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Abstract

Accurate forecasting of river water levels is critical for effective flood risk management, infrastructure safety,
and sustainable water resource planning, particularly in low-lying and flood-prone regions like Bangladesh.
Traditional hydrological models often face challenges in capturing the nonlinear dynamics of tidal rivers due to
their reliance on extensive calibration and simplified assumptions. This study explores the application of
machine learning (ML) techniques for short-term water level forecasting using historical tidal data from the
Halda River, one of the major tidal rivers in southeastern Bangladesh. A comprehensive dataset comprising time-
stamped water level measurements, geospatial coordinates, and station metadata was used to train and evaluate
several ML models. These include Random Forest, Gradient Boosting (XGBoost), Catboost, and Support Vector
Model (SVM). Key features such as past water level lags, time-based indicators, and station characteristics were
engineered to enhance model performance. The models were evaluated based on root mean square error
(RMSE), mean absolute error (MAE), and R? metrics. Results indicate that the ML-based models, particularly
Random Forest, outperform baseline methods in capturing temporal fluctuations in water levels, achieving high
predictive accuracy (R? value of 0.87) with minimal computational overhead. Furthermore, feature importance
analysis reveals the critical role of temporal patterns and recent historical water levels in predicting future states.
This study demonstrates the potential of data-driven approaches in enhancing the accuracy and reliability of river
water level forecasting in tidal environments. The findings can contribute to the development of early warning
systems and support local authorities in proactive flood risk management and hydrological planning. The
proposed ML framework can also be adapted to other rivers with similar tidal and hydrological characteristics.
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1 Introduction

Accurate and timely forecasting of river water levels is a cornerstone of hydrological sciences and water
resources management and has significant implications for flood and disaster readiness, agriculture, and habitat
protection [1]. To this end, forecasting is especially important in deltaic environments and low-lying countries
where communities and infrastructure are especially vulnerable to river and rainfall flooding [2]. Bangladesh is
one of the most flood-prone countries in the world, located on the Ganges-Brahmaputra-Meghna (GBM) delta
where annual monsoons and tidal influences pose a perennial threat to lives, property, and economies [3]. The
practice of forecasting water levels has been around for quite some time, but its emphasis on traditional paradigm
(eg, gauge reading or simple modeling techniques) does not easily accommodate the highly interactive, non-
linear, and dynamic effects and relationships at play within these environments (eg, tidal influences and upstream
discharge along with local rainfall) [4]. Thus, the limitations of these conventional practices have led researchers
to develop more advanced and data-driven methods capable of capturing complex patterns.

Tidal rivers are a complex hydrological system. Freshwater flow from upstream meets saline seawater that is
intermittently intruding into the water regime, thus creating a dynamic and often non-stationary (or variable)
water level regime [5]. Although the water level at a point in the river is a direct function of rainfall in the
upstream catchment, the water level is also significantly affected by astronomical tidal wave action, wind setup,
and storm surges [6]. The challenge of effective forecasting is further complicated for countries like Bangladesh,
where the tidal range is amplified by the funnel shape of the Bay of Bengal, and where the vast distributary
networks transmit tidal forces far inland [7]. In such systems, an effective forecasting model must represent and
integrate these multi-dimensional drivers or forces at play and their non-linear interactions. The problem with
creating a physically-based hydrological and hydraulic model is that it necessitates extensive calibration by the
user, requires high-resolution data, and is computationally expensive, thus limiting the efficacy of modelling
tidal river systems [8, 9].

Historically, conventional forecasting has heavily relied on process-based models (e.g., hydrodynamic models
such as MIKE, HEC-RAS, Delft3D, and conceptual rainfall-runoff models [10]), in that these models embody
physical laws of fluids and watershed processes. These models can be useful for scenario analysis when
forecasters have a sufficient understanding of the physical processes involved. However, they are often limited
by multiple pragmatic realities. First, process-based models need significant input parameters that describe
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physical variables (e.g., topography of watershed, bathymetry of waterway, roughness of land surface and phase
change, boundary conditions, etc.). Second, the input parameters required to calibrate a process-based model can
be difficult and/or costly to obtain, particularly in data-poor contexts [11]. Third, the critical calibration process
required for all process-based models can be problematic, e.g., process-based models require time, careful and
deliberate calibrations, which introduce considerable uncertainty to future predictions, if not done so properly
[12]. Fourth, there is also a financial cost to using process-based models, and this financial cost often means that
real-time or rapid forecasting applications, which are needed for effective early warning systems, are not often
feasible [13].

With the development of machine learning (ML), hydrological modeling has experienced a shift in the way we
can represent real-world features in a model, either entirely as a substitute for physically based models [14] or as
a complementary approach. ML models, by design, learn nonlinear, complex patterns within historical data
without the need to explicitly code physical laws [15]. This learning from data serves as a major benefit in those
systems with non-fully understood or exceedingly complicated physics behind them [16]. The ML community is
large and algorithms such as Artificial Neural Networks (ANNs), Support Vector Machines (SVMs), and
ensemble models such as Random Forest (RF) and Gradient Boosting Machines (GBM) have been used
successfully for various hydrological forecasting tasks including rainfall-runoff modeling [17], flood inundation
mapping [18], and water level prediction [19]. They can model high-dimensional relationships very well and
develop accurate predictions with relatively low computational costs once trained [20]. This is very much in line
with a need for operational forecasting.

The use of ML specifically for tidal river forecasting is an emerging and important area of research. Recently,
researchers have been able to take advantage of the temporal learning capabilities of models such as Long Short-
Term Memory (LSTM) networks to learn timestamps on signals of processes like tides [21]. Other works have
shown the utility of ensemble tree-based methods to account for numerous mixed features of input, including
lagged water levels, tidal harmonics, or meteorological factors, to forecast water levels in estuaries and tidal
creeks [22, 23]. For example, research in the Chesapeake Bay and Scheldt Estuary has demonstrated that ML
provided superior storm surge or extreme water level forecasting compared to traditional methods [24, 25].
Moreover, the models' ability to analyze their feature importance also allows for a quantitative identification (i.e.,
previous water level, tidal phase, wind speed) for the predictors at the time of each forecasted value, which could
provide insight into system behavior over different lead times [26].

Although there are many works on hydrological forecasting, more work is required to apply and compare a range
of advanced ML models, including recent boosting techniques, to water level forecasting, specifically in the
context of Bangladeshi tidal rivers. The Halda River is socio-ecologically and economically significant in the
Bangladeshi context, being the only natural carp spawning ground in the country; therefore, effective
hydrological management is highly relevant [27]. Models have explored ML applications to major rivers such as
the Brahmaputra and Ganges [28, 29], and an additional focused investigation on a tidally influenced river of
intermediate size, such as the Halda River, with high-frequency temporal data is appropriate. This investigation
aims to address this gap using four of the most recent and well-known ML models, Random Forest, Extreme
Gradient Boosting (XGBoost), CatBoost, and Support Vector Regression (SVR), to demonstrate the potential of
short-term water level forecasting.

The main aim of this research is to produce a robust ML-based framework to accurately forecast water levels in
the Halda River. The specific objectives are to preprocess and engineer features from high-frequency historical
water level data, train and tune the ML models selected, evaluate their predictive capability relative to standard
statistical metrics, and determine the most important features driving the forecasts. The outcomes of this research
will most likely contribute to improvements in the reliability of operational forecasting systems, which in turn
will improve flood resilience and sustainable management of water resources in Bangladesh and other similar
tidal regions in the world.

2 Study Area

The Halda river basin is located in south-eastern Bangladesh (approximately 22°30'—22°45'N, 91°40'-91°55'E).
The basin catches the waters from a diverse topography that ranges from the forested foothills of the Chittagong
Hill Tracts to low-lying coastal plains before it empties into the Bay of Bengal. Large elevation gradients and
high tidal influence in the lower reaches give rise to intricate interactions between river discharge, astronomical
tides, and monsoon-driven storm surges. Within the catchment, natural floodplain connectivity has been altered
by transport corridors and flood-control embankments, and land cover includes upland forest, agricultural
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Fig 1: Study area of the research

mosaics, and peri-urban settlements around Sitakunda and Fatikchhari. The region has a tropical monsoon-type
climate with highly seasonal rainfall, which, in turn, gives rise to large intra-annual variability in flow and
sediment transport. The Halda is ecologically important as one of the only natural spawning grounds for carp in
Bangladesh, and it is therefore necessary to provide accurate short-term water-level forecasts for fisheries, safety,
and habitat preservation. Basin extent and gauges are displayed in the form of maps. (Figure 1)

3 Methodology

The entire research procedure from start to finish, including data collecting, preprocessing, balancing, train-test
splitting, machine learning models, evaluation, and result & analysis and n will be briefly covered in this part.

3.1 Data Collection

The data presented at this paper was collected from the Bangladesh Water Development Board (BWDB),
Bangladesh. This data was originally collected for monitoring the water level of the Halda river from different
time (6.00, 9.00, 12.00, 15.00, 18.00) hours every day. The duration of the data ranges from 01/01/22 to
31/12/23. That means total dataset having a huge number of 3650 data points, containing five number of water
level data points every day, throughout the whole year. The dataset contains one output feature as water level
(mMSL) and input feature as time & date. Table 1 indicates the dataset features description.

Table 1. Dataset Features Description.

Features Description Type
Water Level (mMSL) Daily water level meas;rdea(; in (mMSL), five times Numeric
Year Description of Year 2022-2023 Numeric

Month Description of Month between 2022-2023 Numeric

Day Description of Days between 2022-2023 Numeric

Description of time (6.00, 9.00, 12.00, 15.00,

18.00) hours Numeric

Hour

3.2 Data Processing

It is the most important step since, before the models can be implemented, the raw data that was gathered from
the website needs to be cleaned and processed.

a) Handling Null Values: The study's dataset contains a significant number of null values, which could
negatively impact the model's performance. Therefore, all of the dataset's null values have been removed at that
preprocessing step.

b) Scaling: Since the models like SVR and Gradient Boost are sensitive to feature scaling, data was normalized
using MinMaxScaler between 0 and 1.

¢) Train-Test Split: A training dataset and a testing dataset have been created from the original dataset. Eighty
percent of the dataset was used for training, while twenty percent was used for testing the model's performance.
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3.3 Algorithms for Machine Learning

a) Random Forest

The random forest ensemble learning technique is applied to tasks involving regression and classification. Using
a random selection of the training data and attributes, it first creates a huge number of decision trees. Random
Forest reduces overfitting while producing reliable and accurate results by pooling their forecasts.

b) SVR (Support Vector Regression)

Support Vector Regression (SVM) are the source of the supervised machine learning method. SVR aims too fit
the best regression line within a given error margin 9epsilon-intensive tube) rather than classifying data. Both
linear and nonlinear relationship in data can be captured by SVR employing kernal functions like the radial basis
function (RBF). This makes it useful for predicting hydrological time series, although it might need to be scaled
properly and its parameters are adjusted for best result.

¢) XGBR (Extreme Gradient Boosting Regressor)

An ensemble of decision tree is gradually constructed using (Extreme Gradient Boosting Regressor), a
sophisticated gradient boosting technique. Accuracy is increased at every stage by training each new tree to
reduce the residual errors of the prior ensemble. Regularization strategies are used by XGBoost to avoid
overfitting, and it is very effective for regression problems due to its capacity to manage high-dimensional data
and nonlinear dependencies. XGBR is extensively used in hydrological modelling and water resource
management.

d) CatBR, or CatBoost Regressor

Yandex created the gradient boosting algorithm CatBoost with the goal of effectively managing imbalanced
datasheets and category variables. To lessen overfitting and prediction bias, it makes use of symmetric trees and
ordered boosting. In contrast to conventional boosting algorithms, CatBoost is resilient and easy to use, requiring
little preparation and working ell with default hyperparameters. It is appropriate for water level forecasting,
where a variety of seasonal and temporal factors impact river dynamics, due to its capacity to capture intricate,
nonlinear interactions.

4 Result and Discussion

4.1 Model Performance Evaluation

The Predictive efficacy of the machine learning models was evaluated using the coefficient of determination
(R?), which quantifies the fraction of variance in observed water levels elucidated by the models. Table 2
displays the comparative outcomes.

Table 2. Model performance based on R? values.

Model R? Value
Random Forest Regressor (RFR) 0.816
Support Vector Regressor (SVR) 0.479
XGBoost 0.742
CatBoot Regressor 0.752

The RandomForest Regressor attained the maximum accuracy, evidenced by an R? value of 0.816, indicating it
accounts for over 80% of the variability in the tidal water level data. This performance underscores Random
Forest's capacity to identify nonlinear connections and temporal dependencies in the dataset, rendering it
exceptionally useful for short-term tidal forecasting. The steady and consistent character of Random Forest
predictions is indicative of its ensemble structure, wherein several decision trees collaboratively mitigate
overfitting and variation.

XGBoost (R? = 0.742) and CatBoost (R* = 0.752) exhibited robust prediction performance. Their marginally
inferior performance relative to Random Forest may be ascribed to their dependence on boosting, which is
particularly susceptible to hyperparameter optimization and can occasionally overfit localized variations. Both
gradient boosting models demonstrated strong concordance with known tidal patterns and offer as feasible
options for forecasting tasks, especially when the interpretability of feature importance is paramount.

Conversely, the Support Vector Regressor (R* = 0.479) demonstrated the least predictive capability, accounting
for less than fifty percent of the variance in the observed water levels. This underperformance is probably
attributable to the complex, nonlinear, and periodic nature of tidal dynamics, which kernel-based methods like
SVR find challenging to describe accurately without significant adjustment of kernel functions and parameters.
Moreover, SVR exhibits reduced efficacy in managing extensive time series datasets with numerous lag features
in comparison to ensemble learning techniques. The performance comparison indicates that tree-based ensemble
methods (Random Forest, XGBoost, CatBoost) are more effective for forecasting tidal river water levels than
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kernel-based methods such as SVR. Among the models, Random Forest proved to be the most resilient and
precise, providing both elevated predicted accuracy and computational efficiency.

4.2 Visual Comparison of Predictions
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Figures 2-5 illustrate the performance of various models in relation to observed tidal water levels, whereas
Figure 6 presents a consolidated comparison, facilitating direct assessment of all models. These graphics enhance
the statistical findings and underscore the variations in how each program interprets tidal dynamics. The Random
Forest Regressor (Figure 2) demonstrated the most accurate correlation with observed values during all tidal
phases. It not only replicated the overall form of the tidal cycle but also accurately represented the timing and
size of both peaks and troughs with negligible bias. This stability is due to Random Forest's ensemble averaging
of decision trees, which mitigates local noise while maintaining nonlinear relationships. Significantly, Random
Forest circumvented persistent under- or over-prediction, a crucial advantage for operational forecasting when
precision during intense occurrences is essential.
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The XGBoost model (Figure 3) accurately monitored tidal fluctuations but showed a propensity to underestimate
abrupt upward transitions and marginally overshoot during declining phases. These minor systematic biases
indicate that, whereas boosting enhances model accuracy through recurrent residual correction, it may
simultaneously diminish the capacity to accommodate abrupt, nonlinear variations. Notwithstanding these
challenges, XGBoost estimates consistently corresponded with actual water levels, indicating dependable short-
term forecasting capability.The CatBoost model (Figure 4) exhibited performance akin to XGBoost,
demonstrating reliable predictions during the majority of the tidal cycle. Nonetheless, slight delays and
overshoots were apparent at inflection points (the shift from ascending to descending phases and vice versa). The
lag effect signifies a minor delay in the model's reaction to abrupt changes; however, overall accuracy remained
intact. CatBoost's proficiency in managing category and temporal variables effectively undoubtedly enhanced its
performance, establishing it as a formidable rival to XGBoost.

In contrast, the Support Vector Regression model (Figure 5) had the least predictive accuracy. Although it
adhered to the overall pattern of the tidal cycle, SVR often diverged during periods of exceptionally high and low
water levels. Peaks were regularly overvalued, while troughs were undervalued, resulting in considerable
discrepancies in both magnitude and timing. This trend indicates SVR's challenges in modeling highly nonlinear,
autocorrelated time series without comprehensive kernel improvement. It's rather inadequate generalization
affirms its restricted applicability for tidal river forecasting. Figure 6 elucidates these distinctions more distinctly
through the combined comparison. The forecasts from Random Forest, XGBoost, and CatBoost (shown by the
orange, green, and yellow lines) are closely aligned with the observed water level curve (red line), indicating
significant consistency over the tidal phases. The SVR forecasts (blue line) exhibited significant divergence,
particularly during tidal peaks and troughs. Significantly, Random Forest exhibited the minimal variance at
extremes, rendering it the most dependable for detecting both typical variations and probable flood-critical
occurrences.

Random Forest has superior performance in achieving equilibrium between accuracy and stability throughout all
tidal phases. XGBoost and CatBoost exhibit strong performance overall, however, they introduce some
systematic mistakes during abrupt transitions. SVR encounters substantial difficulties, especially during extreme
events, hence constraining its practical use. These findings emphasize the significance of ensemble tree-based
models in predicting tidal river water levels, with Random Forest identified as the most resilient option for
practical applications in flood risk management.

4.3 Correlation Analysis of Input Features

This study discovered that tidal water levels, which are mostly influenced by short-term lunar and tidal cycles,
were not significantly impacted by raw temporal factors (year, month, day, and hour). Ensemble approaches
outperformed SVR because model performance was mostly dependent on lagged water level data, which
captured autocorrelation and system inertia. Models were able to incorporate weak signals into better predictions
because low inter-feature correlations reduced redundancy. In general, short-term dynamics and recent historical
water levels were found to be the most reliable indicators of tidal river future conditions.
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5 Conclusion

This study demonstrates that machine learning models, namely the Random Forest regressor, are more accurate
than conventional techniques at predicting the tidal river water levels in the Halda River. For short-term flood
forecasting and water resource management, ensemble tree-based models performed better than SVR because
they were able to capture nonlinear and cyclical tidal dynamics. The results demonstrate the ML framework's
potential to improve climate resilience, fortify early warning systems, and be modified for use with additional
tidal rivers in Bangladesh and elsewhere.
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