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AERNet: An Attention-Guided Edge Refinement
Network and a Dataset for Remote Sensing

Building Change Detection
Jindou Zhang , Zhenfeng Shao , Qing Ding , Xiao Huang , Yu Wang, Xuechao Zhou, and Deren Li

Abstract— Advancements in Earth observation technology
enable the detection of surface changes in intricate urban envi-
ronments. Building change detection (BCD) plays a crucial role in
urban planning and environmental monitoring. However, existing
deep learning-based BCD algorithms exhibit limited capability in
feature extraction, feature relationship comprehension, sample
imbalance mitigation, and accurate boundary identification for
changed objects. To address these challenges, we introduce
an attention-guided edge refinement network (AERNet) that
uses a global context feature aggregation module (GCFAM) to
aggregate information from extracted multilayer context features.
Our approach incorporates an attention decoding block (ADB)
guided by enhanced coordinate attention (ECA) to capture
channel and location associations between features. Furthermore,
we use an edge refinement module (ERM) to enhance the
network’s capacity to sense and refine the edges of changed
areas. To tackle the issue of class imbalance and augment
the algorithm’s feature learning ability, we devise a novel self-
adaptive weighted binary cross-entropy (SWBCE) loss function,
combined with a deep supervision (DS) strategy. Experiments
are conducted on two publicly available datasets, GDSCD and
LEVIR-CD, and our newly developed high-resolution complex
urban scene BCD dataset, i.e., HRCUS-CD. The latter dataset
comprises 11 388 pairs of images at 0.5-m resolution and more
than 12 000 labeled change buildings. Comparative experiments
indicate that AERNet surpasses advanced competitive methods,
while ablation experiments demonstrate the effectiveness of
AERNet’s model components and the SWBCE loss function. Effi-
ciency comparison confirms that AERNet achieves comprehensive
detection performance with superior effectiveness and robustness.
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I. INTRODUCTION

THE global population has continued to grow and
urbanization has accelerated, which has continued to

intensify the depletion of natural resources, such as land and
minerals, and has placed higher demands on the sustain-
able development of societies. Iterative advances in remote
sensing technology have made it more closely integrated
with national economies and people’s lives, and its role in
urban expansion [1] and sustainable social development [2]
has become increasingly important. Remote sensing change
detection (CD) aims to identify change differences between
dual-temporal or multitemporal remote sensing images (RSIs)
in the same region [3], which is an important research direction
in remote sensing technology and has been used extensively in
urban planning [4], resource monitoring [5], and disaster
emergency response [6]. With the continuation of urbanization,
building CD (BCD) has drawn more and more interest, specif-
ically in illegal building identification [7] and urban disaster
assessment [8]. Since the 21st century, benefiting from the
innovative development of various high-tech sensor devices,
remote sensing observation technologies of the Earth have
made significant progress with high-resolution RSIs becom-
ing more easily available [9]. Although the detailed feature
representation of objects from high-resolution images greatly
facilitates the detection of building changes, BCD remains
underexploited and deserves more attention.

The traditional BCD methods can be split into two groups:
pixel-based approaches and object-based approaches. The
pixel-based approaches produce the difference image by
directly comparing information of image pixels and then
dividing the change by threshold segmentation [10], and they
include the change vector analysis method [11], spectral angle
mapping method [12], principal component analysis [13], etc.
Although pixel-based approaches are convenient to use, they
neglect the spatial context information, which leads to the
inability to obtain higher level object representation. The
object-based approaches aim to segment RSIs into separate
objects and apply the captured information to analyze the
differences between images [14]. Example approaches include
Markov random field method [15], sliding window statisti-
cal method [16], etc. They are able to better leverage rich
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image information, i.e., spectral, texture, and geometry, and
effectively suppress the effect of pretzel noise. However, high-
resolution RSIs’ complex spectral and texture features and
uncertain object segmentation create new difficulties [17].
Despite their many limitations, traditional methods still stand
strong in specific remote sensing CD because they require
fewer training samples.

Deep learning has demonstrated considerable benefit in
RSIs applications over the past decade due to strong feature
fitting capability, which include CD [18], image retrieval
[19], and semantic segmentation [20]. Deep learning BCD
methods can be broadly classified into two types: metric-based
approaches and classification-based approaches.

The metric-based approaches determine whether a change
has occurred by comparing the parametric distances of
dual-temporal image pixel pairs, and L1 and L2 distance are
frequently used to determine whether changes have taken
place. For instance, STANet [21] used a pyramid attention
mechanism to mitigate false detections due to alignment errors
in dual-temporal images. DASNet [22] enhanced network’s
ability using a unique dual-attention mechanism and a
newly designed loss function. DSAMNet [23] was a deeply
supervised CD network, which focuses on the pseudochange
and noise problems in the CD process. Scholars have tried
different loss functions to obtain better accuracy, including
contrast loss [24], triplet loss [25], etc. Parameter setting of
the loss function requires extensive experimental validation,
and there is still room for improving model’s generalization
ability on different datasets.

The classification-based approaches compare the results
extracted from two images to obtain the change probability
at the pixel level, which indicates the change in the feature
at that pixel if a certain threshold is reached. For instance,
Peng et al. [26] developed the algorithm using improved
UNet++ to address the problem of error accumulation. Fea-
ture difference convolutional neural network (FDCNN) [27]
applied the idea of feature difference and the newly proposed
loss function to achieve good results. DSANet [28] used spe-
cial feature extraction module and efficient network construc-
tion to effectively extract multilevel features. To reduce the
dependence on the samples, single-temporal supervised learn-
ing (STAR) [29] CD network used only unpaired images to
train a high-precision change detector. Bandara and Patel [30]
designed a transformer-based Siamese network by transferring
the relevant aspects of converters from the natural language
processing (NLP) domain into the RSIs domain. Considering
the building extraction results can be helpful for BCD, Liu
et al. [31] applied multitask learning strategy to increase the
detection area’s integrity. Gao et al. [32] used the results of
building extraction as a priori information and introduced the
idea of refined boundary extraction. Despite the above efforts,
the following challenges still exist in the BCD task.

1) The BCD models are insufficient in obtaining global
context relationships between features and distinguish-
ing between changed features in the decoding stage
and suffer from sample class imbalance. The detection
results tend to present notable false or missed detections,
as well as irregularity building boundaries.

2) Large-scale BCD datasets are lacking in more difficult
and complex urban environments. For training and test-
ing, deep learning BCD algorithms need a lot of label
data, as well as more benchmark data for performance
judging.

To address these current problems, we propose an attention-
guided edge refinement network (AERNet) for the BCD task.
In addition, we develop a new, large-scale, open-sourced, high-
resolution complex urban scene BCD (HRCUS-CD) dataset.
The main contributions of this article are summarized as
follows.

1) We introduce a novel BCD network, AERNet, which
leverages attention mechanism and incorporates an
edge refinement module (ERM) along with the deep
supervision (DS) strategy to effectively detect chang-
ing buildings in RSIs. The experimental results from
three datasets demonstrate AERNet’s superior effi-
ciency, detection performance, generalizability, and
robustness.

2) We develop a self-adaptive weighted loss function that
enhances the network’s robustness by incorporating self-
adaptive accuracy evaluation metrics as weight coeffi-
cients. This approach effectively mitigates the influence
of sample class imbalances on the model’s learning abil-
ity and improves the CD performance of the network.
In addition, it exhibits commendable generalizability.

3) We create a high-resolution complex urban scene BCD
dataset, named HRCUS-CD, which comprises 11 388
pairs of RSIs (256 × 256) at a 0.5-m resolution and
more than 12 000 labeled change instances. This dataset
expands the coverage and area of interest within the
BCD domain, making it more comprehensive and valu-
able for practical applications.

The proposed AERNet code and HRCUS-CD dataset will
be released at: https://github.com/zjd1836/AERNet. The rest
of this article is organized as follows. Section II describes the
proposed HRCUS-CD dataset in detail. Section III presents
the proposed network AERNet. Section IV presents all the
experimental results and a detailed discussion. In Section V,
we summarize the work in this article and discuss future
research directions.

II. HRCUS-CD DATASET

With the advancement of Earth observation technology over
the past few decades, scholars have released open-sourced
datasets for binary CD of RSIs, with gradually improved
resolution. The release of these datasets has largely benefited
the development of the CD domain [33]. We describe some
datasets in Table I.

The SZTAKI Air Change Benchmark Set (SZTAKI) [15]
has 13 pairs of 1.5-m spatial resolution optical aerial images
of 952 × 640 pixels, which, in early research, was the
earliest and most often used CD dataset. The Aerial Image
Change Detection (AICD) [34] dataset is a simulated scene
with 100 synthetic change aerial images at 0.5-m resolution,
which has 1000 pairs of images (800 × 600 pixels) with
major changes containing objects such as trees and buildings.
The Onera Satellite Change Detection (OSCD) [35] dataset
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TABLE I
PUBLIC DATASETS FOR BINARY CD IN RSIS

collects 24 pairs of Sentinel-2 multispectral satellite images
taken between 2015 and 2018, each with a size of about
600 × 600 pixels and a resolution of 10 m. The Season-
varying Change Detection (SVCD) [36] dataset has mainly
two types of variations: synthetic images and real RSIs,
and the commonly used real RSIs with seasonal variation
contain 16 000 pairs of images of size 256 × 256 pixels
at 0.03–1-m resolution. The WHU-building [37] CD dataset
consists of a pair of aerial images gathered in 2012 (with
12 796 buildings) and 2016 (with 16 077 buildings), with
a size of 32 207 × 15 354 pixels at 0.2-m resolution; the
LEVIR-CD [21] dataset includes 637 pairs of RSIs of size
1024 × 1024 pixels with a resolution of 0.5 m obtained
from Google Earth, and these two datasets are used very
frequently in the BCD tasks. Images from the DSIFN [38]
dataset are manually collected from Google Earth, and it
contains 442 pairs of images (512 × 512 pixels) from six
Chinese cities with a resolution of 2 m. Google Data Set for
CD (GDSCD) [39] contains 19 pairs of satellite images with
a resolution of 0.55 m, and the image pairs range in size from
1006 × 1168 pixels to 4936 × 5224 pixels and span the years
2006–2019. The Sun Yat-Sen University (SYSU-CD) [23]
dataset consists of 800 pairs of images (1024 × 1024 pixels) at
0.5-m resolution, which were captured in Hong Kong between
2007 and 2014.

But some improvements can still be made. Some datasets
prioritize suburban buildings and low-rise structures and may
not adequately capture the changes in urban areas with com-
plex environments, which pose greater challenges for detec-
tion. Furthermore, certain datasets have insufficient sample
sizes for performing the BCD tasks. The proposed high-
resolution complex urban scene BCD (HRCUS-CD) dataset
largely complements the existing CD dataset in the above
aspects. The dataset contains cropped 11 388 pairs of high-
resolution RSIs with 256 × 256 pixels and at 0.5 m resolution,
as well as more than 12 000 labeled change instances. All the
labels are manually annotated by annotators with rich expe-
rience in RSIs’ interpretation. This dataset was collected
in Zhuhai, China, which has an area of 1736.45 km2 and
a resident population of approximately 2.44 million (as of

November 2020). In recent years, Zhuhai has experienced
rapid urbanization and industrialization.

The proposed HRCUS-CD dataset contains two main acqui-
sition areas from two image sources: the first is mainly the
urban built-up area, with a time span from 2019 to 2022.
Considering the short time interval and the fact that this
area is mostly built-up, the building changes’ areas are small.
The second area spans from 2010 to 2018, contains farmland
and mountains, with a small number of old civil houses and
buildings in the early period, and the area of building change
is large later. These two types of high-resolution RSIs focus on
built-up areas and new urban areas. The combination of these
two areas leads to the strong diversity of our HRCUS-CD
dataset.

The HRCUS-CD dataset proposed uses two satellite image
sources to generate samples with fine annotation. This dataset
boasts a large sample size and includes a wide range of
complex environmental scenarios, such as urban villages,
vegetation disturbances, high-rise apartments, and large con-
tiguous buildings, including industrial parks and cultural and
tourism facilities, as demonstrated in Fig. 1. The HRCUS-CD
dataset integrates multiple time spans and multiple building
change types, which improves the diversity and represen-
tativeness of the samples. It presents significant challenges
for use in scientific research, providing more options and
better benchmarks for evaluating BCD algorithms, promoting
further advancements in the field. In addition, the HRCUS-CD
dataset has practical applications for service needs such as
illegal building detection and land resource management. Our
developed HRCUS-CD dataset is freely accessible to all the
researchers.

III. METHODOLOGY

A. Basic Network Structure

The proposed AERNet is a weight-sharing, two-branch,
end-to-end network, as depicted in Fig. 2, which uses
a classification-based approach. To transform dual-temporal
images into a consistent feature space while preserving the dis-
tinct features of each individual image, the encoder component
uses a weight-sharing feature extraction network (WFEN). The
backbone of the WFEN is the architecture of the pretrained
ResNet34 [40] before the global average pooling layer.

The decoder component is featured by a change discrim-
ination network (CDN). After progressive abstraction of the
convolution and pooling layers, the deepest features of the
same scale extracted by WFEN1-5 and WFEN2-5 are stitched
in the channel dimension and aggregated into the CDN. The
aggregated features first enter the GCFAM to generate an
initial change map with compact global information. The
GCFAM can fully explore the long-range spatial–temporal
dependencies between pixels (described in Section III-B).
In the encoder, the resolution of the feature map is reduced
to a very small size by the downsampling operations, which
is not conducive to accurate segmentation. Given the crucial
role that spatial domain information plays in the segmentation
tasks, we stitch the features generated by the earlier layers
of WFEN while passing them layer by layer through skip
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Fig. 1. Examples of the HRCUS-CD dataset. (I) First region. (II) Second region. (a) Disappearing buildings. (b) New buildings. (c) New and disappeared.
(d) and (e) Urban village. (f)–(h) Urban complex scenes.

Fig. 2. Framework of the proposed AERNet.

connections, and then the features in series with GCFAM are
fed into CDN-1, a lightweight attention decoding block (ADB)
(described in Section III-C) that directs model’s attention to
changed buildings. Note that CDN-1–CDN-4 have the same

structure. The features output from CDN-1, combined with the
features transmitted by the corresponding skip connections,
enter CDN-2–CDN-4 in turn, while the feature map’s resolu-
tion continually recovers.
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Fig. 3. Global context feature aggregation module.

In addition, the features in CDN-1–CDN-4 before upsam-
pling are entered into DS1–DS4, respectively. DS facili-
tates model training and improves the network performance
(described in Section III-E). The change maps generated by
DS1–DS3 are used only to assist network training, while
the change maps generated by DS4 are used to assist in
training and the generation of final CDN-5. The features from
CDN-4 match the original image’s resolution, while change
maps generated by DS4 need to be upsampled. Furthermore,
the CDN-4 output features and the upsampled DS4 change
maps are passed to CDN-5, an ERM where high-resolution
representations with rich local details in different directions
can be used to refine the edges (described in Section III-D).

B. Global Context Feature Aggregation Module

The global context feature aggregation module (GCFAM)
used in this study bears a similar structure to the nonlocal
neural network [41]. However, we made modifications to the
GCFAM by adding a 1 × 1 convolution and transposed con-
volution for channel dimensionality reduction and upsampling
at the end. It is an integral component of the AERNet and
enables the modeling of the similarity between every pair of
locations to extract the global context information dependency
in features [42], as shown in Fig. 3.

First, the input features are defined as X ∈ RC×H×W , and
then three 1 × 1 convolutions are used to convert X linearly
to obtain three feature tensors: key (K ∈ RC ′

×H×W ), query
(Q ∈ RC ′

×H×W ), and value (V ∈ RC×H×W ), and C ′ represents
the feature dimension of Q and K . Here, it is set to C/8.
These three convolution operations bear the same structure,
with the major difference lying in the output feature channels.
We use different colors to represent the corresponding features.
GCFAM reshapes and transposes K to obtain K ′

∈ RN×C ′

,
reshapes Q to obtain Q′

∈ RC ′
×N , and reshapes V to obtain

V ′
∈ RC×N , where N is equal to the product of H and

W . Then, GCFAM multiplies K ′ and Q′ to obtain the initial
attention map A ∈ RN×N , and uses the Softmax function to
map A to a range between 0 and 1 to model the long-distance

dependence and similarity between pixel-level features

A = Softmax
(

K ′ Q′
)
. (1)

Then, multiply V ′ and A matrices to generate F ∈ RC×N

F = V ′
× A. (2)

After reshaping F to obtain F ′
∈ RC×H×W , the complete

global context information is obtained.
Considering feature reuse and model convergence acceler-

ation, F ′ and input X are summed pixel by pixelwise, and
then the channels’ number is reduced by 1 × 1 convolution
so that the channels’ number becomes half of the original.
Finally, the final feature output Y ∈ R(C/2)×2W×2H is obtained
by deconvolution

Y = f Deconv( f 1×1(X + F ′
))

(3)

where f Deconv denotes deconvolution for upsampling, and
f 1×1 indicates 1 × 1 convolution to compress the channels.
The derived feature Y captures the rich global context rela-
tionship between features.

C. Attention Decoding Block

Attention mechanisms, i.e., telling models “where” and
“what” to pay attention to, have been frequently used to
improve networks’ performance [43], [44]. We use a more
lightweight and effective coordinate attention (CA) [45], com-
bined with depthwise separable convolution (DSConv) [46] to
design the ADB (i.e., main structure from CDN-1 to CDN-4).
CA consolidates features along two spatial directions, encod-
ing global spatial information in a complementary fashion.
This process captures remote dependencies between spatial
locations that are essential for vision tasks, ultimately assisting
the network in accurately locating objects of interest.

In ADB (Fig. 4), 1 × 1 convolution is first applied to
integrate features across channels for the input features, i.e.,
dimensionality reduction. Then it goes to the core of ADB,
which is our proposed enhanced CA (ECA) block. ECA
consists of DSConv, CA, and residual connection. Initially,
DSConv is used to extract features, followed by the utilization
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Fig. 4. Attention decoding block.

Fig. 5. Coordinate attention.

of CA to precisely locate changing buildings by leveraging
its structural characteristics. CA emphasizes change infor-
mation, thereby aiding network identification. Subsequently,
DSConv is applied once more to optimize the features, which
are then combined with residual connections to enhance the
features further. ECA enables the AERNet to increase its
network depth during the decoding stage while minimizing
the number of parameters and computational overhead and
simultaneously preventing gradient disappearance. By fully
exploiting long-range dependencies and maximizing location
information utilization, ECA facilitates more accurate iden-
tification of changing regions during the decoding stage. The
features obtained via ECA are channeled through two separate
pathways: one directed toward the DS module and the other
toward the deconvolution (DeConv) block for upsampling.
After four ADBs, the features’ resolution is returned to its
initial resolution.

Fig. 5 illustrates the specific framework of CA, with two
primary steps. The first step is coordinate information gener-
ation: to enable the attention mechanism to record long-range
spatial dependencies with precise location information, two
1-D pooling feature encoding operations are applied in CA to
produce two feature maps with direction awareness. Specifi-
cally, the input features are X = [x1, x2, . . . , xC ] ∈ RC×H×W ,
and to encode each channel of X along the horizontal and
vertical directions, CA uses two spatial pooling kernels (H , 1)
and (1, W ). So, the cth channel’s output at height h can be

stated as

Ph
c (h) =

1
W

∑
0≤i<W

xc(h, i). (4)

The cth channel’s at width w can be stated as

Pw
c (w) =

1
H

∑
0≤ j<H

xc( j, w). (5)

This pooling operation differs from the squeezing operation
and allows the attention to retain exact location information
in one spatial direction while capturing long-range interdepen-
dence in the other.

The second step is CA generation: CA applies a trans-
formation to fully use the gathered location data so that
the areas of interest can be effectively emphasized and the
relationships between channels can be effectively captured.
Specifically, given the features Ph and Pw generated by (4)
and (5), CA first connects them in spatial dimensions to form
P ∈ RC×(H+W )×1, and then applies a 1 × 1 convolutional
transformation F1×1

T = δ
(

F1×1
([

Ph, Pw
]))

(6)

where δ represents the nonlinear activation function, [·, ·] rep-
resents the join of spatial dimension, and T ∈ R(C/r)×(H+W )×1

is the transformed spatial information feature map encoded in
the horizontal and vertical directions, where r (set to 32 in
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Fig. 6. Edge refinement module.

this study) is used to control the reduction rate of the feature
block size.

Then CA splits T along the spatial dimension into two
independent feature tensors T h

∈ R(C/r)×H×1 and T w
∈

R(C/r)×1×W , and two additional 1 × 1 convolution transforms
Fh

1×1 and Fw
1×1 are used to transform T h and T w into a feature

tensor equivalent to X in terms of channel counts. CA obtains

Z h
= σ

(
Fh

1×1

(
T h)) (7)

Zw
= σ

(
Fw

1×1(T w)
)

(8)

where σ represents the Sigmoid function, and the output
feature of the final CA mechanism is Y =

[
y1, y2, . . . , yC

]
∈

RC×H×W , denoted as

Y = Z h
× Zw

× X. (9)

CA encodes spatial information, reassigning weights to
different channels, and subsequently applies the final hori-
zontal and vertical attention maps to input features through
multiplication. This process allows CA to fully capitalize on
the long-range dependencies between features and precise
location information. The unique attention encoding approach
empowers CA to accurately pinpoint the exact location of
objects of interest, consequently generating more discernible
features and enhancing the network’s change recognition
capability.

D. Edge Refinement Module

Since most buildings in RSIs often have regular bound-
aries, we introduce a plug-and-play, lightweight, and effective
ERM [47], which updates edge pixels with high-resolution
features and detailed local information.

As shown in Fig. 6, ERM takes the output X of CDN-4
and the prediction result Y of DS4 as inputs. First, to produce
the edge prediction map E with a 0.5 threshold, X is fed into
classifier1 and the Sigmoid function; meanwhile, X is fed into
classifier2 and the Softmax function to generate the direction
prediction map D; then Y is upsampled and connected with

X in the channel dimension and fed into classifier3 to obtain
the coarse segmentation prediction S

E = σ(Fclassifier1(X)) > 0.5 (10)
D = ρ(Fclassifier2(X)) (11)
S = Fclassifier3([X; up(Y )]) (12)

where σ represents the Sigmoid function, ρ represents the
Softmax function, up(·) denotes the upsampling, [·; ·] denotes
the feature splicing in the channel dimension, and Fclassifier
denotes the classifier operation. As seen in the lower right
portion of Fig. 6, these three classifiers have the same struc-
ture, with variations in their input and output features’ channel
counts. Each pixel’s orientation to the nearest object’s center
is indicated by D. Eight directions are created by ERM
by dividing 360◦ into 45◦ intervals, so classifier2 has eight
channels of output features. D is represented as follows:

Di
=

ei∑
j e j

(13)

where Di represents the orientation prediction of pixel i ;
j represents eight orientations.

ERM replaces the pixel’s predicted changed building con-
fidence values with those of its direction prediction by
combining D and S to obtain refined edges. Specifically,
ERM designs a convolutional layer (Conv) to automatically
refine the edges of changed buildings, which contains eight
fixed unbiased convolutional kernels, the weights of which
are frozen in training. Furthermore, the output features are
aggregated along the channel with a summation operation to
obtain an updated refinement region R

R = sum(Conv(S) × D)channel. (14)

The goal of ERM is to refine only the edge regions. Thus,
R is multiplied with E in the spatial dimension to enhance the
edge regions, while the nonedge regions will be suppressed to
keep the initial predicted results. Edge refinement results Z
can be produced

Z = R × E + S × (1 − E). (15)
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E. DS and Self-Adaptive Weighted Loss Function

The weight parameters for CNN are optimized using
the backpropagation algorithm. However, for networks with
deeper depth and higher complexity, the supervision using
just a loss function in the final output layer can easily lead
to gradient disappearance during backpropagation, resulting in
unstable parameter optimization in the network’s middle layer,
thus affecting the network performance [48].

To improve the aforementioned issues and boost the net-
work’s capacity for detection, in AERNet, we introduce the
DS [49] strategy to ensure that the network’s middle layer
is properly supervised and discriminative for change region
features. In total, there are four DS modules, of which the
first three are only used to assist with training, and the last one
passes the output prediction result to ERM while assisting with
training. Specifically, for the change prediction map produced
by each supervised branch, we calculate the loss by associating
it with the label of the same spatial resolution obtained by
downsampling the corresponding truth label

DSi = σ
(

f 1×1(ADBi )
)

(16)

where ADBi denotes the feature branch of the i th CDN that
flows into the DS module; f 1×1 denotes the 1 × 1 convolution;
and σ indicates the Sigmoid function.

We use the binary cross-entropy (BCE) loss function, which
is often used in binary classification issues. However, in RSIs’
CD tasks, the unchanged regions are usually much larger than
the changed regions. Such an imbalance issue causes troubles
for the model’s attention [50]. Therefore, it is necessary to
alleviate the effect of this imbalance, that is, to set weight
coefficients on the loss function to constrain the network so
that its training focuses more on the region of change. Based
on BCE, we design a self-adaptive weighted BCE (SWBCE)
loss function

LSWBCE = −
1

m∗n

m∑
i=1

n∑
j=1

[
w1 y(i, j) log

(
p(i, j)

)
+ w2

(
1 − y(i, j)

)
log

(
1 − p(i, j)

)]
(17)

w1 =
TN

TN + FN + FP
(18)

w2 =
TP

TP + FP + FN
(19)

where (i, j) denotes the pixel’s spatial location index, y(i, j)

denotes the label’s value at point (i, j), generally 0 or 1, with
0 denoting no change, and 1 denoting change, p(i, j) represents
the change map’s value at point (i, j), m and n denote the
map’s dimensions, and w1 and w2 are the weights assigned.
w1 and w2 correspond to the intersection over union (IoU)
values of negative samples and positive samples, respectively.
TP is the quantity of accurately identified changed pixels, and
F P is the quantity of unchanged pixels mistakenly detected as
changed pixels. TN indicates the amount of unchanged pixels
detected correctly, and FN represents the amount of changed
pixels mistakenly identified as unchanged pixels.

Note that both w1 and w2 are less than 1, and w1’s value is
usually greater than w2. To balance the network’s attention,
in the loss function, we assign w1 and w2 as the weights

Fig. 7. Some selected examples of the GDSCD dataset. (a) Original images.
(b) Cropped images.

in the method of computation for changed and unchanged
samples, respectively. In addition, w1 and w2 are updated in
each epoch, corresponding to the loss calculation for each
batch size, aiming to ensure that the loss function weights of
each batch size correspond to the characteristics of the current
samples. The integrated loss function L total can be expressed as

L total =

4∑
i=1

λi L i
SWBCE + λoutLout

SWBCE (20)

where λi and L i
SWBCE denote the loss weights and loss values

of the four supervision branches, respectively. λout and Lout
SWBCE

denote the weight of the ERM’s final result of the network
output in terms of the total loss and the loss value, respectively.

IV. EXPERIMENT AND DISCUSSION

A. Datasets

Two publicly available datasets (i.e., GDSCD [39] and
LEVIR-CD [21]) and the newly proposed HRCUS-CD dataset
are used, which are described in Section II. Images in these
datasets are cropped to 256 × 256 pixels in size, and the
training set, validation set, and test set are allocated in different
ratios: the GDSCD dataset contains 2883, 360, and 360 pairs
of images, divided in an 8:1:1 ratio; the LEVIR-CD dataset
includes 7120, 1024, and 2048 pairs of images, divided in a
7:1:2 ratio; and our HRCUS-CD dataset is divided in a ratio
of 7:2:1 and contains 7974, 2276, and 1138 pairs of images.
We use data enhancement methods that include rotation, trans-
position, flipping, and affine transformation. Selected examples
of images of the GDSCD and LEVIR-CD datasets are shown
in Figs. 7 and 8, respectively.
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Fig. 8. Some selected examples of the LEVIR-CD dataset. (a) Original
images. (b) Cropped images.

B. Competing Methods

To assess AERNet’s performance, we compare it against
the following 12 state-of-the-art (SOTA) CD methods, includ-
ing FC-Siam-conc [51], FC-Siam-diff [51], UNet [52],
SCDNet [53], ChangeNet [54], deeply supervised image
fusion network (DSIFN) [38], cross-layer convolutional neu-
ral network (CLNet) [55], difference enhancement and
spatial–spectral nonlocal network (DESSN) [56], bitemporal
image transformer network (BIT) [57], ChangeFormer [30],
intrascale cross-interaction and interscale feature fusion net-
work (ICIFNet) [58], and dual-branch multilevel intertemporal
network (DMINet) [59].

All the competing methods are trained from scratch. Con-
sidering that hyperparameters are quite important to model
performance, to ensure fair comparison experiments, we fol-
low the settings in their original literature.

C. Implementation Details

AERNet is implemented on the PyTorch deep learning
framework and trained on NVIDIA TITAN XP with 12-GB
memory. The optimizer used in the experiments is AdamW,
the initial learning rate is set to 1e-4, the weight decay is
5e-4, CosineAnnealingWarmRestarts is used as the learning
rate adjustment strategy, where the parameters T0 is set to 4,
Tmult is set to 2, the minimum learning rate etamin is set to
1e-6, training is stopped after 125 epochs, and the batchsize
is set to 24; for the proposed loss function [see (20)], λi and
λout are set to 1.

In our experiments, precision (P), recall (R), F1-score
(F1), and overall accuracy (OA) are used as evaluation criteria.
Higher P means more accurate change pixels are detected, and
higher R means the network’s capacity to detect more change.

TABLE II
QUANTITATIVE RESULTS ON THE GDSCD DATASET. (THE BEST
PERFORMANCE IS HIGHLIGHTED IN BOLD, THE SECOND-BEST

PERFORMANCE IS EMPHASIZED BY UNDERLINE)

F1 represents a summed average of P and R, which is a metric
for binary classification accuracy. OA is the ratio of pixels that
were accurately categorized across all the categories

P =
TP

TP + FP
(21)

R =
TP

TP + FN
(22)

F1 =
2PR

P + R
(23)

OA =
TP + TN

TP + TN + FP + FN
. (24)

Besides, unchanged region IoU (0 IoU), changed region IoU
(1 IoU), and average IoU (mIoU) are also used as evaluation
criteria. 0 IoU and 1 IoU mean the same as (18) and (19), and
mIoU is the average of both. Larger values of these metrics
indicate better performance of a model. The calculation of
these indicators is as follows:

0 IoU =
TN

TN + FN + FP
(25)

1 IoU =
TP

TP + FP + FN
(26)

mIoU =
0 IoU + 1 IoU

2
. (27)

TP, FP, TN, and FN have been described in Section III-E.

D. Experiments on the GDSCD Dataset

1) Quantitative Evaluation: As displayed in Table II,
AERNet performs optimally: P (88.74%), R (89.18%), F1
(88.96%), OA (98.51%), 1 IoU (80.12%), and mIoU (89.27%).
AERNet outperforms the optimal BIT model with an improve-
ment of 3.08% in P , it outperforms the optimal ChangeNet
model with an improvement of 4.47% in R, and it outper-
forms the best-performing competing method, DMINet, with
improvements of 6.43%, 0.8%, 9.86%, and 5.35% for F1, OA,
1 IoU, and mIoU, respectively, on the GDSCD dataset.
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Fig. 9. Visual comparison of results on the GDSCD dataset. (a) FC-Siam–
conc. (b) FC-Siam-diff. (c) UNet. (d) SCDNet. (e) ChangeNet. (f) DSIFN.
(g) CLNet. (h) DESSN. (i) BIT. (j) ChangeFormer. (k) ICIFNet. (l) DMINet.
(m) Our AERNet.

2) Qualitative Evaluation: Compared with other methods,
AERNet’s detection results (shown in Fig. 9) are the most
visually similar to the ground-truth labels. AERNet produces
complete and smoother building edges, resulting in fewer
errors and omissions, and less adhesion between buildings.
In addition, AERNet is capable of identifying changed build-
ings that were missed in the ground-truth labels, as highlighted
by the red box in (I), and it shows great detection performance
for small buildings [red box in (II)]. In addition, AERNet
detects large buildings (III) with regular edges and no hollow
leakage. DMINet has excellent quantitative and qualitative per-
formance, and its detection results are the closest to AERNet
among the compared methods. The high recall and average
precision of ChangeNet are due to the fact that its qualitative
results are mostly large adhesions, which often contain the
region to be detected, resulting in a high error detection rate
and a low miss detection rate.

E. Experiments on the LEVIR-CD Dataset

1) Quantitative Evaluation: As shown in Table III, AERNet
achieves the highest F1, 1 IoU, and mIoU among all the
evaluation metrics, with improvements of 0.79%, 1.31%, and
0.69%, respectively, compared with the best-performing com-
peting method. It is worth noting that the LEVIR-CD dataset
has higher quality samples, which results in considerably
better performance for all the models. Despite this, AERNet
still outperforms the SOTA models: BIT, ChangeFormer, and
DMINet.

2) Qualitative Evaluation: Fig. 10 visualizes the three
pairs of qualitative results from various methods. Visually,
AERNet produces clear segmentation of the change region
with few boundary adhesions, suppressing pseudochange and
effectively avoiding the false identification of grasses [red box
in (I)]. In addition, AERNet presents a strong performance

TABLE III
QUANTITATIVE RESULTS ON THE LEVIR-CD DATASET

Fig. 10. Visual comparison of results on the LEVIR-CD dataset. (a) FC-Si-
am-conc. (b) FC-Siam-diff. (c) UNet. (d) SCDNet. (e) ChangeNet. (f) DSIFN.
(g) CLNet. (h) DESSN. (i) BIT. (j) ChangeFormer. (k) ICIFNet. (l) DMINet.
(m) Our AERNet.

in identifying very small change buildings [red box in (II)].
From the last pairs (III), mainly showing large irregular and
complex buildings, AERNet can produce complete boundaries,
which visually most closely matches the labels. While BIT,
ChangeFormer, ICIFNet, and DMINet show promising results
in detecting small buildings, their ability to detect large
buildings falls behind that of AERNet, which explains why
AERNet outperforms these methods in terms of evaluation
metrics.

F. Experiments on HRCUS-CD Dataset

1) Quantitative Evaluation: As displayed in Table IV,
AERNet achieves improvements of 7.0%, 8.78%, and 4.5%
on F1, 1 IoU, and mIoU, respectively, compared with the
metrics in the best-performing competing method. Note that
the improvements from these three metrics are significant, with
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TABLE IV
QUANTITATIVE RESULTS ON THE HRCUS-CD DATASET

TABLE V
QUANTITATIVE COMPARISON OF DIFFERENT METHODS WITHOUT/WITH

SWBCE. [*REPRESENTS THE USE OF THE SWBCE LOSS FUNCTION,
ALL THE SCORES ARE DESCRIBED IN PERCENTAGE (%)]

two of them improving by more than 7%. In our developed
HRCUS-CD dataset, AERNet demonstrates superior perfor-
mance compared with other competing methods.

2) Qualitative Evaluation: The HRCUS-CD dataset is a
challenging benchmark due to the complex environment sur-
rounding the buildings. This is evident in Fig. 11, which
presents three examples. In (I), AERNet achieves high accu-
racy in recognizing buildings in a complex surrounding sce-
nario, with lower error and miss detection rates. In (II), urban
villages with extremely complex environments are shown, and
AERNet produces detection results that are visually similar
to the labels. The last pair (III) contains uniformly colored
factories with different sizes, as shown in the red box. Notably,
competing methods fail to detect changes in small buildings or
detect incomplete changes in large buildings. In comparison,
the proposed AERNet mitigates these issues, as evidenced by
the produced regular and complete boundaries.

G. Ablation Study of AERNet

1) Effect of the SWBCE Loss Function: To assess the
effectiveness and generality of the SWBCE loss function, we

Fig. 11. Visual comparison of results on the HRCUS-CD dataset. (a) FC-Si-
am-conc. (b) FC-Siam-diff. (c) UNet. (d) SCDNet. (e) ChangeNet. (f) DSIFN.
(g) CLNet. (h) DESSN. (i) BIT. (j) ChangeFormer. (k) ICIFNet. (l) DMINet.
(m) Our AERNet.

Fig. 12. Selected examples that demonstrate the impact of the SWBCE loss
function on baseline. (a) Feature maps without SWBCE. (b) Detection results
without SWBCE. (c) Feature maps with SWBCE. (d) Detection results with
SWBCE.

conducted ablation study, including baseline (without any
modules added), AERNet (with all the modules added), and
three competing methods (DSIFN [38], CLNet [55], and
DESSN [56]) using the BCE loss function. Table V shows
the experimental results evaluated by F1, 1 IoU, and mIoU.
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Fig. 13. Visual comparison of the impact of SWBCE loss function on the performance of three competing methods on three datasets. (a) GDSCD.
(b) LEVIR-CD. (c) HRCUS-CD.

We observe that with the SWBCE loss function, the per-
formance of both baseline and AERNet is improved, and
this improvement is more pronounced on the fully structured
AERNet. Moreover, DSIFN, CLNet, and DESSN showed
improvements in their detection performance to varying
degrees when using the SWBCE loss function.

Fig. 12 shows the visual feature maps and detection results
without and with the SWBCE loss function, where the visual
feature maps are from the output of the last layer of transposed
convolution in CDN-4. It can be seen that the network pays
significantly more attention to the changing building and
its surrounding area and is more sensitive to changes. And
the network positive detection rate is effectively increased,
and the identified change subjects are more complete after
using the SWBCE loss function on baseline, especially on the
HRCUS-CD dataset. This demonstrates that the SWBCE loss
function can improve the class imbalance and contribute to
network performance optimization.

Fig. 13 visually demonstrates that three competing methods
using the SWBCE loss function resulted in more complete
detection of change regions, with fewer false detections and
missed detections, leading to better overall detection results.
Our experiments confirm the effectiveness and generosity of
the SWBCE loss function, demonstrating that it can lead
to improved performance in various methods. This further
validates the importance of addressing the category imbalance
problem and confirms that mitigating this problem can enhance
the feature extraction capabilities of the network.

2) Ablation Study for Network Modules: To assess the
effectiveness of GCFAM, ADB, ERM, and DS in AERNet,
we conduct experiments where SWBCE is the loss function.
From Table VI, we note that the main accuracy metrics
show a generally increasing trend when modules are added.
In addition, we note that the LEVIR-CD dataset’s growing
trend is unnoticeable. We believe that the LEVIR-CD dataset
is easier to fit, and therefore the modules have limited effect
on the overall improvement. For the GDSCD dataset with a

TABLE VI
QUANTITATIVE PERFORMANCE COMPARISON OF ABLATION

EXPERIMENTAL RESULTS ON DIFFERENT DATASETS

small data volume and the HRCUS-CD dataset with complex
imaging environments, our model components are clearly
proven to benefit the improvement of BCD performance, the
robustness of the model, and the generalization ability. The
experiments on the three datasets prove that the modules we
designed or used are effective.

H. Comparison of Efficiency

In the efficiency comparison, we use the number of param-
eters (Params) and floating-point operations (FLOPs) to assess
the efficiency of various methods. The size of the images
used for efficiency comparison is 256 × 256 pixels. The
FLOPs for each method are represented as the mean value
needed to process a pair of images, while Params are constant.
Table VII reveals the first two networks, with smaller Params
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TABLE VII
EFFICIENCY COMPARISON OF DIFFERENT METHODS

and FLOPs, but they exhibit the general CD capability, mainly
due to the reduced number of channels in their decoder
components. ChangeNet has the largest Params (47.20 M),
while DSIFN has 35.73 M Params and the second-largest
FLOPs (82.26G) after ChangeFormer, which has 41.03 M
Params and the largest FLOPs (202.79G). CLNet has lower
Params and FLOPs, while DESSN has achieved a certain
balance in Params and FLOPs. BIT shows good detection
performance with lower Params and FLOPs. ICIFNet has
moderate Params and FLOPs and good robustness; DMINet
has lower Params and FLOPs and good detection performance.
Although AERNet has slightly higher Params, its FLOPs
are lower, only 12.82G, which is similar to BIT and much
lower than ChangeFormer. Furthermore, AERNet has the best
CD performance with good robustness and generalization
compared with other methods, indicating that it achieves a
great balance in terms of Params, FLOPs, and performance.

V. CONCLUSION

In this article, we propose an AERNet for BCD, which
consists of WFEN and CDN. AERNet uses the GCFAM to
aggregate the extracted multilayer contextual information and
enhance the relationship between global features. We introduce
a lightweight ADB guided by ECA; it enhances the focus
on pixels of interest and the ability to discriminate between
change features in both the channel and spatial dimensions.
The ERM is used to improve the network’s ability to sense
and refine the changing edges of buildings. To better guide
the learning process of the network, we combine the newly
designed SWBCE loss function with the DS strategy to both
alleviate sample category imbalance and optimize capacity of
the network to fit features.

What is more, the experiments on GDSCD, LEVIR-CD,
and our newly developed HRCUS-CD datasets show that
the proposed AERNet outperforms other SOTA methods,
demonstrating strong robustness and superior generalization
performance. The results of ablation studies show that the
model components we use or design are effective for AERNet,

TABLE VIII
QUANTITATIVE RESULTS ON THE WHU-BUILDING DATASET. (THE BEST

PERFORMANCE IS HIGHLIGHTED IN BOLD, THE SECOND-BEST
PERFORMANCE IS EMPHASIZED BY UNDERLINE)

and the proposed SWBCE loss function has good gener-
alizability. The efficiency comparison shows that AERNet
achieves optimal performance while achieving a great balance
between Params and FLOPs. Future research will focus on
weakly supervised semantic CD methods.

APPENDIX

To further validate the detection performance of the
AERNet, we conducted a comparison test on the WHU-
building dataset [37], which has a resolution of 0.2 m. The
images in the WHU-building dataset are cropped to a size of
256 × 256 pixels. The dataset consists of 5946 training pairs,
744 validation pairs, and 744 testing pairs, with a ratio of 8:1:1.

A. Quantitative Evaluation

According to Table VIII, AERNet outperforms all other
methods in all the evaluation metrics, with F1, 1 IoU, and
mIoU improving by 1.53%, 2.55%, and 1.34%, respectively,
compared with the best-performing competing methods. BIT
and ChangeFormer perform averagely, and the best-performing
competitive method is DSIFN, followed by ICIFNet and
DMINet.

B. Qualitative Evaluation

Fig. 14 illustrates the qualitative results of the investigated
methods. Visually, AERNet achieves the highest completeness
of detection results, the lowest void miss detection rate, and
best matches the real change results, indicating that AERNet
is able to effectively extract global information and maximize
the identification of global change features. In particular,
for a building with very similar ground color (I), AERNet
is able to suppress pseudochange and identify the change
area completely. For a dense small building (II), AERNet
produces results with clear edges and complete main body,
with an extremely low false detection rate. For the changing
building (III) with a complex background (vehicles, roads,
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Fig. 14. Visual comparison of results on the WHU-building dataset.
(a) FC-Siam-conc. (b) FC-Siam-diff. (c) UNet. (d) SCDNet. (e) ChangeNet.
(f) DSIFN. (g) CLNet. (h) DESSN. (i) BIT. (j) ChangeFormer. (k) ICIFNet.
(l) DMINet. (m) Our AERNet.

and shadows), AERNet achieves a complete segmentation
result, effectively filtering out the interference of irrelevant
factors. These results demonstrate that AERNet has superior
generalization performance and robustness, even in the face of
higher resolution images.
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