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PAdaptCD: Progressive Adaptive Thresholding
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Abstract—Change detection (CD) aims to identify pixel-level
changes of interest in multitemporal remote sensing images (RSIs).
Due to the high cost of pixel-level annotations, semisupervised
approaches have gained attention by leveraging limited labeled
data alongside abundant unlabeled data. However, most current
semisupervised change detection (SSCD) methods ignore the severe
imbalance between unchanged and changed pixels in CD tasks,
which may lead to predictions biased toward the dominant category
(unchanged pixels). In addition, there is a lack of data augmentation
techniques specifically designed for SSCD, which consider the com-
plexity of RSIs and the unique characteristics of bitemporal images.
In this article, we propose a novel SSCD method, PAdaptCD, which
incorporates a progressive adaptive dual-threshold (PADT) strat-
egy designed for selecting relatively balanced and reliable classwise
pseudolabels. The PADT strategy progressively adjusts thresholds
for changed and unchanged classes in an online manner, selecting
pseudolabels based on the training status. In addition, bitemporal
image augmentation (BTIA) techniques are developed to better
capture the specific properties of bitemporal data. BTIA first
introduces a highly random intensity-based augmentation, which
sets an appropriate degree of data augmentation. Subsequently,
a simple yet effective approach called bitemporal image mixing
augmentation is proposed to facilitate style interaction between
different temporal images. Experiments are carried out on four
public datasets, including two building CD datasets (LEVIE-CD
and WHU-CD) and two datasets with natural and human-induced
changes (JL1-CD and CDD). The proposed PAdaptCD achieves
higher performance F1-scores with respect to literature methods
with a small amount of labeled data. The results confirm the
effectiveness of the proposed method.

Index Terms—Data augmentation, progressive adaptive dual-
threshold (PADT), pseudolabel selection, remote sensing, semi-
supervised change detection (SSCD).

1. INTRODUCTION

EMOTE sensing image change detection (RSCD) is cur-
Rrently one of the focal topics in the remote sensing
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(RS) field. Its objective is to identify changes of interest in
the same scene from multitemporal remote sensing images
(RSIs). Change detection (CD) has found widespread applica-
tion in a variety of fields, including urban development deci-
sion making [1], disaster assessment [2], and natural resource
monitoring [3].

The task of CD has experienced rapid development in recent
years. This can be attributed to advancements in Earth obser-
vation technology, which have provided extensive high-quality
multitemporal RSIs. In addition, the surge in deep learning
research has significantly improved the performance of CD.
However, supervised change detection (SSCD) relies on deli-
cate pixel-level manual labeling, which is time consuming and
requires rich experience and sound geographic knowledge. This
poses a challenge for CD models that have to effectively learn
features of changes of interest also in pressure of a limited
number of labeled images. Furthermore, CD datasets often
exhibit highly unbalanced distributions between changed and
unchanged pixels, with changed pixels typically being much less
than unchanged ones. This issue becomes more pronounced in
datasets with limited samples, where areas of change may be
represented by extremely few labeled samples. Consequently,
addressing the scarcity and imbalance of labeled samples re-
mains a major challenge in RSCD.

Semisupervised learning has been a promising research di-
rection, which consists in complementing a small number of
labeled images with the information extracted from a large set of
unlabeled images. Semisupervised learning methods have been
introduced in the RS domain in different processing tasks includ-
ing semantic segmentation [4], [5] and CD tasks [6], [7], [8], [9],
[10]. These methods can be divided into three main categories:
adversarial learning [4], [5], [6], consistency regularization [7],
[8], and pseudolabeling [9], [10]. Adversarial learning methods
either use a generative model to create synthetic images as
additional input or rely solely on a segmentation network without
a generative model. In the latter case, the discriminator distin-
guishes between segmentation maps generated by the network
and real maps (i.e., ground truth). Consistency regularization
methods introduce additional losses computed on unlabeled
samples and enforce consistency in network outputs under input
and/or model perturbations. Pseudolabeling methods perform
training on labeled samples to generate pseudolabels for the
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unlabeled samples. The generated pseudolabels are added to the
labeled set for subsequent training.

The perturbation of data or model has a significant impact
on model performance in consistency regularization. Various
data augmentation techniques have been explored, e.g., in stud-
ies [11], [12], [13], [14], and [15], while works [16], [17], and
[18] have primarily focused on different model perturbations in
the field of computer vision (CV). TCFSL [19] also explores
feature-level and distribution-level adjustments. Data from CD
tasks is unique, as it consists of bitemporal images captured
at different times. However, recent CD methods often overlook
cross-temporal relationships. For instance, WACS-SemiCD [20]
and CutMix-CD [21] apply the CutMix augmentation strategy
to mix image patches within the same temporal phase, while
I3PE [22] exchanges intra- and interimage patches within a
single temporal phase. Therefore, it is crucial to design tailored
data augmentation techniques for the SSCD task that incorporate
temporal information.

Most pseudolabeling methods select high-confidence pseu-
dolabels by setting a fixed threshold (e.g., 0.95 in Uni-
Match [12]), which is unsuitable for imbalanced data. In the
context of CD, due to the imbalance between changed and
unchanged categories, selecting highly confident pseudolabels
to integrate into the labeled set results in lower recall scores
for the changed category. This means that fewer changes are
correctly detected, leading to a vicious cycle. Recently, some
works [23], [24], [25]; have attempted to address the issue of
unbalanced distribution in CD with limited labels. The study
in [23] reduces the risk of class imbalance by synthesizing new
CD samples through generative adversarial training and image
blending techniques. The method in [24] introduces dynamic
adaptive focal loss to dynamically and adaptively balance the
ratio of changed and unchanged samples according to their
quantity in the batch training data. However, the method in [23]
is only applicable to building CD, while the method in [24]
shows unsatisfactory performance when labeled samples are
scarce. The study in [25] aims to alleviate this phenomenon by
using a rebalanced consistency learning strategy that incorpo-
rates uncertainty-based class weighting. However, a challenge
remains that is associated with the need to accurately measuring
classwise uncertainty. Here, we argue that an unbalanced distri-
bution is a significantly neglected problem in CD with limited
labels, which affects further advancements in SSCD.

Inspired by UniMatch [12], in this article, we propose a
novel semisupervised RSCD method, called PAdaptCD, with
a progressive adaptive dual-threshold (PADT) strategy. In com-
parison to UniMatch [12], first, PAdaptCD is more sensitive
to the change category in CD tasks due to the PADT strategy.
This strategy can leverage the information from unlabeled data
more effectively in the initial stages of the model, showing
good performance with a minimal amount of labeled samples.
Second, PAdaptCD incorporates a random intensity-based aug-
mentation to avoid generating overdistorted samples. Random
intensity-based augmentation selects a random number of dif-
ferent intensity-based augmentations. Excessive augmentation
is not suitable for CD tasks, as bitemporal images naturally
introduce variation through the time dimension, complementing
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artificial augmentations. Finally, considering the unique charac-
teristics of bitemporal images that may exhibit significant differ-
ences caused by seasons and imaging conditions, a bitemporal
images mixing (Bi-Mix) technique is introduced in the data
strong augmentation process to mitigate the errors caused by
these differences.

The main contributions of our work are summarized as fol-
lows.

1) We propose a novel semisupervised RSCD method, called
PAdaptCD, to address the challenge of enabling CD mod-
els to effectively learn interest change features with limited
labeled images and a large number of unlabeled images.
This method achieves high-precision CD while minimiz-
ing labeling costs.

2) A PADT strategy is designed to alleviate class imbalance
inbitemporal RS images. Classwise thresholds are dynam-
ically adjusted based on the unlabeled data confidence,
progressively selecting balanced and reliable pseudolabels
to enhance training effectiveness.

3) A bitemporal image mixing approach is developed to
facilitate the interaction of information across different
temporal phases and alleviate the interference caused by
representational differences.

The rest of this article is organized as follows. Section II
reviews the related work about fully supervised CD, semisu-
pervised learning, and SSCD. Section III introduces the pro-
posed method in detail. Section IV presents the experimen-
tal results and discussions. Finally, Section V concludes this
article.

II. RELATED WORK

A. Fully Supervised CD

Fully supervised CD has been widely studied in the field
of remote sensing. Due to the powerful discriminative abil-
ity of deep convolutional neural networks (CNNs), numerous
CNN-based methods [26], [27], [28], [29], [30], [31] have
been proposed for CD. These methods utilize multiscale spatial
information [27], [28], employ dilated convolutions [29], or
use attention modules [30], [31] to improve the CD model.
Recently, to alleviate the limited receptive field caused by the
nature of CNNSs, transformer-based [32] and CNN-transformer-
based [33] networks have been designed, demonstrating highly
accurate performance. Very recently, building on the success of
Vim [34] and VMamba [35], which have demonstrated superior
performance across various CV tasks, ChangeMamba [36] has
explored the potential of the Mamba architecture for CD.

The aforementioned fully supervised CD methods have
proven effective in RSCD tasks. However, their main limitation
lies in their reliance on large amounts of labeled data, resulting
in reduced generalization when the labels are scarce.

B. Semisupervised Learning

As mentioned in Section I, designing effective pertur-
bation techniques is crucial for consistency regularization.
Data augmentations have played a major role in consistency
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regularization-based semisupervised studies [12], [37], [38],
[39], [40], [41]. FixMatch [37] employs separate weak and
strong augmentations for consistency regularization, using
the weak-to-strong approach to supervise strongly perturbed
unlabeled images with predictions from their corresponding
weakly perturbed versions. Different from FixMatch [37], Uni-
Match [12] uses separate weak and dual-stream strong aug-
mentations for consistency regularization. ST++ [38] introduces
strong data augmentations (SDAs) on unlabeled images to miti-
gate overfitting caused by noisy labels and to differentiate similar
predictions between the teacher and student models. Moreover,
CutMix [39] is a powerful augmentation technique in consis-
tency regularization. It has been widely used in semisupervised
semantic segmentation tasks [40], [41]. Itis applied between un-
labeled instances with a predefined probability. This technique
cuts a random rectangular region from one image and pastes
it onto another image, along with copying the corresponding
pseudolabels to the other instance. The study in [40] presents
an adaptive CutMix transformation, which generates adaptively
sized cut boxes. ClassMix [41] further develops CutMix by dy-
namically generating binary masks that follow semantic bound-
aries. Although these data augmentation strategies perform well
in many tasks, they do not incorporate temporal information,
which is unique and crucial for CD tasks.

Ensuring the reliability of pseudolabels is essential in pseu-
dolabeling. One intuitive idea is to select pseudolabels with
high prediction confidence. This way is simple and efficient.
However, it neglects the issue of class imbalance by treating
each class equally, which leads to biased training. To address this
problem, some methods attempt to use dynamic thresholds for
pseudolabel selection. FlexMatch [42] introduces a curriculum
learning strategy, using a predefined threshold to adaptively
adjust the threshold for each class. FreeMatch [43] first obtains
an adaptive global threshold and then calculates local thresholds
(class-specific thresholds), introducing self-adaptive fairness to
counteract the negative effects of imbalance. AdaptMatch [44]
calculates adaptive thresholds for the foreground and back-
ground based on their historical predictions from both labeled
and unlabeled data during the training stage. The study in [45]
estimates the adaptive threshold using an exponential moving
average (EMA) and sets the initial threshold as the inverse of
the number of classes.

FlexMatch [42] and FreeMatch [43] compute the normalized
estimated learning effect between each class and the predicted
optimal class to adaptively adjust thresholds for pseudolabel
selection. However, these methods are limited as they do not de-
couple the learning status of each class. While AdaptMatch [44]
requires constructing memory banks to store historical predic-
tions, which brings a storage burden. The threshold in [45] is
heavily influenced by the preset prior value, hindering real-time
adjustments during training.

C. Semi-Supervised CD (SSCD)

Research in SSCD is much less extensive than research in
fully supervised CD due to the following substantial challenges.
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(a) (b)
Fig. 1. Number of changed and unchanged pixels and their respective pro-

portions, using the LEVIR-CD dataset [31] as an example. (a) Statistics for all
samples in LEVIR-CD. (b) Statistics for the selected 5% labeled samples.

Fig. 2. Two samples of bitemporal image pairs showing different representa-
tions of the same object (the same buildings are highlighted in the red and blue
boxes, respectively).

1) RSCD tasks suffer from severe data imbalance, and select-
ing only a few labeled samples exacerbates this imbalance
(with fewer changed samples), as shown in Fig. 1.

2) Bitemporal RS images are affected by differences in
acquisition times, leading to variations in illumination,
seasons, and sensor characteristics, which can cause the
same objects to exhibit different spectral properties, as
shown in Fig. 2. This challenge highlights the need for a
large number of labeled samples.

Semisupervised learning has gradually been introduced into
CD tasks. In the literature, several SSCD methods have demon-
strated good performance [6], [7], [10], [25], [46], [47], [48],
[49], [50], [51]. SemiCDNet [6] uses a generative adversarial
network for SSCD tasks. SemiCD [7] applies different ran-
dom perturbations to a deep feature difference map; then it
uses consistency regularization to drive the predicted change
probability map from the CD network to be consistent under
these perturbations. SemiSiROC [10] relies on half-sibling re-
gression for CD as an unsupervised teacher model to generate
pseudolabels. It pre-trains different student models by selecting
the highest-confidence pseudolabels. ST-RCL [25] adopts a self-
training approach, performing consistency learning on weakly
augmented and unrotated and rotated strongly augmented pre-
dictions, while introducing a rebalanced consistency learning
loss to alleviate the imbalanced distribution. SemiSANet [46]
constructs Siamese Networks with graph attention to pretrain on
the limited labeled data and utilizes consistency regularization
on the high-confidence pseudolabels under different augmen-
tations of the unlabeled data. FPA [47] introduces class-aware
feature alignment and pixelwise prediction alignment to select
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pseudolabels that exceed a fixed threshold for training on unla-
beled samples. The study in [48] proposes SSCD method based
on a graph convolutional network, which encodes multitempo-
ral images as a graph through multiscale parcel segmentation.
C2F-SemiCD [49] employs consistency regularization by min-
imizing the prediction difference between the student and the
teacher models and designs a multiscale attention mechanism
to extract change features from coarse to fine. The research
in [50] proposes a dynamically updated cross-supervised SSCD
network, which dynamically updates the pseudolabels during
the retraining phase. RISL [51] integrate boundary trimming and
instance reliability evaluation to generate pseudolabels. STCR-
Net [52] selects pseudoimages at the image level during the
self-training stage and applies consistency regularization to both
the prediction results and feature dimensions. CT2 RCDSS [53]
leverages consistency loss to constrain the generation of pseu-
dolabels from networks initialized with different parameters.
S? CDRNet [54] defines a class confidence index to adjust the
sampling rate in the data augmentation process. CutMix-CD [21]
employs a change-aware CutMix operation to generate mixed
samples, with a student—teacher framework designed to predict
changes in both the original and mixed samples.

However, among aforementioned semisupervised methods,
only ST-RCL [25], S* CDRNet [54], and CutMix-CD [21]
attempt to alleviate the imbalanced distribution problem in the
CD task. There is still ample room for further investigation
into the imbalance issue in SSCD. In addition, there is little
literature specifically focused on designing data augmentation
strategies for the CD task. STCRNet [52] briefly mentions the
use of the CutMix augmentation strategy on bitemporal images.
However, this CutMix strategy is applied between preevent and
postevent images of the same pair, lacking the incorporation of
information mixing across image pairs. CutMix-CD [21] applies
the CutMix operation between the same temporal images from
two image pairs. Nevertheless, images from the same temporal
phase often exhibit similar styles. Therefore, exploring CutMix
strategies across different temporal images from different pairs
is a promising direction.

III. METHODOLOGY

In SSCD, we are given a small amount of labeled sam-
ples and a large amount of unlabeled samples. Let D' =

{(x} ;@b ;,yl)}t) represent the N; labeled bitemporal sam-

ples,and D" = {(z} ;, 7% ;) } Nu' denote the unlabeled bitempo-
ral samples, where (xl“, xlzl) represents the ith labeled bitem-
poral image pair, xll ; and xlzl are preevent image and postevent
image, respectively, and 4! is the labeled change map. Similarly,
(z;, 25 ;) is the ith unlabeled bitemporal image pair.

The proposed method is based on UniMatch [12], incor-
porating weak-to-strong consistency regularization and pseu-
dolabeling techniques, as well as employing dual-stream per-
turbations. Differently from UniMatch [12], considering the
unique aspects of the RSCD task, we design bitemporal images
augmentation and PADT strategies, as detailed in Sections III-B
and ITI-C.

IEEE JOURNAL OF SELECTED TOPICS IN APPLIED EARTH OBSERVATIONS AND REMOTE SENSING, VOL. 18, 2025

TABLE I
LIST OF VARIOUS IMAGE TRANSFORMATIONS IN PADAPTCD

Weak Augmentation

-Apply all

Random Scale  Randomly resizes the image by [0.8, 1.2].

Random Crop  Horizontally flips the image with a probability of 0.5.
Random Flip Randomly crops a region from the image.

Strong Augmentation
Highly Random Intensity-Based image-level Augmentation
-Apply k randomly

Identity Returns the original image.

Autocontrast Maximizes (normalize) the image contrast.

Equalize Equalizes the image histogram.

Gaussian blur ~ Blurs the image with a Gaussian kernel.

Contrast Adjusts the contrast of the image by [0.05, 0.95].
Brightness Adjusts the brightness of the image by [0.05, 0.95].
Color Enhances the color balance of the image by [0.05, 0.95].
Sharpness Adjusts the sharpness of the image by [0.05, 0.95].
Posterize Reduces each pixel to [4,8] bits.

Solarize Inverts image pixels above a threshold from [1,256).
Hue Jitters the hue of the image by [0.0, 0.5].

A novel mixing mechanism
S Mixes areas across different temporal images from
Bi-Mix . .
different pairs.

A. Network Architecture

The overall architecture of the proposed PAdaptCD is il-
lustrated in Fig. 3. As previously mentioned, PAdaptCD em-
ploys a weak-to-strong consistency regularization to process
unlabeled samples. First, each unlabeled image pair (o7 ;, 73 ;)
is simultaneously perturbed by weak augmentation A,, and
dual-stream strong augmentation branches A, and A, (details
in Table I). Then, the labeled image pair () ;,z} ;) and the
generated weak augmented unlabeled image pair (x”l“f, ryY), as
well as the dual-stream strong augmented unlabeled image pairs
(z1%,x55") and (2777, 2577 ) are all given as input to a shared
weighted Siamese networks. The strong augmentation combines
highly random intensity-based augmentation (HRIA) with a
tailored bitemporal image mixing strategy. Both labeled and
unlabeled samples are used simultaneously for model training.
For unlabeled samples, pseudolabels with confidence exceeding
threshold 7 are selected to train the model. The progressive
adaptive dual thresholds are dynamically updated in real-time
based on feedback during training. Finally, the predicted change
map is obtained.

The overall objective function £ consists of supervised loss
L and unsupervised loss £,, and is defined as

L= S(La+ L), )

Specifically, the supervised loss L is the cross-entropy loss
between model prediction map p' and ground-truth map y'. The
unsupervised loss £, is defined as

£ =g Y 1lmax® = ) - ("

B HGe ) + H@w,p”)))

5 @)

where B, is the batch size for unlabeled data, p* denotes the
predicted confidence, and T is a scalar hyperparameter repre-
senting the threshold beyond which pseudolabels are selected.
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WA |Weak Augmentation

! ! .
p L Y 2 Highly Random
«———p HRIA | ntensity-Based
_____ Augmentation

i | | Weight-Sharing

Generate pseudo-labels |

Obtain
prediction map j}_W

* ,,’1'0 Dual-Threshold !
09— _—
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07 Changed
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Nu  Training iteration t

Calculate Progressive
Adaptive Dual-
Threshold Values

Select
pseudo-labels

) ( ~ miX)
Amzx) I Y Jus,
w

Weak Augmentation Forward — First Strong Augmentation Branch Forward — Second Strong Augmentation Branch Forward

Fig. 3. Architecture of the proposed PAdaptCD. The labeled sample pairs (acll’ i,aclz Z.,yé) and the unlabeled sample pairs (z“l*ﬂ i,x“g’ ;) in the batch are
simultaneously used for supervised and unsupervised training, respectively. In supervised training, standard learning is performed. In unsupervised training,
data augmentation is first applied, including both weak and strong augmentations, where the strong augmentations consist of highly random intensity-based
augmentations and bitemporal image mixing (Bi-Mix). The weakly augmented and strongly augmented data are then fed into CD networks to produce predicted
change feature maps p", p®!, and p®2. Pseudolabels are subsequently selected using a PADT strategy. Finally, the model is optimized using a combination of

supervised loss £ and unsupervised loss L, .

4" represents the pseudolabels selected from weakly perturbed
images, p' is the output from feature perturbation, and p** and
p*2 are the outputs from dual-stream perturbations. H mini-
mizes the entropy between the selected pseudolabels and the
predictions obtained from feature perturbation and dual-stream
perturbations.

Shared weighted Siamese networks: Following the Uni-
Match [12], we employ a DeepLabv3+ model based on ResNet-
50 for change detection in RS images. The Siamese DeepLabv3+
networks are shared between the labeled data sampled from D'
and the unlabeled data sampled from D". The labeled data are
used in the supervised training part in Fig. 3, helping the model
to acquire the preliminary ability to predict changes. The single-
branch DeepLabv3+ model consists of an encoder—decoder
architecture, while PAdaptCD adopts a Siamese structure to
extract features from preevent and postevent images derived
from bitemporal images. The bitemporal images (x1 ;,%2;)
are first sent to the encoder £. The decoder G is utilized to
integrate the information from bitemporal images and generate
the predicted change feature map p

p=G(E(x1,4,224))- 3)

B. Bitemporal Images Augmentation

1) Highly Random Intensity-Based Augmentation (HRIA):
The key to semisupervised learning is how to effectively utilize
unlabeled samples. Here, strong and weak perturbations are used
for image-level augmentation to generate prediction discrepan-
cies. The weak augmentation A,, as shown in Table I, includes
standard resizing, cropping, and flipping operations

(@1, 257) = Aw((@Y;, 23,))- )

The strong augmentations A,, and A, in dual-stream per-
turbations are implemented by introducing HRIA [18] and a
novel mixing mechanism called Bi-Mix. As discussed in [15],
augmentations with excessive distortion can disrupt data distri-
bution and degrade the performance of semisupervised semantic
segmentation. Instead of using a fixed number, we apply a
random number of augmentations from the augmentation pool,
up to amaximum value of k. This augmentation strategy features
a high degree of randomness, without significantly affecting the
data distribution
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G ) ()

(CH D I € i)

Fig. 4. Various CutMix strategies in bitemporal images for CD task.
(a) CutMix-Same Pair: CutMix is applied within the same bitemporal image pair.
(b) CutMix-Same Temporal: CutMix is applied to the same temporal images
across different pairs. (¢) CutMix-Dual Diff (Bi-Mix, used in PAdaptCD):
CutMix is applied across different temporal images from different pairs.

a7 = Ay (1), 257 = Asy (23) )

where A, refers to the perturbation from the first strong aug-
mentation branch, the A;, used for preevent and postevent
images differs due to the application of HRIA. Similarly, A,
denotes the random perturbation from the second strong aug-
mentation branch.

2) Bitemporal Images Mixing (Bi-Mix): Bi-Mix adopts a
“CutMix-Dual Diff” strategy, which aims to mix the different
temporal information across different RS bitemporal image
pairs, which is applied as a strong augmentation, as shown in
Fig. 4(c).

As already mentioned, in real-world problems, due to differ-
ent acquisition times, illumination, and atmospheric conditions,
land-cover objects in bitemporal images, whether changed or
unchanged, exhibit differences in appearance, as illustrated in
Fig. 2. Thus, the unchanged pixels may be easily confused with
the changed ones. To alleviate this problem, we design a new
CutMicx strategy (named “Bi-Mix”) for bitemporal images. The
inputs to the Bi-Mix are two different pairs of bitemporal images
that have already undergone HRIA. The process is implemented
as follows.

1) Randomly generate a properly sized rectangular box based

on the size of the input image, and generate a binary mask
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M, where the positions within the randomly generated
rectangular box are set to 1, whereas the other values
are 0.

2) Utilize the binary mask M where a value of 1 indicates
the selection of the mixing pixels from (z}%, 24%) and
another temporal image from another bitemporal image
pair (z1%, 5% ).

The selected pixels are used to generate bitemporal mixed
images; the generation process of mixed pseudolabels is
similar.

3) Through Bi-Mix, z7; and x5"; are generated as x‘l‘“;‘ and
xg“l" respectively, for input into the dual stream.

The process of generating the bitemporal mixed images and

the mixed pseudolabels §™* can be written as
o= (1-M)ozs+ Moy

,i

i =(1-M)oays+ Moz,

Jo =(1-M)og"+Moyy (6)
where © denotes elementwise multiplication, and ¢;” and g/
are the pseudolabels generated from the two pairs of bitemporal
images, respectively.

As shown in Fig. 4(c), the mixed bitemporal images contain
information from the preevent and postevent images, as well as
from another pair of images. It serves as a bridge to facilitate
interaction between the styles of the bitemporal images, helping
to mitigate interference caused by representational differences.
Moreover it increases data diversity, improving the generaliza-
tion ability of the model.

C. Progressive Adaptive Dual-Threshold (PADT)

Equation (2) provides the intuition that the utilization of
unlabeled data is directly controlled by the confidence threshold
7. In the initial training phase, if the value of 7 is too high,
fewer unlabeled data will be utilized, failing to fully exploit the
information embedded in the unlabeled samples, which leads
to a slow convergence of the training process. However, if
the value of 7 is set too low, although more unlabeled data
participate in training, a large number of inaccurate pseudolabels
will affect the training of the model. As mentioned in [43], the
key to determining the semisupervised threshold is that it should
reflect the learning state. Hence, we propose a PADT strategy
that automatically calculates the thresholds for the changed and
unchanged categories based on the predictions obtained during
each training iteration. To ensure the reliability of selected pseu-
dolabels to a certain extent, we design a progressive increment
adjustment approach to control the value of 7 from being too
low. Fig. 5 shows the illustration of PADT.

As shown in Fig. 3, the labeled image pair (z ;, 2% ;) the
weak augmented unlabeled image pair (21, x5/ ), and the dual-
stream strong augmented unlabeled image pairs (277, 757)
and (277, z5") are all trained at the same time in the proposed
PAdaptCD. The weak augmentations yield relatively reliable
results and are used for generating pseudolabels. Therefore, we
calculate the adaptive thresholds based on the predictions of
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Fig. 5. Illustration of the PADT. Pseudolabels are selected using PADT, with threshold values that are calculated based on the EMA of prediction statistics and a

progressive increment adjustment strategy. Filtered (discarded) samples are marked with red X.

3 Vi Uw  puw usy ,uS1
the weak augmentations. After giving (1, 257), (217, 57")
and (21?2, z5°?) as input into the encoder—decoder network, the

predicted change features can be obtained as
pY =Gy, 25%)), p'P = G(P(E(aty, 45Y)))
P =GV, 257)).p = G(E@T, 257) (D)

where P denotes feature perturbations (refer to [12] for more
details).

To normalize each pixel prediction in p* to the range [0, 1],
the softmax function is applied to each pixel along the class
dimension, i.e.,

P = Softmax(p™) (8)

where p* = p& U pry, P&, and ps represent the predicted prob-
abilities of changed and unchanged pixels in p*, respectively.

Based on the prediction map p*, the pseudolabel map y* €
RH>W can be obtained for pseudosupervision training on the
dual-stream strongly augmented unlabeled image. The §* can
be expressed as

9(i,9) :{

The average confidence for each class can be displayed in
real-time to indicate its convergence difficulty, thus having the
capability to serve as the corresponding threshold. The adaptive
dual-threshold can be calculated as

1, ifpi(i, ) > 0.5
0, otherwise.

9)

adp
C

T
adp

(t) = xtirys PE(J) > 0.5
() = xmbls, D

where Téf] P and T[a]d P represent average confidence for changed
and unchanged pixels, respectively, ¢ represents the ¢th time step

(10)

U

(iteration), and Num(pg) and Num(pj;) represent the number
of changed and unchanged pixels in p,,, respectively.

We use the EMA of the confidence at each training step to
iteratively update the adaptive dual-threshold

{Tglp(t) <_m.7-é‘,jp(t)—|—(1—m)'7'gjp(t_l) (1)
TR(E) = m- g () + (L= m) (1)

where m € (0, 1) is a momentum coefficient of EMA. Here, we
setm = 0.9.

As the training progresses, the adaptive dual-threshold should
ideally steadily increase until it stabilizes. Therefore, we design a
progressive increment to adjust the adaptive threshold, ensuring
that more incorrect pseudolabels are discarded. Specifically, we
adjust the progressive increments according to the training status
and the iteration number, and set an upper bound Typper 0f 0.95

for the confidence threshold. The final PADT values 75 “*(t)

and 7/, **(t) can be expressed as
ad Tupper—Te () . ad
Tgfadp(t) _ Tép(t)ﬁ-%, lfTép(t) <’7'uppf,r
Tuppers Otherwise
(12)
adp Ty sr*Tadp(t) .o _adp
Tg—adp(t) _ Ty (t) + %, if T (t) < Tupper
Tuppers Otherwise

where 7' is a hyperparameter.
Finally, the unsupervised loss £,, at the ¢th iteration is given
by

1 o )
L= g 3 U5 = 70, (0) - (2™

L

(o

s P + H((zmimm»). (13
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Algorithm 1: PAdaptCD Algorithm.

Input: Labeled set D' = {(z} ;, 4 ,;), .}V,
unlabeled set D* = {z¥ ;2% ,}", CD
networks £ - G, total epoch number N epoch s
batch size bs, weak augmentation A, (-),
HRIA A,(-) and randomly generated binary
mask M in Bi-Mix

Output: Updated CD network weights £ - G
for epoch <— 1 to Neyosn do

len(D")
bs do

Sample labeled pair {(z} ;, 24 ;,y!)}, sample
unlabeled pair (2} ;, 4 ;)
Obtain weakly augmentation image pair
(21, 257) = Aw() < (21, 25;)
Obtain HRIA
(215, 255) < As() < (217, 237)
Obtain bi temporal mixed images
T3y ;= (1-M)o Ty ; M © 50
Generate the predicted change feature maps
P, pIP, o p™ = G(E()), G(P(E())) +
(@17, 255), (215 233 ), (27, 237)
Generate the pseudo labels §» < p»
Generate the mixed pseudo labels
g =10 =M)o§ + Mgy
Calculate current iter adaptive dual-threshold
values (&% (t), T (1)) « pv
Update the adaptive dual-threshold values
ad ad ad
TC(F;]) (t) « (TC(I;]) (1), Tc(pU) (t—1))
Obtain the final PADT values
if Tca‘?;]) (t) < Tupper then

for iter < 1 to L

__adp
p—adp (t) adp (t) + Tupper TC(U) (t) .

Tew) \W = Tew) 1+ ()t °
else
—ad
‘ Tcp*(l;)p () = Tupper:
end

Calculate the unsupervised loss '

Lo = (0 ot o (0,077, 0% 0%, G, )

Update CD network weights £ - G by
L=Ls+L,

end

end

To better illustrate the update steps of the proposed algorithm,
the detailed training process of the PAdaptCD is described in
Algorithm 1.

IV. EXPERIMENTS
A. Datasets

Four public high-resolution RSCD datasets, i.e., LEVIR-CD,
WHU-CD, CDD, and JL1-CD datasets, are employed to assess
the effectiveness of the proposed method.

The LEVIR-CD dataset [31] consists of 637 pairs of bitem-
poral images with a size of 1024 x 1024 pixels and a resolution
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of 0.5 m, obtained from Google Earth. It is a building CD
dataset, including changes in various types of buildings such
as villa residences, tall apartments, small garages, and large
warehouses. The images were acquired between 2002 and 2018,
thus containing interference from many irrelevant changes, such
as seasonal and illumination variations. In the experiments, the
images are cropped into 256 x 256 pixels. We adopt its default
dataset split: 7120/1024/2048 for training/validation/test.

The WHU-CD dataset [55] consists of a pair of bitemporal
images with a size of 32 507 x 15 354 pixels and a resolution of
0.3 m. It is also a building CD dataset, which covers the area in
the region of Christchurch, New Zealand, which experienced a
6.3 magnitude earthquake in February 2011 and underwent re-
construction in the following years. The dataset was captured in
2012 and 2016. The WHU-CD dataset is challenging due to the
highly heterogeneous distribution of change areas. Following [7]
and[40], the images have been cropped into nonoverlapping
patches with a size of 256 x 256 pixels: 5947/743/744 for
training/validation/test.

The JL1-CD dataset [56] consists of 5000 pairs of bitemporal
satellite images with a size of 512 x 512 pixels and submeter res-
olutions ranging from 0.5 to 0.75 m. The images were captured
between early 2022 and the end of 2023 across various regions in
China, including Shandong, Ningxia, Anhui, Hebei, and Hunan.
The dataset covers diverse common human-induced and natural
surface changes, such as piled Earth, buildings, roads, hardened
surfaces, woodlands, grasslands, croplands, and water bodies.
Following the default dataset split, the dataset is divided into
4000 pairs for training and 1000 pairs for testing.

The CDD dataset [57] contains 11 pairs of Google Earth
images with a spatial resolution between 3 and 100 cm. It
includes seven pairs of season-varying images with size 4725 x
2700 pixels. In addition, four season-varying image pairs with
minimal changes and size of 1900 x 1000 pixels are considered
to manually add additional objects. The dataset includes changes
in buildings, roads, vehicles, etc., while excluding changes
caused by seasonality and lighting. Following the default dataset
split, the original images have been cropped and rotated to
generate 16000 pairs of images with size 256 x 256 pixels:
10000/3000/3000 for training/validation/test.

B. Implementation Details and Evaluation Criteria

During training, each minibatch consists of eight labeled
image pairs and eight unlabeled image pairs. The initial learning
rate is set to 0.02, and the SGD optimizer is used. The model is
trained for 80 epochs on LEVIR-CD, WHU-CD, and JL1-CD,
and 120 epochs on CDD, using a polynomial learning rate
scheduler. All the experiments are implemented in PyTorch 1.9.0
and conducted on an NVIDIA 4090 24 GB and an NVIDIA A100
80 GB GPU for training and testing.

To evaluate the performance of the proposed method, five
commonly used CD accuracy indices are employed, including
precision (Pre), recall (Rec), Fl-score (F1), intersection over
union (IoU), and overall accuracy (OA). Besides the OA, which
is used to evaluate the overall performance for both the changed
and unchanged classes, the other four indices are all used to
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compute results for the changed class, as this task primarily
focuses on the change areas. The aforementioned indices are
expressed as follows:

TP

Pre = ———— 14
= TP+ Fp (14
TP
Rec = ——— (15)
TP + FN
2x P R
Pl x Pre x Rec (16)
Pre + Rec
TP
JoU= ——— (17
TP + FN + FP
TP + TN
OA = 18
TP + TN + FP + FN (18)

where TP, FP, FN, and TN represent true positive, false positive,
false negative, and true negative, respectively.

C. Comparisons With SOTA Methods

To verify the effectiveness of the proposed method, sev-
eral state-of-the-art semisupervised methods are selected as
comparative techniques, including the basic Only-sup method,
s4GAN [58] (which is an adversarial learning method),
SemiCD [7] and C2FNet [49] (which are two consistency
regularization methods), RCL [9] (which is a pseudolabel-
ing method), SemiSANet [46], FPA [47], CutMix-CD [21],
SemiCD-VL [59], and UniMatch [12] (which are five hybrid
methods incorporating characteristics of consistency regulariza-
tion and pseudolabeling).

Only-sup refers to the method that uses only labeled data for
training the model.

s4GAN [58] uses a dual-branch approach to semisupervised
semantic segmentation, consisting of an enhanced GAN-based
model and a semisupervised multilabel classification branch.

SemiCD [7] introduces an unsupervised CD loss that ensures
consistency in the output change probability map of unlabeled
bitemporal image pairs when small random perturbations are
applied to their deep feature difference map.

C2FNet [49] is an SSCD method based on consistency reg-
ularization, which includes a coarse-to-fine CD network and a
semisupervised updating method using the mean teacher ap-
proach.

RCL [9] employs the prediction uncertainty of unlabeled
images to select reliable pseudolabels for model training and
combines features of changed areas to design pixel-level positive
and negative samples for contrastive learning.

SemiSANet [46] is an SSCD method based on pseudolabeling
and consistency regularization. It constructs a Siamese nested
UNet with a graph attention mechanism to capture long-range
feature dependencies.

FPA [47] is a model-free SSCD framework composed of
two alignment strategies. The class-aware feature alignment
aligns the area-level change/no-change features, while pixelwise
prediction alignment aligns the pixel-level change predictions
under different image augmentations.
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SemiCD-VL [59] is a visual language model-guided SSCD
method that leverages VLMs to generate pseudolabels, provid-
ing additional supervision for unlabeled data.

CutMix-CD [21] utilizes change-aware CutMix augmentation
combined with consistency learning. It generates novel change
samples from unlabeled data by synthesizing mixed change
regions.

UniMatch [12] expands the perturbation space by introducing
an auxiliary feature perturbation stream. In addition, a dual-
stream perturbation technique is adopted to enable two strong
augmentation views to be simultaneously guided by a common
weak augmentation view. As mentioned earlier, we use Uni-
Match as our plain baseline.

Tables II compares the accuracy obtained by the proposed
PAdaptCD with those of other methods on four CD datasets.
On the LEVIR-CD test set, PAdaptCD achieves an Fl-score
of 90.01% on the 3% split, which is a 10.74% improvement
over the Only-sup method. Moreover, compared to GAN-based,
consistency-based and pseudolabeling methods, the proposed
method maintains superior performance, e.g., it exceeds RCL
by 7.74% in F1 and 11.96% in IoU®. It also outperforms the
baseline method, UniMatch, by 1.29% in F1. Similarly, on the
WHU-CD test set, PAdaptCD brings significant improvements
over the Only-sup method, increasing F1-scores by 33.83% and
19.09% with 178 and 297 labeled images, respectively. While
SemiCD-VL achieves the highest Fl-score at the 20% split,
the proposed method achieves the best performance among all
compared methods when trained with very few labeled samples
(e.g., 3% and 5% splits), demonstrating its strong effectiveness
under limited supervision.

For the two natural and human-induced CD datasets, JL1-
CD and CDD, PAdaptCD also shows excellent results. On
the JL1-CD test set, PAdaptCD achieves an Fl-score 7.18%
higher than Only-sup under the 5% label ratio. Compared to the
recent CutMix-CD, PAdaptCD provides consistent advantages,
improving Fl-scores by 5.22% and 5.08% under the 3% and
5% splits, respectively. On the CDD test set, compared with
Only-sup, the proposed method achieves performance gains of
10.03%, 11.71%, 9.30%, and 5.34% in F1 for 3%, 5%, 10%,
and 20% labeled image splits, respectively, and yields the best
results in all cases compared with literature methods.

To provide a more intuitive illustration of the performance
differences among various methods, Fig. 6 illustrates the perfor-
mance gap between PAdaptCD and other methods. The proposed
method achieves superior performance, especially in scenarios
with a very small number of labeled samples. Moreover, to
evaluate model efficiency, Table III reports the number of pa-
rameters (Params.), floating-point operations (FLOPs), epoch
time, and inference time on the LEVIR-CD dataset with 3%
labeled data. Epoch time refers to the duration for one training
epoch with a batch size of 8, and inference time is measured
with a batch size of 1. The proposed PAdaptCD adopts the
same DeepLabv3+ model (with ResNet-50 as the backbone)
as UniMatch and s4GAN, resulting in an identical number of
parameters and FLOPs. Minor differences in epoch time are
due to varying training strategies. SemiCD, RCL, FPA, and
CutMix-CD use a different ResNet-50-based model, resulting in
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TABLE II
CHANGE DETECTION RESULTS ON THE LEVIR-CD, WHU-CD, JL1-CD AND CDD TEST SETS

3% (213) 5% (356) 10% (712) 20% (1424)
Datasets Method
I0U¢ Fl Pre Rec OA |IOU¢ Fl Pre Rec OA |IOU¢ Fl Pre Rec OA |IOU¢ Fl Pre Rec OA
Only-sup 65.66 79.27 91.69 69.81 98.14 | 69.87 82.27 89.56 76.07 98.33| 75.93 86.32 91.38 81.78 98.68 | 78.75 88.11 92.92 83.77 98.85
s4GAN 49.50 66.22 62.35 70.61 96.33 | 58.53 73.84 80.18 68.44 97.53| 68.29 81.16 79.60 82.78 98.04 | 71.86 83.63 86.15 81.25 98.38
SemiCD 70.12 82.43 85.46 79.62 97.89 | 74.88 85.63 89.57 82.03 98.60 | 76.82 86.89 90.66 83.42 98.72| 77.45 87.29 91.33 83.60 98.76
C2FNet 79.45 88.55 90.39 86.79 98.86 | 81.33 89.71 92.15 87.39 98.98 | 82.35 90.32 92.15 88.57 99.03 | 82.61 90.46 92.58 88.65 99.05
LEVIR-CD RCL 69.88 82.27 86.44 78.48 98.28 | 71.52 83.40 86.58 80.45 98.37| 74.93 85.67 87.92 83.53 98.58 | 75.66 86.14 87.48 84.84 98.61
SemiSANet 71.37 83.30 85.83 80.91 98.35| 71.63 83.47 84.28 82.68 98.33| 77.11 87.07 89.01 85.22 98.71 | 78.69 88.07 90.52 85.76 98.82
FPA 70.38 82.61 79.04 86.53 97.91| 73.83 84.94 88.92 81.31 98.53| 75.41 85.98 90.22 82.03 98.52 | 80.05 88.92 92.98 83.91 98.62
CutMix-CD 69.24 81.82 85.29 78.63 98.22| 77.77 87.49 89.40 85.67 98.75| 79.50 88.58 89.48 87.69 98.85| 81.05 89.54 90.96 88.15 98.95
SemiCD-VL 80.65 89.29 90.87 87.76 98.93 | 80.72 89.33 92.50 86.38 98.95| 82.30 90.29 92.43 88.25 99.03 | 82.41 90.36 91.60 89.15 99.03
UniMatch | DeepLabv3+ | 79.73  88.72 92.90 84.90 98.90 | 80.00 88.89 93.11 85.03 98.92| 81.72 89.94 93.54 86.61 99.01 | 81.65 89.90 93.97 86.17 99.01
PAdaptCD(proposed) | 81.84 90.01 92.05 88.06 99.00 | 81.92 90.06 92.91 87.38 99.02| 82.56 90.44 93.13 87.91 99.05| 82.67 90.52 92.72 88.42 99.06
Method 3% (178) 5% (297) 10% (594) 20% (1189)
10U¢ Fl1 Pre Rec OA |IOU¢ Fl Pre Rec OA |IOU® Fl Pre Rec OA |IOU¢ Fl Pre Rec OA
Only-sup 38.99 56.10 55.73 56.48 96.49 | 55.08 71.03 68.50 73.76 97.61| 61.88 76.46 72.87 80.41 98.04 | 47.23 64.16 5523 76.54 96.61
s4GAN 47.80 64.68 80.84 53.90 97.66 | 58.23 73.60 78.79 69.05 98.03 | 61.54 76.19 85.00 69.04 98.29 | 66.36 79.78 86.63 73.93 98.51
SemiCD 54.67 70.70 77.64 64.89 97.87| 62.64 77.03 76.65 77.40 98.17 | 70.44 82.66 81.93 83.40 98.61 | 76.43 86.64 87.80 85.52 98.95
WHU-CD C2FNet 67.35 80.49 79.18 81.85 98.43 | 72.16 83.83 84.21 8345 98.72| 76.47 86.67 85.60 87.75 98.93 | 81.49 89.78 88.42 91.23 99.18
RCL 49.59 66.30 80.31 56.45 97.72| 51.14 67.67 77.76 59.91 97.73 | 63.12 77.39 82.50 72.87 98.31| 73.70 84.86 86.56 83.23 98.82
SemiSANet 5271 69.03 73.10 65.39 97.67 | 52.06 68.48 79.03 60.41 97.79 | 60.58 75.45 78.94 7225 98.13 | 67.59 80.66 81.15 80.18 98.47
FPA 58.52 73.83 67.45 81.55 97.71 | 7220 83.86 87.07 80.87 98.76 | 60.38 75.29 73.70 76.96 98.00 | 72.07 83.77 79.67 88.32 98.64
CutMix-CD 60.61 7548 76.84 74.16 98.09 | 61.40 76.08 77.89 74.35 98.15| 68.79 81.51 84.93 78.35 98.59 | 76.80 86.88 82.06 92.30 98.89
SemiCD-VL 80.97 89.48 91.71 87.36 99.19 | 81.30 89.69 95.08 84.87 99.23 | 81.65 89.90 92.37 87.56 99.22| 83.25 90.86 89.69 92.06 99.26
UniMatch | Deeplabv3+ | 80.83 89.40 94.24 85.03 99.20 | 80.67 89.30 95.52 83.84 99.20| 81.74 89.95 91.97 88.02 99.22| 81.81 90.00 88.21 91.85 99.19
PAdaptCD(proposed) | 81.71 89.93 93.75 86.41 99.23 | 82.02 90.12 93.36 87.10 99.24 | 82.90 90.65 92.79 88.60 99.27 | 82.05 90.14 87.94 92.45 99.20
Method 3% (120) 5% (200) 10% (400) 20% (800)
I0U¢ Fl1 Pre Rec OA |IOU¢ Fl Pre Rec OA |IOU® Fl Pre Rec OA |IOU¢ Fl Pre Rec OA
Only-sup 3724 5427 5596 52.67 91.66| 50.56 67.17 72.54 62.53 94.26 | 5320 69.45 70.58 68.36 94.35| 57.76 73.22 79.25 68.05 95.33
s4GAN 41.87 59.03 74.06 49.07 93.60 | 46.78 63.75 76.64 54.57 94.17| 50.65 67.24 75.67 60.50 94.46 | 55.21 71.14 79.04 64.69 95.07
SemiCD 36.83 53.84 67.60 44.73 92.80 | 49.14 65.90 79.45 56.30 94.53 | 52.42 68.78 80.12 60.26 94.86 | 58.86 74.10 79.70 69.23 95.46
JL1-CD C2FNet 39.95 57.09 73.93 46.50 93.44 | 53.71 69.89 76.45 64.37 94.79 | 57.34 72.88 80.00 66.93 95.32| 61.02 75.79 79.98 72.02 95.68
RCL 46.49 63.47 71.82 56.86 93.85| 53.06 69.34 75.54 64.08 94.68 | 54.31 70.39 75.04 66.29 94.76 | 58.24 73.61 77.92 69.76 95.30
SemiSANet 3747 5451 66.49 46.19 92.76 | 47.87 64.75 69.77 60.41 93.82| 51.66 68.13 78.58 60.13 94.72 | 52.18 68.58 80.40 59.79 94.86
FPA 4578 62.80 68.69 57.85 93.57| 53.90 70.04 75.99 64.96 94.78 | 56.42 72.14 81.35 64.80 9530 | 57.50 73.02 75.77 70.46 95.11
CutMix-CD 49.13 65.89 63.73 68.20 93.37 | 52.99 69.27 69.89 68.66 94.28 | 58.01 73.42 71.35 75.62 94.86 | 60.52 75.40 78.14 72.85 95.54
SemiCD-VL 51.39 67.89 86.01 56.08 95.02 | 55.50 71.38 79.97 64.46 95.15| 55.67 71.52 86.65 60.89 95.45| 58.09 73.49 86.49 63.89 95.67
UniMatch | Deeplabv3+ | 53.61 69.80 80.91 61.37 95.01 | 57.38 72.92 79.19 67.57 9529 | 57.46 7298 84.09 64.47 95.52| 60.28 7522 83.52 68.42 95.77
PAdaptCD(proposed) | 55.17 71.11 78.69 64.85 95.05| 59.17 74.35 80.33 69.20 95.52| 59.43 74.55 81.65 68.59 95.60 | 61.46 76.13 84.50 69.27 95.92
Method 3% (300) 5% (500) 10% (1000) 20% (2000)
I0U¢ Fl Pre Rec OA |IOU¢ Fl Pre Rec OA |IOU¢ Fl Pre Rec OA |IOU¢ Fl Pre Rec OA
Only-sup 57.53 73.04 81.32 66.29 94.23 | 61.06 75.82 83.33 69.55 94.77 | 69.83 82.23 89.30 76.20 96.11 | 80.14 88.97 93.25 85.07 97.51
s4GAN 53.10 69.59 71.96 67.03 93.46 | 58.94 74.16 76.61 71.88 94.67 | 66.73 80.05 86.93 74.17 95.64 | 73.67 84.84 89.10 80.97 96.59
SemiCD 58.54 73.85 81.25 67.68 93.80 | 68.07 81.00 87.22 75.60 95.42| 75.56 86.08 90.92 81.72 96.58 | 82.77 90.57 92.89 88.37 97.62
DD C2FNet 53.35 69.71 7222 66.92 93.54 | 59.97 74.98 85.12 67.00 94.72| 70.71 82.84 87.97 78.28 96.17 | 80.30 89.08 91.22 87.03 97.48
RCL 63.43 77.62 8299 7290 94.57 | 69.30 81.87 84.21 79.65 95.44| 76.22 86.50 89.02 84.13 96.61 | 81.57 89.85 90.84 88.88 97.40
SemiSANet 60.84 75.65 85.89 67.59 94.81| 62.63 77.02 81.83 72.74 94.82| 67.33 80.48 83.56 77.62 95.51| 74.22 85.20 87.96 82.61 96.58
FPA 64.00 78.05 87.63 70.35 94.88 | 70.23 82.51 91.45 75.16 95.88 | 77.55 87.36 91.34 83.71 96.87 | 81.64 89.89 93.54 86.51 97.48
CutMix-CD 63.00 77.30 85.61 70.47 94.65| 68.87 81.57 86.72 76.99 95.50 | 75.44 86.00 89.47 82.79 96.52| 81.49 89.80 92.64 87.13 97.44
SemiCD-VL 68.24 81.12 91.29 7299 95.99 | 73.36 84.63 93.61 77.23 96.69 | 81.59 89.86 95.28 85.03 97.74 | 87.26 93.20 96.82 89.84 98.45
UniMatch | Deeplabv3+| 69.75 82.18 90.34 7537 96.14 | 76.81 86.89 92.53 81.89 97.08 | 83.25 90.86 94.31 87.66 97.92| 88.39 93.84 95.61 92.13 98.57
PAdaptCD(proposed) | 71.04 83.07 91.74 75.90 96.35| 77.83 87.53 92.56 83.02 97.21| 84.38 91.53 95.10 88.22 98.07 | 89.23 94.31 95.65 93.00 98.68

All results are described as percentages (%). The best scores are marked in Bold. The fractions N% and the following integers (m) denote the proportions and numbers of labeled images, respectively.

a higher number of parameters and greater computational over-
head compared to PAdaptCD. These methods also require longer
training durations. Although SemiCD-VL has fewer parameters
and lower FLOPs than PAdaptCD, it has the longest training
time among all methods, as it involves not only training the
semisupervised model but also additional time and resources for
generating pseudolabels. C2FNet has a relatively small number
of parameters but exhibits higher computational complexity, and
its inference time is the longest among all methods. SemiSANet
has the lowest number of parameters and FLOPs, as well as
the shortest epoch time, however, it converges more slowly
and typically requires around 600 epochs to converge on the
LEVIR-CD dataset with 3% labeled data. In summary, the pro-
posed PAdaptCD achieves low total training time and moderate
computational complexity (only higher than SemiSANet and

SemiCD-VL). Although it does not lead in parameter size or
inference speed, it consistently provides superior overall perfor-
mance.

To further showcase the advantages of PAdaptCD, partic-
ularly with minimal labeled data, we present representative
qualitative results on the LEVIR-CD and WHU-CD datasets
with 3% labeled data. Fig. 7 shows the visual qualitative
results on the LEVIR-CD. Overall, the proposed PAdaptCD
detects more changes than other methods, thanks to the PADT
strategy, which enhances the model focus on changes. Due
to the disturbances caused by seasonal and illumination vari-
ations, as shown in rows (a) and (c) of Fig. 7, the CutMix-CD,
SemiCD-VL, and UniMatch methods in row (a) exhibit missed
detections. These methods apply CutMix between images from
the same temporal phase of different pairs, which may limit their
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Fig. 6. Gap between the proposed PAdaptCD and other comparison methods in terms of F1 and IOU® on the LEVIR-CD, JL1-CD, and CDD datasets. (a) and
(d) LEVIR-CD dataset. (b) and (e) JL1-CD dataset. (¢) and (f) CDD dataset.
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Fig. 7. Examples of qualitative results obtained by different methods on the LEVIR-CD dataset with 3% labeled data. (a)—(d) Four representative samples. For
a better view, white, black, red, and green represent TP (true positive), TN (true negative), FP (false positive), and FN (false negative), respectively.

robustness to temporal style discrepancies. Similarly, in row proposed bitemporal image augmentation (BTIA), particularly
(c) in Fig. 7, these methods produce false detections (top-right the Bi-Mix strategy, which blends styles from both bitemporal
red region), possibly because seasonal vegetation variations images, helping to mitigate the large style gap between the two
cause the building in the T2 image to resemble the surrounding phases.

background. In contrast, PAdaptCD exhibits greater accuracy Fig. 8 shows the visual qualitative results on the WHU-CD.
in detecting the changed buildings. This could be due to the Similar to the findings on LEVIR-CD, the proposed method
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Examples of qualitative results obtained by different methods on the WHU-CD dataset with 3% labeled data. (a)—(d) Four representative samples. For a

better view, white, black, red, and green represent TP (true positive), TN (true negative), FP (false positive), and FN (false negative), respectively.

TABLE III
EFFICIENCY COMPARISON OF DIFFERENT MODELS ON THE LEVIR-CD WITH
3% LABELED DATA IN TERMS OF PARAMETERS (PARAMS.), FLOPS, EPOCH
TIME (THE BATCH SIZE 1S 8), AND INFERENCE TIME

Method Params.(M) FLOPs(G) _Poch  Inference
Time(s)  Time(ms)
s4GAN 40.47 29.10 409.93 38.72
SemiCD 46.85 73.23 692.25 34.74
C2FNet 16.17 62.10 395.33 48.10
RCL 46.85 73.23 477.67 35.34
SemiSANet 1.61 4.67 51.45 28.42
FPA 46.85 73.23 588.67 35.25
CutMix-CD 46.85 73.23 745.95 35.94
SemiCD-VL 24.88 21.60 971.88 44.46
UniMatch | 40.47 29.10 386.42 41.97
PAdaptCD(proposed) 40.47 29.10 394.34 38.50

involves fewer missed changes than the other techniques. When
facing large changes, the proposed method demonstrates higher
detection integrity and compactness, as illustrated in row (c). In
rows (a) and (d), where the appearance of the changed buildings
closely resembles the surrounding background, such as colors
similar to asphalt roads, PAdaptCD is still able to detect these
changes. In contrast, most comparison methods fail to identify
them.

To demonstrate the generalization capability of the proposed
method PAdaptCD for detecting changes in more common ob-
jects, Fig. 9 presents the visual qualitative results on JL1-CD.
In rows (a) and (b), which involve changes in roads and the
widening of water bodies, respectively, PAdaptCD achieves high
accuracy in identifying such narrow and elongated changes. In
rows (c) and (d), which show changes in hardened surfaces and
cropland, PAdaptCD detects the changed areas more completely
than other methods.

Based on the visual comparison, the proposed PAdaptCD
demonstrates superior CD performance with a small number of
labeled samples. This may be attributed to the PADT strategy,

which enables the model to select more pseudolabels for changed
pixels during the initial training phase, making a more effective
use of this minority class in the unlabeled data. In addition,
the use of the strong augmentation BTIA technique specifically
designed for change detection reduces the model sensitivity to
disturbances such as seasonal or illumination changes between
the two bitemporal images.

D. Pseudolabel Selection Reliability

To intuitively demonstrate the effectiveness of PAdaptCD, we
visualize the selection results of pseudolabels during training,
using the LEVIR-CD dataset with 3% labeled data. In Fig. 10,
the red dashed line and the blue solid line represent the ratio of
unchanged pixels to changed pixels in the pseudolabels selected
by UniMatch [12] (with a fixed threshold of 0.95) and the
proposed PAdaptCD (with PADTS), respectively.

As shown in Fig. 10, the overall trend of the pixel ratio
obtained by UniMatch and PAdaptCD is similar. This is be-
cause both methods employ the same CD networks. However,
at the early stages of training, the pixel ratio in PAdaptCD is
substantially lower compared to UniMatch. For instance, in the
first epoch, PAdaptCD achieves a pixel ratio of 62.87, while
UniMatch’s ratio stands at 142.75. This result aligns with our
expectations: the adaptive threshold effectively mitigates the
severe class imbalance in the initial part of training, leading
to faster model convergence.

To further highlights the reliability of pseudolabel selection
with PAdaptCD, Fig. 11 compares the number of accurate
pseudolabels obtained from the UniMatch and PAdaptCD meth-
ods, respectively. It is evident that for the minority class of
changed pixels, PAdaptCD consistently selects more accurate
pseudolabels than UniMatch, especially in the early stages of
training. While PAdaptCD produces slightly more incorrect
pseudolabels than UniMatch, this can be overlooked considering
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Fig. 9. Examples of qualitative results obtained by different methods on the JL1-CD dataset with 10% labeled data. (a)-(d) Four representative samples. For a

better view, white, black, red, and green represent TP (true positive), TN (true negative), FP (false positive), and FN (false negative), respectively.
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Fig. 10. Pixel ratio of predicted unchanged/changed pixels in unlabeled im-

ages from the training set of the LEVIR-CD dataset with 3% labeled data,
using a fixed threshold (UniMatch) and PADTs (the proposed PAdaptCD),
respectively. The red dash line and blue solid line represent the pixel ratios
of unchanged/changed pixels in the pseudolabels selected by UniMatch and
PAdaptCD, respectively.

the significant increase in correct pseudolabels. For unchanged
pixels, both methods show little difference in the number of
correct pseudolabels, while UniMatch tends to produce slightly
more incorrect pseudolabels. This further illustrates the supe-
riority of the proposed method in addressing class imbalance
during pseudolabel selection, as it selects a greater number of
accurate pseudolabels for the minority class, thereby enhancing
the exploration of unlabeled data.

E. Ablation Studies

In this section, we conduct a series of experiments to in-
vestigate the effectiveness of our proposed PADT and (BTIA
strategies.

1) Effectiveness of the PADT: The PADT aims to mitigate the
impact of sample imbalance during the self-training by setting
adaptive thresholds for changed and unchanged categories when
selecting pseudolabels. It incorporates three key components:
EMA, progressive increment adjustment, and dual-threshold
strategies. To assess the effectiveness of PADT, we replaced
it with a fixed threshold (0.95, as in UniMatch). As shown
in Table IV, removing PADT (#2 in Table IV) results in a
decrease in Fl-score of 1.06% and 1.34% on the 3% and 5%
labeled JL.1-CD datasets, respectively. In addition, using PADT
without EMA (#3 in Table IV) leads to worse performance. This
may be because EMA maintains smoother threshold updates,
reducing sensitivity to outlier data. In the PADT variant without
progressive increment adjustment (#4 in Table IV), where dual-
threshold values are directly obtained after the EMA step, per-
formance also drops, indicating that this adjustment aligns with
the training process and ensures model stability. Finally, testing
PADT without dual-threshold (#5 in Table IV) using a single
threshold 75 “*(t) for pseudolabel selection, results in poor
performance. This highlights the critical role of dual-threshold
values in PADT, as they help balance the number of changed
and unchanged pixels, mitigating bias in pseudolabeling and
preventing degradation in iterative self-training.

To further demonstrate the advantage of PADT, we con-
ducted experiments using the adaptive threshold strategies from
other methods, AdaptMatch [44] and FreeMatch [43], on three
datasets: LEVIR-CD, JL1-CD, and CDD, which contain differ-
ent types of changes. AdaptMatch calculates adaptive thresholds
using the historical predicted probabilities from both the labeled
branch and the weakly augmented unlabeled branch, stored in
two memory banks. FreeMatch computes class-specific thresh-
olds in two steps: it first estimates a global threshold via the
EMA of model confidence on unlabeled data, and then, scales it
with the normalized classwise EMA of predicted probabilities
to obtain local thresholds. Unlike AdaptMatch, the proposed
PADT derives classwise adaptive thresholds based solely on
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Numbers of selected pseudolabels for changed/unchanged pixels in unlabeled images from the training sets of the LEVIR-CD dataset with 3% labeled

data, using a fixed threshold (UniMatch) and PADTs (the proposed PAdaptCD), respectively. The red dash line and blue solid line represent the selected of
correct changed/unchanged pixels by UniMatch/PAdaptCD. The orange dashed line and green solid line represent the selected of wrong changed/unchanged pixels
by UniMatch/PAdaptCD. (a) Number of selected unlabeled examples with changed pseudolabels. (b) Number of selected unlabeled examples with unchanged

pseudolabels.
TABLE IV
ABLATION STUDIES OF THE PROPOSED METHOD ON THE JL1-CD AND CDD DATASET WITH 3% /5% LABELED DATA
JL1-CD CDD

No. Variants 3% (120) 5% (200) 3% (300) 5% (500)

F1 10U¢ F1 10U¢ F1 10U¢ F1 10U¢
#1 PAdaptCD 71.11 55.17 74.35 59.17 83.07 71.04 87.53 77.83
(a) PADT
#2 w/o PADT 70.05 53.91 73.01 57.49 82.55 70.28 86.01 75.46
#3 PADT (w/o EMA) 69.93 53.76 73.25 57.80 81.58 68.89 86.59 76.36
#4 PADT (w/o Progressive Increment Adjustment) | 69.79  53.60 | 72.70  57.11 81.72  69.10 86.42  76.08
#5 PADT (w/o Dual-Threshold) 69.68 53.46 72.46 56.82 81.53 68.82 86.51 76.22
(b) BTIA
#6 w/o BTIA 70.17 54.04 73.46  58.05 82.64  70.41 86.37 76.02
#7 BTIA(w/o HRIA) 69.85 53.66 73.12  57.63 81.62  68.95 86.55 76.29
#8 BTIA (w/o Bi-Mix) 69.77 53.58 72.77 57.20 81.62  68.94 86.15 75.67

All results are described as percentages (%).

unlabeled data, and does not rely on memory banks. Moreover, in
FreeMatch, class-specific thresholds are derived by normalizing
classwise prediction confidence, which makes them sensitive
to class distribution. In contrast, PADT treats each class in-
dependently and computes thresholds based on the predicted
probabilities of each class. Furthermore, a progressive increment
mechanism is designed to adjust the thresholds dynamically
according to the training status, thereby ensuring the reliability
of the generated pseudolabels. In these experiments, we replaced
the PADT module in the proposed PAdaptCD with the adaptive
thresholding strategies from AdaptMatch and FreeMatch, re-
spectively. The results are shown in Table V. It can be observed
that the proposed PADT achieves the highest F1-scores across
all datasets under different labeled image splits. Meanwhile,

the adaptive thresholding strategies from FreeMatch achieve
higher recall compared to PAdaptCD, whereas PAdaptCD shows
better precision. This indicates that PADT selects more reliable
pseudolabels, discarding a greater number of inaccurate ones.
2) Effectiveness of BTIA: The BTIA is specifically designed
for the SSCD task. To verify the effectiveness of BTIA, we re-
placed it with the original perturbations used in UniMatch (#6 in
Table IV). The results show a noticeable drop in performance
can be observed. BTIA consists of two key modules: HRIA and
Bi-Mix. HRIA applies highly random intensity-based augmen-
tations and distortion strengths from a continuous space, aiming
to mitigate overdistortion issues. To verify the effectiveness of
HRIA, we replaced it with the original strong perturbations of
brightness, contrast, saturation, and hue in UniMatch (#7 in
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TABLE V
DIFFERENT ADAPTIVE THRESHOLD METHODS ON THE LEVIR-CD, JL1-CD AND CDD TEST SETS

Datasets Method ] 3% (213) 5% (356) 10% (712) 20% (1424)
I10U¢ Fl Pre Rec OA |IOU® Fl Pre Rec OA |IOU® Fl Pre Rec OA |IOU® Fl Pre Rec OA
* AdaptMatch 81.04 89.53 91.35 87.77 98.95| 81.47 89.79 91.97 87.71 98.98 | 82.27 90.27 92.48 88.17 99.03 | 82.33 90.31 92.63 88.10 99.04
LEVIR-CD *FreeMatch 79.88 88.81 87.63 90.03 98.84 | 81.46 89.78 88.65 90.95 98.95| 81.85 90.02 89.16 90.90 98.97 | 81.90 90.05 88.60 91.56 98.97
PAdaptCD(proposed) | 81.84 90.01 92.05 88.06 99.00 | 81.92 90.06 92.91 87.38 99.02 | 82.56 90.44 93.13 87.91 99.05| 82.67 90.52 92.72 88.42 99.06

Method 3% (120) 5% (200) 10% (400) 20% (800)
I0U¢ Fl Pre Rec OA |IOU¢ Fl Pre Rec OA |IOU¢ Fl Pre Rec OA |IOU¢ Fl Pre Rec OA
JL1-CD * AdaptMatch 5429 7037 77.93 64.15 94.93 | 58.03 73.44 80.52 67.51 95.42| 58.98 7420 76.46 72.06 95.29 | 59.80 74.84 77.48 72.38 95.43
*FreeMatch 54.68 70.70 74.74 67.08 94.78 | 57.17 7275 74.52 71.07 95.00 | 58.97 74.19 73.57 74.82 95.11| 61.13 7588 76.34 75.42 95.50
PAdaptCD(proposed) | 55.17 71.11 78.69 64.85 95.05| 59.17 74.35 80.33 69.20 95.52 | 59.43 74.55 81.65 68.59 95.60 | 61.46 76.13 84.50 69.27 95.92

Method 3% (300) 5% (500) 10% (1000) 20% (2000)
I0U¢ F1 Pre Rec OA |IOU¢ Fl Pre Rec OA |IOU¢ Fl Pre Rec OA |IOU¢ Fl Pre Rec OA
CDD * AdaptMatch 69.65 82.11 91.39 74.54 96.17 | 76.79 86.87 93.27 81.29 97.10| 82.76 90.57 95.43 86.18 97.88 | 88.35 93.81 95.14 92.53 98.56
*FreeMatch 64.67 78.55 77.65 79.46 94.88 | 73.04 84.42 80.17 89.15 96.12| 79.24 88.42 85.86 91.12 97.18 | 88.10 93.67 91.26 96.22 98.47
PAdaptCD(proposed) | 71.04 83.07 91.74 7590 96.35| 77.83 87.53 92.56 83.02 97.21 | 84.38 91.53 95.10 88.22 98.07 | 89.23 94.31 95.65 93.00 98.68

All results are described as percentages (%). The best scores are marked in bold. The fractions N% and the following integers (m) denote the proportions and numbers of labeled images, respectively. *

indicates that the adaptive thresholding Strategy of the corresponding method is integrated into the proposed PAdaptCD.

TABLE VI
ABLATION STUDIES OF THE VARIOUS CUTMIX STRATEGIES ON THE
LEVIR-CD WITH 3% /5% LLABELED DATA

No. CutMix 3% (213) 5% (356)
Variants F1 I0U¢ F1 I0U¢
#1 CutMix-Same Temporal | 89.06  80.28 89.21 80.53
#2 CutMix-Same Pair 89.55  81.07 | 89.54  81.06
#3 CutMix-Dual Diff 90.01 81.84 | 90.06  81.92

All results are described as percentages (%).

Table IV). The experimental results demonstrate the advan-
tages of highly random perturbations. The Bi-Mix mechanism
“CutMix-Dual Diff” is designed to better exploit SSCD. When
it is replaced with the original CutMix operation in UniMatch
(#8 in Table 1V), the Fl-score drops by 1.45% /1.38% on the
3% /5% labeled CDD dataset.

To further verify that the Bi-Mix strategy is tailored for the
SSCD task, we explore several variants of CutMix, including
“CutMix-Same Temporal” (applying CutMix to the same tempo-
ral images across different pairs), “CutMix-Same Pair” (CutMix
applied within the same bitemporal image pair across different
temporal information), and our proposed “CutMix-Dual Diff”
(CutMix applied across different temporal images from different
pairs); see Fig. 4 for more details. Experimental results for these
cases are presented in Table VI, and the analysis is as follows.

1) Applying CutMix to the same temporal images across
different pairs (#1 in Table VI) is not a desirable approach.
Temporal spectral variations, caused by differences in ac-
quisition time, often affect the representation in bitemporal
image pairs. Mixing within the same temporal images fails
to mitigate these variations, leading to poor outcomes.
Applying CutMix within the same bitemporal image pair
(#2 in Table VI) can effectively suppress differences in
unchanged regions while emphasizing changes. However,
this approach lacks information from other image pairs,
reducing data diversity and leading to suboptimal perfor-
mance.

The proposed Bi-Mix mechanism “CutMix-Dual Diff”
(#3 in Table VI) achieves the best results, in line with our

2)

3)

T1 Image

T2 Image Ground Truth CutMix-Same CutMix-Same CutMix-Dual
Temporal Pair Diff
()
Fig.12.  Examples of qualitative results obtained by several variants of CutMix

on the LEVIR-CD dataset with 3% labeled data. (a)—(c) Three representative
samples. For a better view, white, black, red, and green represent TP (true
positive), TN (true negative), FP (false positive), and FN (false negative),
respectively.

design objectives. It reduces the negative impact of domain
differences between bitemporal images and increases data
diversity, allowing the model to learn from a broader range
of scenarios and enhancing its generalization ability.

Fig. 12 presents the visual qualitative results of different
CutMix variants to intuitively demonstrate the advantages of the
proposed Bi-Mix strategy. We selected several bitemporal image
samples from the LEVIR-CD dataset. In rows (a) and (b) in
Fig. 12, compared with the Bi-Mix mechanism (“CutMix-Dual
Diff”), the other two CutMix variants result in a large number of
missed detections. Seasonal and imaging condition variations
make it challenging to identify the actual changed regions. In
row (c) in Fig. 12, “CutMix-Same Temporal” results in false
detections (top-right red region), where the apparent differences
are caused by imaging variations rather than real changes, and
the building in the T1 image blends with the surroundings. These
examples demonstrate the effectiveness of the Bi-Mix strategy
in mitigating domain discrepancies between bitemporal images,
achieving the best results in cases with seasonal and imaging
condition variations.
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TABLE VII
ABLATION STUDIES OF THE MAXIMUM NUMBER OF SELECTED
INTENSITY-BASED AUGMENTATIONS K ON THE WHU-CD WITH 3% /5%
LABELED DATA

. 3% (178) 5% (297)
FI IOU¢ | F1__ IOU°®
0 | 8358 7180 | 8727 7742
1| 8859 7952 | 89.84  81.55
2 | 89.93 8171 | 90.12  82.02
3| 8922 8054 | 88.98  80.16
4 | 8886 7995 | 89.13  80.39
5 | 80.06 8027 | 88.95  80.10
6 | 87.03 77.04 | 89.00  80.19

All results are described as percentages (%).

TABLE VIII
ABLATION STUDIES OF THE HYPER-PARAMETER T" IN THE PADT ON THE
JL1-CD WITH 5% /10% LABELED DATA

T 5% (200) 10% (400)
Fl1 10U¢ Fl1 10U¢
1.050 | 71.99  56.24 | 73.37 5794
1.075 | 73.15  57.67 | 73.45  58.04
1.100 | 7435 59.17 | 7455 5943
1.125 | 73.68  58.32 | 73.31 57.86
1.150 | 7295 57.41 7322 57.75

All results are described as percentages (%).

3) Hyperparameter Evaluations: To investigate the impact
of the maximum number of selected intensity-based augmenta-
tions k, we set different values for k. In Table VII, kK = 0 means
that no HRIA is applied. This results in particularly poor accu-
racy, which demonstrates the relevance of strong augmentation.
It can be observed that when & = 1, the results decline, which
might be due to insufficient data augmentation. Proper data aug-
mentation is crucial for contrastive learning-based training, as
it introduces nonessential variations while preserving essential
semantic features, thus enhancing the learning of representative
and generalizable embeddings. By observation, a larger k also
leads to degradation, as for the CD task, the bitemporal images
provide an additional source of natural variation through the time
dimension, which complements artificial image augmentations.
However, excessive artificial augmentation can lead to informa-
tion loss. We also examine the hyperparameter 7" in the PADT,
as shown in Table VIII. It can be observed that when 7" = 1.100,
the performance consistently outperforms others. In the results
reported in this article, we have set £ = 2 and 7" = 1.100 as the
default for all runs.

The setting of the hyperparameter 7ypper in (12) is critical,
as it significantly influences the performance of the proposed
method. When 7pper is set too low, a larger number of pseu-
dolabels are incorporated into training, potentially introducing
more noisy labels and degrading model accuracy. In contrast, an
excessively high threshold may improve the accuracy of pseu-
dolabels but can lead to an insufficient number being selected,
particularly for changed samples, which are typically much
fewer than unchanged samples in CD tasks. This may reduce
the model’s sensitivity to change regions and increase the risk of
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TABLE IX
ABLATION STUDIES OF THE HYPER-PARAMETER Typpegr ON THE CDD WITH 3%
/10% LABELED DATA

e 3% (300) 10% (1000)

FI IOU° | FlL  IOU®
0.80 | 8227 6988 | 91.24  83.88
090 | 82.88 7076 | 91.40  84.16
0.94 | 8200 69.49 | 90.88  83.28
0.95 | 83.07 71.04 | 91.53  84.38
096 | 8134 6855 | 91.02 83.52
097 | 8135 6857 | 90.75  83.07

All results are described as percentages (%).

omission errors. To determine an appropriate value for 7pper, we
conduct experiments on the CDD dataset. As shown in Table IX,
the best performance is achieved when 7ypper = 0.95. Therefore,
we adopt Typper = 0.95 as the default setting throughout this
article.

V. DISCUSSION
A. Generalization Ability Evaluation

In order to demonstrate the generalizability of the proposed
semisupervised strategy, we name it the PAdapt strategy, which
comprises both PADT and BTIA techniques. We evaluate its
effectiveness by integrating it with various CD methods from
the literature. Since PAdapt focuses on pseudolabel selection
and data augmentation, we select corresponding methods for
integration. Specifically, we incorporate PAdapt into FPA [47],
SemiCD-VL [59], and UniMatch (with PSPNet) [12], and con-
duct experiments on three representative datasets, LEVIR-CD,
JL1-CD, and CDD.

As shown in Table X, introducing the proposed strategy
consistently improves performance. For example, under the 3%
label ratio on the LEVIR-CD dataset, incorporating PAdapt
into FPA and UniMatch improves the F1-scores by 3.16% and
3.50%, respectively. On the JL1-CD dataset with 3% labeled
samples, integrating PAdapt into SemiCD-VL and UniMatch
improves their Fl-scores by 1.51% and 1.63%, respectively.
These results demonstrate that the proposed semisupervised
strategy can enhance the performance of various CD models,
highlighting its strong generalizability.

B. Limitations and Prospects

The proposed method PAdaptCD has achieved excellent per-
formance, particularly with minimal labeled data, as discussed
in Section IV-C. However, there are still some limitations in
our model. A considerable number of changed areas remain
undetected. As shown in Table II, the recall is significantly lower
than the precision in most cases, and this discrepancy becomes
more pronounced under lower label ratios. This indicates that
our pseudolabel selection process may overly prioritize accu-
racy while overlooking a broader coverage of change regions.
Future work should aim to better balance the quantity and
quality of selected pseudolabels. On the other hand, the current
Bi-Mix strategy selects mixing masks randomly, which may, to
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LEVIR-CD JL1-CD CDD
Methods 3%(213) 5%(356) 3% (120) 5% (200) 3% (300) 5% (500)

F1 Ioue F1 10u¢ F1 10u¢ F1 10ou¢ F1 10U« F1 10uU¢

FPA 82.61 70.38 84.94 73.83 62.80 45.78 70.04 53.90 78.05 64.00 82.51 70.23
+PAdapt 85.77+316  75.08:470  86.30:136  75.90+207 64.02:12 47.09+1.31 70.60:056  54.56 +066  79.15:110  65.49 4149 83.29:078 71.37+1.14

SemiCD-VL ‘ 89.29 80.65 89.33 80.72 ‘ 67.89 51.39 71.38 55.50 ‘ 81.12 68.24 84.63 73.36
+PAdapt 89.97+068  81.77+112  89.95w06  81.73 v1o1 69.40 151 53.14 «13s 7238 «100  56.71 4121 81.71 w059 69.07 4083 85.75 +1.12  75.06+1.70

UniMatch | PSPNet ‘ 83.40 71.52 86.06 75.52 ‘ 63.02 46.01 70.29 54.19 ‘ 71.75 63.60 84.57 73.27
+PAdapt 86.90:350  76.84:53  87.07+101  77.10+158 64.65:1.63 477776 71.46+1.17 55.60+1.41 78.87:1.12 65.11+151 857241105 75.01 174

All results are described as percentages (%). The fractions n% and the following integers (m) denote the proportionsand numbers of labeled images, respectively. The (+number) denotes the absolute improvements

brought by the PAdapt strategy.

some extent, limit further performance improvements. There are
still promising directions to explore for Bi-Mix. For example,
creating binary masks M based on model predictions could
enable finer grained mixing. Ensuring the boundary integrity of
change regions within the mixed areas might also be beneficial.
Furthermore, it remains an open question whether mixing more
changed or unchanged regions is more suitable for SSCD tasks,
or whether this distinction has little effect, which deserves
further exploration.

VI. CONCLUSION

In this article, we propose a novel SSCD method named
PAdaptCD, which integrates consistency regularization and
pseudolabeling techniques. By implementing PADT, more
changed pixels are selected as pseudolabels with their accu-
racy maintained as much as possible, effectively alleviating
the exacerbated sample imbalance problem in the RSCD task
during semisupervised training. In addition, we present the
BTIA technique tailored for semisupervised RSCD. Specifi-
cally, the HRIA generates appropriate strong augmentations,
while the Bi-Mix mechanism enhances the interaction of in-
formation across different temporal phases and image pairs.
Results on four benchmark datasets with very few labeled
samples confirm that the proposed method significantly im-
proves the selection of pseudolabels, leading to the detection
of more changed pixels. Furthermore, it suppresses the impact
of varying representations in bitemporal images. Extensive ex-
periments under various labeled data amounts have shown that
PAdaptCD exhibits good generalization and effective detection
performance.

In the future, we will further extend the Bi-Mix technique,
such as by creating binary masks M based on predictions to
enable finer-grained mixing areas, enhancing its potential for
RSCD tasks.
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