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Abstract

Groundwater is an important water resource that can be used along with surface water. In particular, in the case of island regions, research
on groundwater level variability is essential for stable groundwater use because the ratio of groundwater use is relatively high. Researches
using artificial intelligence models (Als) for the prediction and analysis of groundwater level variability are continuously increasing.
However, there are insufficient studies presenting evaluation criteria to judge the appropriateness of groundwater level prediction. This
study comprehensively analyzed the research results that predicted the groundwater level using Als for various regions around the world
over the past 20 years to present the range of allowable groundwater level prediction errors. As a result, the groundwater level prediction
error increased as the observed groundwater level variability increased. Therefore, the criteria for evaluating the adequacy of the
groundwater level prediction by an Al is presented as follows: less than or equal to the root mean square error or maximum error calculated
using the linear regression equations presented in this study, or NSE > 0.849 or R* > 0.880. This allowable prediction error range can
be used as a reference for determining the appropriateness of the groundwater level prediction using an Al.

Keywords: Artificial intelligence model, Groundwater level prediction, Allowable prediction error, Maximum fluctuation width of
groundwater level, Linear regression analysis
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th(Table 1(h). o2& IS HE] B2AIES10) WA 1740] 54 o1& LAk time step)©] © A= Th9- 2 5= Qlrks
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o] WF 24.0%E LrERRITK Table 1(2). Wb ATk, sfek o] h87Rs @ApHS1e] 2.2 3.0 7| &shrt.
Table 1. Analysis of existing research results related to groundwater level prediction using artificial intelligence (Al) models
© @ | ) -
(a) (b) Maximum | Allowable . Allowable ;
2 . Ratio of Ratio of
. NSE of R of | fluctuation worst worst max- .
Authors Best AI | Time . . . RMSE |. maximum
No Study area validation | validation| widthof | RMSE of imum error of
(year) model step . . A (%) s error (%)
or testing | or testing | observed | validation (@) validation or (/)
period period |groundwater| or testing testing period
; x100) x100)
level (m) |period (m) (m)
. Gondo aquifer,
1 CO‘”(';;]O-‘VI)@’ -\ Burkina Faso | RNN |Monthly| - ; 6.5 039 | 60 05 7.7
(West Africa)
Daliakopoulos | Island of Crete,
2 et al. (2005) Greece ANN | Monthly - 0.985 44.5 2.110 4.7 4 9.0
Nayak et al. | Central Godavari
3 (2006) Delta System, India ANN | Monthly - - 2.3 0.589 25.6 1 435
Krishna et al. | Andhra Pradesh
4 (2008) state, India ANN | Monthly| 0.7549 0.774 2.8 0.210 7.5 0.4 14.3
Yang et al. Western Jilin,
5 (2009) China ANN |Monthly| 0.79 - 3 0.090 3.0 0.25 83
Chen et al. .
6 (2010) Southern Taiwan | RBN |Monthly | 0.592 - 12 0.789 6.6 1.1 9.2
Adamowski and Wavelet-
7 Chan (2011) Quebec, Canada ANN Monthly | 0.869 0.884 4.5 0.553 12.3 1.2 26.7
8 Clzg‘(‘)fi)"l Southern Taiwan | ANN |Monthly| 0.887 - 33 0363 | 11.0 0.7 212
Yoon et al Beach of the Six-
9 2011) ' Donghae city, SVM hourl - - 2 0.154 7.7 0.5 25.0
South Korea Y
Kisi and Shiri Illinois State, | Wavelet- .
10 (2012) USA ANFIS Daily - 0.984 22 0.795 3.6 7 31.8
Rakhshandehroo . .
11 etal. (2012) Shiraz plain, Iran | ANN | Monthly - 0.883 14 2.052 14.7 4 28.6
Taormina et al. Lagoon of
12 (2012) Venice, Ttaly ANN | Hourly 0.809 - 0.7 0.052 7.4 0.23 329
Sahoo and Jha Konan basin,
13 2013) Kochi, Japan ANN | Monthly | 0.861 0.890 4.6 0.411 8.9 1.2 26.1
Heetal. Ganzhou region, |Wavelet-
14 (2014) China ANN Monthly - 0.800 33 0.709 21.5 1.5 455
Jha and Sahoo Konan basin,
15 (2014) Kochi, Japan ANN | Monthly 0.89 0.930 1.6 0.157 9.8 0.4 25.0
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Table 1. Analysis of existing research results related to groundwater level prediction using artificial intelligence (Al) models (Continue)

© @ | ® .
(a) (b) Maximum | Allowable . Allowable .
2 . Ratio of Ratio of
. NSEof | R of | fluctuation worst worst max- .
Authors Best AI | Time . L . RMSE |. maximum
No Study area validation | validation| width of | RMSE of imum error of
(year) model step . . . (%) s error (%)
or testing | or testing | observed | validation @/ validation or (/©)
period period |groundwater| or testing %100) testing period %100)
level (m) |period (m) (m)
Gone et al shore of Lake
16 (2515) ’ Okeechobee, ANFIS |Monthly | 0.689 0.753 4.7 0.590 12.6 1.6 34.0
Florida, USA
Juan et al. Qinghai-Tibet .
17 (2015) Plateau, China ANN Daily 0.7901 0.792 0.85 0.081 9.5 0.23 27.1
. . ... | Wavelet-
jg | [Khalileral.Manitouminesite,| |\l paity | 0982 | 0.982 1.7 0.060 3.5 03 17.6
(2015) Quebec, Canada
ANN
g |Mirzavand etal.| - Kashan plain, =1\ (b |y ronmy | 0.970 72 3600 | 5.0 14 19.4
(2015) Iran
Chang et al. Zhuoshui River | SOM-
20 (2016) basin, Taiwan NARX Monthly - 0.970 9 0.350 3.9 1.8 20.0
Nourani and Miandoab plain
21 > | ANFIS | Monthl - 0.940 33 0.084 2.5 0.3 9.1
Mousavi (2016) Iran S |Monthly
22 |Sun et al. (2016)| N SCONSWAMD |\ | Daily - 0.476 0.45 0.122 | 27.1 0.21 467
forest, Singapore
23 Y(E(z)g 166’)"1' South Korea | SVM | Daily . 0.762 1.7 0.149 8.8 0.5 29.4
Barzegar et al. . Wavelet-
24 (2017) Azarbaijan, Iran ANN Monthly | 0.9775 0.979 2.4 0.093 39 0.4 16.7
Huane ef al. Three Gorges Daily,
25 (20gl§)a ’ Reservoir Area, SVM | Weekly, | 0.849 0.896 2 0.189 9.5 0.2 10.0
China Monthly
26 |Nie et al. (2017)|Jilin Province, China| SVM |Monthly | 0.849 0.845 42 0.297 7.1 0.9 21.4
Northwestern | Wavelet-
27 |Wen et al. 2017) China ANN Monthly | 0.701 0.721 1.3 0.187 14.4 0.3 23.1
Y
28 [Leceral. 2018)|  L2"EPYEONE NN | Hourly | 0.7955 | 0.840 0.6 0.056 9.4 0.1 16.7
South Korea
Mukherjee and
29 | Ramachandran India SVR | Monthly - 0.843 5.5 0.131 24 1 18.2
(2018)
Northwestern | Wavelet-
30 | Yuetal (2018) China SVR Monthly 0.5 0.563 2.5 0.390 15.6 1.2 48.0
Zhang et al. Inner Mongolia,
31 2018) China LSTM |Monthly - 0.789 1.8 0.167 9.3 0.5 27.8
Jeong and Park | Jindo Island and .
32 (2019) Pohang, South Korea LSTM | Daily - 0.440 5.7 0.963 16.9 2 35.1
Afzaal et al. Prince Edward
33 ANN Dail - - 9 1.150 12.8 24 26.7
(2020) Island, Canada aty
. Deep
K . K
34| Kumaretal onanbasin, |y . ing|Monthly| 0.87 | 0.903 | 0.080 | 8.0 0.23 23.0
(2020) Kochi, Japan .
algorithm
Rahman et al. Kumamoto Wavelet-
35 ? Monthl 0.86 0.880 2 0.100 5.0 0.3 15.0
(2020) Japan gyr | Vonthly
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Fig. 1. Statistical values of simulated groundwater level by optimal
artificial intelligence models compared to the maximum
fluctuation width of observed groundwater level in existing
studies: allowable worst root mean square error (RMSE) and
maximum error of validation or testing period
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