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ABSTRACT

Aim of the study

Accurate forecasting of groundwater levels is essential for sustainable water-resource management in da-
ta-limited settings. This study develops an operational, reproducible workflow for forecasting a regional
shallow-groundwater index based only on historical monitoring records. Monthly groundwater-level obser-
vations from six automatic monitoring wells (P1-P6) in the southeastern coastal plain of Nghe An province
(Vietnam) were obtained from the Nghe An Environmental Monitoring Center. For each month, the regional
series was calculated as the arithmetic mean of the six well levels, providing a single representative indicator
for the study area.

Material and methods

Monthly groundwater-level data from May 2013 to April 2025 were analyzed using three forecasting ap-
proaches: seasonal naive (SNaive), seasonal autoregressive integrated moving average (SARIMA), and ex-
ponential smoothing state space (ETS). The dataset was divided into a training period (May 2013—April
2024) and a testing period (May 2024—April 2025). Model performance was assessed using RMSE, MAE,
and MAPE, supported by residual diagnostics and the corrected Akaike information criterion (AICc), to en-
sure model adequacy and parsimony.

Results and conclusions

The ETS model produced the lowest forecast errors and generated residuals closest to white noise, outper-
forming both SNaive and SARIMA. These results demonstrate that the ETS offers a robust and reliable
framework for forecasting groundwater levels one year ahead . The model’s performance provides valuable
support for irrigation planning, drought preparedness, and sustainable aquifer management in regions char-
acterized by strong seasonal dynamics.

Keywords: groundwater level forecasting, exponential smoothing (ETS), seasonal ARIMA, seasonal naive
benchmark, Vietnam
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INTRODUCTION

Groundwater is a critical source of freshwater for do-
mestic use, agriculture, and ecosystem services, partic-
ularly in coastal plains affected by the monsoon, where
the availability of surface water fluctuates greatly
throughout the year. In such environments, the timing
and magnitude of recharge and abstraction vary sea-
sonally, and shallow aquifers often respond quickly to
these changes. Many regions, including central Viet-
nam, rely on shallow groundwater for irrigation and
household use. However, monitoring networks and hy-
drogeological reports are often limited, fragmented, or
inaccessible to local managers. Given these constraints,
robust methods for forecasting groundwater levels be-
come an important practical tool for early warning and
routine management.

Groundwaterlevel forecasting has been approached
using both physically based groundwater flow models
and datadriven methods. While numerical models can
provide a processbased understanding and scenario
analysis, they typically require detailed aquifer geom-
etry, hydraulic parameters, timevarying pumping re-
cords, river stages, and longterm meteorological data.
Compiling and calibrating such models is resourcein-
tensive and may not be feasible for local agencies op-
erating small monitoring networks. In many provin-
cial monitoring programs, including those in the study
area considered here, the most consistently available
information is the groundwaterlevel time series itself.
Datadriven forecasting therefore plays a complemen-
tary role, providing rapid, transparent predictions to
support operational decisions when explanatory data
are sparse.

Recent studies have demonstrated the usefulness of
both classical statistical models and modern machine
learning approaches for groundwater forecasting. Re-
views highlight the importance of balancing accuracy,
transparency, and data requirements when choosing
a model, especially for operational deployment (Boo
et al., 2024). While deep learning or hybrid models
can achieve high accuracy when exogenous drivers are
available, classical univariate models remain widely
used due to their robustness, interpretability, and com-
putational efficiency. Comparative studies show that
exponential smoothing and seasonal ARIMA variants
are competitive baselines in datalimited contexts (Sar-
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ma and Singh, 2022), and these models remain the
standard in large forecasting benchmarks and com-
petitions (Makridakis and Hibon, 2000; Makridakis
et al., 2020). Establishing their performance for par-
ticular hydroclimatic settings is therefore valuable for
practical purposes.

In central Vietnam, the seasonal climate is char-
acterized by a rainy/monsoon season (typically May—
October) and a drier season (November—April). This
strong seasonal variation can cause recurring annual
groundwater fluctuations through cycles of recharge,
evapotranspiration, and water demand associated with
cropping seasons and domestic use. When such sea-
sonality is dominant and longterm trends are modest,
univariate models that explicitly represent seasonal
patterns are suitable for routine forecasting, even in
the absence of detailed hydrogeological datasets.

This study focuses on the southeastern part of
Nghe An province (Vietnam), where groundwater is
an important local resource and an automatic moni-
toring network has been operating for more than a de-
cade. However detailed information on hydrogeolog-
ical settings (aquifer geometry, hydraulic properties,
and groundwater flow paths) is not available for the
present analysis. Accordingly, the study adopts the fol-
lowing applicationoriented objective: to develop and
evaluate a reproducible forecasting workflow that can
be implemented by local agencies using only routinely
collected groundwaterlevel observations from a small
network of shallow wells.

Rather than attempting to interpret the groundwa-
ter flow system spatially, this study constructs a re-
gional monthly groundwater level index by averaging
contemporaneous observations from six shallow mon-
itoring wells. This aggregation reduces noise specific
to wells (for example, due to local pumping or mea-
surement error) and provides a single indicator that is
suitable for tracking and forecasting at regional scale.
This approach is intended for operational monitoring
and early warning, complementing rather than replac-
ing detailed hydrogeological investigations where
such studies are possible.

The objectives of this study are therefore: 1) to
characterize trends and seasonality in the regional
monthly groundwater level indices; 2) to compare the
predictive performance of three classical univariate
forecasting methods (SNaive, SARIMA, and ETS) us-
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ing consistent training/testing splits and common eval-
uation metrics; and 3) to provide an evidencebased
recommendations for operational models that balance
accuracy with transparency, and ease of implementa-
tion in a datalimited provincial context.

MATERIALS AND METHODS

Study area

The study area is located in the southeastern part of
Nghe An province, Vietnam (Fig. 1), on the lowlying
coastal plain near the Lam River estuary. The terrain is
generally flat, sometimes gently undulating, with ele-
vations increasing toward the west. It features a mosa-
ic of floodplains and slightly higher natural levees. The
land is mostly used for agriculture (rice, cash crops),
aquaculture ponds, and expanding urban residential
areas. All of these rely partly on shallow groundwa-
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ter for water supply, especially during the dry season
when surfacewater resources are limited.

The climate is influenced by the monsoon, with
a distinct wet season (typically May—October) and a dry
season (November—April). Most of the annual rainfall
occurs in the wet season, whereas potential evapotrans-
piration remains relatively high throughout much of the
year. Seasonal rainfall, evapotranspiration, and water-
demand patterns are therefore imposing a strong annual
cycle on shallow groundwater levels, with higher levels
during and shortly after the monsoon, and lower levels
at the end of the dry season. As detailed hydrogeolog-
ical information (e.g. aquifer stratigraphy, hydraulic
properties, groundwaterflow mapping) is not made
available by the monitoring agency, this study treats the
monitoring data as an empirical time series and focus-
es primarily on forecasting performance, rather than on
quantitative hydrogeological interpretation.
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Fig. 1. Location of the study area in Vietnam and positions of the six automatic monitoring wells (P1-P6) overlaid on topog-
raphy and administrative boundaries; used to define the regional monitoring index (own elaboration)
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Data collection and preprocessing

Monthly groundwaterlevel data were obtained from
the Nghe An Environmental Monitoring Center for six
automatic observation wells (P1-P6, Fig. 1). These
wells monitor shallow groundwater, with sensors
installed at a depth of approximately 2 m below the
ground surface. The depths were referenced to a com-
mon vertical datum. The original records consist of
submonthly automatic readings, which were quality-
controlled by the agency and then aggregated to pro-
vide monthly mean groundwater levels for each well.

For each month, a regional groundwater level index
was computed as the arithmetic mean of the levels of
six wells. This aggregation produces a single monthly
time series representing the overall condition of shallow
groundwater in the study area. The index is not intend-
ed to replace sitespecific analyses, but rather to provide
a parsimonious indicator that can be easily forecasted
and communicated. Spatial variability among individ-
ual wells is treated as part of the uncertainty, which is
revisited as a limitation of the approach.

Qualitycontrol procedures included screening for
missing values and anomalous spikes. Missing month-
ly means (less than 2% of records) were infilled us-
ing linear interpolation, which is reasonable given the
strong temporal persistence of groundwater levels at
monthly scales. Potential outliers were flagged using
a robust Hampel filter (median + 3 median absolute
deviations) and then reviewed visually in the context
of neighbouring months. Confirmed anomalies, which
likely resulted from sensor malfunction or datalog-
ging errors rather than genuine hydrological extremes,
were replaced using linear interpolation between ad-
jacent months. All preprocessing steps were applied
at the level of individual wells prior to computing the
regional mean, ensuring that artefacts at a single well
did not propagate directly into the index.

To investigate the temporal structure of the regional
index, Seasonal Trend decomposition using Loess (STL)
was employed in order to separate trend, seasonal, and
remainder components (Fig. 3). Longterm trend was as-
sessed using a modified Mann—Kendall framework that
accounts for serial dependence in monthly data (Hirsch
and Slack, 1984; Hamed, 2008), together with Sen’s
slope estimator (Sen, 1968). Seasonal effects were
evaluated using the Friedman ranksum test (Friedman,
1937). Finally, the remainder component was examined
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using autocorrelation diagnostics and the Ljung—Box
test to check whether substantial structure remained un-
explained after removing trend and seasonality.

For model development, the dataset was parti-
tioned into training and testing sets. The training set
covered the period from May 2013 to April 2024 (132
months), and was used for parameter estimation and
model fitting. The testing set covered the period from
May 2024 to April 2025 (12 months), and was used for
outofsample validation. This split mirrors a realistic
forecasting scenario, where models are updated annu-
ally and then employed to predict the subsequent year.

Data preprocessing, statistical analysis, and forecast-
ing model implementation were carried out in the R pro-
gramming environment. Using widely available packag-
es (such as forecast) facilitates reproducibility and the
potential transfer of the workflow to other regions. The
overall research workflow is summarized in Figure 2.

Data Collection & Preprocessing
(May 2013 — Apr 2025)

.

Model Specification
(SNaive, SARIMA, ETS)

.

Model Estimation & Forecasting
(Fit models, 12-month forecast)

v

Model Evaluation
(RMSE, MAE, MAPE, AlCc,
ACF, Ljung-Box test)

.

Model Selection
(Best model identified)

.

Final Forecast
(1-year groundwater prediction)

Fig. 2. Analysis workflow: data aggregation and quality con-
trol, decomposition and trend/seasonality tests, model fitting
(SNaive, SARIMA, ETS), and out-of-sample validation
with residual diagnostics (own elaboration)

Model specification

Three classical univariate forecasting models were
selected based on their widespread use in operation-
al settings, the fact that they only require historical
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groundwaterlevel observations, and provide transpar-

ent forecasts suitable for routine monitoring:

1) Seasonal naive (SNaive) — a simple benchmark
that assumes each month repeats the value ob-
served in the same month of the previous year
(Hyndman and Athanasopoulos, 2018). SNaive
often performs surprisingly well for strongly se-
asonal series, and therefore serves as a meaningful
baseline against, which more complex models
must demonstrate improvement.

2) Seasonal autoregressive integrated moving avera-
ge (SARIMA) — a Box—Jenkins model that captures
autocorrelation and seasonality through nonseaso-
nal orders (p, d, q) and seasonal orders (P, D, Q)
with seasonal period m = 12 for monthly data (Box
et al., 2016). Differencing orders (d, D) remove
nonseasonal and seasonal trends, while autoregres-
sive and moving average terms model persistence
and shock propagation in the residual series.

3) Exponential smoothing state space (ETS) — a state-
space formulation that represents level, trend, and
seasonality with additive or multiplicative error
structures (Hyndman et al., 2008; De Livera et al.,
2011). ETS models are particularly well-suited to
series with strong, regular seasonality, and they
have been shown to perform competitively in lar-
gescale forecasting experiments.

The chosen models therefore comprise a simple
seasonal benchmark (SNaive), an autoregressivemov-
ingaverage family (SARIMA), and a structural de-
composition family (ETS), providing a balanced com-
parison of classical univariate approaches.

Model estimation and forecasting

Each model was fitted to the training dataset using the
forecast package in R. Forecasts were generated for
a 12 month horizon to predict one year ahead. Model es-
timation procedures included automatic parameter opti-
mization for SARIMA and ETS based on information
criteria, while the SNaive model required no parame-
terization. For the SARIMA, candidate models within
a reasonable order space were screened using AICc
and residual diagnostics. The final specification SARI-
MA(3,0,0)(2,1,0)12 balanced parsimony and residual
adequacy. For the ETS, the automatic modelselection
routine identified an ETS(A,Ad,A) structure with addi-
tive errors, damped trend, and additive seasonality.

www.acta.urk.edu.pl

Model evaluation criteria

Model performance was evaluated over the testing
period. Three accuracy metrics — MAE, RMSE, and
MAPE - are reported to facilitate comparison with pri-
or forecasting studies (Willmott and Matsuura, 2005;
Chai and Draxler, 2014). For model selection, MAE
was treated as the primary criterion because it is scale-
consistent, has a clear interpretation in physical units
(metres), and is less sensitive to occasional large er-
rors than RMSE. RMSE and MAPE are provided as
supporting information, particularly for comparison
with other studies that emphasize these metrics.

In addition to point forecast accuracy, residual ade-
quacy was assessed using residual timeseries plots, the
autocorrelation function (ACF), and the Ljung—Box
test (Ljung and Box, 1978). Residual diagnostics were
used to prevent the selection of models that fit the test
set well, but retain significant temporal structure, as
this would suggest that critical dynamics are not cap-
tured by the model, which could bias longerterm fore-
casts or prediction intervals.

Model selection

The final model was selected based on a balance of
statistical accuracy, residual adequacy, and interpret-
ability. While the SNaive model serves as a baseline,
SARIMA and ETS were compared in terms of their
ability to capture both seasonal and interannual dy-
namics of groundwater levels. In line with the oper-
ational perspective, priority was given to robust out-
ofsample performance, evaluated primarily by MAE,
provided that residual diagnostics did not reveal se-
vere misspecification. The model that performed best
was then used to generate forecasts for the subsequent
year, providing a tool that could be implemented in
practice for groundwater management (Akaike, 1974;
Burnham and Anderson, 2002).

RESULTS AND DISCUSSION

Trend and seasonality of the regional
groundwater-level index

The Seasonal-Trend decomposition using Loess (STL)
was applied to separate the groundwater level time se-
ries into its three fundamental components — trend, sea-
sonality, and remainder — to provide a clearer view of
the underlying temporal structure (Fig. 3). This decom-
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position helps identify whether variations in ground-
water levels arise primarily from long-term changes or
from short-term cyclical effects.

The trend component exhibited no consistent up-
ward or downward tendency, indicating the absence of
a statistically significant monotonic change over time
(Fig. 3). The modified Mann—Kendall test confirmed
that no significant monotonic trend existed (t=0.0155,
p = 0.988), and Sen’s slope estimator (Sen, 1968)
yielded a near-zero rate of change (3.6 x 107¢; 95% CI:
—0.00039 to 0.00055, p = 0.988). As Sen’s slope pro-
vides a robust estimate of the rate of change based on
median, its near-zero value suggests that the long-term
trend magnitude was negligible. This result is supports
the properties of non-parametric trend tests for serial-
ly correlated hydrological data (Kendall, 1975; Hirsch
and Slack, 1984; Yue et al., 2002; Hamed, 2008).

The seasonal component revealed distinct, recur-
ring fluctuations that reflect intra-annual cycles in
groundwater levels (Fig. 3). The Friedman rank-sum
test (x> = 81.846, df =11, p <0.001) confirmed statisti-
cally significant seasonal variation (Friedman, 1937).
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o & &
N N BN
seasonal
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- O
remainder
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This finding aligns with the hydroclimatic conditions
of the region, where wet and dry season alternations
govern recharge and discharge processes, and supports
prior evidence that environmental time series are often
dominated by seasonal rather than long-term patterns
(Makridakis et al., 1998; Hyndman and Athanasopou-
los, 2018).

The remainder component, which captures the re-
sidual variability reaining after the trend component
and seasonality are removed, displayed noticeable
serial dependence. The Ljung—Box test (¥*> = 97.031,
df = 24, p < 0.001) indicated significant residual au-
tocorrelation (Ljung and Box, 1978), suggesting that
temporal dependence was not fully accounted for by
the decomposition process. The remainder component
from the STL exhibits moderate autocorrelation at
short lags, indicating that some short-term structures
are not explained by the deterministic seasonal cycle
alone. Such residual dependence is consistent with the
influence of episodic meteorological events, pump-
ing, and local management practices, all of which
can affect groundwater levels over several months

——
VYV

2020 2022 2024 2026

Time

Fig. 3. STL decomposition of the regional monthly groundwater-level index: strong annual seasonality dominates, with
a comparatively weak long-term trend component (own elaboration)
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(Famiglietti, 2014). These features justify the use of
stochastic time-series models that can explicitly repre-
sent persistence and shock propagation in the residuals
(Chatfield, 2003; Box et al., 2016).

Model comparison and selection

Comparative evaluation of forecasting models
Forecasting model evaluation typically relies on a com-
bination of error metrics and information criteria to
assess predictive performance and parsimony. Table 1
presents the comparative results for three widely ap-
plied approaches: ETS, SARIMA, and SNaive.

The ETS (A,Ad,A) (a.=0.9998, =104, y= 1074,
¢ = 0.972) model achieved the lowest forecast errors
across all three accuracy metrics. Specifically, the ETS
reported a mean absolute error (MAE) of 0.0478, a root
mean squared error (RMSE) of 0.0784, and a mean
absolute percentage error (MAPE) of 0.4132. These
values indicate that the ETS consistently delivered
the smallest deviations from observed values, both in
absolute and percentage terms. Such performance is
consistent with the literature showing that ETS mod-
els are particularly effective for time series with strong
level, trend, and seasonal components (Gardner, 2006;
Hyndman et al., 2008).

The SARIMA (3,0,0)(2,1,0)[12] model, although
producing higher forecast errors than the ETS model
(MAE = 0.0668, RMSE = 0.0925, MAPE = 0.5833),
achieved a substantially lower AICc value (—200.06),
indicating a better likelihood-based fit after account-
ing for model complexity. This outcome reflects the
well-established capability of SARIMA models to
capture both non-seasonal and seasonal autoregressive
dependencies in time-series data (Box et al., 2016).
Nonetheless, the relatively larger prediction errors
suggest that the SARIMA may be less effective when
the data exhibit dominant seasonal patterns, in which

case the ETS model can offer a more parsimonious
and robust representation of the underlying structure
(De Livera et al., 2011).

As expected, the SNaive model performed poor-
est across all accuracy metrics, with the largest errors
(MAE = 0.0908, RMSE = 0.1251, MAPE = 0.7872).
While the SNaive method is valuable as a benchmark
due to its simplicity and interpretability (Makridakis
et al., 1998; Hyndman and Athanasopoulos, 2018), its
inability to capture either trend or complex seasonal
structures was evident. This outcome is consistent
with findings from large-scale forecasting competi-
tions, where naive methods serve as a useful baseline
but are regularly outperformed by more sophisticated
statistical and hybrid models (Makridakis and Hibon,
2000; Makridakis et al., 2020).

In general, the comparative evidence demonstrates
that the ETS provided the most accurate forecasts,
while the SARIMA offered the best likelihood-based
fit as measured by AICc. The SNaive model, although
inferior in predictive accuracy, remains an important
benchmark, against which the effectiveness of more
advanced methods can be judged. These results rein-
force broader empirical findings that no single method
dominates across all criteria. Instead, model adequacy
depends on the balance between accuracy, parsimony,
and the structural properties of the data (Chatfield,
2000; Fildes and Petropoulos, 2015).

Residual diagnostics for forecasting model comparison
In this study, model adequacy was assessed using
a combination of residual variance (Table 1), residu-
al time plots (Fig. 4), and autocorrelation diagnostics
based on the autocorrelation function (ACF) and the
Ljung—Box portmanteau test (Table 2, Fig. 5), all of
which are standard tools for evaluating residual in-
dependence (Ljung and Box, 1978; Box et al., 2016;
Hyndman and Athanasopoulos, 2018).

Table 1. Out-of-sample forecast accuracy and training set fit statistics for SNaive, SARIMA, and ETS models applied to
the regional monthly groundwater-level index (testing: May 2024—April 2025; training: May 2013—April 2024). Residual

denotes the residual variance (sigma?) from the fitted model

Model MAE RMSE MAPE AlCc Residual
SNaive 0.0908 0.1251 0.7872 - 0.1601
ETS(A,Ad,A) 0.0478 0.0784 0.4132 41.2966 0.093
SARIMA(3,0,0)(2,1,0)[12] 0.0668 0.0925 0.5833 —200.0639 0.099
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Fig. 4. Residual time-series plots for SNaive, SARIMA, and ETS models; ETS shows reduced dispersion but some remain-

ing structure (own elaboration)
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Table 2. Ljung—Box test results for residual autocorrelation (lag = 24 months) for the three forecasting models. Q* is the test
statistic; small p-values indicate remaining serial dependence in residuals.

Model Q* (Ljung—Box, lag = 24) df p-value Conclusion
SNaive 178.72 24 <22 %1076 Strong autocorrelation remains
ETS(A,Ad,A) 40.92 24 0.0169 Moderate residual autocorrelation
SARIMA(3,0,0)(2,1,0)[12] 21.58 19 0.3058 Weakest autocorrelation, but still present

The SNaive model exhibited clear signs of inaccu-
racy across all diagnostics. Its residuals showed large
fluctuations and persistent positive and negative devi-
ations, especially during 2017-2018 and 2021-2022
(Fig. 4), reflecting a failure to capture both trends
and seasonality. Accordingly, it produced the largest
residual variance (o = 0.1601), indicating substan-
tial unexplained variation. The ACF revealed strong
and persistent autocorrelations at seasonal lags and
the Ljung—Box test (Q* = 178.72, df =24, p < 0.001)
rejected the null hypothesis of independently distrib-
uted residuals with strong confidence. Together, these
results highlight the model’s inability to account for
recurring seasonal dependencies, and confirm that,
while SNaive remains a useful as a simple benchmark
(Makridakis et al., 1998; Hyndman and Athanasopou-
los, 2018), it is poorly suited to this structured season-
al series. This conclusion is consistent with broader
evidence that naive models generally underperform
compared to more sophisticated approaches (Makri-
dakis et al., 2020).

The ETS model substantially surpassed the SNaive.
It yielded the lowest residual variance (c® = 0.093),
with residuals tightly clustered around zero and no ev-
ident systematic pattern in the time plot (Fig. 4). This
indicates that the model effectively captured the lev-
el, trend, and seasonal components of the groundwa-
ter-level series (Hyndman et al., 2002; Gardner, 2006).
Residual autocorrelation was markedly reduced com-
pared with the SNaive, confirming the ETS’s strength
in modeling trend—seasonal structures. However, the
Ljung—Box statistic (Q* =40.92, df =24, p=0.0169)
remained significant, implying the presence of modest
but systematic serial dependence. This is consistent
with previous findings that ETS models, while flexi-
ble and robust, may fail to completely eliminate auto-
correlation in complex or highly variable datasets (De
Livera et al., 2011).

www.acta.urk.edu.pl

The SARIMA model displayed an intermediate
level of residual variance (6? = 0.099), with residu-
als centered around zero, but showing moderate se-
rial dependence around 2019-2020 in the time plot
(Fig. 4). In contrast to the ETS, however, the SARI-
MA performed best in terms of residual independence.
Most autocorrelations fell within the 95% confidence
bounds of the ACF (Fig. 5), and the Ljung—Box test
(Q* =21.58, df = 19, p = 0.3058) did not reject the
null hypothesis of white-noise residuals. These diag-
nostics indicate that the SARIMA model provided the
most effective representation of short-term temporal
dependence, consistent with its established capacity
to model autoregressive and moving-average dynam-
ics (Box et al., 2016). Nonetheless, minor residual
structures may still persist, suggesting that further
refinement or hybridization could still enhance per-
formance for series with complex seasonal behavior
(Athanasopoulos and Hyndman, 2011; De Livera
etal., 2011).

Collectively, the diagnostics based on residuals
reveal important contrasts in model adequacy. The
SNaive model was clearly inadequate, with high re-
sidual variance and strong seasonal autocorrelation.
The ETS achieved the greatest reduction in residual
variance and yielded visually pattern-free residuals,
but retained statistically significant autocorrelation.
The SARIMA, by contrast, provided the closest ap-
proximation to white-noise residuals according to the
ACF and Ljung—Box test, albeit with slightly higher
variance than the ETS. Taken together, these findings
underscore the value of combining diagnostics based
on variance and autocorrelation, when comparing
forecasting models, and reinforce the broader meth-
odological consensus that residual analysis offers in-
dispensable validation beyond conventional accura-
cy metrics (Chatfield, 2000; Fildes and Petropoulos,
2015). They also point towards potential gains from
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Fig. 5. Residual ACF plots for SNaive, SARIMA, and ETS models; residual autocorrelation is reduced for ETS and SARI-
MA compared with the benchmark (own elaboration)
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Fig. 6. Comparison of observed and one-year-ahead forecasts from SNaive, SARIMA, and ETS models on the testing peri-
od; the ETS tracks observed seasonal fluctuations with the best accuracy (own elaboration)

more advanced frameworks — such as hybrid SARI-
MA — ETS models or seasonal-trend decomposition
methods, such as STL — SARIMA and TBATS - that
can simultaneously exploit the strengths of both ex-
ponential smoothing and ARIMA-type structures
(De Livera et al., 2011; Hyndman and Athanasopou-
los, 2018).

Selection the best model

Considering the primary goal of providing reliable
short-term predictions of the regional groundwa-
ter-level index, the ETS model was selected for opera-
tional reasons, as it achieved the lowest out-of-sample
errors while still offering acceptable residual diagnos-
tics. However, the remaining residual autocorrelation
suggests that some of the variability is driven by ex-
ternal factors, such as rainfall, pumping, or changes in
land use, which are not explicitly represented in the
present univariate framework. This is consistent with
the findings of recent multivariate and machine learn-
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ing studies (Wunsch et al., 2021; Sarma and Singh,
2022; Boo et al., 2024).

The preference for ETS is also supported by the
broader literature on exponential smoothing. It shows
that well-specified ETS models can match or outper-
form more complex approaches across a wide range of
forecasting tasks (Hyndman et al., 2002, 2008; Gard-
ner, 2006; De Livera et al., 2011; Taylor and Snyder,
2012). In this case, the groundwater index exhibits
strong, regular seasonality and only a weak long-term
trend — a pattern that is particularly well captured by
the ETS(A,Ad,A) specification.

From an evaluation standpoint, using MAE as the
primary selection metric is consistent with previous
studies demonstrating that MAE provides a robust
summary of average error and is less susceptible to
occasional large deviations than RMSE (Willmott and
Matsuura, 2005; Chai and Draxler, 2014). However,
reporting all three measures (MAE, RMSE, MAPE)
allows for a straightforward comparison with other
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studies on groundwater forecasting that may empha-
sise different metrics (Adamowski and Chan, 2011;
Valipour et al., 2013; Sarma and Singh, 2022).

Forecasting one year ahead using the selected ETS
model

The best ETS (A,Ad,A) model selected to predict the
change in groundwater level within the next one year
was developed using all available data from May 2013
to April 2025. The prediction results of the ETS model
are depicted in Figure 7.

The forecasts indicate a relatively stable ground-
water-level pattern between May 2025 and April 2026,
with predicted values consistently fluctuating around
11.5 m a.s.l. The narrow confidence intervals (85%
and 95%) suggest a high degree of reliability in the
model’s projections, reflecting its ability to capture
the underlying level and trend in the data without sig-
nificant volatility. This outcome is consistent with the
strengths of ETS models, which are widely regarded
as effective for series characterized by persistent level
components and minimal structural breaks (Hyndman
and Athanasopoulos, 2018).

From a methodological perspective, the ETS frame-
work incorporates errors, trends, and seasonality with-
in a state-space formulation, enabling both flexibility
and interpretability. In case of our study, the predicted
values suggested that the groundwater-level series is
largely governed by a stable level component, with no
strong evidence of pronounced trend or seasonal shifts.
This aligns with prior studies demonstrating that ETS
models perform well in stable time series environments
with limited structural variability (De Livera et al.,
2011).

Furthermore, the relatively small spread between
the lower and upper bounds across both the 85% and
95% prediction intervals reinforces the model’s fore-
casting accuracy. Narrow confidence intervals suggest
reduced uncertainty and enhanced predictive pow-
er, which is particularly important for groundwater
management, where reliable forecasts are crucial for
planning and the sustainable allocation of resources
(Taylor and Snyder, 2012). Nonetheless, it is import-
ant to recognize that, like other univariate time series
models, the ETS model relies heavily on past patterns.
Consequently, its accuracy may diminish in the pres-

— Forecast — Observed

. 85% Confidence Interval

12.0 -

11.6 -

Elevation (m a.s.l)

1.2 -

2016

95% Confidence Interval

2020 2024

Time

Fig. 7. Twelve-month forecast from the selected ETS model with 85% and 95% prediction intervals, illustrating expected
seasonal pattern and uncertainty for operational use (own elaboration)
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ence of unexpected shocks, extreme climate events, or
anthropogenic disturbances.

Overall, the results of the ETS model provide strong
evidence of stability and predictability in groundwa-
ter levels within the examined horizon, supporting its
suitability for short-term water resource management.
Future research could build on this work by comparing
ETS predictions with alternative approaches, such as
hybrid models (SARIMA — ETS), and machine learn-
ing models, to assess robustness under different envi-
ronmental and hydrological conditions.

CONCLUSION

This study presented an applicationoriented, repro-
ducible workflow for forecasting a regional shallow-
groundwater index in southeastern Nghe An province,
using only historical monitoring data from six automat-
ic wells. Three classical univariate methods (SNaive,
SARIMA, ETS) were compared under a consistent
training/testing split, paying attention to both forecast
accuracy and residual adequacy. The analysis was pre-
ceded by timeseries decomposition and nonparametric
trend tests, which confirmed the dominance of season-
al variability and the absence of a strong monotonic
trend in the regional index over the study period.

Among the evaluated models, the ETS model
provided the best outofsample accuracy and substan-
tially reduced residual autocorrelation relative to the
benchmark. Although the SARIMA model achieved
slightly better values for the information criterion and
somewhat whiter residuals, these advantages did not
translate into superior predictions for the independent
test period. Given the applied objective of providing
management with reliable forecasts one year ahead,
the ETS was selected as the preferred operational
model. The resulting ETSbased forecasting system
is transparent, computationally efficient, and can be
implemented using freely available software, making
it accessible to local agencies with limited technical
resources.

The proposed approach nonetheless has important
limitations. First, the regional index averages spatial
variability and therefore cannot replace sitespecif-
ic analysis, especially in zones of intensive pumping
or strong hydrogeological contrasts. Second, residu-
al diagnostics indicate that purely univariate models
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cannot fully explain groundwater dynamics, which are
influenced by rainfall variability, changes in land use,
fluctuations in river level, and anthropogenic activi-
ties that are not explicitly represented in the present
framework. Third, the evaluation considered a fixed
twelvemonth forecast horizon and a single train—test
split. More extensive rollingorigin validation would
provide a more detailed picture of performance under
different hydrological conditions.

Future work should therefore integrate readily
available exogenous variables (e.g., rainfall, simple
wateruse proxies, or river levels) and explore multi-
variate or hybrid extensions (such as ETSARIMA er-
ror models or machinelearning hybrids), while main-
taining operational interpretability. Where data permit,
extending the analysis from a regional index to indi-
vidual or grouped wells, , would also help to quantify
spatial differences in forecast skill and groundwater
behaviour.

In summary, the ETS model offers a robust, trans-
parent, and practical framework for groundwaterlevel
forecasting in Nghe An Province. The methodology
and findings presented here may also serve as a refer-
ence for similar hydroclimatic regions, where ground-
water is monitored but ancillary data are limited. This
could support incremental improvements in ground-
water resource management under increasing climatic
and anthropogenic pressures.
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PROGNOZOWANIE POZIOMU WOD GRUNTOWYCH PRZY UZYCIU MODELI SZEREGOW
CZASOWYCH: ANALIZA POROWNAWCZA PODEJSC SNAIVE, ETS | SARIMA W WIETNAMIE

ABSTRAKT

Cel badania

Doktadne prognozowanie poziomu wod gruntowych jest niezbgdne do zréwnowazonego zarzadzania zaso-
bami wodnymi w warunkach ograniczonej dostgpnosci danych. W niniejszym badaniu przedstawiono go-
towy do uzycia i mozliwy do odtworzenia schemat postepowania dotyczacy prognozowania regionalnego
wskaznika ptytkich wod gruntowych, oparty wylacznie na historycznych zapisach monitoringu. Miesigczne
obserwacje poziomu wod gruntowych z szeéciu automatycznych studni monitoringowych (P1-P6) na po-
hudniowo-wschodniej rowninie nadmorskiej prowincji Nghe An w Wietnamie uzyskano z Centrum Moni-
toringu Srodowiska Nghe An. Dla kazdego miesiaca regionalng serie obliczono jako $rednig arytmetyczng
poziomow z szesciu studni, zapewniajac jeden reprezentatywny wskaznik dla catego badanego obszaru.

Materiat i metody

Miesigczne dane dotyczace poziomu wod gruntowych z okresu od maja 2013 do kwietnia 2025 roku poddano
analizie przy uzyciu trzech podej$¢ prognostycznych: sezonowego modelu naiwnego (SNaive), sezonowego
zintegrowanego modelu autoregresyjnego ruchomego $redniego (SARIMA) oraz modelu wygtadzania wy-
ktadniczego w przestrzeni stanow (ETS). Zbidr danych podzielono na okres treningowy (maj 2013 — kwie-
cien 2024) oraz okres testowy (maj 2024 — kwiecien 2025). Wydajnos¢ modeli oceniano za pomocg wskazni-
kow RMSE, MAE i MAPE, uzupetionych diagnostyka reszt oraz skorygowanym kryterium informacyjnym
Akaikego (AICc), w celu zapewnienia adekwatnosci modelu oraz jego parsymonii.

Wyniki i wnioski

Model ETS dostarczy! najmniej bledow prognoz oraz wygenerowat reszty najbardziej zblizone do biatego
szumu, przewyzszajac pod tym wzgledem zaréwno model SNaive, jak i SARIMA. Wyniki te pokazuja, ze
ETS stanowi solidne i wiarygodne narzedzie do prognozowania poziomu wod gruntowych z rocznym wy-
przedzeniem. Dziatanie modelu moze stanowi¢ cenne wsparcie dla planowania systemow irygacji, przygoto-
wania na okresy suszy oraz zroOwnowazonego zarzadzania zasobami wod podziemnych w regionach o duzej
dynamice sezonowosci.

Stowa kluczowe: prognozowanie poziomu wod gruntowych, wygtadzanie wyktadnicze (ETS), sezonowy
ARIMA, sezonowy naiwny benchmark, Wietnam
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