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Adaptability analysis of machine learning model in groundwater depth simulation

NIU Xinyi, LU Chengpeng, LU Jiayun, WU Chengcheng, LIU Bo, SHU Longcang
(College of Hydrology and Water Resources, Hohai University, Nanjing 210098, China)

Abstract: Based on the meteorological data, social data and groundwater depth data of Beijing-Tianjin-Hebei, support vector machine
(SVM), recurrent neural network (RNN) and long and short-term memory neural network (LSTM) were constructed to simulate the
groundwater depth of 13 cities. The adaptability of three models were evaluated in indicators, such as the determination coefficient,
root mean square error, mean absolute percentage error, and Nash coefficient. The results showed that LSTM model performed the
best, followed by RNN and SVM. Meanwhile, simulation results of different cities demonstrated the least parameter adjustments and
the best adaptability of LSTM model for the groundwater depth simulation, and SVM model parameters had the most parameters
adjustments. Three models were applied to 6 randomly selected stations for verification and it was shown that in the shallow groundwater
depth simulation in North China, LSTM model had good simulation accuracy and reliability, with strong adaptability. Therefore, it is
the first choice in the groundwater depth simulation of the studying area.

Key words: machine learning; groundwater depth; support vector machine; long and short-term memory neural network; recurrent

neural network; Beijing-Tianjin-Hebei
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Table 1 Correlation between groundwater depth and multivariate variables in 13 cities of Beijing-Tianjin-Hebei

HiIX
R & [k K by AH Et
Jbat -0.73* 0.22* -0.21" 0.14 0.87 * 0.67*
Kt 0.70* 0.14 0.05 0.11 -0.80 ™ -0.78 ™
HEE -0.83 " 0.15 =* -0.02 0.13 0.96 ** 0.95*
FE L -0.09 0.34 " -0.02 0.36 ™ -0.14 -0.30™
T -0.45* 0.46 ** -0.28™ 0.34* -0.09 0.47*
JEig%i) 0.51* 0.36* -0.09 0.32* -0.47" -0.48 ™
KRN -0.59 ™ 0.17 = -0.04 0.08 0.96 ™ 0.95*
g -0.39* 0.21" 0.12 0.16 * 0.68 ™ 0.70*
1M 0.17 = 0.45™ 0.01 0.37* -0.25™ -0.35*
ZEE -0.61 " 0.15 = 0.12 0.18 * 0.33* 0.35"
fig7K -0.48* 0.40 * -0.14 0.39* 0.28 * 0.34*
s -0.53 " 0.24 " 0.08 0.25™ 0.83" 0.80 "
HEB 5 -0.11 0.40 ** 0.07 0.43 ™ 0.12 0.13
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Table 2 Indicator results of three model performance

- R RMSE MAPE NSE

& RNN B2 LSTM A5 SVM A% RNN A5 LSTM #8 SVM #E8 RNN #7 T.STM A< SVM A RNN A8 LSTM #5751 SVM A5 75
LFE  0.60 0.72 0.54 0.61 0.56 1.11 1.47 1.26 2.81 0.21 0.32 -1.62
P 0.56 0.63 0.54 0.83 0.71 0.97 2.58 1.97 3.34 0.05 0.30 -0.30
TR 0.86 0.88 0.75 1.17 0.90 1.64 3.17 2.06 5.03 0.61 0.77 0.24
1M 0.60 0.63 0.52 0.80 0.71 1.02 9.23 7.93 12.35 0.10 0.16 -0.08
ZEE 0.5 0.68 0.49 0.77 0.38 0.86 10.74 4.39 11.89  -1.28 0.45 -1.83
| 0.77 0.89 0.36 0.93 0.57 0.96 2.51 1.71 2.66 0.34 0.67 0.11
JER L5 0.66 0.73 0.48 0.76 0.53 0.82 5.36 4.38 6.42  -1.38 0.14 -1.78
kKO 0.76 0.84 0.34 0.51 0.29 0.60 1.51 0.79 1.61 0.04 0.68 -0.32
TR E 0.43 0.69 0.30 1.04 0.63 1.16 4.48 2.47 4.86  -0.42 0.47 -0.78
Kt 0.59 0.63 0.50 0.36 0.32 0.62 5.95 4.73 10.52 0.21 0.37 -1.34
FE L 0.72 0.75 0.65 0.71 0.59 1.83 5.36 3.95 14.49 0.11 0.38 -1.96

B & 0.57 0.70 0.49 0.95 0.84 1.03 2.65 2.16 2.98 0.19 0.36 0.03
K 0.59 0.68 0.23 0.79 0.71 1.12 5.22 4.32 7.08 0.01 0.20 -0.99
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Table 3 Model parameters of groundwater depth simulation in different cities

RNN 55 LSTM #£i#1 SVM #i )
Wi
L N E L N E AL C g

AXRE 0.01 10 1000 0.001 30 1500 rbf 10 0.1

R 0.01 30 1500 0.001 30 2000 rbf 10 0.1

et 0.01 10 1000 0.001 30 1500 linear 1

B 0.01 30 800 0.001 30 1500 tbf 10 1
FEE 0.01 15 1500 0.001 30 1500 tbf 30 0.1

dtae 0.01 20 2000 0.001 30 1500 sigmoid 8 0.1

JER 55 0.01 30 1500 0.001 30 1500 sigmoid 1 0.1
KR 0.001 30 1500 0.001 30 1500 poly 0.1

1 0.001 10 1500 0.001 10 1500 sigmoid 10 0.1

Kt 0.01 10 1500 0.001 10 1000 sigmoid 10 0.1

FE L 0.01 10 1000 0.001 30 1500 linear 2

w& 0.01 15 1000 0.001 15 1500 sigmoid 10 0.1

fgsK 0.001 15 600 0.001 10 1000 thf 10 1.0

VE L BRI ) N WA 2 2R R s B BRI UR; € WIETI B0, ¢ B P obf s A 19 38 gamma
#{ RMSE Fl MAPE #{ Lt RNN #8281/ (HA3 B2, RIS ; 76 SVM AT A FE R Je I ZE 2 5
K 5 ASYRTTEERE RS vbf PREL, AU AT R T IR R T A BERE Y2 sigmoid PRIEL, ZKAE | FH 1L BE £ Y 2
linear PREY , A 5K R DL 2 L2 pRET

G LR 3 A7 AE 13 AT LSTM AR 3 S8 e /b L ds IS8R 5 41, SVM B iz I 400k
Z s SR 9 41, RNN BIRLE SR 2 58] 10 41, HENSEUERE Lok E  SVM BRI S 4048
HRZ B RECE 4 4, B ¢ Tl g —35 6 NS5, B HAB PRI 2 7% [ I B AR SVM A 7Y
NS BB AR R AR A RS AT [, 030 W MR B AR T RNN AL BT D)7 25 R R S 400
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Fig.4 Simulation result comparison of groundwater depth at 6 measuring stations based on different models
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Table 4 Simulation parameters and error indicators for groundwater depth of 6 measuring stations

Stk RNN #5575 LSTM A7 SVM #57!

e N E R? RMSE  NSE L N E R? RMSE  NSE K c g R? RMSE  NSE
PEE# 0.01 15 1000 0.858 0.644 0.530 0.001 30 1500 0.950 0.395 0.824 poly 5.0 0.582 1.268 -0.823
ABF 0.01 15 1000 0.755 1.110 0.512 0.001 30 1500 0.982 0.654 0.831 bf 1.0 0.4 0.602 1.359 0.269
HAJE 0.01 15 1000 0.574  0.466 -0.010 0.001 30 1500 0.941 0.193 0.827 sigmoid 0.5 1.0 0.374 0.858 -2.429
KEi&IE 0.01 15 800 0.669 0.744 0.392 0.001 30 1500 0.921 0.545 0.674 poly 8.0 0.479  1.240 -0.688

HEF 0.0 15 1000 0.796 0.698 0.536 0.001 30 1500 0.979 0.409 0.840 «bf 1.0 0.1 0.406  2.179 -3.525
P 0.01 15 1000 0.501 0.484 -0.221 0.001 30 1500 0.991 0.103 0.944 sigmoid30.0 0.2  0.513 0.569 -0.683

M1 4 AT LA E WA 3T LSTM B AU A i T 7K B 58 R0 52 00 F 4005 0O e g, HEkJ& RNN B AR
SVM A | Xt LSTM BRI i, H LA RE U0 6 I IR 19 B D e Pria AR I A L o, 6 4 S5 R R,
LSTM HERIYE 6 Nl (94D S A5 FE#R 5 3 0.9 LA |, RMSE /)y, NSE FEAHRIAE] 0. 8 LA I, 3 W% A6 4 S ] 5
(), RNN RO HL T LSTM AR, % 37 104 1 6 BRSO LU 45 22 , IR 3l | v 28 e oy 8 7
FIFE b 2 5 8 R FIEEL Y NSE $845 K T, R IIBT F 25 AT {5, 4T SVM BRIk Ut HENe 1
RIS AL R SIS R ok, ZE 495 75 1 22005 Lh A 22 3 iR T SVM AR i e 12 D) g 5 3y i HL
SVM HERI ) NSE Z 8% T AR bF il , HoAth 4l G %k, HLHE RNN AR K5 22 R B SVM AR /e A S S LS ik
TS 43 T BN 3 ) 2 b T K MR A R 2% . IR PR G B 2 > D iR AR AU T 7K 3R 5 i A AR
T2 AN G 2805 AT IR, 00 A0 e A 2 s A7 B 2 IO 4% 55 P T L O b 9 6 22 R i i A T i+ AR T 22 T
M ARZe ML R

NS BT N A R L6 /I3 1 1 /K SRR AR AR LSTM AR A 1 40 5%k, RNN #5780 F1] H
2 ASH, M SVM ALRIFI T 6 41548, i 6B LSTM A5 [)38 1o M S

4 & B
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