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Abstract

Change detection (CD) is a fundamental problem that aims at detecting changed objects
from two observations. Previous CNN-based CD methods detect changes through multi-
scale deep convolutional features extracted from two images. However, we find that
change always occurs in the ‘Query’ image for fixed cameras. This condition means that
changes can be detected in advance from a single image with a coarse change. In this
paper, we propose an efficient CD method to detect precise changes from the change
image. First, a change image selector is designed to identify the image containing changes.
Second, a coarse change prior map generator is proposed to generate coarse change prior
to indicate the position of changes. Then, we introduce a simple multi-scale CD module
to refine the coarse change detection. As only one image is used in the multi-scale CD
module, our method is more efficient in training and testing than other compared
methods. Numerous experiments have been conducted to analyse the effectiveness of the
proposed method. Experimental results show that the proposed method achieves su-
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1 | INTRODUCTION

Change detection (CD) aims at finding the difference between
two observations in the same place with a time span, which has
wide applications in urban development [1], disaster assess-
ment [2], resource monitoring and utilisation [3], and security
and military operations [4, 5].

In general, the last observation is called as reference
image X and the current observation is query image Y.
Previous CD methods [6—10] design various models to detect
changes by using both X and Y. Feng et al. [6] proposed an
iterative optimisation CD method by modelling the CD as
iteration of camera pose alignment, lighting correction and
low-rank from two-time observations. Alcantarilla et al. [8]
combined X and Y into a six-channel image and employed a
fully convolutional network [11] to generate changes. How-
ever, as shown in the top three rows of Figure 1, in most
real-world scenes, the change always occurs in a single image.
Detecting changes from the image pair needs to extract
features from both of the observed images, which might

perior detection performance and higher speed than other compared CD methods.

change detection, change image selector, efficient change detection, multi-scale change detection

waste computational resources. As shown in the bottom two
rows of Figure 1, ADCDnet, an image-pair-based CD
method, obtains imperfect CD results because of the large
camera view difference between the first image pair and the
strong shadows occurred in the unchanged image of the
second image pair. Due to the long time span of two ob-
servations, there might be camera pose misalignment, lighting
differences and other influences between the two observa-
tions. Detecting changes from the image pair might affect the
precision of the detection results.

In this study, we aim to solve a novel problem that involves
detecting the change from the change image. To this end, we
first propose a change image selector (CIS) to identify the
image containing changes. The CIS is formulated as a binary
image classifier based on spatial pyramid pooling (SPP) [12]
with the combined features of both observed images. Then, we
present a coarse change prior map generator (CCPMG) to
generate a coarse change prior map M, with absolute differ-
ence of features from two images to indicate the position of
change. We refine M, by using a multi-scale CD module with
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Reference imége X Query image Y

ADCDnet Ours

FIGURE 1 Motivation of the proposed method. The top rows show examples of real scenes for CD. Change always occurs in the query image. The bottom

rows show the CD results of an image-pair-based CD method (e.g. ADCDnet) and our proposed single-image-based method

the features extracted from the selected change image. Without
combining the features from the unchange image, the pro-
posed method potentially obtains the following merits: 1) it
does not need to learn convolutional layers for fusing the
features of two images, 2) it can alleviate the bad affections
caused by the unchanged image, and 3) it is highly efficient.
Our main contributions can be summarised as follows:

® We propose to detect the change from the image containing
change. To this end, we propose a change image selector to

identify the image containing change and a coarse change
prior map generator to generate change cues.

® With change cues, our method only uses the features of the
change image in the multi-scale CD module and refines the
features in a bottom-up manner. Our method is highly
efficient without using the features of both images.

e Although we only use change image features in the multi-
scale CD module, our method can achieve better results
than those CD methods using both images in the whole
process.
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2 | RELATED WORK

2.1 | Traditional CD methods

Traditional CD methods employ handcrafted features and
well-designed algorithms to generate pixel-level difference.
Intensity difference of image pairs is used for early CD
methods [13]; however, image intensity is easily affected by
camera pose variation and lighting difference, which results in
unstable CD results. Malila et al. [14] proposed change vector
analysis (CVA) to detect forest change by thresholding on the
change vector that was described by the magnitude and
direction of change. Chen et al. [15] presented a double-
window flexible pace search (DFPS) to determine reason-
able thresholds of change magnitude and change direction.
More complex methods such as principal component analysis
(PCA), classification, and optimisation ate introduced into
CD to generate high-quality results. Li et al. [16] stacked two
multi-band images and compressed them with PCA to form a
PCA image for later interactive supervised classification to
monitor rapid changes of land use and urban expansion.
Gong et al. [17] proposed using a fuzzy clustering algorithm
to classify changed and unchanged regions in the fused dif-
ference image. Feng et al. [6] proposed an iteration optimi-
sation change detection by modelling the changes as iteration
of camera pose alignment, lighting correction, and low-rank
from two observations. Stent et al. [18] proposed using the
generalised Patch-Match correspondence algorithm to align
images and using the thin plate spline model to estimate the
illumination variation to conquer the camera pose vatiation
and lighting difference between reference and query images.
Gharbia et al. [19] used the log ratio of two images after
being registered with Scale-Invariant Feature Transform
(SIFT) to detect the change. For stable monitoring
scenes, the change can be detected by background subtrac-
tion [20-23].

Traditional CD methods do not need many training images
and are easy to implement; however, they suffer from camera
pose variation and lighting difference. Thus, how to extract
effective features, set thresholds and train robust classifiers are
essential to obtain promising CD results.

2.2 | Deep learning based CD methods

CNN improves the performance of various computer vision
tasks by simultaneously learning feature extractors and clas-
sifiers. Most of the state-of-the-art CD methods are designed
with the CNN to avoid the tediousness of designing features
and learning classifiers. Gong et al. [24] created a deep neural
network by stacking a restricted Boltzmann machine for
detecting the change in the Synthetic Aperture Radar (SAR)
images. Sakurada et al. [25] used the CNN to extract features
from the image grid of image pairs and calculated the dis-
tance of each grid to form a dissimilarity map. Huang et al.
[7] proposed a camera pose correction network and a fine-
grained CD network to detect the fine-grained change of

high-value scenes. Mou et al. [9] proposed a recurrent CNN
to find the change in the earth’s surface. Jing et al. [20]
proposed a tri-Siamese-LSTM to detect the change in remote
sensing images with very high resolution. Zhang et al. [27]
proposed an ensemble CNN to obtain change detection by
reducing the discriminative distance of unchanged samples
and enlarging the discriminative distance of changed samples.
Huang et al. [28] study different fluid pyramid integration
networks for CD. Deep learning (DL) based CD can extract
effective features from images and conquer the camera pose
variation and lighting difference as well as obtain promising
CD results.

Besides CD, RGB-D salient detection [29, 30], co-salient
detection [31, 32] and video object segmentation [33, 34]
also utilise multiple images to achieve high-detection perfor-
mance by using additional information. As the depth map only
provides additional information for RGB-D salient detection,
one can distill the depth branch by making models potentially
learn the depth map from the RGB image. Piao et al. [35]
proposed to use a knowledge distiller to transfer the depth
knowledge from the depth stream to the RGB stream. Unlike
RGB-D salient detection, the change can be found merely by
comparing two images, which makes us unable to use the
change image for CD. As discussed in Section 1, in most real-
world applications, the change always occurs in a single image.
If we know the coarse position of the change on the change
image, we can generate precise CD results from the change
image. In this paper, we propose an efficient CD method by
selecting the change image and coarse change prior map
generation to detect the change, which can alleviate the bad
effects of the unchanged image.

3 | METHOD

To detect the change from the change image, we need to
identify the change image and generate a coarse change prior
map first. We use very simple network architectures for the
change image selector and coarse change prior map generator.
Then, we design a multi-scale change detection module to
detect change from the change image. In the following section,
we introduce the basic feature extraction, change image
selector, coarse change prior map generator, multi-scale change
detection, and training policies of the proposed method. The
Figure 2 shows our proposed network architecture.

3.1 | Basic feature extraction

We can use any state-of-the-art image classification network as
our feature extraction backbone. Without loss of generality, we
adopt VGG16 [30] as the basic feature extraction network. It has
five convolutional modules labelled Convl, ..., Conv5. The
output of the last convolutional layer in each convolutional
module is our basic feature. We use F"™" and FY™' to denote

the features of the first convolutional module that are extracted
from X and Y, respectively. To make the proposed model take
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less time in selecting the change image and generating coarse
change prior map, we only use F§°““ and F 5"“‘” for the CIS and
CCPMG. After obtaining the change image, all subsequent
features Fgonv‘, 1=1,2,...,5 are extracted from the change
image.

To increase the feature representation ability, we fuse the
features, such as the method proposed in UNet [37], which
shows superior feature extraction ability for semantic seg-
mentation [38, 39] and change detection [10, 28]. The fused
convolutional features of the (¢ + 1)-th layer are concatenated
with those convolutional features of the ith layer. Thus, the
features of low layers can encode high-level semantic infor-
mation. The ith fused convolutional feature can be denoted as

F.", which can be computed by

FL = y(cat(FE™ B ) st i=1,...,4 (1)
where cat(-) denotes concatenate operation and y(-) includes
three convolutional blocks, each of which is formed by a
convolutional layer, a batch normalisation layer and a ReL.U
layer. We upsample the features to twice the size for later
fusion. anq only uses FEOHVS, that is anq = l//(FSOﬂVS).

3.2 | Change image selector

Identifying the change image is important for the proposed

Conv Conv
method. We concatenate F”™"' and Fy°™!

features for a three-layer fully connected network. However, the

together to generate

concatenated convolutional features of variant-sized images
have different resolutions, which are not flexible. We adopt
spatial pyramid pooling (SPP) [12] to generate a fixed-length
feature vector. Figure 3 shows the network architecture of
CIS. The first layer is the input layer that takes a 1344

Convs

dimensional feature vector generated by SPP as input. The
second layer is a hidden layer that has 128 neurons. The last layer
consists of two neurons to compute the probability of selecting
X or Y to be the change image. If the first probability is larger
than the second, then X is selected as the change image.
Otherwise, Y is selected as the change image. We use 0 to denote
that X is selected and 1 to denote that Y is selected in Figure 2.

3.3 | Coarse change prior map generator
Previous CD methods use image difference and threshold to
generate the change map. However, camera pose variation and
lighting difference result in poor CD results. Liu et. al [40]
showed that a high-layer convolutional feature can extract se-
mantic information. However, extracting features in the higher
layer from two images requires high computation cost, which
affects the efficiency of the detector. As shown in Figure 4,
CCPMG is a simple Siamese network with three convolutional
blocks, which reduce the resolution of F%O"V‘ and Fg(’"v‘ to 80
x 80, 40 X 40 and 20 X 20 to capture multi-scale information
of the changed object. Then, the features at the corresponding
levels are subtracted and convolved to generate absolute dif-
ference features Fi\D, where 7 =1, 2, 3. The features are resized
and concatenated to generate FLi5°" by

Fip " = Conv(cat(Bi(F}p), Fip, Bi(F}p)), 512),  (2)

whete Bi(-) is a bilinear sampling operation and Conv(-, 512)
denotes a convolutional layer that outputs 512 feature maps.
M,, can be generated as

M, = Conv(Fy5°", 2), (3)

: ' Feature extraction module
Query image Y L e T

Multi-scale change detection module

FIGURE 2 The network architecture of the proposed change detection method. CCPMG is the coarse change prior map generator. My, is the coarse
change prior map. CIS denotes the change image selector. 0 denotes that X is the change image. 1 denotes that Y is the change image. The circle with yellow and

blue colours means concatenation of FE"C‘ and F{i5©" "The multi-scale predictions will be concatenated with the M, to generate the final prediction P We omit

the supervise signal to make the framework clear
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FIGURE 3 The network architecture of CIS. Note that two colours of the input feature maps represent the features extracted from two images
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FIGURE 4 The network architecture of CCPMG

whete Conv(-, 2) is a convolutional layer to generate a two-
channel map wherein one channel map is the changed prob-
ability map. The other is the unchanged probability map. As
shown in Figure 5, we can find that M, is capable of locating
the changed objects. However, the detected changed objects
are too coarse for their details to be detected. Note that M, is
only used to calculate the loss of CCPMG. We use FL%5°" in
later multi-scale change detection, which has more information
of changes than M, as shown in Figure 10.

3.4 | Multi-scale change detection

M,, only describes the coarse position of the change, which
needs further refinement. We resize feature FI35°" according
to the size of Fo™ and fuse them with F£™ through con-
volutional layers. The resulting features encode the information
of the changed object. The features are called as F;. We pro-
pose a multi-scale change detection module with bottom-up

feature enhancement. The feature of bottom-up fusion can
be computed as

|

n RelLU C Concatenate

.Convoluﬁon = Absolute distance

Conv,’ D BatchNormalization

F; = ¢(cat(¢p(cat(p(F;), Dn(F_,)),¢(F)))  (4)

whete i = 2, ..., 5, Dn(-) denotes down-sampling operation,
¢(-) denotes operation of convolution, Batch Normalisation
and ReLU. Note that F) = ¢(F;). We generate prediction
from F. by

P; = Conv(F,,2), 5

P = Conv(cat(Py, Py, P3, Py, P5, M), 2), )
where 7 = 1, ..., 5. We add supervisions on P; and Pr for
fast convergence. Py is used as the final change detection
result.

3.5 | Training policies

We use cross entropy and binary cross-entropy losses for CIS
and change detection, respectively. The training and testing of
the proposed network are conducted on the PyTorch [41]
platform with Nvidia 2080Ti. The basic learning rate of
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Reference image Qery image

FIGURE 5 Examples of generated coarse change prior map M,

the entire network is set to 1e-3. We set the batch size to 4. The
parameters are updated by the Adam algorithm with the mo-
mentum of 0.9 and the weight decay of 0.999. All models are
trained with 20 epochs to alleviate overfitting,

4 | EXPERIMENT

41 | Setup
Baselines We compare the proposed method with five CD
methods, namely MFCNET [42], FCN [11], ARPPNET [43],
SEU-Net2 [44] and ADCDnet [10].

MFCNET [42] combines MatchNet [45] and the fully
convolutional network [11] to identify temporal changes in
multiple images. MatchNet [45] is used to yield high-level
features from a pair of images, whereas the fully convolu-
tional network [11] is used to encode and decode for the image
pair.

FCN [11] takes the stacked image pair as the input of a
fully convolutional network to detect the change.

ARPPNET [43] proposes a spatiotemporal convolutional
network with retrospective convolution to detect the change
between the current frame and frames from historical
observation.

SEU-Net2 [44] is a Siamese encoder U-Net used to
encode the foreground and background to find the

ol

difference. Then, the decoder interprets the difference to the
binary mask. In the following experiments, SEU-Net2 shows
the best performance among the compared methods used in
this paper.

ADCDnet [10] fuses the absolute difference of multi-scale
deep convolutional features of image pairs to generate CD
results.

All compared methods are implemented with PyTorch [41]
and trained with the same super parameters on the same
training set.

Datasets We use the object-level CD benchmark datasets,
which is VL-CMU-CD [8] and CDnet [46], in our experiment.
Most changes of these datasets occur in a single image, which
coincides with the idea of the proposed method.

VL-CMU-CD [8] has 1362 image pairs of street views with
a long time span and various changes. The reference and query
images of VL-CMU-CD have different shooting angles,
shades, weather, and seasonal changes. The resolution of the
images in this dataset is 1024 X 768. We randomly select 80%
image pairs for training and the left 20%, for testing. To
expand the data, we randomly crop five image pairs from each
sampled image pair to generate a training set with 4001 image
pairs.

CDnet [46] has 31 videos that are captured in
different scenatios. The maximum resolution of the video
frames is 720 x 480. The videos that have small ROI regions
are removed. We select the image that has no changed objects
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FIGURE 6 The CD results of different change detectors on VL-CMU-CD

as reference image X, and the image that has changed as query
image Y. We randomly select 80% image pairs of each scene to
construct the training set. The left image pairs are used as the
testing set. Finally, we obtain a training set with 40,148 image
pairs and a testing set with 10,061 image pairs.
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To reduce the training time and obtain accurate detec-
tion results, we resize the images to 320 X 320 for training
and 480 x 480 for testing. Experimental results show that
the larger the image, the more detailed information is
retained.
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To train the CIS, we manually label the change image on
the two benchmark datasets. The image containing change is
labelled as ‘0°. The image without change is labelled as “1°. If
both of the images contain change, then we label the image
with the large change object as the change image. If X is a
change image, the label of the output of CIS is 0”. If Y is a
change image, the label of the output of CIS is ‘1.

Criteria We use Fl-measure (F1), precision (Pre), recall
(Re), specific (Sp), false positive ratio (FPR), false negative ratio
(FNR) and percentage of wrong classification (PWC) to eval-
uate different change detection methods. Among these criteria,
F1 is the harmonic mean of precision and recall, which is the
most important criterion.

4.2 | Results and analysis

421 | Results on VL-CMU-CD

Some CD results of different change detectors are shown in
Figure 6. Our method is capable of detecting changed objects
in various scenarios. In the second row of Figure 6, only the
proposed method detects the pole, which demonstrates that
our method is good at processing the details of the changed
object. In the last row of Figure 6, our method detects the
entire changed object while other methods only detect parts of
the changed object. Detecting from the change image may
alleviate introducing interference from another image, thereby
improving the CD results.

Table 1 shows the quantitative results of the different
change detectors on VL-CMU-CD. The F1 wvalues of
ADCDnet and SEU-Net2 are 0.9342 and 0.9251, respectively.
They are the only two methods among the compared CD
methods whose F1 values are higher than 0.9. The F1 value of
the proposed method is 0.9399, which is the highest one on
VL-CMU-CD. Compared with ADCDnet and SEU-Net2, the
proposed method achieves 0.61% and 1.60% relative F1 value
improvements, respectively. Besides the F1 value, other criteria
of the proposed method are better than those of compared
methods.

TABLE 1 Quantitative comparison of different change detection
methods on VL-CMU-CD. The first three values for each metric are

marked red, and blue, respectively

Method F1t+ Ret Pret Spt FPR] FNR| PWC|
MFCNET 0.7922 0.7854 0.8286 0.9879 0.0121 0.1714 2.1815
FCN 0.7947 0.7806 0.8504 0.9878 0.0122 0.1496 2.1508
ARPPNET 0.8576 0.8816 0.8554 0.9932 0.0068 0.1446 1.5913
SEU-Net2 0.9251 0.9287 0.9308 0.0692  0.8557
ADCDnet 0.9960 0.0040
Ours 0.9399 0.9357 0.9473 0.9963 0.0037 0.0527 0.6531

42.2 | Results on CDnet

Figure 7 shows the CD results of various CD methods on
CDnet. We can find that the proposed method can detect
the changed object under different scenes. Compared with
other CD methods, the proposed method has two merits.
The first merit is that the detected changed objects are
more complete than that of other compared methods, such
as the bicycle in the second row and the person in the
fifth row of Figure 7. The second merit is that the detec-
ted results of the proposed method are clearer in the
background as shown in the third and seventh rows of
Figure 7.

Table 2 shows the quantitative results of the various change
detectors on CDnet. The F1 value of ADCDnet is 0.8621,
which is the only method among the compared CD methods
whose F1 values are higher than 0.85. The F1 value of the
proposed method is 0.8826, which is the highest one on
CDnet. Compared with ADCDnet, the proposed method
achieves 2.4% relative I'1 value improvements. Besides the F1
value, the other criteria of the proposed method are also
increased.

4.2.3 | Running time

We test the running time of various CD methods on a 480 x
480 image pair. MFCNET is the fastest method, which takes
0.0171s. ADCDnet takes 0.1020s to obtain the best perfor-
mance. Our method takes 0.0986s to process an image pair.
Figure 8 shows the scatter of 1 value and running time.
Although the proposed method and ADCDnet are slower than
other compared CD methods, they achieve better
performance.

424 | Failure cases

The basic assumption of the proposed method is that the
change occurs on a single image. However, as shown in the
first row of Figure 9, in certain scenes, changes occur on
both of the two images. The proposed method may fail to
detect the change. Besides, our method faces difficulty in
detecting a small change that has similar appearance with the
background caused by the intense light irradiation, such as
the scene shown in the second row of Figure 9. In the third
row of Figure 9, our method only detects a small part of the
changed object.

5 | ABLATION STUDY

We conduct all ablation studies on VL-CMU-CD because it
has a relatively smaller training set than CDnet.

85U8017 SUOWILIOD BAER.D 8|qedl(dde auy Aq pausenob ae Ssppie YO ‘SN JO S9InJ oy Aig1T 8UIUO A1 O (SUORIPUOD-PUR-SWUBH WD A8 | 1M A1 1pul|UO//SANY) SUORIPUOD Pue SWie | 8U} 89S *[£202/60/T0] U0 Areigiauliuo A1 ‘Aisieaun Ajod Buodt BuoH Aq G60ZT Z15S/6v0T OT/10p/L00 A8 | Afelq 1 Ul |uo Yo eess e //:Sdy Wwoly pepeojumod ‘€ ‘220z ‘€896TSLT



HUANG ET AL.

335

Reference image X

Query image Y

GT

FCN MFCNET

SEU2 ARPPNET

MFCNET

FCN

ARPPNET

-

MFCNET

SEU2 ARPPNET

MFCNET

ARPPNET

MFCNET

I

ARPPNET

I

MFCNET

L)

I
l

ARPPNET

-.t"

]
n

MECNET
-~ z"‘

SEU2 ARPPNET

ADCDnet

FIGURE 7 The CD results of different change detectors on the CDnet dataset

5.1 | Petformance of CIS using different

convolutional features

Selecting the change image correctly and efficiently is essential
for the proposed method. We report the classification accuracy
and running time of CIS using features from different

convolutional layers that are extracted from images with the
size of 320 x 320 in Table 3. Except Conwv, the classification
accutacy of CIS with Conv, 45 is 100%. Although the accu-
racy of using the features from Conwv; is merely 99.4%, the
running time is 6.3 ms, which is the fastest. Thus, we use the
features extracted from Conwv, for efficiency.
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5.2 | Effect of size of F{ison

In CCPMG, we use a simple Siamese network with three
convolutional blocks to reduce the resolution of g™ and
Fgorwl to 80 x 80, 40 x 40 and 20 x 20. Thus the sizes of
Flp, Fip and F3p are 801 X 80, 40 x 40 and 20 x 20,
respectively. We can resize F, 3~ to different sizes and generate
a coarse change prior map. We resize these features into 20 X
20, 40 x 40, 80 x 80 and 160 X 160 and generate M,. Table 4
shows the quantitative results of using different feature sizes in
CCPMG. We can find that using 40 x 40 achieves the best
performance. Thus, we adopt a feature size of 40 x 40 for
CCPMG in our experiment.

5.3 | Visualisation of FEusion

We show some examples of the heat maps and feature maps of
learnt A’gon in Figure 10. We can find that the response values
of the heat maps of the changes are higher than that of the

TABLE 2 Quantitative comparison of different change detection
methods on CDnet. The first three values for each metric are marked red,
and blue, respectively

Method F11 Ret Pret Spt FPR| FNR| PWC |

backgrounds. From the feature maps of F/Zgion we can find

that parts of feature maps have high values on changes and
other feature maps have high values on backgrounds. That is
already have the ability of

localising the changes in each image pair. Thus, it is not

to say, the feature maps of A’gon

necessary to incorporate M, in our multi-scale change detec-
tion module.

Effectiveness of anq

5.4 |
We fuse the features in a top-down manner in the basic
feature extraction part. The generated feature is denoted as
F?nc‘. We directly use the original features of VGG16 to
demonstrate the effectiveness of this additional operation.
Table 5 shows the performance of different experiment
setups. Without using Fg“c‘, the F1 value of our method
drops to 0.9368, which demonstrates that F.™ is useful for

the proposed CD method.
5.5 | Importance of bottom-up feature
enhancement

Multi-scale change detection module adopts bottom-up feature
enhancement. We conduct experiments on the proposed

MFCNET 0.7416 0.7784 0.7517 0.9926 0.0074 0.2483 1.4072 network by removing bottom-up feature enhancement in the
FCN 0.7933 0.8286 0.7951 0.9951 0.0049 0.2049 1.1034 multi-scale change detection module. As shown in Table 6,
ARPPNET 0.8339 0.8354 0.8656 0.9956 0.0044 0.1344 0.8178 the F1 value of removing bOttom'uP. feaFUfe enhancement for
SEU-Net2 0.8103 0.7923 0.9907 0.0093 1.1468 the Proposed method is 0.9342, Wh.ICh is lower than the full
. version of the proposed method. This result demonstrates that
ADCDnet 0.8898 0.8554 0.1446 .
) the bottom-up featute enhancement can improve the feature
Ours 0.8826 0.9017 0.9968 0.0032 0.0983 0.5188 representational ability and lead to better CD performance.
0.94 r o
0.92
09 r
@® FCN
SEU2
0.88 @ ARPNET
) ADCDnet
3 MFCNET
Q
0.86 -
Z o @ Ours
&3
0.84
0.82
0.8 Y
O 78 1 1 1 1 1 1 1 1 1
0.02 0.03 0.04 0.05 0.06 0.07 0.08 0.09 0.1 0.11

Running time

FIGURE 8
for different change detectors

F1 value and running time trade-off
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Reference image

Query image

FIGURE 9 Fail cases of the proposed method

TABLE 3 The accuracy and processing time of CIS using features of
Convl-5 of VGG16

Enc;

TABLE 5 The performance of the proposed method without F(:
(w/0 Enc) in the basic feature extraction part. The bold is the best

Conv; Conv, Convs; Conv, Convs F11 Ret Prel Sp1 FPR| FNR | PWC|
Accuracy 99.4% 100% 100% 100% 100% w/o Enc 09368 0.9295 0.9480 0.9959 0.0041 0.0520 0.6842
Time (ms) 6.3 6.9 7.9 8.6 9.5 Ours 0.9399 0.9357 0.9473 0.9963 0.0037 0.0527  0.6531

TABLE 4 Different feature sizes for CCPMG. The bold is the best

Size FI1 Re! Pre? Sp! FPR] FNR| PWC|

20 0.8935 0.9048 0.8927 0.9950 0.0050 0.1073 1.0124
40 0.9086 0.9022 0.9268 0.9943 0.0057 0.0732  0.9464
80 0.9074  0.8959 0.9325 0.9941 0.0059 0.0675  0.9576
160 09043 0.9047 09156 0.9947 0.0053  0.0844 1.0369

6 | CONCLUSION

We have proposed an efficient change detection method with
the change image. The proposed method contains the change
image selector, coarse change prior map generator, and multi-
scale change detection. We can easily obtain the change image
and coarse position of the change with simple network at-
chitectures. Then, we treat CD as a coarse change map
refinement process by a multi-scale CD module with the
features extracted from the change image. Without using the
features of both images in the multi-scale CD module, our

TABLE 6 The performance of the proposed method without using
bottom-up feature enhancement. The bold is the best

F11 Re! Pre? Sp? FPR| FNR| PWC |

w/o bottom 0.9342 0.9337 0.9391 0.9961 0.0039 0.0609 0.7077
-up
Ours 0.9399 0.9357 0.9473 0.9963 0.0037 0.0527 0.6531

method can alleviate the bad affections caused by the un-
changed image. The resulting network is highly efficient in
achieving high detection performance. We have conducted
numerous experiments on VL-CMU-CD and CDnet datasets
to analyse our method. In our future work, we will investigate
a more complex problem where the change occurs on both
images.
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