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 A B S T R A C T

Forecasting water availability is becoming increasingly vital due to rising human demands and changing 
climatic pressures have caused declines in groundwater levels across many regions. While numerous studies 
employ data-driven approaches to predict groundwater fluctuations using meteorological data and groundwater 
level observations, few incorporate measurements from the vadose zone into predictive models. This study 
proposes a novel method leveraging an advanced hydrogeological monitoring system with high spatio-temporal 
resolution to forecast groundwater levels in a shallow alluvial aquifer used for drinking purposes. The 
monitoring system comprises a thermo-pluviometric station and three probes that measure soil water content, 
electrical conductivity, and temperature at depths of 0.6, 0.9, and 1.7 meters, in addition to a piezometer 
with a permanent water-level sensor. Data was collected at 15 min intervals over two hydrological years and 
integrated as exogenous inputs to enhance model predictive performance. Statistical, machine learning and 
deep learning architectures were tested through ARIMA, SARIMAX, Prophet and NeuralProphet providing a 
comprehensive evaluation of different approaches. For a robust evaluation, a rolling K-fold cross-validation 
strategy was implemented and coupled with a grid search to fine-tune all the models. Evaluation metrics 
and correlation coefficients are employed to assess the predictive capabilities of each model. Our findings 
indicate that prediction accuracy improves across all models with increasing depth in the vadose zone, with 
machine learning and deep learning models showing the most significant improvements. Specifically, at 1.7 m 
depth, Prophet achieves a MAPE of 4.5%, and NeuralProphet achieves a MAPE of 4.1% compared to statistical 
models. This study has successfully highlighted the enhancement of AI-based models for estimating levels of 
groundwater incorporating subsurface information from the vadose zone at different depths and phreatic zones, 
alongside climatic variables.
1. Introduction

Water plays an indispensable role in supporting human life, agri-
cultural productivity, industrial development, and ecological balance 
(Mishra, 2023; De Fraiture et al., 2010; Connor, 2015). While episodes 
of intense rainfall can lead to flooding, declining reserves of ground-
water for public use are increasingly apparent in vulnerable regions 
such as the Mediterranean basin (Cos et al., 2022; Tuel and Eltahir, 
2020). Under these evolving conditions, the growing irregularity and 
intensity of precipitation events complicate the task of forecasting 
subsurface water availability. This dynamic environment demands that 
predictive models continually adapt to reflect ongoing hydrological 
shifts (Davamani et al., 2024; Milly et al., 2008; Goderniaux et al., 
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2011). To address these complexities, emerging research advocates 
for redirecting observational priorities from groundwater storage to 
the unsaturated (vadose) zone, aiming to gain deeper insight into 
the mechanisms driving aquifer recharge (Turkeltaub et al., 2015). 
The vadose zone, stretching from the land surface to the phreatic 
boundary, plays a crucial role in controlling recharge–discharge bal-
ance and offers valuable information about infiltration dynamics during 
rainfall events (Hopmans and Van Genuchten, 2005; Hendrickx et al., 
2001). Current advancements in environmental sensing and hydro-
logical monitoring technologies have further strengthened efforts to 
model groundwater level (GWL) variability, supporting sustainable 
water management. Sensor advancements and new data horizons are 
at the core of emerging groundwater monitoring strategies. Using 
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hydrological monitoring data, the levels are forecasted and then com-
bined with geophysical surveys to track water levels and subsurface 
conditions (Dangar et al., 2021). The common management strategy 
involves integrating hydrological models with observational data to 
improve predictive accuracy and decision-making. Machine learning 
adoption in geosciences recently had a new found traction (Maity 
et al., 2024), demonstrating strong ability to model complex, nonlinear 
relationships across various applications (Lary et al., 2016; Mammoliti 
et al., 2022; Maniar et al., 2018; Karpatne et al., 2018; Dramsch, 2020; 
Mancini et al., 2023). Leveraging machine learning algorithms is well 
established to capture underlying patterns in groundwater fluctuations, 
outperforming conventional numerical methodologies in adaptability 
and performance (Galdelli et al., 2023).

Recently, there has been a growing shift toward including Ar-
tificial Intelligence (AI)-based techniques in GWL modeling (Rajaee 
et al., 2019; Vadiati et al., 2022; Sharafati et al., 2020). The trend 
is primarily motivated by the superior capability of AI methods to 
capture complex, non-linear, and dynamic patterns in time series data, 
which often challenge conventional modeling techniques (Djimadoum-
ngar, 2023). Popular AI-based forecasting approaches include machine 
learning models such as Random Forest (RF) and Support Vector Ma-
chine (SVM), and deep learning models like Artificial Neural Networks 
(ANN), Long Short-Term Memory (LSTM), and Sequence-to-Sequence 
(Seq2Seq) models (Afrifa et al., 2022; Najafabadipour et al., 2022; 
Yan et al., 2023; Dadhich et al., 2021; Khozani et al., 2022; Chen 
et al., 2023). Numerical methods are still studied and widely ap-
plied (Shirmohammadi et al., 2013; Sarma and Singh, 2022; Amiri 
et al., 2023), where the most common statistical models like Auto-
Regressive Integrated Moving Average (ARIMA) and its seasonal coun-
terpart (SARIMA) have presented interpretable results (Ren et al., 
2022). Khan et al. (2023) in the comparative benchmark study indi-
cated that machine learning and deep learning models were able to 
capture complex, nonlinear relationships within GWL datasets. While 
RF and SVM are popular, there is a lack of consideration for mecha-
nisms for capturing temporal trends, especially in ANN-based models, 
particularly LSTM and Seq2Seq, which rely heavily on careful architec-
ture design and hyperparameter tuning. The race to improve simplicity 
is relentless, with new models and methods continually emerging.

As research advances, newer approaches are beginning to incor-
porate the forecaster in the loop, offering a shift toward more in-
terpretable forecasting techniques. Prophet, an open-source tool, is 
specifically designed for tasks with strong seasonality, trends, and 
abrupt effects (Taylor and Letham, 2018). Though originally designed 
for understanding social media traffic for internal use of the social 
media service Facebook, its source code was made public, and since 
then, it has found cross-domain applications. Tasks such as product 
demand (Negre et al., 2024), gas consumption (Tian et al., 2024), 
and many more investigated and lauded the robust and decomposable 
modeling approach. Triebe et al. (2021) extended the capabilities of 
Prophet by incorporating neural network components into the under-
lying architecture. AutoRegressive component in NeuralProphet adds 
a feedforward neural network with fully connected layers, which is 
trained alongside the decomposable components of Prophet, i.e., trend, 
seasonality, and holiday. Zarinmehr et al. (2022) tested Prophet for 
GWL estimation and compared it with other models such as ARIMA, 
Multivariate Adaptive Regression Splines, and Exponential Smoothing 
using average water level from satellite data, and analyzed to forecast 
water availability in the Northwester regions of Urmia Lake basin in 
Iran. The study demonstrated that Prophet outperformed comparison 
models in terms of accuracy, and further, its residuals were normally 
distributed, indicating its reliability for predictive purposes. Aguilera 
et al. (2019) obtained similar results that confirmed the prediction 
capabilities of Prophet on a study in the wetlands of the Spanish region 
of Doñana on GWL time series. The results of the new data-driven 
approaches are useful but may not robustly represent the actual ground-
water recharge mechanism. There is a pressing need to employ vadose 
2 
zone data in AI-based predictive models where only a few studies have 
contributed. Instead, traditional approaches often rely on precipitation 
and air temperature data to estimate water availability, either through 
empirical or physical methods. A clear demand exists for flexible and 
reliable forecasting methods that can accommodate seasonal variations 
in time series data that are common in GWL fluctuations and effectively 
model complex, non-linear dynamics (Zhang et al., 2023; Fronzi et al., 
2024).

This research addresses the identified gap by utilizing high-resolu-
tion vadose zone observations from multiple depths to estimate GWL in 
an alluvial aquifer located in the Ancona province of the Marche region, 
central Italy. The study site employs a system, including a thermo-
pluviometric station, soil water content probes, electrical conductivity 
sensors, soil temperature monitors, and a piezometer. The data col-
lected using the system from different depths within the vadose zone 
are incorporated as exogenous variables in the modeling process to 
assess their contribution to GWL prediction.

In this context, the specific contributions of the present study are: 
(i) attempts to forecast GWL using multi-depth vadose-zone observa-
tions as exogenous drivers rather than relying solely on meteorological 
inputs; (ii) a systematic benchmarking of statistical, and advanced 
time-series models (ARIMA, SARIMAX, Prophet, NeuralProphet) using 
cross-validation; (iii) a comprehensive trend–correlation– and residual 
analysis across depths, to link model behavior to hydrogeological dy-
namics. Since the study represents one of the preliminary efforts in 
modeling the forecastability of GWL by monitoring the water dynamics 
in the vadose zone, a detailed correlation and trend analysis is addition-
ally conducted by exploiting the Rescaled Adjusted Partial Sums (RAPS) 
method and computing the correlation coefficient between variables. 
The models were used to capture the GWL patterns and evaluate their 
response to key hydro-meteorological variables, offering insights into 
the vadose zone’s role in groundwater recharge. This study, there-
fore, advances the understanding of vadose zone dynamics at different 
depths and their integration into forecasting models, contributing to 
improved hydrogeological modeling and management.

2. Material and methods

2.1. Study site and hydrological monitoring strategy

The study area lies in the Mediterranean basin in central Italy, 
focusing on a catchment (∼5 km2) within the Conero Mt. Regional Park 
(Fig.  1a). The area’s climate is classified as temperate and sublittoral 
according to the Köppen classification (Fratianni and Acquaotta, 2017). 
The average annual temperature is approximately 14 ◦C at the peak 
(572 m above sea level, a.s.l.) and 16.6 ◦C along the coast, with histor-
ical extremes ranging from −6.5 ◦C to +35 ◦C. Annual rainfall averages 
around 900 mm, with the lowest precipitation occurring in July and the 
highest in September (Chemeri et al., 2025; Busico et al., 2024, 2020). 
Actual evapotranspiration accounts for about 60% of total precipitation 
annually, resulting in an estimated effective rainfall of 300 mm/y for 
the period 1995–2015 (Mussi et al., 2017). In the catchment, two main 
aquifers are identified (Chemeri et al., 2025; Fronzi et al., 2024): (1) 
the phreatic alluvial aquifer hosted in the alluvial deposits, and (2) 
the semi-confined Scaglia Calcarea aquifer hosted the Scaglia Rossa 
and Scaglia Bianca geological formations (Fms.). The alluvial aquifer 
mainly consists of silty-sands, sandy-silts, and gravel with sand layers, 
sustains the aquatic ecosystems through groundwater–surface water 
interactions (Fronzi et al., 2022). Recharge for both aquifers is from 
meteoric input. These aquifers are crucial for drinking water supplies, 
as tapped by the local water management company. However, reduced 
recharge in 2019–2021 caused significant groundwater depletion and 
prolonged drying of watercourses (Fronzi et al., 2022). The recent 
meteoric and hydrological dry conditions required an in-depth analysis 
of future groundwater availability, emphasizing infiltration dynamics 
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Fig. 1. Study site location, with geological information (a) and sensors (TEROS 12 and TD-Diver) used for hydrological data collection (b).
and vadose zone water flow toward the alluvial aquifer to support local 
water utilities and public agencies.

Monitoring began on 1 January 2022, with hydrological parameters 
recorded every 15 min over more than two hydrological years until 
30 April 2023, except for GWL, which was logged daily at noon. 
Internet of Things (IoT) technology was utilized for robust and efficient 
automatic data collection (Galdelli et al., 2019). The natural site setting 
was simplified for modeling purposes as illustrated in Fig.  2. Layer 1 
represents the Atmosphere and related variables: Precipitation and Air 
temperature (i.e., P and T𝑎𝑖𝑟), Layer 2 is referred to the vadose zone and 
associated variables measured at different depths: Volumetric Water 
Content, Soil Temperature, and Bulk Electric Conductivity (i.e., VWC, 
T𝑠𝑜𝑖𝑙, EC), and Layer 3 relates to the saturated zone and its correspond-
ing variable: Groundwater Level (i.e. GWL). The implementation of 
the forecasting models consists of four distinct scenarios designed to 
thoroughly evaluate the model’s predictive capabilities. Initially, atmo-
spheric variables from Layer 1 were utilized to predict GWL in Layer 
3. Subsequently, three additional tests were performed using variables 
from Layer 2 at depths of 0.6 m, 0.9 m, and 1.7 m, each independently 
applied to forecast GWL in Layer 3. These scenarios provide key insights 
into how hydrological variables impact groundwater level, improving 
the forecasting model for different system conditions. The resulting 
high-resolution spatial and temporal dataset was pre-processed at a 
daily scale and analyzed through trend and correlation analysis and, 
eventually, employed for developing the GWL prediction models.

2.2. Collected data

The collected data were processed at a daily scale by computing the 
cumulative daily precipitation, and the mean daily values for T𝑎𝑖𝑟, T𝑠𝑜𝑖𝑙, 
EC, and VWC at all the monitored depths. The time series processed at 
a daily scale are reported in (Fig.  3). The graph of GWL shows seasonal 
fluctuations, indicating dynamic groundwater conditions within the 
aquifer during the hydrologic year. The recharge starts in November 
until April and a depletion phase can be observed starting from the 
late spring until October. Atmospheric temperature demonstrates clear 
seasonal patterns, reflecting expected meteoric conditions at the study 
site with maximum values during summer and minimum values during 
the winter season. Rainfall data is intermittent with significant peaks, 
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highlighting periods of intense rainfall (e.g., in May and September) 
alternated with prolonged dry periods (e.g., July and August). Soil 
temperatures in the vadose zone at varying depths (0.6 m, 0.9 m, and 
1.7 m) generally follow a consistent trend, mimicking the T𝑎𝑖𝑟 across the 
hydrologic year but show variations influenced by depth. The VWC and 
the EC display a similar pattern if considering single depths. The VWC 
at shallower depths is characterized by a sharp increase after rainfall 
events during wet periods. The response to rainfall events in the soil is 
smoothed going deep. The EC generally mimics the VWC. It is impor-
tant to note that at this stage, the primary objective of the research is 
to enhance and compare data-driven models for GWL forecasting using 
vadose zone data. At the same time, the characterization of aquifer 
recharge processes in the study area remains beyond the scope of 
this work. To ensure scientific rigor, a more detailed specification of 
the dynamics between precipitation events, infiltration patterns, and 
aquifer recharge is provided in Chemeri et al. (2025).

2.3. Assessment of data uncertainty

The high-resolution hydrogeological monitoring system was estab-
lished in January 2022. P and T𝑎𝑖𝑟 are monitored using a thermo-
pluviometric station. A piezometer installed in the alluvial aquifer is 
instrumented with a TD-Diver hydrometric pressure transducer (Ei-
jkelkamp, accuracy ±0.5 cmH2O and resolution 0.2 cmH2O) for contin-
uous GWL monitoring (Fig.  1b), compensated for atmospheric pressure. 
Three advanced TEROS 12 sensors (Meter Group Inc., Pullman, WA, 
USA) for measuring T𝑠𝑜𝑖𝑙, VWC, and EC were installed at 1.7, 0.9 
and, 0.6 m depth into the alluvial aquifer soil, approximately 200 m 
upstream from the equipped piezometer. The TEROS 12 sensors (Fig. 
1b) operate based on the TDR principle, allowing precise monitoring of 
hydro-physical properties in the vadose zone. Soil moisture is measured 
as VWC in m3/m3, with a resolution of 0.001 m3/m3 and an accuracy 
of ±0.03 m3/m3. T𝑠𝑜𝑖𝑙 is measured over a range of −10 to +60 ◦C, with 
a resolution of 0.1 ◦C and an accuracy of ±0.5 ◦C from −10 to 0 ◦C 
and ±0.3 ◦C from 0 to 60 ◦C. EC is measured within a range of 0–20 
mS/cm, with a resolution of 0.001 mS/cm and an accuracy of ±5%. A 
comprehensive quality check was performed on all collected hydrolog-
ical time-series data to detect missing values, verify data consistency, 
and validate the reliability of the field observations. The assessment 
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Fig. 2. Illustration of monitoring scenarios and associated variables used during forecasting modeling settings.
Fig. 3. Time series data of all the monitored variables.
confirmed that the dataset is suitable for further data processing and 
analysis. The hydrological sensors’ uncertainties are further influenced 
by data processing steps in the experimental setup. When used as 
inputs for forecasting models, such measurement uncertainties prop-
agate through the modeling process. In data-driven frameworks, small 
variations or noise in the input variables can affect model parameters, 
leading to fluctuations in the predicted groundwater levels. The extent 
of this propagation depends on the model structure, sensitivity to input 
features, and the amount of available training data. While a detailed 
quantitative uncertainty analysis is beyond the scope of this work, its 
qualitative assessment is important to interpret the results and evaluate 
the reliability of the forecasts. In the following sections, the influence of 
uncertainty propagation is indirectly examined through the comparison 
of model performance under different input configurations. To better 
capture the impact of this uncertainty, the residual analysis presented 
in the following sections serves as an indirect quantitative measure of 
its propagation. Residuals, defined as the difference between observed 
and predicted groundwater levels, reflect both model-related error 
and input-data uncertainty. Therefore, the variance and dispersion of 
residuals provide valuable insight into the stability and reliability of 
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the forecasting models under real measurement conditions. Moreover, 
recent forecasting frameworks, such as RDIT, explicitly use residual 
statistics to calibrate prediction intervals and better reflect evolving 
uncertainty (Lai et al., 2025). In hydrologic contexts, residual vari-
ance has also been used to inform uncertainty bounds under varying 
flow regimes (Chen et al., 2025), and in precise engineering systems 
residual modeling (via GARCH) has proven effective for time-varying 
uncertainty quantification (Talebpour and Ilbeigi, 2025).

2.4. Trend and correlation

The time-series data of exogenous variables shows visible trends and 
correlations, requiring empirical investigation for comprehensive anal-
ysis. The RAPS method is a popular technique employed in hydrological 
studies (Šrajbek et al., 2023). The method can effectively compare 
trends, periodicities, and fluctuations in the observed GWL time series 
and compare it against the other measured hydrological variables. This 
approach has been employed in past studies to compare such tenden-
cies, cycles, and variations on time series (Garbrecht and Fernandez, 
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1994) and, helping visualize and understand the oscillations within col-
lected data, make it an essential tool for groundwater studies (Fiorillo 
et al., 2015; Fronzi et al., 2024). The method works by standardiz-
ing the scale between different time series of target and exogenous 
variables. Eventually, RAPS for each variable is calculated daily by 
aggregating the deviations from the mean value of each variable and 
adjusting against the standard deviation, as reported in Eq.  (1).

RAPS𝑁 =
𝑁
∑

𝑖=1

𝑌𝑖 − 𝑌
𝑆𝑌

(1)

where, N, is the amount of data in the time series; 𝑌𝑖 is the value of an 
individual sample; and the value ranges from i = 1, 2, . . . , N. 𝑌  is the 
average value of the observed sample; and 𝑆𝑌  is the standard deviation 
of the time series.

When multiple hydrological variables are employed as exogenous 
regressor in predictive modeling methods, it is crucial to assess their in-
terrelationships and their association with the target time series (Dalton 
and Bekker, 2022; Rocke et al., 2024). This assessment was achieved 
through a multivariate approach, enabling the joint analysis of multiple 
variables to understand their collective influence on the dependent 
variable over time, performing a correlation analysis between hydro-
logical variables at a daily scale. The Pearson correlation coefficient 
(denoted here as 𝑟) was computed using the following equation:

𝑟 =
𝑛
∑

𝑥𝑦 −
∑

𝑥
∑

𝑦
√

[𝑛
∑

𝑥2 − (
∑

𝑥)2][𝑛
∑

𝑦2 − (
∑

𝑦)2]

where, 𝑛 is the number of data points, 𝑥 and 𝑦 are the individual data 
points of the two variables being compared.

The correlation coefficient statistically measures the linear relation-
ship between the variables. It ranges from −1 to 1, where 1 indicates 
a perfect positive linear relationship, −1 indicates a perfect negative 
linear relationship, and 0 indicates no correlation between explored 
variables.

2.5. Forecasting models

The time series processed daily was utilized to model and retrain the 
forecasting models. The internal modeling process is illustrated below:

2.5.1. ARIMA models
ARIMA is a widely used time series forecasting method combin-

ing auto regressive (AR) and moving average (MA) components with 
differencing to address non-stationary time series data. The model is 
represented by three parameters: ‘p’, ‘d’, and ‘q’, i.e., ARIMA (p, d,
q) (Korstanje, 2021). The combined terms facilitate forecasting future 
values based on historical data as shown in the following equations: 

𝑌𝑡 = 𝑐 + 𝜖𝑡 +
𝑝
∑

𝑖=1
𝜑𝑖𝑋𝑡−𝑖 +

𝑞
∑

𝑖=1
𝜃𝑖𝜖𝑡−𝑖 + 𝛿𝑡 (2)

𝐴𝑅𝐼𝑀𝐴(𝑝, 𝑑, 𝑞) = 𝐴𝑅(𝑝) + 𝐼(𝑑) +𝑀𝐴(𝑞) (3)

where, 𝑝 is the autoregressive term, indicating the relationship be-
tween an observation and its past values; 𝑑 is the differencing term, 
representing the difference between the current and past values; 𝑞
is the moving average term, relating observations to residual errors 
from past values; 𝜑 and 𝜃 are coefficients associated with the AR 
and MA components, respectively; 𝜖𝑡 is the error term. ARIMA is the 
representative statistical model capable of capturing linear temporal 
dependencies in groundwater level fluctuations. Its strength lies in 
its interpretability and suitability for stationary processes that exhibit 
stable autoregressive patterns. However, ARIMA cannot account for 
nonlinear dependencies or abrupt changes caused by complex vadose-
zone behavior or external climatic variations. Most of these limitations 
were addressed by the seasonal version of ARIMA.
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2.5.2. SARIMAX models
SARIMAX extends ARIMA by incorporating exogenous atmospheric 

and soil-related variables. This enables the model to capture external 
climatic influences and delayed responses in groundwater behavior. Its 
main strength is its ability to represent seasonality and multivariate 
interactions. The model is formulated as: 
𝜙𝑝(𝐿)𝜙𝑃 (𝐿𝑠)𝛥𝑑𝛥𝑑

𝑠 𝑢𝑡 = 𝐴(𝑡) + 𝜃𝑞(𝐿)𝜃𝑄(𝐿𝑠)𝜁𝑡 (4)

In this expression, 𝜙𝑝(𝐿) denotes the non-seasonal autoregressive op-
erator of order 𝑝; 𝜙𝑃 (𝐿𝑠) accounts for seasonal autoregression with 
lag 𝑠 and order 𝑃 ; 𝛥𝑑 and 𝛥𝐷

𝑠  represent non-seasonal and seasonal 
differencing of orders 𝑑 and 𝐷, respectively; 𝐴(𝑡) reflects any deter-
ministic trends (e.g., seasonal cycles); 𝜃𝑞(𝐿) is the non-seasonal moving 
average operator of order 𝑞; 𝜃𝑄(𝐿𝑠) models the seasonal moving av-
erage effects with lag 𝑠 and order 𝑄; 𝜁𝑡 denotes the stochastic error 
term; and 𝑠 is the seasonal periodicity. SARIMAX incorporates the full 
set of seasonal ARIMA terms, seasonal autoregression (P), seasonal 
differencing (D), and seasonal moving average (Q), alongside the non-
seasonal ARIMA parameters (p, d, q). The seasonal AR term captures 
dependencies across seasonal lags, while the seasonal MA component 
adjusts for residual structures within those intervals. Differencing terms 
address trends and periodic variations to ensure the time series remains 
stationary.

2.5.3. Prophet
Prophet models time series through a decomposable summation of 

three components: trend, seasonality, and holidays, expressed mathe-
matically as follows: 
𝑦(𝑡) = 𝑔(𝑡) + 𝑠(𝑡) + ℎ(𝑡) + 𝜖(𝑡) (5)

where, 𝑔(𝑡) denotes the trend component, accounting for long-term, 
non-cyclic variations; 𝑠(𝑡) captures seasonal effects using a Fourier se-
ries representation; ℎ(𝑡) models the influence of holiday-related anoma-
lies; and 𝜖(𝑡) reflects random noise or unmodeled variability. Prophet 
approaches time series modeling by breaking it down into these addi-
tive elements, using piecewise linear or logistic growth for the trend 
and Fourier-based functions for seasonality. Prophet was used to cap-
ture nonlinear and quasi-periodic patterns that are typical of hydro-
logical time series. Its automated changepoint detection and multi-
seasonality handling make it well-suited for systems with irregular 
recharge cycles. The model is flexible and interpretable, though its 
additive decomposition may simplify certain interdependent subsurface 
processes. It also supports incorporating abrupt changes and holiday 
effects, although the latter was not utilized in this analysis.

2.5.4. NeuralProphet
NeuralProphet enhances Prophet’s flexibility by incorporating au-

toregressive components and neural networks within a unified struc-
ture. This enables it to learn nonlinear interactions between atmo-
spheric and subsurface variables while maintaining partial interpreta-
bility. Due to its architecture, the model expands on the complex-
ity, adds a computational overhead, and requires careful tuning to 
achieve stable results. The decomposable composition is as shown in 
the following equation: 
𝑦𝑡 = 𝑇 (𝑡) + 𝑆(𝑡) + 𝐸(𝑡) + 𝐹 (𝑡) + 𝐴(𝑡) + 𝐿(𝑡) (6)

where, 𝑦𝑡 denotes the forecasted output; 𝑇 (𝑡) captures the underlying 
trend at time 𝑡; 𝑆(𝑡) represents the seasonal component; 𝐸(𝑡) accounts 
for events and holidays; 𝐹 (𝑡) models the influence of known future 
exogenous variables; and 𝐴(𝑡) captures auto-regressive patterns derived 
from historical values at time 𝑡.

𝐿(𝑡) is the regression effects for lagged observations of exogenous 
variables at time 𝑡. NeuralProphet adds features like automatic hy-
perparameter selection during training and the ability to incorporate 
an auto-regressive component managed by the AR-Net neural network 
model. Further hidden layers or more output nodes can be added for 
multi-step forecasting.
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3. Experiments

3.1. Problem formulation

The aim is to forecast GWL fluctuations based on a Mediterranean 
Basin alluvial aquifer by leveraging vadose zone data monitored in high 
resolution using select statistical, machine learning, and deep learning 
techniques. The forecasting problem is formulated as follows:

Inputs:

1. 𝑋 = 𝑥𝑡 ∶ 𝑡 ∈ 𝑇  a time series of GWL values over a specified 
time horizon 𝑇 = {𝑡1, 𝑡2,… , 𝑡𝑛}

– each 𝑥𝑡 ∈ ℜ is the GWL value at time 𝑡;
– the data is collected through an in-situ piezometer 
with a continuous monitoring sensor.

2. External features:

– hydro-meteorological variables: 𝐻𝑡 = {𝑃 , 𝑇air, VMC,
𝑇soil, EC} from different layers, including precipita-
tion, air temperature, soil moisture, soil temperature 
and bulk electrical conductivity;

Output:

1. 𝑌 = 𝑦𝑡+ℎ ∶ ℎ ∈ 𝐻 the forecasted GWL values for a future 
horizon 𝐻 = {𝑡𝑛+1, 𝑡𝑛+2,… , 𝑡𝑛+ℎ}.

– The forecast must accurately capture: (i) short-term 
fluctuations in GWL, and (ii) long-term trends in 
recharge–discharge cycles to make an accurate esti-
mate of the future availability of the GWL.

Objective function: minimizes the error between the observed 
GWL values (𝑦𝑡) and (𝑦𝑡) over the prediction horizon 𝐻 . To 
ensure robustness and generalizability, we employ a K-fold cross-
validation strategy. This involves splitting the entire dataset into 
𝐾 subsets 𝐷1, 𝐷2,… , 𝐷𝐾 , where each sample is used for both 
training and validation.
For each fold 𝑘 ∈ {1, 2,… , 𝐾}, training is performed on the subset 
𝐷(𝑘)
train = 𝐷⧵𝐷𝑘, while evaluation is carried out on the correspond-

ing validation fold 𝐷(𝑘)
val = 𝐷𝑘. The overall cross-validation error 

is calculated as the mean loss over all 𝐾 folds:

min
𝛩

cv =
1
𝐾

𝐾
∑

𝑘=1
(𝐷(𝑘)

val, 𝑓
(𝑘)
𝛩 )

where  represents the selected loss function. In this study, we 
use Mean Absolute Percentage Error (MAPE) as the primary loss 
metric:

𝑀𝐴𝑃𝐸 = 1
𝐻

𝐻
∑

ℎ=1

|

|

|

|

|

𝑦𝑡+ℎ − 𝑦𝑡+ℎ
𝑦𝑡+ℎ

|

|

|

|

|

× 100

𝛩 represents the model parameters (e.g., trend coefficients, sea-
sonal components, hyperparameters etc.).
Constraints:

1. Seasonal and cyclical patterns inherent in GWL data:
𝑦𝑡 = 𝑔(𝑡) + 𝑠(𝑡) + ℎ(𝑡) + 𝜖𝑡

– 𝑔(𝑡): long-term trend;
– 𝑠(𝑡): seasonal variations (e.g., annual recharge cy-
cles);

– ℎ(𝑡): effects from external events (e.g., extreme rain-
fall events);

– 𝜖 : residual noise.
𝑡
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2. Handling missing data or irregular sampling intervals using 
pre-processing techniques (for our case, interpolation and 
imputation).

Model Selection: We evaluate the formulated problem statement 
on our selected forecasting models based on their ability to adapt 
to the characteristics of GWL time-series data. The models are 
compared in a fair manner with a consistent tuning procedure 
applied to all models as described in Fig.  4. The models Prophet 
and NeuralProphet come with built-in functions specifically de-
signed for hyperparameter optimization via cross-validation; the 
other models required the development of ad hoc solutions to 
implement a similar optimization process.

3.2. Experimental settings

The experiments are performed using a GPU NVIDIA® Quadro RTX 
6000 with 48 GB of RAM, and the script is implemented in Python 
v3.8. The implementation is made open source and made available 
on GitHub2 to experiment and extend. The portion of the test dataset 
is made publicly available for evaluating on other kinds of models. 
All model selection and tuning are performed on the in-sample data 
(January 1, 2022–July 12, 2023) using a rolling-origin, expanding-
window procedure. The model is first trained on an initial training 
window covering 90% of the in-sample period, a 12-day forecast hori-
zon is produced, the training window is then advanced by 10 days, the 
model is retrained, and forecasting is repeated. Errors from each origin 
are averaged to obtain the cross-validation score used for grid-search 
hyperparameter selection. Finally, the chosen model is retrained on the 
complete in-sample data and evaluated once on the held-out test period.

Forecasting accuracy is assessed using metrics such as MAPE, Mean 
Error (ME), Mean Absolute Error (MAE), Mean Percentage Error (MPE), 
Root Mean Square Error (RMSE), Correlation (Corr), and Nash–Sutcliffe 
Efficiency (NSE), which evaluates how well a model predicts relative 
to the variance in observed data, with values closer to one indicat-
ing stronger performance (Jain and Sudheer, 2008). These metrics 
collectively capture various aspects of model performance, including 
error magnitude, directional bias, relative size, sensitivity to outliers, 
strength of linear association, and overall predictive reliability.

3.3. Hyperparameter tuning

The hyperparameter tuning is performed on the validation set. 
The validation loss, measured using 𝑀𝐴𝑃𝐸 , is computed for each 
hyperparameter configuration as described by the grid shown in Table 
1. The process iterates over all candidate hyperparameters in a grid, 
selecting the configuration that minimizes the average error loss across 
all folds (as shown in Fig.  4). Once the optimal hyperparameters were 
determined, they are applied to a test set that the model had never 
seen before. The model then attempts to forecast the test set, and its 
predictions are used to evaluate performance. The tuned parameters 
for each model are discussed, and for ARIMA, the optimal value of 
autoregressive term p moving average term, and the differencing term 
was determined to be (5, 1, 5) on cross-validation results. For SARI-
MAX, the order parameter for non-seasonal components was tuned 
similarly to ARIMA, with the optimal values being (1, 1, 1). For the 
seasonal_order parameter, specifying (P, D, Q, M), the optimal seasonal 
order is (3, 1, 3, 12), which captured the recurring patterns in the dataset 
without overfitting.

Prophet was configured with an additive seasonality mode and 
tuned for a balance between flexibility and robustness. Optimal results 
were achieved using changepoint_prior_scale = 0.7 to capture key trend 

2 https://github.com/vrai-group/Groundwater-level-forecasting.

https://github.com/vrai-group/Groundwater-level-forecasting
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Fig. 4. Cross-validation is used for hyperparameter tuning.
Table 1
Hyperparameter grids used for model tuning.
 Model Hyperparameter Tuning grid  
 
ARIMA

p {0, 5, 10, 15}  
 d {0, 1, 2}  
 q {0, 5, 10, 15}  
 

SARIMAX

p {0, 1, 2}  
 d {0, 1}  
 q {0, 1, 2}  
 P {3, 4, 5}  
 D {0, 1}  
 Q {3, 4, 5}  
 M {3, 6, 12}  
 
Prophet

changepoint_prior_scale {0.01, 0.3, 0.7, 1, 10}  
 seasonality_prior_scale {0.001, 0.01, 0.1, 0.5}  
 changepoint_range {0.9, 1.0}  
 seasonality_mode {additive, multiplicative}  
 

NeuralProphet

n_changepoints {5, 30, 50, 100}  
 changepoints_range {0.1, 0.2, 0.3, 0.5, 0.75, 0.9} 
 seasonality_reg {0.001, 10, 150}  
 trend_reg {0.001, 10, 100, 150, 200}  
 ar_reg {0.001, 10, 100}  
 seasonality_mode {additive, multiplicative}  
 optimizer {SGD, Adam}  
 impute_missing {true}  
 growth {linear}  

shifts without overfitting, seasonality_prior_scale = 0.001 to limit sea-
sonal noise, and changepoint_range = 0.9 to constrain changepoints to 
earlier data segments. NeuralProphet, which enhances Prophet with 
neural and autoregressive components, was tuned for optimal per-
formance. Key settings included n_changepoints of 50 and a change-
points_range of 0.75 for balanced flexibility, ‘‘additive’’ seasonality mode 
based on data behavior, and regularization parameters: seasonality_reg
= 10, trend_reg = 150, and ar_reg = 10 to avoid overfitting. The ‘‘SGD’’ 
optimizer proved most effective for convergence.

3.4. Trend and correlation analysis

Fig.  5 presents the trend analysis using the RAPS method (y-axis) to 
visualize temporal patterns of GWL alongside atmospheric and vadose 
zone data at varying levels. Subfigure (a) shows that 𝑇𝑎𝑖𝑟 follows a 
clear seasonal cycle, while 𝑃  naturally remains relatively irregular and 
uncorrelated with GWL trends. In contrast, subfigures (b), (c), and (d) 
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display a closer alignment between GWL and vadose zone variables, 
particularly VWC and EC at 0.6 m, 0.9 m, and 1.7 m depths. The 
strongest agreement in temporal trends is obtained at 1.7 m, as well, 
where both VWC and EC exhibit seasonal dynamics that closely mirror 
the measured GWL, suggesting a more representative relationship be-
tween Layer 2 and Layer 3. 𝑇𝑠𝑜𝑖𝑙, showing a marked seasonal trend, 
consistently diverges from GWL pattern, with a stationary shift of 
about six months at all depths. In this context, it is worth noting that 
the extreme rainfall event that affected the study area in September 
2022 (Morelli et al., 2023) caused visible changes in the RAPS trend of 
both EC and VWC at depths of 0.6 m and 0.9 m. Contrarily, at 1.7 m, the 
impact of the precipitation was dampened, with no significant changes 
observed in EC, VWC, as well as in GWL. This evidence supports the 
idea that variables measured deeper in Layer 2 can effectively filter out 
the noise associated with shallower events, which may not correspond 
to actual recharge processes and therefore GWL variations.

Fig.  6 presents the correlation analysis using the Pearson correlation 
coefficient between GWL and meteorological and soil-related parame-
ters. The strongest correlations with GWL were found in the vadose 
zone at 1.7 m, particularly with EC (r = 0.79) and VWC (r = 0.71), indi-
cating that deeper soil measurements are more representative of actual 
groundwater recharge processes, as expected. Conversely, 𝑃  showed a 
very weak correlation with GWL (r = 0.033), while 𝑇𝑎𝑖𝑟 had a moderate 
negative correlation (r = −0.39), likely due to seasonal influences. 𝑇𝑠𝑜𝑖𝑙
at all depths also showed negative correlations, especially at 0.6 m (r 
= −0.5). The values depicted from the correlation matrix were used 
to decide which exogenous variables are most strongly associated with 
the target variable (GWL), helping to refine the selection of predictors 
and improve the accuracy of the model. The trend analysis (i.e., RAPS), 
together with the insights obtained by the correlation matrix, supports 
the integration of deeper vadose zone variables, particularly at 1.7 m, 
in forecasting models for the GWL dynamic.

3.5. Residual computation and uncertainty metrics

Residual analysis was conducted to assess model accuracy and quan-
tify predictive uncertainty across the different groundwater depths. 
For each forecasting model, residuals were defined as the difference 
between observed and predicted groundwater levels: 
𝑟𝑡 = 𝑦𝑡 − 𝑦̂𝑡 (7)

where 𝑦𝑡 denotes the observed groundwater level at time 𝑡, and 𝑦̂𝑡
represents the corresponding model prediction. Residuals provide a 
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Fig. 5. Trend analysis using RAPS (y-axis) for the hydrologic variables collected in the different layers.
Fig. 6. Correlation matrix for the collected time series.
direct measure of the deviation between simulated and observed values, 
allowing for the characterization of model bias and dispersion. From 
the residual distribution, the mean residual 𝑟̄, variance Var(𝑟), and 
standard deviation SD(𝑟) were computed as follows: 

Var(𝑟) = 1
𝑁 − 1

𝑁
∑

𝑡=1
(𝑟𝑡 − 𝑟̄)2, SD(𝑟) =

√

Var(𝑟) (8)

where 𝑁 is the total number of samples. These statistics provide 
insights into the spread and stability of the predictions, with lower 
variance and standard deviation indicating more consistent model be-
havior. To complement these measures, the Mean Absolute Percentage 
Error (MAPE) was computed to express the average relative deviation 
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between observed and predicted groundwater levels: 

MAPE = 100
𝑁

𝑁
∑

𝑡=1

|

|

|

|

𝑟𝑡
𝑦𝑡

|

|

|

|

(9)

Residual statistics were evaluated for each model and for each mon-
itoring depth within the vadose zone, enabling the assessment of un-
certainty propagation across soil layers. Lower residual variance and 
standard deviation were interpreted as indicators of improved robust-
ness and reduced sensitivity to input variability, providing a quan-
titative measure of model reliability under changing hydrogeological 
conditions. 
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Table 2
Performance comparison of groundwater forecasting models across different depths. Best values for each metric and depth are 
shown in bold.
 Sample Depth (m) Model MAPE ME MAE MPE RMSE Corr NSE  
 Layer 1 – ARIMA 0.247 −1.631 1.631 0.247 2.071 0.914 −16.660 
 SARIMAX 0.084 0.530 0.530 −0.084 0.563 0.921 −0.308  
 Prophet 0.076 −0.175 0.485 0.023 0.585 0.916 −0.117  
 NeuralProphet 0.076 0.228 0.469 −0.031 0.524 0.896 −0.130  
 Layer 2 0.6 ARIMA 0.115 −0.749 0.761 0.112 1.073 0.910 −3.744  
 SARIMAX 0.141 0.916 0.916 −0.141 1.020 0.465 −3.281  
 Prophet 0.055 −0.259 0.364 0.038 0.526 0.921 −1.276  
 NeuralProphet 0.090 0.250 0.561 −0.038 0.696 0.515 −0.993  
 Layer 2 0.9 ARIMA 0.111 −0.733 0.733 0.111 0.984 0.926 −2.987  
 SARIMAX 0.135 0.876 0.876 −0.135 0.972 0.720 −2.889  
 Prophet 0.037 −0.073 0.235 0.009 0.287 0.950 0.010  
 NeuralProphet 0.052 −0.180 0.294 0.020 0.355 0.945 0.380  
 Laye 2 1.7 ARIMA 0.148 0.955 0.955 −0.148 1.025 0.952 −3.326  
 SARIMAX 0.119 0.768 0.768 −0.119 0.815 0.958 −1.737  
 Prophet 0.045 0.174 0.276 −0.030 0.310 0.953 0.605  
 NeuralProphet 0.041 −0.194 0.268 0.029 0.340 0.958 0.523  
Table 3
Residual statistics for groundwater level forecasting models across different Layers and depths. Best values for each metric and 
depth are shown in bold.
 Sample Depth Model Mean residual Variance Std. Dev. MAPE (%) 
 Layer 1 – ARIMA 1.369 1.207 1.099 20.84  
 SARIMAX −0.764 0.139 0.373 11.86  
 Prophet 0.278 0.347 0.589 7.94  
 NeuralProphet −0.402 0.052 0.229 6.37  
 Layer 2 0.6 m ARIMA 0.782 0.580 0.761 11.84  
 SARIMAX −0.882 0.226 0.475 13.64  
 Prophet 0.293 0.205 0.453 5.38  
 NeuralProphet −0.622 0.465 0.682 9.67  
 Layer 2 0.9 m ARIMA 0.766 0.419 0.647 11.68  
 SARIMAX −0.843 0.199 0.445 13.06  
 Prophet 0.106 0.072 0.267 3.35  
 NeuralProphet 0.410 0.050 0.223 6.89  
 Layer 2 1.7 m ARIMA −0.922 0.156 0.395 14.35  
 SARIMAX −0.734 0.089 0.297 11.48  
 Prophet −0.141 0.062 0.248 4.11  
 NeuralProphet 0.189 0.080 0.282 4.42  
4. Results

The model performance was assessed across varying depths to eval-
uate predictive accuracy and reliability under different experimental 
conditions. Results of the model predictions associated with errors be-
tween observed and predicted GWL are reported in Table  2 and visually 
presented in Fig.  7. By using the variables collected in Layer 1, ARIMA 
exhibited the highest MAPE (0.247) and the lowest NSE (−16.660), 
indicating poor predictive accuracy and model reliability. SARIMAX, 
which incorporates seasonal adjustments, partially mitigates this issue, 
but still struggles with capturing external variability beyond its pre-
defined seasonal windows. This explains its moderate improvement in 
correlation (0.921) but persistent error accumulation (RMSE: 0.563). 
SARIMAX and Prophet performed better, achieving MAPE values of 
0.084 and 0.076, respectively. Looking at the graphical results (Fig. 
7(a)), the graph indicates that shallow statistical models lack adaptive 
mechanisms, in comparison to Prophet and NeuralProphet, both relying 
on Fourier series-based seasonality extraction. These models, due to 
their capacity to isolate periodic GWL fluctuations without assuming 
a static seasonal pattern, are adaptable to highly non-linear patterns. 
Prophet demonstrated a slightly higher RMSE (0.585) compared to 
SARIMAX (0.563), though both models maintained strong correlations 
above 0.91, noting that SARIMAX does not visually capture much of the 
fluctuations from the original time series. NeuralProphet exhibited the 
lowest RMSE (0.524) and the lowest MAE (0.469), suggesting strong 
predictive accuracy. However, its correlation (0.896) is lower than the 
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other models, indicating weaker capture of temporal dependencies. 
This is in agreement with the fact that the deep learning approaches are 
more robust on large sizes of datasets to get better temporal accuracy. 
Exploring the predictive models using Layer 2 with variables collected 
at 0.6 m depth, presented in Fig.  7(b), ARIMA exhibited slight perfor-
mance improvements, reducing its MAPE to 0.115 while maintaining 
a good correlation (0.910). This improvement is expected, as shallow 
subsurface water fluctuations exhibit strong autoregressive behavior, 
making past values more informative at this depth. However, SARIMAX 
underperformed (MAPE: 0.141, Correlation: 0.465), indicating that 
its predefined seasonal adjustment fails to align with the dynamic, 
short-period oscillations.

Even at this depth, it is still the case that visually, the statistical 
models still are not flexible to the nature of the time series. Prophet 
delivered a stable performance, achieving the lowest MAPE (0.055) and 
a high correlation (0.921). NeuralProphet, with MAPE 0.090 and corre-
lation of 0.515, exhibited resilience but showed a distinctive sensitivity 
to high-frequency disturbances. Unlike Prophet, which decomposes 
trends and seasonality separately, NeuralProphet integrates autoregres-
sion within its neural architecture, making it more reactive to abrupt 
fluctuations but less effective in capturing the long-term smoothing 
effects of the regressors. Using the variables collected at 0.9 m (Fig. 
7(c)), ARIMA and SARIMAX followed similar trends, with MAPE values 
of 0.111 and 0.135, respectively. Both models exhibited improved 
correlations (0.926 and 0.720), though their RMSE values remained 
relatively high. Prophet provided the best predictive performance, with 
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Fig. 7. Performance comparison of forecasting Layer 3 (Saturated zone) from 
monitored variables in preceding layers.

the lowest MAPE (0.037), RMSE (0.287), and the highest correlation 
(0.950), confirming its robustness in predictions. NeuralProphet also 
exhibited strong performance with a MAPE of 0.052 and a correlation 
of 0.945, indicating its adaptability at this depth. At this depth, where 
the groundwater signal is moderately stable, NeuralProphet’s AR com-
ponent introduced minor overfitting to short-term fluctuations, limiting 
its ability to fully smooth out seasonal variations. In the last scenario 
(using variables of layer 2 collected at 1.7 m) Fig.  7(d), ARIMA’s MAPE 
increased to 0.148, while SARIMAX and NeuralProphet displayed more 
stable performance, achieving MAPE values of 0.119 and 0.041, re-
spectively. Prophet continued to perform well, with a MAPE of 0.045 
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and RMSE of 0.310. NeuralProphet outperformed all models at this 
depth, achieving the lowest MAPE (0.041), a high correlation (0.958), 
and an NSE of 0.523, demonstrating strong generalization capabilities 
and reliable predictions across varying depths. ARIMA relies purely 
on past GWL values without external inputs, making it more suscep-
tible to residual fluctuations. SARIMAX, which incorporates external 
predictors, remained stable.

4.1. Residual analysis across vadose zone depths

Table  3 reports the residual statistics computed for all forecasting 
models across the Layers and the monitoring depths. The results pro-
vide a quantitative assessment of prediction stability and uncertainty 
propagation through the vadose zone. In general, residual variability 
decreases progressively with increasing depth, suggesting that measure-
ments closer to the groundwater body are less affected by short-term 
meteorological fluctuations and exhibit more predictable dynamics. 
At the Layer 1, NeuralProphet achieved the lowest residual variance 
(0.052) and standard deviation (0.229), together with the lowest MAPE 
(6.37%), confirming its ability to capture short-term fluctuations while 
maintaining overall stability. In the Layer 2 at 0.6 and 0.9 m depths, 
Prophet consistently performed well compared to the other models, 
achieving near-zero mean residuals and the smallest MAPE values 
(5.38% and 3.35%, respectively). These results suggest that Prophet 
is particularly effective in modeling the mid-depth dynamics of the 
vadose zone, where both infiltration and retention processes inter-
act. Layer 2 at 1.7 m depth, Prophet again yielded comparatively 
strong performance, with a mean residual of −0.141, variance of 0.062, 
standard deviation of 0.248, and a MAPE of 4.11%, highlighting its 
robustness in capturing the long-term and smoother groundwater re-
sponses. By contrast, traditional statistical models (ARIMA and SARI-
MAX) exhibited larger residual variances and higher MAPE values, 
at shallower depths, where short-term rainfall and evapotranspiration 
effects dominate. While SARIMAX reduced bias through the inclusion 
of exogenous variables, its overall variance remained higher than that 
of Prophet-based architectures. These findings highlight the advantage 
of hybrid and neural forecasting approaches over purely statistical 
ones in representing complex hydrogeological dynamics. Overall, the 
residual analysis supports the robustness of data-driven models that 
integrate seasonality, nonlinearity, and external forcing, confirming the 
advantage of Prophet and NeuralProphet architectures in capturing 
complex hydrogeological processes with higher accuracy and lower 
uncertainty. Prophet demonstrated greater adaptability across depths, 
while NeuralProphet exhibited superior stability and minimal residual 
variance, making both models promising candidates for operational 
groundwater level forecasting (see Fig.  8). 

5. Discussion

The correlation and trend analysis conducted before developing 
the forecasting models provided a standardized visual framework for 
assessing variability in the input features. This analysis confirmed that 
external regressors in the vadose zone exhibit associations with GWL, 
with noise decreasing in Layer 2 as depth increases. These statistical 
findings suggest that incorporating these regressors into the forecasting 
model setup is beneficial, potentially enhancing predictive accuracy. 
In this context, it is important to emphasize that the variable (P) 
monitored in Layer 1, which corresponds to precipitation, is the least 
correlated regressor with fluctuations in the GWL. Since rainfall is 
a discrete variable, it does not directly correlate with groundwater 
level oscillations, negatively impacting forecasting in the developed 
models. This result aligns with several authors who have developed 
predictive models based on observed groundwater levels and external 
atmospheric variables (e.g., precipitation) (Sun et al., 2022; Yin et al., 
2021), highlighting the limitations of this approach. The correlations 
between GWL and external regressors used in the models increase when 



A. Galdelli et al. Applied Computing and Geosciences 28 (2025) 100304 
Fig. 8. Distribution of residuals across models (ARIMA, SARIMAX, Prophet, and NeuralProphet) at different monitoring depths: (a) Layer 1, Layer 2 at depth (b) 
0.6 m, (c) 0.9 m, and (d) 1.7 m. Each violin plot summarizes the residual spread and central tendency, highlighting the variance and bias characteristics of each 
model.
shifting to variables from Layer 2. Indeed, our approach, based on 
a spatio-temporal high-resolution hydrological monitoring system in 
the vadose zone, overcomes the limitations of using discrete variables 
such as rainfall and air temperature to predict groundwater availabil-
ity, providing time series that mimic GWL, to be used as exogenous 
variables. Across varying depths in Layer 2, the general performance of 
forecasting models is found to be influenced by both their underlying 
architectures and the stability of key regressors. If using hydrogeologi-
cal variables collected at shallower depths to predict GWL, the modeled 
GWL time series displays high-frequency fluctuations deeply influenced 
by external factors like sharp temperature variation, or sudden response 
of VWC and EC to rainfall events. The moderate to strong positive 
correlation between GWL, VWC, and EC (Fig.  6) provides critical 
insight into the dynamics of infiltration and recharge within the vadose 
zone. The results obtained from the high-resolution hydrogeological 
monitoring system reveal that variations in these parameters at differ-
ent depths reflect the temporal and spatial progression of infiltrating 
water through unsaturated soil layers toward the saturated zone. The 
interplay among these variables governs the hydrological response 
of the system, linking surface meteorological inputs with subsurface 
groundwater fluctuations (Dahan, 2020; Singh et al., 2018). Infiltra-
tion begins when precipitation exceeds the infiltration capacity of the 
soil, allowing water to percolate vertically through the vadose zone 
(Seiler and Gat, 2007; Harter et al., 2004). The upper layers (0.6 m 
depth) are characterized by rapid changes in VWC immediately follow-
ing rainfall events, indicating prompt but transient wetting responses. 
These fluctuations are largely controlled by atmospheric conditions, 
evaporation, and plant transpiration, producing short-term increases in 
moisture content and EC due to ion dissolution during wetting phases. 
However, this layer is strongly influenced by evapotranspiration, which 
reduces its contribution to effective recharge. The intermediate depth 
(0.9 m) exhibits a delayed VWC and EC response compared to the 
surface, reflecting the attenuation of short-term fluctuations and the 
beginning of downward infiltration continuity. Soil temperature and 
EC variations at this depth indicate ongoing percolation, although 
11 
evapotranspiration effects are still present. At greater depth (1.7 m), 
the behavior of VWC and EC becomes markedly smoother and more 
stable. Here, the influence of atmospheric variability decreases, and 
the observed changes correspond more closely with GWL oscillations. 
The lagged increase in VWC and EC at this depth coincides with 
subsequent rises in GWL, signifying that infiltration fronts have reached 
the lower vadose zone and contributed to aquifer recharge. This pattern 
indicates the dominance of effective percolation over surface processes 
and the transition from transient storage to recharge flow. EC in the 
soil is a powerful integrative indicator of water movement and solute 
transport in the vadose zone (Cassiani et al., 2006; Poulain et al., 
2018). Its variations result from both changes in soil moisture (VWC) 
and the ionic concentration of pore water. Because EC reflects the 
combined effects of hydrological and geochemical processes, it often 
exhibits a measurable correlation with groundwater level (GWL) os-
cillations, particularly when infiltration fronts propagate through the 
unsaturated zone and influence aquifer recharge (Singh et al., 2018; 
Dahan, 2020). When rainfall infiltrates, the advancing wetting front 
increases the degree of saturation, causing an immediate rise in EC 
due to enhanced electrical connectivity between soil particles and the 
dissolution of surface-bound ions (Lin, 2010). Therefore, fluctuations 
in EC can be interpreted as a leading indicator of groundwater level 
changes, especially at monitoring depths where infiltration signals are 
not obscured by rapid surface processes (Harter et al., 2004). Fronzi 
et al. (2024) highlight that the strongest correlation between vadose 
zone variables and groundwater level (r = 0.923) occurs at 1.7 m 
depth, confirming that deeper soil layers act as integrative indicators 
of infiltration reaching the saturated zone. In contrast, shallow sen-
sors primarily capture short-lived hydrodynamic and thermal effects, 
introducing noise related to surface energy exchanges. These results 
emphasize the importance of depth-dependent monitoring of VWC 
and EC to distinguish between superficial soil moisture variations and 
true recharge signals influencing groundwater dynamics. Overall, the 
observed relationships among GWL, VWC, and EC delineate the natural 
infiltration process from the atmosphere through the vadose zone to 
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the aquifer. The sequential increase in VWC from upper to deeper 
layers, accompanied by a corresponding stabilization of EC and delayed 
GWL rise, reflects the downward migration of wetting fronts and the 
temporal coupling between unsaturated and saturated zone processes. 
Understanding these interactions provides a basis for refining predictive 
models of groundwater level fluctuations and supports more accurate 
assessments of aquifer recharge under variable climatic conditions. This 
integrated approach confirms that continuous multi-depth monitoring 
in the vadose zone is essential for characterizing infiltration pathways, 
quantifying recharge efficiency, and improving the management of 
groundwater resources in hydrologically sensitive environments.

Some previous research on GWL prediction explored meteorological 
and hydrological inputs. However, despite their success, these models 
primarily relied on surface meteorological variables and mathematical 
decomposition techniques to represent subsurface dynamics, which 
limits the ability to capture the true physical processes linking recharge 
and groundwater response. While modeling based solutions increas-
ingly remain the area of focus in many current literature, as shown 
by Najafabadipour et al. (2022) and Chen et al. (2023), however, 
research still is progressively optimistic about vadose zone for mod-
eling (Stewart et al., 2025). Our work improves on the existing body 
of research by introducing vadose-zone monitoring as a new predic-
tive pathway and by integrating it with modern decomposable and 
neural forecasting models. Previous studies, that used soft-computing 
and heuristic modeling approaches using meteorological and hydro-
logical inputs such as Shiri and Kişi (2011), compared Genetic Pro-
gramming (GP) and Adaptive Neuro-Fuzzy Inference Systems (ANFIS) 
for short-term water table prediction, showing that heuristic models 
can effectively capture nonlinear relationships but require careful lag 
selection. Similarly, Kisi and Shiri (2012) enhanced ANFIS through 
wavelet decomposition, demonstrating that separating high- and low-
frequency components improves prediction stability. In contrast, in 
our study Prophet and NeuralProphet models achieve report simi-
lar accuracy without heuristic calibration. Their decomposable and 
neural autoregressive architectures inherently model trend, season-
ality, and nonlinear dependencies while maintaining interpretability. 
Moreover, by incorporating vadose-zone regressors (VWC and EC), 
our framework achieves a level of physical transparency by capturing 
the physical infiltration process through the data compared to math-
ematical methods such as GP, directly linking predictive signals to 
subsurface hydrological dynamics. Compared with the soft-computing 
techniques assessed by Shiri et al. (2013), our models rely on di-
rect vadose-zone observations rather than statistically optimized lags. 
The observed improvement on the predictive performance, with in-
creasing depth reflects the role of deeper vadose layers as natural 
low-pass filters, reducing short-term meteorological noise and empha-
sizing recharge-driven signals. Finally, consistent with the findings 
of Shiri et al. (2022), who showed that adding tidal information as 
an external regressor improved coastal aquifer predictions, our re-
sults confirm that including physically meaningful exogenous variables 
such as vadose-zone parameters improves the forecasting performance. 
Overall, Prophet and NeuralProphet, supported by vadose-zone data, 
provide a robust, interpretable, and physically grounded alternative to 
traditional statistical and heuristic groundwater models. Collectively, 
by integrating physical sensing with advanced data-driven modeling, 
the present study bridges the gap between heuristic based computing 
and hydrological process understanding, offering a robust and scalable 
approach for short-term groundwater forecasting.

6. Conclusions

The results demonstrate that model performance is significantly 
influenced by hydrogeological aspects such as depth-dependent noise 
levels and time-dependent hydrodynamic processes in terms of precipit-
ation-infiltration-recharge dynamics. Our approach, leveraging a high-
resolution spatio-temporal hydrological monitoring system in the va-
dose zone, effectively overcomes the limitations of discrete variables 
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like rainfall in predicting groundwater dynamics. By providing contin-
uous time series that closely mimic GWL patterns, our method enhances 
the accuracy and reliability of groundwater level predictions, offering 
a more robust framework for hydrological modeling. Traditional sta-
tistical models such as ARIMA and SARIMAX exhibited limitations in 
capturing complex hydrological dependencies where external regres-
sors like precipitation and air temperature are less stable. Prophet con-
sistently performed well across all depths due to its structured trend-
seasonality decomposition, while NeuralProphet outperformed all mod-
els at higher depths in the vadose zone where reduced high-frequency 
fluctuations allowed its neural autoregressive component to leverage 
long-term dependencies effectively. Our study features hyperparam-
eter tuning via K-fold rolling cross-validation, which is essential for 
optimizing model performance and ensuring robustness under limited 
data scenarios. Future research should explore hybrid approaches inte-
grating machine learning with physically-based hydrological models to 
improve the interpretability of the data-driven approaches, especially 
for critical groundwater management applications.
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