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Fig.2 Time Series of Precipitation, Deseasonalized Component and Seasonal Component
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Fig.3 Time Series of Groundwater, Deseasonalized Component and Seasonal Component
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Fig.5 Sample Autocorrelation Function
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Fig.6 Residual Test of Deseasonalized Groundwater in the Lena Basin
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Fig.7 Comparison of Groundwater Prediction Results
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Tab.1 Performance Indexes of Prediction Results

TR RMSE/cm R* NSE R BRI
KiT 1.407 2.958 9502 0.732 — &
B 0.717 0.469 0736 0.964 =
~ FE=n) 1.831 0.703 0.406 0.973 — %
I} & ZE7H] 1.790 0.963 -0.113  0.969 —f
KT 2.896 1.241 -0.848 0.936 — &
B 1.320 0.864 0.105 0.862 — &
SARIMA
5 ] 0.678 0261 0919 0.973 .
i g ZE 7 0.910 0490 0712 0.941 =4
K41.(19,23) 1.267 0.859 0.114  0.940 — %
NAR ¥EE (19, 14) 0.580 0380 0.827 0.914 e
(T ZREET (20, 17) 2.971 1142 -0.564 0.942 — B
e ZE (2, 12) 0.562 0.302 0.890 0.947 i
KI1(8,1) 0.480 0392 0.815 0.966 e
NAR BRI (1,1) 0.604 0396 0.812 0.968 11
Ur) R (17,1) 0.787 0.303 0.890  0.990 i
i 8 2E7(2,1) 0.810 0436 0772 0.973 i

E: MEAHESANE N RFRRMIETHE, BoARFRRIT TR,



2.3 g

e, ARSCHRE TR i T AR
EFEN RN, FONEET 2l
i 52 B M A () e o DRI TR0 R ZE B T
B A G A e s, TRk H T2
Gy R . R, AR ST B TRl B2
6 NMH, XEF LT KGR N K
TS PERT DA R A AR ) S AR s
R I 2 A TR T ] FE PR BRI 29) . NAR #HZE ]
28 YRUI) 1) VR P ARG T SEBRMLME. (BT 7D
X2 A AR SCR H 4 < B0 RMSE, 1
B G B IR 01 0% oR BRI O S R 22 1) 2R
FREAERO,  TXOK 7E AR B 98 A e 2 et
SARIMA Titill 45 SRAE 5 S i I eE AL T NAR
AWML (R 1), X2ZEREN SARIMA R
X RGP AT T — M 22 0 A B . X
WAMEE B T X S5 46 7 S AT A 2R, G2
I ZE Sy BOE ZE TR AR AR, T DU R e
KGR R TRIRE . R, ZE R R A B
9 NAR HZE 2 I B £ (A e S it T
RRAZ, W BRAR A 28 X 4 AL S5 ] o 4% A
RUPEAN RS R IR, B T SHEAIL5 0
S 75 3H A, AT g5 ek 2 A g AN
R B SRR O, IXRAE AR BB 7T H 4k 2
S . Wa, MW G R, HE
FHEmHRK FRESES, MUE
HHHRIY R 5, Wi m3RA T X oK
SCHEIR R ERAR, DK BRI & BRI FH SR A ok
FXFFo

3 45iE

ASCREFATBEBORA NAR FiZE /2%
2T N D B P I TR N ) R T TR N
T LS AN I JE ZE T T ) R K A AT
T, FESRA: (LD ELFETHERS
{10 ek R AT 38 7K 93 93036 A2 A 37 93 A A By
BB (2) B EOR A 2

SE NAR FHEE X 4% (1) 28 H5 0 R i, 9D )
ZINSHL, nT LASR Eoof R 7K A 5 0 T
REFEEAVRSGERE;  (3) &dFT )R
NAR 122 W 26 (1) T &5 SRAR T AL G AR 45
BUF SARIMA #5284, P25 S RMSE /N T
HAl GRACE TLE sl T /K fifs & (1A
P, MR REEIL 0.96,

RUEH T K AR e, 230
WS AEAR AN N VE BN SR, (H2 AR
IKAFA IV ERE SR, =T E
7556 Hh R KA B ) TR AR AT 6T B AT AT
[ IR 1,44 B0, 7 4 228 [0 46 6 %o 7K ST IR T 7 471
TR IR IR T-1E A

23 3R

[11YinZJ, XuYY, Zhu X Y, et al. Variations
of Groundwater Storage in Different
Basins of China over Recent Decades[J].
Journal of Hydrology, 2021, 598: 126282

[2] Shi Yun, Li Weixuan, Tang Yaming, et al.
Time Series InSAR Measurement for
Earth Environmental Monitoring and
Resource Management: A Case Study of

Geomatics
and Information Science of Wuhan
University, 2019, 44(11): 1613-1621 (Jifi
=, FE, B, . P InSAR
BORTE HERIA I8 0 I e B 5 B )
REF: PASEI-IE AR X A B[], s8R
FEAR o A5 B R AR, 2019, 44(11):
1613-1621)

[3] Di Shengtong, Jia Chao, Zhang Shaopeng,

Jiaocheng-Qingxu  Areal[J].

et al. Regional Characteristics and
Evolutionary Trend Prediction of Land
Subsidence Caused by Groundwater over
Exploitation in North Shandong of the
North China Plain[J]. Acta Geologica
Sinica, 2020, 94(5): 1638-1654 (FkHkIA],
T, sk, 55 ARdbF R S b X
iy 7GR S B30 I T PR DX SRR IE A i
WREFH M) HFT AR, 2020, 94(5)
1638-1654)

[4] Chen J L, Rodell M. Applications of



Gravity Recovery and Climate
Experiment (GRACE) in  Global
Groundwater Study[M]//Global

Groundwater. Amsterdam: Elsevier, 2021:
531-543

[5] Long D, Chen X, Scanlon B R, et al. Have
GRACE Satellites
Groundwater Depletion in the Northwest
India Aquifer? [J]. Scientific Reports,
2016, 6: 24398

[6] Khorrami B, Gunduz O. Evaluation of the
Temporal

Overestimated

Variations of Groundwater
Storage and Its Interactions with Climatic
Variables Using GRACE Data and
Hydrological Models: A Study from
Turkey[J]. Hydrological Processes, 2021,
35(3): 1-9

[7] Chen X H, Jiang J B, Lei T J, et al.
GRACE Satellite Monitoring and Driving
Factors Analysis of Groundwater Storage
under High-Intensity = Coal

Conditions: A Case Study of Ordos,

Northern Shaanxi and Shanxi, China[J].

2020, 28(2):

Mining

Hydrogeology Journal,
673-686

[8] Tangdamrongsub N, Han S C, Yeo 1 Y, et
al. Multivariate Data Assimilation of
GRACE, SMOS, SMAP Measurements
for Improved Regional Soil Moisture and

Storage Estimates[J].
Advances in Water Resources, 2020, 135:
103477

[9] Castle S L, Thomas B F, Reager J T, et al.
Groundwater Depletion during Drought

Groundwater

Threatens Future Water Security of the
Colorado River Basin[J]. Geophysical

Research Letters, 2014, 41(16):
5904-5911
[10] Joodaki G, Wahr J, Swenson S.

Estimating the Human Contribution to
Groundwater Depletion in the Middle
East, from GRACE Data, Land Surface
Models, and Well Observations[J]. Water
2014, 50(3):

Resources  Research,

2679-2692

[11] Mohamad N, Ahmad A, Din A M.
Monitoring Groundwater Depletion Due
to Drought Using Satellite Gravimetry: A
Review[]]. IOP Conference Series: Earth
and Environmental Science, 2020, 540(1):
012054

[12] Yang Ping, Wang Xinmin, Lu Laijun.

of Pollutant
Concentrations in Groundwater Based on
the Combined Method of the Improved
Quantification Theory and RBF Artificial
Neural Network[J]. Earth  Science
Frontiers, 2016, 23(3): 151-155 (#%°F,
FEHR, B, BT iR
WA RBF #HZ0 W 28 240 & 5 i 11 T 7K
KBTI [0]. L 5ERT 2%, 2016, 23(3):
151-155)

[13] Sun Z L, Long D, Yang W T, et al.
Reconstruction of GRACE Data on
Changes in Total Water Storage over the
Global Land Surface and 60 Basins[J].
Water Resources Research, 2020, 56(4):
1-21

[14] Malakar P, Mukherjee A, Bhanja S N, et

Predicting the Trends

al. Machine-Learning-Based
Regional-Scale ~ Groundwater  Level
Prediction Using GRACE[J].
Hydrogeology Journal, 2021, 29(3):

1027-1042

[15] Wunsch A, Liesch T, Broda S.
Forecasting Groundwater Levels Using
Nonlinear Autoregressive Networks with
Exogenous Input (NARX)[J]. Journal of
Hydrology, 2018, 567: 743-758

[16] Sun A Y. Predicting Groundwater Level
Changes Using GRACE Data[J]. Water
Resources  Research, 2013,  49(9):
5900-5912

[17] Yin W J, Fan Z W, Tangdamrongsub N, et
al. Comparison of Physical and

Models  to

Groundwater Level Changes with the

Inclusion of GRACE - a Case Study over

Data-Driven Forecast



the State of Victoria, Australia[J]. Journal
of Hydrology, 2021, 602: 126735

[18] Wang J L, Chen Y. The Applicability of
Using NARX Neural Network to Forecast
GRACE  Terrestrial Water  Storage
Anomalies[J]. Natural Hazards, 2022,
110(3): 1997-2016

[19] Patil K, Deo M C, Ghosh S, et al
Predicting Sea Surface Temperatures in
the North Indian Ocean with Nonlinear

Networks[J].
International Journal of Oceanography,
2013, 2013: 302479

[20] Hipel K W, McLeod A I. Time Series
Modelling of Water
Environmental Systems[M]. Amsterdam:
Elsevier, 1994

[21] Brockwell P J, Davis R A. Introduction to
Time Series and Forecasting[M]. New
York: Springer New York, 2002

[22] Xiao Z J, Phillips P C B. An ADF
Coefficient Test for a Unit Root in ARMA
Models of Unknown Order with
Empirical Applications to the US
Economy[J]. The Econometrics Journal,
1998, 1(2): 27-43

[23] Prakash S, Mitra A K, Pai D S, et al.

Autoregressive  Neural

Resources and

From TRMM to GPM: How Well can
Heavy Rainfall Be Detected from Space?
[J]. Advances in Water Resources, 2016,
88:1-7

[24] Liu Renli, She Dunxian, Li Min, et al.
Using Satellite Observations to Assess
Applicability of GLDAS and WGHM
Hydrological Model[J]. Geomatics and
Information Science of Wuhan University,
2019, 44(11): 1596-1604 (XIMTHi, 433k
oo, 2 S5 ORI TR UL S v
GLDAS 5 WGHM 7K SCHRY (g3 A 1tk
D] BRBORFEER « /5 B ARFARR, 2019,
44(11): 1596-1604)

[25] Watkins M M, Wiese D N, Yuan D N, et
al. Improved Methods for Observing
Earth's Time Variable Mass Distribution
with GRACE Using Spherical Cap
Mascons[J].
Research: Solid Earth, 2015,
2648-2671

[26] Ahmed M, Sultan M, Elbayoumi T, et al.
Forecasting GRACE Data over the
African Watersheds Using Artificial
Neural Networks[J]. Remote Sensing,
2019, 11(15): 1769

Journal of Geophysical
120(4):



Prediction of Watershed Groundwater Storage Based on

Seasonal Adjustment and NAR Neural Network

WANG Jielong! YANG Ling! CHENYi' SHEN Yunzhong'

1 College of Surveying and Geo-informatics, Tongji University, Shanghai 200092, China
Abstract: Objectives: Accurate and reliable prediction of watershed groundwater storage can
help ensure the sustainable use of a watershed’ s aquifers for urban and rural water supply.
Methods: On the basis of precipitation information, gravity recovery and climate experiment
(GRACE), and global land data assimilation system (GLDAS), the prediction of groundwater
storage is performed by using the seasonal adjustment and non-linear autoregressive(NAR) neural
network. Then the NAR model without the seasonal adjustment, the autoregressive (AR) model,
and the seasonal autoregressive integrated moving average (SARIMA) model are compared.
Results: Taking Changjiang Basin, Lena Basin, Ob Basin and Yenisey Basin as case studies, the
results indicate that the deseasonalized precipitation and groundwater using the seasonal
adjustment are independent and good fit to AR(1), while laying the foundations of deciding the
number of a time delay of the NAR network. The performance of the NAR neural network using
the seasonal adjustment falls into the excellent category for each basin and shows superiority over
AR model and SARIMA model, with root mean square error (RMSE) less than 1 c¢cm and
correlation coefficient more than 0.96. Conclusions:The integration of seasonal adjustment
technique and NAR neural network can not only improve the prediction accuracy of groundwater
storage, but also reduce the convergence time. The proposed method can effectively forecast the
groundwater storage with improved performance due to the seasonal adjustment that reduces the
data complexity.
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autoregressive model
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