occlusions. Leveraging
the insight that the encoder acts as a global structural skeleton,
we design MDCP to aggregate global semantics and DBCIM
to guide topological reconstruction while suppressing noise.
Extensive experiments on the DeepGlobe and Massachusetts
datasets demonstrate that Anchor-SAM achieves superior per-
formance over state-of-the-art methods.

Despite the performance improvements achieved by
Anchor-SAM, the current framework exhibits certain limi-
tations. To mitigate the substantial computational overhead
of the Anchor-SAM series, we intend to explore knowledge
distillation techniques, transferring this anchor mechanism into
lightweight networks to reduce deployment costs. Further-
more, statistical analysis reveals that these sparse semantic

anchors are predominantly distributed across background
regions. To fully unleash their potential as global contextual
cues, our subsequent research will explicitly model the spatial
interactions between these background anchors and the fore-
ground road network, thereby further enhancing topological
connectivity in complex scenarios.
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