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Keywor ds Abstract %
o Accurate change detection in remote sensing imagery requires sophisticated multi-scale temff®ral fedture
Remote Sensing; . . . . . . .
- integration and attention mechanisms. Current methods suffer from subop timal multf-scalg,infgtmation
Change Detection; utilization due to uniform attention deployment and insufficient feature discriMinability from
Attention M echanism; deterministic processing. We propose a novel framework addressing these limitatjéms, thiough two key
Siadiesite Refnomei: innovations. First, an Adaptive Scale-Context Attention module with resolutiOfizaware orchestration
i

. . strategically applies spatial attention at higher scales for precise bound lingation and channel
Multi-scale Fusion.

attention at lower scales for semantic feature selection. Second, and mo antly, we introduce a
stochastic attention refinement mechanism that revolutionizes aftentigun-based change detection by
learning adaptive modulation patterns through contextual pattern e ﬁThiS stochastic framework
employs posterior and prior distributions to model context-dependen ancement patterns, applying
learned contextual representations to dynamically calibrate ntion scores and significantly improve
feature discriminability beyond deterministic approaches. g@thod processes bi-temporal images
through dual-stream encoders, applies Adaptive Scale<€on Attention modules with stochastic
enhancement across multiple scales, and recons% nge maps through semantically -aware
upsampling. Extensive experiments on four benchmark ‘datasets demonstrate superior performance: we
achieve 93.82% F1-score on DSIFN-CD, 94.37% F re on WHU building dataset, 91.85% F1-score
on LEVIR-CD, and 76.19% F1-score on -G, while maintaining computational efficiency with
only 6.8M parameters. Comprehensive a@s udies validate the effectiveness of both resolution-
c

aware attention orchestration and stochasti cement, establishing a new paradigm for efficient and
accurate remote sensing change de‘@l.

A

1. Introduction

Change detection is a fundamental task in remot§ sensing that identifies and quantifies differences between bi-temporal
images of the same geographical area. This capab ables critical applications, including monitoring deforestation, trac king
urban expansion, assessing natural disaste , and supporting post-disaster reconstruction [1,2]. The unique requirement
to simultaneously analyze temporally sgparate ges distinguishes change detection from conventional computer vision tasks,
necessitating specialized architectural d8gigns and sophisticated fusion strategies [3].

The evolution of remote sensing @ ¢ detection has shifted from traditional statistical approaches to sophisticated deep
learning methodologies. Convoluti ral Networks (CNNs) have become the dominant framework for automatic feature
learning from raw imagery 1% offering superior capability to extract hierarchical features and capture complex spatial-
temporal patterns. However, ir reliance on local receptive fields limits handling of intricate spatial-temporal dependencies
[6]. This has driven rese ward attention mechanisms for selective feature focusing and long-range modeling, as well as
stochastic methods for and robust representations [7,8].

Attention mecha haye revolutionized change detection by enabling selective focus on semantically relevant regions
while suppressh@ nt information. Early approaches enhanced Siamese networks, such as hybrid Siamese architectures

[9] that highligh ge information, and multi-scale attention Siamese networks [10] for high-resolution detection. Attention-
integrated Sfamese U-shaped structures [11] incorporated attention into encoder-decoder frameworks for better multi-temporal
rison. anced fusion strategies include the Attention-Guided Multiscale Context Aggregation Network [12], which uses
jonal Pyramid Modules with channel-wise cross-fusion transformers, and multi-scale multi-attention mechanisms

ention. Cross-level methods like Cross-Level Attentive Feature Aggregation (CLAFA) [15] reformulate merging via
multiplicative channel and additive gated attention, while Hierarchical Attention Network (HANet) [16] integrates multiscale
features with lightweight self-attention to address pixel imbalances. Recent applications include MDANet [17] for urban change
detection with difference and attention fusion, dual-attention-guided networks [18] for spatial-channel capture, DAFNet [19] for
attention-regularized differences, and channel self-attention with generative adversarial networks [20,21].

Probabilistic and stochastic methods leverage uncertainty quantification for robust temporal comparison [22,23]. Deep
Probabilistic Change Models (DPCM) [24] provide unified probabilistic graphical modeling for various change scenarios.
Uncertainty frameworks [25] use Support Vector Machine estimates for robust detection from very high-resolution imagery.
Diffusion models like DDPM-CD [26] employ Denoising Diffusion Probabilistic Models as feature extractors, and GCD-DDPM
[27] generates change maps with variational inference. Semi-supervised approaches such as DCENet [28] incorporate Kullback-
Leibler divergence and probabilistic contrast loss for hyperspectral detection. Broader applications include EDiffSR [29] for
image super-resolution using diffusion models.
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Despite these advances, existing methods exhibit key limitations. Attention-based approaches often apply uniform strategies
across scales, failing to leverage those higherresolutions benefit from spatial attention forboundary precision, while lower scals
suit channel attention for semantic selection [12,16]. Deterministic mechanisms lack adaptive enhancement based on contextual
patterns, limiting subtle change capture [22]. Probabilistic methods focus on global enhancement or reconstruction without
integrating stochastic refinement into attention mechanisms or addressing multi-scale deployment. The direct application of
stochastic processes to attention mask refinement via contextual embeddings remains unexplored.

This study addresses these gaps by introducing two synergistic innovations: (1) an Adaptive Scale-Context Attention (ASCA)
module with resolution-aware orchestration, employing spatial attention at the three highest scales for precise boundary
localization and channelattention at the two lowest for semantic discrimination; (2) a stochastic attention refinement frame work
that learns adaptive modulation patterns through contextual pattern embedding and probabilistic inference (posterior and prior
distributions), dynamically calibrating attention scores for enhanced temporal comparison.

The main objectives are to develop and validate this framework for superior performance while maintaining effigiency.
Contributions include: ?b
1. An adaptive multi-scale context attention module with strategic deployment of spatial attention at the three ca

and channel attention at the two lowest scales, optimized for different resolution levels to maximize info

and improve detection accuracy through resolution-aware orchestration.

les
raction

2. A novel stochastic attention refinement framework that learns adaptive modulation patterns thro extual pattem
embedding, significantly improving dynamic attention calibration and discriminability for e c emporal feature
comparison through probabilistic attention mechanisms.

3.  Comprehensive experimental validation demonstrating substantialimprovements in ch accuracy across four
benchmark datasets, with detailed ablation studies confirming the effectiveness of €a ncnt while maintaining

computational efficiency.

The remainder of this paper is organized as follows: Section 2 describes the mate and methods, including the ASCA
module and stochastic refinement. Section 3 reports experimental results and comffa 's%ction 4 provides ablation studies,
and Section 5 concludes the work. &&

2. M aterials and Methods

This section presents a comprehensive framework for remote sensing tection that addresses suboptimal multi-scale
information utilization and deterministic feature discriminability othro@wo key innovations: an Adaptive Scale-Context
Attention (ASCA) module with Resolution-Aware Orchestration N tochastic Attention Refinement mechanism with
Contextual Pattern Embedding. Figure 1 presents the overall teefure. The framework consists of four interconnected

components: a dual-stream feature extraction network (S thc novel Adaptive Scale-Context Attention module that
implements Resolution-Aware Orchestration strategi nced by Stochastic Attention Refinement through the
ContextualModulationEngine. (Section 2.2), a progressiv ampling strategy that preserves both semantic coherence and

spatial precision (Section 2.3), and a classification moule that generates pixel-wise change predictions (Section 2.4).

2.1. Dual-Stream Feature Extraction Network

Our feature extraction framework builds mEf ientNetV2 [30] paradigm to the unique requirements of bi-temporal
change detection. The choice of this archi re stems from its optimal balance between parameter efficiency and

representational capacity, making it paghigularly suitable for processing high-resolution satellite imagery pairs. Its modules are
initialized with pretrained weights geNet to leverage learned low-level feature representations and accelerate

representational tasks. As il in Figure 2, the initial stages (FE;-FE;) employ Fused-MBConv blocks for efficient low-
level feature extraction, edeepeststage (FE, ) utilizes MBConv blocks to capture high-level semantic representations.
Given b1—tcmp0ra ges 19 and I with dimensions 3 X H X W, the multi-scale feature extraction process operates

convergence
Our architectural dti:signV&‘1 tes four hierarchical feature extraction stages (FE;-FE,), each optimized for specific
t

as:
FO=FE, (I Qe{1234} 0
Fl= FE( 10, ), e{l,2,3,4}

d F! represent the extracted feature maps from reference and testimages at scale k, respectively, FE, denotes
the fe ractlon operation at layer k, and 6, represents the shared learnable parameters at scale k.

2.2. 4 tive Scale-Context Attention

The Adaptive Scale-Context Attention (ASCA) module represents the core innovation of our approach, addressing the
fundamental limitations ofuniform attention deployment across resolution levels and deterministic feature processing. Figure 3
illustrates the complete ASCA architecture with dual-stream processing and contextual modulation components.

2.2.1. Stochastic Attention Refinement Framework

A fundamental challenge in change detection is achieving sufficient discriminative power in attention mechanisms to capture
subtle temporal changes and complex spatial-temporal patterns. Traditional deterministic attention approaches fail to adaptively
modulate attention scores based on contextual dependencies, limiting their effectiveness in challenging scenarios. To address
this limitation, we introduce a mnovel Stochastic Attention Refinement framework implemented through the
ContextualModulationEngine module that learns adaptive attention modulation patterns through Contextual Pattern Embedding.
2.2.2. RefinerNetwork with Enhanced Discriminability
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Our stochastic framework integrates directly with the scale-context attention mechanism through dedicated RefinerNetwork
branches that enhance input features from € X H X W to C’' X H X W, where C' = (/2 represents the output channels for each
temporal stream. These RefinerNetwork components,as shown in Figure 3, provide the foundation for stochastic modulation by
creating refined feature representations. The RefinerNetwork operations can be formulated as:

F* = RefinerNetwork , (F), k €{0,1,2,3,4}
F.* = RefinerNetwork . (F}), k {0,1,2,3,4}
where F? and F} represent the input feature maps (at the highestscale FY = I1°,and F! = I"), k is the associated scale, and
Frf and Fi*" are the refined features that serve as the basis for stochastic enhancement.
2.2.3. Contextual Pattern Embedding for Dynamic Attention Calibration
The core innovation of our approach lies in the ContextualModulationEngine module that learns adaptive modulation pattems
through Contextual Pattern Embedding rather than relying on fixed attention mechanisms. This stochastic compone dels
the attention enhancement patterns as contextual embeddings, enabling context-dependent calibration th ves
discriminative power for temporal comparison. Figure 4 provides a detailed view of the ContextualModulatiohEngine
architecture, showing the prior and posterior sampling mechanisms during training and inference.
For each temporal stream (reference and test), we estimate contextual attention modulation patterns w dicated Proj
0 gapt

@

networks (Proj modules in Figure 4). The framework employs separate prior and posterior Proj netwo ure different
aspects ofthe attention enhancement requirements. The prior projections process the original features(b

hie" = Proji” (FY) & .
hiZ = Proji (F)

During training, posterior Proj networks incorporate ground truth information for enhanced’learning, as illustrated in the
bottomsection of Figure 4:
hPst = Proj’s (Concat(F., y))

ref ref Z
post _ +post 1 ’ N (4)
hie, = Projr.; (Concat(F.,y))

test

where y represents the ground truth change mask (available during trdining)y spatially interpolated to match the feature
resolution through the Resize operation shown in Figure 4.

The ContextualModulationEngine estimates both prior and po€t ri(@ributions using a single contextual embedding per
stream, as shown in the Gaussian distribution modeling component &ure 4:

; : )
2 ~ O (2 5") = N (s, 07
2 2
2 ~ A, 21N ) =N 0,.%)
where g4 denotes the contextualembedding posterior pa terized by neural networks that compute mean and log -variance
from GlobalAveragePooling features through LinearPrj operations. Similar distributions are computed for the test stream.
2.2.4. Efficient Dynamic Attention Calibration

The estimated contextual attention pattem@e ntextualModulationEngine are applied directly to the attention scores
through a novel calibration scheme that ena adaptive attention refinement based on learned contextual patterns while
maintaining computational tractability. attention scores for the ASCA module are first computed using the AttentionHeads
applied to concatenated bi-temporal ft

A =ASCA-AttentionHeads(C@ F), ke{0,1,2,34}
A = ASCA-AttentionHeadS(€onCat(F, F/)), k €{0,1,2,3,4}
where Af and A rgp tthe base attention scores at scale k generated by the ASCA module.
The Stochastic tiemRefinement is then applied through learned modulation parameters derived from the contextual
embeddings. Durini aining,

Q)

(6)

ontextual embeddings are sampled from the posterior distribution, while during inference, the
prior mean is us

3 ma,(z|hs.,), if training
Zk ,stream = or o , (7)
' if inference

ulation parameters y and f are computed through Linear transformations of the contextual embeddings, as
illustrated in the right portion of Figure 4:

[Yk ref ' Pk ,ref] = Split(l—inear(zk ref ))

[Yk Jtest ? Bk ,test] = Split(Linear(zk ,test)) ’

where Linear denotes a linear transformation that maps the contextual embeddings to modulation parameters, and Split
divides the output into scale and bias components. The enhanced attention scores are computed through element-wise
modulation:

A=A O SOftPIUS(Y, e ) + B rer
A = A O SOMPIUS(Y, 1) + Byt

where © denotes element-wise multiplication, Softplus(-) ensures positive scaling factors, and A" and A% represent the
stochastically enhanced attention scores.

®

©
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2.2.5 Resolution-Aware Orchestration.
Standard attention mechanisms in change detection typically employ uniform attention strategies across different scales, failing
to leverage the distinct characteristics and requirements of different resolution levels. To address this limitation, we introduce a
Resolution-Aware Orchestration strategy through specialized ASCA -AttentionHeads.
At higher scales (scales 0, 1, 2), we deploy spatial attention (1 X H X W) to achieve precise boundary localization (ASCA -
S), while at lower scales (scales 3, 4), we employ channel attention (C X 1 X 1) to enhance semantic feature discrimination
(ASCA-C):
A AP = ASCA-S(Concat(FS,F)), k €{0,1,2}
A A = ASCA-C(Concat(F°,F})), k e{3.4}
The stochastic refinement is then applied to these resolution-aware attention scores. This strategic deployment maximizes

information extraction efficiency at each resolution level: spatial attention at higher scales enables precise boundary detec tion
by focusing on spatially relevant regions, while channel attention at lower scales enhances semantic discrimination b =@'» ing
q@g 7 2

(10)

the most informative feature channels. The enhanced attention masks are then applied to the refined featuregthr ent -

wise multiplication:

Fenhanced,ref -F ref QA'ref k E{O 123 4} ,\(
k Tk k 1 yhy 459, 0

: | (11)
ernhanced,test — Fktest 0] A ktest, k E{O,l, 2,3, 4}

outputs in Figure 3.

where F]:nhanced,ref and F;nhanced,tesl are the final enhanced feature maps produced by the A& dule, as shown by the final
2.2.6 Training Objective with Stochastic Regularization.

To ensure proper learning of adaptive attention modulation patterns in the ContextualM onEngine, we introduce a training
objective that combines the primary change detection loss with stochastic regul w uring training, the model optimize s
the primary change detection loss alongside a Kullback-Leibler (KL) divergen% at regularizes the contextual attention

modulation distributions:
[mtal = Echange + ﬁEKL + j'ﬁt‘nod
’CKL = ZI:KL(q¢(Zk,ref | h?e[ft) " q¢(zk,ref | hEeF;OI')) e @

k

(12)

Loy =2 (17 15 +1 By, 12)

k,s

KL 2 [N 1 Gy By [DEED ] : ( :\;

where Lyane 18 the primary change detection losg (Binary Cross Entropy), f is the KL weighting factor that controls the

strength of stochastic regularization, k indexes t ‘A modules, s € {refitest} indexes the temporal streams, and A is the
modulation regularization weight.
The KL regularization ensures that the % attention modulation distributions remain well-behaved and do not deviate

excessively from the prior.
2.3. Progressive Upsampling with M @ ttle Fusion

Our upsampling approach addres@e critical challenge of preserving both semantic coherence and spatial precision during
feature map reconstruction. fhe egy combines multi-scale information through carefully designed fusion operations,
ensuring that the enhanced ures from our ASCA modules are effectively propagated to the final resolution.

Atthe deepestscale @ dule processes enhanced feature maps from the ContextualModulationEngine independently. As
processing advances iglier scales, upsampled features from lower scales are strategically concatenated with same-scale
enhanced features: igg inCreasingly rich representations. As illustrated in Figure 5, the progressive upsampling architecture

operates throughlmultiple stages with feature fusion at each level.

Formallyele € RHWikXCk denote the enhanced feature map at scale k after ASCA processing. The progressive
upsampling \progess operates as:
Fy pler(F;; @,)

F.% XUpsampler(Concat(F™*,F, ,);e,), k e{3,2,1} (1)
where Upsampler(-) represents the upsampling operation with learnable parameters w,, Concat performs channel-wise
concatenation of features, and Fy, _; denotes the enhanced feature map at scale k — 1 after stochastic refinement processing.
The Upsampler module, as detailed in the Figure 5, comprises three synergistic stages. The initial stage employs bilinear
upsampling to increase the spatial resolution of input feature maps while preserving spatial relationships. This standard
interpolation method provides a stable foundation for subsequent processing stages. The second stage implements an enhanced
residual architecture that facilitates gradient flow while computing enriched feature representations. The residual block contains
two parallel paths:the main path processes feature through Conv3x3 — BN+ReLU — Conv3x3 operations (shown as "Residual
x2" in the figure), while the skip connection uses Conv1x1 for dimension alignment:
F = BN(G(CO”V3X3(BN(O'(C0nV3X3 (Fupsampled ))))))

, 14
+ BN (U(CO”VM (Fupsampled ))) ( )

residual
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where o denotes the PReLU activation function, and f; represent batch normalization parameters.
The final stageutilizes the Channel-Wise Enhancement module (shown in the upper right of Figure 5) to extract additional
discriminative information through adaptive channel attention. This module employs global average pooling followed by linear
transformations to compute channel-wise attention weights:

Fre5| ual (I J C)
ZZ - (15)
z, = o-s(Llnear2 (o, (Linear,(s, W, )W, )))

where s, represents global average pooling for channel c, Linear; and Linear, are linear layers with weights W; and W, , g,
denotes ReLU activation, and o, represents sigmoid activation. The enhanced output is computed as:

Fenhanced (I ) J ’C) =7 Fresidual (I ! J ’C) > (16)
2.4. Classifier Q
After obtaining the final upsampled feature map, we combine the features extracted directly from bi- temporal gthe
ASCA module Fy of size C; X H x W with the upsampled feature map F UPof size C,xHXW. The peration
concatenates these feature maps along the channeldimension, resulting in the final feature map:

Fi.a = Concatenate(F, , F) ), (17)

where F;,,; € REH*W s the fused feature map with C = C; + C,. This fusion ensures tha 1gh-level semantic
information (from the upsampled feature map) and enhanced low-level spatial details (from thg ASCA le) are preserved for

subsequent classification.

The next stage employs a pixel-wise classifier network to generate the final change map predietions. This network consists
of three sequential convolutional layers, each utilizing 1 X 1 kernels to perform channelayise transformations. The architecture
of'the classifier canbe expressed as: 2&

CM = o(Conv, (PReLU(Conv, (PReLU(Conv, (F,..,)))))) . Q (18)

Where Conv;, Conv,, and Conv; represent 1 X 1 convolutional layers rmable parameters. PReLU denotes the
Parametric ReLU activation function. o is the Sigmoid activation function.

2.5. Loss Function

Our framework employs a multi-component loss function thatbalanc @te change detection with proper stochastic attention
refinement learning through the ContextualModulationEngine. trajiiing objective consists of three primary components:
binary cross-entropy for pixel-level supervision, KL r n@ for attention modulation, and modulation parameter
regularization.

The primary supervision is provided through binary cross£ntropy (BCE) loss, which measures the pixel-wise agreement
between predicted change probabilities and ground trugh labels:

Lyee == 21y, 10g(9,) + @~y logt-y 19

where N represents the total number of p y; € {0,1} denotes the ground truth change label for pixel i, andy; € [0,1]
represents the predicted probability fof fixel i being changed.

As detailed in the Stochastic Aff Refinement framework, the complete loss formulation incorporates both KL
divergence regularization for the oxtwdl Pattern Embedding and modulation parameter regularization:

‘Ctotal ‘CBCE + ﬂ‘CKL + ﬂ’Lmod
[’K Z KL(q¢(Zk ref |hpOSI k ref |hfe:;or))

+ KL(q (Zk Jtest | Zk test |hpr|0r ’

test
" Tk s‘ : )

where e KL weighting factor that controls the strength of Stochastic Attention Refinement regularization, A is the
a I arization weight, k indexes the attention modules across scales, s € {ref,test} indexes the temporal streams,
qe(z W"‘ epresents the posterior distribution conditioned on features and ground truth labels through Contextual Pattern

(20)

Embedding, de (z|hpri°r) represents the prior distribution, and y,, ¢, B s represent the modulation parameters for each scale and
stream generated by the ContextualModulationEngine module.

The KL regularization ensures that the learned attention modulation distributions through Dynamic Attention Calibration
remain well-behaved and do not deviate excessively from the prior, which is crucial for maintaining meaningful adaptive
attention enhancement while preventing overfitting in the Resolution-Aware Orchestration mechanism. The modulation
parameter regularization term L4 prevents excessive parameter magnitudes in the Stochastic Attention Refinement mechanism,
ensuring stable training and improved generalization.

3. Results and Dis cussions

This section presents a comprehensive experimental evaluation of our proposed change detection framework, encompassing
datasets, evaluation metrics, experimental settings,and detailed comparisons with state-of-the-art methods.

3.1. Datasets
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We evaluate our method on four widely used public datasets that represent diverse change detection scenarios:

The DSIFN-CD dataset is a challenging binary change detection dataset that includes six pairs of high-resolution (2m)
satellite images from six major cities in China, capturing a wide range of land-cover changes, such as those caused by natural
disasters and urban development projects [31]. Following standard practice, 14400, 1360, and 192 cropped 256x256 image
patches are used for training, validation, and testing, respectively.

The WHU building dataset consists ofa single pair of high-resolution (0.075m) aerial images depicting a large urban area
with complex building changes [32]. As the dataset does notprovide predefined splits, the 256x256 cropped patches are randomly
divided into 5947, 743, and 744 pairs for training, validation, and testing, respectively, ensuring unbiased evaluation of model
generalization performance.

The LEVIR-CD dataset is a large-scale building change detection dataset containing 637 pairs of high-resolution (0.5m)
satellite images that capture various building-related changes, including construction, demolition, and renovation [21]. The
original dataset splits are used, and images are resized to 256x256 patches to maintain consistency across allexperimen

The MSRS-CD datasetis a multi-scale remote sensing change detection dataset consisting of 842 pairs of high- on
(0.5m) satellite images sized 1024x1024, capturing changes such as new buildings, suburban expansion, vegetatio a ,and
road construction [33]. It is divided into training, validation, and testsets ina 7:1:2 ratio. To validate multi—sczﬂ C flities, we
use the original 1024x1024 images without cropping. N

3.2. Evaluation Metrics

Five standard evaluation metrics are employed to comprehensively assess the performance of the pfto, change detection
model: Overall Accuracy (OA), Precision (Pr), Recall (Re), F1-Score, and Intersection over Union((ToU)/defined as follows:
TP +TN

“TP+FP +TN +FN

op_ TP
TP +FP '&

Re = L &
TP +FN
F1-Score = 2. R
Pr+Re PY
oU—— 1P A
TP +FP +FN s )

In these equations, TP (True Positive), TN (True Negafive alse Positive), and FN (False Negative) denote the number
of correctly predicted changed pixels, correctly predicted anged pixels, incorrectly predicted changed pixels, and incorrectly
predicted unchanged pixels, respectively.

Consistent with standard practice, a threshold ofQ.5 is applied to the probabilistic output to generate binary change maps.
These maps are then compared against the groun sing the aforementioned metrics.

@

3.3. Experimental Setup

To ensure fair comparison with existi metho;, all images are partitioned into non-overlapping 256 X 256 patches. Data
augmentation techniques including r: horizontal and vertical flipping, random rotation, and random perturbations to
brightness and contrast are applied emodel generalizability while maintaining label consistency.

Model training is conducted@t e AdamW optimizer [34] with an initial learning rate of 0.0001, following a cosine
annealing scheduler [35] thatdgcri sto 1e — 9. Each model is trained for 100 epochs with batch size 16. For the MSRS-CD
dataset,due to GPU constyi ith larger 1024x1024 images, we used batch size 8 with gradient accumulation to simulate an
effective larger batch si KL regularization weight S for Stochastic Attention Refinement and the modulation parameter
regularization weigh amic Attention Calibration are setto 0.001 and le-5 for all experiments, respectively. Model
selection is based idation F1-Score, with the best-performing model evaluated on held-out test data.

To evaluate @utational efficiency in terms of the inference time, we measured them for most baseline methods using
their officia ntations on an NVIDIA T4 GPU. The measurements were conducted with varying batch sizes on
256%256%3 @patches. For HSSENet [9] and RISNet [36], inference times are as reported in their original papers (per patch
atba

3.4. ipdrison with State-of-the-Art Methods

We evaluate our approach against ten representative state-of-the-art methods spanning diverse architectural paradigms:
DTCDSSCN [37], ChangeFormer [38], BIT-CD [6], [FNet [31], SNUNet [39], HSSENet [9], TinyCD [40], S?CD [41], RISNet
[36], and MSNet [33]. These methods encompass CNN-based, Transformer-based, and hybrid architectures with various
attention mechanisms, providing comprehensive coverage of current change detection approaches.

Our method achieves superior performance across all four benchmark datasets, demonstrated in Tables 1, 2, 3, and 4. On
DSIFN-CD, we achieve an Fl-score of 93.82%, surpassing the previous best method (HSSENet) by 2.65%. The IoU
improvement is even more substantialat 4.59%, demonstrating enhanced spatial accuracy. On the WHU dataset, our approach
achieves 94.37% Fl-score, outperforming the second-best method (RISNet) by 2.46%. On LEVIR-CD, while the improvements
are more modest, we still achieve consistent gains across all metrics, with Fl-score reaching 91.85% compared to RISNet’s
91.74%. On MSRS-CD, which specifically tests multi-scale feature handling, our method achieves 76.19% Fl-score,
outperforming MSNet (75.74%) and baselines like BIT-CD (74.11%) and ChangeFormer (71.65%), verifying strong multi-scale
capabilities.
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The superiorperformance can be attributed to our dual innovations. Our Resolution-Aware Orchestration strategy within the
ASCA module optimally utilizes spatial attention at higher scales for precise boundary delineation and channelattention at lower
scales for semantic discrimination. This targeted approach addresses the fundamental limitation of uniform attention deployment
in existing methods, which fail to account for the different computational requirements at various feature scales. Meanwhile, our
Stochastic Attention Refinement framework through the ContextualModulationEngine module adaptively modulates attention
scores based on learned Contextual Pattern Embedding, providing significant improvements in discriminative power compared
to the deterministic attention mechanisms employed in competing approaches.

3.5. Computational Efficiency Analysis

To validate the practical applicability of our approach, we analyze the trade-off between computational complexity and
performance. Table 5 compares parameter efficiency, computational overhead, and inference time across state-of-the-art
methods.

Our method demonstrates exceptional computational efficiency, requiring only 6.8M parameters and 11.04 GFL@M
16.33 ms inference time while delivering state-of-the-art performance. This represents a remarkable efficiency gai dto
heavyweight methods like ChangeFormer (42.02M parameters, 202.87 GFLOPs, 74.46 ms) and IFNet (5077 meters,
41.18 GFLOPs, 36.44 ms), which achieve significantly lower accuracy. Even compared to HSSENet, which réguires 10.95M
parameters, 17.14 GFLOPs, and 13.03 ms inference time, our approach achieves superior performanfeNwith 40% fewer
parameters, 36% lower computational cost,and comparable inference time.

Furthermore, while ultra-light models like RISNet (9.69 ms) and TinyCD (6.93 ms) offer faster, essing, they lag in
accuracy by 2-20% on key datasets. Our 16.33 ms inference time strikes an optimal balance, g 2Ax faster than heavier
baselines like ChangeFormer and [FNet, and comparable to HSSENet, yetdelivering the hi; F res (93.82% on DSIFN -
CD and 94.37% on WHU).

The efficiency stems from our strategic architectural design. The EfﬁcientNet%—base backbone provides optimal

parameter utilization, while our Resolution-Aware Orchestration within the AS@A focuses computational resources
where they yield maximum benefit. Our Stochastic Attention Refinement thro h& textualModulationEngine module,
despite its sophistication, introduces minimal overhead dueto its efficient Context@al Pattern Embedding formulation and direct
Dynamic Attention Calibration approach. This combination enables opti lafice between accuracy and computational
tractability, making the method highly suitable for practical deployment scw

3.6. Qualitative Analysis PY @

The qualitative evaluation demonstrates the effectiveness of ASCA ule across diverse change detection scenarios. Figures
6, 7, 8, and 9 present visualizations of our model’s perfo nc@D IFN-CD, WHU building, LEVIR-CD, and MSRS-CD
datasets, respectively.

Our model exhibits superior performance in detectin btle and significant structural modifications compared to state-
of-the-art methods. The reference and test attention masks g ated at the highest scale (rightmost columns) reveal the model’s
capability to identify general structural patterns and edge information through Dynamic Attention Calibration. Despite the limited
parameter count of the ASCA layer at this sc e attention masks demonstrate effective edge detection capabilities,
consistently highlighting building boundari ructpral elements across all datasets.

The attention mechanism exhibits gewres onses to structural elements, which aligns with our framework where
highest-scale attention performs bro dge detection and general change pattern identification. The visualizations show
consistent activation along building b ies in DSIFN-CD, structural edges in WHU building dataset and MSRS-CD, and
residential perimeters in LEVIR-C ing the discriminative power of our Stochastic Attention Refinement. This general
edge detection approach thrqu e LContextualModulationEngine module provides substantial advancement over p revious
methods, as evidenced by the erfor change detection accuracy across diverse scenarios.

To complement the itatie results, Figure 10 provides side-by-side visualizations of predicted change maps from our
method and baseline mo lowing qualitative assessment of boundary precision, small object detection, and robustness to
noise. For instance, i featuring small building clusters and residential areas, ourmodel excels in small object detection
by capturing sub s as true positives with minimal false negatives. Similarly, (b) and (h) with linear structures and larger
buildings highli@lperior boundary precision through sharper, aligned edges via the ASCA module, while demonstrating

robustness Q

4. A i dy
duct comprehensive ablation studies to validate the effectiveness of our key innovations and design choices. The studies
ically analyze: (1) Resolution-Aware Orchestration deployment strategies within the ASCA module, (2) Stochastic

Attention Refinement modulation schemes through the ContextualModulationEngine module, (3) the impact of KL divergence
regularization weight § on Dynamic Attention Calibration performance.

mental noise like shadows orterrain artifacts that plague methods like IFNet.

4.1. Resolution-Aware Orchestration Deployment Analysis

To validate the Resolution-Aware Orchestration strategy within the Adaptive Scale-Context Attention module, we evaluate
different attention configurations across the five scales of the proposed architecture. Our core hypothesis posits that spatial
attention at higher scales optimizes boundary detection while channel attention at lower resolutions enhances semantic feature
discrimination through the ContextualModulationEngine module. Since exhaustive evaluation of all 32 possible combinations
would be computationally prohibitive, we focus on six strategic configurations that test this fundamental premise.

We evaluate: (1) spatial attention at all scales (Spatial-all), (2) channel attention at all scales (Channel-all), (3) spatial
attention at 2 highest scales with channel attention at 3 lowest scales (Spatial2-Channel3), (4) spatial attention at 3 highest scalks
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with channel attention at 2 lowest scales (Spatial3-Channel2), (5) channel attention at 3 highest scales with spatial attention at 2
lowest scales (Channel3-Spatial2), and (6) channel attention at 2 highest scales with spatial attention at 3 lowest scalks
(Channel2-Spatial3).

The results in Table 6 provide strong empirical validation of our design hypothesis. Our proposed Spatial3-Channel2
configuration within the ASCA module achieves superior performance across both datasets: 93.82% F1 on DSIFN-CD and
94.37% F1 on WHU-CD, representing consistentimprovements 0f0.44-0.98 percentage points overalternativs. The performance
differential between uniform attention strategies (Spatial-all: 93.13%, Channel-all: 93.38%) and our Resolution-Aware
Orchestration approach demonstrates that neither pure spatial nor pure channel attention is optimal across all scales.

Key findings validate our theoretical framework: (1) the poor performance of Channel2-Spatial3 (92.84% F1 on DSIFN-
CD) compared to our approach confirms that misaligned Resolution-Aware Orchestration deployment within the ASCA module
significantly degrades performance; (2) the comparison between Spatial2-Channel3 (93.35%) and Spatial3-Channel2 (93.82%)
reveals thatthe optimal transition from spatial to channel attention occurs at scale 3; (3) consistent results across both deatasets
demonstrate the generalizability of our Resolution-Aware Orchestration strategy, with ToU improvements (88.36% v%%
for second-best on DSIFN-CD) confirming enhanced boundary delineation capabilities through Dynamic Attentio@ tion.

4.2. Stochastic Attention Refinement Modulation Analysis

To validate the Stochastic Attention Refinement framework within the ASCA, we compare different a n strategies
focusing on distribution choice (single vs. dual) and modulation target (features vs. attention score e evaluate five
approaches: (1) no modulation baseline, (2) single distribution feature modulation, (3) dual distributi re modulation, (4)
dual distributions attention modulation, and (5) our proposed single distribution attention modulatidn .

For dual distribution feature modulation, separate scale and bias contextual embeddi med through Contextual
Pattern Embedding:
uk stream q¢(u | hs[rrgm) = N(uu '65) % (22)

) 5 )

Sk ,stream - q¢(s | hstrrgm) = N(u’s ’0-32)

The feature modulation is applied as:

Yk ,stream = Linear(sk ,stream)
Bk ,stream = Linear(uk stream) (23)
4" = InstanceNorm(F, ™) © Softplus (¥, gweam) + By sveam @

Where stream is either ref or test.

The same dual distribution modulation can be a tentlon scores within the ASCA module through the
ContextualModulationEngine.

Our proposed single distribution attention modulation usesa unified contextual embedding per stream through Contextual
Pattern Embedding:

- prior 2
Zk ,stream q¢ (Z | hstream) N (ustream ' stream

[Yk stream'Bk strearn] Spllt(l—lnear(zk ,Stream ))
The results in Table 7 demonstratgthat oulptoposed single distribution attention modulation through Dynamic Attention

24)

odulationEngine module integrated with the ASCA architecture; (2) attention score
modulation consistently outp) eature modulation, confirming that directly modulating attention mechanisms through
Dynamic Attention Calibra 'hin the ASCA module is more effective than modifying intermediate features; (3) single
superior performance compared to dual distribution methods, indicating that unified contextual
embeddings through
modeling.

4.3. KL Divergefice Regularization Weight Analysis

To determir:@optimal KL divergence regularization weight  in the Stochastic Attention Refinement framework within the

mod e conducta systematic evaluation across different regularization strengths. The regularization weight controk
the V@ stween change detection performance and the constraint on learned contextual embedding distributions through the
ConteXfualModulationEngine module, ensuring they remain well-calibrated while providing sufficient flexibility for Dynamic
Attentin Calibration.

We evaluate four different £ values: no regularization (f = 0), weak regularization (f = 0.0001), moderate regularization
(B = 0.001), and strong regularization (f = 0.01). Each configuration is tested on both DSIFN-CD and WHU-CD datasets to
assess the generalizability of our findings.

The results in Table 8 reveal that § = 0.001 achieves optimal performance with 93.82% F1 on DSIFN-CD and 94.37% on
WHU-CD. Key observations include: (1) without regularization (S = 0), the model achieves reasonable performance but fails
to fully exploit Stochastic Attention Refinement due to unconstrained contextual embedding distributions in the
ContextualModulationEngine module; (2) weak regularization (f = 0.0001) provides modest improvement by introducing mild
constraints on the learned distributions through Contextual Pattern Embedding; (3) moderate regularization (S = 0.001)
achieves the optimal balance, allowing sufficient flexibility for Dynamic Attention Calibration within the ASCA module while
maintaining well-calibrated distributions; (4) strong regularization (f = 0.01) degrades performance by overly constraining the
contextual embedding distributions, limiting the model’s capacity to learn effective attention enhancement patterns through the
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ContextualModulationEngine module. The optimal f = 0.001 ensures that learned contextual embedding distributions remain
close to the prior while providing adequate degrees of freedom for context-dependent Dynamic Attention Calibration within the
ASCA architecture.

5. Conclusion

In In this paper, we proposed a novel framework for remote sensing change detection that overcomes two key limitations of
existing methods: suboptimal multi-scale information utilization and deterministic feature discriminability. Our approach
introduces two complementary innovations: an Adaptive Scale-Context Attention (ASCA) module with Resolution-Aware
Orchestration and a Stochastic Attention Refinement mechanism via Contextual Pattern Embedding. The ASCA module
strategically applies spatial attention at higher resolutions for precise boundary delineation and channel-wise attention aglower
resolutions for robust semantic selection, enhanced by Dynamic Attention Calibration. The Stochastic Attention Re%\t,
implemented through the ContextualModulationEngine, adaptively modulates attention scores based on learngd™c xtual
dependencies, significantly outperforming deterministic alternatives. e

Extensive experiments on four public datasets (DSIFN-CD, WHU building dataset, LEVIR-CD %MSRS-CD)
demonstrate that our method achieves state-of-the-art performance in Fl-score, IoU, and overall accugdcy,Wwhile remaining
computationally efficient. Ablation studies confirm the individual contributions of Resolution - I chestration and
Stochastic Attention Refinement to improved detection accuracy. These results underscore the valu ?@tive, context-aware
attention mechanisms in advancing remote sensing change detection. &
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Figure. 1. Overall architecture of the proposed change detection framework. The dual- stream e ocesses bi-temporal
images (1°, I) through shared feature extraction blocks (FE,-FE,) at multiple scales (S-S, ive Scale-Context Attention
modules implement Resolution-Aware Orchestration (ASCA-S for spatial attention, ASC r channel-wise attention)

enhanced by Stochastic Attention Refinement through the Contextua]ModulatlonEngme followed by progressive upsampling
(UP) and final classification (CLS) to produce change maps (CM).

Figure. 2. Architecture of the dual-stream feature extraction network showing the four hlcal stages FE,-FE, .

Figure. 3. Architecture of the ASCA-C module showing the dual-stream ﬁpg with ReﬁnerNetwork components,
ContextualModulationEngine, and AttentionHeads. The architecture proces nce and test features through parallel
streams, applying contextual modulation and dynamic attention calibration e enhanced feature representations.
Figure. 4. Detailed architecture of the ContextualModulationEngine s i e dual-mode operation: (top) prior sampling
during inference using feature projections, and (bottom) postetior @mg during training incorporating ground truth
information. The module generates contextual embeddings through n distributions and produces modulation parameters
y and S for dynamic attention calibration.

Figure. 5. Progressive upsampling architecture with multieScale jon. The diagram shows the complete upsampling pipeline
from the deepest feature maps (C, X H/16 X W /16) en y the ContextualModulationEngine to the final output (C, X
H x W).

Figure. 6. Visualization of ourmodel performance on®SIFN-CD dataset. From left to right: reference image, testimage, ground
truth, prediction with classification results, refere ention mask, and test attention mask generated at highest scale.

Figure. 7. Visualization of our model perfy on WHU building dataset. From left to right: reference image, test image,
ground truth, prediction with classification @efe nce attention mask, and test attention mask generated at highest scale.
Figure. 8. Visualization of our model ormanc€ on LEVIR-CD dataset. From left to right: reference image, test image, ground
truth, prediction with classification res ference attention mask, and test attention mask generated at highestscale.

Figure. 9. Visualization of our mo nce on MSRSCD dataset. From left to right: reference image, testimage, ground
truth, prediction with cla551f'1cat10 eshlts, reference attention mask, and test attention mask generated at highest scale.

Figure. 10. Visualization res baselines and our model tested on the LEVIR-CD dataset. Where white, green, red, and
black, respectively, repres osmve, false negative, false positive, and true negative. Figures (a)—(h) display the detection
results on the LEVIR-CD

Table 1. Comparl e proposed method with state-of-the-art methods on DSIFN-CD dataset.

Table 2. Compa son Jof the proposed method with state-of-the-art methods on WHU building dataset.

Table 3. Co of the proposed method with state-of-the-art methods on LEVIR-CD dataset.

Table 4. Co on of'the proposed method with state-of-the-art methods on MSRS-CD dataset.

rameter efficiency versus F1-Score comparison among state-of-the-art methods.

ZAblation study on Resolution-Aware Orchestration deployment configurations within the ASCA module.

Ablation study on Stochastic Attention Refinement modulation schemes through the ContextualModulationEngine
module within the ASCA architecture.

Table 8. Ablation study on KL divergence regularization weight S.
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Tables

Table 1

Proo Re% F1% IoU% OA%

CN [37] 86.99 89.15 87.15 77.10  95.60
Former [38] 89.90 86.01 8791 7843 9598

IT-CD [6] 8144 7438 77.75 63.59 92.77

IFNet [31] 91.27 80.99 80.99 75.17 95.45

SNUNet [39] 89.21 87.06 88.13 78.77 96.01

HSSENet [9] 9252 89.86 91.17 83.77 97.04

@ TinyCD [40] 72.07 75.44 7372 58.38 90.86

S2CD [41] 82.31 88.14 84.13 7257 94.34

Q RISNet [36] 88.29 89.32 88.81 79.86 92.77

‘ ) Ours 92.77 9490 9382 88.36 97.88
Table 2

Method Prdo Re% F1% IloU% OA%

DTCDSSCN [37] 93.35 86.82 89.97 8176  99.23
ChangeFormer [38] 91.74 84.66 88.06 78.66 99.09
BIT-CD [6] 88.99 8899 86.81 76.69  98.93
IFNet [31] 90.62 88.75 89.67 8127  99.19
SNUNet [39] 90.04 86.42 8820 78.89  99.08
HSSENet [9] 9456 88.73 9155 8442  99.35
TinyCD [40] 91.72 9176 91.74 8474  99.34

S2CD [41] 92.45 88.74 90.19 82.13 99.27

RISNet [36] 9233 9149 9191 85.03 99.47

Ours 95.67 93.11 9437 89.35 99.56
Table 3

Method Proo Re% F1% I1oU% OA%

DTCDSSCN [37] 9158 88.82 90.18 8212  99.02
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Method Pr% Re% F1% IoU% OA%

ChangeFormer [38] 90.80 8856 89.67 81.27  98.96

BIT-CD [6] 9234 87.71 89.96 8176  99.00

IFNet [31] 91.78 89.75 90.61 82.84  99.06

SNUNet [39] 91.92 89.98 90.94 8338  99.09

HSSENet [9] 92.63 90.35 9148 8429 99.14

TinyCD [40] 92.68 89.47 91.05 8357  99.10

S2CD [41] 92.12 89.08 90.58 82.78  99.06

RISNet [36] 9266 90.83 91.74 8473  99.25

Ours 92.72 9099 9185 8492  99.18

Table 4

Method Proo Re% F1% IloU% OA%

ChangeFormer [38] 7091 72.01 71.65 55.83 91.66

BIT-CD [6] 7550 72.60 7411 5893 91.83

M SNet [33] 76.79 7473 7574 59.80  93.03 ‘ )
Ours 76.65 7573 76.19 6154  93.05 ,\(
Table 5
Param Inference F1 (%) Fl (%)
Method (M) GFLOPs Time (ms) (DSIFN)
DTCDSSCN [37] 41.07 7.21 12.58 87.15
ChangeFormer [38] 42.02 202.87 74.46 87.91 88.
BIT-CD [6] 3.55 4.35 8.83 77.75 781
IFNet [31] 50.71 41.18 36.44 ° 80% 89.67
SNUNet [39] 12.03 27.44 32.76 1 88.20
HSSENet [9] 10.95 17.14 13.03 7 91.55
TinyCD [40] 0.28 1.45 6. 930 73.72 91.74
S2CD [41] 3.22 9.26 . 84.13 90.19
RISNet [36] 11.7 26.35 88.81 91.91
Ours 6.8 &‘ ) 93.82 94.37
Configuration WHU
fl/ lo /OA (%) F1/ loU / OA (%)

Spatial-all .13/87.15/97.59 94.20/89.04 / 99.55

Channel-all 8/87.59/97.72 94.23/89.10/ 99.55

Spatial2-Ch @ 9385 /87.52/97.68  93.66 /88.08 / 99.50

Spatial3- Chan 93.82/88.36/97.88 94.37/89.35/ 99.56

Channglg-Spatial2  93.48/87.76/ 97.74 94.20/89.03 / 99.55

Cha patial3  92.84/86.63/97.48 94.21/89.05/99.55

@ Table 7
K ation Strategy DSIFN-CDF1 (%) WHU-CD F1 (%)
No Modulation 93.37 93.89
Single Dist. + Feat. Mod. 92.83 94.05
Dual Dist. + Feat. Mod. 92.76 94.12
@ Dual Dist. + Attn. Mod. 93.39 94.20
ingle Dist.+ Attn. Mod. (Ours) 93.82 94.37
O Table 8
‘ ) B Value DSIFN-CDF1 (%) WHU-CD F1 (%)
0.0 80.26 93.99
0.0001 92.90 94.15
0.001 93.82 94.37
0.01 93.46 93.95
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