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Change Detection (CD) plays a crucial role in Earth observation applications such as environmental
assessment, land use analysis and disaster monitoring. As space information systems increasingly
demand on-board data processing capabilities, CD models are required to deliver reliable
performance under conditions where labelled samples are scarce and data distributions are unknown.
Conventional supervised approaches, however, rely heavily on large-scale annotated datasets and
often generalize poorly to unseen on-board data, resulting in noticeable performance degradation.
To address these limitations, this paper proposes a semantic prior-enhanced semi-supervised method
for on-board CD. The proposed approach incorporates general semantic priors derived from vision
foundation models, thereby alleviating the limited semantic representation capacity caused by
insufficient annotations and improving the detection of complex real-world changes. To balance the
integration of rich semantic priors with the strict computational constraints of on-board scenarios, a
semantic prior-enhanced encoder based on DINOV3 fine-tuning is proposed, alongside a lightweight
frequency-separated feature adaptation mechanism. This design preserves transferable visual
knowledge while substantially reducing fine-tuning overhead, enabling efficient adaptation to the
domain discrepancies of remote sensing imagery and yielding more discriminative feature
representations. In addition, a complementary cross-temporal feature perturbation strategy is
proposed to better exploit latent information within unlabelled data and encourage the learning of
robust change features. Experiments conducted on three public datasets and real-world scenarios
demonstrate that the proposed method consistently outperforms existing state-of-the-art approaches
under limited annotation settings. Using only 5% labelled samples, the proposed method improves
the Fl-score by 2.44%, 2.70% and 1.48%, respectively, confirming its effectiveness and
generalization capability in on-board CD tasks.

Keywords — Change detection, deep learning, remote sensing, semi-supervised learning, vision
foundation models

1. INTRODUCTION

Change Detection (CD) is one of the fundamental tasks in remote sensing image understanding.
Its core objective is to identify changes in land cover and surface conditions by analysing and
comparing multi-temporal remote sensing images acquired over the same geographic region [1].
With advances in Earth observation technology, CD has become essential for Earth system
monitoring and is widely applied to urban expansion analysis, disaster assessment and ecological
monitoring [2-5]. In recent years, within modern Earth observation frameworks, CD has
gradually shifted from conventional offline analysis toward the more challenging paradigm of
on-board real-time processing. On-board systems are typically required to perform data
processing under resource-constrained conditions while coping with unknown and continuously
evolving data distributions, which imposes stricter demands on both model efficiency and
generalization capability. The rapid development of high-resolution satellites and multi-platform
remote sensing systems has led to massive volumes of remote sensing data, making efficient and
reliable on-board CD an important research direction [6-8].

In recent years, deep learning-based methods have substantially advanced the field of CD.
Among them, Convolutional Neural Networks (CNNs), owing to their local receptive fields and
parameter-sharing mechanism, have served as the core backbone of early mainstream approaches.
Typical CNN-based methods adopt a Siamese architecture to extract bi-temporal features
separately and model changes through feature differences [9-11]. As research has progressed,
the transformer architecture has been introduced to strengthen global dependency modelling
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and has been combined with CNNs to form hybrid
architectures that further improve performance [12-14]. In
parallel, semi-supervised CD has gradually emerged as an
active research focus. Semi-supervised CD aims to exploit a
small amount of labelled data together with large-scale
unlabelled data, thereby alleviating the high cost of pixel-
level annotation [15]. Existing semi-supervised methods can
generally be divided into three categories: pseudo-label
learning [16], consistency regularization [17] and teacher—
student frameworks [18]. Pseudo-label methods generate
supervisory signals from model predictions to expand the
training set, but they are prone to error accumulation caused
by incorrect predictions. Consistency regularization
enhances robustness by enforcing prediction consistency
under different perturbations and has been widely adopted in
remote sensing CD. The teacher-student framework, in turn,
maintains a stable teacher model via Exponential Moving
Average (EMA), providing more reliable supervisory signals
for the student model.

Although existing methods have achieved notable progress,
they still face far more severe challenges in practical on-
board remote sensing applications. In real on-board
environments, the data distribution is typically unknown and
differs significantly from that of the training data, resulting
in severe domain shift [19]. Traditional fully supervised
methods rely on large-scale annotated data and perform well
on in-distribution datasets, yet their generalization ability is
markedly limited in such scenarios, leading to substantial
performance degradation. In contrast, semi-supervised
learning exploits unlabelled target-domain data and
consistency constraints to improve robustness under
distribution shifts. This enhances generalization to unseen
distributions and offers a promising direction for on-board
CD [20]. Nevertheless, current semi-supervised CD methods
still suffer from limitations in pseudo-label quality control
and semantic information exploitation. As a result, models
remain susceptible to noisy labels and struggle to learn stable
and highly discriminative change features [21-23].

In recent years, vision foundation models have acquired
powerful general purpose semantic representations through
self-supervised learning on large-scale unlabelled data,
demonstrating strong generalization across a wide range of
visual tasks [24, 25]. Representative models such as CLIP,
SAM and the DINO series have shown remarkable
performance in zero-shot learning and cross-task transfer
[26-28]. Among these, the DINO family (e.g. DINOv2 and
DINOV3) exhibits exceptional feature extraction capability
in few-shot representation learning [29,30]. Unlike
conventional models trained from scratch, foundation
models capture class-agnostic structural information and
long-range dependencies from large-scale data, yielding
highly discriminative semantic representations even under
limited supervision. More recently, researchers have begun
to introduce such vision foundation models into the remote
sensing field, aiming to exploit their rich semantic priors to
enhance model understanding of complex land cover scenes
[31, 32]. However, owing to substantial differences between
natural images and remote sensing imagery in imaging
perspective, spatial structure and texture distribution,

directly transferring vision foundation models to on-board
CD still suffers from notable domain shift, which hinders the
effective use of their semantic prior knowledge.

To address these challenges, this paper proposes a Semantic
Prior-Enhanced semi-supervised method for on-board
Change Detection (SPE-CD). By incorporating semantic
priors from vision foundation models, the proposed method
strengthens the model's ability to represent change-related
semantics under unknown data distributions, thereby
improving generalization and detection accuracy in on-board
scenarios. Specifically, given the substantial domain gap
between natural images and remote sensing imagery, we
design a Semantic Prior-Enhanced Encoder (SPE-Encoder)
built upon a frequency-separated feature adaptation
mechanism. This encoder adopts the pre-trained vision
foundation model DINOV3 as its backbone and incorporates
a lightweight decoupled feature adaptation module. While
preserving general semantic knowledge, the module
performs frequency band-wise calibration via spatial
frequency decoupling, yielding task-aligned semantic
representations with improved pseudo-label reliability.
Building on this, and to accommodate the bi-temporal nature
of CD, we further propose a Complementary Cross-temporal
Feature Perturbation (CCFP) strategy. This strategy
constructs multi-view complementary perturbations at the
feature level and enforces cross-temporal consistency
constraints, encouraging the model to learn stable and highly
discriminative  change representations. The main
contributions of our work are as follows.

1. This paper proposes the SPE-CD, which leverages the
semantic priors of DINOv3 to improve generalization
under unknown data distributions.

2. This paper designs the SPE-encoder with frequency-
separated feature adaptation to reduce the domain gap
between natural and remote sensing imagery through
spatial frequency decoupling and frequency band-wise
calibration, thereby improving pseudo-label reliability.

3. This paper proposes the CCFP strategy that constructs
complementary multi-view perturbations and enforces
cross-temporal consistency constraints to learn stable and
discriminative change representations.

2. METHODOLOGY
2.1 Overall structure of SPE-CD

To address insufficient exploitation of unlabelled semantic
information and the domain shift of vision foundation
models in remote sensing scenarios, this paper proposes a
semantic prior-enhanced semi-supervised on-board change
detection method. Built upon a teacher—student framework,
the proposed method integrates semantic prior modelling
with structured feature perturbation to improve semantic
discrimination and robustness under limited supervision.
Specifically, an SPE-Encoder based on spatial-frequency
decoupling is designed to adapt intermediate features of the
vision foundation model to remote sensing imagery while
preserving general semantic priors. In addition, a CCFP
strategy is proposed to construct complementary multi-view
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representations and strengthen robust modelling of change
relationships. A change-guided consistency learning strategy
is further incorporated to improve pseudo-label quality and
enhance the utilization of unlabelled data.

Fig. 1 illustrates the overall framework of the proposed SPE-
CD method. The SPE-Encoder extracts discriminative
semantic features, while the CCFP strategy enhances
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Unsupervised
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Teacher model

consistency learning through multi-view perturbations in the
student branch. The framework is trained using both
supervised learning on labelled samples and semi-supervised
learning on unlabelled samples. During semi-supervised
training, the teacher model generates pseudo-labels for
unlabelled data and the student model is optimized under
multiple perturbations to progressively improve robustness
and generalization.
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Figure 1 — The overall framework of the SPE-CD.

2.2 Semi-supervised training pipeline

In the supervised learning stage, labelled sample pairs
(I, Ig) are processed by the SPE-Encoder and the prediction
head to generate change maps supervised by the cross-
entropy loss:

Ls = Lee(ps, GT) €y

where p, denotes the predicted change map of the student
model and GT represents the ground-truth label. This stage
mainly provides stable initialization for subsequent semi-
supervised learning.

In the semi-supervised stage, a teacher—student framework is
adopted, where the teacher model generates pseudo-labels
and the student model performs consistency learning under
multiple perturbations. Given two unlabelled sample pairs
(13,13) and (I%,13%), the teacher first produces prediction
maps (Pw1, Pwz), Which are used to construct change-guided
mixed samples through a CutMix-based augmentation
strategy. Specifically, a change saliency map is derived from
the teacher predictions to guide mask generation, increasing
the probability that mixed regions contain changed objects
while maintaining low computational overhead. The mixed
samples are formulated as:

Li=I;; OM+1,©O1-M) (2)
Ig=1Ig OM+ 13, ©(1-M) 3)

where © denotes the element-wise multiplication operation
and M represents the change-guided binary mask. The
corresponding pseudo-labels are fused using the same
masking rule to obtain the mixed pseudo-label p,,,.

To improve robustness under perturbations, the mixed
samples are processed by two independent strong
augmentations and fed into the student model. After
semantic feature extraction, the proposed CCFP strategy is
applied to construct complementary channel perturbations
and random temporal feature swapping, producing
predictions pg; and pg,. A consistency loss is then imposed
between the student predictions and the mixed pseudo-label:

1
Lc = E(” Ps1 — Pw "% +I Ps2 — Pw ”%) (4‘)

The overall training objective is defined as:
1
L=Z+Lo) O

The teacher model parameters are updated using EMA:
0 = by + (1 — )0 (6)

where 0, and 68 denote the teacher and student parameters,
respectively, and a is the smoothing coefficient.
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2.3 Semantic Prior-Enhanced Encoder

(SPE-Encoder)

To fully inherit the general semantic priors learned by vision
foundation models from large-scale natural images, while
alleviating the domain gap between natural and remote
sensing imagery, we propose an SPE-Encoder built upon a
spatial-frequency decoupling mechanism. The encoder
adopts a frozen pre-trained DINOv3 backbone as its base and
introduces lightweight feature adapters after each
transformer block. Without updating backbone parameters,
only the adapters are optimized, enabling parameter-efficient
adaptation that preserves pre-trained semantic knowledge
while progressively aligning intermediate features with
remote sensing data distributions. The overall architecture is
illustrated in Fig. 2.
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Figure 2 — Schematic diagram of the SPE-Encoder based on
spatial frequency decoupling.

Let the input remote sensing image be denoted as X €
REXCXHXW After patch embedding and transformer
encoding, the output feature of the i-th layer is denoted as
F; € RMW)X¢ " where hw is the token length and c is the
channel dimension. For frequency-domain processing, F; is

reshaped into F; € RE*#*W where C = cand hw = H X W.

To enhance parameter-efficient adaptation, we introduce a
spatial-frequency decoupled mechanism, as illustrated in
Fig. 3. In the spatial branch, a low-rank adapter is applied to
model spatial transformations:

AFF = AP (F) (7)

where the spatial adapter Jlgi) (+) is defined as:

AL (X) = WP s(W2ownx) (8)

where W4W™ € R™¢ and W,"Y € R®*" denote the down-
projection and up-projection matrices, respectively, r < C
is the bottleneck dimension, and o(-) represents the non-
linear activation function (e.g. ReLU). Through this low-
rank factorization, the semantic features in the spatial
domain can be effectively enhanced while keeping the
parameter count low.
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Figure 3 — Schematic of the spatial-frequency decoupling adapter.

To further exploit the structural information of visual
features in the frequency domain, we design a frequency-
decoupled feature adaptation mechanism. Visual features in
different frequency subspaces tend to correspond to different
semantic levels. Low frequency components mainly encode
coarse-grained information such as the overall structure and
spatial layout of land cover features, whereas high frequency
components focus on capturing fine-grained information
such as edge contours and detailed textures. Accordingly, the
proposed method adaptively decomposes features in the
frequency domain, as illustrated in Fig. 4. Specifically, the
feature F; is first reshaped into a three-dimensional tensor:
X; € REHXW " after which a two-dimensional discrete
Fourier transform is independently applied along the spatial
dimensions for each channel to obtain the spectral
representation:

X, =FX) 9
To separate the low and high frequency information, we
define a frequency mask function M, € {0,1}*", where
p; € (0,1) denotes the cu-toff ratio. Unlike conventional
approaches that partition high and low frequencies using a

fixed threshold, we design p; as a learnable parameter
constrained by a sigmoid function:

p; = Sigmoid(0;) (10)

where 0; is a trainable variable. In practice, we implement
the mask via a soft thresholding operation as follows:

M,, = Sigmoid((p; — d)/1) (11)

where d is the normalized frequency radius and t = 2.0
controls the transition sharpness. This formulation is fully
differentiable, enabling standard backpropagation for 6; .
Accordingly, the low and high frequency spectra are
expressed as:

Xi=M, OX (12)
Xt=(1-M,)0ZX (13)

where O denotes element-wise multiplication. They are
then mapped back to the feature space via the inverse Fourier
transform:

Fl =F-1(X} (14)
Fr=F-1(X1) (15)
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Once the low and high frequency features are obtained, a low
frequency adapter o‘ll(l) and a high frequency adapter c/l;ll)
are constructed. Their structures are identical to that of the

spatial adapter, but their parameters are independent:

AF = AP (F) (16)
AR} = AP (F) (17)

Through the design of the frequency-decoupled adapters, the
model can perform targeted calibration at both the coarse-
grained low frequency level and the fine-grained high
frequency level.
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Figure 4 — Schematic of the adaptive frequency
decomposition procedure.

To fuse multi-branch information, a dynamic routing
mechanism is introduced. The fusion weights are computed
as:

w; = Softmax (R(GAP(Fi))) (18)

where GAP(+) denotes global average pooling and R(-) is a
linear projection producing three weights corresponding to
spatial, low frequency and high frequency branches.

The final feature refinement is given by:
AF; = Bi(w; AFf + 0! AF} + 0 AF}) (19)

where f3; is a learnable scaling factor initialized to a small
value to stabilize early training. The fused feature is obtained
via residual connection:

The fused feature F; is then passed to the next block for
further feature extraction.

We provide a parameter cost analysis to quantitatively
demonstrate the efficiency of the design. The SPE-Encoder
adopts a frozen DINOv3-base backbone with 86.56M

parameters. The trainable components include the spatial,
low frequency, and high frequency adapters, the learnable
cut-off ratios 6;, the scaling factors 3; and the dynamic
routing modules, which together amount to 7.19M
parameters. Thus, the full model contains 93.76M
parameters in total, with a freeze ratio of 92.3% (i.e. only
7.7% of the parameters are trainable). Each adapter itself,
based on low-rank factorization with r = 8, introduces
merely thousands of parameters per transformer layer, which
is negligible compared to the 86.56M backbone. This
confirms that our frequency-decoupled adaptation
mechanism achieves effective domain adaptation with
minimal parameter overhead.

Unlike uniform fine-tuning of DINO, CLIP, or other vision
foundation models, our approach explicitly accounts for the
frequency-wise characteristics of the domain gap between
natural and remote sensing imagery. In remote sensing, low
frequency components primarily encode large-scale land
cover structures and overall scene layouts, high frequency
components capture fine structural details such as building
edges, road boundaries and texture patterns, which differ
markedly between natural objects and anthropogenic
structures. By decoupling adaptation along spatial and
frequency dimensions with independent lightweight adapters
and learnable cut-off ratios per layer, our design enables
targeted calibration at different semantic granularities,
effectively mitigating cross-domain discrepancies while
preserving the rich general semantic priors encoded in the
frozen backbone.

2.4 Complementary Cross-Temporal
Feature Perturbation (CCFP) strategy

To further enhance feature learning on unlabelled samples,
we propose a CCFP strategy within a consistency learning
framework. Conventional random dropout or single-branch
perturbations typically operate independently within each
branch and lack structural design, failing to fully exploit the
inherent correlations between bi-temporal features in CD. To
address this, we introduce a structured feature-level
perturbation mechanism that is both cross-temporal and
complementary.

Specifically, two strong-perturbation branches are first
constructed for each sample, and complementary channel
masks are generated so that each branch attends to different
feature subspaces, forming multi-view complementary
representations. A binary mask is then introduced to
randomly swap bi-temporal features, imposing a cross-
temporal perturbation that encourages stable change
discrimination under varying temporal configurations. This
design provides diverse and complementary views in feature
space, improving the robustness and generalization of
change representation learning in semi-supervised settings,
as illustrated in Fig. 5.

For the input bi-temporal images I, and Iz, two different
image-level strong data perturbations (e.g. random flipping
and colour jittering) are applied. The SPE-Encoder then
extracts the semantically enriched bi-temporal features
F::l,FBSl c RNxcxhxw ,FASZ,F;Z c RNxcxhxw from the two
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perturbation branches s; and s,, respectively. Here, N
denotes the batch size, ¢ the number of channels, h, w the
spatial dimensions of the features, and the superscripts s;
and s, indicate the two different strong-perturbation
branches.

To enable the two perturbation branches to learn change
information from complementary feature subspaces, we
introduce a complementary feature perturbation mechanism
along the feature channel dimension. The core idea is to
construct two complementary feature views through
channel-wise random perturbation while preserving the
structural consistency of the bi-temporal features. This
encourages the model to learn change information from
different feature subspaces, thereby enhancing the diversity
and robustness of feature representation. Specifically, a
channel mask is first randomly generated within each batch.
For sample i € {1,...,N} and channel j € {1,...,C}, an
independent Bernoulli random variable is introduced:

U;j ~ Bernoulli(0.5),i.i.d. (21)
and the channel mask for branch s; is then constructed as:

where mls} = 2 indicates that the channel is preserved, while
S1

i; = 0 indicates that it is suppressed. To preserve the
expected value of the features before and after perturbation,
the Bernoulli random variable is multiplied by a factor of 2.
The Bernoulli distribution is adopted here because the
perturbation operation requires a binary decision for each
channel. Unlike continuous distributions that would
necessitate  additional  discretization, the Bernoulli
distribution directly yields a binary mask in a natural and
parameter-free manner. The scaling factor of 2 further
ensures that the expected value of the masked features
remains unchanged, thus preserving the overall feature
magnitude and preventing training instability. The

m

complementary mask for the branch s, is then constructed as:

mp; =2-my; (23)
so that:
mf} + mlsi =c (24)

where ¢ = 2. As can be seen, the two perturbation branches
form a strictly complementary relationship along the channel
dimension: a channel preserved in one branch is suppressed
in the other, and a channel suppressed in one branch is
activated in the other.

On this basis, to prevent overly strong feature perturbations
from destabilizing model training, we further introduce a
random retention strategy. A subset K of size |N/2] is
uniformly sampled from the batch index set {1, ..., N}. For
the selected samples i € K, no channel perturbation is
applied; that is:

mh=1,m? =1 (25)
In this case, the sample features are propagated through both
branches in their complete form, providing the model with a

stable supervisory signal and partially alleviating over-
regularization. This procedure yields the channel masks M5t
and M2 for the two branches.

Unlike conventional perturbation methods, the same channel
masks are shared across both temporal phases, preserving bi-
temporal alignment in the feature space. The resulting
perturbed features are:

F’fl — &51 0) M51,ﬁ§1 — FBS1 O M5 (26)
P =F* QM* F? =F* QM2 (27)

where M5k € RV*¢>*1*1 g broadcast over spatial dimensions,
and © denotes element-wise multiplication. This enables
learning from complementary subspaces while preserving
temporal consistency.
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Figure 5 — Schematic of the CCFP strategy.

After obtaining the feature representations from the two
complementary feature-level perturbation branches, we
further introduce cross-temporal perturbation at the temporal
level. The CD task inherently exhibits temporal consistency:
regardless of the order in which the two temporal phases are
combined as input, the predicted change regions should
remain the same. Therefore, additional perturbation views
can be constructed by randomly shuffling the temporal order,
which strengthens the model's robustness to temporal
permutations. Specifically, within any perturbation branch
s, (k = 1,2), a random temporal swap operation is applied

to the corresponding bi-temporal features P;:" and FBS k. For
sample i in the batch, a binary random variable is introduced:

Z; ~ Bernoulli(0.5) (28)

where Z; = 1 indicates that the cross-temporal swap is
performed, and Z; = 0 indicates that the original temporal
order is retained. According to this random variable, the two
temporal features are transformed as follows:

. (F*, z,=0
Fi"=[i ’ (29)

F*, z;=1

_ S, 7,=0
F;kzii ‘ (30)

E* Zi=1
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where F,* and F;* denote the feature representations after
cross-temporal perturbation. Through this operation, the
model can observe different temporal arrangements during
training and thereby learn change-discriminative features
that are insensitive to temporal order. It is worth noting that
this perturbation does not alter the true change semantics,
since the goal of CD depends solely on the difference
between two temporal phases rather than on their input order.
By introducing random temporal swapping at the feature
level, the perturbation perspectives are further enriched and
act synergistically with the mentioned complementary
feature perturbation, thereby enhancing the model's
generalization and robustness in semi-supervised settings.

3. EXPERIMENTS AND ANALYSIS

3.1 Experimental setup

This section presents the experiments and analyses of the
proposed SPE-CD, evaluating its performance from both
quantitative and  qualitative  perspectives  through
comparative experiments, ablation studies and experiments
in real-world scenarios. We first introduce the three
experimental datasets and the corresponding parameter
settings. In the comparative experiments, the proposed
method is then benchmarked against eight state-of-the-art
CD methods. Subsequently, ablation analyses are conducted
on the core designs of the proposed method, including the
encoder design, the perturbation strategy and the fine-tuning
strategy. Finally, experiments in real-world scenarios are
carried out to further verify the -effectiveness and
generalization capability of the proposed method.

3.1.1 Evaluation metrics

To quantitatively assess the performance of the proposed
method, four widely used evaluation metrics are adopted:
Precision (Pre), Recall (Rec), F1-score (F1) and Intersection
over Union (IoU). The mathematical formulations of these
metrics are specified below:

where True Positive (TP) and True Negative (TN) denote the
successfully classified changed and unchanged pixels,
respectively, while False Positive (FP) represents unchanged
regions falsely marked as changes and False Negative (FN)
corresponds to actual changes overlooked by the model.
Specifically, Pre indicates the capacity of the network to
minimize false alarms, meaning elevated Pre wvalues
correspond to fewer false detections. Conversely, Rec
characterizes the efficacy in avoiding missed detections,
where higher Rec denotes a lower omission rate. F1 serves
as the harmonic mean that balances Pre and Rec, offering a
comprehensive reflection of the model's overall performance.
Finally, IoU quantifies the spatial overlap between the
predicted segmentations and the ground truth, with superior
IoU reflecting enhanced geometric accuracy.

3.1.2Implementation details

All experiments in this paper were conducted on an NVIDIA
Tesla P100 GPU (16 GB) and implemented using the
PyTorch deep learning framework. All network parameters
were initialized from a zero-mean Gaussian distribution with
a standard deviation of 0.02. The network was trained with
the SGD optimizer, using a momentum of 0.9 and a weight
decay of 0.0005. The total number of training epochs was set
to 80, and the batch size was set to 8 for both the labelled and
unlabelled training sets. The initial learning rate was set to
0.01 and then linearly decayed to 0. For the data
augmentation perturbations involved in our method and in
the compared semi-supervised methods (e.g. UniMatch), the
strong augmentation strategy proposed by Cubuk et al. was
adopted to perturb the unlabelled remote sensing image pairs.
The available operations include identity transformation,
contrast adjustment, auto-contrast, histogram equalization,
brightness adjustment, colour adjustment, posterization,
sharpness enhancement and colour inversion [33]. To
prevent overly strong perturbations from destroying the
semantic information of the images, only two operations are
randomly selected from the above set and combined in each
application.

TP
Pre = ———— (31)
(TP + FP) 3.2 Datasets
Rec = TP (32) To validate the effectiveness of SPE-CD, we select three
(TP + FN) representative publicly available remote sensing CD datasets:
LEVIR-CD [34], WHU-CD [35] and SYSU-CD [36]. These
2Pre X Rec . .
A (33) three datasets are chosen because they are widely used in the
Pre + Rec remote sensing CD community and are highly representative,
TP providing a unified and comparable experimental benchmark
o = ——7—— (34) f luati . .

TP + FN + FP or evaluating model performance. The basic information of
these three datasets is summarized in Table 1. A detailed
description of each dataset is provided below.

Table 1 — Comparison of information from the three used CD datasets.
. Space-resolution  Image- N . .
Datasets Image-size (m/pixel) Train:Val:Test Image-type Changing-objects
LEVIR-CD 1024x1024 0.5 7:1:2 Satellite image building
WHU-CD 3220715 354 0.2 8:1:1 Aerial image building
SYSU-CD 256%256 0.5 20 000 6:2:2 Aerial image Multiple types
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The LEVIR-CD dataset consists of 637 pairs of bi-temporal
high-resolution remote sensing images with a spatial
resolution of 0.5 m/pixel and an image size of 1024 X 1024
pixels, primarily collected from the Google Earth platform.
It covers multiple urban regions across the state of Texas,
USA, spanning 20 different areas with time intervals ranging
from approximately 5 to 14 years, and therefore contains
pronounced land-surface change information. The change
types are dominated by building changes, including
residential buildings, storage facilities and auxiliary
structures, amounting to 31 333 individual building change
instances. Considering computational constraints, the
original images are typically cropped into non-overlapping
256 X256 sub-patches. These sub-patches are then split into
training, validation and test sets according to a fixed ratio
(e.g. 7:1:2), yielding 7,120/1,024 /2,048 pairs, respectively,
to meet the requirements of model training and evaluation.

The WHU-CD dataset, released by Wuhan University,
focuses primarily on building CD. It is built around the urban
reconstruction following the 2011 Christchurch earthquake,
with remote sensing images acquired in 2012 and 2016
forming the bi-temporal pairs. The spatial resolution is
approximately 0.2 m/pixel, and the image quality is
relatively high. The annotations indicate that the two

T1 image T2 image Label T1 image

temporal phases contain 12796 and 16077 building
instances, respectively, effectively reflecting both the
addition and the modification of buildings. Owing to the
large size of the original images, they are cropped into non-
overlapping 256 X256 patches and randomly partitioned into
training, validation and test sets at a ratio of 8:1:1,
corresponding to 5 947/743/744 pairs for model training,
validation and testing.

The SYSU-CD dataset, released by Sun Yat-sen University,
covers the Hong Kong region with images acquired between
2007 and 2014. It comprises 20 000 pairs of bi-temporal
remote sensing image patches, each of size 256 X 256 pixels
with a spatial resolution of 0.5 m/pixel. The dataset is pre-
partitioned into training, validation and test sets at a ratio of
6:2:2, corresponding to 12 000, 4 000 and 4 000 sample pairs,
respectively. The dataset encompasses a variety of complex
change types, such as road expansion, newly constructed
buildings, vegetation changes and suburban expansion, and
it also includes fine-grained scenes such as foundation
changes during early-stage construction. This diverse set of
change patterns makes the dataset suitable not only for
evaluating CD models but also for supporting studies on
urban development and land use evolution. Sample image
pairs from these datasets are shown in Fig. 6.

T1 image T2 image Label

Figure 6 — (a) Samples from the LEVIR-CD dataset; (b) Samples from the WHU-CD dataset; (c) Samples from the SYSU-CD dataset.

3.3 Comparative experiments

3.3.1 Comparison algorithms

In this section, the proposed SPE-CD is compared with eight
state-of-the-art methods, including five purely semi-
supervised methods (S4GAN, SemiCDNet, SemiCD,
CorrMatch and UniMatch), two methods that incorporate
vision foundation models (SAM-CD and ChangeDINO) and
one semi-supervised method built upon a foundation model
(SemiCD-VL).

S4GAN [37]: This method introduces a generative
adversarial network into semi-supervised CD, using
adversarial learning between a generator and discriminator
to exploit wunlabelled data for improved feature
discrimination.

SemiCDNet [15]: This method adopts consistency
regularization with pseudo-label learning, enforcing
prediction consistency under different perturbations to
improve generalization from unlabelled data.

SemiCD [22]: This method builds a general semi-supervised
framework based on pseudo-label supervision, leveraging
unlabelled data to improve detection performance.

CorrMatch [38]: This method models pixel-level or region-
level correspondences between bi-temporal features via
correlation matching, improving change localization and
feature consistency.

UniMatch [39]: This method integrates consistency learning
with pseudo-labels under a unified semi-supervised
framework, using multi-view augmentation to enhance
unlabelled data utilization.

SAM-CD [40]: This method leverages the segmentation
capability of SAM as an auxiliary module to improve
boundary delineation and segmentation accuracy in CD.

ChangeDINO [31]: This method utilizes DINOv3 as a
feature extractor and performs CD based on bi-temporal
feature differencing under a semi-supervised setting.
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SemiCD-VL [41]: This method incorporates a vision—
language foundation model to introduce cross-modal
semantic information, improving representation learning and
robustness in complex scenes.

3.3.2LEVIR-CD experiment
analysis

results and

The quantitative results on the LEVIR-CD dataset are
reported in Table 2, including F1, IoU, precision and recall
under different annotation ratios (5%, 10%, 20% and 40%).
Overall, SPE-CD achieves the best F1 score and IoU across
all settings, demonstrating the effectiveness of integrating
semi-supervised learning with semantic priors from vision
foundation models. Specifically, at 5% annotation, SPE-CD
achieves an F1 of 91.73% and an IoU of 84.54%,
outperforming the second best method (UniMatch) by 2.44%
and 4.03%, respectively. At 10%, it further achieves 92.34%
F1 and 85.84% IoU, exceeding UniMatch by 1.97% and
3.59%. At 20%, SPE-CD reaches 92.63% F1 and 86.36%
IoU, surpassing SemiCD-VL by 1.25% and 2.27%. At 40%,
it obtains 92.87% F1 and 86.69% IoU, outperforming
ChangeDINO by 1.10% and 1.89%. Compared with the fully
supervised baseline (Only-sup), SPE-CD consistently
improves F1 by 3.41%, 2.21%, 1.57% and 1.36%, and IoU
by 5.61%, 3.88%, 3.18% and 2.39% under increasing label
ratios (5% to 40%). The performance gain gradually
decreases as the annotation ratio increases, indicating that
semantic priors from foundation models are particularly
beneficial under low label conditions. Meanwhile, the
marginal improvement of SPE-CD also gradually saturates
with increasing labels, suggesting diminishing returns from
additional supervision, while still maintaining a consistent
advantage. Further analysis shows that under extremely low
label settings (5%-10%), semi-supervised methods
generally outperform methods relying solely on fully
supervised training with foundation models, highlighting the
importance of leveraging unlabelled data. As the annotation
ratio increases, this gap narrows, and foundation model-
based methods become increasingly competitive, reflecting
their stronger ability to exploit semantic priors when
supervision becomes moderately sufficient. Notably,
SemiCD-VL achieves a consistently strong performance
across all settings, further confirming the effectiveness of
incorporating vision foundation model representations. In
summary, SPE-CD consistently achieves superior
performance across all annotation ratios, with particularly

significant gains in low label scenarios, demonstrating the
effectiveness of combining semi-supervised learning with
foundation model priors for CD.

Fig. 7 presents the prediction results of different methods on
the LEVIR-CD dataset, where the label ratio used for
training is 20%. To intuitively display the detection results,
True Positives (TPs) are shown in white, True Negatives
(TNs) in black, False Negatives (FNs, missed detections) in
green and False Positives (FPs, false detections) in red.
Specific regions in two of the examples are highlighted with
local bounding boxes to better emphasize the details of the
detection results. As shown in Fig.7 (1)-(4), SPE-CD
achieves the best overall detection performance compared
with the other methods. Specifically, in Fig. 7 (1), SPE-CD
provides the most complete detection of newly constructed
buildings; under mild shadow and vegetation interference, it
yields the fewest missed and false detections along the object
edges. In Fig. 7 (2), SPE-CD achieves the most accurate
detection of regular-scale buildings, with significantly
reduced missed and false detections at the edges; in
particular, it can still precisely recognize small-scale objects
(as indicated by the blue box). In Fig. 7 (3), because the
newly constructed buildings exhibit colours similar to the
background, the compared methods, especially those without
semantic prior information, tend to miss changes, thereby
compromising the structural integrity of the objects.
Although the compared methods that incorporate foundation
models can detect changed regions more completely, their
edge localization remains imprecise, resulting in numerous
false detections (especially SAM-CD). By contrast, SPE-CD
performs better, not only preserving the integrity of the
objects but also effectively identifying small-scale change
targets that the compared methods overlook. In Fig. 7 (4), for
small-scale changed objects that are likewise difficult to
distinguish from the background (highlighted by the blue
boxes), the compared methods, particularly those without
semantic prior information, often miss entire small-scale
instances. Although methods that incorporate foundation
models can detect the changed regions, the results remain
incomplete. By comparison, SPE-CD still delivers the best
performance, providing more complete and accurate
detection of such targets. Overall, SPE-CD not only fully
exploits the latent information contained in unlabelled data
but also effectively integrates the semantic priors offered by
the vision foundation model, thereby achieving the best
visual performance on the building CD task.
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Figure 7 — Visualization results of different methods on the LEVIR-CD dataset under the 20% label ratio. (1)—(4) represent four sample
groups from the test set.

Table 2 — Quantitative accuracy evaluation of different methods on the LEVIR-CD dataset.

5% 10%

Method
F1(%) IoU(%) Pre(%) Rec(%) | F1(%) IoU(%) Pre(%) Rec(%)

Only-sup 88.32 78.93 89.33 87.32 90.13 81.96 91.24 89.05

S4GAN 78.26 64.29 86.70 71.33 81.57 68.93 87.96 76.01
SemiCDNet 81.52 68.81 88.60 75.49 84.26 72.84 89.47 79.63
SemiCD 85.18 74.19 91.37 79.79 87.18 77.24 91.62 83.26

CorrMatch 87.36 77.44 88.31 86.42 88.64 79.58 89.72 87.61
UniMatch 89.29 80.51 90.23 88.38 90.37 82.25 91.58 89.19

SAM-CD 83.91 72.18 86.83 81.27 85.86 75.36 88.34 83.62
ChangeDINO | 86.74 76.42 88.05 85.51 88.96 80.13 90.26 87.82

SemiCD-VL 89.24 80.40 90.14 88.35 90.28 82.01 91.63 89.36

SPE-CD 91.73 84.54 92.70 90.79 92.34 85.84 91.58 93.13

20% 40%

Method
F1(%) IoU(%) Pre(%) Rec(%) | F1(%) IoU(%) Pre(%) Rec(%)

Only-sup 91.06 83.18 91.03 91.09 91.51 84.30 92.30 90.75

S4GAN 84.08 72.56 88.79 80.16 86.78 76.64 89.48 84.24
SemiCDNet 85.79 75.14 90.27 81.82 86.47 76.16 90.15 83.07
SemiCD 87.91 78.46 91.12 85.21 88.26 78.99 90.83 85.84

CorrMatch 89.02 80.06 90.11 88.05 89.13 80.40 90.03 88.25
UniMatch 90.79 83.16 91.27 90.31 91.01 83.51 92.43 89.61

SAM-CD 88.87 80.14 91.08 86.81 90.76 83.17 92.30 89.36
ChangeDINO | 91.19 83.86 92.51 90.04 91.77 84.80 92.71 90.85

SemiCD-VL 91.38 84.09 91.21 91.55 91.63 84.57 92.95 90.35

SPE-CD 92.63 86.36 92.88 91.42 92.87 86.69 93.00 92.75
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3.3.3WHU-CD
analysis

experiment results and

The quantitative results on the WHU-CD dataset are reported
in Table 3, including F1, IoU, precision and recall under
different annotation ratios (5%, 10%, 20% and 40%). Overall,
SPE-CD achieves the best F1 and IoU across all settings,
demonstrating the effectiveness of integrating semi-
supervised learning with semantic priors from vision
foundation models. Specifically, at 5% annotation, SPE-CD
achieves an F1 of 92.56% and an IoU of 86.74%,
outperforming the best competing methods by 2.70% and
3.89%, respectively, while also achieving 93.21% precision
and 91.93% recall. At 10%, 20% and 40%, it improves F1 by
2.09%, 1.10% and 1.21%, and IoU by 3.68%, 1.99% and
0.24%, respectively, over the best competitors, while
maintaining consistent superiority. Compared with the fully
supervised baseline (Only-sup), SPE-CD improves F1 by
4.44%,3.95%, 1.94% and 1.57%, and IoU by 3.89%, 3.68%,
2.73% and 1.20% under increasing label ratios, with gains
gradually decreasing as supervision increases. Performance
also remains stable across settings, indicating mild saturation
at higher annotation ratios. Under low label conditions
(5%—10%), semi-supervised methods outperform fully
supervised foundation model-based approaches
(e.g. SAM-CD). As the label ratio increases, methods such
as ChangeDINO become competitive, showing improved
utilization of semantic priors under sufficient supervision.
SemiCD-VL also maintains a strong performance across all
settings. In summary, SPE-CD consistently achieves
superior performance, particularly under low label
conditions, demonstrating the effectiveness of combining
semi-supervised learning with foundation model priors for
CD.

Fig. 8 presents the prediction results of different methods on
the WHU-CD dataset, where the training label ratio is 20%.
As shown in Fig. 8 (1)-(4), SPE-CD achieves the best overall
performance compared with competing methods. In Fig. 8
(1), for irregularly shaped newly constructed buildings,
semi-supervised methods tend to suffer from severe missed
and false detections, while foundation model-based methods
alleviate this issue to some extent but still struggle with
accurate boundary localization. In contrast, SPE-CD
produces more complete and precise change regions.
In Fig. 8 (2), for small-scale irregular buildings, competing
methods exhibit noticeable boundary errors, whereas SPE-
CD achieves more accurate and fine-grained edge
delineation. In Fig. 8 (3), in the presence of confusing objects
such as vehicles, most competing methods fail to distinguish
true changes from interference, resulting in significant
missed detections. Although foundation model-based
methods can capture more change regions, their results

remain incomplete. By comparison, SPE-CD shows stronger
robustness and more complete change extraction under
complex backgrounds. In Fig. 8 (4), for densely distributed
irregular changes, competing methods often suffer from
boundary blurring and object merging, whereas SPE-CD
effectively preserves structural integrity and achieves more
accurate boundary localization, leading to the best overall
performance. Overall, SPE-CD effectively exploits
unlabelled data while leveraging semantic priors from vision
foundation models, resulting in superior visual performance
for CD.

3.3.4SYSU-CD
analysis

experiment results and

The quantitative results on the SYSU dataset are reported in
Table 4, including F1, IoU, precision and recall under
different annotation ratios (5%, 10%, 20% and 40%). Overall,
SPE-CD achieves the best F1 and IoU across all settings,
demonstrating the effectiveness of integrating semi-
supervised learning with semantic priors from vision
foundation models. Specifically, at 5% annotation, SPE-CD
achieves an F1 of 81.36% and an IoU of 68.67%,
outperforming the best competing method (UniMatch) by
1.48% and 2.24%, respectively. At 10%, 20% and 40%, it
improves F1 by 0.98%, 0.19% and 0.54%, and IoU by 1.46%,
0.24% and 0.83%, respectively. Although the performance
gap gradually narrows with increasing annotation ratios,
SPE-CD consistently maintains the best performance.
Compared with the fully supervised baseline (Only-sup),
SPE-CD improves F1 by 5.15%, 3.80%, 2.49% and 1.28%,
and IoU by 7.09%, 5.50%, 3.47% and 1.84% under 5%, 10%,
20% and 40% annotation ratios, respectively. The gains
decrease as more labelled data is available, indicating that
semantic priors are more beneficial under low label
conditions. Meanwhile, performance improvements of SPE-
CD itself gradually saturate with increasing annotations,
suggesting diminishing returns from additional supervision
while still maintaining overall superiority. Across methods,
semi-supervised approaches generally outperform fully
supervised methods incorporating foundation models under
low label settings (5%-10%). As the annotation ratio
increases, methods such as SAM-CD and ChangeDINO
become more competitive, reflecting improved utilization of
semantic priors under moderate supervision. SemiCD-VL
consistently achieves a strong performance across all settings,
further confirming the effectiveness of foundation model
integration. In summary, SPE-CD consistently achieves
superior performance across all annotation ratios,
particularly under low label conditions, demonstrating the
effectiveness of combining semi-supervised learning with
foundation model priors for CD.
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Figure 8 — Visualization results of different methods on the WHU-CD dataset under the 20% label ratio.

Table 3 — Quantitative accuracy evaluation of different methods on the WHU-CD dataset.

5% 10%
Method
F1(%) IoU(%) Pre(%) Rec(%) F1(%) IoU(%) Pre(%) Rec(%)

Only-sup 88.12 82.85 90.21 86.12 89.46 83.98 91.03 87.95
S4GAN 51.60 68.08 79.23 59.68 63.42 46.43 74.11 55.34
SemiCDNet 71.09 55.14 79.89 64.03 78.56 64.67 83.21 74.39
SemiCD 79.36 65.79 79.60 79.13 83.27 71.25 82.41 84.16
CorrMatch 85.18 75.23 88.37 82.21 87.91 78.45 90.12 85.80
UniMatch 89.86 82.13 93.19 86.76 91.32 83.92 93.21 89.53
SAM-CD 78.58 65.14 88.54 70.64 84.63 72.98 92.67 77.82

ChangeDINO 83.63 71.87 89.91 78.17 88.54 79.56 92.13 85.22

SemiCD-VL 89.70 81.32 94.00 85.77 91.08 83.61 93.55 88.74

Ours 92.56 86.74 93.21 91.93 93.41 87.66 94.02 92.81
20% 40%
Method

F1(%) IoU(%)  Pre(%)  Rec(%) F1(%) IoU(%)  Pre(%)  Rec(%)

Only-sup 91.27 84.62 92.54 90.03 92.18 85.96 93.12 91.26
S4GAN 80.15 67.04 85.41 75.50 86.25 75.83 91.20 81.81
SemiCDNet 84.67 73.45 88.02 81.57 88.32 79.08 90.15 86.55
SemiCD 85.94 75.36 86.73 85.17 87.65 78.01 86.67 88.65
CorrMatch 89.21 80.53 91.02 87.47 90.31 82.86 91.63 89.03
UniMatch 92.11 85.36 92.34 91.89 91.67 85.34 92.50 90.85
SAM-CD 90.93 82.10 93.93 88.11 90.86 80.31 91.71 90.03

ChangeDINO 91.83 84.82 93.22 90.48 92.54 86.92 93.64 91.47

SemiCD-VL 92.05 85.27 93.11 91.01 92.47 85.99 93.24 91.71

Ours 93.21 87.35 93.86 92.58 93.75 87.16 93.41 94.10
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Table 4 — Quantitative accuracy evaluation of different methods on the SYSU-CD dataset.

5% 10%
Method
F1(%) IoU(%)  Pre(%)  Rec(%) | F1(%) IoU(%)  Pre(%)  Rec(%)

Only-sup 76.21 61.58 77.84 74.66 78.94 65.10 80.12 77.79
S4GAN 68.72 52.36 77.15 61.96 71.43 55.51 78.94 65.21
SemiCDNet 70.18 54.06 78.23 63.66 72.96 57.36 80.02 66.90
SemiCD 73.41 58.01 81.52 66.78 70.61 54.54 89.14 58.61
CorrMatch 73.94 58.66 75.08 72.83 74.96 59.91 76.88 73.14
UniMatch 79.88 66.43 82.11 77.79 81.76 69.14 84.06 79.57
SAM-CD 73.85 58.57 76.92 71.03 76.18 61.47 79.63 73.02

ChangeDINO 78.52 64.46 80.96 76.24 80.91 67.92 83.11 78.85

SemiCD-VL 79.36 65.83 81.77 77.09 81.42 68.65 83.78 79.18
SPE-CD 81.36 68.67 83.02 79.76 82.74 70.60 84.15 81.37
20% 40%
Method
F1(%) IoU(%)  Pre(%)  Rec(%) | F1(%) IoU(%)  Pre(%)  Rec(%)

Only-sup 80.63 67.61 81.74 79.55 82.34 70.01 83.45 81.28
S4GAN 72.94 57.38 83.12 64.86 75.16 60.23 86.37 66.52
SemiCDNet 72.36 56.64 80.74 65.57 74.32 59.13 82.29 67.75
SemiCD 72.52 56.88 91.03 60.26 75.86 61.18 83.40 69.55
CorrMatch 75.66 60.84 76.22 75.13 77.22 62.94 78.42 76.05
UniMatch 82.06 69.47 87.32 77.41 82.27 68.41 88.16 77.12
SAM-CD 76.51 61.96 82.05 71.68 78.12 64.10 82.14 74.48
ChangeDINO 81.17 68.24 84.83 77.68 82.21 69.70 84.92 79.69
SemiCD-VL 82.93 70.84 87.89 78.51 83.08 71.02 87.96 78.64
SPE-CD 83.12 71.08 87.12 78.29 83.62 71.85 88.21 79.08

Immu B 3 - SemiCD CorrMatch UniMatch SAM-CD  ChangeDINO  SemiCD-VL Ours

Image A

Figure 9 — Visualization results of different methods on the SYSU-CD dataset under the 20% label ratio.
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Fig. 9 presents the qualitative results of different methods on
the SYSU-CD dataset, with a training label ratio of 20%. As
shown in Fig. 9 (1)-(4), SPE-CD achieves the best overall
performance compared with the competing methods. In
Fig. 9 (1), for complex scenarios involving dense building
changes and transitions between vegetation and bare land,
SPE-CD more completely captures the changed regions,
whereas the other methods suffer from obvious omissions,
particularly failing to model fine-grained changes within
dense building areas. In Fig. 9 (2), for newly added boats
along water boundaries, purely semi-supervised methods
tend to miss change objects due to insufficient semantic
modelling, while foundation model-based methods can
roughly locate changes but often produce false positives near
boundary regions. In contrast, SPE-CD not only accurately
localizes the changed area but also correctly identifies small-
scale boats in the upper-right region (highlighted in the blue
box), demonstrating stronger fine-detail perception. In Fig. 9
(3), under complex building-related change scenarios, semi-
supervised methods struggle to fully cover the changed
regions, whereas foundation model-based methods are prone
to misclassifying background as change. SPE-CD effectively
suppresses false positives while significantly reducing
missed detections, yielding more reliable results. In Fig. 9(4),
for changes between roadside bare land and vegetation, SPE-
CD provides more accurate and spatially continuous
boundary delineation. In particularly, in local regions (blue
box), most competing methods exhibit varying degrees of
omission, whereas SPE-CD maintains better structural
completeness. Overall, SPE-CD not only effectively exploits
information from unlabelled data but also integrates
semantic priors from vision foundation models, leading to
more complete and accurate change region detection in
complex scenes and consistently superior visual
performance.

3.4 Ablation experiments

To comprehensively validate the effectiveness of each
proposed module, we design systematic ablation
experiments on the LEVIR-CD dataset. The training strategy
is kept consistent across all models to ensure the fairness and
comparability of the experimental results. The experimental
design and the corresponding quantitative results are
summarized in Table 5, where: (a) only the classical
ResNet50 is used as the backbone for feature extraction,
without the proposed SPE-Encoder; (b) the SPE-Encoder is
adopted but the complete CCFP strategy is not used; instead,
only cross-temporal feature perturbation is applied; (c) the
SPE-Encoder is adopted, but the complete CCFP strategy is
not used; instead, only the complementary feature
perturbation strategy is applied; (d) the complete SPE-CD
method.

(1) The SPE-Encoder substantially improves feature
representation under low label conditions. As shown by the
comparison between (a) and (d) in Table 5, removing the
SPE-Encoder leads to a consistent performance degradation
across all annotation ratios. At the 5% annotation ratio, the
F1 score drops from 91.73% to 84.17% (—7.56%) and IoU
from 84.54% to 72.36% (—12.18%). Similar trends are
observed at 10%, 20% and 40%, where F1 decreases by
5.72%, 3.99% and 3.09%, and IoU by 10.59%, 7.03% and
5.95%, respectively. The performance gap gradually narrows
as the annotation ratio increases, indicating that semantic
priors are particularly critical under extreme label scarcity.
In contrast to ResNet50-based feature extractors that rely
heavily on limited supervision, the SPE-Encoder leverages
pre-trained visual knowledge to provide more stable and
discriminative  semantic  representations, effectively
mitigating pseudo-label noise and improving semi-
supervised CD performance.

Table 5 — Ablation results of each module on the LEVIR-CD dataset.

Method | sPE-Ensoder CIneneny Crostenpord
F1(%) ToU(%) F1(%) 1oU(%)
(a) x v x/ 84.17 72.36 86.62 75.25
(b) \/ x S 88.31 79.68 89.27 80.91
(c) d d x 90.12 82.43 90.38 82.74
(d) \/ S 91.73 84.54 92.34 85.84
Mot | SPencoder (U Cpetonmon
F1(%) ToU(%) F1(%) 1oU(%)
(a) x N S 88.64 79.33 89.78 80.74
(b) S x S 89.36 81.27 90.41 82.63
(c) V V x 91.18 83.72 91.36 84.28
(d) V S 92.63 86.36 92.87 86.69
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(2) The complementary feature perturbation strategy
effectively enhances the diversity and robustness of feature
representations. As shown by the comparison between (b)
and (d) in Table 5, removing this module results in
performance degradation across all annotation ratios. At 5%
annotation, the F1 score decreases from 91.73% to 88.31%
(—3.42%) and IoU from 84.54% to 79.68% (—4.86%).
Similar declines are observed at 10%, 20% and 40%, with F1
dropping by 3.27%, 3.07% and 2.46% and IoU by 4.93%,
5.09% and 4.06%, respectively. These results show that
constructing complementary feature subspaces enables the
model to capture change information from multiple views,
improving representation completeness. Compared with
conventional random perturbation, the proposed structured
channel masking reduces redundancy and enhances
discriminative feature learning under complex change
patterns.

(3) The cross-temporal feature perturbation strengthens the
consistency modelling of change discrimination. As shown
by the comparison between (c) and (d) in Table 5, its removal
also leads to a performance drop across all annotation ratios.
Specifically, F1 decreases by 1.61%, 1.96%, 1.45% and
1.51% at 5%, 10%, 20% and 40%, respectively, while loU
decreases by 2.11%, 3.10%, 2.64% and 2.41%. Although the
performance drop is smaller than that caused by removing
complementary perturbation, the improvement remains
consistent. This is attributed to the temporal swap operation,
which disrupts fixed temporal correspondence and
encourages the model to learn invariant change
representations under different temporal configurations,
thereby improving robustness and generalization.
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Figure 10 — Comparison of intermediate feature visualizations
from the ablation experiments on the LEVIR-CD dataset under
the 20% label ratio. (a) — (d) correspond to the different ablation
settings, respectively.

To provide an intuitive comparison, Fig. 10 presents
intermediate feature heatmaps of five randomly selected
samples under the 20% training data ratio for different
ablation settings, while Fig. 11 shows the corresponding CD
results. From the feature visualizations, configuration (a),
which does not include the SPE-Encoder, exhibits weak
foreground responses, dispersed activations in changed
regions, and limited contrast between foreground and
background, leading to blurred boundaries. In addition,
noticeable background activations indicate sensitivity to

texture noise, which degrades localization accuracy.
Consistently, its CD results show incomplete structures,
frequent missed detections, and coarse boundaries,
particularly in small-scale or boundary-complex regions,
highlighting insufficient feature discriminability. By contrast,
configurations incorporating the SPE-Encoder (b, c, and d)
show markedly stronger and more focused responses in
changed regions, with improved background suppression.
This demonstrates that semantic priors from pre-trained
models enhance feature discriminability and improve
separation between changed and unchanged areas. Further
comparisons of perturbation strategies show that
configuration (b), without complementary feature
perturbation, produces relatively uniform responses but
suffers from discontinuous or missing activations in some
regions. Configuration (c), without cross-temporal
perturbation, yields stronger overall responses but still shows
false activations and incomplete boundaries in complex areas.
In terms of CD results, (b) achieves reasonable coverage but
exhibits fragmented predictions and local omissions, while
(c) produces more complete regions but introduces
additional false positives and boundary imprecision. These
results suggest that single perturbation strategies cannot
jointly ensure feature diversity and temporal consistency. In
contrast, configuration (d) produces the most stable and well-
structured responses, with strong activation in changed
regions, clear boundaries, and effective suppression of
background noise. Its CD results show more complete and
continuous change regions, more accurate boundary
localization, and significantly reduced missed and false
detections, especially in small-scale and complex boundary
cases. This confirms that the proposed CCFP strategy
enhances feature diversity and improves robustness in
modelling complex change patterns.

EoESE
FEEEE

Image A Imagc B

Figure 11 — Comparison of CD results from the ablation
experiments on the LEVIR-CD dataset under the 20% label ratio.
(a) — (d) correspond to the different ablation settings, respectively.

To further evaluate the spatial-frequency decoupled
adaptation mechanism, ablation studies are conducted on the
encoder using the LEVIR-CD dataset, considering three
settings: (a) frozen backbone, (b) uniform fine-tuning, and (c)
the proposed spatial-frequency decoupled adaptation.
Results are reported in Table 6. Comparing (a) and (c),
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freezing the backbone leads to a substantial performance
drop across all annotation ratios. At 5% supervision, F1
decreases from 91.73% to 81.26% (—10.47%) and IoU from
84.54% to 69.18% (—15.36%). Similar trends are observed
at higher ratios. This indicates that although pre-trained
vision models provide strong semantic priors, direct transfer
without adaptation fails due to the domain gap between
natural images and remote sensing data, and may even cause
negative transfer. Comparing (b) and (c), introducing fine-
tuning significantly improves performance (e.g. F1 increases
to 88.37% at 5%), confirming the necessity of adaptation.
However, a performance gap remains, as uniform spatial-
domain tuning ignores frequency-specific characteristics,
limiting further gains. The gap is more pronounced under
low label conditions, indicating that encoder design is
particularly critical when supervision is scarce. Overall, the
proposed spatial-frequency decoupled adaptation effectively
mitigates cross-domain semantic shift and improves multi-
granularity feature modelling, thereby enhancing robustness
and accuracy in semi-supervised CD.

Image A

Figure 12 — Comparison of intermediate feature visualizations

from the ablation experiments on the LEVIR-CD dataset under

the 20% label ratio. (a) — (c) correspond to the different ablation
settings, respectively.

Fig. 12 shows feature heatmaps under the same 20% training
ratio for configurations (a), (b) and (c). Configuration (a)
shows weak and poorly discriminative responses, reflecting
poor transferability of frozen pre-trained features to remote
sensing data. Configuration (b) improves foreground
activation and overall feature quality but still exhibits blurred
boundaries in regions with fine-grained changes due to
uniform spatial fine-tuning. In contrast, configuration (c)
produces the most structured and stable responses,
with stronger and more continuous activations in changed

regions, better preserved structural integrity, and clearer
boundary details. It also retains global consistency while
enhancing local detail sensitivity, indicating effective
integration of both low and high frequency information.

Table 6 — Ablation results for the encoder structure on the
LEVIR-CD dataset.

5% 10%

Method

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

(a)Completely frozen 81.26 69.18 83.13 71.26
(b)Uniform fine-tuning | 88.37 80.37 89.40 82.11

(c)Proposed (Ours) 91.73 84.54 92.34 85.84

20% 40%

Method

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

(a)Completely frozen 84.26 72.47 85.35 74.16
(b)Uniform fine-tuning | 90.91 83.28 91.41 83.74

(c)Proposed (Ours) 92.63 86.36 92.87 86.69

3.5 Comparison of real-world

scenarios

change

To further verify the effectiveness and generalization of the
proposed method in real-world settings, this section conducts
supplementary experiments under realistic scenarios.
Specifically, optical remote sensing images of Fushan
District, Yantai City, Shandong Province, acquired by the
Dongfang Huiyan Gaofen-01 satellite between 2024 and
2026, are used to construct a bi-temporal CD sample set that
closely reflects practical application needs. The sample set
focuses primarily on the dynamic changes of urban
construction land, with the dominant change type being
newly constructed buildings on bare land or vegetated areas,
which is highly representative of real-world conditions. In
terms of experimental setup, this section compares the
proposed method with the mentioned eight competing
methods. To ensure a fair comparison, all methods use the
optimal model weights obtained by training on the LEVIR-
CD dataset at the 40% annotation ratio. Given that the
constructed real-world sample set is similar in change type
to LEVIR-CD, where the dominant pattern is newly
constructed buildings, these weights provide a strong basis
for transfer. On this basis, all methods are directly applied to
the real remote sensing data without any additional fine-
tuning, allowing a unified evaluation of their robustness and
generalization capability in real-world scenarios.
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Figure 13 — Visualization results of different methods on the real-world sample set under the 40% label ratio. (1) — (5) represent
the five sample groups in the sample set.

Table 7 — Quantitative results of different methods
on the real-world samples.

Method F1(%) IoU(%) Pre(%)  Rec(%)
S4GAN 15.60 8.46 99.86 8.46
SemiCDNet 18.36 10.11 98.01 10.12
SemiCD 30.38 17.91 99.17 17.94
CorrMatch 34.87 21.12 94.62 21.37
UniMatch 59.23 42.08 97.43 42.52
SAM-CD 54.79 37.73 97.21 38.14
ChangeDINO 63.86 46.91 99.12 47.08
SemiCD-VL 64.07 47.13 88.36 50.27
SPE-CD 65.27 48.44 80.26 54.96

The quantitative results on the five real remote sensing
samples are reported in Table 7. Across all four evaluation
metrics, SPE-CD achieves the best performance.
Specifically, F1 and IoU reach 65.27% and 48.44%,
exceeding the second best method, SemiCD-VL (64.07%
and 47.13%), by 1.20% and 1.31%, respectively. In terms of
Pre and Rec, SPE-CD also achieves a favourable balance,
with Rec reaching 54.96%, which is markedly higher than
that of the other methods, indicating a clear advantage in
reducing missed detections. From the overall trend, purely
semi-supervised methods (e.g. S4GAN and SemiCDNet)
generally suffer from substantial missed detections and
exhibit relatively low Rec values. In contrast, methods that
incorporate foundation models (e.g. ChangeDINO and
SemiCD-VL) can effectively enhance the perception of
changed regions and substantially reduce the missed
detection rate.

The corresponding qualitative visualization results are

shown in Fig. 13. Overall, under few-shot training conditions,

SPE-CD, which integrates the SPE-Encoder with an

effective semi-supervised training strategy, achieves
superior detection performance on real-world samples and
produces more complete and reliable CD results.
Specifically, in Fig. 13 (1), all methods have some difficulty
in identifying the newly constructed buildings in the upper
right and fail to achieve complete detection. By comparison,
SPE-CD identifies more detailed areas, with the smallest
extent of missed detections and relatively more complete
results. In Fig. 13 (2), the small-scale change targets further
increase the detection difficulty, and the competing methods
almost completely miss the changed objects, whereas SPE-
CD is able to recover as many changed regions as possible.
In Fig. 13 (3), the small-sized building cluster in the lower
left is hard to recognize, and most methods miss it almost
entirely. SPE-CD, despite producing some false detections,
still manages to detect the newly constructed buildings as
much as possible, which aligns more closely with the
practical principle of "prioritizing the reduction of missed
detections." In Fig. 13 (4), SPE-CD achieves the most
complete detection of the large-scale buildings at the bottom,
while also demonstrating a certain perception capability for
the harder-to-recognize targets at the top, reflecting stronger
generalization performance. In Fig. 13 (5), because the
corresponding objects exhibit clear spatial misalignment, the
boundary between changed regions and pseudo-changes
becomes blurred, substantially increasing the detection
difficulty. Although SPE-CD produces some false detections,
it still covers more of the true changed regions, effectively
reduces missed detections, and achieves the best overall
detection performance. It should be noted that, although
methods incorporating foundation models can learn richer
semantic priors from large-scale data and thereby improve
performance to a certain extent, they still exhibit limitations
in real-world scenarios. This is mainly due to the distribution
gap between real application data and training data, as well
as the common presence of spatial misalignment,
illumination  variations, and complex background
interference in  real remote sensing imagery.
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These factors make pseudo-changes harder to distinguish
from real changes, thereby significantly increasing the
overall difficulty of CD in practical applications.

4, CONCLUSION

In this article, we propose SPE-CD, a semantic prior-
enhanced semi-supervised method for on-board change
detection, designed to achieve robust CD under limited
annotation conditions in high-resolution remote sensing
imagery. To address the challenges posed by scarce labelled
data and the underutilization of unlabelled data, SPE-CD
effectively  enhances  feature  representation  and
generalization by incorporating selectively fine-tuned
semantic priors from a vision foundation model and a
tailored feature perturbation mechanism. Specifically, an
SPE-Encoder built upon a spatial-frequency decoupling
mechanism adaptively corrects frequency band-wise domain
shifts while preserving general semantic information, while
the proposed CCFP strategy constructs complementary
channel masks and cross-temporal feature swapping within
a consistency learning framework to learn more stable and
discriminative change features. Extensive experiments on
three representative public datasets and real-world scenarios
demonstrate that SPE-CD consistently outperforms several
mainstream semi-supervised methods and state-of-the-art
foundation model-based approaches in both quantitative and
qualitative results, highlighting its strong robustness to
complex change patterns. In the future, we plan to further
reduce the model's dependency on manually labelled data
through more efficient foundation model adaptation

strategies and lightweight semi-supervised learning
frameworks.
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