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ABSTRACT: In the context of global change, understanding changes in water resources requires close monitoring
of groundwater levels. A mismatch between water supply and demand could lead to severe consequences such as
land subsidence. To ensure a sustainable water supply and to minimize the environmental effects of land subsidence,
groundwater must be effectively monitored and managed. Despite significant global progress in groundwater man-
agement, the swift advancements in technology and artificial intelligence (AI) have spurred extensive studies aimed
at enhancing the accuracy of groundwater predictions. This study proposes an Al-based method that combines deep
learning with a cloud-supported data processing workflow. The method utilizes river level data from the Zhuoshui
River alluvial fan area in Taiwan to forecast groundwater level fluctuations. A hybrid imputation scheme is applied to
reduce data errors and improve input continuity, including Z-score anomaly detection, sliding window segmentation,
and STL-SARIMA-based imputation. The prediction model employs the BILSTM model combined with the Bayesian
optimization algorithm, achieving an R? of 0.9932 and consistently lower MSE values than those of the LSTM and RNN
models across all experiments. Specifically, BILSTM reduces MSE by 62.9% compared to LSTM and 72.6% compared to
RNN, while also achieving the lowest MAE and MAPE scores, demonstrating its superior accuracy and robustness in
groundwater level forecasting. This predictive advantage stems from the integration of a hybrid statistical imputation
process with a BILSTM model optimized through Bayesian search. These components collectively enable a reliable and
integrated forecasting system that effectively models groundwater level variations, thereby providing a practical solution
for groundwater monitoring and sustainable water resource management.
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1 Introduction

With the development of various industries, global reliance on groundwater resources has significantly
increased to meet the demands of domestic water use, agricultural irrigation, and industrial production.
However, excessive and unregulated extraction has led to a growing shortage of water and has triggered
serious environmental issues worldwide, including land subsidence and seawater intrusion. These phenom-
ena not only damage infrastructure and cause salinization of water sources, but also negatively impact
agricultural productivity and land use. Several studies haves shown that excessive groundwater extraction
directly leads to sediment compaction, which is the primary cause of environmental problems such as land
subsidence [1]. To improve the effectiveness of groundwater resource management, an increasing number
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of studies are focusing on simulating groundwater level changes and integrating various monitoring and
prediction techniques to develop more comprehensive forecasting systems.

The rapid development of Internet of Things (IoT) and cloud computing has motivated several studies
to explore the feasibility of implementing models in cloud-based environments. These systems collected real-
time data through sensors and transmitted them to the cloud for storage and preliminary analysis, aiming
to achieve more effective monitoring [2]. However, constructing a forecasting system that offers both high
accuracy and interpretability based on large-scale data remains a key challenge in current research. In the
past, groundwater level prediction was primarily based on statistical models. However, with the emergence
of IoT technology, an increasing number of sensors have been deployed to monitor groundwater levels and
hydrological parameters [3]. In addition, recent advancements in artificial intelligence (AI) have enabled
the real-time analysis of large volumes of data collected from sensors and other sources, helping researchers
make more informed decisions.

To improve the accuracy of groundwater modeling under massive and complex datasets, it has become
essential to identify patterns and relationships among diverse data sources. As a result, recent studies
have adopted various machine learning techniques, including Decision Tree, Random Forest, Support
Vector Machine (SVM), and Artificial Neural Networks (ANN). Despite traditional ML widespread use,
conventional machine learning models generally struggle to retain temporal context, which limits their
capacity to capture extended dependencies across time-series sequences. To address the challenges of
capturing both short and long-term dependencies as well as nonlinear relationships in time series forecasting,
researchers have proposed recurrent neural networks (RNNs) and their variants, such as Long Short-Term
Memory (LSTM), which are equipped with memory units to enhance the mapping capability of complex
multi-scale data [4]. Consequently, RNN and LSTM architectures have gained popularity for modeling the
temporal behavior of groundwater systems, particularly in tasks involving water level forecasting [5,6]. In
the context of long-term groundwater forecasting, further studies have introduced the Bidirectional Long
Short-Term Memory (BiLSTM) model to improve the model’s ability to capture temporal features. The
BiLSTM model is capable of simultaneously considering past and future information in a sequence, thereby
outperforming LSTM in time series prediction tasks [7]. Recent studies have applied BILSTM to groundwater
forecasting and have shown that it can produce more accurate and stable predictions over different forecast
periods [8].

This study focuses on the Zhuoshui River alluvial fan area, where groundwater has long been a primary
source for agricultural irrigation and domestic water use. Groundwater levels in this region are affected
by multiple factors, including river recharge, groundwater extraction, and rainfall variability. Although the
proposed model does not explicitly incorporate hydrogeological parameters, the deep learning framework
is designed to learn underlying patterns from long-term observational data and capture complex temporal
dependencies. This research builds upon our previous work in the same region, where Al techniques were
used to simulate groundwater levels and evaluate the impact of pumping activities [9]. In the present study,
we further enhance the forecasting model architecture and data processing pipeline to better capture trend
variations across different time intervals and to improve predictive stability.

Building upon these regional challenges and data characteristics, this study presents a groundwater level
forecasting system that integrates a cloud-based data management framework with deep learning models.
While cloud-based platforms have been widely used in hydrological data environments, the core contribution
of this study does not lie in the use of cloud infrastructure itself, but rather in the integration of lightweight,
anomaly-aware statistical preprocessing with a deep learning forecasting pipeline. Specifically, the system
first performs data imputation using seasonal-trend decomposition and STL-SARIMA techniques, with
the processed data stored in a cloud environment to facilitate scalable model training. Subsequently, three
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deep learning models—RNN, LSTM, and BiLSTM—are then optimized using Bayesian search, and their
forecasting results are systematically compared and evaluated.

This integrated workflow demonstrates the proposed approach’s ability to improve prediction accuracy
under noisy and incomplete hydrological conditions. The findings highlight a practical and extensible
framework that seamlessly integrates statistical preprocessing and deep learning into a cohesive system for
groundwater resource monitoring and sustainable water resource management. This design enables the
model to effectively address real-world challenges such as incomplete monitoring records and seasonal
fluctuations, while maintaining high accuracy and stability. Furthermore, the study demonstrates the model’s
adaptability to location-specific characteristics.

2 Literature Review

In groundwater level forecasting research, data quality and model selection are key factors that influence
predictive performance. This section presents a literature review of data preprocessing techniques and
commonly used groundwater forecasting models, organized according to the forecasting workflow proposed
in this study.

2.1 Data Preprocessing: Outlier Detection and Data Imputation

In time-series analysis, outlier detection identifies unusual data points that deviate from general
temporal patterns. Such anomalies may result from sudden events, sensor malfunctions, or human errors.
If not properly addressed, outliers can introduce errors during the training or cause significant deviations
during prediction. Removing or correcting these anomalous values helps improve data quality and results in
a cleaner dataset, which in turn enhances the accuracy of subsequent forecasting [10].

Statistical methods were among the earliest approaches used for outlier detection. Grubbs [11] intro-
duced a Z-score-based method that quantifies the deviation of a data point from the mean, particularly
effective for large datasets.

In terms of data imputation, previous studies found that SARIMA outperformed traditional statistical
forecasting models in fitting seasonal and periodic data. Valipour [12] demonstrated that the SARIMA model
performed better than the ARIMA model in predicting annual runoft. Lee and Kim [13] further revealed that
combining STL with SARIMA surpassed other neural network models in outlier detection tasks, providing
more accurate prediction outcomes. Similarly, Tejada et al. [14] demonstrated that SARIMA effectively
captures variations in short-term seasonal water level predictions, leading to improved forecasting accuracy.

To efficiently process groundwater time-series data, this study adopts lightweight statistical methods
for anomaly detection and imputation. Outlier detection uses a Z-score method with a sliding window,
which identifies anomalies without model training. For imputation, SARIMA combined with seasonal-
trend decomposition ensures temporal continuity and is suitable for edge hardware with limited resources,
aligning with real-time data processing requirements. This approach not only aligns with the temporal
characteristics of groundwater data but also meets the practical constraints of real-time data processing in
resource-constrained settings.

2.2 Evolution of Groundwater Forecasting Models

Early hydrological forecasting relied on linear models such as multiple regression and ARIMA. How-
ever, Adamowski et al. [15] noted that their linear assumptions limited their ability to capture nonlinear
patterns, resulting in poor predictive performance. In contrast, ANNs are more effective at modeling
nonlinear relationships, thereby improving accuracy.
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In recent years, advancements in sensing technologies have enabled groundwater monitoring systems
to continuously collect large volumes of data from different wells, time periods, and hydrological variables,
generating a wider range of influencing factors that must be analyzed for effective forecasting [16]. Previous
predictive models were constrained by surface-level data relationships and were unable to detect more
intricate patterns, leading to predictions that lacked accuracy. Hinton et al. [17] introduced Deep Belief
Networks (DBNs) as an unsupervised learning method. The key advantage of DBNs is their capacity
to capture deep, complex, and nonlinear relationships by leveraging hierarchical feature representations.
Among these, RNNs were widely recognized as effective approaches for capturing sequential dependencies
in data [18]. However, subsequent studies found that traditional RNNs are only suitable for predicting short
sequences. When handling long sequence data, they are prone to issues such as gradient vanishing or gradient
explosion due to the inability to retain long-term information [19].

To address the challenges faced by standard RNNs in retaining information over extended sequences,
Hochreiter and Schmidhuber [20] developed the LSTM model. The model uses the cell state to store
information over longer time spans, enabling it to build more effective models for predicting long-sequence
data. To enhance stability, Gers et al. [21] added a forget gate to the LSTM, allowing the model to decide
whether to retain information from the previous cell state, thereby further improving its predictive perfor-
mance. The LSTM model has been widely applied in groundwater and hydrological forecasting research.
Zhang et al. [22] used an LSTM model to predict water level variations in an agricultural region of China,
successfully capturing both long-term trends and short-term fluctuations. Similarly, Le et al. [18] applied
LSTM to groundwater and river flow prediction in Vietnam, while Patra and Chu [23] demonstrated the
effectiveness of a CNN-LSTM hybrid model for groundwater forecasting in Taiwan’s Choushui River Alluvial
Fan. All studies reported that LSTM significantly outperformed traditional models in handling nonlinearity
and long-term dependencies, demonstrating strong potential for practical applications.

2.3 Applications of the BiLSTM Model in Groundwater Forecasting

Based on the LSTM architecture, Baziotis et al. [24] introduced the BiLSTM network. This model builds
on LSTM by adding a reverse LSTM layer, transforming the unidirectional processing of sequential data
into a bidirectional approach, thereby capturing more comprehensive temporal dependencies. Siami-Namini
et al. [7] also suggested that BILSTM is better suited than LSTM for time-series data analysis. In the review
by Ali et al. [25], a substantial number of studies applying BILSTM models to groundwater level forecasting
were also identified.

BiLSTM has been employed to address groundwater prediction problems in various regions. For
example, Ghasemlounia et al. [26] employed a BiLSTM-based framework to forecast groundwater level
fluctuations in four wells located in the West Azerbaijan region. Their model demonstrated reasonable
and accurate predictions under different water resource management scenarios. Similarly, Vu et al. [8]
applied BiLSTM for predicting river flow and groundwater levels in the Normandy region of western France,
achieving prediction errors between 3% and 5% for varying time horizons.

In summary, the BILSTM model demonstrates strong potential for handling sequential data charac-
terized by temporal dependencies and nonlinear features. It is particularly suitable for forecasting tasks
involving long durations and high variability, such as groundwater level prediction. Based on this, the present
study adopted BiLSTM as the primary forecasting model and included traditional RNN and LSTM models
for systematic comparison. This selection is grounded in the evolutionary relationship and architectural
differences among the three models in time-series forecasting, allowing for an effective assessment of their
respective abilities in capturing long-term dependencies and extracting relevant features. This comparison
aims to identify the most suitable model architecture for predicting groundwater level variations.
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To ensure consistency and fairness in model comparison, all models were trained using the same input
data, procedures, and evaluated metrics. In addition, to further enhance model performance and adaptability,
this study incorporated hyperparameter optimization techniques to improve learning effectiveness and
generalization capability.

3 Method

This study proposed a groundwater level prediction system integrated with a cloud storage architecture.
The overall workflow is divided into four main modules: Data Collection, Imputation, Model Training, and
Performance Evaluation, each described in detail below.

The system began with data collection, where sensors measured river and groundwater levels and
transmitted the data to sensor nodes. These nodes performed initial preprocessing and prediction, then
forwarded both the raw data and results to the Cloud Center, which managed storage and analyzed
predictions. The cloud infrastructure in this study builds upon prior developments in IoT-based hydrological
monitoring [27].

In the imputation stage, missing values caused by sensor failure or environmental factors are addressed.
Outliers are detected using a Z-score method with a sliding window, and gaps are filled via SARIMA models
combined with STL decomposition to ensure temporal continuity.

During training, the preprocessed dataset is divided into separate subsets for model development
and evaluation. These subsets are then used to train RNN, LSTM, and BiLSTM architectures. Bayesian
Optimization is applied to fine-tune hyperparameters and enhancing both performance stability and
accuracy. In the final evaluation stage, model performance was assessed using metrics such as Mean Squared
Error (MSE) and R?. The results provided insights into the models suitability for groundwater forecasting
and serve as a decision support reference for resource management.

3.1 Data Collection
3.1.1 Study Area

The Zhuoshui River alluvial fan, also known as the Zhuoshui River Plain, is the largest alluvial plain
in Taiwan, located in the central western region spanning Changhua and Yunlin counties [28]. It covers
approximately 2100 km?, bounded by the Wu River in the north, Beigang River in the south, the Bagua
Plateau and Douliu Hills in the east, and the Taiwan Strait in the west. Flowing from east to west, the
Zhuoshui River significantly influences groundwater replenishment and mediates interactions between
surface and subsurface water systems. To enhance the spatial interpretability of the forecasting models,
the spatial relationship between river and groundwater monitoring stations was considered during station
selection. Although this study did not quantitatively analyze upstream-downstream interactions, previous
research has identified time-lagged relationships between river levels and groundwater responses, suggesting
hydrological connectivity.

3.1.2 Dataset Description and Feature Selection

The dataset used in this study covers groundwater and river water level observations from January
2020 to December 2023, spanning a total of four years (48 months). Hydrological data were sourced from
the public portal maintained by the Water Resources Agency, Ministry of Economic Affairs, Taiwan. The
groundwater dataset includes records from 766 monitoring wells across Taiwan, while river water level data
were collected from approximately 252 gauging stations. All data are high-frequency observations recorded
at 10-min intervals.
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The raw CSV files were downloaded using a web crawler and were filtered by geographic location to
retain only monitoring stations within the Zhuoshui River alluvial fan area. A total of 197 groundwater level
stations and 16 river stage stations within the study area were selected as the basis for subsequent model
training and analysis.

3.2 Data Imputation
Outlier Detection & Missing Value Imputation
The overall imputation process in this study is divided into three main stages:

First, Outlier detection was performed on the raw time-series data using a Z-score-based statistical
method with a six-point sliding window. The mean of the first five points was used as a reference to evaluate
the sixth. If the absolute deviation exceeded a fixed threshold of 4.0, the value was treated as an outlier and
was replaced by the local mean. This lightweight method efficiently identified short-term anomalies without
requiring model training or parameter tuning.

Next, the identified abnormal and missing segments were processed using STL decomposition, which
separated the time series into trend, seasonal, and residual components to preserved both short-term patterns
and long-term trends. For each missing interval, STL was applied to the preceding 90 data points with a
seasonal cycle of 7, reflecting weekly fluctuations in groundwater levels. The extracted trend component was
then used to train a SARIMA model, whose order parameters (p,d,q) and seasonal terms (P,D,Q,s) were
automatically determined via the auto_arima function based on AIC minimization. The forecasted values
were combined with the original seasonal and residual components to reconstruct the complete time series
and restored missing or anomalous values while maintaining data continuity.

3.3 Model Construction and Training
3.3.1 Input Preprocessing

During the model training phase, the imputed groundwater and river water level data were used as
input sources, and preprocessing procedures were applied to enhance training efficiency and accuracy. For
the groundwater level data, the 10-min observation records were first aggregated into daily averages based
on their timestamps. This step helped smooth short-term fluctuations and strengthen trend-related features.
River stage data were processed using the same method to ensure the consistency and comparability of the
two datasets.

In addition, to prevent discrepancies in feature scales from affecting model training, the river water
level data were normalized. Min-Max normalization was applied to scale the values to the [0, 1] range,
which accelerated model convergence and stabilized the gradient update process. After completing the above
preprocessing steps, the data were ready to be used for model training.

3.3.2 Model Architecture (RNN, LSTM, BiLSTM)

To evaluate the predictive performance of different deep learning architectures on groundwater level
time-series data, this study compared three models: RNN, LSTM, and BiLSTM. These models are all capable
of capturing temporal dependencies, dynamic variations, and long-term correlations, and have been widely
used in hydrological forecasting.

The selection is based on their architectural characteristics: RNN offers a simple structure and fast
training, serving as a baseline; LSTM is well-established in time-series forecasting and effective for data with
trends and seasonality; BILSTM incorporates both forward and backward temporal information, enhancing
sensitivity to long-term dependencies and multivariate influences, making it suitable for more complex
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hydrological scenarios. Each model was trained using identical input data and within the same parameter
constraints. Their forecasting accuracy was then evaluated based on a shared set of performance metrics.

3.3.3 Hyperparameter Optimization

To obtain the best solution for our chosen model, the model’s hyperparameters were adjusted using
the Bayesian optimization Algorithm 1. Bayesian optimization was employed as a method for optimizing
expensive evaluation functions, often utilizing Gaussian processes for efficient optimization. This approach
was particularly suitable for hyperparameter tuning of deep learning models that required extensive com-
puting resources [29]. Compared with random search and grid search, Bayesian optimization optimizes by
iteratively calculating the posterior distribution that best described the objective function, enabling it to find
approximately optimal solutions with limited evaluations [30].

Algorithm 1 was based on Bayesian statistics and Gaussian processes. It establishes a probability model
in the hyperparameter space and gradually optimizes the objective function. The flow of the SMBO algorithm
is as follows: First, a probabilistic model M is established. Each training uses A as the parameter of the
model candidate configuration. Repeated verification and evaluation of the generalization ability of the
hyperparameters of this training are performed. The relationship between A and the score ¢ of the objective
function is added to the observation history set H, and the model was continuously updated until the process
was completed.

Algorithm 1: Sequential model-based bayesian optimization (SMBO)
Initialize model M; H < &
while time budget for optimization has not been exhausted do

A <determine candidate configuration from M
i <select cross-validation fold
Compute c = L(A), DE‘:gin’ Dx(/;)lid
H< Hu{(l¢)}
Update M given H
end while
return A from H with minimal ¢ across cross-validation folds

For implementation, this study employed the Keras Tuner tool [31] with Bayesian optimization over 30
iterations to balance convergence speed and computational cost. After defining the search space, automated
tuning adjusted critical hyperparameters, including hidden units, layer depth, dropout rate, learning rate, and
batch size. These configurations were explored to capture complex temporal dependencies while controlling
overfitting. At each iteration, suboptimal combinations were discarded, and the best-performing setup was
selected for final training. Table | summarizes the key hyperparameters and their search ranges.

Table 1: Hyperparameter search ranges for each forecasting model

Hyperparameter Range
Layers 1,2,3,4,56
Units 64, 128, 256, 512
Dropout 0.1,0.2,0.3,0.4, 0.5

Learning rate 1x1072,1x1073,1x 1074
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3.4 Model Evaluation

To evaluate the performance of the three deep learning models in groundwater level forecasting tasks,
this study adopted two commonly used and representative regression evaluation metrics: the coeflicient
of determination (R*) and mean squared error (MSE). The R* metric indicates the extent to which model
predictions align with actual observations, quantifying the proportion of total variance explained by the
model. MSE measures the magnitude of errors between predicted and actual values during the forecasting
process. R and MSE are commonly used metrics for evaluating the performance of groundwater level
prediction models, providing a reliable assessment of model accuracy and robustness [32].

The formulas are presented as follows:

Let x; denote the i-th predicted groundwater level, y; denote the i-th observed groundwater level, and
m be the total number of samples. Let  represent the mean of the observed groundwater levels.

. 1
Y:;Ziﬂyi (1)

The R? is defined as:
Yi(xi— yi)2

RP=1- it il )
Zi:1(y_)’i)2
MSE is defined as:
1 m
MSE = ;Z(x,——yi)z 3)

i=1

To evaluate model performance, the prediction results generated by the three approaches are examined
and compared based on two key indicators.

4 Results
4.1 Data Selection Results

To establish representative training and testing datasets for model development, this study focused
on the Zhuoshui River Basin and selected pairs of river and groundwater monitoring stations with
upstream-downstream geographical relationships. Initially, five station pairs with potential hydrological
correspondence were identified.

After data screening and quality assessment, the final selection included the Xiutan Groundwater
Observation Well and the Tukou Bridge River Gauge Station, which served as the primary data sources
for model training and prediction. This pairing was chosen to explore the dynamic relationship between
groundwater and river water levels.

4.2 Data Imputation Results

This study performed outlier detection and missing data imputation on long-term records from the
Xiutan groundwater observation well and the Tukou Bridge river level station, which contained extended
gaps and anomalous spikes due to sensor failures and communication interruptions. To improve data
completeness and continuity for model training, anomalies were identified using a Z-score method with a
sliding window. Marked segments were then reconstructed using STL decomposition followed by SARIMA
modeling of the trend component.
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Figs. 1 and 2 show the imputation results for the Tukou Bridge and Xiutan stations, respectively. In

each figure, the blue line represents the original data, red dots indicate missing values, and the green dashed
lines denote the reconstructed segments. The results demonstrate that the imputation process successfully

filled multiple prominent gaps while maintaining reasonable continuity in both the overall trend and the
magnitude of variations.
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Figure 1: River water level imputation results at Tukou Bridge (2020-2023). Enlarged views of two imputation segments
are shown below
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Figure 2: Groundwater water level imputation results at Xiutan (2020-2023). Enlarged views of two imputation

segments are shown below

To further examine the effectiveness of the imputation method in preserving data trends, two imputed

segments were selected for zoom-in visualization to assess the continuity between the imputed values and
their surrounding data. The zoomed-in views reveal that the imputed data align well with the original
observations in terms of continuity and trend transitions, with no apparent structural discontinuities,
abnormal deviations, or unrealistic fluctuations. These results indicate that the imputation process adopted
in this study demonstrates good smoothness and trend-preservation capabilities, thereby contributing to the
quality and stability of input data for subsequent prediction models.
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4.3 Groundwater Level Prediction Results
4.3.1 Hyperparameter Optimization Results

The use of Bayesian optimization enabled systematic and efficient hyperparameter tuning, which helps
avoid suboptimal configurations and improves model robustness without the need for exhaustive manual
searching. Based on the hyperparameter search space defined in Section 3.3.3, a total of 360 hyperparameter
combinations were tested using Bayesian Optimization. Optimal hyperparameters were determined for
BiLSTM, LSTM, and RNN through the tuning process. A summary of these configurations is presented
in Table 2.

Table 2: The hyperparameter configurations of the three models after optimization

BiLSTM LSTM RNN

Layers 2 3 2
Unit 256,512 256,512 256,512
Dropout 2 3 2

Learningrate 1x107 1x107 1x107°

During the training process, all models were trained with a fixed batch size of 16, using MSE as the
loss function and the Adam optimizer to balance stability and convergence speed. Each training run was
set to a maximum of 100 epochs, with early stopping applied (patience set to 10) to prevent overfitting.
As for the dataset, this study utilized daily groundwater and river water level observations from 2020 to
2023, comprising a total of 1461 records. The data were split chronologically into 80% for training, 10% for
validation, and 10% for testing.

4.3.2 Model Prediction Results

This section presents the groundwater level prediction results produced by the BiLSTM, LSTM, and
RNN models. Each model was independently trained and tested ten times, and the average performance was
reported to mitigate the effects of randomness. The predictive performance across the ten repeated runs for
each model is summarized in Table 3.

Table 3: Evaluation of prediction performance on Xiutan water level changes using deep learning

BiLSTM LSTM RNN
Number of Fittings R MSE R MSE R MSE
1 0.955 0.138 0.915 0.169 0.857 0.539
2 0.893 0.332 0.923 0.155 0.773 0.852
3 0.997 0.008 0.827 0.346 0.779 0.83
4 0.985 0.047 0.813 0.374 0.887 0.423
5 0.923 0.239 0.749 0.502 0.86 0.525
6 0.887 0.349 0.809 0.382 0.656 1.292
7 0.948 0.161 0.746 0.51 0.769 0.866
8 0.971 0.088 0.824 0.352 0.72 1.051
9 0.876 0.384 0.874 0.253 0.824 0.66
10 0.86 0.432 0.863 0.275 0.722 1.046
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The Table 3 reports the R* and MSE scores for each run, allowing further assessment of prediction
accuracy and consistency. Overall, the BILSTM model exhibited higher and more stable R* values along with
lower MSE scores, indicating superior trend fitting and error control capabilities. In contrast, the LSTM and
RNN models showed greater variability in performance across different runs. In the subsequent analysis, line
plots are used to illustrate the comparison of actual groundwater level changes and model predictions, while
box plots are employed to compare the distribution of R* and MSE scores across models, providing a more
comprehensive evaluation of their accuracy and stability.

Figs. 3 and 4 illustrate the prediction performance of BiLSTM, LSTM, and RNN models on test data
from August to December 2023, including trend plots and linear regression analyses. Fig. 3a—c shows
the average predictions (blue lines) from ten independent training runs for three different models, over-
laid with actual groundwater levels (black lines), highlighting each model’s ability to capture time-series
trends. Fig. 4a—c presents the corresponding linear regression results between predicted and observed values,
used to assess prediction accuracy and overall fit.
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Figure 3: (Continued)
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Level Prediction (10-run average)
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The regression results align with these observations. BILSTM achieves the best linear fit, with a slope
closest to 1, the smallest intercept, and the highest R? (0.9933), indicating excellent agreement with observed
data. LSTM and RNN also show strong correlations, with slightly lower R* values of 0.9848 and 0.9819,
respectively, and larger deviations in slope and intercept.

In response to the need for a more comprehensive evaluation, we further computed additional evalua-
tion metrics based on the mean predictions across 10 training runs. Table 4 summarizes the R%, MSE, RMSE,
MAE, and MAPE values for BiLSTM, LSTM, and RNN models. As shown in the table, BILSTM achieved the
lowest errors across all metrics, including a MAPE of only 3.14%, demonstrating its superior accuracy and
robustness in groundwater level forecasting.

Table 4: Comparison of BiLSTM, LSTM, and RNN performance using multiple evaluation metrics

Model R MSE RMSE MAE MAPE

BiLSTM 0.9932 0.0154 0.1241 0.0924 3.14%
LSTM  0.9817 0.0415 0.2036 0.1501 6.07%
RNN 0.9751 0.0563 0.2373 0.1778 8.89%

Fig. 5 respectively present box plot comparisons of the R* and MSE metrics across ten prediction
runs for the BiLSTM, LSTM, and RNN models, illustrating the prediction accuracy and stability of each
model. As shown in Fig. 5a, the BILSTM model demonstrates a highly concentrated distribution of R
scores, with an extremely narrow interquartile range (IQR), indicating that all training runs consistently
achieved a high accuracy of approximately 0.993. In contrast, both the LSTM and RNN models exhibit
greater variability, with the RNN model showing noticeably lower median and mean R* values compared
to the other models, reflecting its overall weaker prediction accuracy. As shown in Fig. 5b, the BiLSTM
model not only achieved the lowest average error in terms of MSE but also exhibited the smallest variability,
further confirming its superior stability. In contrast, the LSTM model showed slightly higher errors, while
the RNN model demonstrated a broader error range, with some training runs resulting in significantly larger
prediction errors.
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Figure 5: Accuracy and error metrics comparison for BILSTM, LSTM, and RNN forecasting models. (a): Comparison
of R? scores for the BiILSTM, LSTM, and RNN models. (b): Comparison of MSE among the BiLSTM, LSTM, and RNN
models



1108 Comput Mater Contin. 2025;85(1)

This advantage may stem from the model’s ability to process input sequences in both forward and
backward directions, allowing it to capture information from surrounding time steps. This capability is
particularly valuable in hydrological systems characterized by delayed responses, such as the hysteresis effect
between river and groundwater levels.

Overall, the BiLSTM model significantly outperformed both the LSTM and RNN models in terms of
prediction accuracy and error control, highlighting its superior performance in learning and forecasting
complex groundwater level variations. This study also compared its findings with relevant regional applica-
tions. Ghasemlounia et al. [26] applied a BILSTM model to predict groundwater levels at four observation
wells in the Miandoab plain, West Azerbaijan Province, Iran, achieving R* values ranging from approximately
0.75to 0.89, with a best-case result of R* = 0.89. Vu et al. [8] conducted river and groundwater level forecasting
in Normandy, western France, reporting relative errors between 3% and 5%, demonstrating good stability
and applicability. In comparison, this study achieved an average R? of 0.9932 and an MSE of 0.0154 in the
Zhuoshui River alluvial fan area in Taiwan, along with a mean absolute percentage error (MAPE) of 3.14%.
These results indicate enhanced predictive performance and robust error control compared to previous
studies, suggesting that the proposed system has strong potential for generalization across regions.

5 Conclusion
5.1 Data Prediction Results

This study proposed an integrated groundwater level forecasting system that combines a cloud-based
data management framework with deep learning models. Through the integration of imputation methods
and multiple model training strategies, the system is designed to improve predictive reliability and maintain
stable performance in forecasting groundwater level dynamics. The proposed framework utilizes STL in
conjunction with the SARIMA model for anomaly-aware data imputation and employs three regression
models, including BiLSTM, LSTM, and RNN, trained and evaluated using sensor data collected from 2020
to 2023. Centered on Taiwans Zhuoshui River alluvial fan, this research aims to predict groundwater level
variations within a three-month forecasting window.

Experimental results indicate that river water levels have strong predictive power for groundwater
level changes. Among the models, BILSTM consistently achieved the best performance in terms of R* and
MSE, demonstrating superior generalization ability and prediction stability. The data imputation mechanism
effectively mitigated the impact of sensor anomalies on model training and forecasting, thereby further
improving overall performance. The system successfully integrates data acquisition, preprocessing, model
training, and result analysis, showcasing its potential as a real-time and scalable groundwater forecasting
solution within a cloud-based architecture.

It is important to note that the proposed system assumes the use of two monitoring stations with a strong
correlation and continuous daily monitoring data (despite some missing values). The model’s effectiveness in
regions with sparse sensor coverage or lower data frequency remains to be evaluated further and represents
a crucial direction for future research and practical deployment.

5.2 Limitations and Future Works
The current study presents several limitations and opportunities for future improvement.

First, although river and groundwater monitoring stations with upstream-downstream relationships
were used, the effects of spatial distance and flow lag were not explicitly modeled. Future work could
incorporate these delay effects into feature engineering to evaluate their impact on predictive performance
from both physical and statistical perspectives.
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Second, due to the absence of ground truth in missing data segments, the imputation results could
not be evaluated using conventional error metrics. Therefore, this study relied on trend consistency and
visual inspection. Future research could simulate missing patterns to enable quantitative validation, and
also benchmark the STL-SARIMA approach against alternative methods such as linear interpolation and
KNN interpolation.

Third, model evaluation was limited to the Zhuoshui River alluvial fan region. Future studies should
assess cross-regional applicability by applying the model to areas with diverse hydrogeological and cli-
matic conditions.

Additionally, this study focused on predictions within a 3-month window. Future research should
evaluate performance over longer time horizons (e.g., 6-12 months) and examine seasonal variation,
particularly between wet and dry periods, to better understand the model’s robustness under varying
hydrological conditions.

Lastly, to improve model interpretability and transparency, future work will explore the use of SHAP
(SHapley Additive exPlanations) values and attention mechanisms to quantify the contributions of input
features to prediction outcomes.
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