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Article Info. ABSTRACT
Avrticle type: This study proposes a novel hybrid modeling framework that integrates satellite-
Research Article derived data with Group Method of Data Handling (GMDH) models to enhance

groundwater level prediction in arid and data-scarce regions, specifically the
Kahoorestan Plain in southern Iran. The objectives were: (1) to develop new
models suitable for prediction in sparse data regions, (2) to analyze different
optimization methods (Genetic Algorithm and Harmony Search) for improving
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satellites. Three model variants were applied: standard GMDH, GMDH-GA,
and GMDH-HS. The GMDH-HS model outperformed others with 27-39%
lower mean error than standard GMDH, achieving R? values between 0.82 and
0.94 across 15 observation wells. Decadal forecasts (10-year projections)
indicated critical groundwater declines in the eastern region, with an anticipated
drop below surface level to -1.851 meters, signaling severe aquifer stress. These
findings are essential for developing tailored intervention plans, including zoned
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1. Introduction

Global water security depends heavily on groundwater, which supplies approximately half of
the world's drinking water and supports essential agricultural and industrial activities
(Mukherjee et al., 2021; Yeh et al., 2016). In arid and semi-arid regions, groundwater is the
primary source for both human consumption and agriculture (ElI Kenawy, 2024; Rahmani et al.,
2023; Safa et al., 2020), making it central to achieving the United Nations' Sustainable
Development Goal 6. However, increasing environmental pressures, climate change, and water
scarcity demand sophisticated spatial modeling and monitoring systems to understand and
predict aquifer behavior (Sadeghi-Lari et al., 2024; Scanlon et al., 2023; Uddin et al., 2024).
Traditional monitoring approaches, while valuable, have proven insufficient for capturing the
complex dynamics of modern hydrological systems (Forliano et al., 2024; Kotir et al., 2024;
Rezk et al., 2024), necessitating more advanced, real-time analytical tools (Bamal et al., 2024).

Satellite-based Earth observation systems have revolutionized groundwater monitoring over
the past decade (Dube et al., 2023; Kumar and Choudhury, 2024; Lubis et al., 2025; Sajib et
al., 2025). Missions such as GRACE and GRACE-FO provide unprecedented insights into
large-scale groundwater storage changes, enabling tracking of aquifer depletion across regional
and continental scales (Ibrahim et al., 2024). While satellite data offers advantages including
continuous spatial coverage and cost-effective acquisition, fully harnessing its potential
requires advanced analytical methods. The emergence of machine learning has transformed
hydrological modeling, introducing powerful tools for processing complex environmental data
(Saha and Pal, 2024; Shams and Muhammad, 2023), and enabling more accurate predictions of
groundwater behavior (Tao et al., 2022).

Recent progress has focused on hybridizing statistical and machine learning models to
overcome the limitations of conventional approaches. Traditional statistical techniques (e.g.,
time series analysis, regression) have struggled to capture non-linear interactions in
groundwater systems, particularly in regions with sparse monitoring networks (Sengupta et al.,
2022). The integration of remote sensing with ground-based observations has proven effective
for groundwater storage assessment, subsidence monitoring, and discharge zone identification
(Adams et al., 2022; Springer et al., 2023). The GMDH represents a significant advancement
in modeling complex hydrological systems (Panahi et al., 2022; Piri et al., 2024). Hybrid
models, such as GMDH-HS (Harmony Search), are particularly suited for hydrological
applications due to their ability to simultaneously optimize network structure and parameters,
effectively capturing non-linear processes like recharge, discharge, and seasonal variability.

This research develops and tests three hybrid models (GMDH, GMDH-GA, and GMDH-
HS) for groundwater level prediction, evaluated through quantitative metrics including RMSE,
R2, and MAE, along with spatial analysis of prediction errors. The specific objectives are: (1)
to develop new GMDH-based models suitable for prediction in data-scarce regions using
satellite data, (2) to analyze the effectiveness of Genetic Algorithm and Harmony Search
optimization methods for improving GMDH performance, and (3) to provide decadal trend
analysis of groundwater depletion over time and space across 15 observation wells. Southern
Iran's Kahoorestan Plain, characterized by arid conditions (aridity index 0.11), low recharge
rates, and high susceptibility to over-extraction, presents distinctive water management
challenges. This study develops a novel hybrid GMDH framework tailored to these conditions,
using multiple satellite-derived datasets and spatial optimization strategies to address data
scarcity and enhance prediction accuracy in similar arid aquifers globally.
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2. Materials and methods

2.1 Study Area and Satellite Data Processing

The Kahoorestan Plain aquifer, located in northwestern Persian Gulf, Hormozgan Province,
southern Iran (27°07'-27°16'N, 55°25'-55°45'E; 273.2 km?), exhibits a hot desert climate
(BWh) with mean annual rainfall of 190 mm and potential evapotranspiration exceeding 1700
mm/year, yielding an aridity index (precipitation/PET) of approximately 0.11 (UNEP
guidelines) (Sadeghi-Lari et al., 2024). These conditions cause slow natural recharge, high
evaporation losses, vulnerability to overexploitation, and saltwater intrusion from three
directions, with approximately 680 wells supplying drinking and irrigation water across
groundwater levels ranging from —7 m (southeast) to +50 m (northwest) (Fig. 1).
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Figure 1. The geographic map of the research area
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To capture both direct (precipitation, soil moisture) and indirect (evapotranspiration,
vegetation) influences on groundwater levels, satellite-derived parameters including GRACE-
JPL gravity data (1°x1°, monthly), TRMM precipitation (0.25°%0.25°, daily), PET,
temperature, and soil moisture (0.5°x0.5°, monthly/daily) were selected from a broader dataset
(AET, EVI, LST, PDSI, runoff, volumetric soil water at 3m depth). GRACE-JPL provides
terrestrial water storage variations, PET monitors atmospheric water demand, temperature
affects evaporation and vegetation consumption, and soil moisture tracks vadose zone
movement. These multi-resolution datasets underwent harmonization via: (1) monthly temporal
aggregation via weighted averaging to match groundwater measurements, (2) bilinear
interpolation to 250 m spatial resolution, (3) modified Z-score outlier detection (>3.5
threshold), and (4) temporal interpolation for ~3% missing data. Temporal aggregation
mitigated misalignment errors, spatial downscaling enhanced local hydrogeological feature
capture, and outlier removal improved training stability. Notably, higher-resolution data (0.25°,
e.g., soil moisture, TRMM) vyielded approximately 12% lower prediction errors compared to
coarse-resolution regions.

2.2. Model Development

2.2.1. GMDH Base Model

The GMDH is a self-organizing algorithm that automatically determines optimal model
structure and parameters for complex nonlinear problems (lvakhnenko, 2020; lvakhnenko,
1971). Using a multilayer network architecture, GMDH progressively discovers hidden
relationships within data, making it particularly effective for hydrological systems where
traditional linear methods fail (Xu et al., 2021). The algorithm is founded on the Kolmogorov-
Gabor polynomial, where each neuron implements a second-order polynomial transfer function
(Eq. 1; Table 1) whose coefficients are determined via least squares regression (Zhou et al.,
2024). Network construction proceeds iteratively: in each layer, all possible pairs of input
variables are combined into partial models, with the number of first-layer neurons givenby N =
n(n — 1)/2 (FatehiJananloo et al., 2024). Model evaluation employs Mean Square Error
(MSE, Eq. 2; Table 1) as an external criterion to identify effective partial models while
preventing overfitting (Kumar et al., 2021). For the Kahoorestan Plain (15 observation wells),
inputs include historical groundwater levels and hydrogeological parameters. Model
complexity is controlled via a regularization criterion (Eg. 3; Table 1) that balances accuracy
against structural parsimony (Dodangeh et al., 2020). Training continues until a maximum layer
count or minimal improvement threshold is reached, yielding an optimal network that captures
underlying patterns without unnecessary complexity.

2.2.2. Rationale for Optimization Algorithm Selection

Two evolutionary methods—Genetic Algorithm (GA) and Harmony Search (HS)—were
selected to enhance GMDH performance. GA was chosen for its efficacy in multi-dimensional
optimization with multiple local optima; its population-based approach (selection, crossover,
mutation) optimizes network structure and parameters while maintaining solution diversity,
preventing premature convergence. HS was selected for its balance between global exploration
and local exploitation. Inspired by musical improvisation, HS requires fewer function
evaluations—advantageous for satellite data processing—and performs better on continuous
parameter optimization problems, generating more diverse candidate solutions than GA's
pairwise crossover. Both hybrids overcome limitations of fixed-structure networks in capturing
spatiotemporal groundwater complexity.
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2.2.3. GMDH-GA Hybrid Model

The GMDH-GA model integrates GMDH's self-organizing capabilities with GA's evolutionary
optimization (Zhou et al., 2024). Each chromosome encodes a complete GMDH configuration
as a string of polynomial coefficients (Eq. 4; Table 1) (Khajeh et al., 2024). A multi-objective
fitness function (Eqg. 5; Table 1) balances MSE, model complexity, and structural stability. The
algorithm employs tournament selection with elitism, adaptive crossover (Eq. 6; Table 1), and
Gaussian mutation with adaptive step size (Eq. 7; Table 1). Performance enhancements include:
(i) adaptive layer optimization determining optimal layer count via a regularization criterion
(Eq. 8; Table 1); (ii) feature selection probability updated based on relevance and selection
frequency (Eq. 9; Table 1); and (iii) adaptive convergence control balancing exploration and
exploitation (Eg. 10; Table 1). The GMDH-GA model achieved 15-25% reduction in
prediction error across temporal scales, with enhanced nonlinear dynamics capture and
improved stability.

2.2.4. GMDH-HS Hybrid Model

The GMDH-HS model combines GMDH's structural learning with Harmony Search's efficient
optimization, inspired by musical improvisation (Sabangban et al., 2023). Each harmony vector
represents a complete set of polynomial coefficients stored in a harmony memory matrix of size
HMS (Eq. 11; Table 1). The objective function (Eq. 12; Table 1) integrates MSE (Eqg. 2; Table
1), model complexity, and regularization with adaptive weights. Dynamic parameter adjustments
govern pitch adjustment rate (PAR, Eq. 13; Table 1), bandwidth (BW, Eq. 14; Table 1), and
harmony memory consideration rate (HMCR, Eg. 15; Table 1) over iterations. New harmony
vectors are generated either from memory or randomly (Eqg. 16; Table 1). Prediction accuracy is
evaluated using RMSE (Eqg. 17; Table 1) and R2 (Eq. 18; Table 1). Validation demonstrated 18—
30% reduction in mean absolute error, enhanced long-term stability, improved nonlinear
handling, and 40% faster convergence compared to GMDH-GA. The model's dynamic
adaptation and computational efficiency make it ideal for real-time monitoring in arid regions.

Table 1. Equation, description, and sources of the applied models

Ea. Equation Description Source

) Z=ag+ a;x; + ayx, + azx? + a,x2 + agx;x, tg'r\ligr_' fgilé;?;n Zh(‘;la;‘tl)al-
2) MSE = %Zzl(% - 9)? Mean square error Ku(rggrz‘i; al.
(3) Criterion = MSE + a% C;gg:ﬁ;’ii)g;y DOdﬁEgg;g)ﬂ al.
(4) Chromosome = [y, Gy, ..., Ay ] GA g:ggg:g;ome theohzz'; al.

Multi-objective

(5) Fitness = w; - MSE +w, - C + w3 - S fitness function

(6) Offspring = « - Parent; + (1 — «) - Parent, Adaptive
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Eq. Equation Description Source
crossover
Gaussian
(7) gnew = gold + N(O' 02) mutation -
_ . Adaptive layer
(8) Lope = argmin; [MSE (1) + AC(1)] optimization -
N . . Feature selection
) B (i) = B1R(D) + BoF (D) probability -
Adaptive
(10) o(t+1)=0(t) exp(—k-t/T) convergence -
control
i Harmony memory Sabangban et al.
(11) HM = b lumss matrix (2023)
_ HS objective
t
(13) PAR(t) = PARpin + (PARpay = PARmin) - PAR update -
(14) BW(t) = BW,,, - exp (1“(3 Woni /B Wongs) t) Bandwidth update :
(15) HMCR(£) = HMCRypi + (HMCRypgy — HMCRp) - ; HMCR update ;
o L)) ifr, < HMCR New harmony i
(16) Tnew () = {xmin(j) + 72 (Kmax() = Xmin () otherwise generation
1 R Root mean square
(7 RMSE = JZZM(” —9:)? error )
n ~
18) p2 g Zimi 9 Coefficient of _

Z?zl()’i -¥)?

determination

2.3. Analysis Approach

2.3.1. Data Preprocessing
Monthly groundwater level readings from 15 observation wells in the Kahoorestan Plain were
collected over the period 2008-2022. Inconsistent monitoring resulted in incomplete datasets
and irregular outliers. To address these issues, temporal interpolation and statistical
normalization were integrated to achieve variable consistency, while a modified Z-score
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method enabled accurate identification and handling of extreme values while preserving data
integrity.
Min-Max Normalization: Time series data for each observation well were normalized

using the min-max scaling method:
X—Xmin

Xnorm = 7T—— — (19)

Xmax—Xmin

where X,,,-m IS the normalized value, and X,,,;,, and X,,,,, are the minimum and maximum
values in the dataset, respectively. This normalization scaled all input variables to a uniform
range of [0’ 1], enhancing model stability and convergence.

Temporal Interpolation for Missing Data: Missing data points, which constituted
approximately 3% of the total dataset, were addressed using a temporal interpolation method:

Xe =1 Xe 1+ a2Xe41q (20)

where X, is the interpolated value at time ¢, and a4, a, are weighting coefficients based on
temporal proximity (typically a; = a, = 0.5 for equal weighting).

Outlier Detection: Outlier detection employed the modified Z-score method:

0.6745-(X;—X
M, = 2D (21)

where MAD is the median absolute deviation, X is the median of the dataset, and values
with | M; 1> 3.5 were flagged for expert review. This threshold was selected to preserve natural
variability while removing erroneous measurements.

2.3.2. Model Training Procedures
The training process implemented a comprehensive approach utilizing 70% of the available
data (2008-2018) for model development. The training procedure was structured to optimize
both model parameters and architecture simultaneously. For each model variant (GMDH,
GMDH-GA, and GMDH-HS), the training process followed these steps:
Step 1 — Initial Parameter Selection:
o GMDH parameters: P = [layeTy gy, NEUTONyin, POlynomial e gree]
e Training criteria: MSE;eshoiq = 0.001
Step 2 — Model Architecture Optimization: The layer-wise training process employed the
objective function defined in Equation (12).
Step 3 — Parameter Updates: For each epoch e, parameters were updated according to:
Oer1 =0 —1 - V](6e) (22)
where n represents the learning rate (dynamically adjusted based on performance
improvement), 8, are the model parameters at epoch e, and VJ(68,) is the gradient of the
objective function.

2.4. Validation Methods
The validation phase utilized 15% of the dataset to assess model performance and prevent
overfitting. The validation process implemented multiple evaluation criteria:

1. Prediction Accuracy Metrics: Root Mean Square Error (RMSE) and Coefficient of
Determination (R?) were calculated using Equations (17) and (18), respectively.

2. Cross-Validation: k-fold cross-validation (k = 5) was implemented to assess model
stability across different data subsets. For each fold f, the validation error was computed as:

5
1
CVerror = Ezf—l Ef (23)
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where E; represents the error for fold f, calculated as E; = s Zﬁf (yi — 9% and ng is
ng =1

the number of samples in fold f.

3. Willmott's Index of Agreement (d): This metric balances under-prediction and over-
prediction tendencies:

_ Y =92

=1 S (9i—FI+ly P2 (24)

where y; is the observed value, y; the predicted value, and y the mean of observations. The
index ranges between 0 and 1:

0<d<1 (25)

with values closer to 1 indicating better agreement between predicted and observed values.

3. Results

To analyze groundwater level distributions across multiple wells, three probability distribution
functions were considered: The Normal (Gaussian), Lognormal, and Gumbel (Extreme Value
Type 1) distributions. The Normal distribution was selected because it accurately represents
symmetrical data, which is commonly observed in natural phenomena influenced by several
independent factors. Groundwater levels typically exhibit skewed distributions with non-
negative values, which led to the choice of the Lognormal distribution. The Gumbel distribution
function enables researchers to model extreme values, which are crucial in the hydrological
analysis of maximum and minimum water levels. To assess the fit of these distributions, three
statistical tests were applied: the Kolmogorov-Smirnov (KS) test, the Anderson-Darling (AD)
test, and the Chi-Square test. The KS test evaluated the cumulative distribution functions both
empirically and theoretically, while the AD test examined the tails of the distribution. The Chi-
Square test assessed how well the distribution matched across the entire data spectrum. The
comprehensive approach led to the selection of the optimal distribution for each well by
analyzing both central tendencies and extreme values, which play a critical role in hydrological
management and planning.

Statistical analysis of groundwater levels across 15 wells revealed complex distribution
patterns (Fig. 2 and Table 2). Three goodness-of-fit tests (Kolmogorov-Smirnov, Anderson-
Darling, and Chi-Square) were employed to evaluate the fit of Normal and Lognormal
distributions.

The comparative results demonstrated that the Lognormal distribution provided a superior
fit in most cases, particularly for wells exhibiting positively skewed data. There was a good fit
for 9 out of 15 wells (60%), which indicates asymmetrical variations in groundwater levels.
There was a strong correlation between Well 14 and the Lognormal distribution (p = 0.092784).

In three wells (8, 10 and 15), poor fits were observed across all distributions, suggesting
complex hydrogeological factors are at play locally. This may include factors such as saline
water intrusion, aquifer boundary effects, or localized pumping stress.

Across all wells, Anderson-Darling test values were consistently low (0.0005), illustrating
the limitations of conventional distribution models. This implies that while simple distributions
may capture general trends, more flexible or site-specific models may be required for wells
with anomalous behavior.

As the spatial pattern of distribution correlates with regional hydrogeological characteristics,
eastern wells exhibit different statistical characteristics than those in the west.

These findings underscore the importance of site-specific analysis and highlight the potential
limitations of conventional distribution models in accurately characterizing groundwater level



Enhanced Groundwater Level Prediction through a Hybrid Multi-Model ... / Piri et al

behavior. More advanced statistical techniques may be necessary for effective groundwater
management and planning. The dominance of Lognormal distributions for groundwater levels
in 60% of the wells suggests that the system exhibits positive skewness, possibly due to high
variability in recharge and extraction rates. The poor fit in wells 8, 10, and 15 may reflect local
hydrogeological complexities, such as the proximity to saline intrusion zones or structural
heterogeneities in the aquifer.
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well9, well10, well11, well12, well13, well14, and well15.
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Table 2. Statistical Test Results and Distribution Analysis for Groundwater Wells
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Welll Normal 0.02053 Normal 0.0005 Normal 1.54E-08 Normal 0.00701

Well2 LogNormal  0.008916 Normal  0.0005 LogNormal 7.58E-08 LogNormal 0.003139
Well3 LogNormal  0.002516 Normal  0.0005 LogNormal 4.17E-15 LogNormal 0.001005

Well4 Normal 0.027868 Normal  0.0005 Normal 1.05E-05 Normal 0.009459
Well5 LogNormal  0.040411 Normal  0.0005 Normal 0.004589 LogNormal 0.013639
Well6 Normal 0.003376  Normal  0.0005 Normal 0.000215 Normal 0.001364
Well7 Normal 0.017776  Normal  0.0005 Normal 4.32E-05 Normal 0.006106
Well8 Normal 6.50E-05 Normal  0.0005 Normal 6.51E-14 Normal 0.000188
Well9 Normal 0.000561 Normal  0.0005 LogNormal 1.13E-12 Normal 0.000354
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Welll4  LogNormal  0.092784 Normal  0.0005 LogNormal 2.53E-05 LogNormal 0.031103
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Four representative wells (WELL1, WELL5, WELL10, and WELL15) were selected to
visualize model performance (Fig. 3), though all 15 wells were used in the analysis. Fig. 3
illustrates the correlation between observed and predicted groundwater levels across three time
windows using GMDH, GMDH-GA, and GMDH-HS models. Analysis of groundwater level
variations reveals distinct spatial patterns. Over the study period, groundwater levels in the
northwestern region, characterized by high well density and good water quality, decreased from
15-19 meters to 7-11 meters. As a result of excessive extraction and limited recharge during
drought conditions, this decline has occurred. This pattern is accurately captured by all three
models, with GMDH-HS exhibiting the closest fit to the observed fluctuations, particularly during
peak drops. Because of its flat topography, proximity to the Persian Gulf, and consistent recharge
from saline rivers, the Southeast region, represented by wells 1 and 15, maintained relatively
stable levels (fluctuating only between 4.7-5.4m). These wells exhibited the highest R? and
Willmott index values in GMDH-HS predictions, confirming the model's effectiveness in low-
variability conditions. During the model performance analysis, these hydrogeological differences
significantly influenced the correlation patterns between measured and predicted values.

Table 3 presents a comparative analysis of three GMDH-based models (GMDH, GMDH-
GA, and GMDH-HS) across 15 observation windows (OBW1-OBW15) and three-time steps.
The evaluation metrics include Efficiency Factor (EF), Coefficient of Likelihood (CL),
Willmott Index (d), Root Mean Square Error (RMSE), and Coefficient of Determination (R?).
GMDH-HS consistently outperforms GMDH and GMDH-GA across most metrics, particularly
in terms of EF and d.

Fig. 4 presents a comprehensive comparison of model performance across three time periods
using four metrics—RMSE, Efficiency Factor (EF), Willmott Index (d), and R>—for the
GMDH, GMDH-GA, and GMDH-HS models. Several key observations emerge from this
comparison. First, the GMDH-HS model consistently outperforms both GMDH and GMDH-
GA across all metrics and time periods, exhibiting lower RMSE values (indicating improved
prediction accuracy), higher Willmott Index values (signifying better agreement between
predicted and observed values), and higher R2 values (demonstrating stronger explanatory
power). Second, model performance generally improves from the first to the third time period
across all three models, suggesting enhanced predictive capability over longer temporal
horizons. Collectively, these findings highlight the effectiveness of the hybrid GMDH-HS
model in improving prediction accuracy, reliability, and overall performance for groundwater
level forecasting in the Kahoorestan Plain.

Fig. 5 presents a comparative spatial analysis of groundwater levels (GWL) and pumping
rates using three interpolation methods: Inverse Distance Weighting (IDW), Spline, and
Kriging. The left panels (a-c) illustrate the spatial distribution of GWL, ranging from 4.821 to
47.202 meters. The right panels (d-f) display the spatial distribution of pumping rates, which
vary from 0 to 8.30x10° m3/year. IDW interpolation (a,d) exhibits more pronounced local
variations and sharper transitions, particularly in the western region. Spline interpolation (b,e)
produces smoother transitions while capturing the overall spatial patterns. Kriging interpolation
(c,f) provides a balanced representation, effectively capturing both local variations and regional
trends. A notable spatial pattern is the higher GWL in the western portion, coinciding with areas
of intensive pumping (darker colors in d-f). While all three methods capture the general spatial
distribution, Kriging provides the most statistically robust representation of both GWL and
pumping rates. This makes it particularly suitable for hydrogeological modeling in this region.
This spatial analysis offers crucial insights into the relationship between GWL and extraction
rates, which are essential for sustainable aquifer management.
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Table 3. Comparative Analysis of GMDH Models Using Multiple Performance Metrics Across 15 Observation Windows

z 5§ & & 5 & 3z T 5 8. L. B, 3 E &
GMDH ¥ o 0 | 9 Y 2 8 24 285 28 » s ®

w I w @) ) @) © o o o o 14 o
OBW1 0.4020 0.5512 0.8789 0.2959 0.4605 0.8491 0.7361 0.8354 0.9661 0.1027 0.0534 0.0865 0.6323 0.7417 0.9374
OBW?2 0.4084 0.6391 0.7901 0.3047 0.5611 0.7406 0.7461 0.8780 0.9374 0.0887 0.0914 0.0711 0.6373 0.7990 0.8888
OBWs3 0.4317 0.6910 0.8171 0.3309 0.6228 0.7734 0.7667 0.9013 0.9465 0.2070 0.1826 0.0875 0.6555 0.8310 0.9038
OBW4 0.2720 0.3895 0.8291 0.1702 0.2828 0.7881 0.6258 0.7260 0.9505 0.1335 0.0504 0.0442 0.5178 0.6221 0.9105
OBW5 0.3049 0.5783 0.7561 0.1992 0.4921 0.6993 0.6533 0.8510 0.9249 0.9689 0.8291 0.4422 0.5490 0.7598 0.8693
OBW6 0.3453 0.6446 0.7767 0.2418 0.5682 0.7243 0.7005 0.8816 0.9325 0.9917 0.8834 0.7166 0.5851 0.8650 0.8812
OBWY7 0.3384 0.6355 0.8162 0.2318 0.5579 0.7721 0.6852 0.8779 0.9460 1.2643 1.1377 0.7229 05791 0.7968 0.9033
OBWS8 0.4074 05744 0.6270 0.3042 0.4865 0.5457 0.7467 0.8468 0.8703 0.9081 1.1298 0.5486 0.6365 0.7573 0.7914
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OBW11 0.4388 0.6681 0.7074 0.3348 0.5956 0.6415 0.7631 0.8914 0.9068 0.2983 0.2007 0.1478 0.6609 0.8170 0.8408
OBW12 0.4204 0.4971 0.7494 0.3160 0.4000 0.6922 0.7515 0.8047 0.9236 0.1422 0.1281 0.0737 0.6468 0.7040 0.8655
OBW13 0.6348 0.6391 0.4966 0.5550 0.5608 0.3999 0.8743 0.8775 0.8053 0.0430 0.0407 0.0364 0.7990 0.7963 0.7037
OBW14 0.4980 0.5854 0.6584 0.4009 0.5001 0.5832 0.8050 0.8544 0.8858 0.0987 0.0643 0.0525 0.7046 0.7645 0.8110
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Table 3. Continued

17 2 % 17 2 % - - E g ﬁ + ye =
OoBW1 0.4569 0.5843 0.8920 0.3543 0.4992 0.8653 0.7755 0.8543 0.9701 0.0979 0.0514 0.0816 0.6746 0.7638 0.9444
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OBW13 0.6991 0.6829 0.6262 0.6314 0.6126 0.5463 0.9032 0.8970 0.8723 0.0390 0.0381 0.0314 0.8261 0.8358 0.7909
OoBW14 0.6587 0.6039 0.7427 0.5827 0.5197 0.6837 0.8847 0.8606 0.9206 0.0814 0.0629 0.0456 0.8112 0.7766 0.8616
OBW15 0.6236 0.7004 0.5344 05419 0.6328 0.4411 0.8690 0.9035 0.8253 0.0928 0.0400 0.0458 0.7892 0.8366 0.7302
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Table 3. Continued

17 2 % 17 2 % - - E g ﬁ + ye =
OBW1 0.6079 0.7493 0.9342 0.5237 0.6913 0.9177 0.8616 0.9227 0.9824 0.0832 0.0399 0.0637 0.7791 0.8654 0.9665
oBwW2 0.6192 0.8063 0.8959 0.5365 0.7605 0.8702 0.8665 0.9432 0.9714 0.0712 0.0670 0.0501 0.7864 0.8978 0.9465
OoBW3 0.6972 0.8138 0.8930 0.6287 0.7696 0.8667 0.9017 0.9457 0.9706 0.1511 0.1418 0.0669 0.8347 0.9020 0.9449
OBW4 0.5417 0.6250 0.8923 0.4472 0.5434 0.8657 0.8255 0.8694 0.9702 0.1060 0.0395 0.0351 0.7352 0.7901 0.9446
OBWS5 0.6675 0.8258 0.9137 0.5945 0.7841 0.8924 0.8906 0.9495 0.9767 0.6701 0.5328 0.2630 0.8166 0.9087 0.9559
OBW6 0.5942 0.7951 0.8532 0.5083 0.7466 0.8176 0.8555 0.9390 0.9583 0.7808 0.6707 0.5810 0.7703 0.8959 0.9236
oBwW7 0.6482 0.8216 09114 0.5702 0.7788 0.8894 0.8797 0.9478 0.9759 0.9219 0.7960 0.5020 0.8047 0.9063 0.9546
OBWS8 0.6986 0.7528 0.7654 0.6304 0.6959 0.7108 0.9025 0.9244 0.9287 0.6477 0.8610 0.4351 0.8355 0.8675 0.8747
OoBW9 0.7019 0.7457 0.8201 0.6348 0.6868 0.7772 0.9044 0.9209 0.9477 0.9746 1.4991 0.4544 0.8375 0.8634 0.9055
OBW10 0.7707 0.9248 0.8074 0.7173 0.9062 0.7617 0.9307 0.9798 0.9433 0.1075 0.1964 0.1698 0.8777 0.9617 0.8985
OBW11 0.6696 0.9005 0.8490 0.5963 0.8760 0.8126 0.8904 0.9728 0.9572 0.2289 0.1099 0.1062 0.8180 0.9489 0.9213
OBW12 0.7076 0.7274 0.9015 0.6409 0.6648 0.8773 0.9057 0.9140 0.9731 0.1010 0.0943 0.0462 0.8410 0.8527 0.9494
OoBW13 0.8278 0.7642 0.7457 0.7866 0.7093 0.6868 0.9502 0.9281 0.9211 0.0295 0.0329 0.0259 0.8740 0.9098 0.8633
OBW14 0.7854 0.7439 0.8421 0.7351 0.6851 0.8042 0.9359 0.9209 0.9550 0.0645 0.0506 0.0357 0.8861 0.8623 0.9176
OBW15 0.8034 0.8505 0.7814 0.7566 0.8144 0.7304 0.9418 0.9577 0.9347 0.0671 0.0282 0.0314 0.8962 0.9221 0.8838
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Figure 4. Statistical Performance Analysis of GMDH-Based Models for Groundwater Level Prediction

Fig. 6 illustrates the temporal evolution of groundwater levels (GWL) across three time
periods: current (t), 5-year projection (t+5), and 10-year projection (t+10) using the GMDH-
HS model. At the current time (t), GWL ranges from 5.051 to 50.127 meters, with higher levels
concentrated in the western region. The 5-year projection (t+5) indicates a moderate decline in
maximum GWL to 48.191 meters, while minimum levels remain relatively stable at 4.801
meters. This suggests a gradual depletion of groundwater resources. The 10-year projection
(t+10) shows a more significant decline, with the maximum GWL decreasing to 43.287 meters
and the minimum levels dropping below the surface level to -1.851 meters, particularly evident
in the eastern portions. These projected declines align with observed over-extraction trends and
limited recharge in the region, validating the model's responsiveness to physical stress
conditions. This temporal analysis reveals a concerning trend of groundwater depletion, with
the western region maintaining relatively higher levels while the eastern sector shows increased
vulnerability to groundwater stress. The emergence of negative GWL values indicates severe
aquifer stress that could lead to dry wells or saltwater intrusion. The progressive reduction in
GWL values, especially the emergence of negative values in the 10-year projection, suggests
significant aquifer stress and potential overexploitation. This highlights the urgent need for
sustainable groundwater management strategies in the region.
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Fig. 7 illustrates the spatial distribution of RMSE for standard GMDH, GMDH-GA, and
GMDH-HS models across multiple time horizons (current, t+5, and t+10). Over the 15-year
study period, GMDH-HS exhibited superior performance with the lowest RMSE ranges across
all temporal scenarios: 0.054-2.705 (15-year), 0.029-0.974 (current), 0.028-1.499 (t+5), and
0.025-0.680 (t+10), consistently outperforming GMDH-GA (0.058-2.768, 0.038-1.316,
0.038-1.602, and 0.031-0.702, respectively) and standard GMDH (0.063-2.597, 0.042—-1.353,
0.040-1.942, and 0.036-0.722, respectively). Spatially, lower RMSE values in the western
region reflect relatively stable groundwater recharge from upstream inflows, while higher errors
in the eastern region indicate prediction challenges due to saltwater intrusion, intensive
agricultural extraction, and low recharge rates. The progressive reduction in RMSE from
GMDH to GMDH-GA to GMDH-HS—consistent across all temporal scales—validates the
effectiveness of the hybrid approach. The decreasing RMSE in 10-year projections
demonstrates GMDH-HS's ability to capture long-term trends, making it suitable for strategic
planning and early warning systems. High-error regions identified by the model can serve as
priority zones for detailed field monitoring and adaptive management. Future refinements could
incorporate additional high-resolution datasets (e.g., in-situ piezometric measurements and
geological heterogeneity) to further address localized prediction errors.

The heat map in Fig. 8 compares five performance metrics (EF, CL, d, RMSE, and R2) across
three models (GMDH, GMDH-GA, and GMDH-HS) over three time periods. GMDH-HS
consistently outperforms both GMDH and GMDH-GA across all metrics and periods,
exhibiting the lowest RMSE values (most accurate predictions), the highest Willmott Index (d)
values (best agreement between predicted and observed values), and the highest R2? values
(strongest correlation). All models show improved performance from the first to the third
period, with GMDH-HS demonstrating the most significant gains.

Analysis of Uncertainty and Sensitivity of Parameters

An exhaustive uncertainty analysis was conducted to assess the robustness of predictions,
including key sensitivity parameters. Random error simulations (n=1000) were performed by
introducing random perturbations (£10%) to the satellite input data. GMDH-HS was the more
stable predictor, with a coefficient of variation of 0.14. At the same time, GMDH-GA has a
coefficient of variation of 0.23, and standard GMDH has a coefficient of variation of 0.31. This
highlights the superior robustness of the GMDH-HS model in the presence of input variability,
making it more suitable for real-world groundwater prediction under uncertain conditions.

The gravity data from GRACE-JPL was the most sensitive input (sensitivity index: 0.42)
followed by soil moisture (0.35), precipitation (0.29), temperature (0.18), and potential
evapotranspiration (0.12). These findings highlight the significant influence of GRACE data on
groundwater level predictions and underscore the importance of incorporating large-scale
terrestrial water storage signals into hydrological modeling.

Within GMDH-HS, harmony memory size (HMS) and harmony memory consideration rate
(HMCR) were the most sensitive parameters, with HMS set to 30 and HMCR set to 0.85 being
optimal for the Kahoorestan Plain. Tuning these parameters significantly enhanced model
convergence and reduced prediction variance. This level of sensitivity analysis helps to refine
model accuracy across different hydrogeological regions. Uncertainty arises from (1) the spatial
resolution of satellite data in areas of more severe topographic complexity, (2) gaps in remote
sensing observations, and (3) the oversimplification of hydrogeology. Acknowledging these
sources of uncertainty enables more transparent model interpretation and provides direction for
future model enhancements. Future research should focus on integrating higher-resolution
satellite data and incorporating physical constraints to reduce these uncertainties.
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Error distribution analysis across three-time windows reveals the superior performance of
the GMDH-HS model compared to traditional GMDH and GMDH-GA variants (Fig. 9).
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Comparatively to other models, GMDH-HS achieved consistent error reduction across all
time windows. Compared to the basic GMDH, a 27% reduction in the mean error has been
achieved for the first time window. Second-time window: 28% reduction over GMDH-GA. The
third time window exhibits the greatest improvement, with a 39% reduction compared to the
basic GMDH value. The violin plots show a narrower and more symmetrical error distribution
for GMDH-HS, indicating better model stability and fewer extreme prediction errors. An
analysis of the spatial distribution of prediction errors revealed that the western region had
lower prediction errors than the eastern region.

The significant reduction in mean error underscores the model's ability to capture complex
groundwater dynamics more accurately, resulting in more precise resource allocation and
earlier detection of critical depletion zones. The consistent performance of the GMDH-HS
model across all time windows indicates its robustness in capturing both short-term fluctuations
and long-term trends in groundwater levels. In addition to lower mean errors, the GMDH-HS
model exhibited the lowest standard deviation in each time window, signifying more uniform
predictions with fewer outliers. This improved consistency is especially valuable in areas prone
to significant seasonal variability.

The violin plots effectively illustrate the density and spread of errors, reinforcing the
quantitative findings. The narrow and symmetric shape of the GMDH-HS distribution reflects
the model’s capability to minimize large prediction errors, in contrast to the wider error
distributions observed in the GMDH and GMDH-GA models. This indicates improved
prediction accuracy and stability over time, making GMDH-HS a reliable tool for long-term
groundwater level predictions in complex hydrogeological settings.
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The GMDH-HS model demonstrated several significant advantages in comparison to the
traditional GMDH and GMDH-GA models: Consistently reduced mean error by 27-39% across
all time windows. High prediction reliability from the current period (R = 0.89) to 10-year
projections (R? = 0.85). Produced lower RMSE values across all 15 observation wells,
particularly in hydrogeological complex areas. Compared to GMDH-GA, the algorithm
achieved 40% faster convergence while maintaining a higher level of accuracy during
prediction. Capability to capture complex groundwater dynamics and seasonal variations in a
non-linear manner. Resulted in narrower error distributions and fewer outliers, suggesting more
reliable predictions.

As a result of these advantages, GMDH-HS is well suited for groundwater level prediction
in arid regions with limited data sets, where traditional modeling approaches often struggle to
capture complex hydrogeological processes.

4. Discussion

The results of this study demonstrate that the GMDH-HS hybrid model significantly
outperforms both standard GMDH and GMDH-GA across all evaluation metrics, achieving a
27-39% reduction in mean prediction error and R? values between 0.82 and 0.94. These
findings are consistent with previous research highlighting the effectiveness of hybrid machine
learning approaches in hydrological modeling (Tao et al., 2022; Saha and Pal, 2024). The
superior performance of GMDH-HS can be attributed to the Harmony Search algorithm's ability
to balance global exploration and local exploitation during parameter optimization, avoiding
local minima more effectively than Genetic Algorithms (Sabangban et al., 2023). This aligns
with observations by Dodangeh et al. (2020), who reported that hybrid GMDH models with
metaheuristic optimization outperform standalone versions in flood susceptibility prediction.
Furthermore, the 40% faster convergence achieved by GMDH-HS compared to GMDH-GA
makes it particularly suitable for real-time monitoring applications in data-scarce arid regions,
where computational efficiency is critical (Bamal et al., 2024; Shams and Muhammad, 2023).

The integration of multi-source satellite data—particularly GRACE-JPL gravity data, which
exhibited the highest sensitivity index (0.42)—proved essential for capturing large-scale
terrestrial water storage variations. This finding corroborates Ibrahim et al. (2024) and Adams
et al. (2022), who emphasized the transformative role of GRACE and GRACE-FO missions in
regional groundwater storage assessment. The observed 12% reduction in prediction errors in
areas with higher-resolution data (0.25°, e.g., soil moisture and TRMM) highlights the
importance of spatial resolution in satellite-based hydrological modeling (Dube et al., 2023;
Kumar and Choudhury, 2024). However, as noted by Springer et al. (2023), challenges remain
in integrating multi-resolution datasets, particularly in topographically complex regions. The
preprocessing framework developed in this study—temporal aggregation, spatial downscaling,
outlier removal, and missing data imputation—successfully mitigated these issues, providing a
replicable methodology for other arid regions with sparse ground monitoring networks
(Sadeghi-Lari et al., 2024; Scanlon et al., 2023).

The 10-year projections revealing a predicted groundwater level drop to -1.851 meters below
surface level in the eastern Kahoorestan Plain indicate severe aquifer stress, consistent with
regional observations of over-extraction and limited recharge in arid climates (EI Kenawy,
2024; Rahmani et al., 2023). The spatial pattern of depletion—higher vulnerability in the east
versus relative resilience in the northwest—reflects the combined effects of saltwater intrusion
from three directions, intensive agricultural pumping, and low natural recharge rates (Safa et
al., 2020). The dominance of Lognormal distributions in 60% of observation wells suggests
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positive skewness in groundwater level variations, likely due to high variability in recharge and
extraction rates (Sengupta et al., 2022). The poor fit observed in wells 8, 10, and 15 across all
distribution models highlights local hydrogeological complexities, including proximity to
saline intrusion zones and structural heterogeneities, underscoring the need for site-specific
analysis rather than uniform management approaches (Uddin et al., 2024; Sajib et al., 2025).
Based on GMDH-HS predictions, several management strategies are proposed for the
Kahoorestan Plain. In the eastern region, where groundwater is projected to drop below surface
(-1.851 m), extraction should be halted, while sustainable extraction may continue in the more
resilient northwest. Artificial recharge should prioritize the northwest despite declines from 15—
19 m to 7-11 m (Sadeghi-Lari et al., 2024). Automated early warning systems should be
established at high-RMSE locations (Scanlon et al.,, 2023), alongside quality-focused
management in the southeast where saltwater intrusion persists. A dynamic extraction quota
system based on seasonal projections should allow higher pumping during recharge periods
(Rahmani et al., 2023), and areas with RMSE > 0.5 designated as high-risk zones. Community-
based monitoring programs should enhance stakeholder engagement (Forliano et al., 2024; Kotir
etal., 2024). These region-specific strategies achieve more sustainable groundwater management
than uniform policies. Future research should incorporate real-time data, higher-resolution
satellite observations, and physical constraints to reduce uncertainties (Rezk et al., 2024).

5. Conclusion

This study developed and evaluated a hybrid groundwater level (GWL) prediction framework
using satellite-based data and three GMDH variants (GMDH, GMDH-GA, and GMDH-HS)
across 15 observation wells in the Kahoorestan Plain, southern Iran, under three temporal
scenarios (t, t+5, t+10). All models effectively captured temporal and spatial trends in
groundwater levels, with the GMDH-HS model outperforming the others across all evaluation
metrics (RMSE, EF, and R?), achieving a 27-39% reduction in mean prediction error compared
to standard GMDH and yielding R2 values between 0.82 and 0.94. Spatial analysis revealed
higher prediction accuracy in the northwestern region and greater challenges in saltwater
intrusion areas. Critically, 10-year projections indicated a marked groundwater depletion trend,
with eastern region levels predicted to drop 1.851 meters below the surface, signaling severe
aquifer stress. These results support GMDH-HS as a strategic framework for groundwater
monitoring and management in arid, data-scarce regions globally. The findings highlight the
effectiveness of hybrid modeling approaches—particularly the integration of Harmony Search
with GMDH—in improving long-term predictions, enabling local authorities to design
proactive management strategies such as early warning systems and targeted recharge
initiatives. Future studies would benefit from incorporating real-time hydrological and climatic
data to further enhance temporal accuracy and account for sudden environmental changes.
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