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Abstract—Training deep learning-based change detection (CD)
models heavily relies on large labeled datasets. However, it
is time-consuming and labor-intensive to collect large-scale bi-
temporal images that contain building change, due to both
its rarity and sparsity. Contemporary methods to tackle the
data insufficiency mainly focus on transformation-based global
image augmentation and cost-sensitive algorithms. In this paper,
we propose a novel data-level solution, namely Instance-level
change Augmentation (IAug), to generate bi-temporal images
that contain changes involving plenty and diverse buildings by
leveraging generative adversarial training. The key of IAug is to
blend synthesized building instances onto appropriate positions
of one of the bi-temporal images. To achieve this, a building
generator is employed to produce realistic building images that
are consistent with the given layouts. Diverse styles are later
transferred onto the generated images. We further propose
context-aware blending for a realistic composite of the building
and the background. We augment the existing CD datasets and
also design a simple yet effective CD model - CDNet. Our method
(CDNet + IAug) has achieved state-of-the-art results in two
building CD datasets (LEVIR-CD and WHU-CD). Interestingly,
we achieve comparable results with only 20% of the training
data as the current state-of-the-art methods using 100% data.
Extensive experiments have validated the effectiveness of the
proposed IAug. Our augmented dataset has a lower risk of class
imbalance than the original one. Conventional learning on the
synthesized dataset outperforms several popular cost-sensitive
algorithms on the original dataset. Our code and data will be
made publicly available.

Index Terms—High-resolution optical remote sensing image,
Convolutional neural networks, Building change detection, Ad-
versial instance augmentation, Synthetic data.

I. INTRODUCTION

HANGE detection (CD) based on remote sensing (RS)

images is the process of identifying differences in RS
images at different times in the same geographical location
[1]]. Nowadays, the availability of very high-resolution (VHR)
satellite data (e.g., WorldView-3, QuickBird, and Gaofen-
2) and aerial data is opening up new avenues for urban
monitoring at a fine scale. Specifically, the detailed spatial
information provided by the VHR optical RS images makes
it possible to detect small objects, such as buildings at the
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instance level. Identifying the change of buildings has a wide
range of applications in urban planning [2], illegal construc-
tion detection [3], and disaster assessment [4]]. Information
extraction based on RS images is still mainly based on manual
visual interpretation. Automatic building CD technology can
reduce considerable labor costs and time consumption, which
has raised increasing attention [2} 5H9].

Supervised deep learning techniques have achieved great
success in information extraction on RS images due to its
powerful ability to learn high-level feature representation [10—
13]] The prosperity of deep learning technology is inseparable
from large labeled datasets. Unfortunately, in the remote
sensing image building CD task, it is hard to collect effective
bi-temporal images because of the rarity and sparsity of the
positive class (see Fig. [1] (left)). Annotating a large-scale CD
dataset is also time-consuming and labor-intensive. Existing
building CD datasets [6} [14] usually only cover very small
regions and limited image conditions. A deep learning-based
CD model lacks sufficient generalization ability to be appli-
cable to new RS images that contain building objects of dif-
ferent appearances or that are obtained from different imaging
conditions, if not preparing new training data through heavy
work. Especially, when only a small amount of training data
available, the CD model is prone to overfitting or presenting
poor performance on the change category. Therefore, it is of
great value to develop an automated method to synthesize new
change detection data that contains plenty of target changes.

Contemporary methods to improve the generalization ability
of the CD model under a small data regime are mainly fo-
cusing on transformation-based image augmentation (e.g., flip
and rotation) [6]], transferring a pre-training model (e.g., from
ImageNet) [15]], or adjusting the optimization objectives (e.g.,
the weighted loss) [16H18]]. Different from existing methods,
we propose a novel data-level solution to improve building
CD performance. Our synthesis method, namely Instance-level
change Augmentation (IAug), can generate new CD data that
contains changes involving spatially densely distributed and
color-diverse buildings by leveraging generative adversarial
training and image blending. For ease of implementation,
we augment the samples from the existing CD dataset with
synthesized building targets. To this end, we aim to synthesize
effective and realistic CD samples (see Fig. [l| (right)) by
making full use of existing bi-temporal images and building
targets. The motivation of our method lies in two aspects:

Firstly, the building change in the real scene is usually rarely
and sparsely distributed. Conventional learning algorithms on
such an imbalanced dataset including rare classes may bias
towards dominant classes while exhibiting poor performance



Fig. 1. An example of a CD sample in the LEVIR-CD data$ét [6]. (Left) An original CD sample. (Right) The synthesized CD sample using our instance

augmentation method.

in minority classes. Superimposing more changed targets into
the image can increase the number of the positive class, and
reduce the risk of class imbalance.

Secondly, the redundant information in the no-change areas
(e.g., bare land, grassland) may bring limited gain to the
performance of a CD model. We could blend building targets
of diverse patterns on these areas to further enhance the
discrimination power of the CD model.

The key idea of |Aug is to blend the external building
instance onto an appropriate position of one of the bi-temporal
images. In the framework of IAug, there are two main com-
ponents: building object generation and CD sample synthesis.
The procedure of IAug is demonstrated in Fig. 2 (top).

The rst stage is to generate building targets. We propose
a building synthesis approach for controllable shape and
appearance. Firstly, a semantic building generator is employed
to generate realistic images conditioned on the input semantic
layouts. The GAN-generated images are semantically aligned
with the input labels. Then, a color transfer method is proposed
to control the style of the generated building image. Through
the transfer process, we could generate images with more

ciently synthesize new CD samples that contain changes
involving plenty and diverse buildings. We augment the

existing CD dataset by leveraging generative adversarial
training and image blending. Our synthesized dataset can
also reduce the risk of class imbalance.

We propose a building synthesis method towards con-
trollable shape and style. As far as we know, we are

the rst to use GAN-based synthesized image data to
manipulate the CD samples in a controllable manner.
Furthermore, our context-aware instance augmentation
could synthesize realistic and effective CD samples.

We have reproduced several state-of-the-art (SOTA) CD
methods on both the LEVIR-CD and WHU-CD datasets,

and our method (IAug + CDNet) obtains the best results.

Our method achieves comparable results with only 20%
of the training data as the current SOTA methods using
100% data.

Il. RELATED WORK

diverse styles. In the second stage, we blend the generq&edBu“ding Change Detection Methods

building instances on each sample in the existing building

CD dataset to synthesize new samples. Context informationggme progress has been made in building change detection
(e.g., shadow) is an important clue for building detection [19gr high-resolution optical RS images.
Therefore, we propose a context-aware approach, i.e., extragyany early attempts extract handcrafted features that con-
the context surrounding a building and then utilize it for realigz;n gpatial/contexture information of buildings in the texture-
tic and effective image composition. Furthermore, we emplQyy, images. Spatial features such as gray level co-occurrence
several blending strategies to obtain diverse results, which ¢a8rices 13, 20, 21], wavelets [21], and morphological features
prevent the CD model from over tting one composition mode[z’ 3, 20, 22-24], are employed as a complement of spectral
To inspect the effectiveness of the proposed IAug, we alggatures to suppress false alarms. The morphological building
design a simple yet effective CD network (CDNet), which conpgex (MBI) [25] is widely employed for indicating the
sists of a feature extractor (deep siamese fully convolution@,lesence of buildings. For example, Huang et al. [2] leverage
networks) and change classi er (shallow fully convolutionalsg|, spectral variation, and shape conditions to identify the
networks), as shown in Fig. 2 (bottom). We adopt a |at%uilding change in an unsupervised manner.

fusion difference strategy to fuse the bi-temporal information

' Traditional building CD methods that rely on handcrafted

that is, to difference the high-level bi-temporal features Ratures have limited performance due to insuf cient feature

obtain the feature difference image (FDI). We prefer to empl
"difference” rather than "concatenate” because the "conc
nate” operation introduces asymmetry to the model, which

Wiscrimination. Recently, deep learning techniques, especially
att?éep convolutional neural networks (CNN), which automat-
|£Sally learn hierarchical abstract image representations, have

contrary tq the task of symm_etric CcD (i._e., when swappin_g F'H?een successfully applied in building CD [5, 7, 8, 26, 27].
chronological order of the bi-temporal images, the predictiqy o, giving suf cient training samples, deep learning-based

result remains the same).

methods show superior performance than traditional coun-

The contribution of this work can be summarised as follow§érparts [11]. Our paper falls into the deep learning-based
We propose a synthesis framework, namely IAug, to ef approach.



Fig. 2. lllustration of our proposed method. (Top) Procedure of synthesizing CD samples. (Bottom) Change detection model.

B. Deep learning based remote sensing image change detieenpts [30-32] model the CD task as a similarity detection
tion process by splitting bi-temporal images into many patch-
level pairs and applying a CNN on each pair to obtain its

Here, we provide a brief review of extant DL-based super, . prediction. The Pixel-level approach [5, 6, 8, 18, 33—

;/\/I\/S:?ngia gl?etgﬁ?ss :grr Ssi?]caICFli\l?\llsn}g??bI?Zg;eneral, there ai uses FCNs to directly produce a high-resolution change
9 ) map from the two inputs, which is usually more ef cient

The post-classi cation method [7, 27, 29] has two Stepsé\'nd reliable than the patch-level approach. Existing FCN-

First, a C.NN/FCN 'S trained to §eparatgly (?IaSS|fy the bBased methods for fusing the two temporal information can
temporal images, and then their classication results afe

compared to obtain the change category. For example, Ji e roughly divided into image-level and feature-level. Image-

. ? o ) level fusion [33—35] concatenates the bi-temporal images as a
al. [7] used an FCN for pixel-wise building segmentation, an§ usion [ ] ! b 'mag

. L . .SIngle input to a semantic segmentation network. Feature-level
then fed the two binary building maps into a change detect@n g P g

work to obtain the ch B f " fusion [5, 6, 8, 18, 33, 36—41] fuses the bi-temporal features
network 1o obtain the changeé map. because of requiniyg, , \he middle of neural networks and then make decisions
the semantic labels for both temporal images, this kind Bhsed on the fused features
method is impractical in the condition of only the change Iabela '

available. We conclude that the recent advances in RS CD are mainly
Another approach trains CNNs to directly generate thHecusing on addressing the three issues: 1) enhance feature
change result from the bi-temporal images. Many early aliscrimination power, 2) small labeled data, 3) imbalanced



CD samples. the training phase. For instance, weighted cross-entropy loss

Many recent works aim to improve the feature discrimingd16, 17, 28], weighted dice loss [17] and weighted contrastive
tion power of the neural networks, such as designing multdss [6, 18] have been explored in recent CD works. Liu
level feature fusion structures [5, 6, 8, 36, 38], introducingt al. [8] proposed a weighted focal loss that reshaped the
attention modules [5, 8, 36], and self-attention mechanisoniginal focal loss and added different weights in a non-linear
[6, 41], or combining GAN-based optimization objectiveorm to different classes. Different from existing CD works,
[38, 39, 42, 43]. For instance, Hou et al. [38] introducede leverage the advanced image generation and composition
the GAN loss into CD to model the distribution of the twdechniques to synthesize new samples of the change class. To
input images and the change map such that the CD netwéhie best of our knowledge, we are the rst to blend the GAN-
could generate more desirable results. Reducing the domgénerated targets onto the bi-temporal sample to augment the
discrepancy of the two temporal images in the image-levelmber of instance changes.
can indirectly enhance network discrimination power. Fang et
al. [39] used CycleGAN [44] as a preprocessing method 1. | NSTANCE-LEVEL AUGMENTATION FOR SYNTHESIZING
translate the bi-temporal images into one single domain so CHANGE DETECTION SAMPLES
that the irrelevant appearance differences can be reduced a
the real change can be highlighted.

To solve the small labeled data issue, transfer learning [
28], semi-supervised learning [45, 46] and active learning [4
have been adopted in recent work. We will latter discuss tlg
class imbalance of CD in Section II-C.

The main purpose of our paper is to explore synthesizing _
data for enhancing the CD performance. Moreover, we desifn Overview
a simple yet effective symmetric siamese FCN for CD as our The real-world RS building CD task exhibits an imbalance
change detection network. We argue that symmetric structumeclass distribution, wherein the number of the no-change
is important for binary CD, which has rarely been discussed ¢fass is much more than that of change. It is time-consuming
recent work (see Sec. V). The most similar CD work to us isnd laborious to collect large amounts of bi-temporal images
[31]. They used the DIRSIG [48] generated imagery to traintdat contain changes of buildings. We present an automated
patch-level CD network. The DIRSIG simulation environmergynthesis method to effectively synthesize ef cient CD data
could generate imagery from a constructed 3D scene mog@ieked on the existing CD dataset by leveraging additional
and illumination condition. However, constructing 3D scenesuilding targets with semantic segmentation labels. We term
are so time-consuming and laborious that it is dif cult twur synthesis method as instance-level change augmentation
scale to large scenes. Also, there still remains a domgimug). Our synthesizing procedure has two main steps:
gap between the generated images and real-world imageg) object image generation We train a semantic building
Different from previous works, we synthesize the instance = generator to generate an object image of controllable
changes by leveraging the advanced GAN techniques. And We shape and size by specifying the input semantic mask.
blend the generated instances onto the real CD samples. Our Then we transform the style of the generated image by
approach has many advantages: 1) generate realistic composite matching its color distribution to that of a random style
CD samples, 2) able to control the number and shape of jmage. In this way, we can obtain collections of generated
changed instances, 3) easy to scale to a large dataset, 4) gpject/mask pairs. For more details see Section I11-B.
alleviate the small labeled data and class imbalance issues.2y cp sample synthesisFor each sample from the original

CD dataset, we sequentially blend (with multiple modes)
C. Class imbalance in change detection a certain number of object instances (with context) on
) ) o any appropriate positions (via position sampling) of any

The class |rr_1bal_ance phenomenon m_rer_note sensing image ;oo of the bi-temporal images. More details of our

change detection is severe due to the intrinsic low-frequency position sampling, context-aware blending, and multiple

of change in the real-world. The targets of interest usually only composition modes are later discussed in Section I1I-C.
occupy a much smaller number of pixels than the background

[49]. In other words, the number of pixels that belong to ) .
the change class is much less than that of no-change. Na&eObject Image Generation
machine learning algorithms on such imbalanced data have d) Semantic Building Generatorinstead of directly using
bias toward the no-change class and tend to ignore the chatige cropped object images from the building segmentation
class. Many studies [6, 8, 16, 17, 17, 18, 28, 50] have bedataset for image composition, we train a conditional gen-
performed to solve the class imbalance on the CD task. erative adversarial network (GAN) on the collected object
One type of method is to over-sample the change exampeEsnples to generate building images. Our GAN-based gen-
such that the same number of positive and negative sampdeation approach has two main advantages: 1) accurate object
are selected for training the learner [50]. A more common wagask. As shown in Fig. 3, the object mask from the original
is to use weighted losses of different versions for enforcirmuilding labeling dataset is not accurately aligned with the
the learner paying more attention to the change examplesbinlding roof. The object cropped by the incorrect mask may

nl% this section, we rstly give an overview of the procedure
for synthesizing CD data, then introduce a semantic object
nthesis method towards controllable shape and appearance.
stly, we present context-aware instance augmentation to
?/nthesize CD samples.



forms it into a photorealistic image in a progressive manner

via seven SPADE Resblks [53]. We add a noise inserting layer

before each SPADE Resblk. To achieve this, we generate seven
single-channel images consisting of uncorrelated Gaussian
noise. These noise images are fed into each noise inserting
layer respectively. In a noise inserting layer, the noise image

is broadcasted to feature maps using learnable per-channel
scaling factorsA, then the generated noise maps are added

to the original feature maps. Except for the last Resblk, an

upsampling layer via bilinear interpolation is added after each

Resblk. Therefore, our generator has six upsampling layers
in total. At rst, the input semantic mask is downsampled to

Fig. 3. Comparison of semantic consistency between the original image eﬁlg64 w=64fromh w. then pass through the generator to
the generated image. (Top) Some selected misaligned labels/wrong labels in ’

the Inria dataset [51]. (Bottom) GAN-generated images. Our generated objek{PUt @ synthesized image of size w.
are well aligned with the label. (Green denotes the object mask and red denote¥he architecture of our discriminatdd follows the one

the outline of the building) used in the GauGAN [53]. It takes the concatenation of the

semantic label map and the image as input.
Given a training set including pairs of corresponding images

f(si;Xi)g, wheres; is a semantic label map and; is a
corresponding real image, our conditional GAN learns to
generate new data with the same statistics as the real images
conditioned on the input semantic label maps via the following
minimax game:

min maxL can (G; D); 1)
where we employ a hinge loss as our GAN loss:

LGAN = E(s;x) Pdata (S;X)[maX(O; 1 D(S; X))]
Fig. 4. Architecture of our building generator. + Es paua (s)[Max(0; 1+ D(s; G(s)))]:

)

To further improve the performance, we employ the discrim-
bring in a negative impact on the CD model. On the contrafftor feature maiching lossg [52] and the perceptual loss
[56]. Therefore, our full objective function is the weighted

our approach could generate the object well aligned with t X
semantic mask. 2) controllable geometry characteristics. THWT Of the GAN loss, feature matching loss, and perceptual

building object in different datasets may have different georl2SS: Which is given by:

etry characteristics (shape and size) due to both the variance L =min maxLgan (G;D)
of buildings across different regions and the difference in ¢ D _ . 3)
camera conditions. To generate objects with similar geometry + FLe(GD)+ pLp(G;D);

characteristics as in the target CD dataset, we could feed {iigere ; p control the importance of the three terms. We
generator the semantic mask cropped from the target datassffow Pix2PixHD [52] to set r = 10; p = 10.

Semantic image synthesis refers to the task of generatingMe use Adam solver with; = 0; » = 0:9 to train our
realistic images conditioning on the input semantic layout [5generator for 100 epochs. The initial learning rat@of10 *
53]. In our setting, we aim to generate a photorealistic imaggused for the generator and discriminator. We keep the same
given a semantic label map, which has two classes: buildifgarning rate for the rst 50 epochs and linearly decay it to O
and others. over the remaining 50 epochs.

Here, we present our building generator, which is based2) Object Style Transfer:We observe that the GAN-
on a SOTA conditional GAN (GauGAN [53]). GauGAN is agenerated building images have a different appearance (i.e.,
generator network composed of several SPADE residual bloakslor distribution) from those in the building CD dataset.
(Resblks) with upsampling. The semantic layout is fed intBormally, let sourceS be a set of GAN-generated images,
each block to better preserve semantic information through thed targefl be a set of building images from the original CD
whole depth of the generator. We make a little modi catiomlataset. In other words, there exists a domain shift between
on the original GauGAN to produce more diverse and high& and T. Unpaired image-to-image translation methods, such
quality synthesis results. Concretely, we introduce explicils CycleGAN [44] could be utilized to Il in the domain
learnable noises into each stage of generation. Previous wagk®. However, in our setting, we do not have enough object
[54, 55] have shown that adding such noise could improve teamples from the original CD dataset to train CycleGAN.
quality of synthesized images. Therefore, we resort to a simple yet effective non-learning

Fig. 4 illustrates the architecture of our building generat@pproach to match the color distribution of the two image
G, which starts from a downsampled semantic mask, trarsets. We transfer the style of a random reference image onto



Fig. 6. An example of composite images to illustrate the importance of
context. Superimpose the building target (a) onto the image (b) with different
modes to obtain the image composition: no context (c), shadow (d), and
shadow + neighborhood (e).

Fig. 5. Examples of color transfer. The color of the target image is transferred
to the source image. The target images are cropped from the LEVIR-CD
dataset [6] and the source images are generated by our building generator.

the object image. By doing so, we can obtain various styIE@- 7. Cqmparison of diﬁerent image co_mposition modes. (a) Direct paste.
. L . . E)bi) Gaussian blending. (c) Poisson blending.

of transformed images, whose distribution is closer to that

the target domain. Fig. 5 illustrates some selected examples

of object style transfer. object recognition. For realistic and effective image com-

To achieve this, we employ a color transfer (CT) method  position, we cut the building area as well as its nearby
[57] which can change one image's color characteristics to ac- context (i.e., shadow and neighborhood pixels) from the
cord with another in the three-dimension color space directly. object image. We display an example of the composition

Considering an image as a set of points in the RGB space, we results in Fig. 6 to show the importance of the context
can tthis cluster using a 3-dimensional Gaussian distribution.  information for realistic image synthesis. Our shadow

The key of this method is to calculate a transformation matrix, extraction algorithm is given in Section I1I-C1. More con-
which moves data points of the source cluster by scaling, text information (neighborhood pixels) could be obtained
rotation, and translating, such that the transformed cluster has py the subtraction between the dilated object mask and
the same mean and covariance as the target one. the original object mask.

We make a little modi cation on the original CT method Position Sampling A naive method is to uniformly
towards a more faith color transfer in the building areas. Our sample a position in the image for inserting the object.
hypothesis is that the pixels that belong to the same kind of 14 av0id inserting the object overlapped with the existing
category in one image follow the Gaussian distribution. The object in the image, we use a reference magkto
no_n—building areas in the image may gontain various kinFis of guide the sampling process. The reference mask records
objects (e.g., shadow, tree, grass, soil, and road), and it may he greas of existing objects. We use rejection sampling
not be suitable to describe all the pixels in these areas with a [58] to avoid sampling the positions within the object
single Gaussian distribution. Therefore, we use the pixels that 5eas The reference mask is updated after a new object
belong to the building area, instead of all the pixels in the jnsertion. The initial reference mask is the union of two
image, to calculate the transformation matrix. Then we apply temporal label maps. The label map can be generated
this matrix to translate the source images. Because we have by feeding the original background image to a semantic
the semantic masks that indicate the building category for both segmentation model (UNet) [59], which has been trained
the source image and the target image, it is easy to implement "5 building segmentation dataset.
this idea. Please note that although the non-building area in Image Composition We utilize three different image
the transformed image may present an unnatural appearance composition methods to prevent the CD model from
due to the calculated transform matrix may not be suitable overtting one composition mode. Fig. 7 shows the

for objects of all kinds, its impact can be reduced by context composition results of different image blending methods.

extraction and image blending in the follow-up process. . .
To sum up, we give the overall process of synthesizing CD
_ samples. First, for each sample (bi-temporal imaBesB,
C. CD Sample Synthesis a change mask) in the CD dataseb, we randomly sample
Here, we present context-aware instance-level augmentatjprobjects from the generated building object datd3gfect -
to synthesize CD samples. Our synthesis method has thm@fen we extract the mask with contedt. for each object
main steps: imagel . Rejection sampling is used to sample an appropriate
Object Context Extraction. The mere presence of theposition from the reference madR, such that the inserted
context surrounding the building is a critical cue foobject is not overlapped with existing objects. Finally, each



object is superimposed on an image of either temporal. Here, Brightness. The brightness of a shadow area is usually
we use three different blending modes to obtain three groups smaller than that in other areas due to its low spectral
of augmented samples. Details of Instance-level augmentation re ectance. Most shadow regions could be extracted by
for CD sample synthesis are shown in Algorithm 1.

Algorithm 1: Instance-level Augmentation for CD
Sample Synthesis.

1
2
3
4

© 0 N o O

11
12
13
14
15
16
17
18
19
20

21
22
23
24
25

26
27
28
29
30

Input: Dopject = f(I1¥;MK)jk=1: Kg (a set of
building samples with a size df )

Input: N (the number of instances to blend on each
CD sample)

Input: D = f(B};B.;LI)jj =1: Jg (the original CD
training set with a size od)

Input: R = f(RIjj =1: Jg (the referenced label set
with a size ofJ)

Output: Dayg (augmented CD training set)

Initialize Dayg
/I iterate each sample D
for j in1:J do
/I perform image composition for each blending
mode
for mode inf 'Direct’, ‘Gaussian’, 'Poissong do
B1;B; LR BJ;BL LRI
I/l random sample N instances froDypject
for i in1:N do
sample(l LM i) D object
M{ ShadowExtract(;M')
M. dilation(M )
/I sample either image from two temporals
sampleB; f Bi;B,g
/I sample an effective position from R
while True do
h;w sizeof (M)
H;W  sizeof (R)
samplex  Uniform(O;H  h)
sampley  Uniform(O;W  w)
if M\ R[x:x+ h;y:y+ w]is None
then
| break
end
end
/I blend the object an®., update L, R
Be[x:x+ hjy:y+ w]
ImageComposit&;[x : X + h;y:
y+ wl; 1", M mode)
Lx:x+hy:y+w] M!
Rx:x+hy:y+w] M.

end
Daug Daug [ (Bl;BZ;L)

end

31 end

pre-de ned thresholding.

Location. The shadow is usually near a building structure.
We could exclude the dark pixels that are far away from
the building or is inside the building region. Moreover,
a building instance has at least four sides. We observe
that in most images more than two sides of the building
cast shadows and the centroid of the shadow structure is
in the building region. We could use these properties to
choose the real shadow area from candidate areas.

Smoothness. The shadow is usually continuous and con-
tains no holes.

Based on the above recognition, we propose a simple yet
effective method to extract the shadow structure surrounding
the building. Given an object imade and its maskM , we
want to obtain the mask with shaddws. Here, we give the
three main steps to obtaM s.

Thresholding. We segment froma group of dark pixels,
each of whose average intensity is below a pre-de ned
thresholdt.

False alarm removal. We use a morphological dilation
operation to obtain the region surrounding a building
structure. Mg = M E M, whereM. denotes the
region surrounding the building, the structuring element
E has a size o€ e. We could adjust the to control the
expanding size. We remove the dark pixels that do not
belong to this region. Then we obtain all the connected
components in this region as candidate shadow areas.
For each candidate shadow, if its centroid is in the
building area, we assign this component as a shadow area,
otherwise remove it.

Hole lling. We |l the holes in the remaining shadow
areas to give the nal shadow mask. We merge the
shadow mask wittM to getMs.

Fig. 8 shows some selected examples of shadow extraction.
We can observe that the presence of the shadow area of the
building makes the building image more realistic.

2) Image Compostioniet | be an object imageM. be
its mask with contextBpach be a cropped patch from the
background image, an@ be the composite image. Here, we
give three methods to calcula@

Direct paste. The masked object is directly placed on the
selected position in the background image. The composite
image can be calculated by an alpha blendidgs M

I +(1 M¢) Bpatch -

Gaussian blending. Similarly, we use alpha blending to
composite images. The difference is that we blur the ob-
ject mask by a Gaussian Iter to alleviate the composition

artifact.

1) Shadow Extraction:Based on the observation of the Poisson blending. We use Poisson blending [60] to make
generated object image, we conclude that the shadow area has a composition that looks seamless and natural. Note that
three important attributes, in terms of brightness, shape, and the color of the object may be adjusted to make it

location.

harmonious with the background.



Fig. 9. lllustration of different neural networks architectures for merging the
bi-temporal information. (a) Early fusion. (b) Late fusion.

Fig. 8. Examples of shadow extraction results. (Top) building imageg€tection result remains the same if we shufe the order of
(Middle) building targets. (Bottom) building targets with shadows. the input two images. To facilitate network learning, instead of
forcing the networks to learn the 'symmetric characteristics',
we directly design a symmetric CD network that naturally
has this property. Our symmetric change detection structure
In this section, we elaborate on the proposed model fgf jnvariant to the order change of the two input patches.
building change detection. First, we will introduce the overattg simplify the explanation, we note the Concat operation as
architecture of the model, and then explain its detailed implg(;y], and the Sub operation @ yj, wherex;y are two

IV. CHANGE DETECTION NEURAL NETWORK

mentation. different scalars. Then we hafe y] 6 [y;x],jx yj=jy Xj.
Therefore, we prefer the Sub operation to the Concat oper-
A. Model ation. Directly performing Sub operation in the raw-image

e3pace may induce many false alarms and lose much signi cant

Given two registered images captured at different tim ¢ tion. due to the radi tic diff bet the bi
our goal is to obtain a pixel-level binary mask where eadffformation, due fo the radiometric diflerence between the b-
mporal images caused by variations in imaging conditions

location indicates a change category (building change or nat). . L2 ;
To extract the change information, we employ Deep Ful e.g., illumination). Therefore, we adopt the late-fusion mode
’ instead of the early-fusion mode.

Convolutional Networks (DFCN), which could learn comple ™ : cD ks (CDNet) is ill d
image representations with multiple levels of abstraction. ' ''° strubcture N ourh netwlor_s I( et)l IS |_us|tr|ate|
Building a DFCN that can predict a pixel-level change madR F19- 2 (bottom). We have a relatively complex pixel-leve

for a given image pair is straightforward: the network mu%&nage feature extractor (deep FCN).that happens in parallel
feed the two input images through several convolutional laye ar both patches, and a distance metric to calculate the Feature

and generates an output map where each location assigrB'fgf’lre_nC‘Ie Im.agels (FIDI) petweﬁnéhe t\l/:voNpatchhes, follpwedhby
possibility to each of the change categories. a relatively simple classi er (shadow FCN) that receives the

\/!/:(PI as input to give the change probability maps. We wish

Note that the change detection network must handle t | ic f bedding f hi el
input image patches. It is important to discuss when and hd,'éarn a semantic feature embedding for each image pixel,

to merge the information of the two patches. We split this iss&é'Ch that sgmanthally similar pixels are cIo;e to each oth_er,
into two parts: "when to merge” and "how to merge” nwherfNd semantically different ones are far apart in the embedding

to merge” cares about in which stage to merge the informatigRace- In this way, the distance between the bi-temporal pixels
of the two input patches. For this part, we introduce tHD the embedding space indicates semantic change information.

early-fusion mode and the late-fusion mode, as shown |hen. the change information could be easily detected from

Fig. 9. In the early-fusion mode, the two input patches aFBe FDI by_a sim.ple classi er. _ )
merged before fed into DCNN. While in the late-fusion mode HLe\tN I 3 _| (I}*'I%A)/ Ee a bi-temporal image pairf _
the two patches are rst fed to DCNN to generate hight, , . SH W 2 bt;et:]zecflgztslijreer %Lr:gg'rvsr%ré

level image representations and then merged in the featﬁe_ ) ) X
space. "how to merge” the information of the two patches F9€ image height and width respectively, abds the channel

critical for the consequent change decision process. Here, QUension of the image embedding. Given a bi-temporal image
give two operations: Concat and Sub. The Concat operatiBﬂ" I, our change detection networks generate the predicted
iipange probability mapg 2 R W 2, which is given by

concatenates the features (or images) of the two patches, w

preserves all the information of the two patches. While the P= (gD)= (gf (1) f12j): (4)
Sub operation calculates the element-wise absolute distance ’
between the features (or images) of the two patches. where FDID 2 RH W C is the element-wise absolute dis-

In our work, we consider the combination of the late-fusiotance between the two feature maps afij denotes a softmax
mode and the Sub operation. The binary CD task has inh&rnction pixel-wisely operated on the channel dimension of the
ently 'symmetric characteristics', which means that the changeore maps from the output of the classi er.



In the inference phase, the prediction masgk2 R W is
computed by a pixel-wise Argmax operation on the channel
dimension ofP.

In the training phase, let B represents the minibatch size,
where b indexes the bth minibatch. Given input samples
f(1°YP)jb2f1;2;::::Bggin a minibatch, change detection
networks generate the change probability m&pg. We
denote P2, = [PR,,;PR,,] as a length-2 vector for the
pixel located at(h;w) of P°, whereP®, , andPp, , is the
probability of no-change and change, respectively. Ground
truth Y® 2 f 0;1g™" W provide the change category for each
location of thebth sample, where 0 and 1 indicate no-change
and change respectively. The loss function of the change
detection networks is de ned as follows:

L= 1 xR I(PE - YD ). ) Fig. 10. Structure of the feature extractor.
B H w hw s Thw /»
b=1 h=1;w=1
wherel(Pf,;y) = log(Pg,, ) is the cross-entropy loss, angconvolutional layers ([(16, 3 3,1) 2) andal 1
Y2, is the label for the pixel at locatiogh;w) in the bth convolutional layer ([(2, 1 1,1) 1)),

batch.
V. EXPERIMENTAL RESULTS AND ANALYSIS

A. Change Deteciton Datasets
To evaluate the effectiveness of our method, we employ

B. Implement Details

Feature Extractor: Note that we need to obtain a change . o
map with the same size as the input images. To achieve thi Wp VHR_R,S image building CD datasets: LEVIR-CD[6] and
is essential to generate high-resolution semantic feature ma iU Building CD dataset[14]. : -
However, the high-level features in DFCN are accurate in LEVIR-CD . I‘.EVIR'CD. IS a pUbI,'C Iarge_ scale bU|_Id|ng
semantics but coarse in location, while the low-level featur(gs!D da‘Faset, which contains 637_ pairs of bi-temporal Images,
contain ne details but lack semantic information. Therefor(—?,ach slze o024 1024 These images have a 0.5 m s_pat|§1l
we fuse the low-level, ne appearance information, and tH’gSO|UtIOI’1. The dataset has aver 31K c_hanged building in-
high-level, coarse semantic information to balance the inheréi]i?n?es' We fO.HOW the_ default d_ataget Split [6]: 445/64/128 for
tension between semantics and location. Here, we emploi'r%{mn'g/valldatlon./testlng.'ConS|der|ng GPU memory capacity
UNet [59] structure to extract pixel-level image represent mitation, we cut images into small patches of sks6 256

tions. As illustrated in Fig. 10, the networks have an encodé(}’—ith no overlap. Therefore, we obtain 7120/1024/2048 pairs

decoder structure with the same amount of downsampli% patches for training/ya!idation/testing rgspectively. )
and upsampling. The encoder follows the ResNet-18 [61 WHU-CD. WHU Building CD dataset includes one pair

structure that has 5 stages each with downsampling of a strfleoPtical RS images with a size d2507 15354 and

of 2. The decoder also has 5 stages each with upsamplﬂ1875 m spatial resolution. Similar N LEV,IR'CD' We crop
by a factor of 2. Each of the rst 4 stages in the decoddfi@ges into small patches of si266 256 with no overlap.
consists of upsampling the high-level feature maps, followed th|s Wﬁy’ we coI.Iect 7620 pairs oflipatches. ,AS t?]e data
by concatenation with the corresponding low-level featur%rov'der as not given a'dataset spiit suggestion, here we
maps of the same size from the encoder, and two 3 randor_nl_y spht_the_datasej[ into three _parts: 6096/762/762 pairs
convolutions, each followed by a ReLU and a BatchNorm. Tﬁgr training/validation/testing respectively.

con guration of the convolutional layer$ in Conv Blockl,

Decoder Block1-4, Conv Block2 are [(512, 33, 1) 2], B. Synthesis Details

[(256,3 3,1) 2],[(128,3 3,1) 2,64 3 1) Synthesizing Building ObjectsTo train our building
3.1) 2,[B23 3,1) 2][16 3 31) 2 generator, we collect building samples from two public RS
respectively. In this way, we fuse the upsampled high-levg;jiging labeling datasets: Inria building dataset[51] and AIRS
features with the I(_)w-level features to obtain ner semantl(%erim Imagery for Roof Segmentation)[62]. The Inria dataset
feature representations. . . _ consists of 1800 pairs of bi-temporal aerial RGB images, each
Classier: Beneting from the high-resolution and high-sjze of 5000 5000 and spatial resolution of 0.3 m. Inria
level semantic change features extracted by the deep feaitRiains more than 210K building instances. The AIRS dataset
extractor, a very shallow FCN can be employed here f@bntains aerial images covering the area of Christchurch city
change discrimination. The classi er consists of two 33 j; New Zealand (at 7.5 cm resolution, with RGB bands). AIRS
1The con guration of convolution layers is "[(Number of the Filters SizeinC|UdeS more than 230K building instances.
Stride) number of convolution layers]”. The batch normalization (Bi\l) and We collect 27941/69694 training §amp|_es from thes? two
ReLU layers are omitted for simplicity. datasets respectively. Each sample including a semantic map
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TABLE | C. Experimental Setup

SUMMARY OF ALL THE TRAINING DATASETS. N DENOTES THE NUMBER K . f h ith |
OF BUILDING INSTANCES BLENDED ON EACH SAMPLE N=0 REPRESENTS We make a comparison or our method with several state-

THE ORIGINAL TRAINING SET. of-the-art CD methods:
FC-EF [33]: Image-level fusion method, where the bi-

Training data N Imbalanced Ratio . . .
ining ! temporal images are concatenated as a single input to a

Lll_EIi/\I/;QR-I(F:{?5 fs 21%-392 fully convolutional network.

LEVIR_IR10 50 9.80 FC-Siam-Di [33]: Feature-level fusion method, where a
LEVIR_IR5 120 5.36 Siamese FCN is employed to extract multi-level features
WHU-CD 0 2226 and feature difference is used for fusion of the bi-
WHU_IR15 1920 14.67 temporal information.

WHU_IR10 4562 9.85 Qiam. . } ;

WHU IR5 10434 5 36 FC-Siam-Conc [33]: Feature-level fusion method, where

a Siamese FCN is employed to extract multi-level features
and feature concatenation is used to fuse the bi-temporal
information.
DTCDSCN [8]: Multi-scale feature concatenation
method, where a deep siamese FCN is trained using
a weighted focal loss and two additional semantic
segmentation decoders are trained under the supervision
of the label maps of each temporal. We omit the semantic
segmentation decoders for a fair comparison.
STANet [6]: Metric-based siamese FCN based method,
which integrates the spatial-temporal attention mecha-
nism to obtain more discriminative features.

We implement the above CD networks using their public

In the inference phase, the building generator producggdes with default hyperparameters.

building images conditioned on the input semantic label maps,To further verify the effectiveness of the proposed 1Aug,
which are cropped from the label maps of the original Cige make a comparison with some popular cost-sensitive tech-
dataset. Each semantic mask is centered on a building objeg&ues for addressing the class imbalance on the imbalanced
We use masks size d6 16 64 64 to generate building CD dataset. For a fair comparison, all these comparison
images for LEVIR-CD, and use masks size @ 64 methods are based on the same baseline CD network.
256 256 for WHU-CD. To this end, the generated images  cpnet: our baseline CD network is trained on the origi-
haye.5|mllar geometric characteristics as those in the original nal CD training set using conventional cross-entropy loss.
building CD dataset. CDNet (W): Using a weighted cross-entropy loss to

Then, for each GAN-generated image, we randomly choose train the CDNet on the original CD training set. The
a target building image from the CD dataset and perform CT weight assigned to each incorrect example is inversely

and a corresponding image (size 266 256), is cropped
from the provided image/label map in the existing building
dataset. Each sample has a building instance at its center and
contains at least one complete building instance. We train our
building generators on these two training sets respectively. To
match the resolution between the CD dataset and the building
dataset, the building generator trained on the Inria dataset is
for the LEVIR-CD dataset and the one trained on the ARIS
dataset is for the WHU-CD dataset.

to transfer its color information onto the source image. proportional to the number of representatives of that class.
o o CDNet (F): Using the focal loss [64] to train the CDNet
2) Synthsizing CD Training Sample&or the LEVIR-CD on the original CD training set.

datasetN, instances are blended onto either temporal images cpNet (WF): Using a weighted focal loss [8] to train the
(size 0f1024 1024 of each sample from the training set. For  cpNet on the original CD training set.

the WHU-CD dataset, as all the data is one pair of large-size  cpNet (D): Using a dice loss [17] to train the CDNet on
images, we rst blendN; instances onto these images (size of  the original CD training set.

32507 15354 to obtain an augmented image pair, and then  cpNet+lAug: Training the CDNet on our synthesized
we cut it into pairs of small patches (size 266 256) and CD training set using conventional cross-entropy loss.

select the corresponding 6096 pairs as the augmented trainin@)ur models are implemented on a PyTorch deep learning

set. Note that we only augment the training set of the CPamework [65] and trained using a single NVIDIA Tesla

dataset without changing the validation set and the testing %‘71‘00 GPU. In the training phase, the inputs of the CDNet are
Based on the LEVIR-CD and WHU-CD datasets, we conmages 0f256 256 pixels with data augmentation, including
struct several synthesized training sets with different imbalp, rescale, crop, and gaussian blur. The stochastic gradient
ance ratios [63] by using different numbers of augmentetescent (SGD) with momentum is applied for training. The
instances on each CD sample. Here, the imbalance ratio is ihigal learning rate is set to 0.01, the momentum and the
proportion of the number of pixels belong to the no-changeeight decay is set to 0.99 and 0.0005, respectively. "Poly”
class to the number of the change class. The summary of tearning rate policy [66] is used to polynomially decay the
original training sets and corresponding synthesized trainifgarning rate during iteration. The decay coef cient is set to
sets are listed in Table I. Some selected samples from th@s@. After completing training 100 epochs, the learning rate
datasets are shown in Fig. 11. More details on the discussiinops to zero. The batch size is set to 8. After each training
of the hyperparameteéd are given in Section V-G. epoch, the validation data is used to evaluate the performance
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Fig. 11. lllustration of the synthesized samples from several training sets of different imbalanced ratios. (a) LEVIR-CD, (b)IREY]JRc) LEVIR IR10,
(d) LEVIR_IRS, (€) WHU-CD, (f) WHU_IR15, (g) WHU_IR10, (h) WHU_IRS5.

of the model. The best model on the validation set is saveddifferent data amounts, we set a variety of data conditions: 5%,

the nal training result. 20%, and 100%. These percentages represent the proportion
of training data used in each data regime.
D. Evaluation Metrics The overall quantitative results of all the compared methods

the two test sets are listed in Table Il. The results show

To evaluate the proposed approach quantitatively, we use h p hod ; her CD h
F1-score with regard to the change category as the evaluat ﬁ:[l the proposed metho oytper orms ot er approaches
respect to the F1-score in every data regimes on the two

indices. F1-score is calculated by the precision and recall . . . .
tasets. It is worthwhile to mention that our method using

the test. Let TP, FP, FN represent the number of true positive, - .
false positive, and false negative respectively. F1-score qgly 20% of the training data could achieve comparable results
computed by ’the following formula: as the state-of-the-art methods using 100% of the training data.

Table Il also shows that our CDNet (w.0. 1Aug) delivers

1= - 2 — (6) comparable or even better performance than other methods on
recall * + precision the two datasets. It may attribute to the effectiveness of our
where the precision and recall are de ned as follows: designed network structure (e.g., symmetric structure, ResNet

backbone, high-resolution and high-level feature differencing,

precision = TP /(TP + FP) (7) and shallow change classication networks). Additionally,

recall = TP / (TP+FN) we can observe that our |Aug introduces more signi cant

improvements to the F1 score against CDNet under a small

E. Overall Comparison data regime (5% and 20%) than under a big data regime
1) Comparison with other SOTA CD methods. (100%). It indicates that our l1Aug can effectively alleviate

To verify the effectiveness of the proposed method (CDN#te small labeled data problem.
+ lAug), the compared CD networks are trained on the To fairly compare the model efciency, we test all the
original CD datasets and the proposed CDNet is trained orethods on a computing server equipped with an Intel Xeon
our synthesized CD datasets. Here, we use LEVI® and Silver 4214 CPU and an NVIDIA Tesla V100 GPU. Table I
WHU_IRS5 as our synthesized CD training datasets. To furthksts the number of model parameters (Params.), oating-point
compare the performance of each method under conditionsoperations per second (FLOPs), and GPU inference time of
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