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A Spatial–Temporal Difference Aggregation Network
for Gaofen-2 Multitemporal Image in

Cropland Change Area
Chuang Liu , Liyang Bao , and Zhiqi Zhang

Abstract—Food security is an important guarantee of peace and
development in the world. The accurate monitoring of cropland
utilizing remote sensing data provides a strong technical support
for the protection of cropland resources. Nonetheless, in contrast
to the building change detection, the growth characteristics of
crops in cropland areas exhibit significant variations in accordance
with different seasonal climates and light intensities. Furthermore,
the serious imbalance between the cropland change area and
the nonchange area makes it difficult to focus on the real change
area in the cropland under these interferences. To this end, we pro-
pose a spatial–temporal difference aggregation network (STDAN)
for cropland change detection (CCD), which can focus on the real
change area between different temporal images. Specifically, we
use a cross-temporal difference feature enhancement module to
enhance the difference features while establishing the correlation
between different temporal features, which can suppress task-
independent interference. Subsequently, the cross-level difference
feature aggregation (CDFA) realizes the aggregation between dif-
ferent levels of difference features in an incremental manner to fur-
ther refine the change area. Finally, the utilization of multireceptive
fusion enables the integration of different scale characteristics ob-
tained by CDFA, thereby yielding the accurate CCD outcomes. The
experimental results indicate that the proposed STDAN achieves
the highest F1, IOU, OA, and Kappa scores at 79.63%, 66.16%,
97.05%, and 78.04%, respectively, on the Gaofen-2 cropland data.
In addition, we conduct generalization experiments on the remain-
ing three mainstream datasets, demonstrating that our method is
equally applicable to other change detection scenarios.

Index Terms—Cropland change detection (CCD), Gaofen-2,
multispectral image, multitemporal image, remote sensing.

I. INTRODUCTION

THE concept of food security is fundamental to the peaceful
development of human society, and cropland as the main

producing area of human food holds unparalleled significance
[1], [2]. Nowadays, with the growth of population and the
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expansion of cities, the quantity and quality of cropland have
sharply declined, posing a significant threat to food security.
Fortunately, the rapid development of modern satellites and
sensors provides strong data support for real-world application.
For example, the Gaofen-2 satellite from China can provide
high-resolution images for the efficient monitoring of real-time
changes in cropland areas [3], [4]. These data have the character-
istics of high quality, high spatial resolution, and high temporal
resolution. These high spatial resolution multitemporal remote
sensing data can be utilized to detect changes in the cropland area
in a timely and accurate manner. Hence, researchers endeavor
to employ change detection technology to analyze different
temporal remote sensing data and furnish technical assistance
for the continuous monitoring of cropland areas [5]. The existing
cropland change detection (CCD) methods are mainly divided
into traditional methods, machine learning (ML) based methods,
and deep learning (DL) based methods.

Algebraic-based and transform-based methods are the two
types of traditional methods. Algebra-based methods primarily
analyze the intensity and direction of each pixel in multitemporal
images through mathematical operations. Common mathemat-
ical operations include image difference and image ratio [6],
[7]. The difference operation is capable of extracting the change
information between different temporal images. However, this
simple operation is incapable of distinguishing the variations in
brightness, rendering it susceptible to factors, such as illumina-
tion conditions. Another algebra-based method extracts differ-
ence features by calculating the pixel ratio between bitemporal
images. Compared with the difference operation, this method
is better able to distinguish variations in brightness. However,
this method necessitates manually setting the threshold to de-
termine whether the pixel undergoes changes, rendering it less
robust to noise. The transformation-based methods aim to model
different temporal images through transformation operations
to extract the difference features. Commonly used transforma-
tion analysis tools include principal component analysis (PCA)
[8], tasseled cap transformation (TCT) [9], and change vector
analysis (CVA) [10]. PCA is a linear dimensionality reduction
technique that searches for the main change direction of the data
by calculating the covariance matrix of the data, which is the
principal component, in order to extract the change characteris-
tics. PCA is capable of identifying the most significant change
patterns in different temporal images. The TCT algorithm is
derived from morphology, which permits the extraction of edge
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texture characteristics through brightness differences between
bitemporal images. CVA can determine whether there is a
change by analyzing the size and direction of the pixel-level
change vector, similar to the image ratio. The detection per-
formance of this type of method is highly dependent on the
precision of the manually set threshold, and it is susceptible
to noise, such as illumination, resulting in a high rate of false
detection and missed detection in the application of CCD.

The above-mentioned traditional method is difficult to apply
to the actual cropland change scene, given the increasing quality
of the remote sensing images captured by Gaofen-2 sensors.
In order to improve the accuracy of CCD, some researchers
consider it to be a binary classification problem and employ
ML technology to address this problem. The commonly em-
ployed classifiers comprise of support vector machine (SVM)
[11], random forest (RF) [12], and k-nearest neighbor algorithm
(KNN) [13]. SVM possesses the capability to locate the op-
timal plane in high-dimensional space, thereby enabling it to
accomplish the classification task of small samples in intricate
scenes. However, the computational complexity of SVM makes
it difficult to match the actual application requirements when
the amount of data grows. RF trains multiple decision trees
by randomly selecting features and samples to enable them to
obtain more robust classification results. In contrast to RF, the
implementation process of KNN is more straightforward, and
it exhibits a certain degree of robustness toward outliers and
noise. Nonetheless, as the identification of different temporal
images necessitates a considerable amount of computation, these
classification algorithms are less efficacious when applied to
CCD tasks. In addition, similar to pixel-based methods, ML-
based methods still require the manual setting of parameters
and attributes, resulting in uneven performance across different
datasets.

In recent years, with the improvement of the quality and
quantity of remote sensing data and the ability of computer
computing, the method based on DL has been widely used in
the field of CCD due to its strong nonlinear fitting ability [14],
[15], [16]. Inspired by the semantic segmentation task [17],
some UNet-based single-branch CCD networks, such as FC-EF
[18] and FresUNet [19], have been proposed. These methods
are capable of locating the change area and obtaining the se-
mantic information about the change area. With the in-depth
study of change detection tasks, many researchers have used
the idea of Siamese networks to design CCD models. Based on
the framework of Siamese network, Daudt et al. [18] directly
calculated the absolute value of the same scale features in the
encoder and predicted the change area according to the series of
the differences at all levels. Zhang et al. [20] proposed a deep
supervised Siamese network, which can integrate heterogeneous
features from both the channel and the spatial dimensions. Fang
et al. [21] proposed a dense skip-connected Siamese network,
which combines multiscale features and can reduce the local
information loss caused by the excessive number of layers of
the neural network. Jiang et al. [22] proposed a multiscale
Siamese network to extract multiscale information from differ-
ent temporal images. Since self-attention can establish global
dependencies, some networks, such as BIT [23], WNet [28],

and EATDer [24], use transformers to model different temporal
images to capture global spatial–temporal information. Xie et al.
[25] proposed WBANet, which combines the wavelet trans-
form with self-attention to preserve high-frequency information
during downsampling. In addition, cross attention is widely
employed in the field of CCD, which can establish semantic
relationships between different sequences. In order to enhance
the extraction of difference features, Wu et al. [26] proposed
cross Swin transformer, which is capable of interacting feature
maps in two temporal branches with identical spatial resolution.
To establish local and global dependencies simultaneously, sev-
eral hybrid convolution and transformer methods have been pro-
posed. Zhang et al. [27] developed parallel convolution and self-
attention modules to capture global semantic information. Tang
et al. [28] employed the convolutional neural network (CNN)
and transformer to extract both local information and global cor-
relations simultaneously, thereby capturing irregularly changing
regions with greater precision. Meanwhile, some methods focus
on tackling pseudochange and category imbalance. A graph-
based knowledge supplementation network, proposed by Wang
et al. [29], is capable of handling the errors in pseudolabeled
samples, which in turn minimizes the detrimental effects of
noisy samples. Hang et al. [30] propose AANet, which calculates
the respective weight occupancy based on the scale difference
between different change regions and performs difference fusion
to alleviate the pseudochange problem in change detection.
Liu et al. [31] introduce graph convolution to model spatial
information in diverse temporal images and employ the attention
mechanism to harmonize spatial and spectral information. This
way, they can suppress the influence of unchanged regions.
Feng et al. [32] utilized the complementary advantages of self-
attention and cross attention to interact before differentiating
features to learn the global distribution of each input feature.
This approach mitigates category imbalance, thereby achieving
the accurate localization of changing area.

In general, DL-based methods exhibit superior robustness and
generalization ability. However, in the CCD scenario, there are
still three limitations that affect the detection performance of
DL-based methods.

1) As shown in Fig. 1(a), in addition to the light factor, the
vegetation in cropland is greatly influenced by seasons.
This is primarily due to the fact that vegetation may exhibit
fundamentally different growth characteristics during dif-
ferent growth periods.

2) As shown in Fig. 1(b), illegal constructions in cropland
tend not to expand greatly and their proportion is relatively
small. This further exacerbates the imbalance between the
categories of nonchanging cropland areas and changing
areas.

3) In the CCD task, the two situations described above can
exacerbate each other. The changing building area exhibits
identical characteristics to the nonchanging cropland area,
owing to the influence of pseudochanges, which can fur-
ther exacerbate missed detection and misdetection.

In order to accurately detect the real change area in cropland,
we propose a spatial–temporal difference aggregation network
(STDAN) for CCD. Initially, STDAN enhances the difference
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Fig. 1. Two limitations that affect the detection performance of DL-based methods in CCD task. (a) Some pseudochanges, such as seasonal changes and light
intensity. (b) Imbalance between the nonchanging area and the changing area.

features while establishing the correlation between different
temporal features using the cross-temporal difference feature en-
hancement module (TDE), which can suppress task-independent
interference. Subsequently, the cross-level difference feature
aggregation (CDFA) enables the aggregation between different
levels of difference features in an incremental manner, thereby
further refining the change area. Ultimately, the accurate results
can be obtained by integrating the different characteristics at
different scales in CDFA through multireceptive fusion (MRF).
In contrast to the related methods, STDAN is capable of simul-
taneously taking into account the differences in crop charac-
teristics resulting from pseudochanges, the similarity between
changing and nonchanging cropland regions resulting from cat-
egory imbalance in the CCD scene, and the interaction between
the two. In order to ascertain the effectiveness of STDAN,
we conduct a substantial number of comparative experiments
and ablation experiments on the Gaofen-2 data. Our method
shows significant advantages in both qualitative and quantitative
evaluations compared with state-of-the-art CCD algorithms. The
main contributions of STDAN are as follows.

1) We propose a TDE module, which exploits the comple-
mentary advantages of pixelwise difference and channel-
wise concatenation operations. It can enhance the differ-
ence features while establishing the correlation between
different temporal images, thereby alleviating the inter-
ference of task-independent changes, such as seasonal
changes and illumination conditions.

2) CDFA is designed to continuously focus on the real chang-
ing area on the basis of enhanced difference features.
It completes the aggregation between different levels of
difference features in an incremental manner, and then
further refines the difference features. Furthermore, the
accurate CCD results can be obtained by integrating the
different scale characteristics of CDEA through MRF.

3) Extensive experiments on Gaofen-2 cropland data con-
firm that the proposed method has strong performance in
the detection of cropland changes. The remaining three
mainstream datasets are used to conduct generalization
experiments, proving that our method is equally applicable
to other change detection scenarios.

II. METHODOLOGY

In this section, we furnish a comprehensive description of the
proposed methodology. The motivation of STDAN is presented
first. Subsequently, we outline the primary components of the
model, including the TDE, CDFA, and MRF.

A. Motivation and Overview

In the scene of CCD, the crops in the cropland exhibit different
characteristics in different seasons and light intensities. These
pseudochanges result in numerous missed and false detections.
Moreover, most changes in the cropland are small-scale man-
made buildings, which account for a small proportion. That is
to say, there exists a serious category imbalance between the
changing building area and the nonchanging cropland area. Due
to the influence of pseudochanges, these changed building areas
may exhibit identical characteristics as the nonchanged cropland
area, which further increases the difficulty of detection. In light
of the aforementioned factors, we propose STDAN, which aims
to alleviate the interference of pseudochanges to focus on the real
changed areas and then detect the changed areas in the cropland
with precision.

The flowchart for the proposed STDAN is shown in Fig. 2. The
STDAN provides a straightforward and efficient solution to the
issue of pseudochange and class imbalance in the CCD task by
focusing on the genuine change area subsequent to the extraction
of the shallow bitemporal features. In particular, taking into
account the difference between bitemporal images, we initially
employ Siamese pretrained PVTv2 [33] as encoders to extract
the shallow features of different temporal images in parallel.
The encoder consists of four stages, each including a patch em-
bedding layer and a multihead attention mechanism. Following
a pyramid structure, the output resolution of the four stages
progressively shrinks from high (4 strides) to low (32 strides). It
is noteworthy to mention that, during the subsequent procedure,
we utilize the features generated by the first three stages of the
encoder, and their spatial scales are 64 × 64, 32 × 32, and
16 × 16. In contrast to other methods that continuously extract
deep features, we focus on the change area based on the above.
Specifically, TDE is employed to enhance the change region of
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Fig. 2. Flowchart of the proposed STDAN.

the extracted features of the same dimension. In this process, we
also consider the correlation between features of the same scale
at the same time to avoid the interference of pseudochanges.
Subsequently, the enhanced multilevel difference features are
fed into the CDFA, which further focuses on the real changing
regions in an incremental learning manner. Finally, the accurate
CCD results can be obtained by incorporating the different scale
characteristics of CDEA via MRF. In general, our proposed
STDAN focuses on the real change area from beginning to
end, which is very important to alleviate the interference of
pseudochange and class imbalance problems and achieve the
accurate CCD outcomes.

B. Cross-Temporal Difference Feature Enhancement

Most existing methods use the designed module to further
extract the deep semantic features after extracting the shallow
features of the bitemporal image by the encoders. However,
owing to the influence of category imbalance, the changing part
of the cropland area often accounts for only a small portion. This
approach can result in a large number of redundant features,
rendering it challenging to accurately detect the real changing
area. To this end, after extracting the shallow features of the
bitemporal image, we directly focus on the change area of
different temporal features. Specifically, a simple difference
operation, namely pixelwise subtraction, is used to capture the
differences between bitemporal features. The above process can

be expressed using the concept of set

Ds×s = C ∪
(
F pre
s×s ∩ F post

s×s

)
, s.t. s ∈ {64, 32, 16} (1)

where Ds×s represents the result of pixelwise subtraction of
different temporal features with spatial scale s. C, ∪, and ∩ de-
note the complement, union, and intersection operations, respec-
tively. F pre and F post represent the different temporal features.
Considering the interference of pseudochanges, such as seasonal
changes and light intensity in the CCD scene, simple difference
operation cannot extract the real change area. To reduce the
interference of task-irrelevant factors, it is essential to establish a
correlation between different temporal difference features while
capturing differences. To this end, we guide the model to enhance
the real changed cropland area by simultaneously establishing
the correlation and difference between the bitemporal images.
Specifically, the channelwise concatenation operation is adopted
to establish the correlation between bitemporal features by the
learning manner. The above concatenation operation can be
expressed as follows:

Cs×s = F pre
s×s ∪ F post

s×s (2)

where Cs×s represents the result of channelwise concatenation
of bitemporal features with a spatial scale s. Subsequently, we
use the concept of cross attention [34] to establish the depen-
dency relationship between the difference features and the global
features of different temporals so as to enhance the captured
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difference features while establishing the global correlation.
The feature is first mapped through matrix multiplication and
reshaped to query Q, key K, and value V. The above process can
be expressed as follows:

Q = PQ ·D
K = PK · C
Vpre = P pre

V · F pre

Vpost = P post
V · F post (3)

where PQ, PK , and PV represent the projection matrix, which
is implemented by a convolution layer with kernel of 1. The
similarity between global-difference features for both bitempo-
ral features is allocated using two parallel branches, which is
different from ordinary cross attention. The above process can
be expressed as follows:

Attn = Softmax
(
QKT

)
Opre = Attn · V T

pre + F pre

Opost = Attn · V T
post + F post (4)

where Softmax and T represent the Softmax activation function
and transpose operation, respectively. In general, the acqui-
sition of global-difference features across the bitemporal can
be accomplished through the guidance provided by the pro-
posed TDE. This is conducive to alleviating task-independent
pseudochange interference, thereby enhancing the difference
characteristics.

C. Cross-Level Difference Feature Aggregation

In TDE, difference features in bitemporal images are en-
hanced. In order to further focus on the genuine changing
region, we design CDFA, which aims to align different levels
of changing feature representations within the same temporal
feature through incremental learning. Initially, we continue to
execute difference and concatenation operations on the same
level of features to obtain difference features while simulta-
neously establishing correlation. Different levels of features
contain rich semantic features that aid in noise suppression
and focus on changing regions. In light of the fact that the
pixel value of the changing region is larger than that of the
nonchanging region, the pixelwise multiplication is adopted
to further highlight the changing regions at different levels.
At the same time, this approach can also further suppress the
task-independent nonchanging regions (regions with lower pixel
values). Fig. 2 shows the process of incremental aggregation of
multilevel difference features. Taking difference features Opre

s1

and Opre
s2 as examples, the incremental aggregation of difference

features can be expressed as follows:

Dpre
mid = TD̈E

(
UP
(
Convk = 1

(
Opre

s1

))�Opre
s2

UP
(
Opre

s1

)� Convk = 1

(
Opre

s2

)
)

(5)

where Convk = 1, UP and � represent the convolution oper-
ation with kernel of 1, upsampling operation, and pixelwise
multiplication operation, respectively. In addition, s1 and s2
represent the spatial scales, which are 16 × 16 and 32 × 32,

respectively. After incrementally aggregating different levels
of features, TD̈E is adopted to further focus on the changing
regions while establishing global dependencies. In order to
perform incremental learning more effectively, we replace the
difference and concatenation operations in TDE with addition
and multiplication operations. On this basis, Dpre

mid and low-level
feature Opre

s3 perform difference incremental aggregation again,
and the process can be expressed as follows:

Dpre
agg = TD̈E

(
UP
(
Convk = 1

(
Dpre

mid

))�Opre
s3

UP
(
Dpre

mid

)� Convk = 1

(
Opre

s3

)
)

(6)

where Dpre
agg represents the result of difference incremental ag-

gregation of three different levels of features. s3 represents the
spatial scale, and its size is 64× 64. Through feature aggregation
step by step, the difference features of various scales in the same
temporal image are comprehensively considered, and the real
change area is then accurately located.

D. MRF and Constraint

Following the CDFA, the bitemporal difference features of
two different scales, namely Dmid and Dagg, are obtained. Con-
sidering the difference features of different scales, we adopt
atrous convolutions with different dilation rates. The size of the
receptive field can be expanded without increasing the parame-
ters with atrous convolution. Specifically, in order to adapt to the
characteristics of different scales, we use four parallel branches
with different dilation rates to extract the difference features
of different scales in the different temporal features. Taking
bitemporal difference features Dpre

mid and Dpost
mid as an example,

the process of MRF can be expressed as follows:

Dmid = Dpre
mid ∪Dpost

mid (7)

Mi = Convk=3,d=i (Dmid) , s.t. i ∈ {1, 2, 3, 4} (8)

where d represents the dilation rate. To maximize the utilization
of multiscale features, we simultaneously upsample and down-
sample Dmid and employ convolutions with different dilation
rates to extract features and sample to the original scale. The
process can be expressed as follows:

Mj = Down (Convk = 3,d = j (UP (Dmid))) , s.t. j ∈ {1, 3}
(9)

Mk = Up (Convk = 3,d = k (Down (Dmid))) , s.t. k ∈ {1, 3}
(10)

M = Mi ∪Mj ∪Mk. (11)

By performing MRF on bitemporal difference features, a
more detailed change representation can be obtained. Finally,
we utilize the concept of incremental aggregation in CDFA to
further highlight the areas of real change. The process can be
expressed as follows:

Omid = σ (Convk = 1 (MP (M)))�M (12)

Osem = H (Convk = 1 (σ ((Convk = 1 (Omid))�Omid)))
(13)

where σ and MP represent the Sigmoid activation function and
adaptive max pooling, respectively. Besides, H denotes the
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classification head. In this way, we get the change detection
results for the semifinished version. Subsequently, we execute
(7)–(13) once more for Dpost

agg and Dpost
agg , resulting in the final

result Ofinal.
Correspondingly, we simultaneously constrain the semifin-

ished product Osem and the finished product Ofinal. Specifically,
we use cross entropy as the loss function to constrain the output
of the model

Lsem = − 1

N

N∑
n = 1

[GlogOsem + (1−G) log (1−Osem)]

(14)

Lfinal = − 1

N

N∑
n = 1

[GlogOfinal + (1−G) log (1−Ofinal)]

(15)

LTotal = α1Lsem + Lfinal (16)

where N represents the total number of pixels in the cropland area
of the dataset. G denotes the ground truth. The hyperparameter
α1 is used to adjust the ratio between Osem and Ofinal, which we
will discuss in Section III-F.

E. Implementation Details and Evaluation Metrics

Taking into account the actual requirements of different ap-
plication scenarios, we devise three different versions by using
encoders with varying depths, designated STDAN-S, STDAN-
M, and STDAN-L, respectively, each featuring a lower model
complexity version, a medium model complexity version, and
a higher model complexity version. Specifically, the encoders
in STDAN-S, STDAN-M, and STDAN-L correspond to b0, b1,
and b2 versions of PVTv2, respectively, where the number of
channels in b0 is 32, 64, and 160, respectively, and the number
of channels in b1 and b2 is 64, 128, and 320, respectively. In
addition, in terms of parameter settings, STDAN can achieve
convergence at 100 rounds under the premise of a batch size of
16. We use AdamW [35] as the optimizer and set the weight
attenuation to 0.0004. The initial learning rate is 0.00025, and
StepLR is used to update the learning rate every eight rounds to
reduce it by half.

We select six mainstream metrics as the criteria for quanti-
tative evaluation, which are precision (P), recall (R), F1-score
(F1), intersection over union (IOU), overall accuracy (OA), and
Kappa coefficient

P =
TP

TP + FP
(17)

R =
TP

TP + FN
(18)

F1 =
2PR

P +R
(19)

IOU =
TP

TP + FP + FN
(20)

OA =
TP + TN

TP + TN + FP + FN
(21)

Pe =
(TP + FP) (TP + FN) + (FP + TN) (FN + TN)

(TP + TN + FP + FN)2

(22)

Kappa =
OA − Pe

1− Pe
(23)

where TP, TN, FP, and FN represent the true positive, true nega-
tive, false positive, and false negative, respectively. In addition,
the units of these six metrics are all percentages, and the larger
the better.

III. EXPERIMENTS

A. Datasets

We use the public CCD dataset CL-CD [36] to verify the per-
formance of the proposed STDAN. The dataset consists of 600
high-resolution satellite images of 512 × 512 sizes, which were
collected by Gaofen-2 satellite in Guangdong Province, China,
between 2017 and 2019, with a spatial resolution of 0.5–2 m.
The CL-CD dataset has a variety of change detection types,
including buildings, roads, lakes, and cropland. The original
dataset contains 320 pairs for training, 120 pairs for validation,
and 120 pairs for testing. In the experiment, we cut the data to the
size of 256 × 256, and finally obtained 1280 pairs for training,
480 pairs for validation, and 480 pairs for testing.

B. Comparative Methods

To evaluate the efficacy of STDAN, we choose four main-
stream categories comprising of 16 SOTA methods for compari-
son experiments, namely CNN-based methods (FC-EF [18], FC-
Siam-Conc [18], FC-Siam-Diff [18], FresUNet [19], and CGNet
[38]), CNN-attention-based methods (DSIFNet [20], SNUNet
[21], DMINet [32], AANet [30], and B2CNet [39]), transformer-
based approaches (BIT [23]), and CNN-transformer-based ap-
proaches (ICIFNet [37], WNet [28], and CSINet [31]). In addi-
tion, we have included two CCD baseline methods (MSCANet
[43] and MeGNet [44]). For a fair comparison, we use the
authors’ officially released code. All of the codes are executed on
a computer that is equipped with a GTX-3090 GPU. In addition,
codes for STDAN will be published.1

C. Comparative Analysis

Table I lists the quantitative results of the CL-CD dataset. It
can be seen that the scores obtained by our method on F1, IOU,
OA, and Kappa are in a prominent position. It is worth mention-
ing that both the F1-score and the IOU are used as metrics to
measure the overall performance of the model. Compared with
other advanced methods, only the performance of AANet and
MeGNet is close to our proposed STDAN. The three different
versions of STDAN achieve 78.32%, 79.63%, and 79.42% on the
F1-score, respectively. Compared with the suboptimal AANet
and MeGNet, STDAN-M achieves 2.12% and 3.58% improve-
ment, respectively. Compared with the suboptimal AANet on
IOU, the three different versions of STDAN have achieved

1[Online]. Available: https://github.com/bao11seven/STDAN-CD

https://github.com/bao11seven/STDAN-CD
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TABLE I
QUANTITATIVE RESULTS ON THE CL-CD DATASET

Fig. 3. Qualitative experimental results on the CL-CD dataset.

1.08%, 2.88%, and 2.58% improvement, respectively. In terms
of OA, STDANe-S and STDANet-M are slightly weaker than
AANet, our method still achieves great improvement compared
with other methods. Specifically, STDAN achieves an increase
of 3.39% and 3.69%, respectively, compared with ICIFNet. In
addition, STDAN-L achieved the best OA of 82.64%. This
demonstrates that our method improves the accuracy of crop-
land change by focusing more on the identification of change
characteristics. Our method’s accuracy gradually improves as
the network’s depth improves, indicating that the enlarging of
the model’s scope also aids in further alleviating the impact
of pseudochanges, thereby enhancing the proposed module’s
focusing on the identifying real change areas. In addition, the
deepening of the number of network layers will also bring a slight

decline in performance. For example, the score of STDAN-L in
R is lower than that of STDAN-M, resulting in a decrease on
F1 and IOU. This may be attributable to the more extensive
redundancy features that disturb the model’s attention to the
real change area. In general, our method can achieve excellent
detection results on the CL-CD dataset.

Fig. 3 depicts the qualitative experimental results, wherein
red indicates the misdetection and green indicates the missed
detection. A variety of CCD scenarios are displayed, such as
land development, water body change, and vegetation growth.
As shown in Fig. 3(a), vegetation characterization shows a large
difference due to seasonal changes and light intensity, which
results in missed detection by most methods. Only WNet and
the proposed STDAN do not miss detection. In contrast to WNet,
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STDAN exhibits greater accuracy in predicting the boundary of
the change area and exhibits no false detection, indicating that
our method possesses superior change feature focusing ability
while guaranteeing detection accuracy. Fig. 3(b) and (c) shows
the transformation of cropland into a water body, necessitating
an enhanced analysis of the nonlinear change and reflection
characteristics of the water body’s boundary by the model. It
is evident that most methods have issues with detection and
are more likely to lose the change boundary. Our method, on
the other hand, performs more stably in identifying such scenes,
which is similar to GT, thanks to our method’s ability to focus on
real changing areas. Fig. 3(d) and (e) shows the urban expansion
and road construction scenarios resulting from the development
of urbanization. The shape of this type of scene change area
is irregular, and the change sample only accounts for a small
portion of the image, rendering it challenging to detect accu-
rately. Our STDAN performs more stable and can predict the
change area more accurately and completely. In addition, there
is a problem of inconsistent resolution between the bitemporal
images in Fig. 3(d), which leads to error detection in most
methods. It can be observed that only B2CNet and STDAN
are more accurate and complete for road detection, and there
are no significant numbers of incorrect detections. Furthermore,
our method detects errors in the lower left corner region. By
comparing bitemporal images in Fig. 3(d), it can be observed
that the lower left corner region exhibits a change; however, it is
not marked on the label. It is evident that STDAN possesses the
ability to actively concentrate on the genuine change domain.
To summarize, our method has stronger dynamic monitoring
capabilities in the CCD scene and can achieve better detection
outcomes.

D. Efficiency Analysis

Performance and efficiency are important for practical ap-
plications. The proposed STDAN has achieved good results in
detection performance. In this section, we continue to explore
the efficiency of each method and the relationship between
performance and efficiency. As shown in Table I, we test the
efficiency of each method from three aspects, including the
number of model parameters (Params), the number of float-
ing points (FLOPs), and the test time (Time). In terms of
Params, the proposed STDAN-S has significant advantages,
second only to the four methods FC-EF, FC-Siam-Diff, FC-
Siam-Conc, and FresUNet. As the network depth increases,
the Params of STDAN-M and STDAN-L increase, but they
still have advantages over DSIFNet, ICIFNet, CGNet, WNet,
and B2CNet. In terms of FLOPs, STDAN-S is second only to
FC-EF, FC-Siam-Diff, and FresUNet. Even if STDAN-M and
STDAN-L have increased in FLOPs compared with STDAN-S,
they still have advantages over other methods. In terms of Time,
the proposed method shows disadvantages, only better than
DSIFNet, SNUNet, ICIFNet, WNet, and CSINet. In practice,
a lower number of parameters and computation is a prerequisite
for performing detection tasks in resource-constrained hardware
environments. Lightweight processing, such as model pruning
and distillation, can be performed on the model. In addition,

images can be segmented and then a processing pipeline can be
constructed to minimize the processing time in practical applica-
tions. In addition, as shown in Fig. 4, we analyze the relationship
between detection performance and efficiency, where the area
of each node in Fig. 4(a) and (b) represents the parameters
and FLOPs, respectively. It can be seen from Fig. 4(a) that
STDAN-M achieves the best balance among the three. Similar
results can be seen in Fig. 4(b), STDAN-M also achieves the
best balance among IOU, Time, and Params.

E. Generalization Analysis

The proposed STDAN shows high performance in both quan-
titative and qualitative evaluation of CCD scenarios. In order
to verify the generalization ability of STDAN in other change
detection scenarios, we conduct corresponding experiments on
three mainstream datasets, including WHU-CD [40], LEVIR-
CD [41], and SYSU-CD [42]. The WHU-CD includes a pair of
32 507 × 15 354 high-resolution aerial images with a spatial
resolution of 0.2 m. The data mainly include building damage
changes in Christchurch, New Zealand, after the 2012 earth-
quake. In our experiment, we cut the image into 256 × 256 sizes
and divided the data into 6096 image pairs for training, 762
image pairs for validation, and 762 image pairs for testing at a
ratio of 8:1:1. LEVIR-CD includes 637 pairs of high-resolution
satellite images with a size of 1024 × 1024, and its spatial res-
olution is 0.5 m. The study area mainly covers the architectural
and land cover changes in 20 different urban areas in Texas
from 2002 to 2018. We divide the image into image blocks
with a spatial scale of 256 × 256. Finally, 7120 image pairs
are obtained for training, 1024 images for validation set, and
2048 images for testing. SYSU-CD consists of 20 000 pairs of
high-resolution aerial images of 256 × 256 scales, with a spatial
resolution of 0.5 m. The dataset covers various types of changes
in Hong Kong, such as ports, suburbs, and high-rise buildings.
In the experiment, we divide the data into 12 000 image pairs for
training, 4000 image pairs for validation, and 4000 image pairs
for testing at a ratio of 6:2:2.

Quantitative experimental results are shown in Table II. On
the WHU-CD dataset, STDAN achieves optimal and suboptimal
scores on all metrics. Compared with other methods, our method
achieves at least 0.47%, 1.39%, 1.35%, and 2.53% higher scores
on P, R, F1, and IOU. On the LEVIR-CD dataset, STDAN
achieves the highest score on F1, although it was slightly
lower than CGNet on P and slightly lower than DSIFNet on R.
Specifically, compared with other methods, our method achieves
at least 0.39% and 0.74% higher scores on F1 and IOU. On
the SYSU-CD dataset, except for R, STDAN achieves optimal
and suboptimal scores on other metrics. Compared with other
methods, our method achieves at least 1.53%, 1.30%, and 2.24%
higher scores on P, F1, and IOU. These experimental results
demonstrate that STDAN also has better detection performance
in mixed building areas, owing to focusing on the real change
area while establishing the correlation between different tem-
poral features. Figs. 5–7 show the corresponding qualitative
experimental results. It is evident that the proposed STDAN
shows the lowest missed detection and false detection rates in the
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Fig. 4. Comparison of the efficiency of existing state-of-the-art DL-based CCD methods.

TABLE II
QUANTITATIVE RESULTS ON THREE MAINSTREAM DATASETS

three datasets, which further proves that STDAN is also suitable
for mixed building change detection scenarios.

F. Ablation Analysis

In order to evaluate the effectiveness of the proposed TDE,
CDFA, and MRF, we conduct ablation experiments on four
datasets, including LEVIR-CD, WHU-CD, SYSU-CD, and
CL-CD. All variations in the ablation experiments used PVTv2

as the encoder, and the variants of our proposed methods are
used as experimental comparisons. The baseline method con-
tains only TDE and uses feature difference as the decoder after
passing through the TDE module. Table III lists the quantitative
results of ablation experiments. It can be seen that after adding
the CDFA module to the baseline method, the F1-score has
improved by 0.20%, 0.16%, 0.11%, and 0.73% on the four
datasets. For variant 2, compared with STDAN removing the
CDFA module, the F1-score decreased by 0.40%,0.31%, 1.18%,
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Fig. 5. Qualitative experimental results on the WHU-CD dataset.

Fig. 6. Qualitative experimental results on the LEVIR dataset.

Fig. 7. Qualitative experimental results on the SYSU dataset.

and 0.82% on the four datasets, respectively. Especially on the
CLCD and SYSU-CD datasets, the impact of the CDFA module
is more obvious. This shows that the CDFA module helps to
suppress the influence of noise and pays more attention to the
change area by combining different levels of semantic features.
Due to the more types of CL-CD scene changes and the more
complex scenes, the pseudochanges have a stronger impact on
the experiment. By comparing variant 3 with STDAN, it can be

seen that, after removing the TDE module, our method reduces
the IOU of the four datasets by 0.73%, 0.99%, 0.68%, and
1.60%, respectively. This shows the effectiveness of the TDE
module, which can enhance the difference features between
images at different temporal features, establish the correlation
between images at different temporal, and suppress the influ-
ence of pseudochanges. By comparing variant 1 with STDAN,
after adding the MRF module, the four datasets have achieved
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TABLE III
ABLATION EXPERIMENTAL RESULTS OF EACH MODULE ON FOUR DATASETS

Fig. 8. Visualization of intermediate features in the proposed STDAN.

considerable improvement in F1 and IOU. The reason for this is
that MRF is better adapted to the changing regions of different
scales and provides more suitable receptive fields while fitting
the changing regions, leading to more accurate change detection
results. As a result, extensive experiments demonstrate the effec-
tiveness of each module in STDAN, especially when confronted
with CCD tasks.

In order to investigate the impact of deep supervision on
model training, we conduct corresponding experiments on the
constraint function in (16). The experimental results are shown
in Table IV. As the value of α1 increases, it can be seen that the
proposed STDAN has achieved performance improvement on
both LEVIR-CD and WHU-CD datasets, but on SYSU-CD and
CLCD, it can be observed that it has decreased somewhat. This
may be attributable to excessive supervision, resulting in the loss
of detailed features, thereby reducing the model’s performance.
STDAN-M achieves the optimal performance on LEVIR-CD,
SYSU-CD, and CLCD datasets when the value of α1 is 0.5.
In general, the implementation of the deep supervision is an
effective way to improve the performance of the model. We
have determined the most suitable parameter design through
experiments. In the aforementioned experiments, we set the
value ofα1 to 0.5 to attain considerable performance in different
detection scenarios.

TABLE IV
ABLATION EXPERIMENTAL RESULTS OF LOSS FUNCTIONS ON FOUR DATASETS

IV. DISCUSSION

In the scenario of CCD, crops are greatly affected by sea-
sonal changes and light density. Moreover, there is a serious
class imbalance between the changing building area and the
nonchanging cropland area, and the two may exhibit identical
representation under different light conditions. Therefore, it is
imperative for the model to exclude the interference of pseu-
dochanges and concentrate on the real changing area. The
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existing DL-based CCD methods continue to extract deep se-
mantic features based on the features extracted by the encoder.
The mode’s inability to focus on the actual changing areas is
hampered by these redundant features, which in turn results
in its high model complexity. In order to accurately detect
the real change area in cropland, we propose the STDAN for
CCD. Initially, STDAN enhances the difference features while
establishing the correlation between different temporal features
using the TDE, which can suppress task-independent interfer-
ence. Subsequently, the CDFA enables the aggregation between
different levels of difference features in an incremental manner,
thereby further refining the change area. Ultimately, the accurate
results can be obtained by integrating the difference character-
istics at different scales in CDFA through MRF. The results of
Section III-C demonstrate that the proposed STDAN is capable
of achieving more accurate detection outcomes in CCD scenes.
Section III-D validates the efficacy of STDAN. In Section III-E,
we analyze the generalization of the proposed STDAN on three
mainstream mixed building datasets. The experimental results
show that STDAN is also suitable for building change detection
scenarios. Section III-F verifies the effectiveness of each module
in STDAN. In addition, we visualize the intermediate features of
the model. An instance with images from the CL-CD dataset is
delivered, as shown in Fig. 8. It can be seen that the shallow
features extracted by the encoder are coarse and it is diffi-
cult to distinguish between changing and nonchanging regions.
Through the guidance of TDE, enhanced difference features are
obtained and the outline of the change region can be roughly
seen. Subsequently, using CDFA, different scale features of the
same temporal are aggregated, revealing the first glimpse of
the change region. Finally, the accurate results can be obtained
by integrating the different characteristics at different scales in
CDFA through MRF. It is evident that the proposed STDAN can
focus on the real changing area, thereby achieving the accurate
detection results.

V. CONCLUSION

In view of the difference in crop characterization caused by
pseudochange and the similarity between the change area and
the nonchange area caused by the imbalance of positive and
negative samples in the CCD scene, we propose STDAN, which
can alleviate the interference of pseudochange to focus on the
real change area, so as to achieve the accurate detection results.
Through a multitude of comparative and efficiency analyses
conducted on the cropland data collected by the Gaofen-2 sen-
sor, it has been proved that STDAN can achieve the accurate
CCD results while maintaining high efficiency. In addition,
we conduct generalization experiments on three mainstream
mixed building datasets. The corresponding quantitative and
qualitative evaluation results prove that STDAN is also suitable
for building change detection scenarios. Finally, we conduct
ablation experiments on the above four datasets to verify the
effectiveness of each module. However, in terms of testing
time, the proposed method still exhibits significant room for
improvement. In addition, this work primarily focuses on the
binary CCD task, which is incapable of providing specific

information on the type of changes in cropland. Therefore, it
is necessary to further explore the semantic CCD of different
vegetation in cropland under different environmental conditions.
In future work, we will further improve the fusion performance
and efficacy. Furthermore, we will further explore the linkage of
high-resolution series data in different tasks to further promote
the development of practical applications. In particular, we will
exploit the advantageous information of the multimodal data
provided by the Gaofen series sensors, such as the panchromatic
and multispectral imagery provided by Gaofen-2 and the syn-
thetic aperture radar imagery provided by Gaofen-3, and then
carry out multimodal fusion and change detection.
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