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SARIRL Ty BRI AR 32 AR G v
A RN 3 SR ER AN Biot [ 45 PRGN B E ALY (Di
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WA 4F, 2013; BERMZEE), 2021, Hi, JKE
BB BE 6 7 /D 1 AR A B 2% 10 AT R T
EAGE TR (FESE M4, 2020).
FE TN T R B A A e bl 17 39T 5 00000 A5 784 1y Ty
FHAUFE. BP (Back Propagation) #Z M4 (4
H %5, 2011; Zhu%%, 2013; AKX %5, 2015; Wang
8, 2019) . RREIERMA RS (FEEMENR,
20065 WIE AE, 2016) . NP RLE (AR
45, 20105 B KUPH, 2016) . 1 36 4l 25 9 4% RNN
(Recurrent Neural Network ) (Z=3%E 2, 2020; &
fiRfe 55, 20205 XIFF5E AF, 2021). RNNAERLIT
AR Ml TET R T TR A BN . 2RI e A (2016)
FIFH WA RNNBERD (KAERHEIZM45 LSTM (Long
Short—=Term Memory) . [ J#EfE¥ .50 GRU (Gated
Recurrent Unit)) FI{E4E BP #2225 45570 X g 18 1T
R AT F0N 3 Ar . 45 R s B T RNIN (9 09 5 ot
ORI TS BP Rl MR . R ARAESE (2020)
FIHT RNN A X5 5 25 5 9 T 3 500 4 31 ek~ 93 0
BAY, 55 5 O X 1IC e A R[] 7 3 R BICSRS A A
PS (Permanent Scatterer) Hf [A] ¥ 51| #3245 2% S
B XFHZE (2021) R LSTM AN HE T PS
PURIUNSBATARVIN o S v 1B I o 1B S B S
EE ., Z2ootkEnE . R IEECRE . B IlE
e 211 7 17 1) b v IO RA T 5 R AT LA, R L
T LSTM AR R TR B d5efmr . 4 SR P 2 4 o 122 22
BEAR 27%. b3t RNN LAY Z A VLI 5 4L i) 22
THOUREI P 5 B a2 IR DT A R AL, R IR
Ul i PR 2800 by T R RS R . Li % (2020) A
JH LSTM #5584 - 45 G Z2 5% ) PR 28 X6 b 1 St g
TR0l 45 2R J B TR o 7™ o DX Sl 400G B2 I
TR X, (R, ZMRAFIEAFRKENER
Xof Ml TG TCRE 1Y 22 S DTmk o O T4 R RNIN BB 0
by TET IO R AR T B8 0, T Ty sk TR R s O
% 8 2252 PR R I AN () A P AR 8 Ok g ot T 19 e
B EARH AT L EAY

LSTM #55 R Jag T00F PR 22 I 26 (1) —Ffr - RERS i
AR )P 5 Y I s A5 R, & T A PR AR AR
A 3 TR R o (H LSTM AR B X 221 A
7S50 1, AN REX 4 AR 7 B AT A H Y 2
2 (AINEE AF, 2020) . FEJIPLEI AM (Attention
Mechanism) Y5 T X AZE 5 A9 0F5E, AHR 28 6
ITEXS AR I3 S 4l 2R 5 Wl dse R A AH G DI, e
TE A0 o AR 40 38 b 42 Y (Tsotsos 4%, 1995) .
Bahdanau %% (2014) ¥4 5 J7 AL N F T AL 25 B

LS, ZJR MR, BTz T
Tl B AR AL AL 55 b o ML o ) AU 2 T
iy A\ DR R VAR A, T AME G T
AFFINA B I % B AP 5 Z [ N TEIR 22, B
TEE VAR TP AE 2 A5 B b 211 F ) 45 5% 5
KHEEAEE b, A TS IRCE R, KA
F IR AT, DT HERA U DG SERRAE , 2 i 81
RURCRAIMERA P . 5 LSTM &5, pZ ooy
fan A TR 55w R AR S A, S BEAR 4 iR
O B A PRl 1 o8 I 25 2R B 5 e o A A HT BA
(Mnih 45, 2014) B UCK AM B LSTM AU 45 45 3
e W TE G Ay 240, 454 IR RS R BE A% ¢
B UG E X, AR > T RS X 42
SRR . HRT, S5 R L B9 R R
T2 M 2% AM=LSTM (Attention Mechanism Long Short—
Term Memory) #5810 FH 25838 i it . 7K SCH
% Ko 73 S5 Yo Al 40 I8 ) UL T WF 5T (Liang 55,
2018; Liu%¥, 2020; Ding 4§, 2020), {H RN
FHAE Hb TR S

A 20 fHh22 90 4R AR LR, M R /K TR Ak UAEAF:
254 m* AEATHF LRGN, 3B R KoK AL R
M 1978 4E 1 6.4 m HE I % 2010 4F 19 24.9 m (15 5
G, 2013) 0 KR LR KT BOK ALK IE TR,
SR T R AT . A 20134F, JEARUPEIX
ST T 50 mm B9 XTI AR E 4300 km?,
2 15 S J KR TR R 68% , 45 K B UL I 2 ik 3
1495 mm (FFHPHE 45, 2016). SMIALETETH
InSAR (Interferometric Synthetic Aperture Radar)
i BOR B 8 3R IR 22 0K GRS TR M R R A5 R
Ferretti 5% (2000) & MR A B A G MALIR TR 5
T & PS-InSAR  (Persistent Scatterer Interferometric
Synthetic Aperture Radar) K, AE% 5T IRIEHE InSAR
BOR B 25 A OC S R R ST A2, A
BRI AR I A RS B2 . AR 275 HE T PS-InSAR
BRI 5t i UK AL . ORI BIL L R A A

Ko AU PEAL 7 T #EAT TIRABESR (Zhu 5%, 2015,
2020; GuoZ, 2019; Lyu%s, 2020; LiZE, 2021).

U R TR 2 [H] 25 S 0 B, B R LR
DURE Ry, AR PE RS N AL B ok ™ (Zuo
G5, 2019) o MR ZKGE RO T DTRE B EE R &R,
55 R K E X HLTE LR I STk R (Zhou 5,
2019; Chen%:, 2020).
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X PN K B P 2 XU e, 1978 4F—2019 4F -1 K,
113 °C, FIREK L 535.2 mm, 4PN FEK S
BEAY), HERMKREW ., LFELTH. HIUR
BRI AR )12, AtEZ ARbiRa . . B
+EME R, R E (R 5,
2016) . PKJERG REALEE : WK KIZ R
— . RS SRS OKE . Hh, WK EKE
WEE/NT S0 m, AvEEZ NP . b, R
Bt R KEZ KRR REEBRAZ
R A EAN G 5 5 — TS R R & K2 IR
23514 50—100 m, 100—180 m, £ ZEWiEA .
W Bt Kb, BKESKEEEAT
TR, B IRESKEFEHF T, G
TR, AR R DO E B STERE (G
A, 2016); 5 =R S KZREE KT 180 m,
ZEM K EEHTANR, PLEHT Tk, JFRE
FERARTRAR, PR AR SO BB = R B /K2 A
i TR A R o B 5 X ) BH 38 Py R b
X B KA TR 21, 2003 4E—2015 4F i) 1T [%
HORP KT 110 mm/a, e K 2300 = 2 LT
1500 mm (Zhou4%, 2018).

2.2 HRBRSHELE
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20164F 8 H 10 H 3L 54 5 RADARSAT-2541%; 20104F
10 H—2016 4 12 H 6 1~ 7K AK A A 59 00 3000 - 1
MK 5 — R 5 K2 B R R & K2R
AW AN & (R 1) 5 61> 2012 4F 7K 9 W o
B, 25 B &S WA 1,

\60\6‘2» \@’L&@ \63091?» o@@ \6’“@ 6"’6@
A\ A\ A\ N A\

A TR AR AN I

TR I A o (W) WH
o ERTXER (=1 e uE s
1 RADARSAT-251% 5 O AR X

K1 B A A

Fig. 1  Distribution of study area
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Table 1 Monitoring depth information of six groundwater

level monitoring points

e & TR
KA A K R B
KR Im FKE/m K E/m
A 29 60 112
B 22 62 92
C 25 55 115
D 20 100 211
E 36 111 202
F 22 53 112

AR F PS-InSAR $ AR (Ferretti 2, 2000)
AbFE SAR FEAL B, 3k B2 I s JS A DGR M)
BUINEY PS £, XX B S AT AR 0B, AT
ARIUAT S M R AR5 B, DR B T Lk B 22
K, PS-InSARFEAM FERAEEIE: (1) E5H
SARBCHE; (2) Aoy T IET 51 Kk I PS 1 ;
(3) KRAFERMOAG T KL ELBR; (4) PSAJEARH
KA. i T PS-InSAR & 45 5 Ry 7 ik L4k 1)
LOS (Line of Sight) [JEARZESE, b3 H AL =4k
TEAETE LOS [n] L B . % R 8] b 507 R IX K P
75 [ (4 T A8 AR T 3 B BB AR N (Ng %5
2012), AR SCZME KSR R, PG (1)
Hs PS—InSAR $ A 4b FEAS 2 1) LOS B AR 7 B
ZAE(], BT X T LA R

D, =D, /cosf (1)
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Fig. 2 Subsidencce time series of PS points in the buffer zone of each water level monitoring point
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P T4 R KK A B e A RS (& 2),
S AR IIE InSAR 088 55 b 7K 2K A B Bsf 1] — 3
A SO AREURY PS G P TR AR B HEAT 0L, A%
[l — Ay 2 5 AR SR — 5. [ S
B5CE B ] 1] o XoF S RS AL SR 1S I, X 2010 48
11 7 520104F 12 A MR AR G EAEE &, &5
BEHL 2011 4F 6 F —2016 4F 8 A 4L 434~ H W UL ¥
FOECHE, A XA 3 B A )2 07 R 7KK A7 1
SRR AR T o 5 R R R KA RN b TR Y
AR, HAN ESEE AR, ASCRH
P2 b fEfL T (AR IRER 45, 2020) XK (7 4k
it FNT RO R AT PAL B, 7 S5 LA B pE AT 4 bk
A el A S SR (=1, 1] SR, SE R

T 2 TR i T — I 2

IZRJe, AR AL A A th (B HEAT S bm kAL Ab B, R
B S R OB PSALLEL

23 WIRFE

231 LST™M

LSTM M 4% (Hochreiter #1 Schmidhuber, 1997)
& RNN B BGHERRY , gi a5 | AT HE ok 4% il <
PR, MR T B AR AR, AT A Ak
Yo Al 58 RNN A9 RS ARORE m) T, e o 25 U0 e 14
Ak B4 Iy T RS T Tz B9 (Vinyals 45
2015; Soltau %, 2016). LSTMELFf4AJZE . K
FEHgE i ZE (K3).

ERlE

4

v

T*W%W%ﬁﬁﬁqd

g
T AN, R Sl St St i
|h,,ﬂ,xt} I | ,
4 2 R AR A0 H AR — e R0 A
4 i A

3 LSTM STty
Fig.3 LSTM cell structure

I3 S, i, o, &3 MM TeREL, BRI
BT B TR T, AREF LAFERY RNN 2
ICAZ 4 5 B, LSTMf i 341 I s (5 B
AT A BEREHL TR RO ER o PR T  (Greff
45 2017):

fi=o(We-[h,_.x]+b)
i,=o(Welh,_,.,%x]+b,)
C,=tanh(W,[h,_,x,]1+b,)
C, =f*C,_, +i*C,
0,=0(W,[h,_,%1+b,)
h, = o,*tanh (C,)

(2)
(3)
(4)
(5)
(6)
(7)

Kb, W W W HRIW, 5350 R A i x, i ACE
FEF4; b b,. b F1b, ko B B & C Y
HT A 20 R 2o iR A, AL4E -1 A 21 B Bk

JERZS b, FIMZTORES C,_ 5 C TP 20T
RES s b AT 2 B BRORUZ RS 5 o Al tanh S 4R
LB PRAN

232 AM-LSTM

AN TR J2 57 b 7K KA B8040 A B 1) )3 51 XL
FA B S R BE N TR], AM AT LK i A 2 LSTM A5 Y
AR ]2 07 R KK A7 T AS [l AR, AT
RO BIATIRIN 3 - A LD PR Y S WA i TP E
FREE, B UL R A R Y B RUORS B o AR SCRg R
AM-LSTM Hb TR AU (K14), o4
A AMASHYATLSTM AR A . AM A AR i g AT 510
NG 08 R VAR 7 R = WA =E -3 & N i) =
A7 3t AK KA B[] 80 £ 3 3 AR B, X
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AR EAL R ZK KA I e SO 2E AT AP 245 4%
Ji s (T AMURERY f) i i A D LSTM SRS ) g A

R R 3R KK BL I R

BB ARES R, f il i i i 2 i 4G

Attention Layer

Hrr, IR AT (Lin58,2020) :

(1) JHEH AREZ R ERE 0. X

AR %, = (2!, 22, -, "), &% F—ZI09

PR A b, FTLSTM Boc RS C, ), E XA
ﬁﬂu?:

of = Vi tanh (W (h,_:C_,)+ Ut +B)  (8)

exp(a;) (9)

Bl = sofimax(al) = .

> explal)

Ko, Y, WU EBRI 22 S50 B,
JE AR B ] i BE IR kAN AR AE 8 AE B [E] ¢
Ab TR IR o softmax PRI of A o £k DL £
BARHE P HNTE B 20 B B I AEE Z AR 1,

(2) MR 740 A 0 JE b s A5 S0 24T
BOFA4 o HERFTR] ¢ ARA 3 R AR (R e, BIIAY
FAFFIESF S e, 40T -

e, =(B/x,Blx], -, Blxl) (10)
o (8) — (10) XJHy AT AK K AL B[] 3 1) k3~
AHIE IS [E] ¢ R A S ODACEE, MRS AR
FUH )3T 7 5 e, g A 2 LSTM M 2% v 1247 U1l 25
LV

3 ZER5E
3.1 PS-InSARZERIWGIERZTESH

3.1.1  KAEIRIE

F) W B9 6 A4S 2012 4F K i A5 % 35 XF PS—
InSAR Wil 25 S EFTI00E , K 7K v 25 200 m 2% #h X
1) PS 5 7] 357 24008 A8 (B 55 7K o ) 2 {5 2E 47 e

o o
w  E| &
elm  E |Bps
g | #l % £l =
Sla Bl (WA
E | ® glt®
& Vi g*ﬁ
P ||
= A )
) P
g 51

K4 AM-LSTM ¥ £ HE 4L &
Fig. 4 AM-LSTM network frame diagram

wO(ES5) . BUFgEREN, —HBALENRK
{H M 5.15 mm/a, H/IMEN0.47 mm/a, FYiRZEN
0.67 mm/a, R*>40.98, ZKUEWIIZE R 5 PS-InSAR
SEIR R I A — Bk . BeAh, AR SO LA SRR
P2 DX B W 25 R A 7% L . InSAR W25 51 4
W] (ZhouZ%, 2018, 2019; LyuZs, 2020), dtaT
SJE 2011 4-—2015 4F- fi KU H KT 140 mm/a,
N S TR = R T 27 R N S =2 3/ RS
K PH—38 MR 2, 5 AR SC PS—InSAR Y 45
SEARRLH 23 ) 3 A B — Sk

-10
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JKHENI B /(mm/a)

1 " 1 1 1 n 1 " 1 " 1 1
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Fig. 5 Comparison of PSI results and the Leveling

measurement results
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AR XIE A # R m K (K6) mTLLEH,
2010 4F 11 H—2016 4= 8 A WF5T [X Hb T L FF 3 K 45
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) 22 S e T d b TET R F2 B A AE I BH L E N
TEYE BT I SCAER b X, I H AR BH AR
RV P PG AU e X T 0 R e oM R, RS IX
N TR SF o % X R KT R S Bl T
KK TR, e KBEIEAE] 20 m, B30 K45 )2
JERE #2200 m, ML DIRFE A B E . BFEIX
N fi KU S R 24 153 mm/a, 23T U0 & ik 5
1063 mm, v THABH = [a] B R . X HR TR S
KB IN, B KAETHE R L) 4 mm/a, LT E M AKCR S
B AEDTIEHE A 1 50 mm/a B9 PS SRR 5 Mk
B 12.4%, TEFA 1162.9 km?; HoAdr, #id 110 mm/a
B PS s gk 5 MY 2.9%, THFR A 110 km?, T
SPARAER AR (&322 M) FARmEE (=
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Fig. 6 Results of subsidence rate in the study area

op KHE I AR

ASCIE AT 6 ADoK AL WEDN a5 (MR ) f7Ab T
AL B WA U 8, v T A R TR
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110 mm/a; A SSATD fARTTREE R K 50—80 mm/a;
E s5UFTF A 1 b T DT R AR G 2208, TR R AR
0—30 mm/a,

3.2 AM-LSTM#&J|Z% 54

3.2.1 AM-LSTM # & 2# 51| &3 72

K 6 A BUAL f0 28 i XN Y PS s BIOHE 2 L 451
ey, BEHLIEH 80% 11 I R4 I T AM-LSTM A5
BURYRFAE 22T, 20% A a4 T 3 A AL A A
WRE ) . TR M M 25y, 25 8 3 A I 2k B
PEHAEAR B —INZR YR (Batch Size) 1K /N
FAY N R (B AR M, B 2 KRB AR
S HE R R ER R ZERN, AR 2R
PAVEIRUR L Batch Size (£2). i 2S5,
PRI ZE R A PP AE 168 RMSE, fre 28 AL
YRHESS AUALIY Batch Size 73 HICE R 8. 16, 8. 8.
16 132, FIH Adam b5 % (Adam optimization
algorithm) (Kingma Fl1Ba, 2014) XJAEHISHH1T
AL, fERAEIL (epochs) 1007, 2]
0.05. LSTMMZIeHiht 160, 43 E R4 A . &
SCA3 I 6 /> LT A5 300 m % DX 1T I A SO
BPm AT o, AMAE TR A
BRI [] J2 7 1) b 7K AL AEAS [ B[R] 5 5 i
Attention FU{EL, TZEUE RS KL 2 i I 2 T FAASE
B2 RN o SRR, T8 S A A8 A ke 47 12 1)
) )3 51 R el AR e, S TR K KA X T R
AISZI AR, A AMBCHAS 2 /Y & A 1 B BGE
5 BT AR AP I A 2 LSTM 2 50T, Jf:
XFUUREHEA AR

F2 FBHABIKREIZGHXK/NT AM-LSTM $£E!
RMSE i Lt
Table 2 RMSE comparison of AM-LSTM model under

different training batch sizes at each typical point

PSRV

pEia

16 32 64 128
A 1.75 2.46 2.47 3.60 422
B 1.19 1.10 1.20 1.22 1.18
(0 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 1.23 1.41 1.38

T AR AR R 20 E I 2Rt

R T I AM=-LSTM Il 254 2 i 2 27 152 2%
W T — AR A 2R 22 SR B I 2% v, XA AT
e, SRR E A R th & an & 7 s . A-D
A loss M e Pt #a TR E 5 11 E-F £l T OB S22
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Fig. 7 Model training curve at each typical point
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REUUREE AT, HINGREAR L, BRI 45
RMSE T C kb, A, C. D kb PS s ik
o, Hd, ¢ SFTEX TR L B R E, 2it
PR P2 (780 mm) =T A S (351 mm) Al
D5 (398 mm), HAEHIZEHE RMSE (2.31 mm) &
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TR BN (0—30 mm/a), PS &EE R
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VLIRS R AE— R TS B AR ASTALRS 2

#3 HHAESLSTM5AM-LSTM AR EHEIRET L
Table 3 Error comparison of monthly deformation simulation between LSTM and AM~-LSTM for each typical point

. ZZhIX PS . ) FHU R RMSE/mm AM-LSTM
ey A ) TR/ (mm/a) - LSTM
HAEEA HA A/ mm AM-LSTM KT %
A 15 50-80 351 223 175 22
B 120 80-110 696 1.20 1.10 8
C 40 >110 780 2.62 231 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
3.3 [EE AL T 7K KL R 7T ) STk R 4 2B
A

kT I 5 B S5 A R ) S A R K K A AR Ak
(WK, E—IKEEKZ . B IREEKZ) XL
FERAUZE R AR, A SO AM-LSTM B AL
St T v 45 B[R] 9 5 A A5 J2 67 b T KK AL REAE 1Y
TR A EAEHFATIECE Y, 2B s
Gk T v 45 T2 T KK AN R AE X I R AR HUL 45 SR 1)
AR (9), KIA—F 75 T IR A 4t
FErf, 5 TR KR B A2 6 3l R KK A7 T
MR NAE R, 250039, 054, 059,
0.61. 0.62F10.43, A K 5 7K )2 X T REAR
EOEAES A5 &N = S ATTRIT 3 D Ay
SR o B R B K2 R X AR S A 1 K RN
Tolv K B EZE R, MR KK A 2 4E 0 B ek
TRERS, ZEM S ARSI —5% (R
2 2016; Chen%%, 2020).
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Fig. 9 Weight of attention of groundwater level at different levels
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Abstract: The simulation and prediction model of land subsidence based on traditional numerical methods requires a large amount of
hydrogeological and measured data, and predicting the deformation in areas with complex geological conditions is difficult. In this study, on
the basis of land subsidence information obtained by permanent scatterers — interferometry synthetic aperture radar (PS-InSAR) technology
in the east of the Beijing plain and in consideration of the influence of groundwater level in different layers on subsidence, the long-term and
short-term memory network (AM-LSTM) based on an attention mechanism is used to simulate the land subsidence at typical locations in
different subsidence areas. Results show the following points. (1) The spatial difference of land subsidence in the study area is obvious.
From October 2010 to August 2016, the maximum subsidence rate is about 153 mm/a, and the cumulative subsidence is 1063 mm. The area
is located near Sanjianfang Township in Chaoyang District. (2) The simulation accuracy of the AM-LSTM model is better than that of the
traditional LSTM model, and the accuracy of this simulation reaches 22%. (3) The attention weight of the AM-LSTM model indicates that
the water level of the second confined aquifer contributes the most to land subsidence. These research findings can provide a reliable model
for the prevention and control of land subsidence.
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