1,2,%' 1,2,34,7]' I_ 1,2,34,7'[ 1,2,34,7'[ 1,2,:1 5|
1,2,34'|' _ 6,7‘I‘ 1,2,3
1. b T 100048
2. n. : 100048
3. b - 100048
4 b T 100048
5. "3 b "3 - 610066
6.T o 100081
7. T I7l b - 100081
' cbD v N G ) v
i A 6 PSInSAR O . . 1k v H ~ b B
B - G z L " AM-LSTM™ b i} M7 B
A T M T 2010 11 2016 8 153 mm/y
[ 1063mnY B ¢ W23 3 T G AM-LSTM ngb LSTM N
Y 22%° 37 AM-LSTM z TR A B A
W L A
T * AM-LSTM b B B z
e N
Yo y © 1995 " i A Email: rainxinyuao@163.com
2 vy ¥ 1980 yH A Email: in.cnu@cnweducn



[}

Biot

B T 2013 N
20157 - © 2000 N
Y b |7lv ro 4
2013 D Y 202 AT T
v W b
p V] P b G
K " Y 2007 A
T " Y 2020A 6
60 @ MO )
h " BP
50 @ i .
Back Propagation " T 2011
2019°A v TH
Zhu ~ 2013 20183 Wang ~ 2019a
w7 0 ~ w 9 n
- W 2006 -
A
2016 a ~ xa - 200 , -
%o b b |7l
2016"a RecurrentNeural Network
A h N H
RNN™ © 2020 v 7 2020 o
G L G : A
* 2027°A RNN T
L h z
A "~ 2016 # H  RNN 8
v Francesco ~ 2013
" Long ShortTerm Memory LSTM a
© 2018 Rogers 2016 T 2018~
¥ "H Gated Recurrent UnitGRU™™ D BP
G i g~ A
No ~
H a
¢ RNN nebl BP A
p" A v pa R S 4
1 7 2020 # RNN
a "t L3, %0
No# il 0 P
| ©~ 2011"A ¢ ‘
) r Permanent ScattefePS’ !
N G A
A o ~ 2021 LSTM
0 A ¢ 0 h


https://scholar.cnki.net/home/search?sw=6&sw-input=J.%20David%20Rogers

G
a 'H ar a
N 0 G
LSTM - v
27%A;':  RNN C
H T 0 - i
AL ~ 20200 # LSTM
A } 0
H M Y G M Ap
- b
Au =, RNN
z° G6A° b b
A
LSTM G W 5
LA H T G i
Apr LSTM @ ~
b ~ 37 €
¥ 2020~ A z L~ Attention Mechanist
AM™ G - W "
"ENg B "E

T #° Tsdsos

¥ 1995 A Bahdanau ~ 2014

. 6\
3 k-
AM i Tl
) z T
- H ooy
Nl w T %o
%  AD LSTM
Lo F LB
A
2014 AMi LSTM
No -
v E No
z L

(el}]

KFTA

Mnih ~ ~

A

Attention

MechanismLong ShortTerm Memory AM-LSTM”™

Liang

Ding = 2020”7 »

bubeH
p 9 Ay ~ W
v~ I7L B
64m ¥ 2010

7 N

2018 Liu

c

249m

T 2020

A

1978

v 2013°A

0 uH



A 2013 | I
mm M 4,300 km*  \
68% [ 1,495 mri
2016°A

Aperture Radar InSAR”

[ “ Fermetti

Interferometric Synthetic

© 20007

Persistat Scatteer

50

M

¥ B

Interferametic Syntheic Aperture Ridar PSINSAR

- ® D InSAR [
b i A
¢ PSInSAR a
Ly v i v "
*~ Zhu ~ 2015 20200 Guo ~ 2019 Lyu
2020 Li - 20217A. A
) M. H L ¢ K.
wH ~ Zuo - 2009A W
h - HnoA
~ Zhou ~ 2019 Chen ~ 2020°A
Y K w v G PSInSAR
0 M 2010 11 -2016 8 H
’ b 0 M T B
b B il B - G AM-

LSTM -
Ne s’ Z
B A
b L
2 i
2.1 v
MPB G, rK T

K 11622 Nj~ 15414 A

TN - 5,301 km*
v a Ma gv i T ¢
R” 19782019
535.2mmi P
aj ' A
. " 3 3
Y W h” Y 2016 A
' wa H 2
T G 50ni
a - ! i
- - W
Ne# 4 50-100 ma 100-180 ni
a TITTTw A4

K

p>)

3943~40A 030 Nj



1Qs O .3 Y

i oA h G 3a N L . . )
Table 1 Monitoring depthinformatian of six groundwater level
monitoring points
A h - N _g P
B w4 LA
tmT “mT tomT
v e o A 29 60 112
20167 : A G 180m 7! B 9 62 9
c 25 55 15
5 5 5 D 20 100 211
h G G 3 Y E 36 111 202
F 22 53 12
b 724 A PSINSAR " Ferretti ~ 2000°
\ - W I SAR E 01 T
© 2003-2015 G 110 mm/iyr PS ~ ' P Ne " ¢ i
1,500mni Zhou ~ 2018"A itH - Y A Ps-
j\ INSAR h 1" h "E %o
e Ne vt 6 Ps 3
BT 7 " 4 PS i T A @
PS-INSAR U] " Line of Sight
: KW
LOS i - t  LOS &
£ R .
A [ A M i G
1 M Ne P 5 5
T Ng 201T B
Fig.1 Distribution d study area
Tw E T T PSINSAR (
22 6
LOS iH ) v
© ' 2010 11 22
i A
2016 8 10 " 54 RADARSAT-2 °“E 2010
D,=D,/cosg g
10 2016 12 6@ W B Q
T D,u i © mmy’ D4 LOS
a w4 i oA
i T ommly? Qu - A
B - 1 6@ 2012 %0
[ B B PS - 0



B

FIHAFR (mm)

LDl (mm)

Rityis (mm)

201001 200101 201209 201308 201407 201506 201605
100 7 : : : i . -
0
£
100 N>
D
200 Rt
®¥
300 2
“
E
400
Sy © A h @ e
2 N N A " N N P O
R T R RS S R e
AT AT T T T T T 0BT e e
(A)
01001 201000 201209 201308 201407 201506 201605
T T T T T T T T
0
1
200 z
o =
E
400 '_f_
1 &
®
600 2
e
2
-800
9
i it e R Y
R RS RS
B T R g S R i gL
R A I O I S
(o))
201011 200101 2012090 201308 201407 201506 201605
20
ol
20 -
g
“r -
o)
-60 |- i~
L}'
80 *
%
-100 | Fe
R
120 - 5
40 |
1 1 1 I 1 1 1 1 1 1 1

=

4 G InSAR

o

300m I Mp PS

80% PS buw AM-

» RS P 0® et
N

RS \® B e
A 4 A A0 o A0 o 2 R A0
(LR 8 LS T LS S agis
L PO

W

(E)

A HOFAOKRCRA A FH: FARIGREAN O PS

2% B

FitpibER (mm)

Fotvikes (mm)

FHBEE (mm)

No#

199 mmA

2010.11 2011.01 2012.09 2013.08
I T T T T

2014.07
T

[120 185] pAB

[ 768 mm

2015.06
T

wH
870mnmi E F

NeZ w112 mm

2016.08
T

0k
<100
=200
-300
-400
~500
-600
-700
-800

L I i L 1 L

L

1

L

R AK AR (m)

L L

*3 > \Y \J 13 )
RS T T S i
AT T et e

‘“\3- wy

0
(B)

2010.11 201101 2012.09 2013.08

ot

W

2014.07

AN
ORI
A

2®

2015.06

o
N

o e

2016.05

of-c
ELERER
a0

-200

=300

-400 -

1

MR ATERE ()

500 Lot 1 1 L L 1

B o o o P o >
B S C ay UL RN SR S
E N A OO O S

(D)

2013.08

201011

2011.01 2012.09

2014.07

i ' 1 L L !

WIS - RPX )

R

W

201506 201605
C

5 fE

=
f__’
.E,
¥
}l_
=
=

L L L 10

W
A

D @ A o P P o o3 a0t SR
2P @V oM o e o o oM 0¥ o e
1&‘“‘\ in\"“ -Le\“\ -,p\"'\ '\,0\"“519\3‘\ ap\"“ w\"w mw\5931u\5'\ w\““§

(F)
— K

I v¥p PS !

B—RIEK —— WoRIEK

Fig.2 Subsidencce timeesies of PS points in the buffer zone of eacttanlevd monitoring point

o~

b

PS

Ca

"EO

H

<l

>



“ 2010 11 b 23

2010 12 H I H bA A 0 2011 231 LSTM
6 -2016 8 " 43a ! T #
LSTM ~ Hochreite  Schmidhubg 1997
M b B " Bbu ~ A
RNN v ~ L
[ 7 B b T v
v " v Lv ¢ @D
- %o %o - e
RNN T w - Z1 E
¥ 20207 B N A
0 " Vinyals ~ 2018 Soltau
T aiv [-1 1] p A )
© 2016 A LSTM ~ - a ¥
Ny Fv T %o )
- 3A
- Fv oA v A
ETIETR
SR EASTR N THEE(ES N S L E UL 1PN
v
F ‘II'J"MHFI‘?{"JI';?I)LCI(',,,| / o ~ i TEIRAC,
> X =T e
T} | tanh |
- —1| e =R :
:’% I :f)ﬁ\a .@,, ::T !
|1 ,::rul gc, 1o, :
- I NN tanh 1 o |
| F -u‘lelﬁ‘ﬁﬁ)\h,',l ::L“‘ “"f_ I S

I 20 R AR A A T — I 2N

LT,

3LSTMY "H
Fig.3 LSTM cdl structure

T fai o 2e P - " fi=s (W, ([h_,, x] +by) v
ii=5 (W [h, x]+0) ~ 3
a - F Ab oy RNN G —tanh(W, ([h_, x] +b.) .
n A" H " LSTM e A° H C=f * C,+i *C "5
0.=5 (W, [h., x]+b,) oy
- A W Greff -~ h =0, * tanh(C,) ST

2016" T WaWaW, WNezuw -~ X,



* bpabab but L Z '+ C 2020"
F L "HR ” tle L T - H z Ne A
h., ‘H C, C | “H c - Lx =%, Y & s w
h R4 ' s tanh L h, LSTMY 'HT o
P A y E n
a; =V, tanh(W ([h.;: G J+U, x'+B) ~ &
2.3.2 AM-LSTM K
K K exp@, )
b/ =softmax(a, )= 7———"1~ - g
o o a i=1exp@t )
b B " B L
. i V. W T 3a
b~ AM™ y ~  LSTM T b 1 ! U M B
k ~
5 8 b - z b, ke ! t
~ k -
noe . V4 A softmax® a, % Y GN¥\
L -
A AM-LSTM Lot oW 2w WA
- r~ Ho Ne CAM 2 Z Ne A ! ¥
. . A
LSTM A AM I b BN
By z Ob B i B t Z Fodw
. ! /"
! z H ~ b B B & 4
LUl 2
5 e=(bx, 6X\... ‘&) ~ 107
¥ ' a AM Fbhw
E "~ 8 - 107 W B l
LSTM ~ i - n
3 tiA z v [
¥ A
L1 e ~ LSTM T
i1 z L M~ Lin -~
A



AR L T 2K K AL Bef e

_____ ! - t
l/— = s \| i - Attention Mechanism — —1 %
i i h > % r
4 : i < e Ml I o i
B < = o t £ o S
[ b 7K K | % [ e————— T E =] ﬂi % il | ps
S ; : P b S %) = A~ L
I K £ & | L) g | & | = 2 7k 1B o LT
= & £y A X! < o N ! ) > x| 2| m F|Q (W] A
[ i K K | t = t é Q_J : ﬂ: t i 2_. ( é UR :? W
I FI B R X —» | g a £l | | B e Y o X
k|| s | | e g= B m i [ ' 2 B
l : 3 | 3 = 3 % = 3 ® 35| 2 3 1= S \
b F F x; 8 Q; LB » x| ! 4 2 A 2
I 2 i | zl :
A i e 5 & 5i
| s | |2 || < ; g "
| AREEN Ca 3
N, o e 0 pesses e s e s s sy s s
4AM-LSTM
Fig.4 AM-LSTM network frame thgram
-10

3 'I':> el /

3
T

F'S
3
T

L]

3.1 PSInSAR 4 f

AKAEM & Cmm/yr)

A

311 i

S 6@ 2012 %o PSINnSAR 0 .(.m 0 40 30 -zlu -10
InSARZS . (mm/yr)
5PSInSAR b %o
% 200m Il Mp PS Fig.5 Comparson ofPSlresults and thedveling neasurementesults
Tvb % v T YA 312 i
T i v v 4 5.15 mnyr ) B
MoT No h 6~ Y ¥
v w 047 mnyr W 0.67 mniyf R’4w 0.98
2010 11 -2016 8 /[
%o b PSINSAR W A
- h  Ne a a a
- Ly v A
i H Noe VM~ Fy K
INSAR " ZhouC D ~ 2018 ZhouC
v ywH - Mp h

F ° 2019 Lyu ~ 2020 . | 4 2011-2015

>
<
=
=
™
=

G 140 mm/yr h  Ne .
[ 20 m A N 200 M g
a T - ) B ©n ~
0 H A Mop 153
PS-InSAR 3§ Ne f @ A

mmvyr [ 1,063mnm B 6



AMp A r N 1 4 3.2 AM-LSTM 61

~ B ~
mmiyr # 6 ' A 0 321AMASTM A4 6
mm/yr PS \I 12.4% u 11629
6@ T B IMp PS D
km? T T~ 110 mmir  PS \
Ng 0 80%b w G AM-LSTM
2.9% W 110 km* h Ne K. ° )
37 20%b 4 c T z A
3 Tk M T A
- [ 0 |
- - - W " Ak Mya 1 M
" Batch Size”
a yMvx 1 M M -
%o ” \ '
0 A
v @ Y O n Batch Size
2 A i -
RMSE T N Batch
SizeNo# W 83 163 83 83 16 32A# Adamm
~ Adam optimization algorithfm © Kingma
Ba 2014~ a * N |
" epochs 100 & 3 0.05a LSTM  "H 16
5 6a B ~ 1 “B &b o[ o A Nez 6 T 300m |l
5 = M T e Ne b v v A ® AMD @
AcC T @ v 0b B 7! B b
; - L
¢ 110 mm/yr’ B ¢ 80 110 L Aftention v v P r
J_ I - &
mm/yr A D ¥ 50 80 mmhir v A v
E F - W o | T b B 1 B

30 mm/yrA # AM [ 4 H



"]

=

B 1 ~ LSTM | H A

IOAM-LSTM RMSE
Table 2 RMSE comparison bAM -LSTM modd unde different training batch sizes at eagpical point

241 ad

7NT

Fig.7 Model trraining airve at eaclypical point

g 8 16 32 64 128
A 1.75 2.46 247 3.60 422
B 1.19 1.10 1.20 1.22 1.18
C 2.31 2.99 2.75 4.02 5.71
D 1.49 1.55 1.66 3.02 1.82
E 0.39 0.35 0.37 0.37 0.38
F 1.52 1.38 1.3 1.41 1.38
. ¥ N Early-Stopping Predelt
AM-LSTM T
o . 1998 AM-LSTM - W
[ [ T
- epoch 1§ P 7 loss” T
7 A A-D loss
, . s ) a G A
E-F G [ b
Au =
A \ g UK
4 0 0 40 80 » 0 20 40 60 80 100
° s
150 60}
0 ol
0 0 40 X}) 0 20 40 60 80 100
2 E 4 F NI
F i
=g 20 40 30 ) 20 40 60 50 100
AR



322 y AM-LSTM I LiT T A

v ~ L A G 0 - 030
na ¥ 4
P mmiyr = b i T T i -
LSTM b AM-LSTM  Nez PS | y a
o z z -l‘ r Y A G
[ Ne# b PS [ T
- . . v E RMSEr ¢ F ~ i
8 b
P . . neF A @ 2t F %o
AT Y [*# AM-LSTM fvb ' '
. T 3 [ S,
vV . Y %o [ '\( [ o
A 6D LSTM A
I H AF PS [
5| R o
@ LST™M 50 ®-1LST™™
20 A AM - LSTM | —A—AM - LSTM
3 ﬁ 740
g B
1 | / § 30
# / #
210 bl / ‘ = 7
m A A f /| w20 /
e 5 84 l“ | ‘r \ / \ e i / /
A
0 1 0
20114E6J] 20124E55] 20134661 20144541 201545 2016461 201146/ 20124551 2013%R6] 2014541 201545/ 2016461
A B
p. 30
60 - U —— FA
@ LST™M 25 @ LST™M
50t —A—AM-LSTM A~ AM - LSTM
= =20
E40 g
30 1 / _ia
» a b = A
JHEgZO M}f » j'; 10 I ‘.‘
£ | ﬂ ’y z
10 ; > 5 3 |
wf sl
of 4
20114561 20124E5/] 2013461 2014441 201565551 20164567 2011456J1 201245501 20134761 20144411 2015451 2016461
c D
—— — i A
—8—-LST™ 8 ® LST™
6} —A—AM - LSTM A A AM - LSTM "
2 I g6 i
8 [ 2
4 i
E 1 || E
[ j 7\ [
E 2 | = \ J//"\\' f EI:% . IA
£ | A S WA 1), £2 yAVAY
A /rN "’f [\ /\
,A,,“ . L‘l
of =¥ 0
2011461 201246551 2013%66)] 2014441 201545)] 2016461 2011466)1 201245)1 20134°6)] 20144E4J] 2015451 2016456/1
E F

8AM-LSTML LSTM
Fig8. Compari®n results of M-LSTM and LSTM



\ AM-LSTM b LSTM N B TP i

37y ¥ AM-LSTM \ RMSE RMSEY ¢ C AAacCaD PS
v Y 6 LSTM v oA r i T C \ 0 H
229%A - A - T ~ 780mm GA ~ 351mm D
- Te T ~ 398 mnmi i RMSE 231 mm™ 6
3 A § " BaEAF A "~ 175mm D "~ 149mm” AEAF
PS cAacabD ~ 0 ~ 0-30 mmiyr © PS r Ny
RMSE veAacaD ~ 4 ~ Ba Ea F F PS GE “pi T8
v - ~ 158 mm” ¢ E ~ 80 mm” T
N Y 3 z N RMSE 123 mm~ 6 E = 035 mm ~
i AB G H Ba C W 3t A

340 LSTM6 AM-LSTM \
Table 3 Error compaigonof monthly deformation simulatiobetweerLSTM andAM-LSTM for eachtypical point

I RMSE AM-LSTM
B PS o i TR S omm” 1
e mmiyr ~ mnt LSTM AMLSTM S o
A 15 50-80 351 2.23 1.75 22
B 120 80-110 696 1.20 1.10 8
c 40 >110 780 2.62 2.31 12
D 25 50-80 398 1.65 1.49 10
E 151 0-30 80 0.38 0.35 8
F 185 0-30 158 1.38 1.23 11
33ad & O =& B ~ 9 AD
W T S N R AF T
B % B
A W 3w A - [ 7z \l zZ No#
. AM-LSTM T 0.39a 0.54a 0.59a 0.61a 0.62 0.43A LA
\ N OBl B v4 v



3 h '
Y A 0 b
0.8
0.6
i
_."2_(
204
0.2
0.0
4
¢ PSINSAR
2010 11 -2016 8
B ¥ B v
l
z L X n 8
Z n B
Ah 7
~ T M 2010 11
“Mph

[ 1,063mn B ¢

© 2016 Chen ~

2020° A

CJa s @@ c o e (TF

0.32

.6
0.59—1

>

-2016

153 mmhir

M2z

B—REEKE

B

m

BoREEKE

4

Fig.9 Weight of attention of groundwater levkat dfferent levels

A LSTM

1 22%

>

AF %o

S TN M b

>

AM-LSTM

=
=
C

>

IMp PS

N

AM-LSTM

3@

300



—
N
<

P AM-LSTM

A " Refeence$

Bahdarmu D, Cho K and Benip Y. 2014. Neural machine traretion by
jointly learning to align andtrangate. Computer SciencearXiv
preprint arXiv:1409.0473

Bai L, Zharg Y J, Guo L L and Zhang R015.Expeaimental researgh
on effect of Biot coefficient on settlement forrieat 2015 National
Engineering Geology AcademAnnual Conference, 78-283 (

. 20%5. Biot

. 2015

w , 278283)

[10.13544/ j.cnki.jeg.2015.€44]

Cai D J, Yue J P, Chang W and Yang L. 2010. Application of Wavelet

Neural Network Model in Land Subsidence Monitori&ased on

Genetic Algorthm. Bulletin o Surveying ad Mapping, (08):3-

36+57 ( K &, , ,

.2010. ¢ D

(08):3436+57)[DOI: CNKI:SUN:CHTB.0.201608-014]

Chen B B, Gong H L, CheY, Li X J, Zhou C F, Lei K C, Zhu L, Duan

L ard Zhao X X. 2020. Lad subsiénce andits relation with groun

dwate aquifers in Beijing Plain of ChinaScience of the TotdEnvi

ronment 735. [ DOI:10.1016/J.SCITOTEN\2020.13911]

Cheng S, Sui B B, Shen Y an@ang T. 2015. Prediction of Mining

Ground Sdtemert Based on BP Neal Network. Geomatics &

Spatal Information Bcmology, 38(@3):1820 (

. 2015. ¢ BP A/
b H , 38(03):1820) [DOI: 10.3969/j.issn.1672
5867.2015.03.007]
Ding Y K, Zhu Y L, Feng J, Zhang P C and ChenZ202. Interpreta

ble spatistemporal attention LSV model for flood feecasting. N

eurocomputing, 403.DOI: 10.1016/j.neucom.20204.11Q

Fan S S, Guo H P, Zhu J Y and Li W P. 2013. Application of lineaeregr

ssion model for land subsidence predictioBeijing plain. The Ch

inese Journal of Geologicaladard and Control,£401):7674 (

. 2013. oo

, 24(01):767
4) [DOI:10.16031/j.cnki.issn.1088035.2013.01.016]

Ferretti A Prati C and Rocca F. 2000. Nonlinar subsiénce ate
estimation ugg permanent SAR

scatterers iniffdrential

interferometry. IEEE Transactions on e@cience & Remote
Sensig, 38(5):22022212. [ DOI:10.1109/36.868878]
Francesco R D. 2013. Exact Solutianf

Terzaghi 6s

Equation and Ex¢énsionto Two/ThreeDimensional Cases. Applied

Cons


https://schlr.cnki.net/Detail/doi/SJESLAST/SJESE6795B2B183526944D34D48773E74234

Mathematics, 4(3. [DOI: 104236/am.2013.44099]

Greff K, Siivastava R K, Koutnik Bteunebrink B R and Schmidhuber

J. 2016. LSTM: A search space odys3EE trarsactions on neur

al networks and leaing sysems,28(10), 22222232[ DOI: 10.110

9/TNNLS.2016.258924]
Gu LQ, Wu Y Jard Feng J H. 2020. An Attentidoesed GRU Model
for Stok Predicting.Systems Engineering,38(05):4B40.( €

1

, .2020. & Attention L GRU
, 38(05):134140

Guo L, Gong HL, Zhu F,Zhu L,Zhang Z X, Zhou C F, Gao M L and
Sun Y K2019.Analysis of the Spatiotemporal Variation in Land
Subsidenceon the Beijing Plain, China. Remote Sensing,
11(10)117Q[DOI: 10.3390/rs1110117)

GuoX M, Gong H L, Zhu F, Guo L andshen Y Y. 2013. Rdiction d
land subsidence uwy the GM ( 1, 1) model based amatrix: a
case study of # Beijing plain. Hydrogeology & Engineering
Geology, 40(06):10105+116 (

) Z ) )

.2013. & GM(1,1) 33 Y.

A My o , 40(06):101105+116)
[DOI:10.16030/j.cnki.issn.10068665.2013.06.021]

Hochreiter S ad Schmidhuber J. 1997. Lorghort Term Memory. Neur

al Computation9(8):17351780. [DOI:10.1162/nec0.1997.9.8.173

9]
Jia S M, Tian F and Q&. 2019 Urban A Ch r o reioc
andComprehenige Control Counternasures of Land Subsidence.
City and Disaster Reduction, (022-27 ( %2

2019. f

, (03):2227) [DOI: 10.3969/].issn.1Al-0495.2019.03.007]

Jiang Y, Tian F Luo Y, Wang R ad Yang Y. 2015. Reearch orthe relati

onship betwen groundwater level and layerdbsidence in typica

| regions of Beijing. Soutfo-North Water Trasfers and Water Sci

ence & Technology, 13(01):9%9 ( , , v, , .2
015.. , 1 M Ne L W BT T M

Loz , 13(01):9599) [DOI:10.13476/j.cnki.nsbdqk.Q15.
01.022]

Kingma D P, Ba J. 201 Adam: A Method for Stoclsiic Optimization.

Computer Science. aiXpreprint arXiv:1412.6980, 2014.

Lei K C, Luo Y, Chen B B, Guo G X andhbu Y. 216. Distribution

charateristics and inflence faairs of land subsidergcin Beijing

area. Geology in Cha, 43(06):22162228 ( , W, ,
, . 2016, A M No 1
T , 43(06):22162228) [DOI:10.12029/gc20160628]

Li H J, Zhu L, Gong HL, SunH R ard Yu J. 2020. Lad subsidence

modeling usinga long shoriterm menory algorithm based on

Dihsee aGr i g |


https://doi.org/10.3390/rs11101170

time-series datasets. Proceedings bEtInternational Association of

Hydrologcal Sciences, 382.DOI: 10.5194/piah882-505-202(Q

Li H J, Zhu L, Dai Z X, Gong H L, Guo T, Guo G XVangJ B and

Teatini P. 2021. Spatiotemporal modeling of land subsidenciagis

Lin Z F, Cheg L L and Huang GH. 2020. Electricity casumption ped

iction based on LBM with attention mechanism. IEBFansaction

s on Electricabnd Electronic Engineering, 15(4)DI: 10.1002/t

ee.23088

a geographically weightedeep learning method based on-PS Liu D R, LeeS J, Huang Y and Chiu C J. 2020.Air pollution fasting

INSAR. Science of the Total Environment (2018)DOl:

https://doi.org/10.1016/j.scitotenv.2021.149p44

Li L B, Gong X N, Gan X L, Cheng K and oY M. 2020. Predictio

of maxmum gound settlerantinduced by shieldunneling lasd

on recurrent neal network. China Civil Enginegrg Journal,

53(S1):1319 ( .M, .8 .2020. ©

cn

, 53(S1):1319) [DOI:10.15951/imgcxb.2020.51.003]

Liang Y, Ke S, Zhang J, Yi XW ard Zheng Y. 2018. G®MAN: Multi-

level Attention Newvorks for Geesensory Time SerieBrediction.

Twenty-Seventh International Joint Conference on Artial

Intelligence. [DOI:10.24963/ijcai.2018/476]

Lin Y Z. 2000. The Grey érecastig Method Used in @®urd Surface

Subsidene Measurerart. Journal of Sharmhg University of

Science and Témology(Natural Science), ®):108110 (

2000. LK (

), (03):108110) [ DOI:10.16452/j.cnki.skizk.2000.03.033]

based on atteionK basel LSTM neural netwrk and ensemble

learning. ExpertSystems, 2020,37(3)[POI: 10.1111/exsy.12511]

Liu Q H, Zhang Y H, Deng M, Wu H AKang Y H and Wei J J. 2021.

Time seriesprediction method of largecale surface subsidence

based on deep learginActa Godaeica et Cartgraphica Sinica,

50(03)396-404. ( - ) )

.2021. 3

,50(CB):396-404)

Luo Z J, Zhang Xand Tian X W. 2018. Prediction and gawarning of

Cangzhou land subsidence disaster. rdau of Engineering

Geology, 2602):365-373 ( ) )

8 . 2018.

, 26(02):365373)

[DOI:10.13544/.cnki.jeg.201+097

Lv C Z and An D D. 2021. pplication of Grey Prediction Model on

Land Subsidence. Geomatics & Spatial Informationhiietogy,

44(03):7375( © , * * .2021

T . b H  44(03:73-75)


https://schlr.cnki.net/Detail/urlLink/WWMERGEJ01/SJCO92338F89BDA374F0BDFF33E3F64700EC?linkUrl=https%3A%2F%2Fwww.proc-iahs.net%2F382%2F505%2F2020%2Fpiahs-382-505-2020.html&product=SJCO
https://schlr.cnki.net/Detail/urlLink/SJWDLAST/SJWDC2CA509804C91BF72AD58620338ECC2F?linkUrl=https%3A%2F%2Fapi.wiley.com%2Fonlinelibrary%2Ftdm%2Fv1%2Farticles%2F10.1002%252Ftee.23088&product=null
https://schlr.cnki.net/Detail/urlLink/SJWDLAST/SJWDC2CA509804C91BF72AD58620338ECC2F?linkUrl=https%3A%2F%2Fapi.wiley.com%2Fonlinelibrary%2Ftdm%2Fv1%2Farticles%2F10.1002%252Ftee.23088&product=null

LyuM Y,KeY H,GuoL,Li X J, ZhulL, GongH L andConstatinosC. 2016. T

2020.Change in regional land subsidence in Beijing after stmith 41(04):3336) [DOI:10.16251/j.cnki.1002307.2016.04.008]
north water diversion project observedngssatellite radar interfer ~ Tsotsos J KCulhane S M, Wai W Y K, Lai, Y Z, Davil and Nuflo F.

ometry. GIScience & Bmote Sensing,57(1ROI: 10.1080/54816 1995. Modehg visual attention via selective tuning. i#irtial

03.2019.1676973 Intelligence, 78(L

Mnih V, Heess N, Grage A and Kaukcuoglu K. 2014. Rectent Vinyals Q Toshev A, Bengio S a@hErhan D. 2015. Shoand Tell: A

models of visual atteion. arXiv preprint arXiv:1406.6247. Neural Image CaptionGenerator. 2015 IEEE Confsice on
NgAH, Ge LL, Li XJand Zang K. 2012. Monitoring ground deforma Computer Vision and Pattern Reguotion (CVPR). [DOI

tion in Beijing, Chinawith persisent catteer SAR interferometry. 10.11®/CVPR.2015.7298935]

Journal of Geodesyg86). [ DOL10.1007/80190011-05254] Wang Y Y, Guo Y H, Hu S QLi Y, Wang JZ, Liu X S and Wag L.
Prechelt L. 1998. Awmatic early stopping usingoss validation: quant 2019. Ground Deformatio Analysis Using InSR and

ifying the criteria. Nural Netwvorks, 11(4). [ DOI: 10.1016/S0893 Backpopagation Predictiorwith Influencing Factors inErhai

6080(98)010-0]

Region, China. Sustainability, 103). [DOI: 10.3390/su111023]

Rogers JD and ChungJ. 2016. Applying Terghi's method of slap Wang Z Z and Qian W M. 2006. Applicatiomd.and Ssiderce

characteration to the recogtion of Holocene land slippe. Forecasby RBF Network. Ground Water, (0284-87 ( ,
Geomorphology, 265. [DOI: 10.101@/gomorph.2016.04.020] 4 . 2008. T n o,
Soltay H, Liao H and Sak H. 2016. Neural Speech dgezer: (02):84-87) [DOI: 10.3969/).iss11.0041184.2006.02.033]

Acoustc-to-Word LSTM Model for Large Vocabulary Seeh Wu J C and Lu L2011.Uncertainty analysi®if groundwater modeling.

R1ecognition. [ I 10.21437Interspeech.2011564 Journal of Nanjing Uiversity(Naturd Science)47(03:227-234(

Tan Y, Niu X F and Wang MC. 2016. Application of radial basis L l.n b Ne . 2011.M, (

function neural networks in #&ment predictive modeScience of ), 47(03):227234)[DOI' 10.13232/jcnki.jnju.2011.03.009]

Surveyirg and Mayping, 41(04):3336 ( ) , . Yan HL and Ma D H. 2020Application of Time seriedlarkov compos


https://schlr.cnki.net/Detail/urlLink/SSJD_01/SSJD120521001975?linkUrl=http%3A%2F%2Flink.springer.com%2Fcontent%2Fpdf%2F10.1007%2Fs00190-011-0525-4.pdf%3Futm_source%3Dcnki%26utm_medium%3Daffiliate%26utm_content%3Dmeta%26utm_campaign%3DDDCN_1_GL01_metadata&product=SSJD
https://schlr.cnki.net/Detail/urlLink/SJES_01/SJES8BFC0EFCC6E7B75C8B1688D21816561F?linkUrl=http%3A%2F%2Fwww.sciencedirect.com%2Fscience%2Farticle%2Fpii%2FS0893608098000100&product=SJES
https://schlr.cnki.net/Detail/urlLink/SJES_01/SJES8BFC0EFCC6E7B75C8B1688D21816561F?linkUrl=http%3A%2F%2Fwww.sciencedirect.com%2Fscience%2Farticle%2Fpii%2FS0893608098000100&product=SJES

ite Model in the deformation monitoring of buildisgtlemert. Jou
rnal of Qirghai Unhiversty, 38(05):8691( , , . 2020.
L ® i T
, 38(09:86-91)[DOI:10.13901/j.cnkighwxxbzk.20
20.05.013
Yang Y,Zheng F DLiu L C, Wang S F and WanR. 2013. Study on the
correlaton between groutwater level and grounslibsidencén B
eijing plain areasGeotechnical Investigation Suveying41(08):
2013. . A M @

4448 v,

4 K, ) )

B b " . © ,41(08):4448"

Yue Z H, Shen T, Mao X and Ma W 2020. Study on prediction metho

d of land subsience baad on rearrert neural nawork. Science of
Surveying and Magpg, 45(12):145152 ( v, , ,
© . 2020. , 45(1
2):145152) [DOI:10.16251/j.cnk1009-2307.2020.12.022]
Zhao F Y.2016. Application of wavelet neural network letmonitain
g of tunnelsettlementScierce of Surveying and Mapping1(12):

283287 ( ; .2016. T

, 41(12):283287)[DOI:10.1625./j.cnki.10092307.

2016.12.056]

Zheng X X, Wu Q, Hou ¥S and Ying Y F. 2002. Some Frontier Proble

ms on land Subsience Remarch Acta Geosientica Sinica, 23(3):

279282 ( , .8 , .2002.7 6

, 23(03):79-282) [DOI:10332

ol

1/j.issn10063021.2002.03.017]

Zhou C D, Gong H L, Zhang Y C, &her T and Wang C. 2018. Spatiote

mporal Evolutiom of LandSubsidere inthe BeijingPlain2003 20

15 Using Persistentcatterer Interferontey (PSI) with Mult-Sour

ce SAR D#a. Remote Sensg, 10(4):52. [DOI:10.3390/rs100405

52]

Zhou C F, Gong H L, Chen B B, Li X Li J W, Wang X, Gao M L, Shi

Y, GuolL, Shi M and Guan @. 2019. Quantifying the contributio

n of multiplefactorsto land subsidence in the Beijing Plain, China

with machine larning tehnolagy. Geanorphology33548-61.[ D

Ol: 10.1016/j.geomorph.2019.@A.7]

Zhou F D, Zhao C S and Gao W M14. Application ofBP neuranetw

ork model to ground subsidence of mmigiwate area.Science of S

urveying and Mapping, 36(0@383-234+240 ( , ,

4K .2011. BP T

, 36(06):233234+240) [DOI:101625L/j.cnki.10092307.20

11.06.025]

Zhou Y, Luo X, Guo GX, Luo Y, Lei K C and Wang R. 2016. A study of

the daractestics of land subsidence and the main contactds

in the alluvial plain: A ca® study ofBeijing plain. Geological



Bulletin of China,35(12):2100211Q  , LY, 7-248.[DOI: CNKI:SUN:ZDKX.0.2013-02-011]

, . 2016l A i h adY. . Zhul, Gong H L,Li X J, Wang R,Chen B B,Dai Z X afidatiniP.2015.
A wo o, , 35(12):2102110 Land subsidence due to groundwater withdrawal in the norern
Zhul, GongH L, Chen,Y, WangSF, Ke Y H, GuoG X, Li X J, Chen eijing plain, Clina. EngineeringGeology,2015,19®0I: 10.105/j.
B B, Warg H G andTeatiniP. 2020.Effects of Water Diversion Pro enggeo.20164.02Q

ject on groundwater system and land subsidence in Beijing, China. Zuo JJ, Gong HL, Chen BB, Liu K S,ZhouC FandKeY H. 2019.T

Engineering Geology,276DOI: 10.1016/j.enggo.2020.105763 ime-series evolution patterns laind subsidnce in theEastern Beij
Zhu L, Gong HLLIXJ,LIYY, SUXS and Guo G X. 2013. Compreh ing Plain, China. Remote Sensing, 11BPI: 10.3390/rs1105053
ensiveAnalysis andArtifici a Intelligert Simultion of Land Subsi 9]

dence of Beijing, China. Chiise @&ographical Science, 23(02):23

Study on land subsidencaimulation in the East of Beijing plain

based on AMLSTM Network

CAO Xinyu**¥ ZHU Lin*%*7 GONG Huil*¥*" GUO Lin***7 WEI Yujiao'®*¥ GUO Tadl CHEN

Beibel2¥ WANG Haigan§”i LI Huijun>3

1.College of Reources Environment and Tourism, CapNarmal University, Being 100048 China;
2. Laboratory of WateResouces Searity, Capital Normal Unversity Bdjing 100048 China
3. LaboratoryCultivation Base of Environment Procesmsd Digital Sinulation, Captal Normal University,Beijing 100048China;
4. Key Laboratoryof Mechanism, Prevention and MitigatiohLandSubsidace, Capital Normal Univesity ,Bdjing 100048 China
5. Instituteof RemoteSensingand Digital Agriculture, SichuanAcademyof Agricultural SciencesChengduw610066, China,;
6. Institute of Geological Environment Monitoring,China GeologigatveyBeijing 100081China
7.0bservation and &earch Station of Groundwater and Land Subsidence in Beljiagjin-Hebei Plain, MNRBeijing 100081,China
Abstract: The simulation and prediction mel of landsubsignce based on traditional numatienethods

requires a large amount of lydrogeologicaldaa and measted data, and it is difficult to predict the
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deformation in areaswith complex gedogicd conditions. In this paper, based on the landbsidence
informaton obtained by PS InSAR Technojo@n the eastof Beijing plain, consideing the infuence of
groundvaterlevel in different layers on theuBsidence, the lonrgerm and shoriterm menory ngwork (AM -
LSTM) based on attention mechanism &ed to simwdtethe land subsidence gtpical locations indifferent
subsidene areas.The results showhat: (1) The spatial difference of landubsidence in the study area is
obvious. Fom October2010 to Augist 2016, the maximum subsidence nates about 153 mm/yr, andthe
cumulative subsidercreached 1063mm. it locatednearSanjianfang Tavnship, Chayang Distict. (2) The
simulation accuracy dsed onAM-LSTM model is better #in thatof tradtional LSTM modé& and the
accuracy of this simulatiors up to 22%(3)The atention weight ofAM-LSTM model indicateghat the water
level of the second confed aquifer contributeshe nostto landsubsdence.The research results can provide
a reliablemodel for e prevention and catnol of land subsidece.

Keywords:. land subsiegnce,AM-LSTM, simulationand prediction groundwater level fodifferent layers,

attention weight



