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Automatic detection of newly increased construction land
based on deep learning and multi-source remote sensing data
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Abstract: The automatic detection of new construction land can provide a new and effective technical
support for the protection of natural resources. Taking Guigang city of Guangxi Province as the re-
search area, this paper proposes an automatic detection method for new construction land based on
deep learning and multi-source remote sensing data. Firstly, in training area the high-resolution remote
sensing image is performed preprocessing, data augmentation and difference processing to obtain train-
ing data. Secondly, deep learning semantic segmentation model(DeepLabv3+)is used for image train-
ing, tuning; and then according to the extraction results of the area where remote sensing image ( Senti-
nel-2A) changed, the regions where newly increased construction land might appear are screened in
the test area. Finally, the automatic detection results of newly increased construction land under differ-

ent cropping overlap rates are verified. The results show that: 1) In the test area, the higher the crop-
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ping overlap rate is, the higher the patches detection accuracy will be; whereas at the same time, the

calculation amount of detection and the patches error rate increase. When the cropping overlap rate is

70%, a good balance can be achieved between the detection accuracy, calculation amount and the

patches error rate. 2) A cropping overlap rate of 70% delivers 85. 16% detection accuracy of the newly

increased construction land patches, 36. 57% misclassification rate, 57. 23% IoU of the average patches

and 74. 52% detection area ratio.

Key words: deep learning; multi-source remotes sensing data; newly increased construction land;

urban and rural planning
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Fig. 2 High resolution image preprocessing in training area
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Table 3 The detection results of newly increased construction

land with different cropping overlap rate

By by Ll

KR I% 50 1%

HER 9 KB E/%
10 2087 64. 06 35.94 28.09
20 2621 65.23 34.77 25.00
30 3411 67.19 32.81 27.40
40 4630 69.53 30. 47 29.32
50 6 641 70. 31 29. 69 31.77
60 10 445 76.17 23.83 32.79
70 18 707 85.16 16.73 36.57
80 41514 87.50 12. 50 45.10
90 172 614 92.18 7.82 56. 80

(A) MK

41

IE R 5t
COsHEK
COs8 5 B3R

(B) X A [FIToUAGHMI 5 R

(a) IoU=86.07% (c) 10U=59.77%
P 7 3 ¥

K8 X B G 45 2R

Fig. 8 The detection results in test area

BB RGBS, B0 36. 57%, KBorHE
3 VR BRE 4 A7 6 38 T ) L o g 3 Tl 1) X3, 4y
P15 R 9K BEAS I LB R IR AR, (L I I A i Tl
IRFEASIE: PR by 215 ) b 1y s ol A 7 0% 8 5
o X8 I X A A 5 2 SR AT S,
90% 4G I3 ToU G FE R T-0. 2, Hh A 62. 68%
ARG T BE ToU KT 50% . FEAIN A I BEH, ToU fie
KA 95.77%, fe/MAR 1. 57%, EBEFToU K
57.23%, 7% FEIHREFL795. 06 hm®, i E BEAH

AL 592, 53 hm?, KT AL 74, 52% .
4 & ik

A SO IRAT ) 3k FH b A I 7 s 20 7 T AP,
B Y A0 Tk R ML A B S RN R, 1R
T T 5 R 2 ) 2 U R AR (1) i 4
W L B BRI vk . LA P St T O AT X
TE 155 40 B R 18 S A5 L X 448 U M R B R AT
PRic . AbER . YNSRI 2R I AR RL RS AU Y A []
FREAE S B 28 3£ 47 53 B, 6 4% DenseNet161 /E
DeepLabv3+ 1 3= T REAESE UM 25 5 4 15 40 PR 350
8 5 Sentinel -2A SLAR W AS AL IX B AHSS &, SEER
HUE NS IR R H Y A, B
IR SR T FF A TR TR S 800 0 B e A R
AR R R R, e 3 B X S [ 7 28 59
B BT R BREAGH RS B s A T e Al . SRR,
70% 14 #% 55 H S SRR AE 1T IA 1 5 B BEAS RS
433 22 () BE U B AT i P, AR DK DX 5] B
K6 I TE B 2% 85. 16%, 4 43 % 36. 57%, KIBEF-
loU 24 57.23%, 62.68% & & 1) ToU 7E 50% LA I,
SR T FRAG I 28 74. 52% ., A SCHIBFSE R £ 5
BB BRI E S IRE SR A, ERZES
R B v | KA SN NS N 5 DO PR ER . B B Wl = P21 B oL
W EM, fE—EBE LD T AT BRI Sk
FRNER TAER, ARl A b PR —
FRT ) TAEFB, fE— @ B B id i iy
AT VRS B S TR

A SCHY B 5T N 25 2 i B i 2 FH Tk R 1Y
— NI S, BRI IS O i R A I R K A E
R EEE, (BAA 5 R %, R ToU i,
S B o B A i 32 B D R A A R Y A AL
J& T A A 7 1 3l T SO AR R I AR, AR
TEAE AR I PR T A B A8 Ak R D) Yy 50 A —
A, AHAE I DX AT R RE AR G b A R st m) R
BEAN, 7F Ja S S50 b ] DL ke Al 28 8 ) e 15
FH MBS AR, 07K A AR R b sl K AR AR HE SR A
HY T 52 5 T B A s o B R AR t 2 IR AR DR
AL, FEHB4> X 38 5 B A 286 . st
T 2E SRR, A SR Y A R Rk
B 2ZE B AR . TESR S s, Ml A
AEACL A 7 1) 12 4 B 3R S AR R i — 2D D B o R
PR I BE ToU, I P 455 25 25 i 28 10 24 25 4 o) 37 38
AW A SR AT — 2T



36

iRzl (ARBRARRD . (h9Es0)

%61 4

SE 3k

[1]

(2]

(3]

[4]

9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

BRIV MR . E AR 70 4R Y [l R R LT ).
2RI, 2019(9) - 1-9.

rfrA N BT ] 4 B RS . 2016 4F v [ E £ BEE
AR e N RN [ R, 2017,

E. TREBRA NS RBREBEERT] Wi
RIEIR, 2001(19):

Mt , S/ R . G T R P TR R U T R
TP L s A A W DL oA [0 . 75 ¥ [ L 220, 2005

(1):24-26.

FABIR . — R T 38 G AR BE AL 7 P b TS 4 T
Jrk g y]. Mg 525 MRS £, 2020, 43(3) .
175-177.

“BEIRT T AR AR . TR IR A A S GIE, RS S

TED ] BEIEFTI,2008(12) - 41.

W AR, AR, A TR IR

F I R GRS ] AR FIR 2740, 2020, 35

(1):97-102.

AR, XIS, 287K A L T b B 17 1 B AL

FiHb it %@“WMﬁ%U]%ammgmmww%

1051-1056.

RIS , SIS, R, 45 . s (] BRI RUAR T 1Y

B AR [T ], 223048, 2018(4) 1 108-111.

PN . TS B 55 F 5 B9 L B S A
oI AR GERTFE (D], F AT B AR, 2011,

LECUN Y, BENGIO Y, HINTON G. Deep learning

[J]. Nature, 2015, 521(7553): 436-444.

PRV IRFEN . TR R 22 R 4 e T LA

T LI T £k (], K R 46 S Ak FE, 2016, 31

(1):1-17.

VOULODIMOS A, DOULAMIS N, DOULAMIS A,

et al. Deep learning for computer vision: A brief re-

view [J].

ence,2018,2018: 1-13.

MAL, LIUY, ZHANG X, et al. Deep learning in re-

Computational Intelligence and Neurosci-

mote sensing applications: A meta-analysis and review
[J]. ISPRS Journal of Photogrammetry and Remote
Sensing, 2019, 152: 166-177.

P . T A B 2 R 24 1 o R B
P [D]. AT BT, 2018.
LI W, DONG R, FU H,

L»E')/,f%@
et al. Integrating google
carth imagery with landsat data to improve 30 m reso-
lution land cover mapping[J]. Remote Sensing of En-

vironment, 2020, 237: 111563.

[17]

[18]

[19]

[20]

[21]

[22]

(23]

[24]

[25]

[26]

[27]

(28]

WONG S C, GATT A, STAMATESCU V, et al. Un-
derstanding data augmentation for classification:
when to warp? [C]//2016 International Conference on
Digital Image Computing : Techniques and Applications
(DICTA). IEEE, 2016: 1-6.

2t e RS L Al . R TR B M L AR
E LRI AL ST, 2020,37(8) : 2241
2247.

WRE (TR B, 5L . T Ak ) B 204 (CVA) Y £
b ) FH /2 A Bl 28 M (XD —— 2 AL AL A
Jrik[I]. wIgEAAR,2001(5) :346-352.

o . BT 2 AR B IR IFMR B2 AU I (D], K
W BB AR R, 2005,

5. BT EBGEAR AR (D], 2RI
K22, 2005.
TRAR L, B AR, 2R, A E AR A I Ty I A

LRR[T]. EIRIE R ,2005(5) :64-66.
SHELHAMER E, LONG J, DARRELL T. Fully con-
volutional networks for semantic segmentation [C]//
Proceedings of the IEEE Conference on Computer Vi-
sion and Pattern Recognition, 2015: 3431-3440.
RONNEBERGER O, FISCHER P, BROX T. U-Net:
Convolutional networks for biomedical image segmen-
tation[ C ]//International Conference on Medical Image
Computing and Computer-assisted Intervention, 2015:
234-241.

BADRINARAYANAN V, KENDALL A, CIPOLLA
R. SegNet: A deep convolutional encoder-decoder ar-
chitecture for image segmentation[J]. IEEE Trans Pat-
tern Anal Mach Intell, 2017, 39(12): 2481-2495.
CHEN L, PAPANDREOU G, KOKKINOS 1, et al.
DeepLab: Semantic image segmentation with deep
convolutional nets, atrous convolution, and fully con-
nected CRFs[J]. IEEE Transactions on Pattern Analy-
sis and Machine Intelligence, 2017, 40(4): 834-848.
CHEN L, PAPANDREOU G, KOKKINOS I, et al.
Semantic image segmentation with deep convolutional
nets and fully connected CRFS [J]. Computer Sci-
ence, 2014(4):357-361.

LIU C, CHEN L, SCHROFF F, et al. Auto-Deep-
Lab: Hierarchical neural architecture search for se-
mantic image segmentation [ C]//Proceedings of the

IEEE Conference on Computer Vision and Pattern Rec-



2 4]

SIS, A B TURBEE T 5 U B R A B b S 37

[29]

[30]

[31]

[32]

[33]

[34]

ognition,2019: 82-92.

CHEN L, PAPANDREOU G, SCHROFF F, et al.
Rethinking atrous convolution for semantic image seg-
mentation[J]. Computer Vision and Pattern Recogni-
tion, arXiv preprint arXiv:1706. 05587,2017.

CHEN L, ZHU Y, PAPANDREOU G, et al. Encod-
er-decoder with atrous separable convolution for se-
mantic image segmentation [ C]//Proceedings of the
European Conference on Computer Vision (ECCV) ,
2018: 801-818.

LIN G, MILAN A, SHEN C, et al. RefineNet:
Multi-path refinement networks for high-resolution se-
mantic segmentation [(cly Proceedings of the IEEE
Conference on Computer Vision and Pattern Recogni-
tion, 2016.

ZHAO H, SHI J, QI X, et al. Pyramid scene parsing
network [ C ]//Proceedings of the IEEE Conference on
Computer Vision and Pattern Recognition, 2017:
2881-2890.

NIELSEN A A. The regularized iteratively reweighted
MAD method for change detection in multi- and hyper-
spectral data[J]. IEEE Transactions on Image Process-
ing, 2007, 16(2): 463-478.

NIELSEN A A, CONRADSEN K, SIMPSON 17 J.
Multivariate alteration detection (MAD) and MAF

[35]

[36]

[37]

[38]

[39]

[40]

postprocessing in multispectral, bitemporal image da-
ta: New approaches to change detection studies [J].
Remote Sensing of Environment, 1998, 64(1): 1-19.
REYNOLDS D A. Gaussian mixture models[J]. En-
cyclopedia of Biometrics, 2009(741): 659-663.
SIMONYAN K, ZISSERMAN A. Very deep convolu-
tional networks for large-scale image recognition [J].
Computer Vision and Pattern Recognition, 2014, arX-
iv preprint arXiv: 1409. 1556.

HE K, ZHANG X, REN S, et al. Deep residual
learning for image recognition[ C ]/ Proceedings of the
IEEE Conference on Computer Vision and Pattern Rec-
ognition, 2016: 770-778.

HUANG G, LIU Z, VAN DER MAATEN L. Dense-
ly connected convolutional networks [ C J//Proceedings
of the IEEE Conference on Computer Vision and Pat-
tern Recognition, 2017: 4700-4708.

SZEGEDY C, LIU W, JIA'Y, et al. Going deeper
with convolutions [ C ]//Proceedings of the IEEE Con-
ference on Computer Vision and Pattern Recognition,
2014: 1-9.

SANDLER M, HOWARD A, ZHU M, et al. Mo-
bileNetV2: Inverted residuals and linear bottlenecks
[C]//Proceedings of the IEEE Conference on Computer
Vision and Pattern Recognition, 2018: 4510-4520.

(REHRE FHE)



