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Abstract

Change detection (CD) is to decouple object changes (i.e., ob-
ject missing or appearing) from background changes (i.e., en-
vironment variations) like light and season variations in two
images captured in the same scene over a long time span,
presenting critical applications in disaster management, ur-
ban development, efc. In particular, the endless patterns of
background changes require detectors to have a high gener-
alization against unseen environment variations, making this
task significantly challenging. Recent deep learning-based
methods develop novel network architectures or optimization
strategies with paired-training examples, which do not han-
dle the generalization issue explicitly and require huge man-
ual pixel-level annotation efforts. In this work, for the first at-
tempt in the CD community, we study the generalization issue
of CD from the perspective of data augmentation and develop
a novel weakly supervised training algorithm that only needs
image-level labels. Different from general augmentation tech-
niques for classification, we propose the background-mixed
augmentation that is specifically designed for change detec-
tion by augmenting examples under the guidance of a set
of background changing images and letting deep CD models
see diverse environment variations. Moreover, we propose the
augmented & real data consistency loss that encourages the
generalization increase significantly. Our method as a gen-
eral framework can enhance a wide range of existing deep
learning-based detectors. We conduct extensive experiments
in two public datasets and enhance four state-of-the-art meth-
ods, demonstrating the advantages of our method. We release
the code at https://github.com/tsingqguo/bgmix.

Introduction

Change detection (CD) is to segment object changes (i.e.,
object missing or appearing) from background changes (i.e.,
environment variations) like light and season variations in
two images captured in the same scene with a long time span
(See examples shown in Fig. 1), presenting critical applica-
tions in the disaster management (Sublime and Kalinicheva
2019), urban development (Lee et al. 2021), resource mon-
itoring, and utilization (Ye et al. 2021), and visual surveil-
lance (Goyette et al. 2012), etc.
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Figure 1: Comparison of three SOTA methods with/with-
out our BGMix. Clearly, BGMix improves the three meth-
ods with significant F1 increases on both AICD and BCD
datasets, presenting more accurate segmentation results.

Change detection is still challenging and far from real-
world applications due to the complex and unknown envi-
ronment variations. For example, in Fig. 1, there exist var-
ious differences on the lawn (e.g., color and density dif-
ferences) between two images, which should be identified
as background changes and not be segmented. Neverthe-
less, the state-of-the-art (SOTA) method WCDNet (Ander-
matt and Timofte 2021) focuses on the lawn variations while
missing the desired object changes (i.e., the disappearance
of a building). Other environment variations like season and
illumination variations cause similar issues. The endless pat-
terns of background changes require detectors to have a high
generalization against unseen environment variations.

In recent years, a series of network architectures are de-
signed with convolutional (Zhang et al. 2021; Zheng et al.
2021) and transformer layers (Hao Chen and Shi 2021; Ban-



dara and Patel 2022) to extract effective features to represent
the changes. Although achieving impressive progress, they
do not handle the generalization issue explicitly and usu-
ally require huge pixel-level annotation efforts. The weakly
supervised strategy is an effective solution to alleviate the
pixel-level annotation efforts (Andermatt and Timofte 2021;
Wu, Du, and Zhang 2023; Ru et al. 2022). However, without
pixel-level supervision, change detectors suffer from low de-
tection accuracy due to complex background changes. The
root reason for this dilemma is the training data does not
cover diverse environment variations.

In this work, for the first attempt in the CD community,
we study the generalization issue from the perspective of
data augmentation and develop a novel weakly supervised
algorithm that only needs image-level labels. Different from
general augmentation methods for classification, we propose
the background-mixed augmentation that is specifically de-
signed for change detection by augmenting examples under
the guidance of a set of background images and letting tar-
geted deep models see diverse background changes. More-
over, we propose the augmented & real data consistency
loss that encourages high generalization significantly. Our
method as a general framework can enhance a wide range
of existing deep learning-based detectors. As presented in
Fig. 1, with our augmentation method, the performance of
three change detectors is improved with large margins. Our
contributions can be summarized as follows:

* We study the generalization issue of the CD from the data
augmentation perspective and propose a novel weakly
supervised change detection method denoted as BGMix.

* We propose a background-mixed augmentation that is
costumed for change detection and augmented & real
data consistency loss to encourage the generalization.

* We conduct extensive experiments in two public datasets
and enhance four state-of-the-art methods, demonstrating
the advantages of our method.

Related Work

Change detection methods. Conventional change detection
methods are based on simple algebraic methods, such as gra-
dient (Di Stefano, Mattoccia, and Mola 2003), change vec-
tor analysis (CVA) (Malila 1980) and thresholding (Rosin
1998). A simple strategy cannot deal with background
change noises. More complex models are introduced such as
Markovian data fusion (Moser, Angiati, and Serpico 2011)
and dictionary learning (Gong et al. 2016a). To obtain a
high-quality CD, (Feng et al. 2015) and (Stent et al. 2016)
also propose image alignment and lighting correction before
CD. With the development of deep learning, different deep
models are introduced into CD, such as restricted Boltz-
mann machine (RBM) (Gong et al. 2016b), CNN (Ding et al.
2016), GAN (Kousuke, Kanji, and Takuma 2017; Gong et al.
2017), RCNN (Mou, Bruzzone, and Zhu 2019), LSTM (Lyu,
Lu, and Mou 2016), and Transformer (Hao Chen and Shi
2021). Compared with RBM and GAN, it is easier to de-
sign variant CNN-based network architectures for CD. A
representative network, ADCDnet (Huang et al. 2020) pro-
poses to use absolute difference features of multiscale con-
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volutional layers for CD. To extract more effective features,
position- and channel-correlated attentions are incorporated
into CD by Zhang et al. (Zhang et al. 2021). The current
trend is using transformers for CDs. ChangeFormer (Ban-
dara and Patel 2022) unifies hierarchically structured trans-
former encoder with Multi-Layer Perception (MLP) decoder
in Siamese network architecture to render multi-scale long-
range details for CD. The success of the above deep change
detectors is due in large part to a huge number of pixel-level
labeled images. However, the existing CD datasets cannot
contain all situations of environment changes, which limits
the generalization ability of the recent change detectors.

Weakly supervised detection methods. The weakly su-
pervised method is an effective way to conquer the needs
of pixel-level data. Weakly Supervised Change Detection
(WSCD) aims to detect pixel-level changes by using the
image-level labels (Khan et al. 2017; Krihenbiihl and
Koltun 2011). Sakurada et al. (Sakurada, Shibuya, and Wang
2020) divide the semantic change detection to change de-
tection and semantic segmentation and do not need the se-
mantic change annotations. Andermatt ef al. (Andermatt and
Timofte 2021) design a custom remapping block and employ
a CRF-RNN to refine the change mask. Kalita ez al. (Kalita,
Karatsiolis, and Kamilaris 2021) combine the PCA and K-
means algorithm to predict changes from the image differ-
ence generated by a Siamese network. With the assumption
that changed image pairs can be discriminated as unchanged
image pairs by masking out change regions, Wu et al. (Wu,
Du, and Zhang 2023) propose a generative adversarial net-
work (GAN) to detect changes. Similar to fully supervised
CD, WSCD also suffers from the low generalization issue.
The root reason for this dilemma is that the training data
cannot contain various environmental changes.

Data augmentation techniques. Data augmentation is
an effective solution to improve the generalization capabil-
ity of deep models. Cutout (DeVries and Taylor 2017) ran-
domly masks out square regions of images to regularize the
network training. Random erasing (Zhong et al. 2020) re-
places the pixels with random intensities of a randomly se-
lected rectangle region. Cutout or random erasing might re-
sult in information loss. Then, CutMix (Yun et al. 2019)
cuts patches and pastes them among the training images.
Later works pay more attention to mixing, such as MixUp
(Huang, Zhang, and Zhang 2020), AugMix (Hendrycks*
et al. 2020), SnapMix (Huang, Wang, and Tao 2021), Align-
Mixup (Venkataramanan et al. 2022) efc. Compared with
random cropping, SuperMix (Dabouei et al. 2021) and
KeepAugment (Gong et al. 2021) preserve the informative
regions (i.e. salient regions). AutoAugment (Cubuk et al.
2018) automatically searches augmentation policies in a pre-
defined search space. Deeprepair (Yu et al. 2021) employs
the style transformation to use some failure examples for
augmentation guidance. There are also augmentation meth-
ods for other tasks like deraining (Guo et al. 2021) and
night2day transformation (Fu et al. 2021). Existing data aug-
mentation techniques are not suitable for change detection.
A good data augmentation method for CD should not only
simulate the object changes but also simulate various envi-
ronment changes.
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Figure 2: Comparison of augmented examples between the AugMix and BGMix. AugMix will transform the whole image
pixels randomly, while BGMix can effectively mix the background noise (i.e., cars, buildings) with change regions. We use a
state-of-the-art method (i.e., WCDNet) to study the effect of BGMix, and change regions are pointed by the red arrows.

Problem Formulation and Motivation

Given two images I; and I, that are captured in the same
scene with a long time span, the change detection task is
to identify object changes in the two images. For example,
when an object in I; disappears in I, a CD method is de-
sired to output a binary map (i.e., C) where the missed ob-
ject region is identified as one and other positions are as-
signed zero. Recent deep learning-based methods formulate
this task as an image2image mapping task via a convolution
neural network (CNN) (Lei et al. 2020), e.g.,

C = ¢p(I1,12) 1)

where ¢g(-) is the CNN and 6 denotes its parameters. The
tensor C denotes the predicted changing mask. A straight-
forward implementation is to train the network via paired
training examples, ie., Twin = {< Ii,I,Cy >} via
loss functions like binary cross-entropy, mean squared er-
ror (MSE), or L;, where Cg denotes the ground truth of
the example. However, there are two limitations preventing
such a solution for real-world applications: @ it requires la-
borious human efforts to label the pixel-wise ground truth,
which can hardly construct large-scale datasets and the po-
tential labeling noise might affect the model training. @ the
training strategy does not consider the generalization to un-
seen environment changes (i.e., background variance) that
have diverse patterns in different images.

An alternative learning method is the weak supervision
based on the generative adversarial network (GAN) with
image-level labels (Wu, Du, and Zhang 2023) that only indi-
cates whether an image pair contains object changes or not.
Although effective, existing weakly supervised change de-
tection methods neglect the potential environment changes
within a long time span, which might be caused by light
variation, season variation, weather variation, efc. As a re-
sult, they easily generate obvious detection errors on un-
seen background variations. We take the recent weakly su-
pervised change detection method as an example and use
it to handle different image pairs. As shown in Fig. 2, the
method can get accurate detection results when the back-
ground changes are minor (See the first case in Fig. 2) but
produce obvious errors when the background changes have
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obvious color shifting (e.g., the second case.) Existing data
augmentations (e.g., AugMix (Hendrycks* et al. 2020)) for
image classification change the whole images at a time and
present less effectiveness on background enrichment.

Methodology
Overview

To address the limitations, we propose a background-mixed
augmentation (BGMix) to train a deep model (i.e., ¢y (-)) for
change detection in a weakly supervised way. Before going
to the main process, we first detail the required inputs:

* Weakly supervised training set Ti.,j,. We require a
training dataset (i.e., Tpain = {< I1,Iz >}7) with T
examples and image-level labels. We name it a weakly
supervised training dataset since we only know whether
there exist object changes between I; and I and do not
require the pixel-wise annotations.

* Background-guided set 5. We collect N image pairs
where each image pair (e.g., < B1,B2 >) only con-
tains background changes without any object changes.
We denote the set as background-guided set, i.e., B = {<
B1,B, >}V (See Fig. 3 for three background chang-
ing images as examples). These background pairs have
distinct appearances and are used to enrich the potential
background changing patterns in the training examples.

* Augmentation operation set (. We set an operation set
O = {o1,...,0p} that contains M augmentation oper-
ations. Each operation is used to transform the image pair
< I;,I5 > to anovel one (i.e., < 177, I >), e.g.,

I‘;jaI;j = Oj(117127aj)a (2)

where «; denotes the operation-related parameters. For
example, if we set the jth o;(-) as the translation opera-
tion, a; means the shifting distance and direction of the
two images and the output images (i.e., I}’ and I,’) are
the shifted counterparts of the input images. Beyond the
simple geometry augmentations like translation, we pro-
pose a specific operation (i.e., background-aware aug-
mentation operation) for the CD task, which helps the
CD models see different background changes.



Figure 3: Pipeline of the background-mixed augmentation. ‘bg-aware’ denotes the background-aware augmentation operation

taking the background pair and the changing mask as inputs.

Intuitively, BGMix aims to utilize the background-guided
set 3, the predicted changing mask C, and the image pair
with I; and I, to generate new image pairs with diverse
background patterns. As a result, the targeted CNN can see
different background interference, and then its generaliza-
tion could be enhanced.

During the training process, we have a model ¢, updated
at the previous iteration and sample a training example (e.g.,
< I4,I5 >) from Tymin. Then, we can extract a changing
mask by C = ¢y(I;,I5). After that, we use the proposed
augmentation strategy to generate an augmented image pair
< I, I, > with the pipeline shown in Fig. 3.

Finally, we propose novel loss functions (i.e., aug-
mented & real data consistency loss) to encourage the CNN
to predict similar results across the original image pairs and
background-augmented image pairs.

Background-mixed Augmentation

Background-aware augmentation operation. We aug-
ment a training example (e.g., < I;,I» >) by enriching
the background changes between the image pair. Instead of
the common augmentations like translation or zooming, we
use the collected background-guided set (i.e., B) to replace
the original background of the input image pair according to
the changing mask C. Specifically, we first sample a back-
ground pair (i.e., < By, By >) from the background-guided
dataset (i.e., B) randomly, and then we transform the input
image pair with

IV, Iy =o0;(I1, I, = {By,B5,C}), 3)

which can be detailed as
I =Rep(I;,B1,C) =1, ©C+B; © (1-C), 4
I =Rep(I2,B2,C) =1, 0 C+By® (1 -C), (5
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where ‘©’ is the element-wise multiplication. The function
Rep(I;,B1, C) is to replace the region in I; indicated by
(1 — C) with the corresponding region in B;. Note that,
compared to common augmentation operations, the above
method changes the background region of the image pair
while maintaining the object changing region, leading to
new image pairs with different background changes.

Augmentation strategy (i.e., Line 1-11 in Algorithm 1).
Inspired by recent augmentation methods for classification
(Hendrycks* et al. 2020), we conduct multi-depth random
augmentations on the image pair to guarantee the diversity
of background variations. Specifically, we set K augmenta-
tion paths. For each patch, we first sample three operations
for O (See Line 5 in Algorithm 1) and stack them to con-
struct new operations (See Line 6 in Algorithm 1). Then, we
randomly sample one operation from the newly constructed
operations, which is used to augment the input image pair
I,,I, with the B and change mask C and get a new im-
age pair. To conduct K times augmentation, we get K new
image pairs that are mixed with randomly sampled weights
(See Line 3 in Algorithm 1). Finally, the mixed image pair
is further blended with the original input (See Line 9 in Al-
gorithm 1) and get the final output, i.e., < I, Io >.

Augmented & Real Data Consistency Loss

Intuitively, the CNN for change detection is desired to pre-
dict the same results between augmented image pairs (i.e.,
< I,I,,1 >) with different backgrounds and the origi-
nal image pairs (i.e., < I;,I2,l >). We propose the aug-
mented & real data consistency loss to encourage this prop-
erty explicitly, which contains five parts.

First, we encourage the perception similarity between <



Algorithm 1: Learning CD models via BGMix

Input: ¢y(-), Loss function L, Training dataset
Taain = {< I, I >}, Background-guided set
B, Operation set O={background-aware
operation,rot, shear,trans, equalize}, and
maximum epoch number (i.e., Maxlters).
Output: Trained CD model ¢g(-).
1 Function BGMix (B,1;,I,,C):
2 Initialize two empty maps < Iy, Iy >;
3 Sample mixing weights
(wy,ws, ..., wk) ~ Dirichlet;
4 fori =1to K do
5 Sample operations (01,032,03) ~ O;
6 Combine via 0152 = 0207 and 0123 = 0302071}
7
8
9

Sample o ~ {01,012, 0123 };

I+ = w;o(I;, B, C), I+ = w;0(I3, B,C) ;
Sample a blending weight wy ~ Beta;
return {I; = woL; + (1 — wo)I;|j € {1,2}};
End function;

12 for t = 1 to MaxlIters do
13 Sample an image pair via < Iy, Is >~ Tiain;
14 Perform C = ¢y (11, 1I5);
15 Generate an augmented image pair via
< il, ig >= BGMiX(B, Il, IQ, C),
16 Sample a background pair < B1, By >~ B;
17 Generate < I, I, >, < I, 1, >, < B{,B, > &
< B’, B}, > via Eq. (7), and (8);
18 Perform C = ¢g(il,ig), C' = ¢9(B1,Bs) ;
19 Calculate loss function via Eq. (13) ;
20 Do back-propagation and update ¢g;

I;,T5 > and < I}, I} > as the first loss function, i.e.,
Econl - CI)(Ila 12; ila i2)
= 1 — Cos(¢([Ty, Ta]), ¥ ([T, 1)) (©)

where ‘[-]” is the concatenation operation, ‘¢)(-)’ means the
pre-trained VGG16 network for the perception feature ex-
traction, and ‘Cos(+)’ is the cosine similarity function. The
hyper-parameter A; is to weight the consistency loss. The
intuitive idea behind this loss is that the two image pairs
< I1,Is > and < I;,I, > should contain the same object
changes if the predicted mask C is accurate. For example,
if C mislabels the change pixels between I; and I, as un-
changed pixels, [I,Is] and [I,I5] would present distinct
appearance on the foreground change regions since the lat-
ter image pair is produced according to the C (See Eq. (4)).

Second, to further allow the CNN to be robust to differ-
ent background changes, we randomly sample a background
pair < By, By > from the set B. Then, we use it to replace
the backgrounds of < Iy, I > and get a new image pair by

I} = Rep(I;, By, C), I, = Rep(Iz, By, C), @)

where the function Rep(-) is the same with one defined in
Eq. (4). Moreover, we can synthesize a new background pair
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by pasting the background regions in the < I;,Is > to the
corresponding positions in < By, B, >. Then, we can get a
new background pair like Eq. (7), i.e.,

Bll = RCp(Bl,Il,C),B/Q = Rep(BQ,IQ,C). (8)
Intuitively, if C localizes object changes accurately, <
I,Io > and < I}, I, > should present the same percep-
tions, similar on < B1, By > & < B/, B}, >, and we have

‘CCOHZ = (b(Ila 127 Ill; IIQ) + (I)(Bla B27 B/17 B/Q)
where ®(-) is the same as the function in Eq. (6).

Third, we encourage the background replacement while

utilizing the low area rate prior of object changes, that is,

9

2
Leons = »_(1 = SSIM(L;, T}) — Ly (I;,T})),
i=1
where SSIM(+) is the structure similarity loss. Minimizing
the above loss function leads to two results according to the
Eq. (7): ® More background contexts from the background
pair are embedded and it benefits the augmentation. @ The
object changes in an image pair are usually small and take a
low area rate in the whole image (See Fig. 2). The proposed
loss function makes use of this prior to encouraging small
change areas in C.

Fourth, we further employ two discriminators as adversar-
ial losses to encourage the CNN ¢y (-) to produce accurate
change masks. Intuitively, if the change mask C identifies
the change regions accurately, the discriminators cannot dis-
tinguish < I7,I5, > from < I;,I, >, and < B},B) >
from < B, Ba >, respectively. Specifically, the loss func-
tion could be represented as

Leons = log(D1(I1,I2)) + log(1 — D1 (I, 1))

+log(D2(B1,B2)) + log(1 — D2(B},BY})), (11)
where Dy and D5 are the two discriminators. It will be min-
imized when the function ¢y(-) can detect the C accurately,
which means the synthesized image pairs in Eq. (7) and
Eq. (8) are close to realistic image pairs < I;,Is > and
< B1, By > that discriminators can not distinguish them.

Finally, to suppress the potential predicting errors caused
by background changes, we set a loss function to encourage
¢o(-) to predict an all-zero mask when we take a background
pair as inputs, i.e.,

EconS = L2(¢6(B17B2)70) (12)
where O is an all zero tensor. With the above loss functions,
we get the final loss function to optimize the CNN, i.e.,

E = Al£con1(11712vilvi2) + »Ccon(IhIZaBlaBZ)v

(10)

+£C0n(ilai27Bl7B2)7 (13)
where Lcon(11, I, B1, Bs) is defined as, i.e.,
Lcon = >\2£con2 + /\3£c0n3 + )\4£con4 + )\5['con5- (14)

and {\;} are to balance different terms. The last term of
Eq. (13) is to utilize the L.y, on (il7iQ,B1,B2), that is,
we can conduct the same operations and loss functions from
Eq. (7) to Eq. (12) on the augmented image pair < I,I, >
by producing < Ij, I, >, and < B}, B}, > via Eq. (7), and
(8), and calculating corresponding loss functions.



BGMix-AFA

WCDNet BGMix-WCDNet SGCD BGMix-SGCD

Figure 4: Visual comparison of CD results detected by different methods with and without BGMix. The change objects are

marked out by the red arrows.

Learning Algorithm

Algorithm (i.e., Line 12-20 in Algorithm 1). At the ¢ it-
eration during training, we sample an image pair from the
training dataset 7y, and perform the change detection via
¢¢(-) (See Line 14 in Algorithm 1). Then, we generate an
augmented image pair via the BGMix function. After that,
we calculate the loss by defined functions (See Line 16-20
in Algorithm 1) and update the model parameters.
Implementation details. We set the number of augmen-
tation paths K to 4 and the augmentation operation set O
with eight kinds of operations, i.e., O={background-aware
operation, auto contrast, equalize, posterize, rotate, solarize,
shear, translate}. The hyper-parameters A1, A2, A3, A4 and
Asaresetto 1, 1,5, 1 and 0.01 for AICD, and 1, 1, 3, 1 and
0.01 for BCD, respectively. The proposed method is imple-
mented with Pytorch (Paszke et al. 2019). All experiments in
the subsequent section are conducted on a 24GB RTX3090
GPU. We use SGD to optimize the network parameters. The
batch size, learning rate, and momentum are set to 4, le-4,
and 0.5, respectively. The largest iteration number is 100k.

Experimental Results
Setup

Baselines. We use BGMix to enhance four change detec-
tion methods, i.e., AFA (Ru et al. 2022), FCD (Wu, Du, and
Zhang 2023), WCDNet (Andermatt and Timofte 2021), and
SG (Zhao, Shang, and Lu 2021), and compare with three
SOTA data augmentation methods, i.e., CutMix (Yun et al.
2019), MixUp (Huang, Zhang, and Zhang 2020) and Aug-
Mix (Hendrycks* et al. 2020). FCD and WCDNet are two
SOTA weakly supervised methods. AFA is a SOTA weakly
supervised segmentation method. We modify the single-
image input of AFA into double-image input to make it suit-
able for CD tasks. SG is a SOTA weakly supervised defocus
blur detection method via dual adversarial discriminators.
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We modify the architecture of SG for change detection and
name this variant SGCD.

Datasets. We conduct the experiments on two widely
used remote sensing CD datasets, i.e. AICD (Bourdis, Mar-
raud, and Sahbi 2011) and BCD (Ji, Wei, and Lu 2018).
AICD has 1000 aerial image pairs with the resolution of
800 x 600. We randomly select 900 image pairs as the train-
ing dataset and the rest for testing. For facilitating the train-
ing and inference, all images are cropped with 256 x 256
by sliding window manner without overlap except at the
image boundaries. Following (Chen, Li, and Shi 2021), we
paste the changes cropped from changing image pair onto
the background image pairs to balance the ratio of the chang-
ing and background image pairs. After pasting, we obtain
8103 and 903 training and testing image pairs, respectively.
BCD is constructed based on a high-resolution image pair
with 32507 x 15354. We crop the image pairs having a reso-
lution of 256 x 256 with a sliding window manner from the
high-resolution image pair. We randomly select 90% from
the cropped image pairs as the training dataset and the left
is used as the testing set. Note that, we follow the setups of
BYOL (Grill et al. 2020) and adopt random flip and color
distortion to enrich the training examples of the two train-
ing datasets (i.e., AICD and BCD). After this operation, the
ratio of changing image pairs to background images in each
training dataset is about to 1 : 1. Finally, we obtain 24309
and 2709 training and testing image pairs for AICD, and
15570 and 1728 training and testing image pairs for BCD,
respectively. All compared data augmentation methods are
used to further augment these training examples with their
own augmentation strategies and loss functions.

Metrics. We adopt Fl-score (F1), overall accuracy (OA),
and Intersection over Union (IoU) for evaluation.



AICD BCD
Method  —pr——53— 10 F1  0A 10U
AFA (Ru et al. 2022)
w/o Aug 0.037 0.799 0.017 0.379 0.651 0.212
AugMix 0.327 0960 0.195 0.315 0.527 0.168
CutMix  0.172 0982 0.092 0.284 0.451 0.151
MixUp 0.375 0.951 0.229 0.262 0.349 0.136
BGMix 0496 09838 0.324 0.405 0.701 0.243
FCD (Wu, Du, and Zhang 2023)
w/o Aug 0373 0995 0.210 0.285 0.826 0.150
AugMix 0421 0989 0.223 0.269 0.792 0.142
CutMix 0.298 0.993 0.176 0.305 0.791 0.171
MixUp 0.310 0.827 0.189 0.357 0.801 0.211
BGMix 0470 0.993 0.317 0.371 0.813 0.223
WCDNet (Andermatt and Timofte 2021)
w/o Aug 0.605 0.993 0430 0.393 0.823 0.221
AugMix 0247 0994 0.141 0.031 0.810 0.014
CutMix 0.579 0.992 0.407 0.006 0.869 0.003
MixUp 0.050 0.995 0.021 0.160 0.529 0.054
BGMix 0.749 0996 0.521 045 0.835 0.276
SGCD (Zhao, Shang, and Lu 2021)
w/o Aug 0.771 0997 0.612 0431 0.559 0.233
AugMix 0.712 0.995 0.546 0.297 0.796 0.136
CutMix 0.747 0.996 0.586 0.358 0.470 0.200
MixUp 0.576  0.996 0.440 0.259 0.174 0.171
BGMix 0.854 0998 0.736 0.624 0.844 0.427

Table 1: Quantitative comparison of the WSCD methods
with different state-of-the-art data augmentation methods on
AICD and BCD.

Comparison of Data Augmentations

Table 1 shows the results of different WSCD methods with
SOTA augmentation methods on AICD and BCD datasets.
We see that: @ The compared data augmentation methods
have different effects for different CD methods and datasets.
Specifically, among the compared methods, MixUp achieves
the highest F1 and IoU improvements for AFA and FCD on
AICD and BCD, respectively. AugMix achieves the highest
F1 and IoU improvements for FCD on AICD. @ Not all data
augmentation methods can improve the performance of the
change detectors. The F1 score of FCD with CutMix is 0.298
on AICD, which is lower than the F1 score (0.373) without
data augmentation. On AICD and BCD, none of the state-of-
the-art data augmentation methods improves the detection
performance of WCDNet. ® Our BGMix achieves the high-
est performance improvements for all the change detectors
on both datasets. On AICD, BGMix improves F1 scores of
AFA, FCD, WCDNet and SGCD to 0.496, 0.470, 0.749 and
0.854, respectively. On BCD, BGMix improves F1 scores of
AFA, FCD, WCDNet and SGCD to 0.405, 0.371, 0.453 and
0.624, respectively. Results of Table 1 manifest the effec-
tiveness of our method.

As shown in Fig. 4, the changes in AICD are much
smaller than the changes in BCD. Trained with BGMix, the
change detectors can effectively suppress the background
changes and highlight the real changes (See the results of
AFA in Fig. 4). BiGMix also can increase the recall of the
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Dataset  Method F1 OA ToU
w/0 Leont 0.635 0992 0.449
w/o Loy 0.019 0994  0.009
AICD w/o Leons  0.641 0993  0.454
w/o Leona  0.818 0998 0.674
w/o Leons  0.849 0998 0.724
Lecon 0.854 0.998 0.736
w/o Leomn 0362 0.807 0.170
w/o Leonp 0.002  0.749  0.001
BCD w/o Loz 0311 0.640 0.152
w/0 Leona 0347  0.809 0.166
w/o Leons 0428  0.818 0.225
Lecon 0.624 0.844 0427

Table 2: Ablation study of augmented & real data consis-
tency loss with SGCD on AICD and BCD.

detected changes for FCD (See the 2nd-4th rows of Fig. 4)
and WCDNet (See the 3rd and 4th rows of Fig. 4). As shown
in the last two columns of Fig. 4, the details of the detected
changes of SGCD trained with BGMix are clearer than the
results of SGCD without data augmentation.

Ablation Study of Loss Functions

SGCD obtains better CD performances than other change
detectors on both datasets. Thus, we use SGCD for the ab-
lation study. We remove each term of the augmented & real
data consistency loss and retain other losses to verify the ef-
fect of each loss. As shown in Table 2, SGCD collapses on
the two datasets when removing Ln loss, which demon-
strates that the qualities of the synthesized changing and
background image pairs are critically important. Removing
losses of Lon1.5 results in different degrees of performance
degradation on the two datasets. While using the proposed
loss achieves the best performances on both datasets, which
manifests the usefulness of our loss.

Conclusion

In this paper, we study the generalization issue of change de-
tection from data augmentation and develop a novel weakly
supervised training algorithm. The proposed background-
mixed augmentation is specifically designed for change de-
tection by augmenting examples under the guidance of a
set of background images and letting targeted deep mod-
els see diverse background variations. Moreover, we pro-
pose the augmented & real data consistency loss to en-
courage the generalization increase significantly. We use
the proposed method as a general framework to enhance
four SOTA change detectors. Extensive experimental results
demonstrate the superiority of our method over other SOTA
data augmentation methods on the change detection task. In
the future, we can use recent adversarial attacks (Guo et al.
2020; Tian et al. 2021) to guide the augmentation and further
enhance the detection accuracy.



Acknowledgment

The proposed research is supported by Scientific Re-
search Project of Tianjin Educational Committee (Grant No.
2021ZD002), and A*STAR Centre for Frontier AI Research.
It is also supported by the National Research Foundation
Singapore and DSO National Laboratories under the Al
Singapore Programme (AISG Award No: AISG2-RP-2020-
019), Singapore National Cybersecurity R&D Program No.
NRF2018NCR-NCR005-0001, National Satellite of Excel-
lence in Trustworthy Software System No. NRF2018NCR-
NSOE003-0001, NRF Investigatorship No. NRF-NRFI06-
2020-0001. We gratefully acknowledge the support of
NVIDIA AI Tech Center (NVAITC).

References

Andermatt, P.; and Timofte, R. 2021. A Weakly Supervised
Convolutional Network for Change Segmentation and Clas-
sification. In Computer Vision — ACCV 2020 Workshops,
103-119.

Bandara, W. G. C.; and Patel, V. M. 2022. A Transformer-
Based Siamese Network for Change Detection. arXiv
preprint arXiv:2201.01293.

Bourdis, N.; Marraud, D.; and Sahbi, H. 2011. Constrained
optical flow for aerial image change detection. In 2011 IEEE
International Geoscience and Remote Sensing Symposium,
4176-4179.

Chen, H.; Li, W.; and Shi, Z. 2021. Adversarial instance
augmentation for building change detection in remote sens-
ing images. IEEE Transactions on Geoscience and Remote
Sensing, 60: 1-16.

Cubuk, E. D.; Zoph, B.; Mane, D.; Vasudevan, V.; and Le,
Q. V. 2018. Autoaugment: Learning augmentation policies
from data. arXiv preprint arXiv:1805.09501.

Dabouei, A.; Soleymani, S.; Taherkhani, F.; and Nasrabadi,
N. M. 2021. Supermix: Supervising the mixing data aug-
mentation. In Proceedings of the IEEE/CVF Conference on
Computer Vision and Pattern Recognition, 13794—13803.

DeVries, T.; and Taylor, G. W. 2017. Improved regulariza-
tion of convolutional neural networks with cutout. arXiv
preprint arXiv:1708.04552.

Di Stefano, L.; Mattoccia, S.; and Mola, M. 2003. A change-
detection algorithm based on structure and colour. In Pro-
ceedings of the IEEE Conference on Advanced Video and
Signal Based Surveillance, 252-259.

Ding, A.; Zhang, Q.; Zhou, X.; and Dai, B. 2016. Automatic
recognition of landslide based on CNN and texture change
detection. In 2016 31st Youth Academic Annual Confer-
ence of Chinese Association of Automation (YAC), 444—448.
IEEE.

Feng, W.; Tian, F.-P;; Zhang, Q.; Zhang, N.; Wan, L.; and
Sun, J. 2015. Fine-grained change detection of misaligned
scenes with varied illuminations. In Proceedings of the IEEE
International Conference on Computer Vision, 1260—1268.
Fu, L.; Yu, H.; Juefei-Xu, F.; Li, J.; Guo, Q.; and Wang, S.
2021. Let there be light: Improved traffic surveillance via de-
tail preserving night-to-day transfer. IEEE Transactions on

7926

Circuits and Systems for Video Technology, 32(12): 8217—
8226.

Gong, C.; Wang, D.; Li, M.; Chandra, V.; and Liu, Q. 2021.
Keepaugment: A simple information-preserving data aug-
mentation approach. In Proceedings of the IEEE/CVF con-

ference on computer vision and pattern recognition, 1055—
1064.

Gong, M.; Niu, X.; Zhang, P; and Li, Z. 2017. Genera-
tive adversarial networks for change detection in multispec-
tral imagery. IEEE Geoscience and Remote Sensing Letters,
14(12): 2310-2314.

Gong, M.; Zhang, P; Su, L.; and Liu, J. 2016a. Coupled
dictionary learning for change detection from multisource
data. IEEE Transactions on Geoscience and Remote sens-
ing, 54(12): 7077-7091.

Gong, M.; Zhao, J.; Liu, J.; Miao, Q.; and Jiao, L. 2016b.
Change detection in synthetic aperture radar images based
on deep neural networks. IEEE transactions on neural net-
works and learning systems, 27(1): 125-138.

Goyette, N.; Jodoin, P.-M.; Porikli, F.; Konrad, J.; and Ish-
war, P. 2012. Changedetection. net: A new change detection
benchmark dataset. In 2012 IEEE computer society confer-
ence on computer vision and pattern recognition workshops,
1-8.

Grill, J.-B.; Strub, F.; Altché, F.; Tallec, C.; Richemond,
P.; Buchatskaya, E.; Doersch, C.; Avila Pires, B.; Guo, Z.;
Gheshlaghi Azar, M.; et al. 2020. Bootstrap your own latent-
a new approach to self-supervised learning. Advances in
neural information processing systems, 33: 21271-21284.
Guo, Q.; Juefei-Xu, F.; Xie, X.; Ma, L.; Wang, J.; Yu, B.;
Feng, W.; and Liu, Y. 2020. Watch out! motion is blurring
the vision of your deep neural networks. Advances in Neural
Information Processing Systems, 33: 975-985.

Guo, Q.; Sun, J.; Juefei-Xu, F.; Ma, L.; Xie, X.; Feng, W.;
Liu, Y.; and Zhao, J. 2021. Efficientderain: Learning pixel-
wise dilation filtering for high-efficiency single-image de-
raining. In Proceedings of the AAAI Conference on Artificial
Intelligence, volume 35, 1487-1495.

Hao Chen, Z. Q.; and Shi, Z. 2021. Remote Sensing Image
Change Detection with Transformers. IEEE Transactions on
Geoscience and Remote Sensing, 1-14.

Hendrycks*, D.; Mu*, N.; Cubuk, E. D.; Zoph, B.; Gilmer,
J.; and Lakshminarayanan, B. 2020. AugMix: A Simple
Method to Improve Robustness and Uncertainty under Data
Shift. In International Conference on Learning Representa-
tions.

Huang, L.; Zhang, C.; and Zhang, H. 2020. Self-adaptive
training: beyond empirical risk minimization. Advances in
neural information processing systems, 33: 19365-19376.

Huang, R.; Zhou, M.; Zhao, Q.; and Zou, Y. 2020. Change
detection with absolute difference of multiscale deep fea-
tures. Neurocomputing, 418: 102—-113.

Huang, S.; Wang, X.; and Tao, D. 2021. Snapmix: Semanti-
cally proportional mixing for augmenting fine-grained data.
In Proceedings of the AAAI Conference on Artificial Intelli-
gence, volume 35, 1628-1636.



Ji, S.; Wei, S.; and Lu, M. 2018. Fully convolutional net-
works for multisource building extraction from an open
aerial and satellite imagery data set. IEEE Transactions on
Geoscience and Remote Sensing, 57(1): 574-586.

Kalita, I.; Karatsiolis, S.; and Kamilaris, A. 2021. Land Use
Change Detection Using Deep Siamese Neural Networks
and Weakly Supervised Learning. In International Confer-
ence on Computer Analysis of Images and Patterns, 24-35.
Springer.

Khan, S.; He, X.; Porikli, F.; Bennamoun, M.; Sohel, F,;
and Togneri, R. 2017. Learning deep structured network
for weakly supervised change detection. In Proceedings of
the Twenty-Sixth International Joint Conference on Artificial
Intelligence, IJCAI-17,2008-2015.

Kousuke, Y.; Kanji, T.; and Takuma, S. 2017. Use of Gen-
erative Adversarial Network for Cross-Domain Change De-
tection. arXiv preprint arXiv:1712.08868.

Krihenbiihl, P.; and Koltun, V. 2011. Efficient inference in
fully connected crfs with gaussian edge potentials. Advances
in neural information processing systems, 24.

Lee, H.; Lee, K.; Kim, J. H.; Na, Y.; Park, J.; Choi, J. P.; and
Hwang, J. Y. 2021. Local Similarity Siamese Network for
Urban Land Change Detection on Remote Sensing Images.
IEEE Journal of Selected Topics in Applied Earth Observa-
tions and Remote Sensing, 14: 4139-4149.

Lei, Y.; Peng, D.; Zhang, P.; Ke, Q.; and Li, H. 2020. Hierar-
chical paired channel fusion network for street scene change
detection. IEEE Transactions on Image Processing, 30: 55—
67.

Lyu, H.; Lu, H.; and Mou, L. 2016. Learning a transferable
change rule from a recurrent neural network for land cover
change detection. Remote Sensing, 8(6): 506.

Malila, W. A. 1980. Change vector analysis: an approach for
detecting forest changes with Landsat. In LARS symposia,
385.

Moser, G.; Angiati, E.; and Serpico, S. B. 2011. Multiscale
unsupervised change detection on optical images by Markov
random fields and wavelets. IEEE Geoscience and Remote
Sensing Letters, 8(4): 725-729.

Mou, L.; Bruzzone, L.; and Zhu, X. X. 2019. Learning
spectral-spatial-temporal features via a recurrent convolu-
tional neural network for change detection in multispectral
imagery. [EEE Transactions on Geoscience and Remote
Sensing, 57(2): 924-935.

Paszke, A.; Gross, S.; Massa, F.; Lerer, A.; Bradbury, J.;
Chanan, G.; Killeen, T.; Lin, Z.; Gimelshein, N.; Antiga, L.;
et al. 2019. Pytorch: An imperative style, high-performance
deep learning library. Advances in neural information pro-
cessing systems, 32.

Rosin, P. 1998. Thresholding for change detection. In Sixth
International Conference on Computer Vision (IEEE Cat.
No. 98CH36271), 274-279.

Ru, L.; Zhan, Y.; Yu, B.; and Du, B. 2022. Learning
affinity from attention: end-to-end weakly-supervised se-
mantic segmentation with transformers. In Proceedings of
the IEEE/CVF Conference on Computer Vision and Pattern
Recognition, 16846—16855.

7927

Sakurada, K.; Shibuya, M.; and Wang, W. 2020. Weakly su-
pervised silhouette-based semantic scene change detection.
In 2020 IEEE International conference on robotics and au-
tomation (ICRA), 6861-6867.

Stent, S.; Gherardi, R.; Stenger, B.; and Cipolla, R. 2016.
Precise deterministic change detection for smooth surfaces.
In 2016 IEEE Winter Conference on Applications of Com-
puter Vision, 1-9.

Sublime, J.; and Kalinicheva, E. 2019. Automatic post-
disaster damage mapping using deep-learning techniques for
change detection: Case study of the Tohoku tsunami. Re-
mote Sensing, 11(9): 1123.

Tian, B.; Juefei-Xu, F.; Guo, Q.; Xie, X.; Li, X.; and Liu,
Y. 2021. AVA: Adversarial Vignetting Attack against Visual
Recognition. In Proceedings of the International Joint Con-
ference on Artificial Intelligence, 1046—1053.

Venkataramanan, S.; Kijak, E.; Amsaleg, L.; and Auvrithis,
Y. 2022. Alignmixup: Improving representations by inter-
polating aligned features. In Proceedings of the IEEE/CVF
Conference on Computer Vision and Pattern Recognition,
19174-19183.

Wu, C.; Du, B.; and Zhang, L. 2023. Fully Convolutional
Change Detection Framework with Generative Adversar-
ial Network for Unsupervised, Weakly Supervised and Re-
gional Supervised Change Detection. IEEE Transactions on
Pattern Analysis and Machine Intelligence, PP: 1-15.

Ye, S.; Rogan, J.; Zhu, Z.; and Eastman, J. R. 2021. A near-
real-time approach for monitoring forest disturbance using
Landsat time series: Stochastic continuous change detection.
Remote Sensing of Environment, 252: 112167.

Yu, B.; Qi, H.; Guo, Q.; Juefei-Xu, F.; Xie, X.; Ma, L.; and
Zhao, J. 2021. Deeprepair: Style-guided repairing for deep
neural networks in the real-world operational environment.
IEEFE Transactions on Reliability, 71(4): 1401-1416.

Yun, S.; Han, D.; Oh, S. J.; Chun, S.; Choe, J.; and Yoo,
Y. 2019. Cutmix: Regularization strategy to train strong
classifiers with localizable features. In Proceedings of the

IEEE/CVF international conference on computer vision,
6023-6032.

Zhang, L.; Hu, X.; Zhang, M.; Shu, Z.; and Zhou, H.
2021. Object-level change detection with a dual correlation

attention-guided detector. ISPRS Journal of Photogramme-
try and Remote Sensing, 177: 147-160.

Zhao, W.; Shang, C.; and Lu, H. 2021. Self-generated De-
focus Blur Detection via Dual Adversarial Discriminators.
In Proceedings of the IEEE/CVF Conference on Computer
Vision and Pattern Recognition, 6933-6942.

Zheng,Z.; Zhong, Y.; Wang, J.; Ma, A.; and Zhang, L. 2021.
Building damage assessment for rapid disaster response with
a deep object-based semantic change detection framework:
From natural disasters to man-made disasters. Remote Sens-
ing of Environment, 265: 112636.

Zhong, Z.; Zheng, L.; Kang, G.; Li, S.; and Yang, Y. 2020.
Random erasing data augmentation. In Proceedings of

the AAAI conference on artificial intelligence, volume 34,
13001-13008.



