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Abstract

Traditional remote sensing change detection paradigms
typically rely on bi-temporal image pairs to identify sur-
face variations. However, in time-critical scenarios such
as post-disaster assessment, pre-event imagery may be un-
available or subject to severe registration errors, necessi-
tating zero-shot single-temporal inference. A critical bot-
tleneck in such cross-domain transfer is structural over-
specialization, where models overfit to source-domain ge-
ometric statistics, leading to degraded generalization on
unseen target distributions. To address this limitation, we
propose BSSRS, a zero-shot framework that reformulates
change detection as a single-temporal structural anomaly
detection problem. By integrating the complementary in-
ductive biases of two frozen foundation encoders—CLIP
and DINOv3—BSSRS explicitly counteracts this domain
shift. While DINOv3 emphasizes local geometric consis-
tency for dense localization, trainable modules can easily
over-specialize to these source-domain features. To pre-
vent domain collapse, the frozen CLIP backbone acts as an
invariant contextual reference. Instead of complex token-
mixing, patch tokens from multiple selected transformer
layers are integrated via a constrained residual blending
strategy. Specifically, spatially aligned DINOv3 tokens are
injected into the primary CLIP embedding space as a soft
geometric stimulus, enabling robust dense anomaly local-
ization without full backbone adaptation. Furthermore,
to avoid disturbing the original global semantics, image-
level anomaly scores are derived directly from an isolated
vision-language pathway, deliberately omitting the blended
patch tokens. Extensive experiments reveal a clear train-
ing divergence that validates our decoupled design: while
pixel-level metrics may eventually degrade due to structural
overfitting, the image-level semantic stability preserved by
the standalone CLIP classifier remains unwavering. Eval-
uated in a zero-shot setting—trained on LEVIR-CD using
only post-event imagery and tested on the WHU Building

Dataset—BSSRS achieves 95.38% Pixel AUC and a 63.99%
Fl-score. These results indicate that our dual-manifold syn-
thesis effectively neutralizes structural over-specialization,
providing a highly robust solution for single-temporal re-
mote sensing analysis. The code is available at https :
//github.com/leolin65/BSSRS.git.

1. Introduction

The unprecedented pace of global urban expansion has
intensified the demand for efficient Earth surface moni-
toring. In rapidly developing regions, timely detection of
newly constructed buildings is critical for sustainable urban
planning and proactive resource allocation. Remote sensing
(RS), characterized by large-scale coverage and high revisit
frequency, has become a cornerstone technology for urban
change analysis [9].

Despite substantial progress, conventional building
change detection (CD) methods remain heavily dependent
on precisely registered bi-temporal image pairs and dense
pixel-level annotations. In practice, acquiring well-aligned
pre-event imagery is often costly or infeasible, particularly
in time-critical scenarios such as disaster response or rapid
urban expansion [I15]. Moreover, supervised CD mod-
els frequently suffer severe performance degradation un-
der cross-domain deployment due to variations in sensor
characteristics, illumination conditions, and architectural
styles [6]. These limitations hinder the scalability and real-
world applicability of traditional pipelines.

To overcome these challenges, we reformulate the detec-
tion of newly constructed buildings as a zero-shot, single-
temporal structural anomaly detection problem. Rather
than explicitly modeling temporal differences, we interpret
newly constructed buildings as structural deviations from
surrounding natural backgrounds within a single post-event
image. This formulation eliminates the reliance on paired
temporal inputs during inference and enables deployment
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in scenarios where only post-event imagery is available.

Recent vision-language foundation models such as
CLIP [13] offer powerful open-vocabulary representations.
However, transferring these models to overhead remote
sensing imagery presents a profound challenge. While
CLIP captures broad conceptual alignment, it is dominated
by high-level contextual cues and lacks sensitivity to fine-
grained geometric variations critical for structural reason-
ing in aerial scenes. Conversely, structure-sensitive self-
supervised models (e.g., DINOv3 [16]) excel at capturing
local spatial coherence, but adapting them to unseen do-
mains inevitably leads to a critical bottleneck: structural
over-specialization. This phenomenon occurs when train-
able modules overfit to source-domain geometric statistics,
causing catastrophic failure under distribution shifts. Bridg-
ing this domain gap requires complementary modeling be-
yond prompt engineering or lightweight semantic calibra-
tion alone.

In this work, we propose BSSRS (Bridging Semantic
and Structural manifolds in Remote Sensing), a dual-vision
framework designed to explicitly counteract this bottleneck.
To preserve the respective inductive biases of both founda-
tion models, BSSRS maintains frozen CLIP and DINOv3
backbones. Rather than employing complex token-mixing
modules that risk severe overfitting, we integrate multi-
depth patch representations through a constrained residual
blending strategy. Specifically, spatially aligned DINOv3
tokens are injected into the primary CLIP embedding space
as a soft geometric stimulus. This configuration guaran-
tees precise dense anomaly localization while explicitly pre-
venting the architecture from over-specializing to source-
domain geometric features.

Furthermore, to prevent the injection of spatial details
from corrupting macroscopic interpretation, global anomaly
scoring is executed entirely by an isolated vision-language
pathway, deliberately omitting the blended patch features.
Extensive experiments reveal a clear training divergence
that corroborates our decoupled topology: although dense
spatial metrics may gradually decay due to geometric over-
fitting, the global stability upheld by the standalone CLIP
classifier remains unwavering.

The main contributions of this work are summarized as
follows:

* We reformulate remote sensing construction monitor-
ing as a zero-shot, single-temporal structural anomaly
detection task, completely eliminating the reliance on
precisely registered bi-temporal inputs during infer-
ence.

¢ We introduce BSSRS, a dual-vision framework that
harmonizes semantic and structural priors via a con-
strained residual blending strategy. By spatially align-
ing and injecting DINOvV3 tokens as a soft geomet-

ric stimulus into multi-level CLIP layers, we pro-
vide a robust solution to neutralize structural over-
specialization.

* We propose a decoupled scoring topology that extracts
dense predictions from the integrated spatial features
while reserving an isolated CLIP pathway for global
anomaly classification, thereby ensuring unwavering
semantic stability across heterogeneous remote sens-
ing datasets.

2. Related Work

Modern vision-language foundation models, such as
CLIP [13] and its remote sensing variants [12], aim to cap-
ture rich visual semantics without relying on exhaustive
pixel-level annotations. This paradigm is particularly rele-
vant to remote sensing (RS) applications such as change de-
tection and rapid disaster assessment [ 1, 15, 19], where con-
structing large-scale, densely annotated datasets is costly
and labor-intensive [9]. By leveraging large-scale visual—
semantic pretraining, such models demonstrate strong po-
tential for identifying structural anomalies—e.g., newly
constructed buildings—across diverse geographic regions
without task-specific supervision.

Our work is primarily related to four research direc-
tions: remote sensing change detection and domain gener-
alization, vision—-language modeling for zero-shot anomaly
detection in RS, foundation visual encoders for structure-
aware modeling, and lightweight adapter-based adaptation.

Remote Sensing Change Detection and Domain Gen-
eralization. Building change detection (CD) has tra-
ditionally relied on supervised bi-temporal frameworks,
including early Siamese architectures [7] and more re-
cent transformer-based models such as ChangeFormer [2].
These approaches explicitly model pixel-wise differences
between pre- and post-event images and therefore assume
accurate co-registration and access to paired observations.
As a result, they are highly sensitive to misalignment, sea-
sonal variations, and domain shifts across geographic re-
gions and sensors. To alleviate these limitations, prior stud-
ies have explored domain adaptation and domain general-
ization strategies [11, 18]. However, most existing meth-
ods still operate within supervised segmentation paradigms
or require access to target-domain samples during train-
ing. In contrast, BSSRS reformulates building change de-
tection as a single-temporal structural anomaly detection
problem. Beyond eliminating the reliance on bi-temporal
inputs, BSSRS explicitly addresses the bottleneck of struc-
tural over-specialization by bridging dual-vision manifolds
via a decoupled architecture, providing a zero-shot solution
that is inherently more robust for real-world cross-domain
deployment.
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Figure 1. Architecture of the proposed BSSRS framework. Given a single post-event remote sensing image, BSSRS explicitly bridges
dual manifolds by integrating two frozen foundation encoders: an invariant contextual reference (CLIP ViT-L/14@336) and a structure-

sensitive encoder (DINOv3 ViT-L) [

]. Instead of complex token-mixing, patch-level tokens from multiple selected transformer layers

are integrated via a constrained residual blending strategy. Specifically, spatially aligned DINOv3 features are injected as a soft geometric
stimulus into the primary CLIP embedding space to produce a precise dense anomaly map. Crucially, to avoid disturbing the original global
semantics, robust image-level scores are derived directly from an isolated vision-language pathway, deliberately omitting the blended patch

tokens.

Vision-Language Models and Zero-Shot Anomaly
Detection in RS. The success of CLIP [13] has inspired
growing research on vision—language modeling for remote
sensing, including RemoteCLIP [12], GeoCLIP [4], and
open-vocabulary RS segmentation frameworks [3]. While
these models demonstrate strong semantic alignment, many
require RS-specific pretraining or supervised fine-tuning.
More recently, anomaly-aware vision-language frame-
works such as RSAD-CLIP [21] have reframed building
change detection as a zero-shot anomaly localization prob-
lem by introducing normal and abnormal textual prototypes.
Despite their effectiveness, these methods primarily rely on
semantic similarity between visual features and textual an-
chors, and may lack sufficient sensitivity to fine-grained
geometric deviations in high-resolution RS imagery. To
counteract this limitation without sacrificing semantic sta-
bility, BSSRS incorporates a structure-sensitive encoder to
capture local geometric consistency. Crucially, to prevent
catastrophic domain collapse, we utilize the frozen CLIP
backbone as an invariant contextual reference and retain an
isolated vision-language pathway for image-level scoring,
ensuring stable global macroscopic reasoning.

Foundation Visual Encoders for Structure-Aware
Modeling. Recent studies reveal that large-scale self-

supervised vision transformers exhibit strong geometry-
aware representations even without language supervision.
In the remote sensing domain, foundation models such as
RingMo [17] leverage masked image modeling to extract
robust structural features. Furthermore, general vision mod-
els such as Segment Anything (SAM) [10] and its remote
sensing variants [20] have demonstrated powerful zero-shot
structural parsing capabilities. However, while SAM re-
lies heavily on explicit prompts to delineate discrete bound-
aries, models such as DINOv3 [16] learn continuous struc-
tural consistency and local feature coherence through self-
distillation. This makes them inherently sensitive to geo-
metric irregularities and boundary discontinuities without
manual prompting. The need for such robust structure-
aware modeling is further underscored by challenging re-
mote sensing scenarios involving severe side-looking angles
and off-nadir distortions, as characterized by datasets such
as S2Looking [14]. These findings suggest that semantic
alignment and structural sensitivity arise from distinct in-
ductive biases and can provide complementary anomaly ev-
idence.

Unlike purely semantic CLIP-based approaches, BSSRS
explicitly bridges these dual manifolds. Instead of employ-
ing complex token-mixing modules, we integrate patch-



level representations via a constrained residual blending
strategy across multiple selected layers. By spatially align-
ing and injecting DINOV3 tokens as a soft geometric stimu-
lus into the primary CLIP embedding space, the framework
captures both anthropogenic semantic cues and geometry-
driven structural deviations. This dual-vision synergy im-
proves robustness while explicitly mitigating the risk of
structural over-specialization under cross-domain deploy-
ment.

Lightweight Adapter-Based Adaptation. Adapting
large vision—language models to downstream RS tasks
via full fine-tuning is computationally expensive and fre-
quently compromises zero-shot generalization. Adapter-
based learning introduces lightweight trainable modules
while preserving the pretrained backbone, striking a bal-
ance between flexibility and robustness. Such strategies
have been widely adopted in multimodal learning to stabi-
lize downstream adaptation by relying on frozen models as
structural or semantic anchors. In contrast to heavy fine-
tuning or domain-specific pretraining, BSSRS maintains
frozen foundation encoders and introduces only lightweight
projection and adaptation modules alongside the residual
blending. For dense localization, structural tokens are
aligned and injected into the pixel-level pathway. Mean-
while, macroscopic anomaly decisions deliberately omit
the blended patch tokens and rely instead on the stan-
dalone CLIP classifier. This decoupled adaptation strat-
egy preserves the complementary inductive biases of both
manifolds while enabling efficient and stable cross-domain
anomaly localization.

3. Proposed Method

Figure 1 illustrates the overall pipeline of our proposed
BSSRS framework. Given a single RGB remote sens-
ing image © € R>*#*W  the model predicts (i) a dense
anomaly map A € R¥*W for spatial localization and
(ii) an image-level anomaly score siy, for global decision-
making. The framework is built upon a frozen CLIP visual—
language backbone equipped with lightweight text and im-
age adapters. To improve sensitivity to fine-grained struc-
tural irregularities, we further incorporate a frozen DINOv3
branch into the pixel-level pathway through a conservative
training-time constrained residual blending strategy. Im-
portantly, while DINOv3 provides complementary geomet-
ric cues for dense localization, the image-level prediction
branch remains governed by an isolated vision-language
pathway to preserve semantic stability.

3.1. Problem Setup

Let £°1"P denote the CLIP vision encoder and f; the CLIP
text encoder. For a selected transformer layer set £, the

CLIP visual branch extracts semantic patch tokens:
ZW e RNxCe e, (1)

while a frozen DINOv3 encoder extracts structure-aware
patch tokens:

Z((il) c RNS" xCa_ )

Because the two backbones adopt different tokenization
schemes and patch geometries, their spatial resolutions NV, c(l)
and N, él) generally differ. To capture both shallow struc-
tural patterns and deep semantic representations, we explic-
itly select a multi-level feature set for constrained residual
blending:

L ={6,12,18,24}, 3)

which allows the model to integrate multi-depth geometric
stimuli into the primary CLIP embedding space.

3.2. Anomaly-Aware Text Adaptation

To improve the separation between normal and abnormal
semantics in the visual-textual space, the text branch refines
anomaly-aware prompt embeddings instead of directly rely-
ing on raw textual features. Let p,, and p, denote the normal
and abnormal prompts, respectively. Their adapted embed-
dings are defined as:

tn = wt(ft(pn))7 ta = wt(ft(pa))v (4)

where 1, (+) is a lightweight text adaptation module. These
adapted embeddings serve as invariant contextual refer-
ences for both dense patch-level similarity matching and
image-level classification.

3.3. Visual Alignment and Constrained Residual
Blending

For each selected layer [ € L, the CLIP and DINOv3
patch tokens are first projected into a shared embedding
space through lightweight projection modules:

20 = 90(Z0), 20 =sP(ZP). )
Since the token grids of the two encoders are not naturally
aligned, the projected DINOv3 tokens are spatially aligned

to the CLIP token layout before integration. Denoting this
alignment operator by .A(-), we obtain:

Z¥ = Az)), ©)

where Z((il) matches the spatial arrangement of ZAél). This
design keeps CLIP as the primary semantic reference man-
ifold while introducing DINOV3 as an auxiliary structural
cue.
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Figure 2. Qualitative visualization of BSSRS. From top to bottom: input image, ground-truth mask, and predicted anomaly heatmap.
Results are shown on LEVIR-CD and WHU under zero-shot cross-dataset transfer. By explicitly bridging dual manifolds via a constrained
residual blending strategy, BSSRS generates spatially compact anomaly heatmaps that closely align with ground-truth building footprints.
The invariant contextual reference effectively prevents diffuse responses and semantic drift, while injecting geometry-aware structural
representations as a localized soft geometric stimulus preserves fine-grained boundaries. This synergistic design demonstrates robust dense

localization that successfully neutralizes structural over-specialization without compromising global semantic integrity.

Instead of using aggressive token interaction modules
such as cross-attention, we adopt a constrained residual
blending rule:

Zf(i)sc = Norm (Zc(l) + ozZél)) , @)
where Norm(+) denotes feature normalization and « is a
small scalar fusion coefficient. In our implementation, we
set = 0.10. This formulation preserves CLIP as the dom-
inant semantic manifold while allowing DINOv3 to con-
tribute only a soft geometric stimulus, thereby reducing se-
mantic distortion under severe modality shifts.

3.4. Dense Pixel-Level Anomaly Localization

Dense anomaly evidence is obtained by matching the
blended visual tokens against the adapted text anchors
[tn,tq]. For each selected layer, the similarity map is com-
puted as:

SO = Sim (zggge, [tn, ta}) . lel, (8)

where Sim(-,-) denotes cosine-style similarity in the
aligned visual—textual space. The abnormal channel is then
spatially reshaped to obtain the layer-wise anomaly map
A(l) c REXW

The final dense anomaly map is obtained by aggregating
the predictions from all selected layers:

A= ZA(”. )

Ll iz

This multi-level formulation allows the framework to in-
tegrate structural evidence across different representation
depths while maintaining the semantic stability of the CLIP
backbone.

3.5. Image-Level Scoring via Isolated Vision-
Language Pathway

A key design choice of our framework is that the image-
level branch is not derived from the blended visual tokens.
To avoid structural noise interfering with global semantic
reasoning, we preserve a standalone CLIP detection token,
denoted as zqe, for image-level prediction.

The image-level logits are computed against the seman-
tic text anchors as:

0=z [tn:ta), (10)

followed by softmax normalization to obtain the final
image-level anomaly score:

Simg = Softmax(?). an

Therefore, DINOvV3 only refines the dense spatial localiza-
tion pathway, while the global classification branch delib-
erately omits the blended patch tokens and remains entirely
grounded in the isolated vision-language pathway.

3.6. Training Objective

The framework follows a lightweight CLIP-adaptation
paradigm. The overall objective is defined as:

L= ‘Ctext + )\Eimageu (12)

where Lot refines anomaly-aware textual semantics and
Limage supervises the visually adapted patch-level pathway.
During training, both CLIP and DINOv3 remain frozen, and
only the lightweight adaptation and projection modules are
optimized.



4. Experiments

Datasets and Benchmarks. We evaluate BSSRS on re-
mote sensing benchmarks to assess single-temporal struc-
tural anomaly detection and cross-domain generalization.
LEVIR-CD [5] is repurposed by using only post-event
images (7%) and interpreting change masks as structural
anomaly labels, enabling training without pre-event im-
agery. WHU Building Dataset [8] is used for zero-
shot cross-dataset evaluation, where building footprints are
treated as anomaly masks without any fine-tuning on the
target domain.

Implementation Details. All experiments are imple-
mented in PyTorch using a single NVIDIA RTX 4090 GPU
with a batch size of 32. We adopt frozen CLIP ViT-
L/14@336 and DINOv3 ViT-L as the dual foundation en-
coders. Images are resized to 518 x 518, yielding a 37 x 37
(1369) patch grid.

To explicitly align with our decoupled architecture, both
foundation backbones remain strictly frozen. Only the
lightweight projection modules and text/visual adaptation
heads are trainable. Models are optimized using AdamW
(Ir =1 x 1074, weight decay 1 x 10~%) for 20 epochs.
For the constrained residual blending strategy, we specifi-
cally select a multi-level feature set (£ = {6,12,18,24})
and apply a conservative blending coefficient of o« = 0.10
across all selected layers, intentionally treating the spatially
aligned DINOV3 features as a localized soft geometric stim-
ulus. Furthermore, unlike previous pixel-grounded meth-
ods, image-level anomaly scores are derived directly from
the isolated vision-language pathway without any patch-
level aggregation. Heatmap smoothing is performed via
Gaussian blur with o = 1.0.

Evaluation Metrics. We report Pixel AUC for localiza-
tion, and Image AUC for image-level detection. For remote
sensing benchmarks, we additionally report Average Preci-
sion (AP) and F1-score and IoU computed at the optimal
threshold that maximizes the F1-score, which is essential
under severe class imbalance.

4.1. Quantitative Performance and Generalization
Analysis

The quantitative evaluation of BSSRS highlights the in-
trinsic challenges of zero-shot cross-dataset reasoning in re-
mote sensing. Unlike conventional supervised learning, the
objective is not to maximize source-domain accuracy, but to
explicitly neutralize structural over-specialization via a de-
coupled architecture to learn representations that generalize
across unseen domains.

Remote sensing datasets often exhibit substantial dis-
tribution shifts caused by sensor differences, acquisition
conditions, and geographic variability. Therefore, cross-
dataset transfer serves as a stringent test of whether a model
successfully bridges dual manifolds to capture domain-

invariant structural patterns, rather than merely memorizing
dataset-specific appearance and geometric statistics.

4.1.1 Transferability and Structural Robustness

As summarized in Table 1, BSSRS shows reasonable cross-
dataset transferability when trained on LEVIR-CD and di-
rectly evaluated on WHU without fine-tuning. In this set-
ting, the model achieves a Pixel AUC of 95.38%, together
with a Pixel F1-score of 63.99% and a Pixel IoU of 47.05%.
Although the AUC is relatively high, the F1-score and IoU
remain moderate, indicating that fine-grained localization
precision and boundary delineation under zero-shot transfer
still have room for improvement.

Table 1 also shows a clear performance asymmetry when
the source and target datasets are swapped. When trained
on WHU and evaluated on LEVIR-CD, the Pixel F1-score
drops to 29.31% and the Pixel IoU decreases to 17.18%.
A plausible explanation is that the two datasets exhibit dif-
ferent morphological characteristics. LEVIR-CD contains
more widely distributed suburban structures and more het-
erogeneous natural backgrounds, whereas WHU more of-
ten contains denser and larger building instances with com-
paratively simpler surrounding contexts. As a result, train-
ing only on WHU may provide less exposure to diverse
background-to-structure transitions, which can reduce gen-
eralization when the model is tested on the more varied
scenes in LEVIR-CD.

Despite this asymmetry, the results suggest that injecting
structure-sensitive representations from DINOvV3 as a local-
ized soft geometric stimulus into the primary CLIP embed-
ding space is highly beneficial for cross-domain anomaly
localization. The DINOv3 tokens contribute local geomet-
ric sensitivity through the constrained residual blending,
while the frozen CLIP branch provides an invariant contex-
tual reference under severe domain shift.

At the image level, the model remains strikingly sta-
ble across the two transfer directions. As reported in Ta-
ble 1, the Image-level AP reaches 99.54% for LEVIR-CD
— WHU and 99.31% for WHU — LEVIR-CD. This re-
sult profoundly validates our decoupled scoring architec-
ture: by deriving image-level decisions directly from an
isolated vision-language pathway rather than aggregating
blended visual tokens, the model successfully preserves un-
wavering global semantic stability, even when pixel-level
boundary quality varies across heterogeneous datasets.

4.2. Qualitative Visualization

To further validate the effectiveness of explicitly bridg-
ing dual manifolds, we present qualitative results of BSSRS
under zero-shot cross-dataset settings. As illustrated in
Fig. 2, the model consistently highlights newly constructed
buildings across diverse urban scenes without any target-



domain fine-tuning.

Structural Boundary Precision. A key advantage of
BSSRS lies in its ability to explicitly neutralize structural
over-specialization while preserving fine-grained structural
boundaries. The predicted anomaly heatmaps are spatially
compact and closely aligned with ground-truth building
footprints, even under cluttered backgrounds and complex
urban layouts.

This behavior reflects the successful bridging of com-
plementary foundation priors. While the frozen CLIP back-
bone acts as an invariant contextual reference to maintain
global consistency and prevent domain collapse, DINOv3
is injected as a localized soft geometric stimulus via resid-
ual blending, enhancing sensitivity to fine-grained geomet-
ric deviations without dominating the semantic manifold.
This synergy results in sharp and coherent building contours
rather than the diffuse responses typically seen in purely
semantic models. These qualitative observations demon-
strate that our constrained blending strategy effectively im-
proves dense structural anomaly localization without over-
specializing to source geometries.

Failure Case Analysis and Structural Sensitivity. De-
spite strong overall performance, BSSRS encounters chal-
lenges in scenes with extremely small building footprints
or severe shadow occlusion. In such cases, anomaly re-
sponses remain spatially coherent but may exhibit reduced
confidence, leading to partial detections. Importantly, the
model rarely produces large-scale false-positive regions.

This behavior highlights a crucial property of our decou-
pled design: maintaining structural sensitivity while utiliz-
ing the semantic anchor to prevent excessive semantic drift.
Rather than grounding image-level decisions in blended
dense pixel evidence, BSSRS reserves an isolated vision-
language pathway for global scoring. Simultaneously, in
the pixel-level pathway, structural features act merely as a
soft stimulus to the primary semantic space. This separa-
tion ensures that localized activations are strictly regular-
ized by the contextual reference, preventing anomaly re-
sponses from spuriously spreading across visually similar
yet structurally irrelevant areas under severe domain shift.

Limitations of Single-Temporal Reasoning. A lim-
itation arises from the single-temporal formulation itself.
On datasets such as LEVIR-CD, which provide bi-temporal
annotations, the model may occasionally highlight pre-
existing buildings as anomalies. Since BSSRS operates
strictly without pre-event (77) imagery at inference, any
prominent anthropogenic structure may be interpreted as a
structural deviation from surrounding natural background
distributions.

This ambiguity is important for interpreting the quan-
titative results. For example, the relatively high scores
obtained on the WHU dataset may be influenced in part
by its dataset characteristics. WHU contains many stan-

Table 1. Zero-shot cross-dataset performance of BSSRS.
Source and Target denote training and testing datasets. By explic-
itly bridging dual manifolds via a decoupled architecture, BSSRS
successfully neutralizes structural over-specialization. It main-
tains strong pixel-level ranking performance through constrained
residual blending (P-metrics) and unwavering image-level seman-
tic stability derived from the isolated vision-language pathway (I-
metrics) across diverse urban morphologies. All metrics are re-
ported in percentage (%).

Source Target ‘P-AUC P-AP P-F1 P-IoU I-AUC I-AP

LEVIR-CD WHU 9538 71.00 63.99 47.05 98.74 99.54
WHU LEVIR-CD | 9041 31.74 2931 17.18 92.74 99.31

Table 2. Ablation study of BSSRS under zero-shot transfer
(LEVIR-CD — WHU). T (Text Adp.) denotes anomaly-aware
text adaptation, and V (Vis. Adp.) denotes pixel-level visual adap-
tation via constrained residual blending with DINOv3. The decou-
pled design improves dense localization without affecting image-
level scoring.

Method T V P-AUC P-AP P-F1 P-IoU I-AUC I-AP
Vanilla CLIP X x 3331 7778 15.65 848 17.85 5648
+ Vis. Adp.

(wo Text Adp.) X v 9523 70.05 37.50 23.08 98.29 99.30
Full v V' 9535 71.05 59.58 4243 98.60 99.48
(o = 0.05) 3 . . . . .
Full v v 9538 71.00 63.99 47.05 98.74 99.54
(a = 0.10) S8 71006399 47.05 98.74 99,

dalone buildings set against relatively uniform natural back-
grounds; under our formulation, such visually prominent
structures are more likely to be detected as anomalies. In
contrast, for datasets with more complex urban textures and
denser pre-existing structures (e.g., LEVIR-CD), the model
may also highlight pre-existing buildings, which can be pe-
nalized by traditional change detection metrics. As a re-
sult, the current framework is better interpreted as measur-
ing structural distinctiveness in a single image, rather than
strictly capturing chronological change.

This limitation reflects the inherent ambiguity of zero-
shot structural reasoning without explicit temporal refer-
ences. Incorporating temporal cues or consistency con-
straints into the bridged manifolds is a meaningful direction
for future work.

5. Ablation Study

To quantitatively assess the contribution of each compo-
nent in the proposed BSSRS framework, we conduct ab-
lation experiments on the WHU Building Dataset under a
zero-shot cross-dataset setting. All models are trained on
LEVIR-CD and directly evaluated on WHU without any
target-domain fine-tuning. Results are summarized in Ta-
ble 2.



CLIP Baseline and Semantic Limitation. The vanilla
CLIP model serves as a zero-shot baseline, struggling sig-
nificantly under this cross-domain setting by achieving a
Pixel Fl-score of only 15.65% and a Pixel IoU of 8.48%.
Because CLIP is primarily optimized for global image—text
alignment rather than fine-grained structural reasoning, its
anomaly responses remain spatially diffuse and inaccurate.
In remote sensing scenarios, anomaly detection requires
sensitivity to subtle geometric deviations rather than coarse
semantic similarity. Therefore, while the frozen CLIP back-
bone acts as a strong global prior, it lacks the structural dis-
crimination required for precise dense localization.

Effect of Visual Adaptation (wo Text Adp.). We first
evaluate the isolated impact of the Visual Adaptation path-
way, which integrates structure-sensitive cues from the DI-
NOv3 branch without anomaly-aware text prompts. As
shown in Table 2, explicitly bridging the dual manifolds
provides complementary structural information, boosting
Pixel AUC from 33.31% to 95.23% and Pixel F1 from
15.65% to 37.50%. Unlike CLIP, which aligns visual to-
kens with language semantics, DINOvV3 is trained via self-
supervised learning to capture intrinsic geometric regulari-
ties and boundary continuity. By injecting DINOv3 tokens
as a localized soft geometric stimulus into the primary CLIP
embedding space, the model significantly enhances sensi-
tivity to structural deviations. However, without adapted
text anchors, the overall Pixel F1 (37.50%) and Pixel IoU
(23.08%) remain constrained by semantic ambiguity.

Effect of Text Adaptation (Full Architecture). In-
troducing the anomaly-aware Text Adaptation alongside
Visual Adaptation completes our full decoupled architec-
ture. This indicates that explicitly disentangling normal
and anomalous prototypes within the semantic manifold
is crucial for anomaly-aware reasoning. By refining lan-
guage prompts into an invariant contextual reference, the
model effectively reduces semantic ambiguity and stabilizes
cross-domain transfer against semantic drift. Consequently,
adding Text Adaptation leads to massive gains in fine-
grained localization: compared to the Visual Adaptation-
only baseline, the Full model (¢« = 0.10) jumps from
37.50% to 63.99% in Pixel F1, and from 23.08% to 47.05%
in Pixel IoU.

Complementarity and Impact of Fusion Coefficient
(). To further investigate the impact of the constrained
residual blending, we compare two fusion coefficients in
the full architecture: @ = 0.05 and @ = 0.10. As shown
in Table 2, both settings significantly outperform the partial
adaptations. The model with o« = 0.05 achieves a highly
robust 95.35% Pixel AUC and 71.05% Pixel AP. Slightly
increasing the geometric stimulus to o« = 0.10 yields the
best overall dense localization, boosting Pixel F1 to 63.99%
and Pixel IoU to 47.05%, while simultaneously maintain-
ing peak image-level stability (99.54% Image AP). These

results confirm that semantic alignment and structural rep-
resentation learning are profoundly complementary. The
carefully tuned geometric stimulus refines spatial preci-
sion without overwhelming the semantic space, while the
isolated vision-language pathway independently maintains
unwavering global semantic stability under severe domain
shifts [1,2].

6. Conclusion

We presented BSSRS, a dual-vision framework that
reformulates remote sensing change detection as single-
temporal structural anomaly detection, completely elimi-
nating the need for bi-temporal image pairs at inference.
By explicitly bridging a frozen semantic encoder (CLIP)
and a structure-sensitive encoder (DINOv3) via a decoupled
architecture, BSSRS provides a highly robust solution for
zero-shot cross-domain analysis.

Through constrained residual blending, DINOv3 fea-
tures act as a localized soft geometric stimulus to refine
dense structural boundaries without overwhelming the se-
mantic space. Simultaneously, an isolated vision-language
pathway deliberately bypasses this token fusion to guaran-
tee unwavering global semantic stability under severe do-
main shifts. This synergistic design effectively neutralizes
structural over-specialization, enabling BSSRS to achieve
95.38% Pixel AUC and 63.99% Pixel Fl-score without
target-domain fine-tuning.

Future Work. Future work includes incorporating tem-
poral cues to better distinguish pre-existing anthropogenic
structures from genuine changes, and evaluating BSSRS on
broader geospatial benchmarks with varying sensor charac-
teristics.
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