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In recent years, Foundation Vision Models (FVMs) have provided new technical
approaches for change detection and understanding of remote sensing images
due to their strong generalization and multi-scale representation capabilities.
However, in complex spatiotemporal scenarios, existing methods still face two
major challenges: insufficient feature interaction and an imbalance between
global and detail representation. To address these challenges, this paper
proposes RoCD, which introduces the Refine-and-Align Framework (RAF) and
FusionR-Decoder on top of the frozen basic visual model, FastSAM encoder. First,
RAF introduces a pairwise difference refinement (PDR) mechanism to enhance
feature interactions and effectively suppress spurious changes caused by inter-
domain differences. Second, FusionR-Decoder embeds a three-branch RBlock
based on state space models (SSMs) in the multi-scale decoding stage to achieve
long dependency modeling and global consistency constraints. Experimental
results on the three public datasets LEVIR-CD, LEVIR-CD+, and WHU-CD show
that RoCD achieves F1/loU scores of 92.11/85.38, 87.68/76.90, and 95.95/91.04,
respectively.

remote sensing change detection, VFMs, SSMs, RAF, FusionR-Decoder

1 Introduction

Remote sensing change detection (RSCD) refers to the process of identifying surface
changes by analyzing multi-temporal remote sensing images (RSIs) acquired over the same
geographical area. Change detection (CD) techniques are widely applied in land-use
monitoring (Shi et al, 2020), urban expansion analysis (Buch et al, 2011), natural
disaster assessment (Brunner et al., 2010), and military (Gong et al, 2015). With the
large-scale acquisition of high-resolution RSIs, how to efficiently and accurately detect
changes in massive data has become a research hotspot in remote sensing image analysis.
However, due to complex factors such as sensor variations, illumination and seasonal
differences, geometric misregistration, and scale inconsistency, CD tasks still face significant
challenges (Cheng et al., 2024).

Previous RSCD methods have evolved from pixel-based processing to object-based
change detection (OBCD) (Jung et al., 2020; Jiang et al., 2024). These methods are highly
susceptible to noise, registration errors, and illumination variations (Sundaresan et al.,
2007). Subsequently, machine learning methods (Huo et al., 2016; Xie et al., 2019) were
introduced to further improve the classification accuracy of changed regions and reduce
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noise interference, building upon OBCD. However, these methods
rely on manually designed features, and their generalization and
feature representation capabilities remain limited when processing
large-scale remote sensing data (Cheng et al., 2024). To overcome
this bottleneck, researchers began to explore the potential of deep
neural networks such as CNNs, attention mechanisms, and
Transformers in change detection.

In recent years, Gu et al. presented a region-based convolutional
neural network, using the U-net model and region change detection
method to address the insufficient feature representation of
traditional CD methods (Gu, 2024). Lu et al. combined CNN
and combined attention to propose CANet (Lu et al, 2021),
which further refined feature representation and focused on the
problem of CD models correctly detecting small change regions and
distinguishing the boundaries of change regions. Bandara and Patel
proposed ChangeFormer (Bandara and Patel, 2022), and Chen et al.
proposed BiT (Hao Chen and Shi, 2021), which have made
significant progress in multi-scale modeling and bi-temporal
semantic modeling, respectively. Moreover, Xiong et al.
introduced a layered transformer to provide global context
modeling capability and multiscale features to better process
building boundary information (Xiong et al., 2024). In 2024, the
Mamba state-space model was introduced into change detection,
achieving more efficient long dependency modeling through
selective state modeling (Chen et al, 2024). Due to Mamba’s
excellent global feature capture capability, researchers began to
explore hybrid architectures of Mamba and traditional deep
learning networks. Liu et al. used CNNs to capture local details
and Mamba to model global dependencies, thereby simultaneously
improving the representation capabilities of both local and global
features (Liu et al., 2025).

The aforementioned methods represent a significant research
line in RSCD feature modeling. Beyond this line, another
noteworthy development has emerged. The Foundation Vision
Models (FVMs) (Bommasani, 2021) provide highly generalized
multi-scale semantic representations for downstream tasks and
exhibits good transferability in remote sensing (Lu et al., 2025).
However, when FVMs are directly applied to cross-temporal CD,
CD in complex spatiotemporal scenarios still faces two core
challenges (Huo et al., 2025). First, insufficient interaction
between bi-temporal features makes change information easily
submerged by noise, leading to missed detections and false
detections. Second, a large receptive field is beneficial for context
but can easily damage boundaries and small targets; relying solely on
shallow details lacks global consistency and is difficult to stabilize.

To address two issues, we propose our RoCD framework:
introducing two key modules, Refine-and-Align Framework
(RAF) and FusionR-Decoder, on top of frozen FastSAM encoded
features to form a closed loop of “refining and aligning first, then
progressively fusing”. RAF unifies the bi-temporal feature space
through a multi-scale adapter and introduces a PDR mechanism to
effectively suppress spurious changes caused by inter-domain
differences and enhance real structural changes; FusionR-Decoder
combines long dependency modeling across temporal, cross-scale,
and feedback coupling in the multi-scale decoding stage, while
taking into account both global consistency and fine-grained
boundary fidelity. In summary, our contributions are as follows:
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o We propose RAF to address the insufficient interaction
between features in two temporal phases. This module
enhances feature correlation between two temporal phases
through structured differencing and adaptive alignment,
enabling the model to capture real-world variations more
effectively.

o To address the imbalance between global consistency and
detailed representation, we design FusionR-Decoder. This
module employs a three-branch refinement structure,
progressively recovering details while modeling long-range
dependencies, achieving a balance between global and local
representations in the decoding stage.

Without altering the underlying visual model, RoCD is a
method for cross-temporal that
differential refinement, alignment and recalibration, and
feedback-enhanced
experimentally verified the accuracy and robustness of

scenarios combines

decoding. Furthermore, we
RoCD under complex spatiotemporal conditions on three
commonly used CD datasets.

2 Related works

2.1 CNN/Siamese and attention-
based methods

Early and mainstream CD approaches often adopt a dual-branch
or weight-sharing encoder-decoder framework. FC-Siam-conc and
FC-Siam-diff extract features with shared or independent Siamese
encoders, then perform concatenation or differencing before
decoding, serving as lightweight baselines. SNUNet-CD (Fang
et al., 2022) further introduces nested and dense connections on
top of U-Net to strengthen cross-layer feature reuse, enhancing the
representation of small objects and boundaries. These approaches
mainly emphasize multi-scale fusion and explicit/implicit
differencing.

Subsequent studies incorporated attention mechanisms across
spatial, channel, and spatiotemporal dimensions. STANet (Chen
and Shi, 2020) employs spatiotemporal attention to align salient
regions across temporal inputs, highlighting real changes while
suppressing background noise. HANet (Han et al, 2023)
integrates hybrid spatial-channel attention to improve semantic
consistency and emphasize key regions, thereby reducing false
alarms. Attention-based methods enhance focus on change-
related regions and improve background suppression, while
maintaining stable training and computational efficiency. They
have thus become important baselines in RSCD. However, these
methods still suffer from some common bottlenecks. Most methods
perform feature differencing only at shallow layers or through
simple stitching operations. This makes them susceptible to
spurious changes and boundary tearing when encountering
domain shifts caused by seasonal variations, lighting differences,
or sensor inconsistencies, as well as slight registration errors between
temporal images. This work extends the two-branch Siamese
network, focusing on the robust fusion of more structured
pairwise feature modeling and multi-scale decoding stages in the
difference domain.
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2.2 State space models

In recent years, temporal modeling has become an emerging
research trend. Unlike conventional CNN-based architectures,
Transformer or hybrid models leverage self-attention to enhance
global dependencies across temporal inputs. For example, BIT
introduces Transformer-based temporal interaction to capture
long-range dependencies, while ChangeFormer combines
Transformer encoders with convolutional decoders to balance
global

Transformers

semantics and local boundary details. However,
suffer from quadratic computational cost,
limiting their scalability in high-resolution RS imagery. To
address this, SSMs (Gu et al., 2022) provide an alternative by
formulating sequence modeling as linear recurrence with gating.
SSMs can efficiently capture long-range dependencies with
linear complexity, offering better scalability. The Mamba
family (Gu and Dao, 2023; Dao and Gu, 2024) further
improves efficiency through selective state updates, reducing
memory usage and latency while maintaining strong
representational power. Several variants have been adapted
for 2D vision tasks.

In RSCD, applications of SSMs are rapidly expanding.
ChangeMamba (Chen et al., 2024) first introduced Mamba
into the CD task lineage and verified the advantages of SSM
in cross-temporal consistency and complex background. RS-
Mamba (Zhao et al., 2024) proposed remote-sensing-specific
backbones for dense high-resolution prediction, employing
cross/diagonal scanning strategies to enlarge the receptive field
without sacrificing resolution. CDMamba (Zhang et al., 2025)
emphasized global-local fusion, combining long-range SSMs
with boundary refinement modules such as selective residuals
and context gating. These efforts highlighted the capability of
SSMs to improve both large-scale context and fine-grained detail
recognition. Following this line of research, the Mamba variant
used in this paper employs a three-branch (T1, T2 and feedback)
long dependency coupling in the multi-scale decoding stage, and
collaborates with pairwise refined differential modeling to
balance global consistency and detail fidelity under complex

conditions.

2.3 Foundation vision models

The rise of FVMs has greatly advanced computer vision. Early
FVMs such as the Masked Autoencoder(MAE) (He et al., 2022)
achieved robust feature representations through large-scale self-
supervised learning, improving generalization for downstream
tasks. Later, the Segment Anything Model (SAM) (Kirillov et al.,
2023) brought FVMs to a new level. SAM introduced a promptable
framework (points, boxes, or text) combined with a powerful
encoder to enable segmentation of arbitrary objects. Its variants,
such as FastSAM (Zhao et al., 2023) and MobileSAM (Zhang et al.,
2023), further speed and
deployment. demonstrated  unprecedented

optimized inference
These

generalization and transferability, making them valuable for high-

lightweight
models

resolution and low-annotation tasks.

In the RSCD domain, researchers have begun adapting FVMs to
cross-temporal scenarios. MAE-CD (Song et al., 2024) explored
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MAE-pretrained features for CD to alleviate annotation scarcity.
SAM-CD (Ding et al., 2024) was the first to employ SAM as a
backbone for CD, freezing the encoder and introducing task-specific
decoders to extract and fuse cross-temporal features, achieving
strong performance across multiple datasets. These studies show
that FVMs provide powerful general-purpose visual features, but
direct adoption often limits their role to backbone extraction.
Without task-specific decoding and alignment, temporal
differences cannot be fully exploited. In this work, we adopt
SAM-CD as our baseline and introduce targeted refinements to
improve robustness and detection accuracy. Meanwhile, we
continue to use FastSAM from SAM-CD instead of the heavier
SAM as the frozen backbone. FastSAM inherits the general
segmentation representation
capabilities of the SAM series, while having higher inference

semantics and  multi-scale
efficiency and lower computational overhead, enabling us to
focus our research on structured solutions to the two key
bottlenecks of cross-temporal feature interaction and global-
detail balance.

3 Proposed methods
3.1 Overview

The overall framework of RoCD is illustrated in Figure 1, which
mainly consists of three components: the SAM encoder, the Refine-
and-Align Framework (RAF), and the FusionR-Decoder. First, the
model adopts the lightweight FastSAM as the backbone to extract
features from the bitemporal remote sensing images, producing
multi-scale representations. These representations contain both
spatial details and high-level semantics, providing a rich basis for
subsequent differencing and decoding.

Next, the extracted features are passed into the RAF module,
which performs PDR and multi-scale adaptation in a joint manner.
Details of RAF will be presented in Section 3.2. This module
explicitly aligns cross-temporal and cross-domain features,
thereby suppressing false changes caused by illumination,
seasonal, and sensor variations while enhancing real structural
changes. The refined multi-scale features from RAF are then
This decoder

employs the RBlock as its core unit to facilitate spatiotemporal

progressively fed into the FusionR-Decoder.

interactions across scales, while a feedback branch is introduced to
strengthen long-range dependency modeling. More details on the
FusionR-Decoder are provided in Section 3.3. Finally, the decoder
restores fine-grained boundaries while maintaining global
consistency, and the prediction head (resCD Head) produces the

binary change map.

3.2 Refine-and-Align Framework (RAF)

For the s-th scale feature map F") € R“*HWs output by the
backbone, the Adapter A; employs Conviy;, BN, ReLU and
Dropout to project the input into a unified target channel
dimension C,. Where Conviy, denotes the 1 x 1 convolution
kernel, BN represents batch normalization, ReLU denotes non-
linear activation, and Drop denotes dropout. Typical values are
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Overall framework diagram of RoCD. Where a represents space attention,
channel reduction head.
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Decoder

Rblocks

pdr represents pairwise difference refinement, and head represents

FV
« +1
1T — - Us
ReLU/BN/Conv3x3 V'S o
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Adpator O Sigmoid O Gating C Concatenation X Element-wise Multiplication
FIGURE 2

Structure of the RAF section. Except for graphs, — represents signed difference.

Cs, = 160, Ci6 = 160, Cg = 80, C, = 40. The overall structure of
RAF is shown in Figure 2.

At the s-th scale, the projected bi-temporal features £'”, F* are
first symbolically differentiated. The resulting differential features D;,
are then structured and modeled. The modeling process consists of three
branches. First, D is differentially refined. After a series of convolutions,
normalization, and other operations, the refined features, Us, are
obtained. The calculation method is shown in (Equation 1).

D, =FV-F®, D, e ROZHAW: 1)

Simultaneously, in another branch, forming the differential
auxiliary feature W,.This can be considered as a deactivation
U, and W,
concatenated and projected to form V.

operation for U;. Finally, are channel-wise
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For the obtained W, and V, random attention is constructed
and grouped convolution is performed to obtain G;. Global average
pooling is then performed to obtain scale-level gating vectors and
generate residual sample back-injection coefficients. A learnable
scaling parameter « is defined to construct the gating. Finally,
the gate is back-injected into the original projected features as a
residual to obtain the refined bi-temporal features. The overall
operation is shown in (Equations 2-4).

G, = ReLU (BN (Conv&* (softmax (V, © Wy)))) (2)
y, = 0(AvgPool(Gy)) 3)
= (+ay)0F”, te(1,2) (4)

Here © denotes element-wise multiplication, Convs™"P* denotes
grouped convolution, and softmax denotes channel/spatial-wise

frontiersin.org
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FIGURE 3

Structure of the FusionR-Decoder section. In the diagram, C
represents channel-level connection, — represents upsampling, and
other symbols are consistent with those in the

corresponding formulas.

normalization. where o denotes the sigmoid activation function and
AvgPool denotes global average pooling.

3.3 FusionR-decoder

As shown in Figure 3, we design a multi-scale fusion and
refinement decoder named FusionR-Decoder, which aims to
progressively  integrate  dual-temporal  features  through
hierarchical decoding and multi-branch refinement. At each scale
s € {4, 8, 16, 32}, the decoder receives the projected feature maps F s( Y
and 1:"5(2) from t; and f, via the RAF module. Then, an
upsampling—concatenation-convolution structure is applied to
recover spatial resolution and fuse temporal semantics.

Formally, for the s-th scale, the decoded feature D? of branch
i € {1,2} is obtained by (Equation 5). Here Up(-) denotes bilinear
upsampling, and Dec; (-) represents a decoding block consisting of
two 3 x 3 convolutions followed by Batch Normalization and ReLU

activation.
Dl(;) = Decy¢ (cat (up <F;;)),Ff’6)>> s=16
: N, 5)
D = Dec; (cat (up (D§QS)>F§I))) s=8,4
To effectively model cross-temporal dependencies and refine
discriminative change information, we further introduce a three-
branch refinement block at each decoding stage. As shown in
(Formula 6), the features from ¢; branch Ds(l), t, branch DS(Z),
and the feedback feature F ;, are respectively processed through the
state-space operator M (-) and then concatenated:

Ry¢ = cat {M(Dl(g),./\/l(cat (Dl(é),Df?))} s=16

R, = cat {M (Ry,), M(DP)} s=8,4 ©

Finally, the refined multi-branch feature F* is propagated to the
next decoding stage, enabling progressive fusion from coarse to fine
scales. After the final decoding level, spatial attention is applied to
enhance the changed regions. The final prediction mask is generated
through a 1 x 1 convolution.
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4 Experimental results

4.1 Data description and
implementation details

We conducted a comprehensive comparison of RoCD against
several state-of-the-art (SOTA) methods on three widely used
change detection datasets: LEVIR-CD (Chen and Shi, 2020),
LEVIR-CD+ (Chen and Shi, 2020), and WHU-CD (Ji et al,
2019). The LEVIR-CD dataset contains more than 30,000 pairs
of high-resolution remote sensing images with a spatial resolution of
1024 x 1024, primarily covering the construction and demolition of
urban buildings. LEVIR-CD+ is an extended version of LEVIR-CD
with a larger volume of data and more diverse scenarios. WHU-CD
mainly focuses on factory buildings and urban areas, which feature
more complex backgrounds and textures.

In terms of implementation, RoCD is developed based on the
PyTorch framework, and all experiments are conducted on an
NVIDIA RTX 4090 GPU. The AdamW optimizer is employed
with an initial learning rate of 1x 10. A cosine annealing
strategy with a power exponent of 1.5 is used to dynamically
adjust the learning rate, ensuring smooth and stable convergence
during training. The weight decay coefficient is set to 0.01, and the
gradients are clipped with a maximum norm of 1.0 to prevent
gradient explosion. The batch size is set to 4, and the model is trained
for a total of 50 epochs. The loss function combines binary cross-
entropy loss and latent similarity loss to jointly optimize the
discriminability of change regions and the temporal consistency
of features. During training, input images are randomly cropped to
512 x 512 patches and randomly flipped to enhance robustness,
while a sliding-window strategy is adopted during validation to
ensure spatial completeness of the predictions. Throughout training,
the model checkpoint with the highest F1 score on the validation set
is saved for subsequent visualization and comparative analysis.

4.2 Quantitative comparison and
visualization analysis

We selected six representative SOTA change detection methods
for comparison, including STANet (Chen and Shi, 2020), SNUNet
(Fang et al., 2022), BIT (Hao Chen and Shi, 2021), ChangeFormer
(Bandara and Patel, 2022), ChangeMamba (Chen et al., 2024), and
SAM-CD (Ding et al., 2024). These methods span different technical
from CNN-based
architectures, Mamba state-space models, and Vision Foundation
Model (VEM) transfer, representing the mainstream evolution of

paradigms, approaches to Transformer

change detection research. To ensure fairness, all baseline results
were retrained using the same protocol as RoCD. We compared
RoCD with the aforementioned SOTA models on three publicly
available datasets. The datasets cover typical application scenarios
such as urban building demolition and reconstruction, complex
backgrounds, and multiple scene changes, and can comprehensively
reflect the generalization and robustness of the models.

The experimental results are shown in Tables 1-3. RoCD
consistently outperforms the SOTA methods listed in the tables,
except for the Pre metric on LEVIR-CD and LEVIR-CD+. Using
FI and IoU as the main indicators, under LEVIR-CD, F1 reached
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TABLE 1 Quantitative comparison of different methods on the Levir-CD dataset. The best results are highlighted in bold.

Methods ACC (%) Pre (%) REC (%) F1 (%) mF1 (%) loU (%) mloU (%)
STANet 97.66 83.80 91.02 87.26 90.55 77.37 86.11
SNUNet 98.50 88.61 89.38 88.99 92.37 79.24 87.37
BIT 98.68 89.43 89.65 89.54 93.02 79.86 87.51
ChangeFormer 98.95 91.83 87.31 89.52 93.51 81.66 89.28
ChangeMamba 99.12 93.40 89.04 91.30 95.42 83.99 91.54
SAM-CD 99.08 91.07 90.79 90.93 95.22 83.37 91.20
Ours 99.24 92.58 91.65 92.11 95.95 85.38 92.73
TABLE 2 Quantitative comparison of different methods on the Levir-CD + dataset. The best results are highlighted in bold.
Methods ACC (%) Pre (%) REC (%) F1 (%) mF1 (%) loU (%) mloU (%)
STANet 97.58 76.32 81.49 78.82 81.55 66.03 71.84
SNUNet 98.42 80.52 79.43 80.82 82.03 68.17 71.24
BIT 98.49 80.61 82.84 81.71 83.96 69.07 75.07
ChangeFormer 98.50 99.11 80.62 82.56 86.11 70.29 76.53
ChangeMamba 98.69 85.51 81.79 83.61 86.94 71.83 79.06
SAM-CD 98.78 87.92 85.33 86.61 91.68 75.38 82.07
Ours 99.20 88.51 86.87 87.68 93.42 76.90 85.77
TABLE 3 Quantitative comparison of different methods on the WHU-CD dataset. The best results are highlighted in bold.
Methods ACC (%) Pre (%) REC (%) F1 (%) mF1 (%) loU (%) mloU (%)
STANet 97.73 80.40 84.84 82.56 84.71 70.04 74.69
SNUNet 98.06 85.32 81.20 83.21 84.88 71.44 75.03
BIT 98.73 86.43 81.07 83.66 85.03 71.98 75.70
ChangeFormer 98.07 95.37 91.88 93.59 95.48 85.68 91.08
ChangeMamba 99.44 95.82 91.96 93.85 95.87 88.73 92.52
SAM-CD 99.38 95.93 93.17 94.53 96.97 89.28 93.81
Ours 99.59 97.56 94.39 95.95 97.67 91.04 95.18

92.11% and IoU reached 85.38%. Compared with the baseline SAM-
CD, RoCD improves F1 and IoU by approximately 1.18% and
2.01%, respectively. This indicates that the RAF and FusionR-
Decoder introduced by RoCD not only utilize the performance
of pre-trained FVMs, but also fully leverage their representational
capabilities, ensure sufficient feature interaction, and effectively
mitigate the interference of pseudo-changes on prediction
accuracy. On the LEVIR-CD+ and WHU-CD datasets, RoCD
also maintains a leading position. This performance also
demonstrates RoCD’s ability to balance global consistency and
fine-grained fidelity.

Furthermore, to more intuitively analyze the model’s
detection performance, we visualized and compared typical
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samples, as shown in Figure 4. RoCD, through the cross-
temporal information refined by differential decoding, forms a
more coherent response pattern within the target, reducing
fragmented predictions caused by insufficient interaction.
Simultaneously, the global consistency constraint and
progressive detail recovery of fusion decoding

consistency between global semantics and local boundaries,

ensure

resulting in more complete and continuous boundary

These
results further demonstrate that RoCD can

reconstruction and clearer small-scale structures.
visualization
simultaneously enhance cross-temporal feature interaction and
balance global and detailed representations, thereby improving

the discriminability and consistency of changing regions.
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FIGURE 4
Visualization results for LEVIR-CD, LEVIR-CD+, and WHU-CD. (A) Results on LEVIR-CD. (B) Results on LEVIR-CD+. (C) Results on WHU-CD. (a—f)

represent the comparison models, with the tables showing STANet, SNUNet, BIT, ChangeFormer, ChangeMamba, and SAM-CD.

GT (a) (b)

(c) (d) (e) (f)

Ours

TABLE 4 Ablation experiments on the Levir-CD dataset. The best results are highlighted in bold. In the table, F stands for FusionR-Decoder and R stands

for RAF.

T T

Baseline 99.08 91.07 90.79
Baseline + F 99.16 91.99 91.46
Baseline + R 99.12 92.07 91.32
Baseline + R + F 99.24 92.58 91.65

4.3 Ablation experiments

To evaluate the contribution of each module to the overall
performance, we conducted a step-by-step ablation study on the
LEVIR-CD dataset. As shown in Table 4, the baseline model, which
consists only of the SAM encoder and a basic decoder structure,
achieves an F1 score of 90.93% and an IoU of 83.37%. When only
the FusionR-Decoder is introduced, the model can better fuse multi-
scale information during the decoding stage, improving the F1 score
to 91.73% and the IoU to 84.72%. When only the RAF module is
added, the model effectively suppresses pseudo-changes through
differential refinement and domain adaptation, resulting in an
F1 score of 91.84% and an IoU of 85.08%. When both modules
are applied simultaneously, the performance is further enhanced,
achieving an F1 score of 92.11% and an IoU of 85.38%, which are
the best results across multiple metrics.

To intuitively demonstrate the contribution of each module,
we further provide difference visualizations computed from
binarized change masks on the LEVIR-CD dataset. As shown
in Figure 5, panel A shows the difference between the baseline
and the model with only the FusionR-Decoder, illustrating
where it alters predictions on fine-grained boundaries and
local structures. Panel B presents the difference between the
baseline and the model equipped with both RAF and the
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90.93 95.22 83.37 91.20

91.73 95.64 84.72 91.92

91.84 95.66 85.08 91.99

92.11 95.85 85.38 92.27
FusionR-Decoder, reflecting the overall effect of their

collaboration. Panel C shows the difference between the
model with both modules and the model with only the
thereby
incremental contribution of RAF in cross-temporal feature
These

observations are consistent with the quantitative ablation

FusionR-Decoder, isolating and visualizing the

refinement and suppression of spurious changes.

results reported in Table 4.

These results demonstrate that RAF and FusionR-Decoder play
complementary roles in feature refinement and multi-scale
decoding, respectively. Their combination enhances fine-grained
boundary discrimination while maintaining global consistency,
leading to more robust change detection.

5 Conclusion and future work

This paper focuses on two major challenges faced by FVMs in
the RSCD task: insufficient inter-temporal feature interaction and
the difficulty in balancing global consistency and detailed
representation. To address these shortcomings, we propose a
Feature Refinement and Fusion Decoding Framework (RoCD).
This framework introduces a feature refinement module after the
frozen FVM backbone. Through differential modeling and feature

frontiersin.org
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(A)

FIGURE 5

(B)

(C)

Qualitative ablation was performed using difference maps on the LEVIR-CD dataset. (A) is the difference map between the baseline model and the
model using only FusionR-Decoder. (B) is the difference map between the baseline model and the model using both RAF and FusionR-Decoder. (C) is the
difference map between the model using both RAF and FusionR-Decoder and the model using only FusionR-Decoder

recalibration mechanisms, it enhances the feature interaction
between the two temporal phases and effectively suppresses
spurious  changes caused by inter-domain differences.
Simultaneously, a multi-scale fusion decoding structure is
designed to recover detailed features stepwise under global
thereby

representation of global semantics and local boundaries.

consistency  constraints, achieving a  balanced

Experimental results on multiple publicly available CD
datasets demonstrate that RoCD outperforms mainstream
baseline models in key metrics such as accuracy, F1 score, and
IoU, validating its effectiveness in improving feature interaction
and optimizing multi-scale representations. Overall, RoCD
provides an effective approach to fully leveraging the potential
of FVMs in modeling spatiotemporal variations. However, RoCD
still relies on a frozen FVM backbone network; future work will
explore dynamic adaptation and multimodal fusion. We plan to
further explore its integration with large-scale prior knowledge to
expand its application potential in multimodal and cross-

regional scenarios.
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