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Extended abstract

Introduction

Accurate estimation of groundwater storage variations is essential for
sustainable water resources management in arid and semi-arid regions. The
Birjand Plain has experienced persistent groundwater decline due to intensive
agricultural abstraction and climatic variability, highlighting the need for
reliable predictive tools. Traditional physically based numerical models such
as MODFLOW provide a comprehensive representation of aquifer dynamics
but often struggle to reproduce local-scale heterogeneity. Conversely, data-
driven machine learning (ML) approaches offer high predictive accuracy at
observation points but lack physical interpretability.

The primary objective of this study is to comparatively evaluate numerical
and machine learning models for groundwater level (GWL) prediction and to
develop an innovative hybrid stacking framework that integrates physically
informed simulations with data-driven algorithms to enhance prediction
accuracy and robustness.
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Materials and Methods

Groundwater level data from 17 observation wells in the Birjand Plain were collected semiannually
(spring and autumn) from October 2008 to September 2023 (544 observations) from the South Khorasan
Regional Water Authority. Associated hydrological variables included precipitation, air temperature,
groundwater abstraction rates, and aquifer boundary inflow—outflow data.

Data preprocessing involved normalization, outlier detection using the Z-score method (|Z| > 3), and
application of the Savitzky—Golay smoothing filter to reduce noise. A conceptual hydrogeological model
of the aquifer was developed and implemented in MODFLOW with a spatial resolution of 250 x 250 m
for calibration and validation.

For data-driven modeling, Long Short-Term Memory (LSTM) neural networks and Random Forest (RF)
algorithms were applied, followed by the development of a stacking ensemble hybrid model that
incorporated calibrated MODFLOW outputs as physically informed features. Sensitivity analysis was
conducted using SHAP (Shapley Additive Explanations) within MATLAB to quantify the contribution
of each predictor variable.

Uncertainty analysis was performed using Monte Carlo simulations by introducing Gaussian noise (j =
0, 0 = 5% of original values) to generate 95% confidence intervals (5th—95th percentiles). Model
performance was evaluated using R%, RMSE, Nash—Sutcliffe Efficiency (NSE), Kling—Gupta Efficiency
(KGE), and Mean Absolute Percentage Error (MAPE), with R%, RMSE, and KGE serving as primary
selection criteria.

Results and Discussion

The stacking ensemble hybrid model achieved the highest predictive accuracy on the test dataset (R? =
0.978, RMSE =0.032 m, NSE = 0.978, KGE = 0.946). In comparison, the standalone MODFLOW model
during validation yielded R? = 0.968, RMSE = 3.17 m, NSE = 0.993, and KGE = 0.975.

The observed differences arise mainly from modeling scale contrasts. MODFLOW simulates
groundwater flow at the aquifer scale using a structured grid, thereby smoothing local heterogeneity. In
contrast, ML models directly fit time-series data at key wells, capturing localized fluctuations more
precisely.

Taylor diagram analysis confirmed the superiority of the hybrid approach (correlation coefficient =
0.978; normalized standard deviation = 0.812), outperforming LSTM (correlation = 0.977; std = 0.845)
and RF (correlation = 0.940; std = 1.344).

SHAP-based sensitivity analysis identified Well 1 as the most influential observation point (relative
importance = 0.28). Monte Carlo uncertainty assessment demonstrated that the hybrid model exhibited
the narrowest confidence intervals, indicating superior robustness under input variability.

Given the annual groundwater decline of approximately 40—60 cm and hydraulic conductivity variability
(545 m/day), the hybrid framework effectively captured both large-scale aquifer dynamics and local-
scale variability. Results suggest sustainable abstraction potential in eastern zones, while western areas
require immediate management interventions, including 30-40% reduction in agricultural pumping,
smart irrigation systems, and artificial recharge implementation.

Conclusion

This study presents a robust hybrid modeling framework integrating machine learning algorithms with
calibrated MODFLOW simulations for groundwater level prediction in the Birjand Plain. The hybrid
approach significantly enhances predictive accuracy while preserving physical interpretability,
overcoming limitations associated with standalone numerical or purely data-driven models.

Advanced preprocessing techniques—including Savitzky—Golay filtering and controlled Gaussian noise
injection—improved generalization in a heterogeneous aquifer experiencing persistent decline.
Sensitivity and uncertainty analyses provided practical insights for monitoring network optimization and
adaptive groundwater management.

The proposed framework aligns with Integrated Water Resources Management (IWRM) principles and
offers a transferable decision-support tool for sustainable groundwater management in semi-arid regions.
Future research should incorporate high-resolution satellite observations and real-time monitoring
systems to further enhance predictive capability and develop Al-based early warning systems for
groundwater depletion.
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Fig 3. Conceptual model of the Birjand Plain aquifer. Conceptual model designed based on boundary
conditions, aquifer geometry, and surface abstraction and recharge data.
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Table 3. Specifications and Application of Machine Learning Models in Groundwater Level Prediction.
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Table 4. Performance Metrics of the MODFLOW Model in Simulating Groundwater Levels of the
Birjand Plain (Transient State)

Criterion Calibration Validation
R2 0.989 0.968
RMSE 0.87 3.17
KGE 0.995 0.975
NSE 0.999 0.993
MAPE 0.02% 0.20%

! Kling-Gupta Efficiency
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Fig 4. Scatter plots of calibration (a) and model validation (b) in the non-steady state.
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Table 5. Summary of Performance Metrics for All 17 Wells (Sorted in Descending Order of KGE).

Well R? RMSE KGE NSE MAPE MAE
welll 0.9021 0.0929 0.9479 0.8974 0.005 0.0639
well2 0.8927 0.4578 0.5633 0.3981 0.0295 0.3823
well3 0.6693 1.2857 0.3146 -5.0095 0.0898 1.1712
well4 0.9805 0.4028 0.9085 0.8917 0.0268 0.3509
well5 0.9477 0.4488 0.6747 0.8282 0.0261 0.3403
well6 0.5523 0.3795 0.7067 0.4784 0.0242 0.3121
well7 0.9879 0.6383 0.7393 0.8377 0.0432 0.565
well8 0.8274 1.1407 0.77 0.3041 0.0752 0.9923
well9 0.7832 1.5214 0.7001 -0.0565 0.1011 1.3453
welll0 0.8313 0.5606 0.7406 0.7998 0.0315 0.4191
wellll 0.833 0.822 0.8516 0.3831 0.0578 0.7728
welll2 0.6961 0.7525 0.579 -0.2117 0.0544 0.7283
welll3 0.5629 1.0578 0.0981 -2.7464 0.0697 0.9409
welll4 0.6791 1.1173 0.2389 -2.4991 0.0688 0.9314
welll5 0.9721 0.6973 0.7951 0.7177 0.045 0.616
welll6 0.9033 0.626 0.7896 0.8783 0.035 0.4882

welll7 0.3707 1.1588 0.4568 0.3683 0.0655 0.9251
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Fig 5. Taylor diagram of MODFLOW model performance for target wells (1, 5, 10, 15) during the
validation period.
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Table 6. Summarized Results of Machine Learning Sensitivity Analysis for Selected Wells in the Birjand Plain.

ol> O1L0) San (= ,%5) SHAP MC Sen Sl (=) MAE MC XL MAE

Well  Correlation (C with O1)  SHAP (approximate)  Mean Correlation MC ~ Mean MAE MC (m) (C-0)

1 0.9498 0.28 14.2x1073 20.1 0.0639

5 0.7863 0.15 8.5x1073 453 0.3403

10 0.7175 0.12 7.1x1073 60.2 0.4191

15 0.6679 0.1 6.8x107 80.4 0.616
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Fig 6. Correlation and SHAP analysis for wells in the Birjand plain showing the correlation coefficient of
calculated values (C) with O1 (blue) and approximate significance of SHAP (green) for 17 wells. Selected

wells (1, 5, 10, 15) are marked with red circles. Correlation values range from -0.4 to 1 and SHAP is
normalized from 0 to 0.3.

Mgonte Carlo Mean Correlation Monte Carlo Mean MAE

120

I \'C Mean Correlation I MC Mean MAE
14 F O Selected Wells 1 QO Selected Wells

16

100

80
c
i)
© L
E <§E 60
S
O
40
20
4l 1 L L 0
0 5 10 15 0 5 10 15
Well Number Well Number

Bllao slas uSilo 5 (107" x olidio () (Fmmrod (255l (halod Wiy s ooy sl MAE g gl )5 cigo Julows ¥ JSCb
(MAE) T 5 ((Stad) 50,55 0115 b (10 1+ 1 1) cuitin ool 53l Voo b ol WV (512 (309) o), ciga (MAE)
Cewl yuiio \Ye G Yo 5 MAE 5 0lio .asloass (aseino
Fig 7. Monte Carlo and MAE analysis for Birjand Plain wells. Showing the mean correlation (blue, scale
x1073) and mean absolute error (MAE) of Monte Carlo (red) for 17 wells with 1000 simulations. Selected

wells (1, 5, 10, 15) are marked with red (correlation) and blue (MAE) circles. MAE values range from 20
to 120.
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Table 7. Results of Machine Learning Models in Training and Testing Phases.
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Table 8. Mean Cross-Validation Results for Machine Learning Models.
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Ensemble Scatter Plot: Test Data
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Fig 8. of the scatter plot of the results of the Stacking Ensemble model in training mode.

Ensemble Scatter Plot: Training Data
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Fig 9. of the scatter plot of the results of the Stacking Ensemble model in testing mode.
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Fig 10. Taylor diagram for selecting the best machine learning model in testing phase modeling.
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