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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 R2? value of 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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Table 1. Climatic and Hydrological Characteristics of the Region

Study Area Area (km?) Perimeter (km) B_asm Elevation in Meters Basin Slope Main Stream Length
min max average (%) (km)
Saadatabad 723 152.4 1664 3125 2394.5 23.2 152.4
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Table 2. Data used in the model

Data Resource Data Spatial separation Time separation Time period
Precipitation GPM (IMERG V6) 10 km Monthly June 2000 to April 2021
Temperature MOD11A2 (MODIS) 1km Eight days February 2000 to December 2021
Evapotranspiration MOD16A2 (MODIS) 500 m Eight days February 2000 to December 2021
Aquifer Hydrograph Water Resources Management Company - Monthly September 2003 to March 2019
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Table 3. Model evaluation criteria with explanations and formulas

Criteria Explanations Formula
Nash-Sutcliffe Efficiency (NSE) Model Prediction Quality Relative to the Mean of Observed Data NSE =1-— %
i=
RZ
Coefficient of Determination (R)  Correlation between Predicted and Observed Values _ Yiti(o; — 0)(pi — P) :
~ (Jz;;l(oi —0)* /3, (i — 15)2)

Root Mean Square Error (RMSE) Mean Deviation of Model Predictions from Actual Values RMSE =

Relative Root Mean Square Error o

. . 1 0; — p; 2
Normalizes the RMSE relative to the range of observed data RMSE = _Z (%)
(I'RMSE) ¢ " N =1 Omax — Omin
=
1 n
Absolute Bias (Bias) Mean Deviation of Predictions from Observed Data Bias = N (0; —p1)
=1
n
. . : 1 0; — ;i
Relative Bias (rBias) Normalizes the bias as a percentage relative to the mean of the rBias = _Z (;n)
data = Omax — Omin

Evaluates the model's ability to maintain prediction stability and _ Tii(oi—p)°

Performance Index (PI) provide similar patterns PI=1 —Zf‘:1(0i —
Precipitation
Groundwater Level Temperature
Evapotranspiration
Data preprocessing
Normalization, sequenc formation
Bayesian optimization
LSTM model
[ ReLU } L Tanh 1 L Linear ] Sigmoid

| | |
L

Performance evaluation

L

Comparison of performance metrics
NSE, R*, RMSE, ...

v

Groundwater Level forecast

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
0
8
6
ReLU f(x) = max(0, x) [0,+00) "
2
0
-10.0 -1.5 -5.0 -2.5 0.0 2.5 5.0 75 10.0
x
Linear
100
7.5
5.0
2.5
Linear flx) =x (—o0,+00) £ 00
=25
=50
=15
-10.0
-10.0 =15 =50 =25 0.0 25 5.0 75 10.0
x
Sigmoid
10
08
1 06
Sigmoid f0) =757 (0,1) = o
02
00
-10.0 =75 -5.0 -25 0.0 25 5.0 15 10.0
Tanh

flx)

1.00

075

0.50

. X 0.25

e —e 0.00

Tanh flx) = e LD s
=0.50

—0.75

-1.00

-10.0 -15 -5.0 -25 0.0 25 50 15 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

Table 5. Bayesian optimizer results

Activation Function P ET T best iteration Max iteration %
ReLU v v v 15 26 31 9
Tanh v v v 14 26 30 9
Linear Vv x b4 19 29 37 11
Sigmoid v X v 24 34 43 15
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. Artificial Intelligence
. Artificial Neural Networks
. Multilayer Perceptron
. Feedforward Neural Network
. Adaptive Neuro-Fuzzy Inference System
. Residual Network Structure
. Gated Recurrent Units
. Long Short-Term Memory
. Convolutional Neural Networks
10. Recurrent Neural Network
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12. Global Precipitation Measurement
13. Tropical Rainfall Measuring Mission
14. Dual-frequency Precipitation Radar
15. GPM Microwave Imager
16. Integrated Multi-satellitE Retrievals for GPM
17. Google Earth Engine
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