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Abstract—1In conventional remote sensing change detection
(RSCD) procedures, extensive manual labeling for bi-temporal
images is first required to maintain the performance of subse-
quent fully supervised training. However, pixel-level labeling for
change detection (CD) tasks is very complex and time-consuming.
In this article, we explore a novel self-supervised contrastive
framework applicable to the RSCD task, which promotes the
model to accurately capture spatial, structural, and semantic
information through the domain adapter (DA) and the hierar-
chical contrastive head. The proposed SSLChange framework
accomplishes self-learning only by taking a single-temporal sam-
ple and can be flexibly transferred to mainstream CD baselines.
With self-supervised contrastive learning, feature representation
pretraining can be performed directly based on the original data
even without labeling. After a certain number of labels are sub-
sequently obtained, the pretrained features will be aligned with
the labels for fully supervised fine-tuning. Without introducing
any additional data or labels, the performance of downstream
baselines will experience a significant enhancement. Experimental
results on two entire datasets and six diluted datasets show that
our proposed SSLChange improves the performance and stability
of CD baseline in data-limited situations. The code of SSLChange
is available at https://github.com/MarsZhaoYT/SSLChange

Index Terms— Change detection (CD), domain adaption, hier-
archical features, image contrastive learning, remote sensing (RS)
images, self-supervised learning (SSL).

I. INTRODUCTION

HANGE detection (CD) task plays a crucial role in land
C use and land cover (LULC), which aims at detecting and
highlighting the changed regions in bi-temporal and multitem-
poral remote sensing (RS) image sequences [1].
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Fig. 1. (a) Previous CD tasks versus (b) our SSLChange. Illustration of
the fine-tuning method with a clipped pretrained encoder. E.-T. represents
downstream fine-tuning.

Benefiting from the rapid growth of aerospace imaging
platforms, a variety of RS images with different resolutions
and modalities have greatly facilitated breakthroughs in CD
technology. Generally, the CD framework takes registered RS
images of the same location acquired at different times as
input and identifies changed objects [2]. Considering the wide
coverage area of RS images, CD technology automatically and
efficiently retrieves changed pixels from large-scale images,
greatly reducing the pressure of manual interpretation [3].
Therefore, CD technology is widely applied in urban plan-
ning, disaster assessment, environmental monitoring, and other
fields [4].

The combination of CD and computer vision has derived
numerous excellent algorithms in RSCD tasks [5], [6], [7],
[8], [9], [10], [11]. The algorithmic accuracy and efficiency
of CD technology have been significantly improved with
the dual support of computing power and data resources,
promoting a wide range of applications in the fields of land-use
planning and street view detection. However, the remarkable
successes of such data-driven methods cannot conceal the
fatal drawback of severe reliance on large amounts of manual
annotations [1]. From the perspective of algorithm strategy, the
above-mentioned CD methods belong to the applications of
fully supervised learning, in which the deep features extracted
from the deep models are compared with the manually anno-
tated ground truth (GT), and then the model is guided to
optimize by well-designed loss evaluation metrics. Due to
the diversity of RS data format and the requirement for
prior knowledge of interpretation, only a few datasets with
annotated information are accessible for CD tasks [12]. Data
annotation remains a challenging procedure in the RS com-
munity. Some researchers proposed several unsupervised CD
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algorithms to handle the label-limited constraint and obtained
promising results [13], [14], [15], [16], [17]. To alleviate the
limitation of insufficient annotated data, a feasible solution is
to perform data augmentation on the labeled datasets to enlarge
the data volume [18]. Commonly employed data augmentation
methods include random cropping and shifting, rotation and
flipping, random scaling, brightness adjustment, and noise
addition [19], [20]. Another formulation of data augmentation
is to perform random masking or mixing on the input patches,
such as Mixup [21], Cutout [22], and CutMix [23]. These
augmentation methods have sparked remarkable performance
in computer vision downstream tasks, but the lack of labeled
data remains an obstacle in the RS community.

While fully supervised learning methods have achieved
excellent performance, the research interest has gradually
shifted to self-supervised learning (SSL) methods. In SSL-
based tasks, the model is encouraged to autonomously explore
the latent feature from the unlabeled data by constructing pre-
text tasks. Then, the visual representation ability is transferred
to downstream tasks. Representative SSL-based methods pro-
posed for vision tasks like [24], [25], [26], and [27] enable
models to obtain satisfying performance on unlabeled datasets,
even surpassing fully supervised methods [27]. Researchers
have attempted to introduce SSL-based methods in RS vision
tasks [28], [29], [30], [31].

However, most of the existing SSL-based RS tasks focus
on object-level tasks, and there are only a few explorations
on pixel-level processing such as CD tasks [32], [33], [34],
[35], [36], [37], [38], [39], [40]. In the absence of pixel-level
annotations, it is difficult for existing SSL-based vision models
to be immune to various image representation differences in
bi-temporal RS images only relying on global feature vector
comparison. Specifically, the limitations of existing SSL-based
methods on RSCD tasks are as follows.

1) Adaptability of SSL-based frameworks. The mainstream

deep learning-based models are not specially designed
for pixel-level CD tasks on RS images, ignoring the
local spatial features while focusing on global features.
In addition, few targeted approaches can adaptively
handle the nonlinear gray-scale difference caused by
the different climate conditions at bi-temporal imaging
moments.
Postprocessing procedures. The prediction results of
most existing SSL-based CD methods suffer from image
noise and uncertain regions. Subsequent postprocess-
ing methods like downstream fine-tuning or threshold
segmentation are always utilized to refine the model
performance [41], [42]. However, details of such post-
processing will not be fully revealed.

Overall, existing CD methods rely on numerous manually
labeled data to optimize the model. Without the guidance
of labels or only a handful of labels available, the perfor-
mance of the model will be significantly degraded. Under
this circumstance, the ability of the network structure is
virtually weakened, and the model has a high probabil-
ity of overfitting. Can we explore the potential of the
visual representation in a self-supervised strategy to alleviate
the dependence on labels? Motivated by this, we rethink
SSL-based CD procedures. If we can acquire image pairs

2)
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from different domains through adaptive methods, these
interdomain samples could be identified as natural posi-
tive labels. As illustrated in Fig. 1, SSL pretraining can
be first performed between the interdomain samples to get
feature representations. Therefore, SSL pretraining can be
first performed between the interdomain samples to get
feature representations. After adequate labels are obtained,
the pretrained representations will serve as guidance for
downstreamed fully supervised fine-tuning to improve model
performance.

In this article, we propose a self-supervised framework
for bi-temporal CD on RS images via domain adaption. The
SSLChange framework is organized in a two-stage approach,
containing an interdomain adaptive encoder and a hierarchical
contrastive head successively. The domain adapter (DA) adver-
sarially gathers the distance between the original bi-temporal
images and eliminates the effects of different imaging condi-
tions. The hierarchical contrastive head is assigned to increase
the similarity between features from unchanged regions. It is
worth noting that since SSLChange adopts a SimSiam-like
paradigm, the network only receives pseudo-positive pairs in
latent space, which are generated by the DA from the same
single-temporal image. The purpose of such an operation is
to improve the robustness of pseudo-changes caused by data
augmentation, focusing on the structural changes of ground
objects at different imaging temporal.

The main contributions can be summarized as follows.

1) We propose a self-supervised framework named
SSLChange for bi-temporal CD tasks on RS images
that require no additional data or labels, which can be
conveniently integrated into existing CD baselines.

We develop an DA module for bi-temporal SSL-based
pretext tasks. In comparison to the original data aug-
mentation, this transformation aligns more closely with
real-world scenarios.

We design a Hierarchical Contrastive Head including
spatial branch and channel branch to extract local and
global features to effectively exploit pixel-level semantic
information.

The rest of this article is organized as follows. Section II
expounds previous work related to this article. The details
of the proposed SSLChange framework are described in
Section III. Extensive experimental results are presented in
Section IV. Finally, the summary and perspectives are drawn
in Section V.

2)

3)

II. RELATED WORK
A. Domain Adaptation in RS Data

Interdomain variance is a common problem in multi-
temporal RS tasks [43], [44]. Since multitemporal images
are acquired with different sensors and external environ-
ments, uncertain interdomain differences are introduced to
the data [45]. Traditional manual interpretation is based on
expert knowledge [46], [47]. However, existing statistical mod-
els may recognize such interdomain differences as different
patterns. With increasing computational capability, convolu-
tional neural networks (CNNs) are found to possess a certain
degree of invariance to the semantic differences of multitem-
poral RS images and the extracted features are semantically
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consistent [48], [49], [50]. However, when the interdomain
differences are further expanded (e.g., dual-temporal images
acquired in sunny and rainy seasons), the CNN fails to
distinguish the interdomain variance on the images [51], [52],
[53]. To tackle the interdomain variance, researchers have
proposed the concept of domain adaptation, hoping to mine
the mapping between latent spaces among the multitemporal
data. Optimal latent features are expected to have unique
correspondence on the original multitemporal images. Sub-
sequent feature reconstruction is based on the invariant latent
features, and the reconstructed multitemporal features share
similar distributions.

The following two solutions to interdomain variance
are generally adopted: distribution metric consistency-based
approaches and adversarial-based approaches. An autoencoder
is commonly employed in the former approaches, which
performs feature reconstruction on embedding samples and
measures the distance between the original samples and
the reconstructed features to evaluate the performance [54].
Zhang et al. [55] proposed an unsupervised framework for
multiresolution CD tasks. By the use of a denoising autoen-
coder, the interdomain variance between different images is
largely eliminated. Sun et al. [56] introduced a coupled autoen-
coder into the bi-temporal HSI Image CD task, coping with the
feature differences caused by spectral variation. However, the
dimension of reconstructed features through an autoencoder
is lower than the input samples, which brings uncertainties
to the distance metric. Furthermore, the autoencoder is prone
to “mode collapse” during training [57], [58]. Specifically,
instead of learning the distribution of the input data, the model
keeps outputting the same results as the input data. In this
particular case, the loss of the model maintains a low value,
but the performance cannot be satisfying [59].

The typical architecture for adversarial-based approaches
is the generative adversarial network (GAN) [60]. The GAN
performs feature extraction and reconstruction from random
input noise vectors to generate fake samples similar to real
ones. Meanwhile, the discriminator receives both real sam-
ples from the dataset and fake samples from the generator
and then strives to judge the authenticity of the input data.
The parameters of the GAN are optimized through iterative
competition between the generator and the discriminator [61].
Chen et al. [62] proposed a CD model with adversarial
augmentation to handle the data insufficiency. Li et al. [63]
modified the vanilla GAN to translate optical and SAR images
into the same feature domain and then performed CD between
the translated heterogeneous data. However, the vanilla GAN
may also suffer from the extreme case of mode collapse
during training. Moreover, since the GAN generates objects
from random noise vectors, the generated results are inevitably
affected by random inputs, which is unacceptable in some
pixel-level vision tasks [64], [65].

Overall, the above work demonstrates the benefit of domain
adaptation methods in vision tasks, but the reconstructed
features still need to be further refined to rule out wrong
generation results. Therefore, it is necessary to construct a
robust domain adaptation module to better serve downstream
CD tasks.
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B. Self-Supervised Contrastive Learning in the CD Task

Self-supervised representation learning has demonstrated
success in NLP, but it still has great potential for visual tasks
requiring pixel-level dense prediction. With the inspiration of
self-supervision, visual tasks are undergoing a new develop-
ment stage, of which contrastive self-supervised methods are
an essential branch. Some contrastive self-supervised methods
such as MoCo [24], SimCLR [25], BYOL [26], and SimSiam
[27] have enabled models pretrained in label-free ways to out-
perform supervised pretraining models on many downstream
tasks. In such contrastive methods, images are encoded into
positive—negative pairs [24], [25] or double-positive pairs [26],
[27], and then the Siamese architecture is utilized for feature
extraction and comparison.

For the huge amount of data in the RS community, fine-
grained labeling is a nearly impossible burden. The boom
of contrastive self-supervised methods makes it possible to
perform unlabeled pretraining in RS tasks, especially in
RSCD tasks. Manas et al. [66] proposed a multiaugmenta-
tion contrastive self-supervised framework, named Seasonal
Contrast (SeCo), which takes the effect of seasonal changes
on feature representations into consideration to perform CD
between Sentinel-2 satellite images. Jiang et al. [67] proposed
a two-branch contrastive framework by embedding the CD
backbone into a self-supervised paradigm to extract local
and global features, which outperforms the supervised base-
line. Muhtar et al. [68] proposed a contrastive mask image
distillation framework in a teacher—student self-distillation
architecture.

Although the aforementioned methods highly improve
the efficiency and contribution of unlabeled data in RSCD
tasks, random data augmentation is still required to con-
struct pseudo-contrastive sample pairs when performing
self-supervised pretraining [69], [70], [71], [72]. Uncertainty
may be introduced during this process, causing fluctuations in
model performance. In this regard, the proposed SSLChange
framework takes the characteristics of multitemporal RSCD
tasks into account, introducing domain adaptive into CD tasks
to suppress the representation differences between multitem-
poral contrastive sample pairs to enhance the adaptability of
interdomain tasks.

III. PROPOSED METHOD

In this section, we first elaborately introduce the overview
of the proposed SSLChange framework. Then, the main com-
ponents of SSL.Change are described sequentially. The specific
method of transferring the pretrained SSLChange framework
to downstream RSCD tasks is also explained.

A. Overview

The overall workflow of SSLChange is illustrated in
Fig. 2. Our approach builds upon the distillation-based
SSL paradigm [24], [25], [27]. However, in contrast to
the aforementioned methods, we originally propose two key
components applicable to the RSCD task: Domain Adapter
and Hierarchical Contrastive Head. The DA facilitates the
transformation of bi-temporal patches from the CD dataset
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whole SSLChange framework contains two main parts: DA and the hierarchical
a single-temporal sample x. Then, the paired view {x, x/} is processed by a

{ i f } The feature set is assigned to two branches: The spatial branch and the channel branch.

Each branch consists of a projector and a predictor. The spatial branch captures geometric features by coupled convolutional units, while the channel branch
distills the semantic feature by dimension reduction. (a) Spatial branch. (b) Channel branch.

into the latent space, subsequently reconstructing paired views.
Following this, an encoder is used to extract features from
paired images. Unless specifically stated, we employ ResUNet
as the encoder. Finally, the Hierarchical Contrastive Head
processes the paired features, performing feature contrast and
similarity calculations within the Siamese branches. Next,
we will provide a detailed introduction to these modules.

B. Domain Adapter

Many current SSL-based approaches [24], [25], [27] heavily
depend on manual data augmentation to create diverse embed-
ding views, necessitating manual tuning tailored to different
pretext tasks. This often entails numerous trials involving
various augmentation techniques to identify the optimal com-
bination [25]. In the context of RSCD tasks, we revisit this
process. Given that CD involves pairs of images captured at
distinct time points, influenced by varying imaging conditions
such as lighting and weather, we propose a different approach.
Leveraging the variations in image style, we train a DA for
bidirectional projection. This strategy enables us to generate a
pair of naturally aligned positive samples.

To achieve this goal, the most straightforward way is to uti-
lize existing image-to-image translation (I2IT) algorithms [73],
[74], [75] to input images. Here, we illustrate using a GAN-
based I2IT algorithm as a representative example. Given a
pair of images {x;, x»} € RF*W*C_where x; and x, share the
same geolocation but differ in time phase and image styles,
we establish a set of image translation and discriminative
networks (G, Dy) and (G,, D»)

x; =Gi(x1), x5 =Ga(x2)

(D

where x| and x} are the reconstructed samples. The dis-
criminators D; and D, need to judge whether the input
sample is generated or natural. G; and G, are trained
adversarially to obtain the ability to project between the

Domain T1

Domain
Adapter

Fig. 3. Tllustration of the DA for bi-temporal transformation on the binary
CD dataset. The DA is used to project the samples from domain 77 to the
opposite domain 75.

two image domains, which can generate positive samples.
According to the analysis in our previous work [76], we choose
modified CycleGAN [74] with stable performance as the
DA.

As shown in Fig. 3, we freeze the model parameters of
G1/G, as DA ©,q4,, which is used for the generation of
transferred views. A single-temporal patch x € RZ*W*C jg
sampled from the first temporal 7} subset of the CD dataset.
Its corresponding transferred view is x’ = ®,qg,(x). View x’
generated by ®,q4, differs from the source view x in image
style, but shares the same content with view x. Therefore,
we obtain paired views {x,x’} from the generated results,
which is naturally suitable for image contrastive learning.
It is worth noting that in the specific implementation of
SSLChange, only G| is employed as the DA. The experimental
detail can be found in Section IV-D3.
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C. Hierarchical Contrastive Head

As shown in Fig. 2, the generated paired views {x, x'} will
be fed into the encoder for feature extraction and Hierarchical
Contrastive Head for further processing. The hierarchical con-
trastive head contains a spatial branch and a channel branch.
Each branch contains a projector and a predictor.

1) Spatial and Channel Coding: In the spatial branch
above, x and x’ pass through the spatial projector and the
predictor, respectively, to get intermediate code {z, Z/} and
deep code {p, p'}. The specific calculation is as follows:

p1 = Spa_Pred(z;)

/ , 2
p1 = Spa_Pred(z})

z1 = Spa_Proj(E(x)),
z; = Spa_Proj(E(x")),

where E is the ResUNet encoder. Similarly, x and x’ pass
through the channel projector and the predictor, respectively,
in the below branch to obtain {z,z}} and {pz, p5}

7 = Cha_PrOj(E(x)),
Z/Z = Cha_PrOj(E(X/)),

p> = Cha_Pred(z;)

/ ) 3)
p; = Cha_Pred(z)).

Architecture Settings: The specific architecture of the com-
ponents in the SSLChange framework is as follows.

1) ResUNet Encoder: The ResUNet encoder uses the U-Net
structure with a ResNet-18 backbone. The size of the
output feature is consistent with the input. The features
from layers [2, 4, 5, 6, 7] are extracted and unsampled
for fusion.

2) Spatial Projector & Predictor: The spatial projector and
the predictor share the same structure, both consisting
of two basic convolutional units with BN and ReLLU
applied to them. The size of the output feature is
consistent with the input.

3) Channel Projector & Predictor: The channel projector
consists of a three-layer MLP with a BN layer. The
output layer has no BN or activation layer. It is a two-
layer MLP. The former layer applies BN. The output of
both modules is a 2048-D vector.

2) Hierarchical Contrastive Learning: We employ spatial
and channel dimension operations to dig the deep structure
and semantic features in RS images, and then feature contrast
is performed based on the aforementioned features. It is
worth noting that we do not introduce any additional labels
in this step, only a hierarchical cross-contrastive mechanism
is established between the pipelines in each branch to con-
strain the network optimization. This prompts the model to
decrease its reliance on labels by the self-supervised con-
trastive mechanism, further exploiting the spatial and semantic
representational capabilities of the model.

To achieve this, the feature distance between pipelines in
each branch needs to be pulled closer. Denoting the two output
codes as z; and pj, we minimize the negative cosine similarity
between two codes

D(Zl’ pi) = _<

4 I’,1 > (4)

lzill2” 1Py 2

Specifically, we obtain the spatial codes sets zj, p; and
Z}, p} through previous calculations. The calculation for loss
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Algorithm 1 SSLChange PseudoCode, PyTorch-Like

# DA: Domain Adapter

# E: ResUNet Encoder

# Spa_Proj/Pred: Spatial projector/predictor
# Cha_Proj/Pred: Channel projector/predictor

for x in loader:
x’ = DA(x) # generate transferred view x’
£, £/ = E(x), E(x’) # extract features

# Spatial
z1l, z1’ =
pl, pl’ =
# Channel
z2, z2' =
p2, p2' =

projectionsé& predictions
Spa_Proj(f), Spa_Proj(f’)
Spa_Pred(zl), Spa_Pred(zl’)

projections& predictions
Cha_Proj(f), Cha_Proj(f’")
Cha_Pred(z2), Cha_Pred(z2')

# calculate losses

L_Spa = D(zl, pl’)/2 + D(zl’, pl)/2
L_Cha = D(z2, p2')/2 + D(z2', p2)/2
L = a- L_Spa + (I —a)-L_Cha

L.backward() # back-propagate
update (E) # update parameters
update (Spa_Proj, Spa_Pred)
update (Cha_Proj, Cha_Pred)

def D(p, z) # negative cosine similarity
z = z.detach() # stop gradient
p = normalize(p, dim=1) # L2-norm on p
z = normalize(z, dim=1) # L2-norm on z
return - (p*z) .sum(dim=1) .mean ()
in the spatial branch is
D(z1, py) | D, p1)
Lgpa = . 5
Spa ) D) ( )
Similarly, the loss in the channel branch is calculated by
D(z2, py) | D(25, p2)
Lcha = > 2 22 . (6)

The total loss is the linearly weighted sum of the spatial
contrastive loss and the channel contrastive loss

£=a~£spa+(1—(¥)'ﬁcha (7

where o represents the weight parameter of the spatial branch.

Through the aforementioned optimization, the model
achieves a balance between the spatial coding and semantic
coding branches and possesses the capability to extract image
structural and semantic features more accurately. It should be
noted that, during the optimization process in each branch,
the stop-gradient operation is performed on one of the two
pipelines, and the gradient will only be backpropagated along
the other pipeline. This operation ensures that the model
avoids collapsing in the absence of negative samples. The
experimental detail can be found in Section IV-D3.

To facilitate a better comprehension of our approach,
we present the pseudo-code of the proposed SSLChange
framework in Algorithm 1.

D. Downstream Fine-Tuning

In this section, we delve into the process of implementing
the SSL-based pretrained model for downstream pixel-level
tasks, addressing a crucial and often overlooked detail.
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Fig. 4. Visualization of pretrained features from different layers.
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Tllustration of the fine-tuning method with a clipped pretrained

While existing works predominantly focus on applying
SSL-based pretraining to object-level or instance-level tasks
like image classification or object detection, there is a sig-
nificant gap in understanding how to adapt this approach to
pixel-level tasks, specifically CD. In the former cases, SSL-
based pretraining focuses on the image-level tasks where
the output of the pretrained encoder serves as the input to
the bottleneck layer during transfer to downstream tasks.
However, the scenario becomes more intricate when dealing
with pixel-level tasks such as CD. In this context, the baseline
expects an input image with dimensions of (C, H, W), which
does not readily align with the output vector dimension (e.g.,
2048) generated by the pretrained encoder.

We first attempt to directly freeze the pretrained encoder
as a feature extractor and connect it to the CD baseline.
However, we find that the outputs of the pretrained encoder
usually contain high-dimensional semantic features, which
cannot intuitively reflect the target distribution as the original
image. In addition, such rigid migration may lead to gradient
vanishing and performance degradation in CD tasks.

For a clear presentation, we visualize the pretrained features
from the frozen encoder in Fig. 4. Considering that the shallow
features contain more structural features such as edges and
corners, we clip the pretrained encoder and only extract the
first three shallow features of the output. To solve the problem
of dimensional unalignment between the output features and
the original image, we find that only a lightweight alignment
module containing two deconvolutional layers is sufficient to
maintain the model performance to the utmost degree.

As shown in Fig. 5, given a pair of images {71, T2} to
be detected, we use the clipped pretrained encoder to extract
shallow features and restore the feature shape through the
alignment module. Then, the aligned features are concatenated
with the original images in the channel dimension as the
embedding of the downstream baseline network. Finally, the
change map (CM) calculated by the baseline network is
compared with the (GT) to fine-tune and optimize using

IEEE TRANSACTIONS ON GEOSCIENCE AND REMOTE SENSING, VOL. 62, 2024

TABLE I

SETTINGS OF THE LEVIR-CD SERIES DATASETS. (THE NUMBERS
IN THE TABLE ARE A PAIR OF IMAGES)

Subset Resolution Train Validation Test
LEVIR-CD-10% 45 13
LEVIR-CD-2 2
CD-20% 0.5 m/pixel 89 6 64
LEVIR-CD-50% 223 64
LEVIR-CD 445 128
supervision. The optimization method is as follows:
CM = F(Concat(T1, fr1), Concat(Ts, fr2)) ®)
min L(CM, GT) 9)

where CM is the change map calculated by the baseline and
GT is the ground truth. F is the downstream baseline and £
is the loss function corresponding to the downstream baseline.
In the case of SNUNet [77], we denote the detailed calculation
of the loss function as follows:

L(y,9) = Lwck + Lbice

Lwce = —w -y -log(y) — (1 =) - (log(1 —y))
2 - § - softmax(y)

EDiCC = 1 - T~ T~ N
y 4+ softmax(y)

(10)

where w is the weight parameter of the positive samples. y
and y are the CM and GT, respectively.

The experimental detail of downstream fine-tuning can be
found in Sections IV-D1 and IV-D2.

IV. EXPERIMENTS
A. Datasets

In this section, we introduce the datasets used in the
experiments. It is worth noting that we want to verify the effec-
tiveness of the proposed SSLChange framework in the extreme
case of limited data, so each selected dataset is randomly
diluted by the ratio of 10%, 20%, and 50%. Comparative
experiments are performed both on six diluted datasets and
two original datasets simultaneously.

1) LEVIR-CD Series Datasets: The LEVIR-CD dataset [78]
contains 673 VHR bi-temporal RS image pairs, and the reso-
lution of each image is 0.5 m. The original size of the image
is 1024 x 1024 pixels and the entire dataset is split by the ratio
of 7:2:1 into training/validation/test sets. To ensure consistent
testing standards, the number of test sets was not diluted. The
main labeling object is the changes in buildings between two
time phases. The specific settings of the LEVIR-CD series
datasets are shown in Table I.

2) CDD Series Datasets: The CDD dataset [79] contains
16 000 pairs of VHR RS images, with resolutions ranging from
0.03 to 1 m. The size of the original image is 256%256 pixels.
The provider of the CDD dataset splits the entire dataset into
10000/3000/3000, so we keep this split in the experiments.
The main labeling objects are changes in buildings, roads, and
vehicles. The specific settings of the CDD series datasets are
shown in Table II.

Note that we use the entire unlabeled LEVIR-CD and CDD
datasets during the SSLChange pretraining. Then, the diluted
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TABLE I

SETTINGS OF THE CDD SERIES DATASETS. (THE NUMBERS
IN THE TABLE ARE A PAIR OF IMAGES)

Subset Resolution Train Validation Test
CDD-10% 1000 300
CDD-20% 2000 600

77 | 0.03m-1 m/pixel 3000
CDD-50% 5000 1500
CDD 10000 3000

datasets are used for downstream fine-tuning to evaluate the
effectiveness of the pretrained encoder from the SSLChange
framework under limited data.

B. Evaluation Metrics

In evaluating the performances of the SSLChange frame-
work, we select four evaluation metrics: Precision, Recall,
F1-Score, and IoU. The specific calculation method for met-
rics is as follows:

. TP
Precision = ——
TP + FP
TP
Recall = ——
TP + FN
Precision x Recall
Fl =2x —
Precision + Recall
TP
JoU= —————— (11)
TP + FN + FP

where TP, FP, and FN are components in the confusion matrix,
representing true positives, false positives, and false negatives,
respectively.

C. Implementation Details

1) Selected Downstream RSCD Baselines: We select five
open-source RSCD baselines to evaluate the effectiveness of
the proposed SSLChange framework transferred to them.

1) FC-EF [80]: Fully convolutional network with a single-
branch U-Net architecture. Bi-temporal images are fused
early before entering the network. Skip connection is
used in the upsampling and downsampling stages.

2) FC-Siam-conc [80]: Dual-branch Siamese architecture
with a full convolutional network. Each branch receives
an image of a single phase and performs feature concate-
nation fusion and long-range skip connection during the
upsampling stage.

3) FC-Siam-diff [80]: Dual-branch Siamese architecture
with a full convolutional network. The difference map
is calculated during the downsampling stage. Feature
concatenation fusion and long-range skip connection are
performed during the upsampling stage.

4) SNUNet-CD [77]: Dual-branch U-Net++ architecture.
Hierarchical features of the input images are connected
densely, and the ECAM attention mechanism is per-
formed to focus on the features.

5) USSFCNet [81]: A lightweight architecture design
is adopted. Multiscale decoupled convolution and
spatial-spectral feature cooperation strategies are intro-
duced to extract richer features.
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2) Model Training and Testing: The training and inference
processes are implemented on an NVIDIA RTX 3090 GPU
with 24 GB of memory. The SSLChange framework is trained
for 100 epochs with a batch size of 8. The parameters are
optimized by an SGD optimizer with a momentum of 0.9 and
a weight decay of 0.0001. The initial learning rate is set to
0.001 with cosine decay. In the downstream fine-tuning, the
selected baselines are optimized by the AdamW optimizer with
a momentum of 0.999 and a weight decay of 0.01. Considering
the limited data volume in downstream tasks, the batch size
for fine-tuning is set to 4. Furthermore, we discard all random
operations in the augmentation during downstream fine-tuning
to eliminate the influence of randomness, and only format
transformation functions are retained.

D. Experimental Results

1) Quantitative Analysis: In this part, we perform compar-
ative experiments on the selected CD baselines on two entire
datasets and six diluted datasets. Specifically, we evaluate the
improvement of the proposed SSLChange framework over
existing CNN-based CD baselines, especially the performance
and stability in data-limited situations.

a) CDD series datasets: The specific results of compar-
ative experiments on the CDD series datasets are shown in
Table III. The results reflect that the proposed SSLChange
framework provides a large gain for the existing RSCD
baselines on the CDD series datasets. The green subscripts in
the table represent the performance gain of the baselines with
the SSLChange framework applied compared to the original
baselines. On the CDD series datasets, SSLChange showed a
positive impact on most of the baselines, with the largest gains
in the main evaluation metrics F'1 and IoU reaching 15.36%
and 15.15%, respectively. In terms of precision and recall
metrics, SSLChange also showed a great improvement, which
shows that the SSLChange framework helps the baselines
more accurately and comprehensively detect the real change
regions between the bi-temporal images. From the horizontal
comparison, it can be found that when the datasets are diluted
to 10% or 20%, the performance of the original baselines
shows a large degradation. During the training, we also found
that after removing the random augmentation in the original
baseline, the performance of the baselines would become
oscillatory, and the results of several training sessions under
the same configuration showed drastic fluctuations. While
the application of the SSLChange framework can help the
baselines return to a relatively stable performance. We notice
that there exist two outliers in the result table, respectively,
in FC-EF (on the CDD-50% dataset) and SNUNet-CD (on the
CDD dataset). After analysis, we consider that the fine-tuning
strategy applied is to freeze the parameters of the clipped pre-
trained encoder for feature extraction, and then an upsampling
alignment module is added to the baseline. This operation
increases the number of parameters and complexity of the
baselines. In addition, the CDD dataset has a relatively large
amount of data, so it fails to show advantages under limited
training epochs.

b) LEVIR-CD series datasets: The specific results of
comparative experiments on the LEVIR-CD series datasets
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TABLE III

COMPARISON RESULTS ON DATASETS WITH DIFFERENT SAMPLING RATIOS FROM THE CDD DATASET. THE GREEN SUBSCRIPTS IN THE TABLE
REPRESENT THE PERFORMANCE GAIN OF THE BASELINES WITH THE SSLCHANGE FRAMEWORK
APPLIED COMPARED TO THE ORIGINAL BASELINES

Baseline +SSLChange CDD-10% CDD-20% CDD-50% CDD
Precision Recall F1 TIoU | Precision Recall F1 ToU Precision Recall F1 ToU | Precision Recall F1 ToU
X 69.62 6491 67.18 50.58 | 89.51 6272 73.76 5843 | 90.52  77.04 8324 7129 | 9523 7939 8659 76.35
FC-EF [80] 4 77.10 6037 67.72 51.19 | 81.99 7040 7575 60.97 86.03 7652 81.01 68.07 | 9143  83.83 8747 77.72
A +0.54  +0.61 +1.99  +2.54 223 322 +0.88  +1.37
X 81.63  38.51 5234 3544 | 8323  44.06 57.62 4046 | 8896  48.19 62.51 4547 | 9462 3421 5025 33.56
FC-Siam-conc [80] v 79.16  40.08 5322 3626 | 79.82  46.15 5849 41.33 8547 5227 64.87 4801 | 9001 5150 6551 4871
A +0.88  +0.82 +0.87  +0.87 +2.36  +2.54 +1536  +15.15
X 8598  30.81 4536 29.33 | 88.72  37.96 53.17 3621 92.15  37.63 5344 3646 | 9326 3635 5231 3542
FC-Siam-diff [80] v 83.05 3532 4957 32.95| 86.88 3921 54.03 37.02 | 8859  43.09 5798 40.82 | 9091 4747 6237 4532
A +421  +3.62 +0.86  +0.81 +4.54  +4.36 +10.06  +9.90
X 71.69  69.80 70.73 5471 | 91.83  60.14 72.68 57.09 | 91.32 7446 8203 69.54 | 9251 8399 88.05 78.64
SNUNet [77] v 96.76  65.57 74.69 59.60 | 89.37  73.16 8046 6730 | 9097 7998 8512 74.10 | 90.10  79.12 8426 72.80
A +3.96  +4.89 +7.78  +10.21 +3.09 +4.56 379 584
X 8494 5734 6846 52.05| 8773 7270 79.51 6599 | 89.58 8099 8507 7401 | 90.79 9140 91.10 83.65
USSFCNet [81] v 81.01  64.56 71.86 56.07 | 83.56 7721 8026 67.03 | 9041 8444 8732 7749 | 9282  90.03 9140 84.17
A +3.40 +4.02 +0.75  +1.04 4225 +3.48 +0.30  +0.52
TABLE IV
COMPARISON RESULTS ON DATASETS WITH DIFFERENT SAMPLING RATIOS FROM THE LEVIR-CD DATASET. THE GREEN SUBSCRIPTS
IN THE TABLE REPRESENT THE PERFORMANCE GAIN OF THE BASELINES WITH THE SSLCHANGE FRAMEWORK
APPLIED COMPARED TO THE ORIGINAL BASELINES
Baseline +SSLChange LEVIR-10% LEVIR-20% LEVIR-50% LEVIR
Precision Recall F1 ToU Precision Recall F1 IoU | Precision Recall F1 IoU | Precision Recall F1 ToU
X 68.58 5896 63.40 46.41 78.01 7342 7565 60.83 | 82.87 7413 7826 6428 | 87.11 7401 80.03 66.71
FC-EF [80] v 67.11  61.66 6427 4735 | 7687  71.73 7421 59.01 | 81.15 7649 78.75 64.95| 8320  79.77 8145 68.70
A +0.87  +0.94 -1.24 -1.82 +0.49  +0.67 +1.42 +1.99
X 7676 5846  66.68  50.01 80.41 6596 7247 56.83 | 8371 7193 77.37 63.09 | 84.03  72.68 77.94 63.86
FC-Siam-conc [80] 4 68.99  68.07 6853 52.12 7821  67.12 7385 5854 | 8272  77.01 79.76 66.34 | 8353  77.62 8047 67.32
A +1.85  +2.11 +1.38  +1.71 +239  +3.25 +2.53  +3.46
X 76.64 2850 41.55 2622 | 8321  61.02 7041 5433 | 8423 6433 7295 5742 | 8454 7222 77.89 63.79
FC-Siam-diff [80] v 7461 5425 62.83 4580 | 81.34  63.18 71.12 55.19 | 8552  65.64 7427 59.07 | 84.88 7334 78.69 64.86
A #2131 +19.58 +0.71  +0.86 +1.32 +1.65 +0.80 +1.07
X 6579 5896 62.19 4512 | 68.70  59.79 63.94 46.99 | 83.78 6452 7290 5735| 7889  67.71 72.88 57.32
SNUNet [77] v 6493 6294 6392 4697 | 7097  61.11 65.68 48.89 | 8246 6791 7518 6023 | 8476  76.19 8025 67.01
A +1.73  +1.85 +1.74  +1.90 +2.28  +2.88 +7.40  +9.69
X 69.94 6942 6697 5346 | 7675 7556 76.15 6149 | 8276  80.07 8139 68.62| 8201 8554 83.74 72.02
USSFCNet [81] v 72.60 7054 71.56  55.71 7891  76.89 77.89 63.78 | 83.51  80.09 81.76 69.15| 8425 8336 83.81 72.13
A +4.59 4225 +1.74  +2.29 +0.37  +0.53 +0.07  +0.11

are shown in Table IV. The proposed SSLChange framework
also shows an improvement effect on the LEVIR-CD series
datasets. It is worth noting that the data volume in the
LEVIR-CD series datasets is smaller than that of the CDD
series datasets. Therefore, the data limitation in the LEVIR-CD
series datasets is more serious. In this case, some of the
selected baselines also show unstable and overfitting. When
the amount of data is at 50% or the full ratio, the SSLChange
framework can provide satisfied gains for most baselines.
In the extreme cases where the dilution ratio decreases to 10%
and 20%, the SSLChange framework can help the performance
of the baselines return to a relatively stable and homogeneous
level. The maximum improvement of the F'1 and IoU metrics

reaches 21.31% and 19.58%, which proves the performance
advantage of the SSLChange framework in extreme cases with
limited data. In addition, we observe an outlier in FC-EF (on
the LEVIR-CD-20% dataset). After a comprehensive analysis,
we conclude that FC-EF, as a lightweight network with a
simple structure, is more prone to overfitting in extreme cases
with limited data. By comparison, we find that in the LEVIR-
CD-20% dataset, FC-EF presents a falsely high index. The
improvement of the SSLChange framework under the small
amount of data pursues stability and homogeneity, which is
lower than the individual metric of FC-EF.

On both the CDD series datasets and LEVIR-CD series
datasets, we observe that in some cases, the precision of
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TABLE V
VISUAL COMPARISON OF BASELINES AND OUR PROPOSED SSLCHANGE METHOD ON THE CDD SERIES DATASETS

Testing Samples ‘ CDD-10%

Method ‘

CDD-20% [ CDD-50% CDD |

SSLChange

SSLChange ‘ Sup SSLChange ‘ Sup SSLChange ‘

FC-EF
[80]

FC-Siam-
conc [80]

FC-Siam-
diff [80]

SNUNet
[77]

USSFCNet
[81]

TABLE VI
VISUAL COMPARISON OF BASELINES AND OUR PROPOSED SSLCHANGE METHOD ON THE LEVIR-CD SERIES DATASETS

\ Testing Samples \ LEVIR-10%

Method

LEVIR-20% [ LEVIR-50% [ LEVIR \

\ Tl T2 SSLChange

Sup SSLChange ‘ Sup SSLChange ‘ Sup SSLChange ‘

FC-EF
[80]

FC-Siam-
conc [80]

FC-Siam-
diff [80]

SNUNet
[77]

USSFCNet
[81]

the proposed SSLChange framework is slightly lower than
the baselines. But for the remaining metrics, SSLChange
outperforms significantly the baselines. We believe that the
reason is that with limited training samples, the baseline is
usually overfitted, leading to falsely high precision. Aligned
with the SSLChange framework, the baselines exhibit a more
generalized recognition capability, allowing the model to
achieve higher recall metrics at the acceptable expense of
accuracy. As a consequence, more regions of real change will
be correctly recognized.

In addition, we find a gap in the trend of increase and
decrease in precision and recall between the selected baselines

on different datasets. Overall, the precision and recall of
almost all baselines change asynchronously on the CDD series
datasets. While on the LEVIR-CD series datasets, precision
and recall of SNUNet and USSFCNet increase synchronously.
Such performance variation is related to the utilization of
the attention mechanisms. SNUNet and USSFCNet employ
ECAM and SSFC attention, respectively. This helps the
models to focus on local details in high-resolution images,
which is reflected in an increase in precision metric. More-
over, benefiting from the constraint from the SSLChange on
the global feature, the recall metrics on LEVIR-CD series
datasets increase simultaneously. However, the samples in
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Visualization of hard samples

GT SSLChange

T1

SSLChange

Fig. 6. Performance of the proposed SSLChange in hard samples with complex scenarios.

the CDD series dataset are generally of low to medium
resolution. The attention mechanism is limited by the image
quality to accurately capture local information, leading to a
decrease in precision metric. Extensive experimental results
show that the SSLChange framework motivates the model to
maintain global feature extraction regardless of the quality
of the dataset. In realistic scenarios, recall metric is usu-
ally given higher priority than precision to ensure that as
many changed regions as possible are accurately detected.
In addition, considering that F1 is a more comprehensive
metric than precision and recall, our proposed SSLChange still
obtains the highest performance on F'1 despite the decrease in
precision.

2) Visualization Analysis: To show the improvement effect
of the SSLChange framework more intuitively, we perform
visualizations on two entire datasets and six diluted datasets.
The visualization results of the CDD and the LEVIR-CD series
datasets are listed in Tables V and VI. The main targets in the
CDD series datasets are scattered single buildings and linear
roads, while the main targets in the LEVIR-CD series datasets
are dense clusters of buildings. Through comparison, we find
that the SSLChange framework improves the capability of
geometric structure feature acquisition for CD baselines under
both data distributions. In the case of limited data, SSLChange
can obtain more satisfied feature segmentation results than the
original baselines. We believe that the proposed SSLChange
framework brings benefits to the baseline for two reasons.
The application of the spatial projector and the predictor
in the SSLChange framework helps to maintain and capture
accurate spatial features during the pretext tasks. In addition,
the channel branch in SSLChange reduces the dimension of
the samples by the MLP module, which makes the framework
more sensitive to interclass differences, leading to more accu-
rate segmentation results in the latent space.

For better illustration, we additionally visualize several hard
samples with complex scenarios. As illustrated in Fig. 6,
although the presented samples with significant background
change and shadow, our proposed SSLChange is still able to
accurately capture the changed regions.

TABLE VII
ABLATION EXPERIMENTS OF DA ON THE LEVIR-CD-50% DATASET
Baseline Method F1 IoU
w/o Domain Adapter 74.23 59.02
SSLChange
w/ Domain Adapter 75.18 60.23

3) Ablation Experiments: In this part, we perform several
ablation experiments to evaluate the main components of the
proposed SSLChange framework. The ablation study contains
five main experiments.

a) Domain adapter: To evaluate the performance of the
DA, the SSLChange framework is first trained without DA
and with DA, respectively. Then, the pretrained encoder is
clipped and aligned with the baseline to perform downstream
fine-tuning. Specifically, in the case where the framework
does not apply DA, the input samples x follow the random
data augmentation method in SimSiam [27] and are sent
into the Hierarchical Contrastive Head. We select SNUNet-CD
as the baseline for comparison on the LEVIR-CD-50% dataset.
The results of the ablation study are shown in Table VII.
w/o DA represents without the Doamin Adapter, and w/
DA represents with the Doamin Adapter. The performance
of F1 and IoU metrics demonstrates the superiority of the
proposed DA. The adaptive translation between bi-temporal
image domains promotes the encoder to capture cross-domain
features and eliminate the effects of imaging conditions.

b) Encoder clipping: In the SSLChange framework, the
pretrained encoder is frozen and clipped, and only the first
three layers are preserved. Likewise, we explore the effect
of pretrained encoder clipping. From the results shown in
Table VIII, we observe a significant improvement in the
performance of the SSLChange framework with encoder
clipping, which corroborates the feature visualization results
in Fig. 4. It demonstrates that shallow pretrained features
from pixel-level SSL pretext tasks are more instructive for
downstream fine-tuning.

c¢) Hierarchical contrastive head: The ablation study on
the spatial projector and the predictor and the channel projector
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TABLE VIII

ABLATION EXPERIMENTS OF PRETRAINED ENCODER CLIPPING ON THE
LEVIR-50% DATASET

Baseline Method F1 IoU
w/o Encoder Clipping 72.86 57.31

SSLChange
w/ Encoder Clipping 75.18 60.23

TABLE IX

ABLATION EXPERIMENTS OF THE CHANNEL AND SPATIAL PROJECTOR
AND THE PREDICTOR ON THE LEVIR-CD-50% DATASET

Baseline + Spa. + Cha. F1 IoU
X X 72.90 57.35
X v 73.49 58.09

SNUNet-CD
v X 74.10 58.86
v v 75.18 60.23

and the predictor in the Hierarchical Contrastive Head is
conducted in this section. Similarly, we select SNUNet-CD as
the baseline for comparison on the LEVIR-CD-50% dataset.
The results of the ablation study are shown in Table IX, where
Spa. represents the spatial projector and the predictor and
Cha. is the channel projector and the predictor.

It is worth noting that in the case where only the channel
branch is applied, the method degenerates to SimSiam [27]
as a comparison. The applications of both spatial and channel
modules in SSLChange pretraining are proved to provide con-
siderable benefits to the baseline. The spatial branch performs
identical convolution operations to maintain the dimension
of the features, while the channel branch obtains semantic
information by feature reduction.

d) Downstream fusion: For the downstream fine-tuning
in the SSLChange framework, the concatenation operation is
applied to fuse the original embedding and the pretrained
features. Here, we further exploit the impact of several fusion
operations (i.e., add, multiply, deconvolution, and concate-
nation) for the downstream fine-tuning, without significantly
increasing the whole model parameters.

The experimental results demonstrate that the concatenation
fusion utilized in SSLChange shows significant superiority
over the multiply (F1: 71.60%, IoU: 55.76%) and the decon-
volution (F1: 65.58%, IoU: 48.78%) methods, obtaining a
performance of 75.18% and 60.23% on F1 and IoU metrics,
respectively. When compared to the add method, the concate-
nation method possesses a slight advantage (F'1: 75.13%, IoU:
60.17%). We argue that the add fusion assigns equal weights
to the two components for fusion, and the concatenation fusion
preserves all feature components and allocates the weights
automatically through the subsequent linear layer. Therefore,
we select the concatenation fusion in our implementation.

e) Weight parameter « for loss function: The result
curves on the impact of parameter « is presented in Fig. 7.
The changing trend reflects that the proposed method achieves
the optimal performance when the spatial loss and channel
loss reach a relative balance (o = 0.5). It could be concluded
that when the local details from the spatial branch are in an
equilibrium constraint with the global semantic codes from the
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Fig. 7. Performance of F1 and IoU under different weight parameter «.

TABLE X

CROSS-DATASET VALIDATION FROM A LARGE-SCALE PRETRAINING
DATASET TO A SMALL-SCALE DOWNSTREAM DATASET

LEVIR-10% | LEVIR-20% | LEVIR-50% | LEVIR

Pre. Paradigm

F1 IoU | F1 1IoU | F1 1IoU | F1 IoU

Un. LEVIR-CD | 63.92 46.97 [65.68 48.89 |75.18 60.23 |80.25 67.01

Un. CDD 59.71 42.56 [69.26 52.97 |76.31 61.70 |79.58 66.09

channel branch, the encoder and the contrastive head are moti-
vated to accurately capture valuable feature representations.

4) Cross-Dataset Validation: To evaluate the generalization
ability of the proposed SSLChange framework, we perform
cross-dataset validation between the two selected datasets.
Considering that only a few labeled data are available in
practical scenarios, we transfer the feature representations
from a large-scale pretraining dataset to a small-scale down-
stream dataset. Specifically, we select the CDD dataset as
the benchmark for the pretraining of SSLChange. Then, the
downstream CD baseline is fine-tuned with the LEVIR-CD
series datasets. The experimental results are shown in Table X,
where Un. LEVIR-CD and Un. CDD represent SSLChange
pretraining with unlabeled LEVIR-CD and unlabeled CDD
datasets, respectively. Despite the large differences between
the downstream dataset (LEVIR-CD series) and the pre-
trained CDD dataset, transferring the CDD pretrained model
to the LEVIR-CD dataset still achieves satisfying perfor-
mance, which is comparable to the LEVIR-CD pretraining
results. Therefore, the generalization capability of the pro-
posed SSLChange framework is further validated through the
cross-dataset validation experiments.

5) Computational Efficiency and Stability: Computational
efficiency and stability are also essential attributes of the
proposed SSLChange framework.

a) Pretraining time cost of SSLChange: To get a tradeoff
between data volume and model performance, we select a
mini-batch of 8 to conduct pretraining with the SSLChange
framework. We record the pretraining time cost for 100 epochs
on two entire datasets: CDD and LEVIR-CD datasets in
Table XI. The proposed SSLChange framework can accom-
plish pretraining with high efficiency regardless of the scale
of the dataset. We observe that the SSLChange framework
presents a higher pretraining speed on the LEVID-CD dataset
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TABLE XI
PRETRAINING TIME COST OF THE PROPOSED SSLCHANGE FRAMEWORK
Dataset | Pre. Batch Size | Data Volume | Total Time | Speed
CDD g 10000 6.25h 44 FPS
LEVIR-CD 445 13.3 min | 56 FPS
100
ol - A'/\'Av /\/VWW
8
é 601 w/o SSLChange
= —— w/ SSLChange
S5}
40
204, : : T T )
0 20 40 60 80 100
Epochs
Fig. 8. Computational stability and convergence speed of the proposed

method during the training process as F'1-Epoch curves.

than that on the CDD dataset, which is most probably related
to limited computing resources.

b) Downstream fine-tuning stability: From the curves
shown in Fig. 8, it can be clearly observed that, in the
downstream fine-tuning, the training process of the baseline
with SSLChange applied is more stable within a limited
number of epochs. From the amplitude of the curves, it can
also be discovered that SSLChange promotes the baseline to
converge faster to the optimal value.

E. Limitation Analysis

In the SSLChange framework, a DA and a hierarchical
contrastive head are utilized to improve the performance of
CD between bi-temporal optical images with self-supervised
contrastive pretraining. The experimental results demonstrate
the ability to stably enhance the CD baseline in a data-limited
situation. However, several existing limitations as follows
require further exploration, which also enlightens the future
research directions.

1) Pretraining Paradigm:  Self-supervised contrastive
paradigm is adopted in SSLChange which motivates to obtain
high-level semantic features. In contrast, the self-supervised
mask modeling paradigm can promote the model to capture
low-level local features by random mask reconstruction.
Thus, the integration of the hierarchical feature extraction
capabilities from different paradigms in CD tasks is required
to be explored.

2) Multisource Domain Adaption: The SSLChange frame-
work focuses on the domain adaption between the same source
data. However, current airborne and spaceborne platforms
are commonly equipped with multisensors to jointly acquire
data for complementary purposes. Therefore, the general-
ized domain adaption between multisource data (e.g., SAR,
LiDAR, and Text information) remains to be investigated to
handle the various data emerging in the RS field.
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3) Robustness to Pseudo-Changes: Some environmental
factors and noises could disturb the model performance, such
as seasonal background variations, label noise, unalignment
noise, and object occlusion. These factors are also expected to
be considered in future research.

V. CONCLUSION

In this article, we propose an SSLChange framework for
bi-temporal CD tasks, which can be flexibly adapted to
existing downstream CD baselines with a concise structure.
Specifically, the transferred view is first generated based on
the DA with single-temporal samples, and then the spatial
branch and the channel branch in the Hierarchical Contrastive
Head are assigned to extract spatial and semantic features,
respectively. The pretrained encoder possesses the ability to
accurately capture geometric and categorical information of
the targets, which can be directly used for downstream CD
baseline fine-tuning after model clipping and alignment. The
experimental results demonstrate that our SSLChange frame-
work provides benefits to the baseline in the RSCD task,
especially in the case of the data-limited situation enabling
the baseline to be more stabilized in the training process and
obtaining a more satisfactory performance.

In future work, we will further consider the existing limi-
tations and explore various self-supervision-based pretraining
strategies. In addition, the efficient migration of pretraining
generalized frameworks to downstream tasks at the cost of
smaller computational resources is another direction of our
research.
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