LSTM Jow 3l ookl b 0313 3gm05" b Gl o)y ) ST zlaw (cuwi swt
(28 Ol LTS (Fllan 6395w 153 y90 axfltan)

T S ol | 2 BT o1g=tosmo

aghaei_m@modares.ac.ir :asLL1, .0l 5l (Ol (o o 5 oKl L;.J S pde 5 pwdigo oy S )
h.ketabchi@modares.ac.ir ;45U .ol 1 Ol 165 ¢ poyde o 5 o515 (T o e 5 sdiga 03,5 o ghnn odins 55 Y

oS>

£

il e b aS bl 53 Ll 5 o iw i opl 2,05 (g3b W\‘J@uﬁj\)wg o3l gl e 3 2l b i
Sl ot Gl Erean (i Sl eslinal Gl gladle s S WS O mle o e 3 4 clites axlse
L;)'L,m._...i\)LmzlgQl,:ndla;'-ﬁjc,\méuﬂ.{\)Jﬁ\j&udmdl.@lu;%;j}@l)d)l:....za\q-}?&;fjﬁj
Long Jue 1 casdllas cnl 3. ls Glsl3 3 5508w o s 53 waler 5 383 (S5 daden slaesls &S bl s 5 S
— by pl s 53 sbloslan Sllae o3 sdon 53 oad s o mho Sty e Short-Term Memory (LSTM)
AU o 5 e gladde b anslis 53 LSTM Jute 3 Shas U550 candlan cpl ool Costa .o aslizad ayls Oliwl 0,
(Bayesian Q{ﬁju%ydeuﬁ\)gﬁuwu%élﬂ%w;ﬁjqc\uﬁ&;,zaﬂqmgjudw@b;
38 635 sbeesls Ol Sl sla Saly (ilwand 5 oS3 s sl &S U 4 S o g optimization)
(e AS So fo S L) e ;.;Téa_.uq).u.w{ sy, 5 lle g cowl 3B LSTM Jue a8 sls OLiS Cu
50 AV L Ry R84 Ll NSE e L sl ReLU Sladlad mb a8 sl 0L cibin jladlad w5 3 Shas avlie
),lm_GPU)-luu;wusumL;u‘W.xs@uw\)wjﬁjqdmaﬁgmwﬂ~.wpﬁlﬂRMSE
33 AL 4y GPUL 5 aids Y b o)y CPU L Jie gl 1l Ol ol sbas ols [2alS 1) 33l Oley e 55 B
Ulpear Ll 5 30l osps f mam 383 wote s oo Sl @l ileand s oVU LIS Jde cpl sy

o5 g ealial (o3l 3 5aS U ciliine Gbla 3 el 5 b o e Gl 2 LS sl

ST e e (ileand Gladled mb s et 1gaalS olels



doddo -

el e ol 3 Ol 2T L3S 31 p oSS s 3313 (6345 Cedl o35 O wbio o (sl uns 3 o law L5
O3 eslind 5550 gmeo 5 $5ll LG 5 o O el 6l Ol Gble (& 2 53 b nl (Omaretal,, 2019) 555
NS S50 5 i 2l e Lld Rl 4 e Wl e mle a1 sl Osk 5 s glAl S
e ¢ ool 3 T ol gl Qs ( JS2e ol 185 ) 0050 QTVS Sy saS 3 ehsn  Sler mhaw 3 S
g Jals (AT o gems isn Sladie b ass S (ode 5 o sehe S8 S0 5, 3148 Wlosls anw g5 |y o 5te gl s, 5
by s s 2 o (S3laand Gl Wslpl on 53 2508 2 51 (S 4238 483 G MODFLOW ((s3ue (slacsiasS 0L 3
el s Ol s Sliasiin 5 SO550 5554 ol Slaosls 4y oo s 0 DA 4 bty ol i iy 35 (U
.(Zeydalinejad, 2022) <ol

DB a5 sy 5m los 1S IS 4 (o sean gr bade Sl eslinal ol ans 3 qgade gla b sbacys s ks ol
il sl ol gl 335 b Sledbl 4 (3l ssde sla i, Ot 5 adde ol (Loh et al., 2022) conl a3 S
Sisr e il 63 S LS ed 5 O e (S3laand gl LS 5 Ol ley S 4 1 Lol Gl e 5 A1
0 S (ANN?) o me ae el ool o ol dax Sl ctias oae a1 s el bols o g
S e Y S L e GlaaSd i s it oY 220 L g3 ghls 5 L me (MLPY) ¥ slals i
Slalllas 53 ogme Jiga p e Oladss ol Jole 55 (Wsd e atlis (FENNY) [ty oae glaasls el &
e ol o Sl s slaesls S L=l 51 .(Lallahem et al., 2005) s S o 513 eslizal 5,50 i SO5405 00
Ui ) o 6l 355 e b ite | ol 4 same 4 3sdoes ANN gladde Ul cbines bl 8 5 b 2 Y pens
oS 31 eslinal b ooy laptonm s (sl p il 5 S0s5 G Ol (ANFISY) ks (530 rae plonal o
st 53 ANFIS s ANN cladis [, &aio 5 Sles 35> 5 L (Sreekanth et al., 2011) ol anw 55 (36 haie 5 SLaDl
ol oS Wlarlpe OLSLS Slmiil 5 35 o 51 IS dile placas st Lo ts) cal « (GWL) el 5 o mlawe 333
o (RNN') 2555 e oS a2y ol o 510 5 ety e sl it 53 Lo oIS ol
oz les)ls slacusgdme 35 Jsena RNN (Jl LS ol Slo (6w slaesls s |y odeids LSL‘”;:M‘.U L
sl e (DSl 5 ade gl VU Slales e 4 5L 5 Y5k la JI5 sl Glos Sledlbl i 55 LUl pae
Gl Boes Joe ) kS ais Vb (laoyss gl 1) SAedbl ol 535 4 L 0313 dnen 5 (LSTM) Souasls 55— ooy
;.j Clg.ﬂ L obks e cilihe Oldlae 5o 2 sladle jo 5 sl odld =1 b« Slos (6 o (slaesls o3 sas catus g (slaesls
.(Ren et al., 2022; Zhang et al., 2018) el a3 S ;1 3 eslizusl 5550 s} )

S ol égw olwand 53 1, LSTM Jus olwb!l LG Shin et al. (2020)  Parck and Jong (2020) L 5 ia 55 5o
3,006 Jie 3 Shas 5 e LB 5U 5000 03 Oles e a5 il s O e 5 o i3 S 5155 0 S S b s s
(Jeong et al., 2020; Shin et al., 2020) 54 +/+¥ g5 Jl Y4 51 JZJJ‘T oy 93 5w NSE axls Uil (Jls (ol
(Abdi sl 00 il Gaoe (5,550 wly 2 wnd 25 STl (loand e sl 35 (510 g3 date Dliiod ((pioees
slaesls ¢k§>\ g u.;)'jﬂi slaesls ¢ ‘r:i)jﬁ‘ ool ol il Bowes et al. (2019) (Jlws sl » etal., 2024; Feng et al., 2024)



LT (s3lgntng Jio s S ) 2 sdomie SV Slior o9 «SUho 8 03 wnd b &l it e 055 5 1) i i
S 2 Shas LSTM Jis S 313 LS sty cpl suld 3 suld (303 5 5 0 Sk Al b dlaosls i3l 5ty ol
Sk slasllsy a4 by e slaesls L aS Jue oS ds jasiio oopl edle .clils (RNN) iS5l ae oSl 4 S
\\4_;@)!},@ il g laesls ae same Sl el S S b pm Sleesls L &S sladae b oacglie )5 35 ol onls ui)'j,ai
i &l 4Y 53 LSTM Jue G Zhang et al. (2018) .(Bowes et al., 2019) Coils (g miw s iz g odod o) 50l
$3lginy Jo S 503 0L andllae cpl s s S b 1) o o8 et 3 W1y il ol adlate 53 ey 5 O o
/40 L +/VA - LSTM Jube 3 R? sl 4S5y sy ctas LI (FFNN) g2 iy s a0 4 S (6 5V0 033 ol
Ul samsOlis a5 B vl cdls Gl 3 /00 B as o3l 5 Led pslie (ul FENN Jbe gl s o8 JI= 55 oo
(Zhang et al., 2018). sl ey 5 e bl g gsledas ;> LSTM <L

0 oandlas ol a8 5 odmmy oy sl g3ledde 53 LSTM sile 23550 ae slaaSis VU oUly o ax 5 L
RICCENE A ST ISR Sl sblcsben Sldlas o3 3doms 53 s ;.)TCEM s 55 LSTM Jibe &35 ey
Sl sobatl jgbay 5 st 5 0sa5T (o) 5l eslizad b dde sl eyl mls oS oty Sl 3 3303 5 00 sl Ol
d_gnﬂyuﬁugr&;gﬂg,.\sj;ﬁwuupuamgiétﬂ@otﬁmw\sgwmvwwmﬁgmww
330kt 1 oot 53 (e sla il e (S3lutig 5 @leS (Sl g Sloaie Sl eslinal b ardlas sl (e 53 il
3,0 anglin 4 anllan l il oDl el 03,5 gl 31 ol Gbla 5 baas i slo 4y Jde grend OISl 5 ot
S8 ol b aslie g5 S o U5 e S35 el nl U 5 s LSTM Jute s e Sladled w5
3Ll Skl and BB 5 el gl S Olpeas sdd b Jie ol 43S 513 a5 3550 S g Slalllas s
355 8 4 e 2l mle Sy e 5 m s Sl e ol Ol Wl e s 3l | cile L3 a Gbla

¥ 9 3lge =Y
axfllaod yg0 ddkaie —1-Y

2l ladsb s dilate ool jls 53 ol Olial 5 Jolgs 5 0w (Sib ol as e s sblcsla Sallas 03 g
A e g | e kS VI dobes -l 5 00 S35 VETY OB O Ll e gla o e 5 881 0YO 54" oY
E 3 A TIYTL s sla i 53 5 1108 ) es sutoms 6Li )l 45 ns o OLES adkete (DEM) gl o3 Jie o
Sl s g SIS Sl plisl SOl ol edd S e TYAY/0 ailte plil ke 5 ol e 06

il il (S5
I 3l canl g o 4 B30 515 o wls s 5 O (i slaarlys 5ol ad s (55 0 o 53 3 sdoms
B o adlin ol Ll 5 () JS2) 355 e 3 9dome Dbyl 5 G0l Ol & oy 315 Olades sle 5 SLTSG o
Vo L-Y oVl oSl los 5 e he Yor B Yer VL 550 Ol da e jsbas ols 13 Ll a g

adee cpl 55 pae 3 Jcl@ubuyfﬁﬁ Jolse Sl ol t}ﬁl{o\fw da S5 ol oyl Olu g ol 8 Sl as s



S Ol Al 4 ) Jods s 0 il S L olels,l &3F S sLicslen UGS PYIR R U I T
5l r ailaie (S50 5 el sla S

© oLl ol Calies Kl sl s kS VEVA 3500 53 g oS 0l o3 28 Sl £ Sl il ol 5o
OLis BLEsSt (slaolr (555 oddplonl (Sla oo ool 0dd 3551 2 o3 0 3 53 Ol 0 td (g b 5 ey 2 Ve
38 Ol il Oy Slilowe il ol 555 53 mm e Ar S0la ) shoay 63 gm0l 3 O JUisl colls 45 das
e o O s VUE/EA 4y adlate oo o5 mlin 31Vl Sl 6 Jl 55 ol 633 ol cnSa 20 O geken VEV/OY 0l g5
S Ly 4l gl &T@u,t.\ib%gﬁﬂm Caotl 45 ol ey ol 3 oVl 3l 51 Sl Ol i e

(0 W 0ol OO 5159) 33le s OLles iy

Table 1. Climatic and Hydrological Characteristics of the Region

Main Stream Length  Basin Slope Basin Elevation in Meters

Perimeter (km) Area (km?) Study Area
(km) (%) :
average max min
152.4 23.2 2394.5 3125 1664 152.4 723 Saadatabad
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Figure 1. Geographical location of the Saadatabad study area
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Table 2. Data used in the model

Data Resource Data se?)g 323})“ sepj;il'lgéon Time period
Precipitation GPM (IMERG V6) 10 km Monthly June 2000 to April 2021
Temperature MOD11A2 (MODIS) 1 km Eight days February 2000 to December 2021

Evapotranspiration MODI16A2 (MODIS) 500 m Eight days February 2000 to December 2021
Aquifer Hydrograph Water Resources Management Company - Monthly September 2003 to March 2019

Olgal B yme 1,79 0 —F-T-1

i 2l ey Slalie glassls il Slallae o3 gdome 53 o) 5 O o Sl is (s 5 o 1
3 ST St Ge b ) s e Gloy slaasl 53 f 515 ol oS Waesls pl ol s aslizal ol s Ol oy
Ve sl olssal opl os (gl ealive ol YY oo 5l leds d)j@q ol Laseia ¥ IS 55 Ol Condge 45 (glodalie glasl
bt 1 Slalie glaesls Sl o3l .t eslinad G pme OIS 5 08 03,51 Cands (gl dixils (g 5 oS (sla esls oS ol

LA w;JJGJ)JLSTM d./\ﬂ }J,ﬂa& Lfli))l ‘_S\J: ((_;‘eMLLA) JMﬁJU{A Q‘}a.@@jﬁa—w“"\q w)LdUY"Y



52"59'0" E 53"0"0"12 53°1 (1)’0" E

N
W E
z z
Z- S =
o o1
S g
o ~”,
z z
> =
R —
I z
a £
z 4
> ] | &
4 g
= ES
< 7
s s
= Legend -3
N a
&1 &5 Saadatabad ]
<> Observation well Tem=3km
. L B e e |
5 Aquifer 0 35 7 14 Kilometers
T T T
52950'0"E 53°0'0"E 53°10'0"E

Figure 2. Location of observation wells in the Saadatabad study area
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Figure 3. Hydrograph of the Saadatabad aquifer
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Table 3. Model evaluation criteria with explanations and formulas

Criteria Explanations Formula
Nash liffe Effici NSE Model Prediction Quality Relative to NSE =1— M
ash-Sutcliffe Efficiency (NSE) the Mean of Observed Data Xizi(0; — 0)?
n — _
. o Correlation between Predicted and R? = ( Liz1(0i = 0)(pi — P) >
B =
Coefficient of Determination (R?) Observed Values \/Z?=1(Oi —o)? \/Z?=1(pi —p)?
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Root Mean Square Error (RMSE) from Actual Values

Mean Deviation of Model Predictions RMSE =

Relative Root Mean Square Error (rRMSE) range of observed data

Normalizes the RMSE relative to the YRMSE =

Mean Deviation of Predictions from

; ; Bias =
Absolute Bias (Bias) Observed Data
. . 1
. . . Normalizes the bias as a percentage rBias = —
Relative Bias (rBias) relative to the mean of the data N £
Evaluates the model's ability to (o, — py)?
Performance Index (PI) maintain prediction stability and Pl=1-%7 _ 2
Zi=1(01 Olast)

provide similar patterns
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Figure 9. Methodology of groundwater level prediction using the LSTM model
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Figure 10. The structure of the classical ANN model
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Table 4. Frequently used functions of neural networks

Activation Function Formula Output Range Graph
RelLU
10
8
6
ReLU f(x) = max (0,x) [0,+00) T
2
0
-10.0 =I5 =5.0 -2.5 0.0 2.5 5.0 1.5 10.0
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Figure 11. LSTM model forecasts with activation functions: (a) ReLU, (b) Tanh, (c) Linear, (d) Sigmoid
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Figure 12. Map of groundwater level, Saadatabad area
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Table 5. Bayesian optimizer results

Run time (min)

Activation Function P ET T best iteration max iteration
CPU GPU
ReLU v v v 15 26 31 9
Tanh v v v 14 26 30 9
Linear v X X 19 29 37 11
Sigmoid v X v 24 34 43 15
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Abstract

Groundwater level forecasting is a crucial approach in water resource management and planning. This forecasting can
assist in improving water resource management, especially in regions facing water crises. In recent years, the use of
artificial intelligence for forecasting groundwater levels has gained significant attention. These models can simulate
complex and nonlinear relationships between data and are widely used in areas where accurate and comprehensive
hydrological data is not available. In this study, the Long Short-Term Memory (LSTM) model was used to forecast
groundwater levels in the Saadat Abad area of the Tashk-Bakhtegan Basin in Fars Province. The main objective of
this study was to evaluate the performance of the LSTM model compared to traditional models and to analyze the
impact of different activation functions on the accuracy of groundwater level forecasting. Bayesian optimization was
employed to optimize the model's hyperparameters, which significantly improved the forecasting accuracy and the
simulation of long-term dependencies between input data.The results of this study showed that the LSTM model is
capable of forecasting groundwater level fluctuations and long-term trends with high accuracy. Additionally, a
comparison of different activation functions revealed that the ReLU activation function with NSE value of 0.99, an
R? value 0f 0.97, and an RMSE of 0.67 m, simulated the changes in groundwater levels. Furthermore, it was observed
that using GPU significantly reduced processing time. Specifically, the execution time with CPU was 31 minutes,
while with GPU it was only 9 minutes. This model demonstrated a high ability to simulate complex temporal patterns
and accurately forecast groundwater levels, making it an efficient tool for groundwater resource management in
regions with limited data.
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