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Fig.2 The technical roadmap of this paper
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Fig.4 Network structure of spatial range recognition of

tailing ponds using GF -6 satellite image
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Fig.5 The result of recognition of tailing ponds and the real boundary as reference

KA EIRERE . F1 - score JERE B3 RIA [ 51
VARPTIHL, R B I28 P e bR, X 3 MR bR
I T RS B AR e iR P
3 AN FEARIYTTHR T
TP

Precision = TP + FP ° (1)
TP
Recall = TP + FN (2)

Precision x Recall
F1 = score =2 x Precision + Recall ’ (3)

A TP RO REIEF IR B R BTG FN At
ARG AR B B oA 4G FP OB

(e) il

TR B R IT A8 TN AR R IE
NS SR ST v g8

FEAH ) I X, AN R] 945 H RS B an 2
3 R o BRI R P2 25 8] 75 1 B2 JOKS i
I 28, SR LRI AR R R AR SO A
RERESCUT o T RARSR T 1 S 30 5 1L ff o, 2 32 Jek
BT RBERE N 2 WA Z— AR B R E
WX BAROGHERFIE S A L ES /31 . AR
R RARUSR I B T fe 22, T BB I 9 X I O
T AR IEATF G %M 5t o EARBENLAR MR ARG B
T LR ML, (A J& M Precision |75 W #K FE 2=
PRARV/IN, T ELAE 3 NG B 48 A 3 AR AR SO



. 256 - [ERE

2021 4§

B0 ARSI EAEMRBAE R FA5 A4 2R 3R X

R E/N(E 5 f3& 3) , Precision, Recall , F1 — score

B3 13551 0. 874,0.843,0. 8585 #HLLZ T, AT

AR AR b RS B f e BT R UM ROCR B

U, BEAE NG SRR PR 2 )5 Bl Y A S B 75 K o
®k3 FEFGERBEITLL

Fig.3 The comparision of the accuracy of different methods

Jrik EHT;;E%/ Ef;ﬁgﬁ%;:zf; 7 Precision Recall i:ar:a
ENTE 384 533 71 585

zzjtji jiigziﬁi 5400 15917 120 0.874 0.843 0.858
& BWE 363962 92 156

ﬁm% i?ﬁjﬂ% 82 570 15 189 952 0-815 0.798 0.806
L BYUE 330776 125 342

égiiﬁﬂ jii;iiﬁs 79 948 15 192 574 0.8050.725 0.763
sERp B 312 467 143 651

zzzéﬂi jiiggfﬁi 80 981 15 191 541 0.794 0685 0.735

3.2 REXTLE

AR5 LR A ALs 1T B A ), 7 L3R 4.
T UL IAAR SO EE AR U R 25 RV R E 1Y
AT ASO ANR D7 SR s AT I AT T 483t n
F S Fno FORAUSR M T 05 36 S BL G B, BT LUAE
I ffi . SCRF 1) AL I FE I Al f o (R, 4
b7 A ARG I 8] 76 A ) 9 2 PR o AR
U, A SO EAE R B R LS AP T, SR
FRAR SCRF I AL o R AR A A B () TR RE DR AR [)
ARV LA R G R I LT AR /KT 1 BER IX e
P AL — 22 i FAR SO AR T AR S A

4 HHNRESH

Tab.4 Details about computer configuration

2550 [iNE

CPU Intel(R) Xeon(R) Gold5118 CPU @ 2.30 GHz

S NVIDIA GeForce RTX 2080 Ti

RAM 32 GB

#AEZRYS  Windowsl0

x5 AREFEWISEITEIE
Tab.5 Run time of different methods
ik IBATHE s

ARICT5 20
FEBLAR bR 35
SAEmELHL 65
N IS 13

4 ZhERE

ARSI R AR DX S Bl A R A 58 e
EIERTOR AR T2 T IRE A I WA 425 7]
TWHEEBERR Ik . R

1) ARSI I3 862 16 ORI IR BE 2 > Fl GF - 6

SAGTT e AT i 25 1B [ RERUM , 7 25 9 45 2130
W JE TSR LA M A Y Bar ik 25 SR e B 5 () FELHA )
5 P REAS 5 I PR 2 1) B A2 AR I A9 75K

2) 38 i A [F) 7 0k B TR ORI BE VR X LE
ARSCT59 B R ROCR AR RS I Sk 25 0 T BB AR
SRR R R RUSRIE S TR i

3) AR SCITIEAE N FE A 12 2 18] 91 ] ) 1] 37
# b5 U7 2 DR A AR [ 4 B K B[] i #E
REE 55 PHE) ™ BT S BRTT oK o

L bRk , A5 A A R R A
P 7 P S R T W 0 PP O RS B AT I o LA,
N T RE—BARTIA SO 3k R ARG BE , 7R R 1 T
VErpils 20t — 209 SE A IR = R AR R A R

2% 3Lk ( References) :

(1] IREMKVEGK , M T, 55 RO ETFHIM]. st im e Tl
WL, 20131 - 13.

Wo T S,Wang Y S,Xiao C B, et al. Manual of tailings pond[ M ].
Beijing : Metallurgical Industry Press,2013.1 —13.

[2] Rotta S,Henrique L, Alcantara E et al. The 2019 Brumadinho tail-
ings dam collapse : Possible cause and impacts of the worst human
and environmental disaster in Brazil [ J ]. International Journal of
Applied Earth Observation and Geoinformation,2020,90:102119.

[3] AU, 5k &, f3CRE, 4. SRR RO A i 4 PR B IR K R

PRI FIEFE ()] B PE %, 2012,24(3) : 154 — 158. doi:
10. 6046/ gtzyyg. 2012. 03.27.
Hao L N, Zhang Z,He W X, et al. Tailings reservoir recognition
factors of the high resolution remote sensing image in southeastern
of Hubei[ J]. Remote Sensing for Land and Resources,2012,24
(3) :154 - 158. doi:10. 6046/ gtzyyg. 2012.03.27.

[4] Ma B D,Chen Y T, Zhang S, et al. Remote sensing extraction
method of tailings ponds in ultra — low — grade iron mining area
based on spectral characteristics and texture entropy[ J]. Entropy,
2018,20(5) :345.

[5] Hao L N,Zhang Z, Yang X X. Mine tailing extraction indexes and
model using remote — sensing images in southeast Hubei Province
[J]. Environmental Earth Sciences,2019,78(15) :493.

(6] ®22A, R K, EEL, % RN — SR E

R BRI 53 [ T]. 2 523 (A L L, 2019,42(4) 298 -
101.
Cao L J,Wu B,Wang ] H, et al. Object — oriented information ex-
traction and analysis of the iron tailings with GF — 1 remote sensing
image[ J]. Geomatics & Spatial Information Technology,2019,42
(4):98 - 101.

[7] Fuentes M, Millard K, Laurin E. Big geospatial data analysis for
Canada’ s air pollutant emissions inventory ( APEI) : Using google
earth engine to estimate particulate matter from exposed mine dis-
turbance areas[ J ]. Giscience & Remote Sensing,2019,57(2):
245 -257.

(8] ESLAE. SCHF Il i AL 25 A T 1) X 4 £ 0 07 FR 1 g FH BF Y
[D]. dext: P EHBTRE (b)) ,2018.

Wang L T. Research on application of support vector machine com-



55 4 9

SR, %5 3ETF U - net MZEHI GF — 6 SR MY BT 43 () 71 FRlHA A1

- 257 -

[10]

[11]

[12]

bined with object oriented method for tailing pond extraction[ D].
Beijing; China University of Geosciences ( Beijing) ,2018.
Orimoloye 1 R, Ololade O O. Spatial evaluation of land — use dy-
namics in gold mining area using remote sensing and GIS technolo-
ey[ J]. International Journal of Environmental Science and Tech-
nology ,2020,17(11) :4465 —4480.

L T BRIEM, 45 FETIREE Y~ 1Y SSD B E W1 B
I T]. A ERRA B R SA 244 ,2020,37(3) :360 - 367.

Yan K, Shen T, Chen Z C, et al. Automatic extraction of tailing
pond based on SSD of deep learning[ J]. Journal of University of
Chinese Academy of Sciences,2020,37(3) ;360 —367.

Li Q T,Chen Z C,Zhang B, et al. Detection of tailings dams using
high — resolution satellite imagery and a single shot multibox detec-
tor in the Jing — Jin — Ji region, China[ J ]. Remote Sensing,2020,
12(16).

FRAM, NLLAE, 5 B TSR TS R B IR B A
CEAT PR Y B HL N P —— DA AR g e X Ry 1 [ 7). 9 URR
2£,2014,36(8) :1608 - 1617.

Wang J] W,Liu H J, Guo K. Mineral resource geological survey e-
valuation model based on a rough set theory: A case study in south-
eastern Yunnan [ J ]. Resources Science,2014,36 (8) ;1608 —
1617.

AL FRE I 4 8 1 1L R0 Hb 3R Ak 2 R AE 2 9% U SR B 3
HrID]. AEaT: o E R (e ) ,2019.

Pan H J. Geochemical characteristics and resource environment as-

sessment of tailings from typical metal mines in China[ D ]. Bei-

[16]

[17]

jing: China University of Geosciences( Beijing) ,2019.

Yang A X,Zhong B,Hu L F,et al. Radiometric cross — calibration
of the wide field view camera onboard GaoFen —6 in multispectral
bands[ J]. Remote Sensing, 2020,12(6) :1037.

Pl . 8BS N (M JEat: o B R Rk,
2016231 -234.

Yang K M. Remote sensing principle and applications [ M |. Bei-
jing : China University of Mining and Technology Press,2016:231
-234.

Ronneberger O, Fischer P, Brox T. U — Net ; Convolutional networks
for biomedical image segmentation| C]//Medical image Computing
and Computer — Assisted Intervention,2015:234 —241.

Deepsense A. Deep learning for satellite imagery via image segmen-
tation[ EB/OL]. (2017 -4 - 12) [2021 - 01 - 12 ]. https://
deepsense. i0/deep — learning — for — satellite — imagery — via — im-
age — segmentation/.

Zhu X L, Cheng Z Y, Wang S, et al. Coronary angiography image
segmentation based on PSPNet [ J]. Computer Methods and Pro-
grams in Biomedicine,2020,200(4) :105897.

Diaz V, Jairo J, Vlaminck M, et al. Solar panel detection within
complex backgrounds using thermal images acquired by UAVs[J].
Sensors ,2020,20(21) :6219.

Zhang L. X,Shen J K,Zhu B J. A research on an improved Unet —
based concrete crack detection algorithm [ J]. Structural Health

Monitoring — An International Journal ,2020 ;:1475921720940068.

Recognition of the spatial scopes of tailing ponds
based on U — Net and GF —6 images

ZHANG Chengye'”, XING Jianghe', LI Jun'?, SANG Xiao'
(1. College of Geoscience and Surveying Engineering, China University of Mining and Technology — Beijing ,

Beijing 100083, China; 2. State Key Laboratory of Coal Resources and Safe Mining, China University
of Mining and Technology — Beijing, Beijing 100083, China)

Abstract: It is of great significance for the monitoring and supervision of tailing ponds in China to realize the rapid

recognition of the spatial scopes of tailing ponds using the remote sensing technique. Based on the U — Net

framework , this paper proposes a deep learning — based intelligent recognition method of the spatial ranges of tailing

ponds using the remote sensing technique. The method proposed was verified in Honghe Hani and Yi Autonomous

Prefecture in Yunnan Province using Chinese GF — 6 satellite images. The results show that the precision, recall

rate, and F1 —score of the method were 0. 874, 0.843, and 0. 858, respectively, which were significantly better

than those obtained using the methods of random forest, support vector machine, and maximum likelihood.

Furthermore, the time consumption of the new method kept the same order of magnitude as that of the three

methods. Therefore, the method proposed in this study has a broad application prospect in the rapid monitoring of

the spatial scopes of tailing ponds in China.

Keywords: deep neural network; GF -6 satellite; tailing pond; recognition based on remote sensing images
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