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TMCD-RS: Trustworthy Multimodal Change Detection for
Bi-Temporal Remote Sensing
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Abstract
Bi-temporal remote sensing change detection is essential for urban
monitoring, disaster response, and infrastructure assessment. How-
ever, existing change detection models often rely on task-specific
dense supervision and are highly sensitive to temporal misalign-
ment, background clutter, and cross-domain distribution shifts. To
address these limitations, we propose TMCD-RS, a lightweight
vision–language framework that reformulates bi-temporal change
detection as text-guided structural change reasoning.

Built upon a frozen CLIP backbone, TMCD-RS adopts a shared-
weight Siamese visual encoder to process pre-event and post-event
images jointly. Instead of relying solely on raw image differenc-
ing, the proposed method performs temporal reasoning in the fea-
ture space by combining absolute bi-temporal representations with
residual change evidence derived from their feature discrepancies.
To improve robustness under imperfect temporal correspondence,
we introduce a reliability-aware temporal fusion module that
predicts a confidence score from the global temporal discrepancy
and uses it to adaptively modulate both image-level and pixel-level
fusion. In parallel, a learnable multi-scale fusion module aggre-
gates text-guided anomaly maps from multiple intermediate layers,
enabling fine-grained localization of changed structures.

TMCD-RS follows a two-stage training strategy. In Stage 1, light-
weight text adapters are optimized to learn disentangled normal
and abnormal textual prototypes for change-aware semantic align-
ment. In Stage 2, the text branch is fixed, while image adapters
and temporal fusion modules are optimized to capture domain-
invariant structural change cues from paired observations. This
design preserves the open-vocabulary generalization of CLIP while
introducing only a small number of trainable parameters.

Experiments on remote sensing building-change benchmarks
demonstrate that TMCD-RS achieves strong localization and image-
level discrimination, while showing improved robustness to pre-
existing structures and better transferability across datasets. These
results suggest that confidence-aware bi-temporal feature fusion
provides an effective and practical direction for trustworthy remote
sensing change reasoning.

Keywords
vision-language models, remote sensing change detection, Siamese
temporal adaptation, confidence-aware fusion, trustworthy multi-
modal learning
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1 Introduction
Remote sensing change detection is a fundamental problem in
Earth observation, with applications in urban expansion monitor-
ing, disaster response, infrastructure assessment, and environmen-
tal management [6, 9, 17]. Among these applications, building-
related change analysis is particularly important because newly
constructed, damaged, or altered structures often serve as direct
indicators of socioeconomic activity and post-event impact. Recent
progress in deep learning has substantially advanced bi-temporal
change detection by learning discriminative representations from
paired observations acquired before and after an event [1, 4, 5, 7].
However, despite strong benchmark performance, many existing
methods remain highly sensitive to temporal misalignment, illumi-
nation variation, background clutter, and cross-domain distribution
shifts across sensors, regions, and acquisition conditions [6, 10, 18].

A central limitation of conventional change detection pipelines
is that they are typically optimized as task-specific supervised archi-
tectures. Most approaches explicitly compare pre-event and post-
event images through Siamese encoders, feature differencing, or
cross-temporal interactionmodules, and then train the full model on
a target dataset with dense pixel-level annotations [1, 4, 5, 7]. While
effective in-domain, such designs often entangle genuine structural
change with dataset-specific appearance statistics, making them
vulnerable under zero-shot transfer or cross-dataset deployment
[10, 18]. This issue is particularly problematic in high-stakes re-
mote sensing scenarios, where performance under imperfect inputs
matters as much as average in-domain accuracy.

In parallel, vision–language models (VLMs), especially CLIP,
have demonstrated strong open-vocabulary semantic generaliza-
tion by aligning images and text in a shared representation space
[15, 16]. This property is attractive for remote sensing, where dense
annotations are expensive and deployment conditions are often
more variable than those assumed by standard supervised bench-
marks. Recent works such as RemoteCLIP, GeoCLIP, GRAFT, and
open-vocabulary remote sensing segmentation further suggest that
vision–language pretraining can provide transferable priors for
geospatial understanding without exhaustive downstream retrain-
ing [2, 3, 11, 13]. However, directly applying CLIP to remote sensing
change detection is nontrivial. CLIP is not explicitly designed for
paired temporal reasoning, and naive extensions based on raw im-
age subtraction or uncalibrated feature differencing may amplify
spurious changes caused by misregistration, seasonal variation, or
irrelevant background fluctuations.

Recent anomaly-aware CLIP frameworks provide an appealing
starting point for this problem. Methods such as AA-CLIP show
that lightweight adapters and anomaly-aware semantic prototypes
can improve dense localization while preserving the pretrained
backbone [12]. RSAD-CLIP further demonstrates the promise of
zero-shot anomaly reasoning in remote sensing scenes [19]. Nev-
ertheless, most existing CLIP-based anomaly localization methods
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are primarily developed for single-image reasoning and do not ex-
plicitly address the reliability of bi-temporal evidence. As a result,
visually plausible temporal discrepanciesmay still be over-amplified
even when they are not trustworthy indicators of structural change.

In this work, we argue that trustworthy remote sensing change
reasoning should satisfy two requirements. First, it should preserve
the transferable semantic prior of pretrained VLMs instead of over-
specializing to a single source domain. Second, it should explicitly
model the reliability of temporal discrepancy rather than assuming
that all observed differences are equally informative. Motivated
by these principles, we propose TMCD-RS (Siamese Temporal
Adapter and Reliability-aware fusion for Remote Sensing), a light-
weight bi-temporal vision–language framework for text-guided
structural change reasoning.

Built upon a frozen CLIP backbone, TMCD-RS processes pre-
event and post-event images using a shared-weight Siamese visual
encoder and introduces only a small number of trainable parameters
through lightweight adapters. The framework first learns disentan-
gled normal and abnormal semantic prototypes through a semantic
alignment stage, and then performs temporal reasoning in feature
space by combining absolute bi-temporal evidence with residual
discrepancy cues. To improve robustness under noisy temporal
correspondence, TMCD-RS further introduces a confidence-aware
fusion mechanism that calibrates both image-level and pixel-level
predictions according to the estimated reliability of temporal dis-
crepancy. This design is conceptually aligned with the broader need
for reliable and calibrated visual decision making under imperfect
inputs [14].

Our contributions are threefold:

• We reformulate remote sensing building change detection
as a trustworthy bi-temporal structural change reasoning
problem within a frozen vision–language framework.

• We propose a shared-weight Siamese temporal adaptation
architecture with reliability-aware fusion, which combines
absolute temporal evidence and residual feature discrep-
ancy in a lightweight yet principled manner.

• Weposition confidence-aware temporal fusion as a practical
design principle for robust remote sensing VLMs under
domain shift and imperfect temporal correspondence.

2 Related Work
2.1 Remote Sensing Change Detection
Remote sensing change detection has been extensively studied for
applications such as urban monitoring, disaster assessment, and
land-use analysis [6, 9, 17]. Early deep learning methods commonly
relied on Siamese convolutional architectures that extracted fea-
tures from pre-event and post-event images and compared them
through differencing or joint decoding [7]. Subsequent approaches
incorporated stronger temporal interaction mechanisms, includ-
ing spatial–temporal attention and transformer-based encoders,
to improve the localization of changed regions [1, 4, 5]. Although
these models have demonstrated strong performance on benchmark
datasets, they are still typically trained and evaluated in supervised
in-domain settings, where image registration and data distribution
are relatively controlled.

2.2 Change Detection Under Domain Shift
A long-standing challenge in remote sensing is that data distribu-
tions vary substantially across sensors, cities, seasons, and acqui-
sition conditions. This issue has motivated extensive research on
domain adaptation and domain generalization for remote sensing
classification and segmentation [10, 18]. For change detection, such
variation is particularly harmful because themodel must distinguish
true structural change from nuisance factors such as illumination
difference, seasonal appearance shifts, or background clutter [6].
As a result, high in-domain performance does not necessarily trans-
late into reliable behavior on unseen target domains. In this paper,
we address this challenge by retaining a frozen vision–language
backbone and introducing lightweight temporal adaptation, with
the goal of preserving transferable semantics while reducing over-
specialization to source-domain appearance statistics.

2.3 Vision–Language Models for Remote
Sensing

The success of CLIP has inspired a growing body of work on vision–
language modeling for remote sensing [15, 16]. Recent studies such
as RemoteCLIP, GeoCLIP, and GRAFT demonstrate that large-scale
image–text pretraining can provide useful priors for geospatial un-
derstanding, while open-vocabulary remote sensing segmentation
further extends this paradigm to dense prediction [2, 3, 11, 13].
These works collectively suggest that VLMs are promising for
remote sensing applications where exhaustive annotation is ex-
pensive or impractical. However, most existing remote sensing
VLM research focuses on semantic understanding, retrieval, geolo-
calization, or single-image dense prediction, rather than explicit
bi-temporal reasoning under unreliable temporal correspondence.

2.4 CLIP-Based Anomaly Reasoning
Anomaly-aware CLIP adaptation has recently emerged as an ef-
fective direction for zero-shot anomaly localization. AA-CLIP im-
proves zero-shot anomaly detection by introducing anomaly-aware
semantic disentanglement and staged adaptation between text and
image branches [12]. In the remote sensing domain, RSAD-CLIP
demonstrates that pretrained vision–language models can also be
used for zero-shot anomaly reasoning on Earth surface imagery
[19]. These studies are highly relevant because building change can
be interpreted as a structurally meaningful anomaly relative to the
surrounding scene. However, existing CLIP-based anomaly localiza-
tion methods are largely designed for single-image inference and
do not explicitly model the reliability of paired temporal evidence.
By contrast, our method incorporates pre-event and post-event
observations into a shared feature space and uses confidence-aware
fusion to calibrate how strongly temporal discrepancy should affect
the final decision.

2.5 Parameter-Efficient Adaptation and Reliable
Fusion

Full fine-tuning of large pretrained multimodal models is computa-
tionally expensive and may weaken their pretrained generalization
ability. Parameter-efficient transfer methods provide a practical
alternative by introducing a small number of trainable parameters

2
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while keeping the backbone frozen. This principle is especially suit-
able for remote sensing, where datasets are comparatively limited
and distribution shift is common. Our design is particularly in-
spired by the staged adaptation philosophy of anomaly-aware CLIP
frameworks [12], but extends it to bi-temporal change reasoning.

A second key issue is how to fuse temporal evidence reliably.
Naive pixel-wise subtraction or uncalibrated feature differencing
may over-amplify nuisance variation rather than genuine structural
change. Recent studies in both remote sensing and computer vision
have highlighted the importance of robust representation design
and calibration under imperfect inputs [14]. In our setting, temporal
evidence should be treated as conditionally reliable: it may strongly
indicate change in some cases, but be corrupted or ambiguous
in others. This motivates our reliability-aware temporal fusion
strategy, which preserves absolute structural evidence from each
temporal observation while using a confidence head to modulate
the contribution of residual discrepancy features.

2.6 Positioning of the Proposed Method
The proposed TMCD-RS framework sits at the intersection of re-
mote sensing change detection, vision–language adaptation, and
trust-oriented multimodal inference. Compared with conventional
supervised change detection networks, TMCD-RS retains a frozen
vision–language backbone and emphasizes transferability under
domain shift. Compared with existing CLIP-based anomaly local-
ization methods, it explicitly handles paired temporal inputs and
models the reliability of temporal discrepancy. Compared with
naive bi-temporal differencing pipelines, it performs temporal rea-
soning in feature space and calibrates fusion through an intrinsic
confidence mechanism. As a result, TMCD-RS provides a unified
formulation for trustworthy bi-temporal structural change reason-
ing in remote sensing.

3 Proposed Method
3.1 Problem Formulation
Given a pre-event image 𝑥 (1) ∈ R3×𝐻×𝑊 and a post-event image
𝑥 (2) ∈ R3×𝐻×𝑊 , our goal is to predict a pixel-level change mask
𝑚 ∈ {0, 1}𝐻×𝑊 and an image-level change label 𝑦 ∈ {0, 1}. Unlike
conventional fully supervised change detection pipelines that rely
on task-specific temporal encoders, we formulate the task as text-
guided structural change reasoning using a frozen vision–language
model. The key idea is to preserve CLIP’s open-vocabulary semantic
prior while introducing lightweight temporal adaptation for paired
remote sensing observations.

For each semantic category 𝑐 , we define a binary textual proto-
type matrix

𝑇𝑐 = [𝑡𝑛𝑐 , 𝑡𝑎𝑐 ] ∈ R𝑑×2,

where 𝑡𝑛𝑐 and 𝑡𝑎𝑐 denote the normal and abnormal semantic proto-
types, respectively, and 𝑑 is the embedding dimension.

3.2 Overall Architecture
Our framework, termed TMCD-RS, is built upon a frozen CLIP
ViT-L/14 backbone. To capture structural evidence at multiple res-
olutions, we extract intermediate patch tokens from transformer

layers
L = {6, 12, 18, 24}.

Given an input image, the visual encoder outputs multi-scale patch
features

𝐹ℓ ∈ R𝐵×𝑁×𝑑 , ℓ ∈ L,

where 𝑁 is the number of spatial patches, together with a global
detection descriptor obtained from the deepest visual representa-
tion.

To enable task-specific adaptation while maintaining the gener-
alization ability of the pretrained backbone, we insert lightweight
adapters into both the text and image branches. The text branch is
adapted in Stage 1 for semantic disentanglement, while the image
branch is adapted in Stage 2 for structural change reasoning.

3.3 Stage 1: Semantic Alignment via Text
Adapters

We first optimize the text branch to construct stable anomaly-aware
semantic prototypes. For each class 𝑐 , we use prompt ensembling to
describe both normal and changed states, e.g., “unchanged building,”
“newly built building,” and “building change.” Let P𝑛

𝑐 and P𝑎
𝑐 denote

the sets of normal and abnormal prompts. Their corresponding text
embeddings are averaged to form

𝑡𝑠𝑐 = Norm©­« 1
|P𝑠

𝑐 |
∑︁
𝑝∈P𝑠

𝑐

Norm(𝐸text (𝑝))ª®¬ , 𝑠 ∈ {𝑛, 𝑎},

where 𝐸text (·) denotes the adapted CLIP text encoder.
To explicitly separate the two semantic states, we impose an

orthogonality regularizer

Lorth =
(
(𝑡𝑛𝑐 )⊤𝑡𝑎𝑐

)2
.

During Stage 1, only the text adapters are optimized, while the im-
age branch remains frozen. This stage stabilizes class-level change
semantics before temporal visual adaptation.

3.4 Stage 2: Siamese Temporal Visual
Adaptation

In Stage 2, the text prototypes are fixed, and a shared-weight
Siamese visual encoder is used to process 𝑥 (1) and 𝑥 (2) :

{𝐹 (1)
ℓ

}ℓ∈L, 𝑑 (1) = 𝐸img (𝑥 (1) ), {𝐹 (2)
ℓ

}ℓ∈L, 𝑑 (2) = 𝐸img (𝑥 (2) ),

where 𝐹 (1)
ℓ

and 𝐹
(2)
ℓ

are the multi-scale patch embeddings for the
two temporal observations, and 𝑑 (1) , 𝑑 (2) ∈ R𝐵×𝑑 are global detec-
tion descriptors.

The two branches share all encoder and adapter weights. This
design encourages the model to learn change-sensitive yet domain-
consistent representations, rather than memorizing temporal order-
specific appearance patterns.

3.5 Reliability-Aware Temporal Fusion
A central challenge in bi-temporal remote sensing is that naive
differencing may amplify noise caused by misregistration, illumina-
tion variation, or background clutter. Instead of directly training on
raw 𝑇2 −𝑇1 images, we perform residual reasoning in the feature
space.

3
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We first compute a global temporal discrepancy

Δ𝑑 = |𝑑 (2) − 𝑑 (1) |.

A lightweight confidence head predicts a sample-wise reliability
score

𝑟 = 𝜎 (MLP(Δ𝑑 )) ∈ [0, 1] .
We then combine absolute bi-temporal evidence and residual tem-
poral evidence through

𝑑 = Norm
(
𝑑 (1) + 𝑑 (2)

2
+ 𝑟 𝛽 |𝑑 (2) − 𝑑 (1) |

)
,

where 𝛽 is a learnable temporal residual scale.
For each scale ℓ , patch-level temporal fusion is performed analo-

gously:

𝐹ℓ = Norm

(
𝐹
(1)
ℓ

+ 𝐹
(2)
ℓ

2
+ 𝑟 𝛽 |𝐹 (2)

ℓ
− 𝐹

(1)
ℓ

|
)
.

This formulation allows the model to emphasize residual change
evidence when temporal discrepancy is reliable, while falling back
tomore conservative absolute structural evidence when uncertainty
is high.

3.6 Text-Guided Dense Prediction and
Multi-Scale Fusion

Given the fused patch features 𝐹ℓ and textual prototype matrix 𝑇𝑐 ,
we compute class-aware similarity maps at each scale:

𝑆ℓ = Sim(𝐹ℓ ,𝑇𝑐 ),

where Sim(·, ·) denotes cosine-similarity-based matching between
visual features and the normal/abnormal text embeddings. These
maps are reshaped into dense 2-channel predictions over the spatial
grid.

To aggregate complementary evidence frommultiple transformer
depths, we introduce a learnable multi-scale fusion module:

𝑀fuse = Φms (𝑆6, 𝑆12, 𝑆18, 𝑆24),

where Φms denotes the fusion network. To improve robustness, the
final pixel-level prediction is confidence-calibrated as

𝑀̂ = 𝑟 𝑀fuse + (1 − 𝑟 ) 𝑀̄,

where 𝑀̄ is the simple average of the scale-specific predictions. This
prevents unstable scales from dominating the output in uncertain
temporal cases.

For image-level prediction, the fused global descriptor𝑑 is matched
with the text prototypes, followed by a softmax over the nor-
mal/abnormal states to obtain the final change probability.

3.7 Training Objective
The overall training is conducted in two stages. Stage 1 optimizes
the text branch with semantic alignment and orthogonality regu-
larization. Stage 2 optimizes the image adapters, temporal residual
scale, confidence head, and multi-scale fusion module using both
image-level and pixel-level supervision:

Lstage2 = Lcls + 𝜆Lseg,

whereLcls is the image-level cross-entropy loss over the normal/abnormal
states, and Lseg is the dense segmentation loss computed from the
fused pixel predictions.

This two-stage optimization preserves the semantic prior of
CLIP while enabling efficient temporal adaptation with only a small
number of trainable parameters.

4 Experiments
4.1 Datasets and Evaluation Protocol
We evaluate TMCD-RS on remote sensing building-change bench-
marks under a trust-oriented bi-temporal transfer setting. Specifi-
cally, we use paired pre-event and post-event observations (𝑇1,𝑇2)
and assess the model from two complementary perspectives: (i)
standard change localization and image-level discrimination, and
(ii) robustness under domain shift and imperfect temporal corre-
spondence [6, 10, 14, 18].

Following the revised bi-temporal formulation, LEVIR-CD is used
as the primary source-domain dataset for training, where paired im-
ages and change masks provide supervision for structural change
reasoning [5]. To evaluate cross-domain transferability, we fur-
ther test on the WHU Building dataset without target-domain fine-
tuning [8]. This protocol is intentionally challenging: the source and
target domains differ in geographic layout, building morphology,
and imaging characteristics, thereby providing a realistic testbed
for trustworthy remote sensing VLM adaptation [6, 10, 18].

In contrast to the previous single-temporal formulation, our re-
vised setting explicitly incorporates both temporal observations
during inference. This allows us to evaluate not only whether the
model can localize changed structures, but also whether it can
suppress spurious activations caused by pre-existing buildings, am-
biguous boundaries, or unreliable temporal discrepancy.

4.2 Implementation Details
All experiments are implemented in PyTorch with a frozen CLIP
ViT-L/14-336 backbone [15, 16]. Input images are resized to 518×518,
and multi-scale patch tokens are extracted from transformer layers
{6, 12, 18, 24}. To preserve the pretrained open-vocabulary prior
while introducing task-specific temporal reasoning, we optimize
TMCD-RS in two stages, following the general staged adaptation
philosophy of anomaly-aware CLIP frameworks [12].

In Stage 1, only the text adapters are trained for semantic align-
ment. The text branch is optimized for 5 epochs using AdamWwith
a learning rate of 1 × 10−5 and a batch size of 16. In Stage 2, the
text prototypes are fixed, while the image adapters, the multi-scale
fusion module, the confidence head, and the temporal residual scale
are optimized for 20 epochs using AdamW with a learning rate
of 5 × 10−4 and a batch size of 2. Unless otherwise specified, all
experiments use the shared-weight Siamese setting with paired
(𝑇1,𝑇2) inputs.

4.3 Evaluation Metrics
To comprehensively evaluate both localization quality and decision
reliability, we report pixel-level and image-level metrics. For dense
prediction, we report Pixel AUC (P-AUC), Pixel Average Precision

4
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Figure 1: Overview of the proposed TMCD-RS framework for trustworthy bi-temporal remote sensing change reasoning.
In Stage 1, a frozen CLIP text encoder with learnable text adapters constructs disentangled normal and abnormal semantic
prototypes. In Stage 2, paired pre-event and post-event images (𝑇1 and 𝑇2) are processed by a shared frozen CLIP visual encoder
with lightweight image adapters. The resulting bi-temporal features are decomposed into absolute temporal evidence and
residual discrepancy evidence, which are adaptively calibrated by a confidence head through reliability-aware fusion. Finally,
the fused visual representation is aligned with the learned semantic prototypes for pixel-level change localization and image-
level change prediction.

(P-AP), Pixel F1-score (P-F1), and Pixel IoU (P-IoU). For image-
level prediction, we report Image AUC (I-AUC) and Image Average
Precision (I-AP).

Since remote sensing change detection is highly imbalanced and
sensitive to threshold choice, P-F1 and P-IoU are computed at the
threshold that maximizes F1 on the evaluation set. Compared with
reporting AUC alone, these threshold-dependent metrics better
reflect whether the model produces operationally usable change
masks.

4.4 Trustworthiness-Oriented Evaluation
To better alignwith trustworthyVLMevaluation, we analyze TMCD-
RS beyond conventional benchmark accuracy. In particular, we
study three aspects: (1) cross-dataset generalization from source
to unseen target domains, (2) robustness to imperfect temporal
evidence, such as noisy alignment or ambiguous structural differ-
ence, and (3) confidence-aware behavior, i.e., whether the model
becomes more conservative when temporal discrepancy is unreli-
able [10, 14, 18].
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Table 1: Cross-dataset performance comparison of TMCD-
RS for bi-temporal remote sensing change reasoning. Best
results are in bold.

2*Target Dataset 2*Source Setting Image-level Change Detection Pixel-level Localization

AUROC AP AUROC AP F1 IoU

1*WHU LEVIR-CD→WHU 98.88 99.63 96.12 74.18 63.47 47.09

1*LEVIR-CD WHU→ LEVIR-CD 93.18 99.34 91.06 35.84 32.91 20.42

This evaluation perspective is important because, in real-world
remote sensing deployment, temporal difference is not always a
trustworthy indicator of structural change. A model that merely
amplifies all discrepancy signals may achieve visually plausible
outputs while remaining unreliable under domain shift or tempo-
ral corruption. Accordingly, we treat reliability under imperfect
inputs as a first-class evaluation objective rather than a secondary
diagnostic.

5 Results
5.1 Main Quantitative Results
Table 1 summarizes the main cross-dataset results of TMCD-RS.
Overall, the proposed framework achieves strong performance in
both pixel-level localization and image-level discrimination, in-
dicating that the integration of paired temporal evidence with
text-guided semantic prototypes is effective for remote sensing
structural change reasoning.

More specifically, the transfer behavior is clearly asymmetric.
When trained on LEVIR-CD and evaluated on WHU, TMCD-RS
achieves the strongest overall results, including 98.88 I-AUC, 99.63
I-AP, 96.12 P-AUC, 74.18 P-AP, 63.47 P-F1, and 47.09 P-IoU. In
contrast, the reverse setting, WHU→LEVIR-CD, drops to 93.18
I-AUC, 99.34 I-AP, 91.06 P-AUC, 35.84 P-AP, 32.91 P-F1, and 20.42 P-
IoU. This large gap indicates that the proposed framework transfers
more effectively when trained on the structurally richer LEVIR-CD
source domain, suggesting that source-domain diversity plays an
important role in trustworthy cross-dataset generalization [6, 10,
18].

Comparedwith post-event-only reasoning, the revised bi-temporal
TMCD-RS formulation provides a more faithful basis for change-
specific reasoning, since the model can explicitly compare pre-event
and post-event structural evidence rather than inferring change
from post-event appearance alone. More importantly, the new for-
mulation is better aligned with trustworthy deployment: it reduces
the tendency to misclassify pre-existing man-made structures as
anomalous simply because they are visually salient.

5.2 Cross-Dataset Generalization
Akey result is that TMCD-RSmaintains strong transferability under
cross-dataset evaluation. When trained on the source domain and
directly evaluated on the target domain without fine-tuning, the
model remains competitive across both localization and image-level
metrics. This suggests that the frozen CLIP backbone retains seman-
tically transferable priors [15, 16], while the lightweight temporal
adapters provide sufficient flexibility to model structural change
without over-specializing to source-domain appearance statistics
[10, 12, 18].

Table 2: Ablation study of TMCD-RS components on cross-
dataset bi-temporal remote sensing change reasoning. Best
results are in bold.

2*Target Dataset 2*Source Dataset 2*Method Variant Image-level Change Detection Pixel-level Localization

AUROC AP AUROC AP F1 IoU

6*WHU 6*LEVIR-CD Frozen CLIP baseline 88.50 91.50 82.52 39.84 33.81 20.54
+ Text Adapter only 94.82 96.25 88.15 46.72 38.65 24.91
+ Image Adapter only 96.45 97.82 92.48 63.21 54.22 37.85
+ Siamese temporal fusion 97.56 98.41 94.63 68.94 58.16 41.26
+ Residual temporal branch 98.21 99.07 95.54 72.03 61.24 44.65
+ Confidence-aware fusion (Full) 98.88 99.63 96.12 74.18 63.47 47.09

Importantly, the goal here is not merely to maximize in-domain
fitting, but to preserve reliable behavior under unseen data distri-
butions. From a trustworthiness perspective, such cross-domain
robustness is especially meaningful: it indicates that the model is
not simply memorizing source-domain textures or spatial layouts,
but is instead learning a more stable notion of building-related
structural change.

5.3 Reliability Under Imperfect Temporal
Evidence

Beyond aggregate performance, the revised TMCD-RS framework
is designed to behave more conservatively when temporal evidence
is unreliable. Because the model combines absolute temporal rep-
resentations with residual discrepancy cues, it is less dependent
on a single differencing mechanism. The confidence-aware fusion
module further modulates how strongly temporal discrepancy in-
fluences the final decision, which is consistent with recent findings
on robustness and calibration under imperfect inputs [14].

This behavior is also reflected in the robustness study of Table 3.
Under clean paired inputs, the full model achieves 63.47 P-F1 and
47.09 P-IoU. After introducing temporal shift, the full model de-
grades to 59.08 P-F1 and 42.96 P-IoU, while retaining a high 97.94 I-
AUC. However, removing confidence-aware fusion leads to a larger
drop, reducing performance further to 54.21 P-F1, 38.87 P-IoU, and
96.85 I-AUC. These results indicate that confidence-aware fusion
improves robustness by preventing unreliable temporal discrepancy
from dominating the final prediction [14].

5.4 Qualitative Analysis
Figure 2 presents representative qualitative examples. In typical
cases, TMCD-RS produces compact and spatially coherent anomaly
maps that align well with building-level change regions. Compared
with post-event-only reasoning, the addition of explicit temporal
context helps the model focus on newly emerged or structurally
modified regions, while suppressing false activations on unchanged
but visually prominent structures.

Failure cases remain in scenes with extremely small buildings,
heavy shadow interference, or severe temporal ambiguity. However,
even in these difficult examples, the model tends to produce more
localized and interpretable responses rather than large chaotic false
positives. This behavior is desirable from a trust perspective, since it
indicates that the model fails in a more constrained and diagnosable
manner.

6



697

698

699

700

701

702

703

704

705

706

707

708

709

710

711

712

713

714

715

716

717

718

719

720

721

722

723

724

725

726

727

728

729

730

731

732

733

734

735

736

737

738

739

740

741

742

743

744

745

746

747

748

749

750

751

752

753

754

TMCD-RS: Trustworthy Multimodal Change Detection for Bi-Temporal Remote Sensing Conference’17, July 2017, Washington, DC, USA

755

756

757

758

759

760

761

762

763

764

765

766

767

768

769

770

771

772

773

774

775

776

777

778

779

780

781

782

783

784

785

786

787

788

789

790

791

792

793

794

795

796

797

798

799

800

801

802

803

804

805

806

807

808

809

810

811

812

Figure 2: Qualitative results of TMCD-RS under cross-dataset bi-temporal change reasoning. From top to bottom, each example
shows the paired input images (𝑇1 and 𝑇2), the ground-truth change mask, and the predicted change heatmap. Results are
illustrated on LEVIR-CD and WHU to demonstrate the ability of TMCD-RS to localize structurally changed regions under
zero-shot cross-dataset transfer.

Table 3: Robustness study of TMCD-RS under imperfect tem-
poral inputs. Best results are in bold.

2*Target Dataset 2*Source Setting Image-level Change Detection Pixel-level Localization

AUROC AP AUROC AP F1 IoU

3*WHU Full model (clean pair) 98.88 99.63 96.12 74.18 63.47 47.09
Full model + temporal shift 97.94 99.18 94.83 70.52 59.08 42.96
No confidence fusion + temporal shift 96.85 98.74 93.27 66.41 54.21 38.87

6 Ablation Study
6.1 Component-Wise Ablation
To quantify the contribution of each design choice, we conduct
ablations that directly reflect the revised TMCD-RS pipeline. Specif-
ically, we evaluate: (1) frozen CLIP baseline, (2) + Text Adapter
only, (3) + Image Adapter only, (4) + Siamese temporal fusion, (5)
+ Residual temporal branch, and (6) + Confidence-aware fusion
(Full).

As shown in Table 2, the performance gain is progressive and
internally consistent with the proposed pipeline. Starting from the
frozen CLIP baseline, TMCD-RS improves from 88.50 to 98.88 in I-
AUC, from 82.52 to 96.12 in P-AUC, from 33.81 to 63.47 in P-F1, and
from 20.54 to 47.09 in P-IoU. Adding the text adapter first improves
semantic disentanglement, raising I-AUC from 88.50 to 94.82 and P-
F1 from 33.81 to 38.65. Introducing the image adapter then produces
the largest single jump in dense localization, increasing P-F1 from
38.65 to 54.22 and P-IoU from 24.91 to 37.85, which is consistent
with the role of learnable visual adaptation in enhancing spatial
sensitivity [12].

Temporal reasoning contributes further gains. Relative to the
image-adapter-only variant, Siamese temporal fusion improves P-
F1 from 54.22 to 58.16 and P-IoU from 37.85 to 41.26, showing
that explicit paired temporal evidence provides substantial benefit
over single-branch reasoning. Adding the residual temporal branch
further raises performance to 61.24 P-F1 and 44.65 P-IoU, indicat-
ing that feature-level discrepancy modeling contributes additional
change-sensitive evidence. Finally, confidence-aware fusion yields
the best overall performance, improving over the residual-branch

variant from 98.21 to 98.88 in I-AUC, from 95.54 to 96.12 in P-AUC,
from 61.24 to 63.47 in P-F1, and from 44.65 to 47.09 in P-IoU.

6.2 Why Confidence-Aware Fusion Matters
A standard bi-temporal model may still behave unreliably if it as-
sumes that all temporal difference is meaningful. Our ablation is
therefore not only about performance gain, but also about calibra-
tion of evidence usage. Table 2 already shows that the full model
consistently outperforms the confidence-free residual variant, while
Table 3 confirms that this advantage becomes more pronounced
under temporal corruption. This supports the claim that reliability-
aware fusion is not merely an architectural add-on, but a useful
mechanism for trustworthy remote sensing reasoning under imper-
fect inputs [14].

This point is particularly important for TrustVLM-style evalu-
ation. A model that achieves similar average AUC but produces
fewer unstable false positives under noisy temporal evidence is
arguably more trustworthy than one that attains slightly higher
peak scores while behaving erratically in difficult cases.

6.3 Optional Robustness Ablation Under
Temporal Corruption

The robustness study in Table 3 provides direct evidence that the
confidence-aware branch improves stability under imperfect tempo-
ral inputs. Injecting synthetic perturbations into𝑇1, such as transla-
tion, blur, or brightness shift, allows the evaluation to move beyond
raw accuracy and toward reliability under corrupted temporal cor-
respondence.

7 Conclusion
WepresentedTMCD-RS, a lightweight bi-temporal vision–language
framework for trustworthy remote sensing change reasoning. Built
upon a frozen CLIP backbone, TMCD-RS combines shared-weight
Siamese temporal encoding, anomaly-aware text prototype learn-
ing, residual temporal evidence modeling, and confidence-aware
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multi-scale fusion. Unlike conventional pipelines that treat tem-
poral differencing as inherently reliable, the proposed framework
explicitly models the trustworthiness of temporal discrepancy and
adaptively calibrates how strongly such evidence influences the
final decision.

This design leads to two key benefits. First, TMCD-RS preserves
the open-vocabulary semantic prior and cross-domain generaliza-
tion ability of pretrained vision–languagemodels through parameter-
efficient adaptation. Second, it provides a more reliable basis for
remote sensing change analysis under imperfect temporal corre-
spondence, thereby reducing false responses to pre-existing struc-
tures and unstable discrepancy signals.

More broadly, our results suggest that trustworthy bi-temporal
change detection should not be framed solely as an accuracy opti-
mization problem. Instead, reliable remote sensing VLMs should be
evaluated by howwell they generalize across domains, how robustly
they behave under imperfect inputs, and how conservatively they
respond when temporal evidence is uncertain. We believe TMCD-
RS offers a practical step in this direction and provides a useful
foundation for future work on trustworthy multimodal reasoning
in remote sensing.
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