B2 (15 B RHERR)
Geomatics and Information Science of Wuhan University
ISSN 1671-8860,CN 42-1676/TN

LT

(RIUKZEAR (B BRER)) M E R

RH ConvLSTM f#Z5 W 4% [ P INSAR HuTH] 7T P 2 Tl

= IR, W%, BRE, B0 ko

DOI: 10.13203/j.whugis20220657

WA A 2023-06-04

Mg E R HE:  2023-07-04

51 = %%, w3k, BRE, EESC, 9KOZ0E. ConvLSTM M4 M4 (K FF INSAR Hb

[T I S P [I/OL] . BB 4R (15 BB 2.
https://doi.org/10.13203/j.whugis20220657

@NKif oL

www.cnki.net

WIS ER: EdmBE LIRS, ffk NSRRI 2 DR R HEBUE R BN g & R S5y
B HEMBARCLE, HEEFRATIF B8 FE TR HEROE i de 5 H e fa 4 )
FIRE R (RIEM S 2R HERRE R, WTEAE AR B IR . BN e A
AR 2 HL DU Y CUfh E ) BV s R P B e 1 o S P S8 Al I 2% 1 AR A B e AUAF £ (il
R ERZEB) A1 CITI AR BAE Y A RE s 2 ARWE TR A B . Bl Rl 77 &g
BB TUSCSR R, AR ARANGGAT 9 S AR ABUT s R fh N 2 LA R 15 [ A R 5T i
AR BOARDRIE, IEB MG —HIVETE 5507 f79 . 87, A0, g th R ROt ERRESS
N ERF ERAI A BRI, SR ERG — 25, AMRBSOESCEH | 1EH . HUE A FRAER A2,
FURTEE T g A HEAT > B0 IE K

HREEIN : 40U TR EE I S (R E2EARIIT] OsfiBoO) By REHARAREL, £ (FE
FARWIH (MZRREO) HARESRE T & LA 5 405 T N 7 — SR i, DL BRI RO 30, A2 BRI
AR BT HI AR SO AT E R . HERROE RS . BN E R . B (o B AR (RIZRRO) A2 B 5l
R H R SRR PR 286 3 4 0 HH ) (ISSN 2096-4188, CN 11-6037/Z), it LAZS 29 BT IR I 285 ik b X 4%
RSN IE AR



2023-07-04 09:43:26
https://kns.cnki.net/kcms2/detail/42.1676.TN.20230703.1606.003.html

DOI:10.13203/j.whugis20220657
51 A

%, W2k, MREL, 5. ConvLSTMAHEE /45 (1] /37 InNSARM [ Ut B i 25 Tl [3]. ECBUR 2524k (5 BRL
W), 2023, DOI: 10.13203/j.whugis20220657 (HE Yi, YAO Sheng, CHEN Yi, et al. Spatio-temporal prediction of
time-series INSAR Land subsidence based on ConvLSTM neural network[J]. Geomatics and Information Science of
Wuhan University, 2023, DOI: 10.13203/j. whugis20220657)

ConvLSTM R /IZZHIRT R INSAR TR AT =T
ﬁ%mam%ma%%maaﬁima%j%ms

1. AT K M5 M (S 8 %R, M 730070
2. M [ 1 W IR S [ 5K 7 B A AR ST ht, 221 730070
3. Hilr s o S e TREsEIe %, 22 M 730070

OB A REILER RN T kG AN AR ) £, KRBT B ARBAFIE S B, B0

®ILER SN G T S £, KRFRRE T — A Ak 95 42 0F B 45 40 Ao = 18] AR SR AF L8 09 B AR K Aa it e
1z (Convolutional Long Short-term Memory, ConvLSTM) #¥ £ 9 2& 3 & T 4 B 2 F00) 7 ik . LR
T BABRMAHEATARLK, BAEATZ THFMNZHELAXENF 5 4EAK (Small Baseline
Subset Interferometric Synthetic Aperture Radar, SBAS-INSAR) , #| A Sentinel-1A %%k I T &
AR E FRALG 693\ U5 BT 2 INSAR 4%, A4 ConvLSTM 493k @ JL M4 B 2 MR G2
MAFA M Z K 3xA Rk —F @It e, AR RKABSAR T F M2 (Persistent Scatterer INSAR, PS-
INSAR) , SBAS-INSAR # R % R Ao K/ S KB XBIETH A INSAR & RO TEN, B 5
INSAR @ L IE 2B R R B3 E 0 T RIED BN R S A —HIEE X &4 DR T BAIFNIIF
2 8 B T AL A 69 AR BT 1) 3 K, # 28 F INSAR #u@m LS 49 ConvLSTM Bt = FAAR A, H A
MR A BFE R MASZ REEKF 0997, F oA T BAL M 4547 22 #4864 1 (Structural
Similarity, SSIM) #=% R & 2 #4afitx (Multi-Scale Structural Similarity, MS-SSIM) # — % if
BT ARG PERE, SSIM F= MS-SSIM %A1 2| 7T 0.914. 0.975. 4, %i%ﬁz@ua (support
vector regression, SVR) . % Z& & 4 % (multilayer perceptron, MLP) . R AP 2 KW 4k
(Convolutional Neural Network, CNN ) =K 43 B 3eiC 4P & B % (Long—Short Term Memory,
LSTM) #ZA 34T T 3 tb A7, &MAGARH BT h AR B 9EA RKE. K AR E 4 ConvLSTM 3

) I B S TR AL AL SN 2] 2022 F 11 A bR A A E R R K R BRI E =L ) 157 mm. AT
5T A IR He B L TE - EA TR AR A R AR 1 IE
X2 @I 1A INSAR; B EFHM; ConvLSTM
FESES: P237 XEARERD: A

Spatio-temporal prediction of time-series INSAR Land subsidence
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Abstract: Objective : Existing spatio-temporal prediction methods of land subsidence have some

problems, such as poor ability to capture time-series features and ignoring spatial neighborhood features,
which lead to poor reliability of spatio-temporal prediction of land subsidence. Method: In this study, a
spatio-temporal prediction of land subsidence based on convolutional long short-term memory
(ConvLSTM) neural network is proposed, which can capture time-series features and spatial
neighborhood features. Beijing Capital International Airport (BCIA) was selected as the experimental
area. Firstly, based on Small Baseline Subset Interferometric Synthetic Aperture Radar (SBAS-InSAR),
Sentinel-1A images were used to obtain the spatio-temporal INSAR data of land subsidence at BCIA,
and then a ConvLSTM model was constructed to predict the land subsidence in the next year. Permanent
scatters INSAR (PS-InSAR), SBAS-InNSAR and benchmark results were used to cross-verify the
reliability of time-series INSAR results. Time-series INSAR land subsidence data were segmented by
sliding windows to form a many-to-one data set model. Combined with wavelet transform and
evaluation indexes to determine the optimal time step of the prediction model, the ConvLSTM spatio-
temporal prediction model of time-series INSAR land subsidence was established. Results: The R? of
the predicted and real results reached 0.997. Meanwhile, the performance of the model was further
evaluated based on the image evaluation index structural similarity (SSIM) and multi-scale structural
similarity (MS-SSIM), and the SSIM and MS-SSIM reached 0.914 and 0.975, respectively. Conclusion:
In addition, support vector regression (SVR), multilayer perceptron (MLP), convolutional neural
network, CNN) and the Long-Term Memory neural network (LSTM) model were compared and
analyzed, and each index revealed that the model proposed in this paper was optimal. The ConvLSTM
spatial-temporal prediction model was used to predict that the maximum cumulative subsidence at BCIA
will reach 157 mm by November 2022. This study can provide key technical support for the early
prevention of urban land subsidence.

Key words: Ground subsidence; Time-series INSAR; Spatio-temporal prediction; ConvLSTM
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Fig.1 Processing flow of SBAS-InSAR technology
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Fig.2 ConvLSTM structure diagram
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Fig.12 correlation scatter plot of PS-InSAR and SBAS-
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Fig.14 Interannual subsidence variation of airports
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Fig.15 Periodic Detection of Ground Subsidence at Airport
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Table2 Variation of evaluation index values for prediction models with different time steps

o EREE

MAE MSE SSIM MS_SSIM PSNR
ConvLSTM (T=3) 2.663 12.626 0.901 0.971 35.152
ConvLSTM (T=6) 2.872 14.145 0.904 0.972 34.614
ConvLSTM (T=9) 2.759 13.108 0.905 0.972 34.983
ConvLSTM (T=12) 2.583 11.666 0.913 0.975 35.504
ConvLSTM (T=15) 2.583 11.851 0.914 0.975 35.426
ConvLSTM (T=18) 2.505 11.396 0.907 0.973 35.612
ConvLSTM (T=21) 2.899 14.179 0.912 0.974 34.616
ConvLSTM (T=24) 2.609 12.012 0.909 0.973 35.349
ConvLSTM (T=27) 2.909 14.313 0.909 0.973 34.601
ConvLSTM (T=30) 2.888 14.360 0.908 0.972 34.598
ConvLSTM (T=52) 3.403 19.258 0.907 0.971 33.280
ConvLSTM (T=80) 2.854 14.065 0.901 0.970 34.668
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Fig.16 Scatter plot of correlation between InSAR real value and predicted value

N T SR R UE A (g SRS B, BRATTBE ALk
EIGUF AR L 2021 4F 5 H 18 HIWHS/F InSAR
AL, Razt 3 AMEIE (A-A°, B-BY, C-
CH , HIHEHREM ConvLSTM 4RI IE 24T
XFEG, b R AR A Y R T 45 SR AR (]
17) o W 17 Hpaf LB B, = ANHITH S 7

INSAR A &1 5 TG TE A2 P i 405 6 P 241 e

FREEIAE 0 I iish, RYIMER ConvLSTM
b TH] 7T B8 I 2 00 A 2R ) 2 i A2 o B A 2 =T B
F INSAR R (1 J #8400 45 2L m] 5 1 A

.
=]
H] o

B 17 JF3 X S P InSAR 38 -5 TR 1% L

Fig.17 Comparison of INSAR real value with predicted value in local area
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Table3 Comparison of multiple indicators of different models

n R

T

MAE MSE SSIM MS_SSIM PSNR

MLP 3.175 21.099 0.854 0.970 33.093

SVR 2.983 18.630 0.945 0.975 33.389

CNN 2.901 14.345 0.913 0.974 34.659

LSTM 4.359 31.221 0.876 0.949 31.186

ConvLSTM 2.583 11.851 0.914 0.975 35.426
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Fig.18 The specific process of spatio-temporal prediction
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Fig.19 Forecast results of Capital International Airport in
the next year. (a)2021-11-14 (b)2022-3-14 (¢)2022-7-12
(d)2022-11-9
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Fig.20 Time series change of land subsidence at
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C: T2 terminal, D: 36R Runway
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