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Detection of Building Changes in Remote Sensing Images via FlowS-Unet
GU Lian® XU Shi-Qi! ZHU Le-Qing?

Abstract Since manually detecting the situation of land resource utilization is arduous and inefficient, a smart building
change detection method based on deep convolutional network is proposed, which can detect newly emerged or expanded
buildings in each region of the high-resolution remote sensing images at real-time, thus can be used to manage the land
resources efficiently. This article proposes a model named FlowS-Unet by applying refinement and other improvements to
U-Net, which was inspired by hypercolumns and the refinement structure in FlowNet. First, the remote sensing images
were cropped, denoised, and semantically annotated to form the dataset which is further divided into the training set
and testing set, the training set is augmented to get enough training samples, and the mean value and variance of all
training images are calculated and used to normalize the dataset; Second, the training set is fed into the fully convolutional
network FlowS-Unet for training, which integrates multi-scale cross training, multiple losses and Adam algorithm for its
optimization. Finally, the predicted result of FlowS-Unet is further post-processed with dilating, eroding and hole-filling
to get the final segmentation result. By using manually segmented results as the ground truth, a comparison with several
different algorithms shows that the F1 score of FlowS-Unet is as high as 0.943, which is apparently better than the
predicted results of fully convolutional networks (FCN) and U-Net. Experimental results indicate that the newly emerged
or expanded buildings can be accurately detected at real time with FlowS-Unet. This model can also be applied to other
similar image detection problems.

Key words FlowS-Unet, change detection for buildings, fully convolutional networks (FCN), multi-scale cross training,
multiple losses
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Fig.1 An overview of end-to-end architecture of building change detection
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Table 1 The performance comparison of FlowS-Unet

5 Tk F1 %k (asbini/js)  mhil (s)
1 FlowS-Unet 0.933/0.943 62
2 FCN 0.858/0.873 50
3 U-Net 0.898/0.913 59
4 NTHRE 1.000 18000

N T E AR R A RIRCR, 18 10 R A
ANPGRS T B P AT i SR AR AR I s, HEAT )
VUBEE (R ETY RO IVAZE e SIS 2 N e
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JE LR R AT ET FCN Al U-Net 28773k, iX 4875
REFIEARIA B T B, r R I E R R 2, H
S EIA R SR, SRR LR R 2. K 10
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Fig.10 A quality comparison of FlowS-Unet and previous methods

*2 ZRUESRREING LM FL 280
Table 2 The F1 score comparison between multi-scale

cross and single-scale training and testing

WRE (BF)  BRE (BFR)  F1 5% (54BN /5)

224 224 0.903,/0.923
256 256 0.909/0.928
288 288 0.913/0.931
320 320 0.911/0.932

224 0.933/0.939

256 0.938/0.943

ZRE 288 0.939/0.945
320 0.939/0.944

£ R T 0.942/0.946

# 3 FlowS-Unet S5HAWBALEY F1 734 OB
Table 3 The F1 score comparison of FlowS-Unet and

other teams

14 0.890 0.914 0.861
% 2 4 (FlowS-Unet) 0.903 0.877 0.840
34 0.867 0.898 0.800
B4 K 0.706 0.870 0.842
54 0.879 0.936 0.823

W Ja A R ) A I ST SRR T S SRS

A A R 2 S PR FITERER, PR EL 2
B, Wk 10 2 2 MR EMR, AR LR IR S
FL, ARG 2 W B RR 5 % AL BIR e e 2,
1 A BEAT i AL HR A 45 2R B BE e T H bR AE. H
SR AR Y 2 H 2 8 SR A Y
WrE . PR SR I, BT EAYA S
72, RPN S5 R IC AR .

3 L£ERiE

BEXTH AR SRR AR DL AT 55 H
AN AT S7EBREER . IR AR T 2
R, ASSCHR M T — OB T R 22 19 2% 1) Y RE R 3R
PRSI TT IR, RFOR B BARh 28 M A 2 5 e 7
PEPBEIME G, FEo 20 1R B
{E, Bh B i BRAC) S L, 3 BBURF S B
A B AL, BA AL SN ES 25
YrfE. — 7 R R Ty . A, JH—
. Bl 45 0y 5K, Ab PR Y ot i 0 22 ROBEFE
LRl & S sl DRSS S X A M4 . —
Jr T, FEAE A 2 M 2% Rl B ) FlowS-Unet
PR, REHAFHRE B PRGBS m 200 UE R
e B i, HAEREAS R S B AR AE 1 R AT
T, SAI/NRIAL, 358 25 RIRRE ST B Ja b
R 28 I ) 25 R EAT I L Bk DA B I 58 AL 5 —
ZIV AL, (AR RIRCR e, Wil 555
AN LRSS Rt e & B0, 1% 05 YK RE 8 PRod R 1]
WAy . ANTEFAS A AN WE T R DR
PP o B SR SR O T Y 2 S, I SE RE R H AR



6 1 JiREE: BT FlowS-Unet (4182 &1 R 2 ST A8 e 1299

oIk, BARRE. WL H HtImikiE
A HE AR AT 2 Bh Y PR DT S T T, R 2 B
AT A AR S ER e Y R I <, L2
R Sl R AR HeAth SUR AT B MY e, RoA
FER SRR Y. BRI RRE AR, %5
HELAANTENEA, VBRI PR RES A 4R T i
FE PR G H R S0 A8 AL 1 0 B v ek )
PR T EEBTEHIN A

References

1 Beumier C, Idrissa M. Building change detection from
uniform regions. In: Proceedings of the 17th Iberoameri-
can Congress Pattern Recognition, Image Analysis, Com-
puter Vision, and Applications. Buenos Aires, Argentina:
Springer, 2012. 648—655

2 Turker M, Sumer E. Building-based damage detection due
to earthquake using the watershed segmentation of the post-
event aerial images. International Journal of Remote Sens-
ing, 2008, 29(11): 3073—3089

3 Huang X, Zhang L. P, Zhu T T. Building change detection
from multitemporal high-resolution remotely sensed images
based on a morphological building index. IEEE Journal of
Selected Topics in Applied Earth Observations and Remote
Sensing, 2014, 7(1): 105—115

4 Zhou Ze-Ming, Meng Yong, Huang Si-Xun, Hu Bao-Peng.
Building segmentation of spaceborne SAR images based on
energy minimization. Acta Automatica Sinica, 2016, 42(2):
279—289
CRIMIBE, d5s, BRI, SIS BT Rk MUY B3 SAR KR
AR HELER, 2016, 42(2): 279—289)

5 Li Wei-Ming, Wu Yi-Hong, Hu Zhan-Yi. Urban change de-
tection under large view and illumination variations. Acta
Automatica Sinica, 2009, 35(5): 449—461
(I, SRBAL, 0 S WA RO R A 38 A P2 G T v
W5, EshfkaiR, 2009, 35(5): 449—461)

6 Tian Hao, Yang Jian, Wang Yan-Ming, Li Guo-Hui. To-
wards automatic building extraction: Variational level
set model using prior shape knowledge. Acta Automatica
Sinica, 2010, 36(11): 1502—1511
(HZ, B, EEW, FEE. B T5ERBRATRPEBI R
PIRBOS . B4R, 2010, 36(11): 1502—1511)

7 Liu B, Tang K, Liang J. A bottom-up/top-down hybrid al-
gorithm for model-based building detection in single very
high resolution SAR image. IEEE Geoscience and Remote
Sensing Letters, 2017, 14(6): 926—930

8 Lukashevich P, Zalessky B, Belotserkovsky A. Building de-
tection on aerial and space images. In: Proceedings of the
2017 International Conference on Information and Digital
Technologies (IDT). Zilina, Slovakia: IEEE, 2017. 246—251

9 Shi Wen-Zao, Mao Zheng-Yuan. The research on building
change detection from high resolution remotely sensed im-
agery based on graph-cut segmentation. Journal of Geo-
Information Science, 2016, 18(3): 423—432
(MESCkE, BEOT. BT 5 B0 & 2 P B @ 5T 728 (A Dl
WEE. HERfF BRI, 2016, 18(3): 423—432)

10

11

12

13

14

15

16

17

18

19

20

21

22

Krizhevsky A, Sutskever I, Hinton G E. ImageNet classifica-
tion with deep convolutional neural networks. In: Proceed-
ings of the 25th International Conference on Neural Informa-
tion Processing Systems. Nevada, USA: Curran Associates
Inc., 2012. 1097—1105

Simonyan K, Zisserman A. Very deep convolutional net-
works for large-scale image recognition. In: Proceedings of
the 3rd International Conference on Learning Representa-
tions. San Diego, California, USA, 2015. 1-14

Long J, Shelhamer E, Darrell T. Fully convolutional net-
works for semantic segmentation. In: Proceedings of the
2015 IEEE Conference on Computer Vision and Pattern
Recognition (CVPR). Boston, MA, USA: IEEE, 2015. 3431
—3440

Yuan J Y. Automatic building extraction in aerial scenes
using convolutional networks. arXiv: 1602.06564, 2016.

Ronneberger O, Fischer P, Brox T. U-Net: Convolutional
networks for biomedical image segmentation. In: Proceed-
ings of the 18th Medical Image Computing and Computer-
Assisted Intervention. Munich, Germany: Springer, 2015.
234—241

Hariharan B, Arbeldez B, Girshick R, Malik J. Hyper-
columns for object segmentation and fine-grained localiza-
tion. In: Proceedings of the 2015 IEEE Conference on Com-
puter Vision and Pattern Recognition (CVPR). Boston,
MA, USA: IEEE, 2015. 447—456

Dosovitskiy A, Fischer P, Ilg E, Hausser P, Hazirbas C,
Golkov V, et al. FlowNet: Learning optical flow with convo-
lutional networks. In: Proceedings of the 2015 IEEE Inter-
national Conference on Computer Vision (ICCV). Santiago,
Chile: IEEE, 2015. 2758—2766

Chen Wen-Kang. Remote sensing image detection of rural
buildings based on deep learning algorithm. Surveying and
Mapping, 2016, 39(5): 227—230

(BRSCRRE. BT IR 2 2] W RO T S i R ARG . W2, 2016,
39(5): 227—-230)

Silberman N, Sontag D, Fergus R. Instance segmentation
of indoor scenes using a coverage loss. In: Proceedings of
the 13th European Conference on Computer Vision. Zurich,
Switzerland: Springer, 2014. 616—631

Farabet C, Couprie C, Najman L, LeCun Y. Learning hierar-
chical features for scene labeling. IEEE Transactions on Pat-
tern Analysis and Machine Intelligence, 2013, 35(8): 1915—
1929

Zhang A, Liu X M, Gros A, Tiecke T. Building detection
from satellite images on a global scale. arXiv: 1707.08952,
2017.

Ghaffarian S, Ghaffarian S. Automatic building detection
based on supervised classification using high resolution
Google earth images. In: Proceedings of the 2014 ISPRS
Technical Commission III Symposium. Zurich, Switzerland:
ISPRS, 2014. 101—106

Shu Z, Hu X Y, Sun J. Center-point-guided proposal gener-
ation for detection of small and dense buildings in aerial im-
agery. IEEE Geoscience and Remote Sensing Letters, 2018,
15(7): 1100—1104



1300 H 3l

¥ 46 %%

23

24

25

26

27

28

29

30

31

32

Yang H L, Lunga D, Yuan J Y. Toward country scale build-
ing detection with convolutional neural network using aerial
images. In: Proceedings of the 2017 IEEE International Geo-
science and Remote Sensing Symposium (IGARSS). Fort
Worth, TX, USA: IEEE, 2017. 870—873

Sun L, Tang Y Q, Zhang L P. Rural building detection in
high-resolution imagery based on a two-stage CNN model.
IEEE Geoscience and Remote Sensing Letters, 2017, 14(11):
1998—-2002

Vakalopoulou M, Bus N, Karantzalos K, Paragios N. Inte-
grating edge/boundary priors with classification scores for
building detection in very high resolution data. In: Pro-
ceedings of the 2017 IEEE International Geoscience and
Remote Sensing Symposium (IGARSS). Fort Worth, TX,
USA: IEEE, 2017. 3309—3312

Canny J. A computational approach to edge detection.
IEEE Transactions on Pattern Analysis and Machine In-
telligence, 1986, PAMI-8(6): 679—698

Wei Ya-Xing, Wang Li-Wen. Analysis of enhancement meth-
ods about satellite images. Geomatics and Spatial Informa-
tion Technology, 2006, 29(2): 4—7

(PIRE, EHE. BEEIRIE I L. W2 528 s 8,
2006, 29(2): 4—7)

Cai B L, Xu X M, Jia K, Qing C M, Tao D C. De-
hazeNet: An end-to-end system for single image haze
removal. IEEE Transactions on Image Processing, 2016,
25(11): 5187—5198

Glorot X, Bordes A, Bengio Y. Deep sparse rectifier neural
networks. Journal of Machine Learning Research, 2011, 15:
315—323

Toffe S, Szegedy C. Batch normalization: Accelerating deep
network training by reducing internal covariate shift. In:
Proceedings of the 32nd International Conference on Ma-
chine Learning. Lille, France: JMLR, 2015. 448—456

Zeiler M D, Krishnan D, Taylor G W, Fergus R. Deconvo-
lutional networks. In: Proceedings of the 2010 IEEE Com-
puter Society Conference on Computer Vision and Pattern
Recognition. San Francisco, CA, USA: IEEE, 2010. 2528—
2535

Srivastava N, Hinton G, Krizhevsky A, Sutskever I,
Salakhutdinov R. Dropout: A simple way to prevent neu-
ral networks from overfitting. Journal of Machine Learning
Research, 2014, 15(1): 1929—1958

33 Lin T Y, Dollar P, Girshick R, He K M, Hariharan B, Be-
longie S. Feature pyramid networks for object detection.
In: Proceedings of the 2017 IEEE Conference on Computer
Vision and Pattern Recognition (CVPR). Honolulu, USA:
IEEE, 2017. 936—944

34 Kingma D P, Ba J. Adam: A method for stochastic op-
timization. In: Proceedings of the 3rd International Con-
ference on Learning Representations. San Diego, CA, USA:
2015. 1-15

B WL LR R EL S E R L

i o U T R 1 S b 1 el A

BAb B, AP

E-mail: guliancv@163.com

(GU Lian Master student at the

School of Computer and Information

=7 Engineering, Zhejiang Gongshang Uni-
versity. Her research interest covers im-

age processing and pattern recognition.)

VR LTRSS S T
BBk £ ORI
B, ).

E-mail: xushiqitc@163.com

(XU Shi-Qi Master student at the
School of Computer and Information
Engineering, Zhejiang Gongshang Uni-

versity. His research interest covers
data mining and deep learning.)

HIRK WL TR RZEH BN S FERL
P Bt B0z E RS 5 )k g AL
P, B, PURAC . ASCEAE L.
E-mail: zhuleqing@zjgsu.edu.cn
(ZHU Le-Qing Associate professor
at the School of Computer and Informa-
tion Engineering, Zhejiang Gongshang
University. Her research interest covers
image processing, pattern recognition, and video process-
ing. Corresponding author of this paper.)



