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Abstract

Flooding is a recurring hazard in Thailand, particularly in Nong Khai, with substantial socioeconomic consequences.
Traditional hydrological models can be computationally demanding and may not fully capture nonlinear dependencies among
spatially distributed water-level stations. This study compares four data-driven models—Long Short-Term Memory (LSTM),
Gated Recurrent Unit (GRU), Random Forest (RF), and Support Vector Machine implemented as Support Vector Regression
(SVM/SVR)—for one-day-ahead water-level forecasting at Nong Khai. The models were trained and evaluated using 19
years (2006-2025) of daily observations from five monitoring stations along the Mekong River, with predictive performance
assessed using Root Mean Square Error (RMSE) and Mean Absolute Error (MAE). All models reproduced the principal seasonal
pattern; however, the recurrent models produced lower forecasting errors than the classical baselines. LSTM recorded the lowest
forecasting error (RMSE = 0.3459; MAE = 0.1196), followed by GRU (RMSE = 0.4059; MAE = 0.1647), whereas RF and
SVM/SVR showed substantially higher error values. The key contribution of this study is a consistent multi-station comparison
suggesting that sequence-based learning may more effectively capture upstream-to-downstream hydrological dependencies in
the Mekong River. These findings suggest LSTM as a promising forecasting component for a future hydrological Digital Twin-
defined here as a continuously updated virtual representation of the river system that integrates monitoring data with predictive
models- to support flood early warning and operational decision-making.

Keywords: Flood prediction, Mekong River, Water level forecasting, Long Short-Term Memory.

I. INTRODUCTION 2009 and 2018, flooding impacted over 55 million people and
generated economic losses exceeding 50 billion THB [2]. The
severity of such events was illustrated by the 2011 “Mega
Flood,” which resulted in over 800 fatalities and economic
losses estimated at USD 46.5 billion, underscoring the need
for effective flood management systems [3].

Central Thailand often receives significant attention in

Flooding is among the most frequent and economically
damaging natural disaster in Thailand, causing significant
disruption to the nation’s socioeconomic infrastructure and
agricultural sectors [1]. Historical data indicate that between
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disaster management. By contrast, the northeastern re-
gion—particularly provinces situated along the Mekong
River—faces distinct and increasingly complex hydrological
challenges driven by both climatic variability and upstream
river regulation. The hydrological dynamics in this region are
further influenced by irregular water level fluctuations in the
Mekong River, which are often associated with water discharge
from upstream hydroelectric dams in China and Lao PDR.
These operations can trigger out-of-season floods or rapid
rises in water level with little to no advance notice, leading
to what are described as “floods in the dry season” that can
significantly disrupt the livelihoods of riparian communities.

The severe flooding of September 2024, associated with
Typhoon Yagi, exceeded the capacity of local defences and
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inundated Nong Khai’s central economic district, causing
significant damage to critical infrastructure and disrupting
primary business zones [4]. This event also highlighted lim-
itations in current disaster response mechanisms, particularly
regarding the timeliness of warnings and the availability of
systematic evacuation mapping.

Effective mitigation of such disasters depends on the ability
to accurately predict water levels and identify high-risk zones
with sufficient lead time. Traditional prediction methods, such
as physical-based hydrological models, are often computa-
tionally intensive and require extensive data inputs, limiting
their utility for real-time forecasting in complex river systems
[5]. Data-driven approaches, specifically Machine Learning
(ML) and Deep Learning (DL) architectures, have shown
promising capabilities in modelling the nonlinear and complex
relationships inherent in hydrological time-series data [6]. The
literature suggests that recurrent neural networks (RNNs),
particularly LSTM and GRU, are well-suited for capturing
temporal dependencies, while RF and SVM provide useful
benchmarks for regression tasks.

To enhance the robustness of the forecasting framework, this
study incorporates multivariate time-series data from spatially
distributed upstream monitoring stations. This approach is
grounded in the hydrological principle that upstream discharge
dynamics and flow rates are associated with downstream
water-level changes, with characteristic lag times. Building
on this, the study examines whether recurrent neural network
(RNN) architectures, particularly the LSTM model, are well
suited to modelling these complex spatiotemporal dependen-
cies.

The LSTM’s memory-gating mechanisms enable effective
retention and processing of long-term sequential patterns
derived from upstream data. This is expected to improve
predictive accuracy at the downstream target station.

To address the need for improved early warning in Nong
Khai, this study develops and compares the predictive perfor-
mance of four machine learning models. Using a nineteen-year
dataset (2006-2025) from five monitoring stations, it aims to
identify a suitable forecasting architecture to support flood
management in the Mekong River Basin, in a region that
already leverages real-time infrastructure for public safety [7].

In this study, a hydrological Digital Twin refers to a con-
tinuously updated virtual representation of the river system
that integrates real-time observations with predictive models
to estimate current conditions, simulate possible future states,
and support operational flood-management decisions.

II. LITERATURE REVIEW

Flood prediction methodologies are broadly categorized into
physics-based hydrological models (such as HEC-HMS [8])
and data-driven machine learning techniques. While physics-
based models simulate physical processes, data-driven ap-
proaches forecast water levels directly from historical records
[9]. Recurrent neural networks (RNNs), specifically LSTM
and GRU models, have received considerable attention for
their ability to handle time-series data. These architectures
have shown strong performance in capturing complex, long-
term temporal dependencies in hydrological data and are

frequently compared to identifying the most suitable predictive
model for specific applications.

A. Deep Learning Architectures: Recurrent Neural Networks
(RNNs)

Several studies have applied and evaluated LSTM and
GRU models in flood forecasting contexts. Sharma ez al. [10]
and Hieu et al. [11] integrated these deep learning models
with hydrological data, demonstrating improvements in the
identification of inundation areas and prediction of river levels
compared with computationally intensive physical models.
Cho et al. [12] and Atashi et al. [13] compared various models,
finding that LSTM and GRU generally produced lower RMSE
values in predicting historical maximum water levels, with
LSTM tending to outperform classical models such as RF.

The application of LSTM has been widely explored across
diverse hydrological contexts. Zhang et al. [14] employed
LSTM to reconstruct hydrological processes in the Mekong
River, examining the regulatory effects of hydropower de-
velopment. Chai et al. [15] improved daily runoff prediction
accuracy by combining LSTM with a Firefly Algorithm for
hyperparameter optimization, while Hop et al. [16] employed
LSTM as a rapid surrogate for 1D/2D hydraulic models.
However, limitations remain; Hasyimi et al. [17] noted that
the accuracy of LSTM models can be adversely affected by a
lack of variable diversity in the training dataset.

GRU has also received attention as a computationally effi-
cient alternative, particularly in multivariate learning contexts.
Fordjour et al. [18] and Gharehbaghi et al. [19] reported
that GRU models can improve prediction accuracy when
trained on multivariate data from spatially distributed obser-
vatories. Zhang et al. [20] and Manokij et al. [21] addressed
lag-time preprocessing and data imbalance in precipitation
forecasting, respectively, contributing to the development of
hybrid LSTM-GRU architectures. Park et al. [22] and Pan
et al. [23] evaluated the GRU for sequential hydrological
processing, reporting favorable results in water-level prediction
tasks. Widiasari et al. [24] developed a hybrid LSTM-GRU
framework intended to improve robustness by simultaneously
capturing long- and short-term dependencies.

B. Non-Linear Algorithms: Classical and Ensemble Ap-

proaches

Alongside deep learning approaches, classical non-linear
algorithms such as RF and SVM continue to serve as important
benchmarks in hydrological research due to their interpretabil-
ity and robustness in high-dimensional spaces. Random Forest,
an ensemble learning method, has been widely adopted for
both regression and classification tasks. Soliman et al. [25] and
Liao et al. [26] employed RF to generate rapid flood depth pre-
dictions and inundation maps, reporting computational speeds
considerably faster than traditional hydrodynamic simulations.
RF has also been applied in related hydrological contexts.
Anggraini et al. [27] used RF to predict sea water levels from
atmospheric parameters, while Mobley et al. [28] applied it
to develop continuous flood hazard maps that identify risks
outside designated zones. However, Schoppa et al. [29] noted
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that while RF is competitive for low-to-medium magnitude
floods, it may exhibit inaccuracies during extreme flood events.

SVM has also been applied in flood modelling research.
Asaly et al. [30] applied SVM for the binary classification
of flash flood likelihoods based on meteorological data, while
Chang et al. [31] integrated Support Vector Regression into
a multi-step forecasting system to predict flooding volumes
with lead times up to 72 hours. Comparative studies fre-
quently evaluate these classical models against one another.
For example, Nhu er al. [32] compared decision tree-based
algorithms, finding the M5 pruned (M5P) model to outperform
RF for specific lake level predictions, whereas Wang et al.
[33] evaluated six machine learning algorithms for Lake Erie,
suggesting the efficacy of ML models over process-based
alternatives. Hossoda et al. [34] further contributed to this area
by developing a hybrid parametric RF framework for urban
flood warning systems.

Recent literature indicates a general movement in flood
forecasting toward data-driven methods as alternatives to
computationally intensive physical simulations. Classical non-
linear models such as RF and SVM remain useful for fast,
interpretable hazard mapping but may perform less reliably
under the extreme volatility of severe floods. Deep learning
architectures, particularly LSTM and GRU, have become
prominent in hydrological time-series analysis for their ca-
pacity to capture complex temporal and nonlinear dynamics,
though studies emphasize the need for careful hyper parameter
tuning and hybrid designs to address data imbalance and
variable diversity. This context supports a comparative analysis
to identify a suitable architecture for specific river systems
such as the Mekong River Basin.

ITII. EXPERIMENT

This section outlines the experimental framework, including
a geographical and hydrological description of Nong Khai
province—its location on the Mekong River and flood sus-
ceptibility—and the data sources and collection methods. It
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also summarizes the 19-year hydrological time-series dataset
obtained from the Mekong River Commission (MRC) and its
preliminary statistical analysis.

A. Study Area Description

Nong Khai province, covering an area of 3,275 kmZ2, is in
north-eastern Thailand. It is situated on the southern bank of
the Mekong River, which forms its northern border. Across
the river lies Lao PDR, specifically Vientiane Prefecture,
Vientiane Province, and Bolikhamsai Province. Nong Khai
borders Bueng Kan Province to the east, Sakon Nakhon and
Udon Thani to the south, and Loei to the west. Nong Khai’s
border is outlined in green on Fig. 1. The province experiences
a tropical Savana climate with distinct wet and dry seasons.
The monsoon season occurs from May to October, accounting
for most of the region’s annual precipitation; flood risk is
highest during this period.

B. Data Sources and Collection

The data set used in this study consists of daily water-level
measurements over a 19-year period (2006-2025), obtained
from five monitoring stations in the MRC monitoring network.

These stations were selected to capture the upstream hy-
drological context and flow dynamics. The stations are from
upstream to downstream:

1. Chiang Saen Station (Thailand)

2. Luang Prabang Station (Lao PDR)
3. Chiang Khan Station (Thailand)
4. Vientiane Station (Lao PDR)

5. Nong Khai Station (Thailand)

Fig. 1 illustrates the geographic locations and spatial dis-
tribution of these monitoring stations, in their upstream-to-
downstream sequence. The Mekong River in this region is
characterized by the following hydrological characteristics: an
average annual discharge of 14,500 m?/s at Nong Khai station;

Phonsgvans

Nofg Khai

Fig. 1. location of Nong Khai province and Water Station along Mekong River(Source: Mekong River Commission, https://mrcmekong.org).
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peak flows of 20,000-35,000 m3/s during the flood season;
and low season flows of 1,000-2,000 m3/s. To contextualize
the flood risk parameters relative to the physical river channel,
Fig. 2 presents a schematic cross-section of the Mekong River
at the Nong Khai station; this information was obtained from
the Mekong River Commission on November 24, 2025, [34].
The vertical axis denotes elevation in meters above Mean Sea
Level (MSL), while the horizontal axis represents the cross-
sectional distance in meters from a fixed terrestrial reference
point. Hydrometric measurements at this station are referenced
to a standard zero-gauge elevation of 153.6 m above MSL. The
coordinate at a cross-sectional distance of 820 meters marks
the location where the riverbed elevation approximates this
zero-gauge datum, serving as a baseline for the station’s stage
monitoring. Based on this vertical datum, operational safety
thresholds are defined: the Alarm Level is established at 165.0
m (MSL), and the critical flood level is set at 165.8 m (MSL).
While the figure shows a low-flow condition typical during
the dry season, during the hydrological peak the water level
often exceeds the indicated flood level, inundating adjacent
urban and economic areas. These elevation markers are useful
for relating hydrometric station measurements to potential

168

inundation risks in the surrounding topography. Fig. 3 presents
the distribution of monthly water levels at Nong Khai station,
expressed as gauge height relative to the station’s zero point.
The operational alarm level corresponds to a gauge height of
11 m, and the flood level threshold to 12.2 m. The box-and-
whisker plot illustrates the bimodal seasonality and variability
differences between the dry and wet seasons. The data reveal
that water levels exhibit considerable variability during peak
monsoon months, and occasionally during transitional periods,
with outliers frequently approaching or exceeding the 12.2
m flood threshold. These excursions above the critical levels
highlight the station’s susceptibility to severe flood events and
support the need for predictive models capable of capturing
such high-magnitude fluctuations.

Prior to model training, the raw hydrological data under-
went a preprocessing phase to ensure data quality and model
convergence. First, a missing value analysis was conducted;
minor gaps (less than 24 hours) were filled using linear inter-
polation, while larger gaps were handled by excluding specific
non-continuous periods. Second, to reduce scale differences
between stations and facilitate gradient descent in the deep
learning models, the data were normalized. Min-Max scaling
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Fig. 2. Schematic cross section with actual water level on November 24, 2025 at Nong Khai station (Source: Mekong River Commission,

https://ffw.mrcmekong.org).
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Fig. 3. Box and whisker plot of water-level data at Nong Khai station.
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was applied to transform all water-level features into the range
[0, 1] using equation (1),
X i X min

R R . .

where X is the observed water level, and X,,,;, and X0z
are the min and max recorded values in the training set,
respectively. Finally, the time-series data were restructured into
a supervised learning format using a sliding window approach,
where a sequence of past observations (look-back window)
was used to predict the water level at the next time step (t+1).

IV. METHODOLOGY
A. Model Architecture and Design

This study compares four supervised learning models for
one-day-ahead water-level forecasting. This constitutes a time-
series regression problem, characterized by complex temporal
dependencies and nonlinear patterns.

Two recurrent neural-network models, LSTM and GRU, are
compared with two classical regression models, RF and SVR.
The models were selected based on their established efficacy
in hydrological modelling and time-series analysis

1) Input Feature Space and Spatiotemporal Structure: To
capture the propagation of flood pulses along the Mekong
River, the input feature vector is constructed from data col-
lected at five locations. We define the monitoring network as
a vector in equation (2).

S = [Scsa,Scua, Scrxwm, Svie, SNON] 2

corresponding to the upstream-to-downstream sequence:
Chiang Saen (CSA), Luang Prabang (LUA), Chiang Khan
(CKH), Vientiane (VIE), and the target station, Nong Khai
(NON).

For any given time step ¢, the input feature vector z
represents the simultaneous water levels across all five stations
as shown in equation (3).

Ty = [StCSAv StLUA’ StCKHv S€/1Ea S;VON} (3)

where S! denotes the water level at station i at time ¢.

The objective is to predict the water level at Nong Khai at
the next time step (y;+1 = S’f\;}%). To achieve this, the models
employ a sliding window of historical data with length k (the
look-back period). The input matrix X, for the deep learning
models is thus defined as a sequence of these vectors, as shown
in equation (4).

T} “4)

This multivariate structure allows the models to learn local
persistence and delayed influences from upstream stations as
flood signals propagate from Chiang Saen down to Nong Khai.

2) Long Short-Term Memory (LSTM): The LSTM model
is a specialised RNN architecture designed to mitigate the
vanishing gradient problem, which limits standard RNNs from
learning long-range temporal dependencies. This capability is
particularly relevant in hydrological modelling, where water
levels are influenced by antecedent meteorological events

Xy = {xt—ka Lt—k+1y---

occurring over extended lag periods. The core component of
the LSTM is its memory cell (C}), which acts as a carrier
of information across time steps, regulated by three distinct
gating mechanisms: the forget gate (f;), the input gate (i),
and the output gate (o;). The forget gate determines which
information to discard from the previous cell state (Cy_1).
The input gate controls the assimilation of new data. The
output gate subsequently regulates the information passed to
the hidden state (h;) and the model’s final prediction. This
architecture enables LSTM to better capture the complex,
long-term temporal dynamics inherent in water-level data.
Mathematically, the LSTM transitions are defined by the
following equations:

fr = (W - [he_1,mes] + D) (5)
it = o(W; - [hy—1, 2] + by) (6)
Cy = tanh(Wxo - [hy—1, 2] + be) (7)
Cr=fiOc 1 +i0C (8)

0y = o(Wo - [hy_1, 2] + bo) 9)

ht =0 ©® tanh(Ct) (10)

Where W denotes that weight and b represents the bias
vectors, o represents the sigmoid activation function, and
Orepresentselement — wisemultiplication.

ht

Forget gate Input gate Output gate

Cr1 o X F o+ ) — > Ct

@ |

ot Tf 0

[y [ tanh

hi.1 f 1

Xt
Fig. 4. Structure of a single LSTM cell.

The process, displayed in Fig. 4, begins with the forget gate
equation (5) which determines which information from the
previous flow state C;_; is irrelevant (e.g., short-term noise)
and should be discarded. Next equations (6) and (7) describe
the input gate, which computes new candidate values, C’t, from
the current upstream data, x;, and determines how much to
update the cell state. Equation (8) updates the global cell state,
effectively blending the long-term seasonal trend with new
incoming flood signals. Equations (9) and (10) calculate the
final hidden state h;, which serves as the prediction output.

3) Gated Recurrent Units (GRU): The GRU is a simpli-
fied variant of the LSTM, designed to reduce computational
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Fig. 5. Visual comparison using (a)LSTM, (b)GRU, (c)RF and (d)SVM method.

complexity while retaining predictive performance. The GRU
simplifies the architectural complexity by consolidating the
forget and input gates into a single update gate z; and merging
the cell state directly with the hidden state.

This architecture operates using two primary gates: the reset
gate r; and the update gate z;. The reset gate determines the
extent to which past information is ignored, while the update
gate controls the balance between retaining previous memory
and adding new information. This reduction in parameters
can facilitate faster convergence and may mitigate the risks
of overfitting on smaller datasets. The GRU operations are
formalized as follows.

2t =0(W, - [hi—1,2¢] + b,) (11

re = o(Wy - [he_1, 2] + by) (12)

he = tanh(W - [r @ hy_1, z4] + bp) (13)
hi=(1—2)®hi_1+2 0 h (14)

Equation (11), the update gate, acts as a sliding mecha-
nism, deciding how much of the past hydrological memory
hi_1 to retain versus how much new information from the
upstream stations x; to accept. Equation (12) (Reset Gate)
allows the model to “forget” past information that is no longer
relevant for future prediction. Equation (14) computes the final
weighted combination to produce the forecasted water level.

4) Random Forest Model: Unlike the sequence-based
RNNs, the RF model treats the input vector X; as a flattened
set of features. It is an ensemble method that aggregates the

predictions of N independent decision trees (7') constructed
via bootstrap aggregating (bagging).

For a given input z, the final predicted water level ¢ is the
average of the outputs from all individual trees as shown in
equation (15),

5)

Each tree, T_n, splits the data based on feature thresholds.
While RF lacks internal memory for temporal sequences, its
ensemble nature helps reduce variance and mitigate overfitting.

5) Support Vector Machine: This study uses Support Vector
Regression (SVR), a supervised learning algorithm derived
from SVM, to forecast continuous water levels. Unlike stan-
dard regression, SVR employs the ‘kernel trick, specifically
using the Radial Basis Function (RBF). This transformation
maps the multivariate upstream input vector x; into a higher-
dimensional feature space where linear separation becomes
feasible. The objective is to determine a continuous function
f(x) that predicts the water level (y) at Nong Khai station
while maintaining a deviation less than a predefined threshold
e(epsilon) from the actual observed targets. The model con-
structs an optimal regression hyperplane, defined by equation
(16),

fl@)=w-¢(x)+e

where w is the weight vector determining the orientation of
the hyperplane. ¢(z) is the non-linear transformation function
mapping the input to a higher dimension, and e is the bias
term. The SVR optimisation process minimizes model com-
plexity, enabling it to capture the non-linear flow regimes and
dam-regulated fluctuations of the Mekong River.

(16)
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6) Configuration and Hyperparameters: All four models
used daily water-level observations from five stations—Chiang
Saen (CSA), Luang Prabang (LUA), Chiang Khan (CKH),
Vientiane (VIE), and Nong Khai (NON)—to predict the Nong
Khai water level one day ahead. A 60-day look-back window
was applied; consequently, the LSTM and GRU received input
sequences with dimensions of (60 x 5), while the same
data were flattened into 300 input features for the Random
Forest and SVR models. Historical Nonvalues were included
to represent local water-level persistence, while the upstream
stations provide information on downstream flow propagation.

The data were divided chronologically into a training set
(2006-2023), a validation set (2024), and an independent test
set (January—November 2025). All scaling parameters were
estimated using the training data only.

The LSTM and GRU each comprised two recurrent layers
with 64 hidden units, a dropout rate of 0.2, and one output
neuron. Both models were trained using the Adam optimizer,
a learning rate of 0.001, mean squared error loss, a batch size
of 32, and a maximum of 100 epochs. Early stopping with
a patience of 10 epochs and a ReduceLROnPlateau scheduler
with a reduction factor of 0.5 and patience of 5 epochs were
applied.

The Random Forest model used 100 trees, a maximum depth
of 20, a minimum split size of 5, and a minimum leaf size of
2. The SVR model used an RBF kernel with C = 100, € = 0.1,
and v = scale. The random seed was fixed at 42 to support
reproducibility.

B. Performance Evaluation Metrics

The dataset was divided chronologically to prevent data
leakage, as discussed in A.6 Model performance is reported
on the independent test set. To evaluate model performance,
this study uses two standard error metrics—RMSE (17) and
MAE (18)—commonly applied in regression and hydrological
forecasting. Together, they characterise the models’ prediction
errors and support a comprehensive assessment of accuracy
and reliability. These metrics were selected based on their
widespread use in regression analysis and hydrological fore-
casting literature. Each metric provides a distinct perspective
on the model’s error characteristics, and their combined use
supports a more complete assessment of model performance.

Zi\;1(0i — Piz)

MSE =
RMS N

A7)

2it1 10— Py
MAE = N
The O; stands for observed value, P; represents the predicted
value and N is the number of observations, respectively. The
results from all four models are presented in section V.

(18)

V. RESULTS AND DISCUSSION

To assess the performance of the four forecasting models,
this study uses a two-part evaluation: qualitative hydrograph
reconstruction and quantitative error analysis. The perfor-
mance of LSTM, GRU, RF, and SVM is assessed on the
independent test set for the 2025 hydrological year.

A. Qualitative Assessment: Hydrograph Reconstruction

The qualitative evaluation focused on a visual comparison
of the predicted water-level trajectories against the observed
data. As shown in Fig. 5, all four models showed the ability
to capture the primary seasonal dynamics of the Mekong
River, including the transition between the low-variance dry
season and the high-variance wet season. However, the models
differed in their responses to short-term fluctuations and peak
conditions.

Deep Learning Architectures (LSTM & GRU): The
LSTM model, as shown in Fig. 5(a), produced a prediction
trajectory that closely tracked the overall trend. The LSTM
produced smoother predictions, suggesting that the model may
have captured the underlying non-linear hydrological trends
rather than memorizing stochastic noise. This smoothing effect
may be operationally relevant, suggesting that LSTM’s gating
mechanisms, specifically the forget gate, tend to filter out
transient variances that do not represent genuine flood pulses.
The GRU model, as shown in Fig. 5(b) displayed comparable
behavior, capturing the primary seasonal peaks and troughs
while attenuating minor variability.

Classical Architectures (RF & SVM): The Random
Forest and SVR predictions, shown in Fig. 5(c) and Fig.
5(d), followed short-term fluctuations in the observed water
levels more closely than the recurrent models. This behaviour
suggests that the classical models were more sensitive to
local variations in the input data. Although such sensitivity
may improve the fit during relatively stable periods, it may
also reduce robustness when the observed fluctuations are
caused by noise or short-lived disturbances. Therefore, the
visual results should not be interpreted as direct evidence of
overfitting; rather, they suggest that the RF and SVR models
produced less-smoothed forecasts and may require further
evaluation using training—validation error differences, extreme-
event performance, and false-alarm rates.

B. Qualitative Assessment: Hydrograph Reconstruction

Table I provides performance metrics across all four models.

TABLE I
EVALUATION OF THE PERFORMANCE OF LSTM, GRU, RF AND SVM.

Model | RMSE | MAE
LSTM | 0.3459 | 0.1196
GRU | 0.4059 | 0.1647
RF ]0.6123 | 0.3749
SVM | 0.6099 | 0.3720

Regarding RMSE, the LSTM model recorded the lowest
error value of 0.3459. The GRU followed with a moderate
RMSE of 0.4059. By contrast, RF and SVM showed substan-
tially higher RMSE values of 0.6123 and 0.6099, respectively,
under the evaluation setting used in this study. A similar trend
was observed in the MAE analysis. The LSTM recorded the
lowest MAE of 0.1196, consistent with its superior RMSE
performance relative to the classical benchmarks.

The LSTM’s RMSE is approximately 43% lower than
that of the RF and SVM models, suggesting that sequence-
based memory architectures may more effectively represent
the complex, non-stationary fluctuations of the Mekong River
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in this dataset. In particular, the LSTM showed relatively low
error rates during the high-variance wet season, suggesting
that it may capture the overall trend in water levels even under
rapidly changing conditions.

C. Discussion of Architectural Efficacy

LSTM’s relatively strong performance may be related to
its capacity to mitigate the vanishing gradient problem and to
capture the Mekong River’s extended hydrological lag periods.
Although the GRU offers a more computationally efficient
architecture, its slightly higher RMSE (0.4059) is consistent
with the possibility that LSTM’s additional parameterization
may better accommodate the temporal complexities of this
dataset. By contrast, the classical RF and SVM models showed
higher error values, which may partly reflect their absence of
sequential processing mechanisms.

VI. CONCLUSION

This study compared LSTM, GRU, RF, and SVR for one-
day-ahead water-level forecasting at Nong Khai using daily
observations from five monitoring stations along the Mekong
River. Among the four models, LSTM recorded the lowest
reported forecasting error, followed by GRU, while RF and
SVR showed higher errors. These results suggest that recurrent
models may be more suited for capturing the temporal and
spatial relationships that influence downstream water levels in
this setting.

The main contribution of this study is a systematic multi-
station comparison that identifies LSTM as a potentially
promising forecasting component for flood early-warning de-
velopment in Nong Khai. When integrated with real-time
monitoring and decision-support tools, the model may serve as
a component of a hydrological Digital Twin—a continuously
updated virtual representation of the river system—for the
Mekong River Basin.

The findings are limited to using water-level data from
five mainstream stations, a single target station, and a single
evaluation year. Additional hydrological variables—including
rainfall, discharge, tributary inflow, reservoir operations, soil
moisture, and topographic data—were not incorporated in
the current study. Accordingly, recalibration and independent
validation would be advisable before applying the model to
other river systems. Future work could incorporate additional
hydrological variables, evaluate multiple forecasting horizons,
quantify prediction uncertainty, and investigate advanced mod-
els for basin-scale forecasting and inundation mapping.
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