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Abstract

Change detection (CD) holds significant implications for
Earth observation, in which pseudo-changes between
bitemporal images induced by imaging environmental fac-
tors are key challenges. Existing methods mainly regard
pseudo-changes as a kind of style shift and alleviate it
by transforming bitemporal images into the same style us-
ing generative adversarial networks (GANs). Neverthe-
less, their efforts are limited by the complexity of optimiz-
ing GANs and the absence of guidance from physical prop-
erties. This paper finds that the spectrum transformation
(ST) has the potential to mitigate pseudo-changes by align-
ing in the frequency domain carrying the style. However,
the benefit of ST is largely constrained by two drawbacks:
1) limited transformation space and 2) inefficient param-
eter search. To address these limitations, we propose a
Feature Spectrum learning (FeaSpect) that adaptively elim-
inate pseudo-changes in the latent space. For the draw-
back 1), FeaSpect directs the transformation towards style-
aligned discriminative features via feature spectrum trans-
formation (FST). For the drawback 2), FeaSpect allows FST
to be trainable, efficiently discovering optimal parameters
via extraction box with adaptive attention and extraction
box with learnable strides. Extensive experiments on chal-
lenging datasets demonstrate that our method remarkably
outperforms existing methods and achieves a commendable
trade-off between accuracy and efficiency. Importantly,
our method can be easily injected into other frameworks,
achieving consistent improvements.

1. Introduction

As one of the fundamental Earth observation tasks, change
detection (CD) utilizes bitemporal remote sensing data to
achieve dynamic understanding of the Earth’s surface and
provides pixel-wise ground object change maps for land use
survey, urban expansion, and ecological environment mon-

* Equal contribution. B Co-corresponding author.

itoring [4, 17, 25–27, 42, 43, 49, 55–58]. Driven by deep
learning (DL) and dominated by the siamese structure [3],
change detection has gained tremendous progress in recent
years [1, 31].

Nevertheless, challenges persist in handling pseudo-
changes between bitemporal images induced by variations
in the imaging environment (sun elevations or seasons)
[8, 23, 48, 60], as shown in Fig. 1(a). This issue sig-
nificantly hampers the network’s ability to accurately rec-
ognize actually changed pixels. The fundamental cause
of pseudo-changes is the disagreement between sensor-
measured values and the object’s spectral reflectance and ra-
diance [13, 41], i.e., spectral shift. Existing transformation-
based methods regard this spectral shift as essentially anal-
ogous to a visual appearance or style shift. These meth-
ods alleviate this issue mainly by leveraging generative ad-
versarial networks (GANs) to transform bitemporal image
styles into the same one [14, 15, 32]. However, these ef-
forts are limited by the complexity of optimizing GANs and
the absence of guidance from physical properties, leading
to transformed images susceptible to distortion from arti-
facts (See the orange rectangles in Fig. 1(b)). Inspired by
the recently proven effective spectrum transformation (ST),
a frequency-domain carrying style-oriented style alignment
method [46], we explore its potential application for the first
time in the CD task to mitigate pseudo-changes. We de-
ploy the ST to the CD task by replacing the low-frequency
(cropped with fixed extraction box) Fourier amplitude spec-
trum of an image with that of its paired image. Compared
with GANs, ST attains better visual consistency with tar-
geted low-level statistics (See Fig. 1(c)) and yields more
accurate detection performance (See Table 3).

However, as shown in Fig. 1(d), there have two draw-
backs: 1) Limited Transformation Space. The transfor-
mation space of ST aims for visual consistency of im-
ages, while the optimization space for high-level perception
tasks focuses on extracting discriminative features of im-
ages. This mismatched learning goal causes the feature to
lose essential semantic information (See the pink rectangles
in Fig. 1(a)-(c)), consequently diminishing discriminabil-
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Figure 1. (a) Illustration of pseudo-change. (b) Style-aligned images obtained by GANs. (c) Style-aligned images obtained by spectrum
transformation (ST). (d) Illustration of two drawbacks of ST. (e) Illustration of our FeaSpect solving these two drawbacks.

ity. 2) Inefficient Parameter Search. The hyper-parameter
of the fixed extraction box in ST, i.e., the non-differentiable
stride, necessitates cross-validation to identify its optimal
value. This empirical manual search in a gigantic search
space hinders efficient discovery of optimal values, leading
to imprecise style shielding.

This paper aims to tackle the above two drawbacks of
the ST, unlocking its promising potential in the CD. To this
end, we present a Feature Spectrum learning (FeaSpect)
approach (See Fig. 1(e)), aiming to enable the model to
adaptively eliminate the style differences in the latent space.
Based on the identified challenges, i.e., how to matched
transform and how to efficient search, we proceed as fol-
lows: For the former, we formulate the ST into the feature
space to align the styles between high-dimensional bitem-
poral features encoding essential semantics, called feature
spectrum transformation (FST), directing the transforma-
tion toward style-aligned discriminative features. For the
latter, we devise two learning mechanisms for FST from
two aspects, extraction box with adaptive attention (EB-AA)
and extraction box with learnable strides (EB-LS), to cap-
ture style characterization via gradient descent at a lower
computational cost. The extraction box is not fixed by
hyper-parameter but is trainable, allowing backpropagation
to uncover optimal characterization regions in a virtually in-
finite search space. In the EB-AA, based on a specific stride,
the amplitude values within the extraction box are adap-
tively focused to avoid extracting less informative ampli-
tude values. In the EB-LS, we propose learning the strides
of the extraction box along the horizontal and vertical direc-
tions as well as customize a way to make strides differen-
tiable during learning.

In summary, the contributions of this paper are three-
fold:
• We exploit spectrum transformation for the first time

to alleviate the pseudo-changes in CD and indicate two
drawbacks of deploying it. To tackle these two draw-

backs, we propose a framework FeaSpect, adaptively
eliminating the style differences in the feature space.

• We propose a feature spectrum transformation (FST) to
maintain the semantics by aligning styles across bitempo-
ral features. Further, we devise two learning mechanisms
for FST, extraction box with adaptive attention/learnable
strides, to efficiently find optimal configurations by gra-
dient descent.

• Extensive experiments show that FeaSpect significantly
surpasses existing methods and achieves a commendable
trade-off between accuracy and efficiency. Moreover, our
FeaSpect is a plug-and-play design, which can seamlessly
integrates into any Siamese-dominated network, boosting
performance without the need for additional parameters.

2. Related Work

Deep Learning-based Change Detection. Remote sens-
ing change detection (CD) using deep convolutional neu-
ral networks [28] has garnered substantial attention due to
its ability to automatically learn hierarchical features from
bitemporal images. Various existing methods in this domain
leverage the power of deep learning to alleviate the overde-
tection of pseudo-changes [1, 12, 18, 31, 36, 44]. Benefit-
ing from the excellent performance of fully convolutional
network (FCN) [35] on the segmentation task, many re-
searchers apply it to the change detection [5, 10, 11, 30, 38,
52]. Daudt and Lei et al. [11, 30] first introduce the U-Net-
based FCN architecture. Peng et al. [38] propose an end-
to-end approach based on the improved UNet++ network
and employ a multi-side output fusion strategy to com-
bine change maps from different semantic levels. Daudt
et al. [10] propose three fully convolutional siamese neural
network structures with skip connections, i.e., FC-EF, FC-
Siam-conc, and FC-Siam-diff, obtaining multi-scale change
maps by calculating the feature of the two weight-shared en-
coders at different sizes and decode them to obtain the de-
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Figure 2. An overview of the proposed FeaSpect. (a) Illustration of the feature spectrum transformation (FST) embedded into the feature
space. Only the first layer features are used as an example to demonstrate FST. FST is optimized during training via loss LCE . (b) FST
with two learning mechanisms aligns the styles of features of bitemporal images. (c) Illustration of two learning mechanisms learning
parameters during training.

tection result. The advancements in existing works primar-
ily revolve around designing complex network structures to
enhance feature extraction capabilities [7, 16, 39, 54], opti-
mizing loss functions to address sample imbalance [16, 50],
incorporating various attention mechanisms to bolster fea-
ture discriminability [5, 7, 34]. Besides, there are several
methods focusing on eliminating the style shift between
bitemporal images, leveraging generative adversarial net-
works (GANs) to transform bitemporal image styles into
the same one [14, 15, 32]. However, their efforts are limited
as GANs is difficult to train and prone to cause the trans-
formed image distortion. In this paper, we explore the po-
tential of spectral transformation deployed in CD to miti-
gate pseudo-changes by aligning feature styles and address
two of its drawbacks to align efficiently without compro-
mising semantics.

Spectral Transformation for Cross-domain Task. Spec-
trum transformation has been identified as a viable approach
to alleviate domain shift induced by imaging mechanisms.
Yang et al. [46, 47] pioneer the application of this discov-
ery to visual recognition tasks, aligning spectral distribu-
tions of source and target domains through Fourier ampli-

tude spectrum transformation in the image space, yielding
effective benefits in cross-domain visual recognition tasks.
Building upon this, several works [29, 33, 45, 53] based
on spectrum transformation have been proposed for miti-
gating style shifts caused by different imaging devices in
cross-domain segmentation [20] and detection [21] tasks.
Motivated by these developments, we first introduce spec-
trum transformation into the change detection task, aiming
to alleviate the issue of pseudo-change induced by spec-
tral (style) shifts between bitemporal data. In comparison
to existing spectrum transformation methods, we innovate
by presenting trainable feature spectrum learning, address-
ing the drawbacks of spectrum transformation technique in
handling diverse temporal spectral shifts.

3. Proposed Method

3.1. Background and Overview

Siamese Structure in Change Detection [3]. Given a
bitemporal image pair (xt1 , xt2 ), it is fed into a two-branch
feature extractor with shared structure and weights. Then,
the extracted features are classified to obtain a change map
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Figure 3. Illustration of optimizing strides (Eq. (7)) in the EB-LS module.

Pout,

Pout = h(ft1(x
t1) ◦ ft2(x

t2)),

LCE = − 1

N

N∑
j=1

[yj log(Pj
out) + (1− yj) log(1− Pj

out)],

(1)
where h is the classifier, ft1 and ft2 are the features, and ◦
is an interactive operation. LCE is the binary cross-entropy
loss function, N is the number of image pairs in a mini-
batch and yj is the ground truth for the j-th image pair.
In this way, variations caused by environmental factors are
also encoded in the features, so the model is prone to detect
these as changes, i.e., pseudo-changes. The pseudo-changes
directly affect the calculation in the ◦ operation, leading to
the misjudgment of the h. More analysis is in the Supple-
mentary 2.
Spectrum Transformation in Image Space [46]. In do-
main adaptation, given images xs and xt from different do-
mains, a fast Fourier transform F is performed on them to
obtain a style-representable amplitude spectrum FA and a
content-representable phase spectrum FP . Then, aligning
styles between two images can be formalized as,

xs→t = F−1((MβFA(xt) + (1−Mβ)FA(xs),FP (xs)),

Mβ = 1(h,w)∈[−βH:βH,−βW :βW ],
(2)

where F−1 is the inverse Fourier transform that maps spec-
tral signals (phase and amplitude) back to image space, and
Mβ is a mask controlled by a hyper-parameter β to extract
the low-frequency part of the amplitude. The modified am-
plitude of xs, with its phase unaltered, is mapped back to
the image xs→t, whose content is the same as xs, but will
resemble the style of the xt.
Spectrum Transformation in Feature Space. As men-
tioned before, such a spectrum transformation in the image
space has limited transformation space (Drawback 1). To
solve this drawback, we introduce this spectrum transfor-
mation into the feature space based on the siamese struc-
ture to align the style between the ft1 and ft2 , as shown
in Fig. 2. This can ensure that the semantics are encoded
by high-dimensional features while modifying the ampli-
tude spectrum, i.e., feature spectrum transformation (FST).
In addition, the styles mainly manifest in the shallow lay-

ers of the network while the contents mainly manifest in its
deep layers [37]. Given this fact, the FST is only embed-
ded into the shallow layers of the feature extractor, which
further matches the transformation direction with the stated
goal (style-aligned discriminative feature).

Depart from drawback 1, the FST is inefficient to obtain
low-frequency amplitude spectrum by a fixed extraction box
(Drawback 2). We develop two learning mechanisms for the
FST, extraction box with adaptive attention (EB-AA) and
extraction box with learnable strides (EB-LS), to allow it to
be learnable. The following Sections 3.2 and 3.3 describe
these two mechanisms in detail.

3.2. Extraction Box with Adaptive Attention
The values in the region cropped from the amplitude fea-
tures by the fixed extraction box do not necessarily all con-
tribute to style representation. Adopting less informative
values as replacement objects will weaken the effectiveness
of style alignment. Therefore, we devise the extraction box
with adaptive attention (EB-AA) for the FST to adaptively
focus on those more informative values within the extrac-
tion boxes through network optimization.

In our implementation, we set the mask Mβ controlled
by the hyper-parameter β to be optimizable during training.
We apply an open gradient operator to the Mβ , allowing
gradients to flow to this mask. Through the calculation of
the loss function LCE and the backpropagation of the er-
rors, not only the network parameters θ are optimized, but
the values in the Mβ are also adjusted. This end-to-end
optimization enables the learned content of Mβ to be well-
suited for the detection task in this study, which is formu-
lated as,

M̀o+1
β = M̀o

β + αo∇M̀o
β
LCE(ft1 , ft2 , M̀

o
β , θ

o), (3)

where αo is the learning rate and M̀o+1
β is the iteratively

updated mask. With continuous optimization, the values
of less informative regions in the mask M̀β gradually ap-
proach 0 while the values of more informative regions ap-
proach 1. This compels the feature extractor to dynamically
identify amplitude values with strong style representation,
effectively filtering out redundant information and avoiding
inconsequential replacements. More details can be found in
the Supplementary 1.2.
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3.3. Extraction Box with Learnable Strides
With the above optimized process, the extraction box of the
amplitude is learnable for its internal values. However, this
process is only differentiable with respect to these contents
but not with respect to the strides (i.e., β) of the control
representation region. Thus, one still needs to provide β
as hyper-parameters for the FST. To further improve effi-
ciency, we propose the extraction box with learnable strides
(EB-LS) for the FST, allowing to learn the size of the box
via backpropagation instead of applying a box with a fixed
size.

We design the learnable box Ḿ as the outer product be-
tween two strides (Sh, Sw) ∈ [1, H) × [1,W ), each of
which alongs with the horizontal and vertical axises respec-
tively. Sh and Sw are defined by two differentiable 1D
masking functions,

maskh(Sh,H)(m)=min

[
max

[
1+(

Sh

2
−|H

2
−m|), 0

]
, 1

]
,

maskw(Sw,W )(n)=min

[
max

[
1+(

Sw

2
−|W

2
−n|), 0

]
, 1

]
,

(4)
where m ∈ [0, H] and n ∈ [0,W ] are the integers being
traversed to determine the length of the mask vector. These
two functions symmetrically set the stride around the center,
with values of 1 in the middle interval and 0 on both sides
(See Fig. 2(c)-II). As shown in Fig. 3, based on the two
1D functions, we build the 2D differentiable mask Ḿ ∈
RH×W ,

Ḿ(Sh, Sw, H,W ) = maskh(Sh,H) ⊗maskw(Sw,W ), (5)

which is parameterized by the shape of the input latent fea-
tures and the strides. ⊗ is the outer product. Through back-
propagation, the model is forced to learn the attention span
for the amplitude features to find the optimal configuration,

Ḿo+1 = Ḿo + αo∇Sh,Sw
LCE(ft1 , ft2 , Ḿ

o, θo). (6)

During training, the amplitude feature is a multi-channel
input, and all channels are required to learn different strides
due to the diversity of high-dimensional representations. In
spectrum transformation, strides are typically tied along the
spatial axes (Sh = Sw), and EB-LS can also do by sharing
one learnable stride on both dimensions. We discuss this in
Table 6, but the results show that learning different strides
along both dimensions is more beneficial for our task.

Moreover, in Eq. (6), the optimization gradient required
by Ḿo and the gradient returned by LCE do not match in
magnitude, as the batch normalization in the neural network
restricts the gradient’s magnitude. Thus, to improve the op-
timization rate of our mechanism, we extend the two mask-
ing functions (Eq. (4)) corresponding to Sh and Sw as fol-

Method Backbone Prec.(%) Rec.(%) F1(%) IoU(%) Params.
• ConvNet-based:
FC-EF [10] U-Net* 77.48 88.13 82.46 71.15 1.35M
FC-Siam-conc [10] U-Net* 72.88 89.21 80.22 67.98 1.55M
FC-Siam-diff-res [10] U-Net⋆ 82.91 89.37 86.02 75.48 1.35M
FCN-PP [30] U-Net* 83.05 91.80 87.21 77.31 27.81M
W-Net [19] U-Net* 85.25 92.90 88.91 80.04 40.49M
CDGAN [19] U-Net* 89.05 89.47 89.26 80.60 115.12M
STANet [9] ResNet-18* 89.24 93.51 91.33 84.04 16.93M
DSAMNet [40] ResNet-18* 93.35 92.41 92.90 86.60 17.00M
ESCNet [52] ResNet-18⋆ 90.03 95.82 92.83 86.63 5.12M
SEIFNet [22] ResNet-18* 92.15 93.07 92.61 86.23 27.91M
ChangeSTAR [59] ResNet-101⋆ 95.41 94.10 94.75 90.02 52.60M
FeaSpect (ours) U-Net⋆ 95.75 95.87 95.81 91.96 1.35M
FeaSpect (ours) ResNet-18⋆ 96.23 95.94 96.08 92.46 5.12M
FeaSpect (ours) ResNet-101⋆ 96.62 96.01 96.31 92.89 52.60M
◦ Transformer-based:
BIT [6] ViTAEv2-S⋆ 94.85 93.91 94.38 89.35 3.55M
VcT [24] ViTAEv2-S* 94.92 93.01 93.96 88.60 3.59M
SwinsUNet [51] Swin-Trans* 95.12 93.84 94.48 89.53 41.25M
ChangeFormer [2] MiT-B2⋆ 95.19 93.61 94.39 89.38 41.01M
FeaSpect (ours) ViTAEv2-S⋆ 96.80 96.13 96.46 93.17 3.55M
FeaSpect (ours) MiT-B1 97.10 96.65 96.87 93.94 13.70M
FeaSpect (ours) MiT-B2⋆ 97.41 97.13 97.27 94.68 41.01M
FeaSpect (ours) Swin-Trans⋆ 97.49 97.18 97.33 94.81 41.25M

Table 1. Comparison results on SVCD dataset. */⋆ defines the
backbone model modified in different/same ways.

lows,

maskh(Sh,H)(m)=min

[
max

[
1+(

HSh

2
−|H

2
−m|), 0

]
, 1

]
,

maskw(Sw,W )(n)=min

[
max

[
1+(

WSw

2
−|W

2
−n|), 0

]
, 1

]
.

(7)
In Eq. (7), we introduce scaling factors H and W to expand
the strides of the Ḿ to HSh and WSw. As a result, the
search scope for Sh and Sw is greatly narrowed. Unless
otherwise specified, all FeaSpect in the experiments refer
to the extended optimization version. More details can be
found in the Supplementary 1.1.

4. Experiments
4.1. Datasets and Experimental Setup
The details of all experiments, including the used datasets,
evaluation protocols, implementation details, and the used
network are demonstrated in the Supplementary 3.

4.2. Comparative Experiments
Comparison on SVCD Dataset. We report the comparison
results of FeaSpect and different methods on SVCD dataset
in Table 1, including ConvNet-based and Transformer-
based methods. For ConvNet-based methods, FeaSpect
using small backbone U-Net achieves the better perfor-
mance and surpasses the second-highest results by 0.65%,
0.31%, 2.15%, and 3.94% in terms of precision, recall,
F1-score, and IoU, demonstrating its better generaliza-
tion. Benefiting from the multi-scale long-range details
of transformer, FeaSpect using different transformer back-
bones further achieves new records and surpasses existing
transformer-based methods with smaller network parame-
ters.
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Method Backbone Prec.(%) Rec.(%) F1(%) IoU(%) Params.
• ConvNet-based:
FC-EF [10] U-Net* 52.64 68.54 59.55 42.40 1.35M
FC-Siam-conc [10] U-Net* 64.27 54.43 58.94 41.79 1.55M
FC-Siam-diff-res [10] U-Net⋆ 57.47 67.23 61.97 44.90 1.35M
FCN-PP [30] U-Net* 59.09 61.35 60.20 43.06 27.81M
W-Net [19] U-Net* 63.01 59.72 61.32 44.22 40.49M
CDGAN [19] U-Net* 60.45 62.50 61.46 44.36 115.12M
STANet [9] ResNet-18* 66.89 63.06 64.92 48.06 16.93M
DSAMNet [40] ResNet-18* 67.72 64.51 66.08 49.34 17.00M
ESCNet [52] ResNet-18⋆ 66.99 67.21 67.10 50.49 5.12M
SEIFNet [22] ResNet-18* 67.68 68.43 68.05 51.58 27.91M
ChangeSTAR [59] ResNet-101⋆ 69.12 69.71 69.41 53.16 52.60M
FeaSpect (ours) U-Net⋆ 69.47 70.27 69.87 53.69 1.35M
FeaSpect (ours) ResNet-18⋆ 70.35 71.43 70.89 54.90 5.12M
FeaSpect (ours) ResNet-101⋆ 72.20 72.01 72.10 56.38 52.60M
◦ Transformer-based:
BIT [6] ViTAEv2-S⋆ 67.10 70.61 68.81 52.45 3.55M
VcT [24] ViTAEv2-S* 65.31 73.98 69.38 53.11 3.59M
SwinsUNet [51] Swin-Trans⋆ 71.04 74.20 72.59 56.97 41.25M
ChangeFormer [2] MiT-B2⋆ 88.19 84.81 86.47 76.16 41.01M
FeaSpect (ours) ViTAEv2-S⋆ 70.19 71.72 70.95 54.97 3.55M
FeaSpect (ours) MiT-B1 70.83 72.01 71.42 55.54 13.70M
FeaSpect (ours) Swin-Trans⋆ 73.82 75.03 74.42 59.26 41.25M
FeaSpect (ours) MiT-B2⋆ 88.90 85.36 87.09 77.14 41.01M

Table 2. Comparison results on DSIFN dataset. */⋆ defines the
backbone model modified in different/same ways.

Method
Modeling

Space
Modeling

Way Prec.(%) Rec.(%) F1(%) IoU(%)

Baseline [10] - - 82.91 89.37 86.02 75.48
+ DLSF† [14] Image GT 88.70 89.90 89.30 80.66
+ FDA† [46] Image ST 89.23 91.49 90.35 82.39

+ IBN-Net† [37] Feature FN 91.98 92.75 92.36 85.81
+ FeaSpect (ours) Feature FSL 95.75 95.87 95.81 91.96

Table 3. Results on SVCD dataset. “GT” is generated transforma-
tion. “ST” is spectrum transformation. “FN” is feature normaliza-
tion. “FSL” is feature spectrum learning. † defines the reproduced
method.

Comparison on DSIFN Dataset. Table 2 reports the com-
parison results on the DSIFN dataset. Within ConvNet-
based methods, we can obtain consistent observations that
our FeaSpect improves detection performance by learning
more robust feature representations. Among transformer-
based methods, a noteworthy trend is observed wherein
models with larger backbones significantly outperform oth-
ers. Furthermore, in comparison to ConvNet-based, Fea-
Spect with transformer backbones obtains a substantial per-
formance leap. This can be attributed to the capability of
larger model to capture intricate feature relationships, en-
suring a robust discriminative representation. This advan-
tage is particularly evident in this complex scene due to the
required generalizability, where training and testing data are
from different locations or datasets (See the Supplementary
6 for more details on generalizability analysis).
Comparison on More Datasets and Tasks. To further ver-
ify the effectiveness and scalability of our method, we pro-
vide comparative results on other datasets and other tasks in
the Supplementary 7 and 8.
Comparison with Domain Shift-Aware Methods. Table
3 presents the comparison between our method and other
related methods focusing on domain shifts in change de-
tection, domain adaptation or domain generalization. For
change detection, we compare with DLSF, which uses gen-

Method Prec.(%) Rec.(%) F1(%) IoU(%) ∆ FLOPs
• ConvNet-based:
FC-EF [10] 77.48 88.13 82.46 71.15 –
+ FeaSpect 95.53 (+18.05) 95.98 (+7.85) 95.75 (+13.29) 91.85 (+20.70) 0.90G
FC-Siam-conc [10] 72.88 89.21 80.22 67.98 –
+ FeaSpect 95.25 (+22.37) 95.80 (+6.59) 95.52 (+15.30) 91.43 (+23.45) 0.90G
FCN-PP [30] 83.05 91.80 87.21 77.31 –
+ FeaSpect 96.00 (+12.95) 96.12 (+4.32) 96.06 (+8.85) 92.42 (+15.11) 3.62G
STANet [9] 89.24 93.51 91.33 84.04 –
+ FeaSpect 96.85 (+7.61) 96.88 (+3.37) 96.86 (+5.53) 93.92 (+9.88) 3.69G
DSAMNet [40] 93.35 92.41 92.90 86.60 –
+ FeaSpect 97.42 (+4.07) 96.30 (+3.89) 96.86 (+3.96) 93.91 (+7.31) 3.76G
ESCNet [52] 90.03 95.82 92.83 86.63 –
+ FeaSpect 97.21 (+7.18) 97.30 (+1.48) 97.25 (+4.42) 94.66 (+8.03) 1.78G
ChangeSTAR [59] 95.41 94.10 94.75 90.02 –
+ FeaSpect 98.11 (+2.70) 97.90 (+3.80) 98.00 (+3.25) 96.09 (+6.07) 14.26G
◦ Transformer-based:
BIT [6] 94.85 93.91 94.38 89.35 –
+ FeaSpect 97.59 (+2.74) 97.02 (+3.11) 97.30 (+2.92) 94.75 (+5.40) 3.81G
SwinsUNet [6] 95.12 93.84 94.48 89.53 –
+ FeaSpect 98.02 (+2.90) 97.71 (+3.87) 97.86 (+3.38) 95.82 (+6.29) 2.32G
ChangeFormer [2] 95.19 93.61 94.39 89.38 –
+ FeaSpect 97.99 (+2.80) 97.86 (+4.25) 97.92 (+3.53) 95.93 (+6.55) 2.88G

Table 4. Results of existing methods incorporating our method on
SVCD dataset.

erative adversarial networks (GANs) to transform image
styles. For domain adaptation, we compare with FDA [46],
i.e., which aligns image styles via the spectrum transforma-
tion. For domain generalization, we compare with classic
IBN-Net [37], which focuses on removing style by normal-
izing features. For fair comparison, all methods use FC-
Siam-diff-res [10] as the baseline. Compared with the base-
line model, the consistent improvement in detection per-
formance across the four methods underscores the neces-
sity of eliminating the style differences between bitempo-
ral images. DLSF obtains unsatisfactory performance due
to difficulty in GANs training and possible image distor-
tion. FDA achieves limited performance gains, primarily
because it inevitably disrupts essential semantics and may
have suboptimal parameters. IBN-Net obtains more perfor-
mance boosts than FDA. Notably, our method outperforms
IBN-Net in accuracy, facilitated by the interaction between
bitemporal features and the decoupling of style information,
resulting in improved style alignment and semantic preser-
vation. This suggests that a careful exploration of mod-
eling approaches to eliminate style differences can further
improve representation discriminability.

4.3. Compatibility of Our Method
Our method can serve as a complementary enhancement to
existing methods in change detection, seamlessly integrat-
ing to boost their performance. To validate this, we incor-
porate the proposed feature spectrum transformation (FST)
and its two learning mechanisms extraction box with adap-
tive attention (EB-AA) and extraction box with learnable
strides (EB-LS) into the existing methods. The quantitative
results on the SVCD dataset are listed in Table 4. Table
4 reveals that the incorporation of our method consistently
improves the performance of these methods. The positive
effect of our method can be attributed to its ability to as-
sist other methods in adaptively mitigating model interfer-
ence caused by style differences within image pairs. Except
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Figure 4. Trajectories of Sh and Sw for different channels in dif-
ferent layers during learning. Configuration (0.05, 0.075) is used
as initial value.
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Figure 5. Visualization of different channels of the learned content
on different datasets.

for FC-EF and FC-Siam-conc, the methods enhanced with
our FeaSpect outperform ours. We attribute this to the fact
that these methods fortify the foundational feature repre-
sentation from other perspectives with their proposed strate-
gies. By integrating our strategies, the generalization of fea-
tures is further improved, boosting detection performance.
Furthermore, it is noteworthy that after incorporating our
method, the training process will introduce no additional
parameters, and the added computation is negligible.

4.4. Learning Dynamics of Stride and Content

Stride. Fig. 4 illustrates the learning dynamics of the
strides of the extraction box in the first two layers of the
model. Four randomly selected channels from each layer
are presented. During training, all strides deviate from the
initial stride value while rapidly converging to the optimal
value. Additionally, the learned Sh and Sw values exhibit
different trends for various layers (first row↔second row).
Sh and Sw learned in shallow layer tend to be larger, while
the opposite is observed in deep layer.
Content. In the Fig. 5 (please zoom in), we visualize
the learned content of the extraction boxes for each chan-
nel on SVCD and DSIFN datasets. Our EB-AA adaptively
searches for valuable values in low-frequency amplitudes
with the guidance of the learned strides by each channel.
Besides, EB-AA preserves varying amounts of information
for different datasets due to the distinct style shifts in each.

Model FST EB-AA EB-LS Prec.(%) Rec.(%) F1(%) IoU(%)
Baseline [10] 82.91 89.37 86.02 75.48

FeaSpect-fixed ✓ 92.20 93.86 93.02 86.96
FeaSpect-AA ✓ ✓ 93.90 95.59 94.74 90.00
FeaSpect-LS ✓ ✓ 95.01 95.65 95.33 91.07

FeaSpect (ours) ✓ ✓ ✓ 95.75 95.87 95.81 91.96

Table 5. Ablation studies for each component of our method on
SVCD dataset.

Initial Strides
Original ST [46] FeaSpect (ours)

Prec.(%) Rec.(%) F1(%) IoU(%) Prec.(%) Rec.(%) F1(%) IoU(%)
(0.025, 0.025) 87.57 95.33 91.28 83.97 95.74 95.61 95.67 91.71

⌜(0.025, 0.025)⌟ – – – – 94.00 (↓1.74) 95.13 (↓0.48) 94.56 (↓1.11) 89.68 (↓2.03)
(0.025, 0.05) 89.20 94.50 91.76 84.78 95.72 95.86 95.79 91.92
(0.05, 0.05) 88.99 94.35 91.59 84.49 95.66 95.89 95.77 91.89
⌜(0.05, 0.05)⌟ – – – – 93.94 (↓1.72) 95.95 (↑0.06) 94.93 (↓0.84) 90.36 (↓1.53)
(0.05, 0.075) 86.78 94.03 90.26 82.25 95.75 95.87 95.81 91.96
(0.075, 0.075) 86.29 94.57 90.24 82.22 95.71 95.79 95.75 91.85

⌜(0.075, 0.075)⌟ – – – – 94.59 (↓1.12) 94.96 (↓0.83) 94.77 (↓0.98) 90.07 (↓1.78)
(0.05, 0.075) 87.41 94.42 90.78 83.12 95.70 95.84 95.77 91.88
(0.10, 0.10) 85.99 94.20 89.91 81.67 95.69 95.90 95.79 91.93
⌜(0.10, 0.10)⌟ – – – – 94.78 (↓0.91) 95.11 (↓0.79) 94.94 (↓0.85) 90.38 (↓1.55)

Mean
Accuracy 87.46 94.49 90.83 83.21 95.71 95.82 95.76 91.88

Table 6. Results on SVCD dataset with different initial strides. (·,
·) is the initial Sh and Sw values. ⌜⌟ indicates that vertical and
horizontal values are shared during learning. The mean accuracy
is calculated from the results of not sharing strides.

Figure 6. Distribution of learned Sh and Sw in different layers for
different initialization configurations (same as Table 6). Si

h/Si
w

indicates the values in the i-th layer.

4.5. Ablation Studies
Performance Impact of Each Component. Given the fea-
ture spectrum transformation (FST), extraction box with
adaptive attention (EB-AA), and extraction box with learn-
able strides (EB-LS), we report the contribution of each
component to the performance of our method in Table 5.
On the four evaluation metrics, the base model (Baseline)
achieves 82.91%, 89.37%, 86.02%, and 75.48%, respec-
tively. Adding the FST with fixed content and stride to the
base model (FeaSpect-fixed) improves performance on four
evaluation metrics by 9.29%, 4.49%, 7.00%, and 11.48%.
By adding the EB-AA based on the FST, FeaSpect-AA fur-
ther boosts the performance of the model, which improved
by 1.70%, 1.73%, 1.72%, and 3.04%. Adding the EB-
LS submodule (FeaSpect-LS) improves the performance
to a higher extent than adding the EB-AA, i.e., 2.81%,
1.79%, 2.31%, and 4.11%. Finally, combining the FST with
the EB-AA and EB-LS (FeaSpect) achieves the best per-
formance on the evaluation metric, i.e., 95.75%, 95.87%,
95.81%, and 91.96%. Thus, we can conclude that the three
components, FST, EB-AA, and EB-LS, are complementary
and each component contributes to these improvements.
Effect of Initial Stride on Performance. Table 6 reports
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L1 L2 L3 L4

SVCD Dataset DSIFN Dataset

F1(%) IoU(%) F1(%) IoU(%) F1(%) IoU(%) F1(%) IoU(%)

Baseline Baseline Baseline Baseline

86.0 75.5 86.0 75.5 62.0 44.9 62.0 44.9

FST (FeaSpect-fixed) FeaSpect FST (FeaSpect-fixed) FeaSpect

✓ 91.7(+5.7) 84.8(+9.3) 94.6(+8.6) 89.7(+14.2) 64.2(+2.2) 47.3(+2.4) 67.7(+5.7) 51.2(+6.3)
✓ ✓ 93.0(+7.0) 87.0(+11.5) 95.8(+9.8) 92.0(+16.5) 66.6(+4.6) 49.9(+5.0) 69.9(+7.9) 53.7(+8.8)

✓ ✓ 86.7(+0.7) 76.5(+1.0) 87.1(+1.1) 77.2(+1.7) 62.5(+0.5) 45.4(+0.5) 63.0(+1.0) 46.0(+1.1)
✓ ✓ ✓ 92.2(+6.2) 85.2(+9.7) 95.7(+9.7) 91.8(+16.3) 64.6(+2.6) 47.8(+2.9) 69.7(+7.7) 53.5(+8.6)
✓ ✓ ✓ ✓ 91.9(+5.9) 85.1(+9.6) 95.7(+9.7) 91.7(+16.2) 64.4(+2.4) 47.4(+2.5) 69.6(+7.6) 53.3(+8.4)

Table 7. Results of applying FST to different layers. FeaSpect is
FST with learnable content and strides.

the performance of spectrum transformation (ST) [46] and
our FeaSpect with different initial strides on the SVCD
dataset. We first note the significance of the stride param-
eter for ST performance, with a reduction from 89.20% to
85.99% across the best and worst configurations. Despite
this, the performance fluctuations of ST for unfavorable ini-
tial values remain relatively moderate, indicating its poten-
tial in addressing pseudo-changes in change detection. In
contrast, the FeaSpect shows greater resilience to poor ini-
tialization, consistently converging to high accuracy on four
metrics. This highlights the efficacy of backpropagation in
enabling FeaSpect to discover optimal configurations dur-
ing training, avoiding cross-validation.
Effect of Initial Stride on Stride Learning. Considering
the diverse initial configurations outlined in Table 6, we de-
pict the distribution of learned strides per layer for various
initializations in Fig. 6. Three randomly selected channels
from each layer are showcased. An intriguing observation
emerges: despite converging to the same accuracy, differ-
ent initializations yield significantly distinct stride config-
urations at convergence — whether between different lay-
ers in the same channel or between different channels in the
same layer. Strides are not recklessly optimized but actively
explores the optimal direction at each moment. This em-
phasizes that loss optimization involves a trade-off between
preserving discriminative information, aligning styles, and
efficiently progressing toward extreme points.
Effect of Sharing Stride Horizontally and Vertically. We
control that strides are shared in both horizontal and vertical
dimensions during learning to further discuss the effective-
ness of stride learning. The results are detailed in Table
6. With the same initial stride, sharing the learnable stride
slightly diminishes the model’s detection performance com-
pared to the one without sharing (95.74→94.00). This im-
plies that regions representing style information display ir-
regularities and that imposing equality between the two di-
mensions would compromise essential semantics.
Effect of Applying FST on Different Layers. We report
the results of applying FST to different output layers (L1-
L4) of 4 blocks in the Table 7. As shown in Table 7, we
observe that: I. Adding FST to either shallow layers (L1,
L2) or deeper layers (L3, L4) can consistently improve the
performance (red numbers) of baseline, indicating that our
FST can be applied to all output layers. II: Adding FST

OursGT Base OursGT Base OursGT Base

Ours

Base

Figure 7. Visual comparison of feature distances between our
method and baseline.

to shallow layers (L1, L2) achieves the best improvements.
III: Based on this, further adding FST to deeper layers (L3,
L4) fails to achieve additional improvement. Thus, apply-
ing FST into first two shallow layers is more reasonable,
which aligns with the understanding that style information
predominantly manifests in shallow layers.

4.6. Analysis and Discussion of Features

To verify whether features are style-aligned while preserv-
ing semantics, we visualize the point-to-point L1 distance
between deep features of bitemporal images in Fig. 7,
comparing our method with the baseline (FC-Siam-diff-res
[10]). A 3D view of one image pair is provided for clarity.
For style alignment, our method shows significantly lower
distances in unchanged areas, indicating better alignment of
same semantic features. For semantic preservation, it main-
tains large distances in changed regions, preserving differ-
ences between distinct semantics. The consistently low dis-
tances in unchanged areas further confirm that our method
encodes identical semantics similarly. Such style-aligned
yet semantically discriminative features help highlight true
changes and suppress pseudo-changes.

5. Conclusion

This paper addresses pseudo-changes in change detection
(CD) by exploring spectrum transformation (ST) as a miti-
gation strategy, while identifying its limitations in transfor-
mation space and parameter efficiency. To overcome these
issues, we propose feature spectrum learning (FeaSpect),
which adaptively eliminates style differences in the feature
space. FeaSpect aligns the optimization space of discrimi-
native features and achieves optimal parameters with lower
computational cost. Extensive experiments on two public
datasets demonstrate its superior accuracy and generaliza-
tion. Moreover, FeaSpect can be easily integrated into ex-
isting siamese-based models to enhance performance. We
hope this work inspires new ST-based solutions for CD.
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