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Abstract

Continuous monitoring of seawater alkalinity is essential for maintaining chemical stability
in coastal environments and supporting efficient operation of desalination and water-
treatment systems; however, direct alkalinity measurements are often limited in temporal
resolution. This study develops and evaluates a machine learning framework for estimating
seawater alkalinity using quality-controlled daily and sub-daily water-quality observations
collected from a coastal monitoring station along the Arabian Gulf coast of eastern Saudi
Arabia during 2017-2023. Five machine learning models, Random Forest (RF), Gradient
Boosting (GB), Extreme Gradient Boosting (XGB), Support Vector Regression (SVR), and
K-Nearest Neighbors (KNN), are assessed under two configurations: a baseline setup
relying on the original predictor variables and an enhanced setup incorporating wavelet-
decomposed features to represent multiscale temporal variability. Model performance is
evaluated using five-fold cross-validation and quantified using R?, root mean square error
(RMSE), and mean absolute error (MAE). Under the baseline configuration, ensemble-based
models outperform single-estimator and distance-based approaches, with RF achieving the
best performance (R2 = 0.77, RMSE = 2.57 ppm, MAE = 1.71 ppm). The incorporation of
wavelet-based feature enrichment leads to consistent performance improvements across all
models, reflected by higher R? values and reduced RMSE and MAE. The wavelet-enhanced
RF model exhibits the strongest overall performance, attaining a mean R? of approximately
0.91 together with an RMSE of about 1.6 ppm and an MAE of around 1.0 ppm, while also
showing reduced variability across cross-validation folds. The XGB model shows notable
improvement with wavelet enrichment, whereas SVR and KNN benefit mainly through
moderate error reduction. Overall, the findings show that wavelet-based feature enrichment
improves the accuracy and stability of ML models for seawater alkalinity estimation, with
RF providing the most reliable performance for coastal monitoring applications.

Keywords: seawater alkalinity; machine learning; wavelet-based feature enrichment;
coastal water quality; desalination monitoring; multiscale analysis

1. Introduction

Coastal and marine monitoring stations constitute a critical component of environmen-
tal management systems in arid and semi-arid regions, where coastal waters are exposed
to increasing anthropogenic pressures and climatic variability [1,2]. In Saudi Arabia, con-
tinuous monitoring of seawater quality along the Arabian Gulf is essential for assessing
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environmental conditions, supporting coastal management strategies, and ensuring the
sustainability of marine and near-shore ecosystems [3,4]. Previous studies describe the
Arabian Gulf as a shallow semi-enclosed sea, with a mean depth of about 35 m, strong
evaporation, restricted exchange through the Strait of Hormuz, salinity that may exceed
43 practical salinity unit (psu) in some coastal areas, and a reported warming trend of ap-
proximately 0.2 °C per decade [5-7]. Maintaining stable seawater chemistry is particularly
important in Gulf bay environments, where semi-enclosed circulation patterns and high
evaporation rates can amplify temporal variability in water quality parameters [7-9].

Among the physicochemical parameters monitored in seawater environments, alkalin-
ity plays a key role in regulating buffering capacity, pH stability, carbonate equilibrium,
and biogeochemical processes. Alkalinity reflects the combined contribution of carbonate
and bicarbonate species and is influenced by seawater composition, temperature, biological
activity, and external inputs from coastal and offshore processes [10]. Variations in alkalin-
ity can affect chemical equilibrium and may serve as an indicator of broader changes in
marine water quality conditions [11-13].

Despite its environmental importance, alkalinity is not always measured continuously
at high temporal resolution in coastal monitoring programs. Measurement constraints
may arise from laboratory-based analytical requirements, sensor availability, maintenance
limitations, or operational priorities at monitoring stations [14-16]. As a result, time-series
datasets may include periods where alkalinity records are incomplete, while other water
quality variables such as temperature, electrical conductivity, turbidity, and pH continue to
be monitored. This creates a practical need for reliable predictive approaches capable of
estimating alkalinity using routinely recorded parameters [17-19].

Machine learning (ML) techniques have been increasingly applied in water quality
monitoring due to their ability to capture nonlinear relationships and complex interactions
among environmental variables without relying on explicit physical or chemical formula-
tions [20,21]. Ensemble learning models, including Random Forest (RF), Gradient Boosting
(GB), and Extreme Gradient Boosting (XGB), have demonstrated strong predictive skill and
robustness in marine and coastal applications characterized by noisy, multivariate, and
interdependent data [22-24]. These characteristics make such models particularly suitable
for seawater monitoring and environmental assessment.

Prior studies in Saudi coastal waters and the Arabian Gulf region indicate that ML
can effectively model routinely monitored seawater-quality indicators, including salinity
(and its conductivity-related signal) and optical or nutrient-proxy variables such as wa-
ter clarity/turbidity-related metrics and chlorophyll-a [25-27]. However, the systematic
prediction of coastal seawater alkalinity remains comparatively limited, particularly in
research that integrates (a) advanced ensemble-learning frameworks, (b) interpretable
feature-importance assessment to clarify dominant controls, and (c) multiscale signal rep-
resentations (e.g., wavelet-based decomposition) to capture time-varying variability in
coastal carbonate chemistry [28-32].

Seawater quality records from coastal monitoring stations often exhibit variability
across multiple temporal scales, even when observations are collected daily or at sub-
daily intervals [33,34]. Short-term fluctuations driven by tidal dynamics and operational
factors, together with longer-term environmental trends, can obscure relationships between
observed variables [35-37]. Wavelet transform methods provide an effective framework for
decomposing time-series data into components associated with different frequency bands,
thereby enhancing representation of both high-frequency variability and low-frequency
trends [38,39]. When integrated with ML models, wavelet-based feature enrichment has
been shown to improve predictive accuracy and model stability in water quality and
environmental monitoring studies [40,41].
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Despite recent advances in ML applications for coastal water quality prediction, the
systematic estimation of seawater alkalinity remains limited, particularly in studies that
incorporate multiscale temporal variability. To the best of the author’s knowledge, no
previous study has integrated wavelet-based multiscale decomposition with ensemble
ML for seawater alkalinity prediction in the Arabian Gulf. Therefore, the objective of
this study is to develop a robust alkalinity prediction framework for a coastal seawater
monitoring station located in the Arabian Gulf on the eastern coast of Saudi Arabia. Five
ML models, RF, GB, XGB, Support Vector Regression, and K-Nearest Neighbors, are
evaluated under two configurations: one using original water quality variables and another
incorporating wavelet-enriched features. Feature importance analysis is employed to
interpret the relative contribution of individual predictors, while all variables are retained
during model development. Model performance is assessed using multiple statistical
metrics to ensure reliable and generalizable outcomes.

2. Methodology
2.1. Data Acquisition and Quality Control

The data used in this study were collected from a seawater monitoring station located
in the Arabian Gulf along the eastern coast of Saudi Arabia. Because the exact station
location is of a confidential nature and is associated with operational coastal water-quality
monitoring infrastructure, the precise coordinates are not disclosed. The measurements
were obtained using an automated monitoring system installed at the station to record
the analyzed water-quality variables. The original dataset contained 9644 monitoring
records covering the period from January 2017 to December 2023 and included daily
and sub-daily observations. Prior to analysis, the raw data underwent quality control
procedures to identify and remove missing, incomplete, and inconsistent records. After
data screening, a total of 5212 valid observations were retained and used in this study. The
resulting quality-controlled dataset was not a fully continuous daily time series; rather,
it represented an irregular monitoring record with temporal gaps caused by missing or
incomplete measurements. The descriptive statistical properties of the analyzed variables
are presented in Table 1.

Table 1. Descriptive statistical properties of the analyzed water quality variables.

Variable Unit Minimum Maximum Mean Standard Deviation Median
Temperature °C 12.20 38.00 27.24 6.29 28.10
pH - 7.95 8.28 8.04 0.04 8.02
Electrical Conductivity uS/cm 59,000 66,100 62,162.70 1008.43 62,300
Turbidity NTU 0.20 9.33 1.11 0.73 0.79
Chloride ppm 24,184 27,233 25,642.32 449.83 25,725
Alkalinity ppm as CaCOs3 112 151 129.62 5.42 128
Residual Chlorine ppm 0.00 2.24 0.29 0.08 0.28

2.2. Normalization of Input Variables

Normalization of predictor variables is performed to ensure compatibility with learn-
ing algorithms that are sensitive to feature scaling. Tree-based models, including Random
Forest (RF), Gradient Boosting (GB), and Extreme Gradient Boosting (XGB), are trained
using the original variables since these models rely on threshold-based data partitioning
and are insensitive to differences in variable magnitude [22-24]. In contrast, Support Vector
Regression (SVR) and K-Nearest Neighbors (KNN) are distance-based methods and are
therefore affected by the relative scale of input variables. To avoid dominance of variables
with large numerical ranges, predictor variables used in these models are standardized
using z-score normalization. The standardized value of a predictor variable, denoted as xl’-k
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is computed using Equation (1), where x; is the original variable value, y represents the
mean of the variable, and ¢ denotes the standard deviation computed from the training

dataset [42-44].
* Xi— M
1)

A total of five ML models were evaluated in this study, including RF, GB, XGB, SVR,
and KNN. Predictor variable normalization was applied selectively based on model require-
ments. The SVR and KNN models were trained using standardized input variables due to
their sensitivity to feature scale, whereas RF, GB, and XGB models were trained using the
original variables since they are insensitive to scaling. Wavelet decomposition was applied
to the predictor variables and evaluated for all five models under two configurations, one
using the original predictors and another using wavelet-decomposed predictors, enabling
assessment of the impact of multiscale feature representation on alkalinity prediction.

2.3. Feature Importance Analysis

Feature importance is evaluated using an RF-based approach to quantify the contribu-
tion of each operational variable to alkalinity prediction. In RF regression, node impurity
is commonly measured using variance. The decrease in variance resulting from a split
on a given variable reflects its contribution to prediction accuracy. The importance of the
ji" variable, denoted as I i, is evaluated using Equation (2), where T represents the total
number of trees in the forest, 7 is the node in tree t, and AO’Z(i’l, j) represents the variance
reduction at node # resulting from a split on the variable j [22,45].

T
I =YY Ac*(n,j) 2)
t=1 net

Feature importance analysis was performed using the original, non-normalized pre-
dictor variables without wavelet decomposition. This choice was made because RF-based
importance measures are insensitive to feature scaling and rely on variance reduction
associated with tree-based splits, making normalization unnecessary [22,44]. In addition,
wavelet-decomposed predictors were not used for feature importance analysis to ensure
that the resulting importance scores remain physically interpretable in terms of the original
operational variables [45].

This measure captures nonlinear effects and interactions among operational vari-
ables such as conductivity, chloride, pH, and free chlorine. The computed importance
values are used only for interpretation and discussion, while all variables are retained in
model training.

2.4. Wavelet-Based Feature Enrichment

To represent multiscale temporal variability in seawater quality observations from a
coastal monitoring station, the discrete wavelet transform is applied to selected predictor
variables. A discrete signal x(t) can be decomposed into approximation and detail compo-
nents as given in Equation (3), where a;  are the approximation coefficients representing
low-frequency trends, ¢y x(t) represents the scaling function at level ], d; x quantify high-
frequency fluctuations associated with operational processes, and ¥; (t) is the wavelet
function at level j [38,39].

]
x(t) =Y apr ¢pi () + Z;dj,k Wi (1) 3)
k =1
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Wavelet-based feature enrichment was applied only to the predictor variables, namely
temperature, pH, electrical conductivity, turbidity, chloride, and residual chlorine. The
target variable, alkalinity, was not decomposed. The Daubechies wavelet family was
selected because it provides compact support and is widely used for representing local
signal variations in wavelet analysis [38,46]. In this study, the db4 wavelet, referring
to the fourth-order Daubechies wavelet, was used with a three-level discrete wavelet
decomposition to capture both low-frequency variability and short-term fluctuations in the
monitored seawater-quality variables.

For each predictor variable, the discrete wavelet transform decomposed the origi-
nal signal into approximation and detail components. The approximation component
represents the low-frequency structure of the signal, whereas the detail components rep-
resent higher-frequency fluctuations. The retained wavelet-derived components were
reconstructed to the original observation length and aligned with the corresponding time-
indexed observations. The reconstructed wavelet components were then concatenated with
the original operational variables to form a wavelet-enriched feature set, which was used
as input to the machine learning models.

To avoid information leakage, wavelet decomposition was not applied to the complete
dataset before validation. Instead, wavelet-based feature construction was performed
within the training workflow. For each cross-validation fold, the wavelet transformation
was applied after data splitting, so validation observations were not used to construct
training features. This ensured that the reported model performance was not inflated by
information from validation observations entering the training process.

2.5. Machine Learning Models

The modeling workflow was implemented in Python version 3.11 using standard
scientific and machine learning libraries, including pandas and NumPy for data handling,
scikit-learn for RF, GB, SVR, KNN, preprocessing, and validation, XGBoost for the XGB
model, PyWavelets for wavelet decomposition, SciPy for statistical analysis, and matplotlib
for visualization. The selected models represent different learning structures: RF as a
bagging-based ensemble, GB and XGB as boosting-based ensembles, SVR as a kernel-based
regression model, and KNN as a distance-based regression model. Hyperparameters were
selected within the training workflow, with model performance assessed using validation
results based on R?, RMSE, and MAE. The independent test data were not used during
hyperparameter selection.

The model hyperparameters used in this study were fixed before model evaluation and
are reported to ensure reproducibility. No automated grid-search or Bayesian optimization
procedure was applied. RF was trained using 500 trees with a fixed random seed. GB
was implemented using the standard gradient-boosting regression configuration with a
fixed random seed. XGB was implemented with 800 estimators, a learning rate of 0.05, a
maximum tree depth of 4, a subsampling ratio of 0.90, a column-sampling ratio of 0.90, and
an L, regularization parameter of 1.0. SVR used the radial basis function kernel with C = 10,
€ = 0.1, and 7 = scale, while KNN used k = 15 neighbors with distance-based weighting.
The same fixed machine learning hyperparameters were used for both the baseline and
wavelet-enhanced configurations to isolate the effect of wavelet-based feature enrichment.

2.5.1. Random Forest Regression

The RF regression constructs an ensemble of decision trees using bootstrap samples of
the training data and random subsets of input variables at each split [22]. For a given input
vector, the predicted output is obtained by averaging the predictions of all trees, as shown
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in Equation (4), where () is the predicted alkalinity, /;(x) denotes the output of t'" tree,
and T represents the total number of trees.

1T
9(x) = f;ht(x) 4)

2.5.2. Gradient Boosting Regression

The GB regression constructs an ensemble of decision trees in a sequential manner,
where each new tree is fitted to the residual errors of the existing model [23]. For a given
input vector x, the model prediction is updated iteratively by adding the contribution
of the newly fitted tree, as shown in Equation (5), where Fy,(x) represents the updated
ensemble model at iteration m, F,,_1(x) denotes the model obtained from the previous
iteration, 1, (x) is the output of the m'" weak learner, and v is the learning rate that governs
the impact of each individual tree on the ensemble output.

En (x) = Fy_q1 (x) + vhy (x) 5)

2.5.3. Extreme Gradient Boosting

The XGB model extends the standard GB framework by incorporating explicit regular-
ization terms to control model complexity and improve generalization performance [24].
During training, the model is optimized by minimizing an objective function that balances
prediction accuracy with model simplicity, as expressed in Equation (6):

n

£ = Zl(yir]?i)JF;Q(fk) 6)

i=1

This objective function (£) consists of a loss component that measures the discrepancy
between observed and predicted values and a regularization component that penalizes
overly complex models, where I(y;, ;) denotes the loss function quantifying the prediction
error for the i*" observation, f; represents the k' decision tree in the ensemble, Q(f;) is the
regularization term applied to each tree to control its complexity, and # is the total number
of training samples.

2.5.4. Support Vector Regression

The SVR model aims to determine a function that deviates from the observed values
by no more than a predefined margin £ while maintaining minimal model complexity [42].
During training, the model is obtained by solving an optimization problem that minimizes
a trade-off between the model flatness and the penalty for deviations exceeding the e-
insensitive zone, as expressed in Equation (7), where the prediction errors are constrained
such that the deviation of the predicted value (w!¢(x;) + b) from the observed value y;
does not exceed ¢ except for allowable slack variables. In this formulation, w denotes the
weight vector, b is the bias term, C is a regularization parameter controlling the balance
between model complexity and training error, and ¢; + ¢ are slack variables that permit
violations of the margin when necessary.

) 1 ! «
mmw,b5|lwl|2+CiZCi+§i 7)
i=1
2.5.5. K-Nearest Neighbors

The KNN model predicts alkalinity by estimating the output value as the average of
the k closest observations in the feature space, based on a chosen distance metric [43]. For
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a given input vector x, the predicted value is computed as shown in Equation (8), where
7 (x) is the predicted alkalinity, y; denotes the observed alkalinity of the i neighboring
sample, and Nj(x) indicates the set of the k nearest neighbors of x, such that the prediction
is obtained by aggregating information from locally similar observations.

i0=7 ¥ w ®

iENk(x)

2.6. Model Performance Evaluation

Model performance is evaluated using the coefficient of determination (R?), root mean
square error (RMSE), and mean absolute error (MAE), which collectively assess the accuracy
and reliability of the predictive models. These metrics are defined in Equations (9)-(11),
where R? measures the proportion of variance in the observed alkalinity explained by
the model, RMSE quantifies the magnitude of prediction errors with greater sensitivity to
large deviations, and MAE represents the average absolute difference between observed
and predicted values. In these equations, y; denotes the observed alkalinity, §j; represents
the predicted alkalinity, i is the mean observed alkalinity, and # is the total number of
observations [47].

n . 1. 2
RZ —1— ;:1(% Zl)z (9)
i (i — ;)
1 n
RMSE = , | ;Z(yi — ;) (10)
i—1
1& .
MAE = EZ‘% — 7l (11)

i=1

To ensure a robust and unbiased assessment of model generalization capabilities, all
predictive models were evaluated using a five-fold cross-validation strategy. The quality-
controlled dataset was not a fully continuous or uniformly sampled time series because
missing, incomplete, and inconsistent records were removed during data screening. In
addition, date and time were not used as model predictors; therefore, the objective was to
estimate alkalinity from simultaneously measured water-quality variables rather than to
perform chronological forecasting. Accordingly, the retained irregular tabular observations
were randomly partitioned into five approximately equal subsets (k = 5). During each
iteration, four folds (80% of the data) were used for model training, while the remaining
fold (20%) was reserved for validation. All preprocessing steps that required information
from the data, including feature scaling for SVR and KNN and wavelet-based feature con-
struction, were performed within the cross-validation workflow. Scaling parameters were
estimated only from the training folds and then applied to the corresponding validation
folds, thereby reducing the risk of information leakage during model evaluation. This
procedure was repeated five times so that each fold served once as the validation set, and
the reported performance metrics represent the average values across all folds.

The selection of five folds provides a practical balance between computational ef-
ficiency and statistical reliability, yielding stable performance estimates while avoiding
excessive variance or training cost, particularly for ensemble and kernel-based learning al-
gorithms [44,48]. Although this approach is suitable for evaluating predictive relationships
in irregular tabular water-quality data, longer and more continuous records should con-
sider chronological train—test splitting or independent temporal testing to further evaluate
temporal transferability.

To further assess whether the observed model-performance differences were statisti-
cally supported, the Kruskal-Wallis test was applied to the fold-wise R?>, RMSE, and MAE
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values across the evaluated models. The test was conducted separately for the baseline
and wavelet-enhanced configurations. The Kruskal-Wallis test was selected because it is a
non-parametric test suitable for comparing multiple independent groups without requiring
normally distributed data [49]. The test statistic (H) was computed using Equation (12),
where k is the number of model groups, n; is the number of fold-wise observations in group
i, R; is the sum of ranks for group 7, and N is the total number of observations across all
groups. The statistical significance of (H) was evaluated using the chi-square distribution
with (k — 1) degrees of freedom, and (p < 0.05) was used to indicate statistically significant
differences among models.

12 k R2
H=—"__Y L _3(N+1 12

2.7. Sensitivity Analysis

To further evaluate the contribution of wavelet-derived features to the best-performing
model, a wavelet-component sensitivity analysis was conducted. Four feature configu-
rations were compared: original predictors only, original predictors plus approximation
components (A), original predictors plus detail components (D), and the full wavelet-
enriched feature set containing both approximation and detail components (A + D). The
approximation components (A) represent smoother low-frequency variability, whereas the
detail components (D) represent higher-frequency fluctuations. This analysis was designed
to determine whether the improvement in alkalinity prediction was mainly associated
with low-frequency approximation information, high-frequency detail information, or their
combined contribution. Model sensitivity was assessed using cross-validated R? values.

In addition, a feature-selection sensitivity analysis was conducted for all evaluated
models under both baseline and wavelet-enhanced configurations. The models were re-
evaluated using different predictor subsets, including all predictors, top-ranked predictors
based on feature-importance ranking, and reduced configurations excluding either electrical
conductivity (EC) or chloride (Cl). This analysis was included to assess model stability
under reduced predictor sets and to examine the influence of multicollinearity caused
by the highly correlated electrical conductivity—chloride pair on predictive performance.
Model sensitivity was evaluated using the cross-validated R? values.

3. Results
3.1. Exploratory Data Analysis of Water Quality Variables and Alkalinity

As shown in Figure 1, the monitored water quality variables display distinct distribu-
tional patterns that reflect the combined influence of environmental variability and local
coastal processes. Temperature spans a relatively wide range, indicating pronounced tem-
poral variability primarily associated with seasonal changes and natural marine dynamics.
In contrast, pH values are tightly clustered within a narrow interval, suggesting a relatively
stable carbonate buffering system in the seawater environment. Electrical conductivity
and chloride concentrations exhibit unimodal distributions with moderate dispersion, in-
dicating generally consistent salinity conditions throughout the study period. Turbidity
and residual chlorine display right-skewed distributions, with the majority of observations
concentrated at low values and occasional higher measurements, likely linked to short-term
environmental disturbances or localized inputs. Alkalinity values are centered within a
well-defined range, reflecting relatively stable carbonate chemistry with limited occurrence
of extreme conditions.
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Figure 1. Statistical distributions of (a) temperature, (b) pH, (c) electrical conductivity, (d) turbidity,
(e) chloride, (f) alkalinity, and (g) residual chlorine.

Clear patterns emerge in the relationships between alkalinity and selected water
quality variables (Figure 2). Alkalinity shows a positive association with both electrical con-
ductivity and chloride concentration, reflecting its close linkage with the ionic composition
of seawater. In contrast, the relationship between alkalinity and turbidity is more dispersed,
with alkalinity spanning a wide range even at low turbidity levels, indicating a weak
direct dependence on particulate-related variability. The relationship between alkalinity
and temperature also exhibits considerable scatter, suggesting that temperature influences
alkalinity indirectly through environmental and physicochemical processes rather than
acting as a primary controlling factor. Overall, these observed relationships highlight
the multivariate and interconnected nature of alkalinity behavior in the coastal seawater
environment. The horizontal striations observed in the alkalinity scatter plots are likely
related to the measurement or reporting resolution of the monitoring system, including
possible rounding during data logging. These discrete bands reflect the recorded structure
of the original monitoring database and were not introduced during preprocessing or
model development.
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Figure 2. Relationships between alkalinity and (a) electrical conductivity, (b) chloride, (c) turbidity,
and (d) temperature.

Monthly alkalinity exhibits clear seasonal variability when examined over the annual
cycle (Figure 3). Median alkalinity values remain within a relatively narrow range of
approximately 125-133 ppm, indicating a generally stable buffering capacity throughout
the year. Slightly higher median levels are observed during late winter and spring, whereas
marginally lower values tend to occur toward the end of the year. The degree of variability
differs among months; wider interquartile ranges and extended whiskers in months such
as March, June, and September indicate increased fluctuations and occasional elevated
concentrations, while August displays a more compact distribution reflecting comparatively
uniform conditions. Overall, the observed pattern suggests moderate seasonal variation
accompanied by episodic variability rather than pronounced shifts, implying that alkalinity
in the coastal seawater environment remains largely stable over time with limited short-
term deviations.

3.2. Statistical Characteristics and Interrelationships of Water Quality Variables

The interrelationships among the monitored water quality variables provide important
insight into the factors governing alkalinity variability in the coastal seawater environment.
The Pearson correlation matrix (Figure 4) reveals a very strong positive association between
electrical conductivity and chloride concentration, reflecting their shared dependence on
dissolved ionic content. Alkalinity shows moderate positive correlations with conductivity,
chloride, turbidity, and pH, indicating that its variability is influenced by a combination
of salinity-related parameters and physicochemical conditions rather than by a single
dominant factor. In contrast, residual chlorine exhibits weak to negative correlations with
most variables, including alkalinity, suggesting that disinfection-related signals are largely
decoupled from carbonate buffering processes. Temperature displays only a weak direct
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relationship with alkalinity, implying that its influence is indirect and likely mediated
through broader environmental and physicochemical mechanisms.
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Figure 3. Monthly box-and-whisker distributions of alkalinity concentrations (ppm).
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Figure 4. Pearson correlation matrix of the monitored water quality variables.
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The relative importance of individual predictors in estimating alkalinity is further
clarified through the RF feature importance analysis (Figure 5). Electrical conductivity
emerges as the most influential variable, followed closely by chloride concentration, un-
derscoring the dominant role of dissolved ionic content in governing alkalinity levels
in coastal seawater environments. pH and temperature exhibit moderate contributions,
reflecting their association with carbonate equilibrium and broader physicochemical con-
ditions. In contrast, turbidity and residual chlorine show comparatively low importance,
indicating a limited direct influence on alkalinity prediction. Collectively, these results
emphasize the multivariate nature of alkalinity control, with salinity-related parameters
providing the primary predictive information, supplemented by secondary chemical and
environmental factors.

Electrical Conductivity (nS/cm)

Chlorides (ppm)

PH (-)

Temperature (°C)

Turbidity (NTU)

Residual Chlorine (ppm)

I v 1 v 1 v 1 ' 1 v T T T T
000 005 010 0.15 020 0.25 0.30
Relative Importance

Figure 5. Relative importance of predictor variables in the RF alkalinity model.

Overall, the combined correlation and feature importance analyses indicate that alka-
linity variability in the monitored seawater environment is primarily controlled by ionic
composition, particularly electrical conductivity and chloride concentration, while pH and
temperature exert a secondary but non-negligible influence. The limited contribution of
turbidity and residual chlorine indicates that alkalinity is more closely linked to dissolved
chemical processes than to particulate matter or disinfection practices. These findings
provide a clear physical interpretation of the ML results and support the suitability of multi-
variate data-driven approaches for reliable alkalinity estimation using routinely monitored
water quality parameters.

3.3. Predictive Performance of Machine Learning Models
3.3.1. Baseline Model Performance Using Original Predictors

The predictive performance of the ML models using the original water quality vari-
ables is summarized in Figure 6. Distinct differences are observed among the evaluated
algorithms, with ensemble-based models consistently outperforming single-estimator ap-
proaches. The RF model demonstrates the strongest overall performance, achieving the
highest mean coefficient of determination (R? = 0.77) along with the lowest RMSE (2.57 ppm)
and MAE (1.71 ppm). In addition, RF exhibits the smallest standard deviations across all
performance metrics, indicating high stability and robustness across the cross-validation
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folds. The compact RF violin confirms low variability across validation folds, whereas the
wider distributions of GB, SVR, and KNN indicate greater fold-to-fold sensitivity.
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Figure 6. Cross-validated performance distributions of baseline machine learning models for alkalin-
ity estimation using original predictor variables: (a) RZ2, (b) RMSE, and (c) MAE. Red horizontal lines
indicate the mean, blue horizontal lines indicate the median, and black dots represent individual fold

values from five-fold cross-validation.
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XGB ranks second, exhibiting predictive accuracy comparable to that of RF (R? = 0.76)
but with slightly higher error magnitudes and greater variability across cross-validation
folds. The KNN model demonstrates moderate predictive capability (R? = 0.74), achieving
intermediate error levels but showing reduced consistency relative to ensemble-based
approaches. In contrast, SVR and GB yield lower predictive accuracy and higher error
values, indicating a limited ability to fully capture the nonlinear relationships governing
alkalinity when using only the original predictor set. Overall, these results underscore the
superior performance and robustness of tree-based ensemble models, particularly RF, for
baseline alkalinity prediction in coastal seawater monitoring applications.

Although the baseline results show that ensemble models, with RF exhibiting the
strongest performance, achieve robust alkalinity predictions using the original water quality
variables, residual uncertainty persists. Coastal seawater quality records exhibit variability
across multiple temporal scales that may not be fully captured by the original predictors.
To address this limitation, the following subsection investigates the effect of integrating
wavelet-decomposed features into the modeling framework, with particular attention
to gains in predictive accuracy, reductions in error metrics, and enhancements in model
stability relative to the baseline performance.

3.3.2. Effect of Wavelet-Based Feature Enrichment on Model Performance

The influence of wavelet-based feature enrichment on model performance is evaluated
using cross-validated distributions of R?, RMSE, and MAE, as shown in Figure 7. Relative
to the baseline configuration based on the original predictor variables, the inclusion of
wavelet-derived features leads to improved predictive performance across all considered
models. This improvement is reflected by higher R? values and lower RMSE and MAE,
indicating a better representation of alkalinity variability and reduced prediction errors
when multiscale information is incorporated. The RF model achieves the highest mean R?
(approximately 0.91), together with the lowest RMSE (about 1.6 ppm) and MAE (about
1.0 ppm), indicating the most favorable overall performance under the wavelet-enriched
configuration. The compact RF and XGB distributions further indicate that the wavelet-
enhanced ensemble models provide more consistent performance across validation folds.
In contrast, the wider distributions observed for SVR and KNN suggest greater fold-to-fold
sensitivity despite the overall improvement in their error metrics.

The performance improvements are more evident for the ensemble-based models,
particularly RF and XGB, which show larger gains compared with the other approaches.
In addition to improved central performance measures, these models exhibit reduced
variability across cross-validation folds, suggesting enhanced robustness when wavelet-
based features are included. SVR and KNN also show performance improvements with
wavelet enrichment; however, the magnitude of these gains is smaller, indicating a more
limited ability to exploit the additional multiscale information. Overall, the results indicate
that wavelet-based feature enrichment enhances both predictive accuracy and model
stability relative to the baseline configurations, supporting its use for improving alkalinity
estimation under variable coastal seawater conditions.

3.3.3. Comparative Evaluation of Baseline and Wavelet-Enhanced Models

A direct comparison between the baseline models trained using the original predictor
variables and the wavelet-enhanced models is presented in Figure 8, which summarizes
the cross-validated mean =+ standard deviation of RZ, RMSE, and MAE for all evaluated
algorithms. Overall, wavelet-based feature enrichment leads to improved predictive per-
formance across all models, as indicated by increased R? values and reduced error metrics
relative to the baseline configuration. In addition, a general reduction in variability across
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cross-validation folds is observed, reflecting improved model stability and more consistent
generalization when multiscale information is incorporated into the modeling framework.
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Figure 7. Cross-validated performance distributions of wavelet-enhanced machine learning models
for alkalinity estimation: (a) RZ, (b) RMSE, and (c) MAE. Red horizontal lines indicate the mean, blue
horizontal lines indicate the median, and black dots represent individual fold values from five-fold
cross-validation.
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Figure 8. Comparative robustness analysis of baseline and wavelet-enhanced machine learning
models for alkalinity estimation. Cross-validated performance is shown as fold-wise distributions for
(a) R%, (b) RMSE, and (c) MAE.

https://doi.org/10.3390/w18131578


https://doi.org/10.3390/w18131578

Water 2026, 18, 1578

17 of 29

Among the evaluated algorithms, RF consistently exhibits the strongest performance
in both the baseline and wavelet-enhanced configurations, achieving the highest R? values
together with the lowest RMSE and MAE. Under the wavelet-enriched setting, RF attains
a mean R? of approximately 0.91, accompanied by an RMSE of about 1.6 ppm and an
MAE of around 1.0 ppm, indicating a clear improvement over the baseline case. The
integration of wavelet-decomposed features further enhances RF performance and reduces
cross-validation variability, reinforcing its robustness relative to the other models. XGB also
shows notable performance gains with wavelet enrichment, reflected by increased R? and
reduced error metrics, although its performance remains slightly below that of RF. The SVR
and KNN models benefit primarily through moderate reductions in RMSE and MAE, with
smaller increases in R?. Overall, the results presented in Figure 8 confirm that wavelet-based
feature enrichment improves predictive accuracy and robustness across all models, with RF
emerging as the most reliable approach for alkalinity estimation under the studied coastal
seawater conditions. The paired violin distributions also show that the improvement is
most pronounced for RF and XGB, where the wavelet-enhanced configurations shift toward
higher R? and lower error values while maintaining relatively compact fold-wise spreads.
This indicates that wavelet enrichment improves not only average predictive accuracy but
also the consistency of model performance across validation folds.

To further support the robustness of the model comparison, the Kruskal-Wallis test
was applied to the fold-wise R?, RMSE, and MAE values across the five evaluated models:
RF, GB, XGB, SVR, and KNN. This analysis provided an additional statistical basis for eval-
uating whether the apparent differences in model performance across validation folds were
meaningful. As shown in Table 2, statistically significant differences were found among
the models for all metrics under both the baseline and wavelet-enhanced configurations
(» < 0.05). This indicates that the observed performance differences were statistically
supported rather than purely descriptive.

Table 2. Kruskal-Wallis test results for fold-wise model-performance differences under baseline and
wavelet-enhanced configurations.

Configuration Metric Kruskal-Wallis (H) p-Value Significant at (p < 0.05)
Baseline R? 19.311 0.000513 Yes
Baseline RMSE 20.817 0.000344 Yes
Baseline MAE 21.397 0.000206 Yes
Wavelet-enhanced R? 21.807 0.000190 Yes
Wavelet-enhanced RMSE 21.630 0.000237 Yes
Wavelet-enhanced MAE 21.692 0.000204 Yes

3.4. Hyperparameter Configuration for Baseline and Wavelet-Enriched Models

The hyperparameter settings reported in Table 3 were selected to balance robust gen-
eralization and model stability under cross-validation, while avoiding excessive tuning
that may artificially inflate performance estimates. For ensemble tree-based methods, em-
ploying a relatively large number of trees is a common practice, as it reduces variance and
stabilizes predictions, which is particularly important for noisy and heterogeneous water-
quality datasets. Previous studies in water-quality and coastal environmental monitoring
have shown that RF models with several hundred trees provide reliable ensemble averaging
and improved robustness when applied to complex hydro-environmental data [22,50].
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Table 3. Hyperparameter configuration of ML models used for baseline and wavelet-based alkalin-

ity prediction.
Model Configuration Key Hyperparameters
Number of trees = 500; Maximum depth = None; Minimum samples
RF Baseline & Wavelet per split = 2; Feature selection = maximum features (1.0); Bootstrap
sampling = True
CB Baseline & Wavelet Number of boosting stages = 100; Lgarnmg rate = 0.1; Maximum tree
depth = 3; Loss function = squared error
Number of trees = 800; Learning rate = 0.05; Maximum depth = 4;
XGB Baseline & Wavelet Subsample ratio = 0.9; Column subsample ratio = 0.9;
I, regularization (A) =1.0
. Kernel = radial basis function (RBF); Regularization parameter
5VR Baseline & Wavelet (C) = 10.0; e-insensitive loss = 0.1; Kernel coefficient v = scale
KNN Baseline & Wavelet Number of neighbors (k) =15; DlsFance we'lghtmg = inverse distance;
Distance metric = Euclidean
Wavelet type = Daubechies (db4); Decomposition level = 3; Feature
Wavelet . L . - .
L Wavelet only construction = approximation and detail coefficients concatenated with
Decomposition

original predictors

For boosted tree models, the XGBoost configuration summarized in Table 3 follows a
conservative and widely adopted boosting strategy, combining moderate tree depth with a
small learning rate and subsampling. This configuration limits overfitting while preserving
the ability to capture nonlinear relationships. Water-quality modeling studies commonly
employ learning rates in the range of 0.05-0.10 together with row and column subsampling
ratios close to 0.8-0.9 to enhance generalization performance under variable environmental
conditions [24,51].

For kernel-based and distance-based models, the SVR and KNN hyperparameters in
Table 3 are consistent with values frequently reported in water-quality monitoring and
environmental prediction studies, where smooth nonlinear behavior and noise tolerance
are critical. The SVR model is commonly implemented using e-insensitive loss values on
the order of 0.1 in water-quality and coastal monitoring applications, providing a balance
between model flexibility and robustness to measurement uncertainty [52,53]. Similarly,
KNN models are often configured with distance-based weighting to emphasize nearby
observations and with moderate neighborhood sizes to avoid excessive smoothing. Such
settings have been widely adopted in water-quality and water-quality-index prediction
frameworks, including applications related to drinking water and coastal environmental
assessment [51,54].

3.5. Error Diagnostics and Model Uncertainty Analysis
3.5.1. Diagnostic Evaluation of Baseline Model Performance

A comprehensive diagnostic evaluation of the baseline RF model used for alkalinity
prediction based on the original water quality variables is illustrated in Figure 9. The
observed versus predicted scatter plot (Figure 9a) shows a strong linear relationship,
indicating that the model successfully captures the overall variability and central tendency
of alkalinity across the observed range. Most predictions cluster close to the 1:1 line,
demonstrating good agreement between measured and estimated values. However, some
dispersion is evident, particularly at higher alkalinity levels, suggesting localized prediction
uncertainty under certain conditions.
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Figure 9. Diagnostic evaluation of the baseline RF model: (a) observed versus predicted alkalin-
ity, (b) residuals versus predicted values, (c) residual distribution, and (d) absolute error versus
observed alkalinity.

The residual diagnostics further clarify model behavior. As shown in Figure 9b,
residuals are generally centered around zero across the range of predicted alkalinity values,
indicating the absence of systematic bias. Nevertheless, the spread of residuals increases
slightly at intermediate and higher prediction levels, pointing to mild heteroscedasticity.
The residual distribution shown in Figure 9c is approximately symmetric with a clear
central peak near zero, confirming that prediction errors are largely unbiased, although the
presence of extended tails reflects occasional larger deviations from observations.

Error variability across the alkalinity range is illustrated in Figure 9d. Absolute
prediction errors remain relatively small for most observations but increase sporadically at
higher alkalinity values, indicating that model uncertainty is not uniform across the range
of conditions. This behavior suggests that while the baseline RF model provides reliable
overall performance, certain regimes exhibit increased complexity that is not fully captured
by the original predictors alone. Collectively, these diagnostics highlight the strengths of
the baseline model while also motivating the incorporation of multiscale features to further
reduce residual variability and improve predictive robustness.

3.5.2. Diagnostic Evaluation of Wavelet-Enriched Model Performance

The diagnostic plots for the wavelet-enhanced RF model, presented in Figure 10,
provide further insight into model behavior and error characteristics beyond aggregate
performance metrics. The observed-predicted scatter plot (Figure 10a) shows a strong
linear relationship with most points closely aligned along the 1:1 reference line, indicating
that the model effectively captures the magnitude and variability of alkalinity across the
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observed range. Minor dispersion is evident at higher concentration levels, suggesting
localized uncertainty under specific conditions; however, no systematic bias is apparent.
The residuals plotted against predicted values (Figure 10b) are symmetrically distributed
around zero, confirming the absence of consistent over- or under-prediction across the

prediction domain.
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Figure 10. Diagnostic evaluation of the wavelet-enhanced RF model: (a) observed versus predicted
alkalinity, (b) residuals versus predicted values, (c) residual distribution, and (d) absolute error versus
observed alkalinity.

The residual distribution shown in Figure 10c is approximately centered at zero with
a narrow spread, indicating that prediction errors are largely unbiased and dominated
by small residuals. Although a limited number of larger deviations are present in the
distribution tails, their frequency is low relative to the overall sample size. The absolute
error versus observed alkalinity plot (Figure 10d) further indicates that most prediction
errors remain small across the full concentration range, with slightly increased dispersion at
higher alkalinity values. Collectively, these diagnostics confirm that the wavelet-enhanced
RF model exhibits stable and reliable predictive behavior, with residual patterns consistent
with a well-calibrated model and no evidence of structural deficiencies or systematic error.

3.6. Sensitivity Analysis Results

The wavelet-component sensitivity analysis was conducted for the RF model, which
was the best-performing model and represents a bagging-based ensemble learning ap-
proach, as summarized in Table 3. The wavelet-enhanced configuration reported in Table 3
corresponds to the Original + A + D setting, in which the original predictors were concate-
nated with both approximation components (A) and detail components (D). This analysis
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aimed to clarify the relative contribution of these components to alkalinity prediction. As
shown in Figure 11, the original predictor configuration provided the baseline level of
performance, while the Original + A configuration produced a clear increase in R2. The full
wavelet-enriched configuration, referred to as Original + A + D, also maintained strong
predictive performance. In contrast, the Original + D configuration resulted in lower
performance, indicating that high-frequency fluctuations alone contributed less effectively
to alkalinity prediction. Overall, the results suggest that the performance improvement
from wavelet enrichment was mainly driven by approximation components, which rep-
resent smoother low-frequency variability in the monitored water-quality variables. This
component-level behavior suggests that the detail components may primarily capture short-
term fluctuations or noise that are less informative for RF-based alkalinity prediction when
used without the approximation components. The similar performance of the Original +
A and Original + A + D configurations further indicates that adding detail components
provides only limited marginal benefit once the smoother low-frequency structure has
already been incorporated.

T

Original

I 1 1

Original + A Original + D Original + A + D
Feature configuration

Figure 11. Wavelet-component sensitivity analysis for the best-performing model based on cross-
validated R2.

Figure 11 indicates that the main wavelet-related improvement was associated with
the approximation components. The Original + A configuration improved R? relative
to the baseline, whereas Original + D performed below the baseline. This suggests that
approximation components captured useful low-frequency variability related to alkalinity
behavior, while detail components alone mainly represented high-frequency fluctuations
or noise. As a result, adding detail components without the approximation components
likely increased feature noise and model complexity without adding useful low-frequency
structure, causing the model to generalize less effectively than the baseline using only
original predictors. The comparable performance of Original + A and Original + A + D
indicates that detail components added limited additional benefit once the approximation
components were included.

The feature-selection sensitivity analysis was conducted to evaluate model robustness
under reduced predictor sets and to examine the effect of multicollinearity between electri-

https://doi.org/10.3390/w18131578


https://doi.org/10.3390/w18131578

Water 2026, 18, 1578

22 of 29

cal conductivity (EC) and chloride (Cl). As shown in Figure 12, the highest performance
was achieved by RF under the wavelet-enhanced configuration using all original predictors,
together with their wavelet-derived approximation and detail components. Across the
tested scenarios, model performance generally declined when only the top two predictors
were retained, indicating that alkalinity prediction benefits from multivariate information
rather than a very limited predictor subset. The “No EC” and “No Cl” scenarios main-
tained relatively high R? values, especially for RF and XGB, suggesting that the high EC-Cl
correlation did not solely control model performance because either salinity-related vari-
able could partly compensate for the removal of the other. Overall, the wavelet-enhanced
configuration showed stronger and more stable performance across most feature-selection
scenarios, confirming RF as the most reliable model for alkalinity prediction.

T T T T T T
Top 5 Top 4 Top 3 Top 2 No EC No Cl1
Feature-selection scenario

Figure 12. Feature-selection sensitivity analysis for all evaluated models under (a) baseline and
(b) wavelet-enhanced configurations. Symbols indicate mean cross-validated R? values, and error
bars represent standard deviations (SD) across the five validation folds.

4. Discussion
4.1. Model Performance and Algorithmic Behavior

The results demonstrate that ensemble-based machine learning models outperform
single-estimator and distance-based approaches in predicting seawater alkalinity. This
superior performance arises from the ability of ensemble methods to combine multiple
decision trees, thereby reducing variance and improving generalization in systems char-
acterized by nonlinear behavior and interacting predictors [22,23]. In coastal seawater
environments, alkalinity is governed by coupled physicochemical processes, including
carbonate equilibria, salinity effects, and operational controls, which introduce nonlinear
dependencies that are difficult to capture using linear or distance-based formulations.

https://doi.org/10.3390/w18131578


https://doi.org/10.3390/w18131578

Water 2026, 18, 1578

23 of 29

Ensemble models are particularly well suited to such conditions because they can represent
complex response surfaces without requiring explicit assumptions regarding the functional
form of predictor-response relationships [44].

Among the evaluated algorithms, RF consistently emerges as the best-performing
model, achieving the highest coefficient of determination together with the lowest RMSE
and MAE across both baseline and wavelet-enhanced configurations. The strong perfor-
mance of RF can be attributed to its use of bootstrap aggregation and randomized feature
selection, which enhance robustness to noise, multicollinearity, and overfitting [22,55].
Furthermore, RF is well-suited to modeling the nonlinear interactions that govern alkalinity
dynamics, as it can naturally partition the predictor space to capture combined effects of
pH, dissolved ions, temperature, and treatment-related variables. This ability to account
for interaction effects and heterogeneous responses explains the consistent superiority of
RF in modeling alkalinity under complex and variable coastal seawater conditions [44,45].

Although Long Short-Term Memory (LSTM) models are widely used for sequential
time-series prediction because they can learn temporal dependencies [56], their conven-
tional application is more suitable for continuous or regularly structured time-series inputs.
In this study, the quality-controlled record contained temporal gaps after the removal of
missing and incomplete observations. Therefore, applying LSTM would require additional
missing-data treatment or irregular-time modeling assumptions [57]. For this reason, the
present study focused on robust and interpretable machine learning models suitable for
irregular tabular water-quality data, while LSTM-based approaches are recommended for
future work when longer and more continuous records become available.

The strong influence of electrical conductivity and chloride on alkalinity prediction
reflects the dominant role of salinity under arid coastal conditions. In the Arabian Gulf, high
evaporation rates relative to precipitation lead to progressive concentration of dissolved
ions, resulting in elevated salinity and alkalinity. This evaporation-driven enrichment
enhances both conservative ions, such as chloride, and carbonate species, explaining the
close association between alkalinity and conductivity-related variables. This relationship
is consistent with observations from coastal and semi-enclosed marine systems, where
salinity strongly influences seawater chemistry and buffering capacity [1,9], as well as
findings from coastal monitoring and environmental assessment studies.

From a geochemical perspective, alkalinity is governed primarily by the carbonate
system, including bicarbonate (HCO;') and carbonate (CO%f) ions, with additional con-
tributions from minor species such as borate. The moderate importance of pH observed
in this study aligns with its role in regulating carbonate speciation and buffering capacity,
while temperature influences equilibrium constants and reaction kinetics. Although pH
contributed to alkalinity prediction, its interpretation should be treated cautiously because
the observed pH range was narrow. Therefore, the pH contribution likely reflects its role
within the multivariate carbonate-chemistry context rather than large independent pH
variability. These physicochemical controls are well established in studies of natural wa-
ter chemistry and marine biogeochemical processes [10,11,13]. The combined effects of
salinity concentration and carbonate equilibrium result in nonlinear relationships between
alkalinity and environmental variables, which are effectively captured by ensemble-based
ML models.

4.2. Effect of Wavelet-Based Feature Enrichment

The integration of wavelet-based feature enrichment leads to consistent improvements
in predictive performance across all evaluated machine learning models. By decomposing
the original water-quality predictors into components that represent different temporal
scales, wavelet analysis enables the models to capture both short-term fluctuations and
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longer-term trends embedded in the alkalinity signal. These multiscale representations
provide additional explanatory information that is not fully preserved in the raw variables,
resulting in increased coefficients of determination and reduced error metrics. The observed
reduction in variability across cross-validation folds further indicates that wavelet-enriched
models generalize more reliably under different training-testing partitions. The benefit of
wavelet-based preprocessing is consistent with previous hydrological and environmental
modeling studies, where multiscale signal decomposition improved the representation of
complex and nonstationary processes [20,58].

The magnitude of improvement associated with wavelet-based feature enrichment
varies among algorithms, reflecting differences in their capacity to exploit high-dimensional
and nonlinear feature spaces. Ensemble-based models, particularly RF and XGB, benefit
most from the inclusion of wavelet-derived predictors, as their tree-based structures can
implicitly select relevant features and model nonlinear interactions across multiple scales.
In contrast, SVR and KNN exhibit more modest gains, suggesting limitations in fully
leveraging the expanded feature set despite improvements in error reduction. These
findings indicate that wavelet decomposition is most effective when combined with flexible
learning algorithms capable of handling multiscale, nonlinear relationships, reinforcing
the suitability of wavelet-enhanced ensemble models for alkalinity estimation in complex
coastal seawater systems [24,44].

The component-level pattern observed in Figure 11 provides additional insight into
the source of the wavelet-related improvement. The stronger performance of the Origi-
nal + A configuration indicates that the approximation components captured smoother
low-frequency variability that is more consistent with gradual alkalinity dynamics in the
monitored seawater system. In contrast, the lower performance of the Original + D configu-
ration suggests that the detail components mainly represented high-frequency fluctuations
or short-term noise that were less informative for RF-based alkalinity prediction when used
without the approximation components. Because these detail components were added
to the original predictors without the stabilizing low-frequency information provided by
the approximation components, they likely increased feature noise and model complexity,
leading to poorer generalization than the baseline model. The comparable performance of
the Original + A and Original + A + D configurations further indicates that adding detail
components provided limited marginal benefit once the smoother low-frequency structure
had already been incorporated.

4.3. Diagnostic Evaluation and Model Reliability

The diagnostic analyses provide additional insight into the reliability and generaliza-
tion capability of the baseline and wavelet-enhanced RF models. The observed-predicted
relationships demonstrate strong agreement across the full alkalinity range, with pre-
dictions closely aligned along the 1:1 reference line, indicating effective capture of the
underlying response behavior. Residuals are symmetrically distributed around zero with
no systematic trends relative to predicted values, suggesting the absence of structural bias
or persistent over- or underestimation. Such residual behavior is commonly interpreted
as evidence of a well-calibrated model in data-driven hydrological and environmental
applications [44,59].

The residual distributions and absolute error patterns further confirm model robust-
ness. Errors remain generally small and approximately symmetric, with only modest
increases in dispersion at higher alkalinity values. This localized behavior is likely associ-
ated with increased process variability or operational influences rather than deficiencies
in the modeling framework itself. This residual pattern is consistent with previous ma-
chine learning-based water-quality prediction studies, where limited heteroscedasticity at
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extreme values is commonly observed in complex environmental systems [20,60]. Overall,
these diagnostic results support the stability and reliability of the wavelet-enhanced RF
model for alkalinity estimation under variable coastal seawater conditions.

4.4. Practical Implications for Coastal Seawater Monitoring

The strong predictive performance of the RF model, particularly when enhanced
with wavelet-based features, highlights the practical value of the proposed framework for
coastal seawater monitoring applications. Reliable estimation of alkalinity is critical for
managing chemical stability, optimizing treatment processes, and supporting downstream
operations such as desalination and corrosion control. Traditional alkalinity measurements
are often laboratory-based and subject to sampling delays, whereas the presented data-
driven approach enables continuous estimation using routinely monitored water-quality
variables [16,19]. This capability can enhance operational responsiveness and support
real-time decision-making in coastal monitoring systems [20,21].

The robustness of the wavelet-enhanced RF model across cross-validation folds further
suggests that the framework can maintain stable predictive performance under variable
monitoring conditions. This is important for coastal seawater systems, where alkalinity
may be influenced by seasonal forcing, operational changes, and short-term environmen-
tal fluctuations. From an operational perspective, improved model stability can reduce
prediction uncertainty and support more consistent decision-making in monitoring and
treatment applications [44,60].

Beyond the specific study site, the proposed methodology demonstrates potential for
application to other coastal or marine environments with similar monitoring infrastruc-
tures. The reliance on commonly measured water-quality parameters, combined with a
flexible ensemble-learning framework, makes the approach adaptable to different coastal
monitoring settings, provided that appropriate site-specific validation and recalibration are
performed when needed. As coastal monitoring programs increasingly adopt automated
sensing and data-driven analytics, integrating multiscale signal processing with ensemble
models offers a scalable and reliable pathway for improving water-quality assessment and
supporting sustainable coastal water management strategies [20,24].

Some limitations should be considered when interpreting the results. The analysis
was based on data from a single coastal monitoring station; therefore, future studies should
evaluate the proposed framework using additional monitoring sites. The quality-controlled
dataset also contained temporal gaps, which should be considered when interpreting the
wavelet-enhanced results and when comparing the present approach with sequence-based
models. Future work could evaluate gap-aware wavelet approaches, longer continuous
monitoring records, and separate hyperparameter optimization for each model-feature
configuration to further assess potential performance improvements.

5. Conclusions

In this study, we evaluated the performance of several machine learning models for
estimating seawater alkalinity using routinely monitored water-quality variables from a
coastal monitoring station. The results indicated that ensemble-based algorithms generally
outperformed single-estimator and distance-based approaches, reflecting their stronger
capability to capture nonlinear relationships and interaction effects commonly present in
environmental systems. Among the evaluated models, RF consistently achieved the best
performance, characterized by higher coefficients of determination, lower error magnitudes,
and greater fold-to-fold stability under both baseline and wavelet-enhanced configurations.
This consistent behavior highlighted the suitability of RF for modeling complex alkalinity
dynamics governed by coupled physical and chemical processes.

https:/ /doi.org/10.3390/w18131578


https://doi.org/10.3390/w18131578

Water 2026, 18, 1578 26 of 29

The incorporation of wavelet-decomposed features led to systematic performance
improvements across all evaluated models by enhancing the representation of both short-
term variability and longer-term trends in alkalinity behavior. By decomposing the original
predictors into multiscale components, the modeling framework was better able to capture
nonstationary patterns that were difficult to represent using raw variables alone. These
improvements were most pronounced for tree-based ensemble models, which were well
suited to handling high-dimensional feature spaces and nonlinear interactions. Diagnostic
analyses further supported the reliability of the wavelet-enhanced RF model, showing a
strong agreement between observed and predicted values and largely unbiased residuals
across the alkalinity range.

From an applied perspective, the proposed framework provides a practical and scal-
able approach for continuous alkalinity estimation in coastal seawater monitoring systems.
Its reliance on commonly measured water-quality parameters facilitates integration into
automated monitoring and decision-support platforms, particularly in desalination and
coastal water-treatment facilities where timely chemical control is critical. The demon-
strated robustness of the wavelet-enhanced RF model suggests strong potential for op-
erational deployment and transferability to similar coastal environments. Future work
may focus on extending the framework to additional regions and incorporating real-time
sensor data to support proactive coastal water-quality management. Future studies should
also consider longer and more continuous monitoring records, independent temporal
testing, and configuration-specific hyperparameter optimization to further evaluate model
transferability and robustness.
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