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Abstract

High-turbidity exceedance events are important indicators of abnormal coastal water qual-
ity conditions, but their relatively low frequency compared with normal observations
makes reliable classification challenging. This study developed a scenario-based machine
learning framework to classify high-turbidity exceedance using water quality and mete-
orological predictors from an automated seawater monitoring station along the Arabian
Gulf. After quality control screening and temporal matching with NASA POWER meteo-
rological variables, turbidity was converted into a binary target using a 2 NTU threshold,
resulting in 4408 low-turbidity observations (85.3%) and 758 high-turbidity observations
(14.7%). Four predictor scenarios were evaluated: meteorological-only selected variables,
combined selected variables, water-quality-only all variables, and combined all variables.
Random Forest, XGBoost, a Support Vector Machine, and K-Nearest Neighbors were tested
under three class-imbalance treatments: undersampling, oversampling, and SMOTE. The
meteorological-only scenario showed moderate classification ability, with ROC-AUC values
of 0.81-0.86, but relatively low precision, indicating limited control of false alarms. Adding
water quality predictors substantially improved classification performance, with the com-
bined selected-variable scenario achieving ROC-AUC values of 0.96-0.98. Under over-
sampling, Random Forest achieved an accuracy = 0.95, precision = 0.83, specificity = 0.97,
weighted Fl-score = 0.95, and ROC-AUC = 0.98. The water-quality-only scenario also
performed strongly, with accuracy values of 0.90-0.95 and ROC-AUC values of 0.95-0.96,
confirming that direct water quality measurements carried most of the predictive signal.
The combined all-variable scenario produced similarly high performance, with ROC-AUC
values of 0.96-0.98, while variable selection reduced redundancy without loss of predic-
tive skill. Computational analysis showed that the top-ranked XGBoost model under the
combined all-variable oversampling scenario required only 0.08 s for training and 0.003 ms
per sample for prediction. Overall, the results demonstrate that integrating selected water
quality and meteorological predictors provides an accurate, efficient, and operationally
practical framework for high-turbidity early-warning classification.

Keywords: turbidity exceedance; water quality; machine learning; binary classification;
class imbalance; SMOTE; XGBoost; Random Forest

1. Introduction

Turbidity is a key water quality indicator because it reflects the presence of suspended
particles, including sediments, organic matter, plankton, and colloidal materials within
the water column [1-3]. Elevated turbidity can reduce light penetration, degrade aquatic
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habitats, transport particle-associated pollutants, and indicate runoff, sediment resuspen-
sion, or pollution-related disturbances [4,5]. In drinking-water and operational monitoring
systems, high particulate loads can also reduce treatment efficiency, increase filtration de-
mand, interfere with disinfection processes, and signal abnormal water quality conditions
requiring operational attention [6,7]. Therefore, reliable turbidity monitoring is essential for
aquatic ecosystem protection, water treatment operation, and early detection of sediment-
or contamination-related events [8,9].

High-turbidity exceedance events are often less frequent than normal water quality
conditions, but they are operationally important because they may represent short-term dis-
turbances requiring rapid response. In coastal and marine environments, turbidity variabil-
ity can be influenced by both internal water quality conditions and external meteorological
drivers, including wind, precipitation, temperature, humidity, radiation, and atmospheric
pressure [10-12]. Recent remote sensing and water-quality monitoring studies also show
that turbidity is strongly affected by spatially and temporally variable surface processes,
which supports the need for flexible data-driven monitoring frameworks [13-16]. For
this reason, threshold-based turbidity classification can be more useful for early-warning
applications than continuous turbidity prediction alone, particularly when the main ob-
jective is to identify whether turbidity exceeds a predefined management or operational
threshold [17,18].

Recent advances in data-driven environmental modeling have increased the use of
machine learning methods for water quality prediction, classification, anomaly detection,
and decision support [19-21]. Recent reviews show that algorithms such as Random Forest,
gradient boosting, Support Vector Machines, artificial neural networks, long short-term
memory networks, convolutional neural networks, and hybrid deep learning architec-
tures have been widely applied to water quality forecasting, index estimation, real-time
monitoring, and remote sensing-based retrieval [16,22]. Machine learning models are
well suited for turbidity applications because they can capture nonlinear relationships
and interactions among physicochemical, hydrological, meteorological, and operational
predictors [13,23,24]. However, many previous turbidity studies have focused on continu-
ous prediction or remote sensing retrieval rather than binary exceedance classification using
integrated water quality and meteorological predictors. This leaves a need for classification
frameworks that directly address high-turbidity events as a minority class and evaluate
model performance under class-imbalance conditions.

Several machine learning classifiers are commonly used for environmental classifi-
cation problems because they represent different learning mechanisms. Random For-
est (RF) can model nonlinear predictor interactions and provide feature-importance
information [25]. XGBoost is effective for structured tabular datasets because it combines
sequential decision tree boosting with regularization [26]. Support Vector Machines (SVMs)
can construct nonlinear decision boundaries using kernel functions, while K-Nearest Neigh-
bors (KNN) provides a non-parametric distance-based classification benchmark [27,28].
Comparing these models under consistent predictor scenarios can clarify which learning
strategy is most suitable for turbidity exceedance classification and whether ensemble,
kernel-based, or distance-based approaches provide better discrimination of minority
exceedance events.

A key challenge in exceedance classification is class imbalance because high-turbidity
events usually occur less frequently than normal observations. Under imbalanced condi-
tions, accuracy alone can be misleading, as a model may perform well for the majority
class while failing to identify the minority exceedance class [18,29]. Class-imbalance treat-
ments, including random undersampling, random oversampling, class weighting, and
the Synthetic Minority Oversampling Technique (SMOTE), can improve learning from
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minority-class observations [30-32]. Nevertheless, because resampling methods may affect
models differently depending on data structure, noise, and class overlap, their influence
should be evaluated empirically rather than assumed [33,34].

Predictor selection is also important because water quality and meteorological datasets
often include strongly correlated variables. For example, temperature-related atmospheric
variables, humidity-related variables, and salinity-related seawater indicators may con-
tain overlapping information. Although correlated predictors can introduce redundancy
and reduce interpretability, they may still contribute useful information to nonlinear
classifiers [35-37]. Therefore, variable selection should consider both statistical redun-
dancy and predictive relevance. Selected-variable models may be preferable when they
achieve comparable performance to all-variable models while improving interpretability
and reducing unnecessary predictor complexity.

Meteorological predictors derived from NASA POWER provide an accessible source
of atmospheric and surface-weather information for environmental modeling, especially
in regions where in situ meteorological data are limited [12,38,39]. These variables can
support turbidity classification by representing external forcing conditions related to wind-
driven mixing, rainfall, heat exchange, and sediment transport. However, meteorological
data alone may not fully capture internal seawater conditions such as pH, conductivity,
alkalinity, chloride, chlorine, and water temperature. Therefore, comparing meteorological-
only, water-quality-only, and combined predictor scenarios is necessary to determine the
added value of direct water quality measurements for high-turbidity classification.

The regional context of the Arabian Gulf and the wider Middle East further supports
the need for localized turbidity-exceedance classification frameworks. Recent regional
studies have shown that coastal water quality in Bahrain, Qatar, Kuwait, the UAE, Saudi
Arabia, and the wider Arabian Gulf exhibits strong spatial and temporal variability in
turbidity, chlorophyll-a, total suspended solids, salinity, nutrients, dissolved oxygen, Secchi
depth, and other optical or physicochemical indicators [40-44]. These variations are shaped
by shallow bathymetry, restricted water exchange, high evaporation, extreme temperature
regimes, urbanization, desalination and industrial activities, sediment resuspension, and
episodic biological or particulate-loading events [45-47]. However, most regional studies
have focused on water quality assessment, standards development, long-term trend anal-
ysis, or satellite-based retrieval of optical water quality variables rather than operational
classification of short-term high-turbidity exceedance events [48,49]. This creates a clear
need for site-specific machine learning frameworks that combine automated in situ seawa-
ter observations with meteorological predictors to support early warning in Gulf coastal
monitoring systems.

Accordingly, this study develops a scenario-based machine learning framework for
classifying high-turbidity exceedance using water quality and meteorological predictors.
The specific objectives are to (i) evaluate whether selected meteorological variables alone
can classify turbidity exceedance; (ii) determine whether adding water quality variables im-
proves classification performance; (iii) compare selected-variable scenarios with all-variable
scenarios; (iv) assess the influence of imbalance treatments on minority-class detection; and
(v) rank model performance using multiple classification metrics and computational-time
considerations. We used an automated seawater monitoring dataset from the Arabian Gulf,
where turbidity was converted into a binary target using a 2 NTU operational threshold and
where water quality records were temporally matched with NASA POWER meteorological
variables. This threshold was not intended as a universal regulatory limit but was adopted
as a conservative exceedance criterion representing the upper-bound baseline of relatively
clear open and coastal marine waters. Previous studies on open-coastal and reef-associated
waters have shown that turbidity commonly remains within the <1-2 NTU range under
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non-disturbed conditions, whereas higher values are often associated with sediment resus-
pension, river plume influence, runoff, wind-driven mixing, or other particulate-loading
events [8,9,50]. In addition, long-term turbidity above approximately 3 NTU has been
associated with sublethal coral stress, supporting the use of 2 NTU as a conservative early-
warning threshold below reported ecological stress levels [51,52]. The final dataset included
5166 valid observations after quality control screening and temporal matching, and four pre-
dictor scenarios were evaluated: meteorological-only selected variables, combined selected
variables, water-quality-only all variables, and combined all variables. Class-imbalance
treatments, including oversampling and SMOTE, were also assessed as part of the modeling
framework. This framework supports the development of practical early-warning tools for
high-turbidity events in coastal water-quality monitoring systems.

2. Materials and Methods
2.1. Data Acquisition and Study Framework

The data used in this study were obtained from a seawater monitoring station along
the eastern coast of Saudi Arabia in the Arabian Gulf. This station was selected because
it was the only site accessible to the authors with a sufficiently long and complete record
containing all required water quality variables. The exact station coordinates are not re-
ported because the site is associated with confidential operational coastal water-quality
monitoring infrastructure. The analyzed water quality variables were recorded using an
automated monitoring system installed at the station. The original dataset comprised
9644 monitoring records collected between June 2017 and December 2023, including both
daily and sub-daily measurements. Before model development, the raw records were
subjected to quality control screening to remove missing, incomplete, and inconsistent
observations. Following quality control screening and temporal matching with NASA
POWER meteorological variables, 5166 valid observations were retained from the original
9644 records for analysis. The excluded records contained missing, incomplete, or inconsis-
tent water quality measurements, resulting in an irregular monitoring record with temporal
gaps rather than a fully continuous daily time series. Because these gaps limited the appli-
cation of conventional chronological folds and high-turbidity observations represented a
minority class, a stratified random split was used to preserve the class proportions in the
training and testing subsets.

The water quality variables included turbidity (Turb), water temperature (Temp), pH,
conductivity (Cond), chlorides (C1™), alkalinity (Alk), and chlorine (Chlor). Turbidity was
used to construct the binary classification target (Y), while the remaining water quality
variables were used as predictors in the combined modeling scenario. To complement
the water quality observations, meteorological variables were obtained from the NASA
POWER database for the same study period and location. The meteorological predictors
included air temperature (T), relative humidity (RH), wind speed (WS), wind direction
(WD), dew-point temperature (DEW), wet-bulb temperature (WET), specific humidity (QV),
surface pressure (PS), shortwave radiation (SW), longwave radiation (LW), precipitation
(Precip), cloud amount (CC), and surface temperature (TS).

The water quality and meteorological datasets were temporally aligned using the
date and time information available in the records. This matching ensured that each water
quality observation was paired with the corresponding meteorological conditions. After
temporal matching, the integrated dataset was used to develop a binary classification
framework for predicting turbidity exceedance.

Turbidity was transformed from a continuous variable into a binary response using a
threshold value of 2 NTU. The binary target variable was defined as given by Equation (1),
where T; is the measured turbidity value for observation 7, Y; = 1 represents high-turbidity
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conditions, and Y; = 0 represents low- or normal-turbidity conditions. Accordingly, the
classification objective was to estimate the probability of turbidity exceedance given the
available predictor variables as expressed in Equation (2), where X; represents the predictor
variables for observation 7.

1, ifT;, >2
v, =4 U (1)
0, ifT, <2
P(Y; =1[X;) =P(T; >2]X;) 2)

Four predictor scenarios were developed to evaluate the predictive contribution of
meteorological variables, water quality variables, and their combined use for turbidity
exceedance classification. In Scenario 1, only selected NASA-derived meteorological pre-
dictors were used to determine whether atmospheric and surface-weather conditions alone
could classify high-turbidity exceedance. This scenario represents a weather-driven early-
warning model. In Scenario 2, selected NASA meteorological predictors were combined
with selected measured seawater quality variables to assess whether internal physicochem-
ical water conditions improve classification performance beyond meteorological forcing
alone. In Scenario 3, all available water quality variables were used without meteorological
predictors to evaluate the standalone predictive value of direct seawater measurements.
In Scenario 4, all available water quality and meteorological variables were combined
to determine whether retaining the full predictor set provides additional improvement
compared with the selected-variable scenarios. Comparing these four scenarios allowed
the study to assess the relative importance of meteorological forcing, direct water quality
measurements, variable selection, and predictor redundancy. The variables used in the
modeling framework, along with their categories, units, and descriptions, are summarized
in Table 1, while their descriptive statistics, including the minimum, first quartile, median,
mean, third quartile, and maximum values, are presented in Figure 1.

Table 1. Description of variables used in the turbidity classification models.

Variable Category Unit Definition/Description
Turb Water quality NTU Seawater turbidity
Y Binary target Unitless (Y = 1) if turbidity (>2); (Y = 0) if turbidity (<2)
Temp Water quality °C Seawater temperature
pH Water quality Unitless Seawater acidity /alkalinity
Cond Water quality uS/cm Electrical conductivity
CL™ Water quality mg/L Chloride concentration
Alk Water quality mg/L as CaCOs Seawater alkalinity
Chlor Water quality mg/L Residual chlorine
T Meteorological °C Air temperature at 2 m
RH Meteorological % Relative humidity at 2 m
WS Meteorological m/s Wind speed at 2 m
WD Meteorological degrees Wind direction at 2 m
DEW Meteorological °C Dew-point temperature at 2 m
WET Meteorological °C Wet-bulb temperature at 2 m
Qv Meteorological g/kg Specific humidity at 2 m
PS Meteorological kPa Surface pressure
SW Meteorological W/m? Shortwave radiation
Lw Meteorological W/m? Longwave radiation
Precip Meteorological mm/hour Corrected precipitation
CcC Meteorological % Cloud cover
TS Meteorological °C Surface temperature
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Figure 1. Descriptive statistics heat table showing the minimum, first quartile (Q1), median, mean,
third quartile (Q3), and maximum values of the water quality and NASA meteorological variables
used in the turbidity classification models.

2.2. Data Preprocessing and Class-Imbalance Treatment

After temporal matching of the water quality records with the NASA meteorological
variables, the integrated dataset was prepared for binary classification modeling. Records
with missing turbidity values were excluded because turbidity was required to define the
response variable. Records with missing or incomplete predictor values were also removed
during the data screening process. Therefore, the final reduced dataset used for model
development contained only complete valid records, and no missing-value replacement
was applied.

Feature scaling was applied according to the requirements of each model. Standard-
ization was performed for scale-sensitive classifiers, including the SVM and KNN, because
their learning processes depend on distances, margins, or similarity measures among ob-
servations. These predictors were standardized as given by Equation (3), where X7 is the
standardized value of predictor X;, y is the mean of the training data, and ¢ is the standard
deviation of the training data. In contrast, tree-based models, including RF and XGBoost,
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do not require feature scaling because their learning process is based on decision-tree
splitting rules rather than distance calculations or coefficient estimation [25].

Xi—p
o

1

)

The dataset was divided into training and testing subsets using a stratified 80:20
split. Stratification was applied to preserve the relative proportions of low- and high-
turbidity observations in both subsets, which was important because high-turbidity events
represented the minority class. The training subset, representing 80% of the data, was
used for model development, cross-validation, and hyperparameter tuning, whereas the
remaining 20% was held out as an independent testing subset and used only for final model
evaluation. This separation ensured that model tuning was performed without using the
independent test data, thereby reducing optimistic bias and providing a more reliable
assessment of model generalization to unseen observations.

Within the training subset, stratified five-fold cross-validation was applied for model
tuning and validation. In this procedure, the training data were divided into five ap-
proximately equal folds while maintaining the proportion of low- and high-turbidity
observations in each fold. During each cross-validation iteration, four folds were used
for model training, and the remaining fold was used for validation. This process was
repeated five times so that each fold served once as the validation fold. Hyperparameters
were selected based on the average cross-validation performance across the five folds.
A systematic Grid Search procedure was used to evaluate predefined combinations of
model hyperparameters within the stratified five-fold cross-validation framework. For
each model, the hyperparameter combination achieving the best mean validation perfor-
mance was selected and subsequently fitted to the full training subset before evaluation on
the independent testing subset.

Because high-turbidity observations represented the minority class, class imbalance
was addressed using class weighting and three resampling strategies: random under-
sampling, random oversampling, and the Synthetic Minority Oversampling Technique
(SMOTE). Random undersampling reduces the number of majority-class observations to
balance the class distribution, whereas random oversampling balances the dataset by dupli-
cating minority-class observations. In contrast, SMOTE generates synthetic minority-class
observations based on nearest-neighbor relationships rather than simply duplicating exist-
ing samples, making it suitable for improving model learning from imbalanced datasets [53].
These imbalance treatments were considered for the machine learning classifiers to evaluate
the sensitivity of model performance to different sampling strategies. Class weighting
increases the penalty assigned to misclassification of the minority high-turbidity class. For
XGBoost, imbalance was handled using the scale-positive-weight parameter, which was
calculated as expressed in Equation (4), where Njjeqative is the number of low-turbidity
observations, and Nsiive is the number of high-turbidity observations.

Nnegative

(4)

scale_pos_weight = Nposiio

To avoid information leakage, all preprocessing steps that learned information from
the data were applied only within the training workflow. Feature scaling was fitted
using the training folds and then applied to the corresponding validation fold. Similarly,
when undersampling, oversampling, or SMOTE was used, the resampling procedure was
applied only to the training folds during cross-validation and was not applied before
the train—test split, to the validation folds, or to the independent testing subset. After
hyperparameter tuning, the final optimized models were evaluated on the independent
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testing subset using the original class distribution to assess their ability to classify unseen
observations [54]. All data preprocessing, statistical analyses, machine learning modeling,
hyperparameter tuning, and performance evaluations were implemented in Python 3.13.9.
Meteorological variables from NASA POWER were retrieved through the NASA POWER
API and processed in Python, where temporal matching, data cleaning, and integration
with the water quality dataset were performed using standard scientific libraries, including
pandas, NumPy, and scikit-learn.

2.3. Variable Selection and Classification Model

Predictor correlation analysis was first performed to examine pairwise linear asso-
ciations among the input variables before model development. Pearson’s correlation
coefficient was used because it provides a direct measure of the strength and direction of
the linear association between two continuous variables [55]. Pearson’s correlation coeffi-
cient was calculated using Equation (5), where r is the Pearson correlation coefficient, X and
Y are two predictor variables, and X and Y are their mean values. The resulting correlation
coefficients were arranged in a correlation matrix to visually assess the relationships among
all predictors. Values of r range from —1 to +1, where values close to +1 indicate strong
positive correlation, values close to —1 indicate strong negative correlation, and values
close to 0 indicate weak or no linear correlation. Predictor pairs with an absolute correlation
coefficient greater than 0.80 were considered strongly correlated.

X=X -Y)

— )
VEX-R) (-7

Feature-importance analysis was then applied to evaluate the relative contribution of
each predictor to turbidity classification. RF was used for feature-importance estimation
because it can evaluate predictor relevance based on the reduction in node impurity
achieved by each variable across multiple decision trees [25,56]. The feature importance
of predictor j was expressed in Equation (6), where FI; is the feature-importance score
of predictor j, and Al; represents the reduction in impurity associated with splits using
that predictor.

FI; =) Al (6)

For binary classification, node impurity was measured using the Gini impurity
(Equation (7)), where G is the Gini impurity, and p, is the proportion of samples belonging
to class c. A higher feature-importance value indicates that the predictor contributes more
strongly to separating low- and high-turbidity observations.

G=1-)p; 7)

The correlation matrix and feature-importance results were used together to guide
variable selection. The correlation matrix was used to identify strongly correlated predictor
pairs and potential multicollinearity, whereas feature-importance analysis was used to
assess the predictive relevance of each variable. Variables were not removed based on
correlation alone because highly correlated predictors may still provide useful information
for nonlinear machine learning classifiers. Instead, when two predictors were strongly
correlated, the variable with lower feature importance, weaker physical interpretability,
or lower relevance to turbidity classification was considered for removal. This combined
approach follows the principle that feature selection should account for both statistical
redundancy and predictive relevance [57].
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Accordingly, the variable-selection process was performed in three steps. First, the cor-
relation matrix was examined to identify predictor pairs with strong correlation (|r| > 0.80).
Second, feature-importance scores were used to determine which variables contributed
most to classification performance. Third, variables showing both strong correlation and
low feature importance were considered redundant and were excluded only when their
removal did not reduce model performance during cross-validation or independent testing.
This procedure reduced predictor redundancy while preserving variables that contributed
useful information for classifying turbidity exceedance.

To assess the robustness of the variable-selection procedure, model performance
was evaluated under four predictor scenarios, as summarized in Table 2. The selected-
variable meteorological-only and combined scenarios were used as the main modeling
configurations, whereas the water-quality-only and combined all-variable scenarios were
used as sensitivity analyses. In all scenarios, three sampling strategies were evaluated:
random undersampling, random oversampling, and SMOTE. This comparison allowed
the study to determine whether variable selection improved classification performance,
whether retaining all available water quality and meteorological predictors provided
additional predictive information, and whether model performance was sensitive to the
class-balancing strategy.

Table 2. Summary of predictor scenarios and sampling strategies evaluated in the turbidity classifica-
tion framework.

Scenario Predictor Set Purpose

Evaluate whether selected
meteorological variables alone can
classify turbidity exceedance.

Meteorological only,

Scenario 1 selected variables

Evaluate whether adding selected
Scenario 2 Combined, selected variables =~ water quality variables improves
classification performance.

Evaluate whether measured water
quality variables alone can classify
turbidity exceedance.

Water quality only,

Scenario 3 all variables

Test whether retaining all available
Scenario 4 Combined, all variables water quality and meteorological
predictors improves performance.

2.4. Classification Models

Four machine learning classifiers were used to predict turbidity exceedance: Random
Forest (RF), Extreme Gradient Boosting (XGBoost), Support Vector Machine (SVM), and
K-Nearest Neighbors (KNN). These models were selected to represent different classifica-
tion strategies, including bagging-based ensemble learning, optimized gradient boosting,
kernel-based classification, and distance-based classification. The models were trained
and evaluated under the four predictor scenarios described in Table 2: meteorological-
only selected variables, combined selected variables, water-quality-only all variables, and
combined all variables.

2.4.1. Random Forest

RF was used as a nonlinear ensemble machine learning classifier. The method con-
structs multiple randomized decision trees and aggregates their predictions to improve
predictive performance and reduce the instability of individual trees [25]. RF was included
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because it can model nonlinear relationships, handle predictor interactions, and provide
measures of predictor importance [56].

For binary classification, the predicted class is obtained by aggregating the predictions
from all trees. The final class prediction can be calculated using Equation (8), where Y; is
the predicted class for observation i, i, (X;) is the prediction from tree b, and B is the total
number of trees in the forest.

Y; = mode{h;(X;) }5-, (8)

The predicted probability of turbidity exceedance can be estimated as the average
proportion of trees voting for the high-turbidity class (Equation (9)), where I(-) is an
indicator function that equals 1 if tree b predicts the high-turbidity class and 0 otherwise.
The main tuned RF hyperparameters included the number of trees, maximum tree depth,
minimum number of samples required to split an internal node, minimum number of
samples required at a leaf node, maximum number of predictors considered at each split,
and class-weighting option.

—_
o~)

P(Y; =11X;) = EZ I(hy(X;) = 1) )

2.4.2. XGBoost

XGBoost was used as an optimized gradient-boosting classifier. Unlike RE, which
builds trees independently, XGBoost builds trees sequentially, with each new tree improving
the previous ensemble by reducing classification errors. XGBoost was selected because
it is effective for structured tabular datasets and can model nonlinear relationships and
complex interactions among meteorological and water quality predictors [26].

The XGBoost model output is based on an additive ensemble of decision trees as
expressed in Equation (10), where ; is the model output for observation i, X; is the
predictor vector for observation i, fy is the k-th decision tree, K is the total number of trees,
and F is the space of regression trees.

K
9i= ) fi(X;) (10)
k=1

For binary classification, the predicted probability of turbidity exceedance is obtained
using the logistic transformation as expressed in Equation (11). XGBoost optimizes a
regularized objective function as expressed in Equation (12), where I(y;, 7;) is the loss
function that measures the difference between the observed and predicted values, and
Q(fy) is the regularization term used to penalize model complexity [26]. The tuned
hyperparameters included the number of estimators, maximum tree depth, learning rate,
subsample ratio, column-sampling ratio, and scale-positive-weight parameter for class
imbalance.

. 1
POY; =11X) = 7~ oo (=77 (11)
n K
L=Y 1yi9:)+ ), Qfe) (12)
i= =1

2.4.3. Support Vector Machine

A Support Vector Machine was used as a kernel-based classifier. The SVM aims to
identify an optimal decision boundary that separates the two turbidity classes with the
maximum possible margin. Because the relationship between turbidity exceedance and the
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predictor variables may be nonlinear, the kernel formulation of the SVM was used to allow
nonlinear separation in a transformed feature space [27]. The SVM decision function can
be calculated using Equation (13), where f(X;) is the decision function for observation i,
w is the weight vector, ¢(X;) is the transformed feature vector, and b is the bias term. The
predicted class is assigned according to the sign of the decision function as expressed in
Equation (14).

f(Xi) =w'p(X;) +b (13)
?i _ 1, f(Xz) >0 (14)
0, f(Xi))<0

An SVM was included because it can construct nonlinear decision boundaries and
is suitable for binary classification problems with complex predictor relationships. Since
SVM is sensitive to predictor scaling, standardized input variables were used. The main
tuned SVM hyperparameters included the regularization parameter C, kernel type, kernel
coefficient 7, and class-weighting option.

2.4.4. K-Nearest Neighbors

K-Nearest Neighbors was used as a distance-based classifier. KNN assigns a class
to a new observation based on the classes of the nearest observations in the training
data. It is a non-parametric method that does not assume a specific functional relationship
between predictors and the response variable [28]. For a given observation X, the predicted
class is determined using majority voting among its K nearest neighbors as expressed in
Equation (15), where Nk (X;) is the set of the K nearest neighbors of observation X;, and Y;
is the observed class of neighbor j.

Y; = mode{Y; : j € Nx(X;)} (15)

The predicted probability of high-turbidity conditions can be computed using
Equation (16), where I(Y; = 1) is an indicator function equal to 1 when neighbor j belongs
to the high-turbidity class and 0 otherwise. KNN was included to assess distance-based
classification performance. Because KNN depends directly on distances among obser-
vations, standardized predictor variables were used. The tuned KNN hyperparameters
included the number of neighbors, distance metric, weighting method, and class-imbalance
treatment where applicable.

. 1
PG =1X) =% ) I(Y;=1) (16)
JENK(X)

2.5. Model Performance Evaluation

The performance of the turbidity classification models was evaluated using metrics
derived from the confusion matrix. In this study, high-turbidity observations were treated
as the positive class, while low- or normal-turbidity observations were treated as the
negative class. The confusion matrix includes true positives (TPs), true negatives (TNs),
false positives (FPs), and false negatives (FNs). TPs represent high-turbidity observations
correctly classified as high turbidity, TNs represent low-turbidity observations correctly
classified as low turbidity, FPs represent low-turbidity observations incorrectly classified
as high turbidity, and FNs represent high-turbidity observations incorrectly classified as
low turbidity.
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Accuracy was first used to measure the overall proportion of correctly classified
observations as expressed in Equation (17). Precision was calculated to evaluate the
reliability of high-turbidity predictions using Equation (18).

TP+ TN

A = 17

Y = TP Y TN+ FP+ EN (17)
.. TP

Precision = TP+ D (18)

Recall, also known as sensitivity, was used to measure the ability of the model to cor-
rectly identify actual high-turbidity observations as expressed in Equation (19). Specificity,
as expressed in Equation (20), was used to evaluate the ability of the model to correctly
identify low- or normal-turbidity observations.

TP
Recall = TPLEN (19)
e TN
Specificity = TN+ FP (20)

The Fl-score was calculated as the harmonic mean of precision and recall using
Equation (21). Because the dataset was imbalanced and high-turbidity observations rep-
resented the minority class, the weighted F1-score was also used. The weighted F1-score
calculates the F1-score for each class and weights it according to the number of observations
in that class as expressed in Equation (22), where C is the number of classes, 1. is the num-
ber of observations in class ¢, n is the total number of observations, and F1, is the F1-score
of class c. This metric was included because it provides a more balanced assessment than
accuracy alone when class frequencies are unequal. The false-positive rate (FPR) was also
calculated using Equation (23).

2 X Precision x Recall

F1 21
Precision + Recall 1)
C n
Weighted F1 =) _ ;CFL; (22)
c=1
Fp
FPR= ————— 2
FP+TN (23)

In addition, the area under the receiver operating characteristic curve (ROC-AUC)
was used to assess the ability of each model to distinguish between low- and high-turbidity
classes across different classification thresholds as expressed in Equation (24), where (TPR)
represents the true-positive rate, which is equivalent to recall. Higher ROC-AUC values
indicate stronger separability between the two turbidity classes.

AUC = /O ' TPR(EPR)A(EPR) (24)

Model performance was evaluated using accuracy, precision, recall, specificity, F1-
score, weighted F1-score, ROC-AUC, and computational time. These metrics were cal-
culated using the independent testing subset after model training and hyperparameter
tuning. Because high-turbidity observations represented the minority class, performance
interpretation focused on precision, recall, F1-score, and ROC-AUC rather than accuracy
alone. The weighted F1-score was included as an additional summary metric but was not
used as the only performance criterion because it can be influenced by the majority class.
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Computational time was also recorded to assess the practical efficiency of each classi-
fier. Training time was measured as the time required to fit each optimized model, while
prediction time was measured as the time required to generate class predictions for the
testing subset. This allowed for the comparison of both predictive performance and compu-
tational efficiency across the RF, XGBoost, SVM, and KNN models under the four evaluated
predictor scenarios. The results were summarized using confusion matrices, grouped
bar plots of the classification metrics, ROC curves, and computational-time plots. These
graphical outputs were used to compare model performance and efficiency across the
evaluated classification scenarios.

Model ranking was performed using a multi-metric evaluation approach rather than
relying on accuracy alone. Because the dataset was imbalanced and high-turbidity ob-
servations represented the minority class, priority was given to metrics that reflect the
model’s ability to identify exceedance events while maintaining reliable overall classifica-
tion. Therefore, the ranking considered the ROC-AUC, F1-score, precision, recall, specificity,
and weighted F1-score. To calculate the overall ranking, each model was first evaluated
using these metrics, and the metric values were then combined into a single overall score.
This score represents the average multi-metric performance of each model, giving a more
balanced comparison than any individual metric. Models with higher overall scores were
ranked higher because they showed stronger and more consistent performance across the
full set of evaluation criteria.

The ROC-AUC was used to assess the overall separability between low- and high-
turbidity classes, while the F1-score was used to evaluate the balance between precision and
recall for the high-turbidity class. Recall was considered important because missing high-
turbidity events may reduce the usefulness of the model for early-warning applications,
whereas precision and specificity were used to assess false-positive control. The weighted
Fl-score was included to account for the performance across both classes while considering
their different sample sizes. When models showed similar classification performance,
the selected-variable scenario was considered preferable because it achieved comparable
accuracy with fewer predictors and lower redundancy.

3. Results
3.1. Descriptive Analysis and Class Distribution

The descriptive distribution of turbidity values indicates a strongly imbalanced binary
classification problem, with most observations concentrated under low-turbidity conditions.
As shown in Figure 2, 4408 observations, representing 85.3% of the dataset, were classified
as low turbidity (<2 NTU), whereas only 758 observations, representing 14.7%, exceeded
the 2 NTU threshold and were classified as high turbidity. The histogram and density
curve show that turbidity values are highly right-skewed, with a dominant concentration
of observations below approximately 1 NTU and a smaller secondary cluster above the
exceedance threshold. This pattern suggests that high-turbidity events occurred less
frequently but formed a distinct minority class that is important for water-quality warning
and classification purposes. Therefore, the observed class imbalance justified the use of
stratified data splitting and imbalance-treatment strategies during model development to
ensure that the minority high-turbidity class was adequately represented during training
and evaluation. The final dataset used for modeling included 5166 valid observations after
quality control screening and temporal matching with meteorological variables.
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Figure 2. Distribution of turbidity observations and binary class separation using the 2 NTU ex-
ceedance threshold. Blue bars represent low-turbidity observations (<2 NTU), orange bars represent
high-turbidity observations (>2 NTU), and the green curve shows the density distribution.

3.2. Predictor Correlation and Variable Selection

As shown in Figure 3, the predictor correlation analysis revealed several strong associ-
ations among the water quality and meteorological variables, indicating the presence of
potential redundancy within the full predictor set. Among the water quality variables, con-
ductivity and chloride showed a very strong positive correlation (r = 0.99), suggesting that
both variables represented closely related ionic-strength information. Temperature-related
meteorological variables also showed strong intercorrelations, including air temperature
with surface temperature (r = 0.97), wet-bulb temperature (r = 0.92), and longwave radia-
tion (r = 0.88). In addition, dew-point temperature and specific humidity were strongly
correlated (r = 0.98), while surface pressure showed strong negative correlations with air
temperature, wet-bulb temperature, longwave radiation, and surface temperature. Al-
though these correlations indicated possible multicollinearity, variables were not removed
based on correlation alone because nonlinear classifiers may still benefit from partially
redundant predictors.

Therefore, the correlation results were interpreted together with the RF feature-
importance rankings shown in Figure 4. The feature-importance analysis indicated that pH
was the most influential predictor for turbidity classification, followed by alkalinity, short-
wave radiation, wind speed, conductivity, chlorine, and chloride. This ranking shows that
both internal water quality conditions and selected meteorological drivers contributed to
distinguishing low- and high-turbidity observations. Based on the combined interpretation
of Figures 3 and 4, variables with strong redundancy, low feature importance, and limited
additional physical contribution were excluded, whereas variables with high importance
or clear relevance to turbidity processes were retained.
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Figure 3. Correlation heatmap of water quality and meteorological predictors used for turbidity
classification.

Accordingly, the selected meteorological-only scenario included T, RH, WS, WD, QV,
SW, Precip, and CC, whereas the selected combined scenario included Temp, pH, Cond, Alk,
Chlor, T, RH, WS, WD, DEW, SW, Precip, and CC. These selected predictor sets were used in
the subsequent classification modeling to reduce redundancy while preserving the variables
most relevant to turbidity exceedance prediction. In addition to the two selected-variable
scenarios, the water-quality-only all-variable scenario (S3) and the combined all-variable
scenario (54) were also retained as sensitivity scenarios. Including S3 and 54 allowed the
analysis to compare the selected predictor sets against broader predictor configurations
and to determine whether variable selection improved classification performance relative
to using all available water quality and meteorological variables.
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Figure 4. RF feature-importance ranking of water quality and meteorological predictors.

3.3. Model Performance
3.3.1. Meteorological-Only Model Using Selected Variables

The meteorological-only selected-variable scenario demonstrated moderate ability to
classify turbidity exceedance under the three class-balancing strategies: undersampling,
oversampling, and SMOTE (Figure 5). Overall, the ROC-AUC values ranged from 0.81
to 0.86 across the evaluated classifiers, indicating that selected meteorological predictors
contained useful but incomplete information for distinguishing low- and high-turbidity
conditions. Under undersampling, the models achieved high recall values, particularly
the SVM (0.91), showing strong sensitivity to high-turbidity events. However, this was
accompanied by low precision values of approximately 0.31-0.32, suggesting that many
low-turbidity observations were incorrectly classified as high turbidity. Oversampling
provided a more balanced performance, with RF achieving the highest accuracy (0.85),
specificity (0.91), weighted Fl-score (0.85), and ROC-AUC (0.85) among the oversampling
models. SMOTE also produced stable results, where RF and XGBoost achieved the highest
ROC-AUC value of 0.86 and weighted Fl-scores of 0.83 and 0.81, respectively. Across
all sampling strategies, precision remained relatively lower than recall and specificity,
highlighting the difficulty of accurately identifying the minority high-turbidity class using
meteorological variables alone. These findings suggest that selected meteorological vari-
ables can support early-warning classification, but their limited precision indicates that
meteorological forcing alone does not fully capture the internal water quality processes
controlling turbidity exceedance.
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Figure 5. Performance of meteorological-only selected-variable models under different sampling
strategies.

3.3.2. Combined Model Using Selected Variables

The combined selected-variable scenario showed a clear improvement in turbidity
classification performance compared with the meteorological-only scenario, as shown by
the higher metric values in Figure 6 relative to Figure 5. Across all sampling strategies,
the models achieved high accuracy values of 0.89-0.95 and ROC-AUC values of 0.96-0.98,
indicating strong discrimination between low- and high-turbidity observations. Under
undersampling, recall remained high for all classifiers (0.88-0.91), but precision was lower
(0.59-0.63), suggesting a greater tendency toward false-positive predictions. Oversampling
produced the most balanced results, with RF achieving the highest accuracy (0.95), precision
(0.83), specificity (0.97), weighted Fl-score (0.95), and ROC-AUC (0.98). SMOTE also
provided stable performance, with both RF and XGBoost achieving an ROC-AUC value
of 0.97 and weighted F1-score of 0.94. The higher precision achieved after adding water
quality variables indicates better identification of actual high-turbidity events with fewer
false alarms. Overall, these results confirm that adding water quality variables improved
model reliability and provided a better-balanced classification of turbidity exceedance than
meteorological predictors alone.

3.3.3. Water-Quality-Only Model Using All Variables

The water-quality-only all-variable scenario achieved strong and consistent classifica-
tion performance across the three sampling strategies, confirming that measured water qual-
ity variables alone provided substantial information for identifying turbidity exceedance,
as shown in Figure 7. Overall, the models produced high accuracy values ranging from
0.90 to 0.95 and ROC-AUC values ranging from 0.95 to 0.96, indicating strong separa-
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tion between low- and high-turbidity observations. Under undersampling, all classifiers
showed balanced performance, with accuracy close to 0.91-0.92, recall between 0.86 and
0.89, and specificity between 0.91 and 0.93. Oversampling improved precision and the
Fl-score, particularly for RF and XGBoost, where both models achieved an Fl-score of
0.81. SMOTE produced the best overall result for XGBoost, with the highest accuracy,
precision, specificity, and weighted F1-score and an ROC-AUC of 0.95. Compared with
the meteorological-only scenario, the higher precision and Fl-score values indicate that
water quality predictors provided more direct information for reducing false alarms and im-
proving classification balance. These findings show that water quality variables are highly
effective for turbidity exceedance prediction, even without meteorological predictors.
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Figure 6. Classification performance of the combined selected-variable scenario across sampling
strategies.

3.3.4. Combined Model Using All Variables

The combined all-variable scenario also achieved strong classification performance, as
shown in Figure 8, confirming that the full set of water quality and meteorological predictors
provided robust information for turbidity exceedance prediction. Overall, accuracy ranged
from 0.89 to 0.95, and the ROC-AUC ranged from 0.96 to 0.98, indicating very good
discrimination between low- and high-turbidity observations. Under undersampling,
recall remained high at 0.88-0.91, although precision was lower at 0.58-0.67, indicating
a greater tendency toward false-positive predictions. Oversampling produced the most
balanced performance, with RF achieving the highest precision and F1-score of 0.83 and
the highest ROC-AUC of 0.98, while XGBoost and the SVM also showed strong and stable
results. SMOTE likewise yielded consistently high performance, with XGBoost reaching
an accuracy of 0.95 and both RF, XGBoost, and KNN achieving ROC-AUC values of 0.98.
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Compared with the water-quality-only scenario, the inclusion of meteorological variables
provided only a modest overall improvement, suggesting that water quality predictors
carried most of the predictive signal, while meteorological inputs offered supplementary
information. These findings indicate that the combined all-variable scenario was highly
effective, but its performance was broadly comparable to that of the combined selected-
variable scenario, showing that variable selection reduced redundancy without sacrificing
predictive skill.
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Figure 7. Classification performance of water-quality-only all-variable models across sampling
strategies.

3.4. Ranking of Scenario-Based Model Performance

The scenario-based models were ranked using a multi-metric comparison that empha-
sized balanced detection of the minority high-turbidity class rather than accuracy alone. As
shown in Table 3, the ranking considered the ROC-AUC, F1-score, precision, recall, speci-
ficity, and weighted F1-score, and these metrics were summarized using an overall score.
The top-ranked models were mainly from the combined-predictor scenarios, indicating
that integrating water quality and meteorological variables improved turbidity exceedance
classification. The highest-ranked model was XGBoost under the combined all-variable
scenario with oversampling, which achieved the highest overall score of 0.905, along with
strong accuracy, high recall, a high Fl-score, and an ROC-AUC of 0.973. Although RF
under the same scenario showed slightly higher precision, specificity, and ROC-AUC, it
was ranked second with an overall score of 0.904 because its recall was lower, meaning
that it missed more high-turbidity observations. The third-ranked model was XGBoost
with SMOTE under the combined all-variable scenario, which achieved the highest ROC-
AUC of 0.977 but ranked third with an overall score of 0.902. The fourth-ranked model
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Figure 8. Classification performance of the combined all-variable scenario across sampling strategies.
Table 3. Ranking of the top-performing scenario-based turbidity classification models.
Rank Scenario Sampling/Model Accuracy Precision Recall Specificity F1-Score Weighted F1 ROC-AUC Os‘grfeu
1 S4 Oversampling / XGBoost 0.945 0.768 0.895 0.954 0.827 0.947 0.973 0.905
2 S4 Oversampling/RF 0.950 0.833 0.822 0.972 0.828 0.950 0.976 0.904
3 S4 SMOTE/XGBoost 0.947 0.805 0.842 0.965 0.823 0.947 0.977 0.902
4 S2 Oversampling/RF 0.949 0.832 0.816 0.972 0.824 0.949 0.976 0.902

The confusion matrices in Figure 9 provide a more detailed explanation of the ranking
by showing how each top model balanced correct high-turbidity detection against false
alarms. The first-ranked model correctly detected the largest number of high-turbidity
observations, with 136 true positives and only 16 false negatives. This explains why it
obtained the highest overall score in Table 3 despite not having the highest precision among
the four models, as the main objective was to improve the detection of exceedance events.
The second-ranked model produced fewer false positives, with only 25 low-turbidity
observations incorrectly classified as high turbidity, but it missed more high-turbidity cases
than the first-ranked model. The third-ranked model showed strong overall discrimination
and the highest ROC-AUC, but its slightly lower recall and higher number of missed high-
turbidity cases reduced its overall rank. The fourth-ranked model had a confusion-matrix
pattern very close to the second-ranked model, indicating that the combined selected-
variable scenario retained nearly the same predictive capability as the combined all-variable
scenario while using fewer predictors.
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Figure 9. Confusion-matrix comparison of the four top-ranked turbidity classification models.

Figure 10 further confirms that all four top-ranked models had excellent class sep-
aration ability, with ROC curves well above the random-classifier line and AUC values
close to 0.98. The small differences among the ROC curves indicate that all selected models
had strong discrimination ability; however, the final ranking followed the overall score
reported in Table 3, which reflects the combined balance between recall, precision, F1-score,
specificity, weighted F1-score, and ROC-AUC. Overall, oversampling-based XGBoost under
the combined all-variable scenario was selected as the best model because it achieved the
highest overall score (0.905) and provided the strongest balance between high-turbidity
detection, classification reliability, and overall discrimination.

3.5. Optimized Hyperparameters of the Ranked Models

The optimized hyperparameters of the four highest-ranked classification models are
summarized in Table 4. These tuned settings were used to train the final ranked models and
ensure that the comparison was based on optimized configurations rather than default pa-
rameters. For example, the first-ranked XGBoost with oversampling used 100 estimators, a
maximum depth of 5, a learning rate of 0.10, a subsampling ratio of 0.80, a column-sampling
ratio of 0.90, and a minimum child weight of 3, reflecting a moderately complex model
with controlled tree growth. In comparison, the second-ranked RF with oversampling used
200 estimators, no maximum-depth restriction, log2 as the maximum-feature criterion,
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5 minimum samples for splitting, and 1 minimum sample per leaf, allowing the ensem-
ble to capture nonlinear relationships while reducing excessive feature use at each split.
Opverall, reporting these hyperparameters improves the reproducibility of the classification
analysis and supports the reliability of the final scenario-based model ranking.
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Figure 10. ROC curves of the four highest-ranked turbidity classification models.

Table 4. Optimized hyperparameters of the four highest-ranked classification models.

Rank Scenario

Sampling/Model Optimized Parameters

n_estimators = 100, max_depth = 5, learning_rate = 0.10,

1 54 Oversampling /XGBoost subsample = 0.80, colsample_bytree = 0.90, and
min_child_weight = 3.
) n_estimators = 200, max_depth = None, max_features = log2,
2 54 Oversampling/RF min_samples_split = 5, and min_samples_leaf = 1.
n_estimators = 300, max_depth =5, learning_rate = 0.10,
3 54 SMOTE/XGBoost subsample = 0.90, colsample_bytree = 1.00, and
min_child_weight = 1.
4 s Oversampling/RF n_estimators = 300, max_depth = 15, max_features = log2,

min_samples_split = 2, and min_samples_leaf = 1.

3.6. Computational-Time Comparison

The overall computational-time comparison of the tuned classification models is
shown in Figure 11. Clear differences were observed between training and prediction time
across both model types and scenarios. At the model level, the SVM required the longest
average training time, reaching about 2.2 s, followed by RF at approximately 0.4 s, while
XGBoost and KNN showed much shorter training times. For example, KNN had almost
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negligible training time because it mainly stores the training data rather than building a
complex fitted model. However, its prediction time was higher than XGBoost because
each new sample must be compared with stored observations during classification. At
the scenario level, the meteorological-only selected-variable scenario required the highest
average training time, exceeding 1.0 s, and also showed the highest prediction time of about
0.07 ms/sample. In contrast, the combined all-variable and water-quality-only scenarios
remained computationally efficient, indicating that computational cost was influenced by
both model structure and predictor interactions.

(a) Average training time by model (b) Average prediction time by model
RF [ @ =@
XGBoost [~@ 1O
svM Q @
KNN D 0
0.0 0:4 0:8 1:2 116 0.00 0.62 0.;)4 0.;)6 0.;)8
Average training time (s) Average prediction time (ms/sample)
{c) Average training time by scenario (d) Average prediction time by scenario
S1: Meteorological-only
selected variables @ @
§2: C i
selected variables ® ®
$3: Water-quality-only
all variables ® ®
54: C i
all variables i ] ® . . ] ] ;' ;
0.0 0.2 0.4 0.6 0.8 0.00 0.01 0.02 0.03 0.04
Average training time (s) Average prediction time (ms/sample)

Figure 11. Computational-time comparison of the tuned classification models across model types
and predictor scenarios, showing (a) average training time by model type, (b) average prediction
time by model type, (c) average training time by predictor scenario, and (d) average prediction time
by predictor scenario.

The computational-time comparison of the four highest-ranked classification models
is presented in Figure 12. Among these models, the first-ranked XGBoost model under
54 with oversampling was the most efficient, requiring only about 0.08 s for training and
approximately 0.003 ms/sample for prediction. This is important because the same model
also achieved the highest overall score in Table 3, showing that strong classification perfor-
mance was obtained with low computational cost. In comparison, the second-ranked RF
model under 54 with oversampling required about 0.42 s for training and 0.028 ms/sample
for prediction, while the third-ranked XGBoost model under 54 with SMOTE remained
efficient, with about 0.21 s of training time and 0.003 ms/sample prediction time. The
fourth-ranked RF model under S2 with oversampling had the highest cost among the
top four models, requiring approximately 0.53 s for training and 0.039 ms/sample for
prediction. Overall, these results support selecting the first-ranked XGBoost model because
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Rank 1: XGBoost
S4: Combined all | Oversampling

Rank 2: RF
S4: Combined all | Oversampling

Rank 3: XGBoost
S4: Combined all | SMOTE

Rank 4: RF
$2: Combined selected | Oversampling

it provided the best balance between classification performance, high-turbidity detection,
and computational efficiency.

—® (a) —® (b)

T T T T T T T T T
0.00 0.08 0.16 0.24 0.32 0.40 0.000 0.008 0.016 0.024 0.032

Training time (s) Prediction time (ms/sample)

Figure 12. Computational efficiency of the four highest-ranked classification models using tuned
hyperparameters, showing (a) training time and (b) prediction time for the top-ranked scenario—
sampling-model combinations.

4. Discussion
4.1. Role of Water Quality and Meteorological Predictors in High-Turbidity Classification

The comparison among the evaluated predictor scenarios demonstrates that high-
turbidity exceedance classification depends on both external meteorological forcing and
internal water quality conditions. The meteorological-only selected-variable scenario
showed moderate classification ability, with ROC-AUC values ranging from 0.81 to 0.86,
indicating that atmospheric and surface-weather variables contain useful information for
identifying turbidity exceedance. This result is physically reasonable because wind speed,
wind direction, precipitation, radiation, and temperature-related variables can influence
coastal mixing, runoff inputs, sediment resuspension, and surface-water conditions [10-14].
However, the relatively low precision observed in the meteorological-only scenario suggests
that meteorological variables alone were not sufficient to distinguish actual high-turbidity
events from normal conditions with high reliability. This indicates that weather forc-
ing can support early-warning classification, but it does not fully represent the internal
physicochemical processes controlling turbidity variability.

Adding water quality predictors substantially improved classification performance,
confirming the importance of direct seawater measurements for high-turbidity detection.
In the combined selected-variable scenario, the ROC-AUC increased to approximately
0.96-0.98, and the models achieved higher precision, specificity, F1-score, and weighted
F1-score compared with the meteorological-only scenario. This improvement suggests that
variables such as pH, alkalinity, conductivity, chlorine, chloride, and water temperature pro-
vided more direct information on the conditions associated with turbidity exceedance. The
feature-importance analysis also supported this interpretation, as pH and alkalinity were
among the most influential predictors, followed by shortwave radiation, wind speed, con-
ductivity, chlorine, and chloride. These results are consistent with previous studies showing
that machine learning models can capture nonlinear interactions among physicochemical,
hydrological, and meteorological predictors in water quality applications [19-21,23,24].
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The strong performance of the water-quality-only and combined scenarios indicates
that internal water quality variables were the main contributors to exceedance classification,
while meteorological variables provided complementary information. This supports an
integrated monitoring framework in which meteorological predictors represent external
forcing and water quality predictors capture the immediate physicochemical state of sea-
water. Operationally, the combined selected-variable scenario is useful because it achieved
strong classification performance while reducing predictor redundancy. Therefore, combin-
ing selected water quality and meteorological predictors provides a more reliable basis for
detecting high-turbidity events and reducing false alarms.

4.2. Influence of Predictor Selection and Redundancy

Predictor selection was important in this study because the full water quality and
meteorological dataset contained several strongly related variables that could introduce
redundancy without necessarily improving classification performance. The correlation
analysis showed strong associations among conductivity and chloride, as well as among
temperature-related and humidity-related meteorological variables, indicating that some
predictors represented overlapping physical or atmospheric information. In environmen-
tal modeling, such redundancy is common because many monitored variables respond
to shared forcing processes or describe similar system states [35,37,58]. However, cor-
related variables should not be removed automatically, especially in nonlinear machine
learning models, because they may still contain complementary information useful for
classification [25,26,59].

The combined use of correlation analysis and feature-importance ranking provided a
more balanced basis for variable selection than relying on correlation alone. In this study, the
RF feature-importance results identified pH, alkalinity, shortwave radiation, wind speed,
conductivity, chlorine, and chloride as influential predictors, showing that both water
quality conditions and selected meteorological drivers contributed to separating low- and
high-turbidity observations. This approach is consistent with feature-selection principles,
where predictor reduction should consider statistical redundancy, predictive contribution,
model interpretability, and physical relevance [36,60]. Therefore, the selected-variable sce-
narios were designed to reduce unnecessary predictor complexity while retaining variables
that were physically meaningful and useful for turbidity exceedance classification.

The comparison between selected-variable and all-variable scenarios further showed
that retaining all available predictors did not necessarily provide a clear practical advantage.
Although the all-variable scenarios achieved strong performance, the selected combined
scenario provided similarly high classification ability with fewer predictors and lower
redundancy. This is important for operational early-warning systems because simpler
models are easier to interpret, maintain, and implement when sensor availability, data
quality, and computational efficiency are considered [37,59]. Overall, the results indicate
that predictor selection improved the practical usefulness of the classification framework by
preserving the most informative water quality and meteorological variables while avoiding
unnecessary duplication in the predictor set. This interpretation is consistent with your
correlation and feature-importance results, where selected variables were retained based
on both statistical and physical relevance.

4.3. Effect of Class-Imbalance Treatment on Minority Exceedance Detection

Class imbalance strongly influenced model interpretation because high-turbidity
observations represented only 14.7% of the dataset, compared with 85.3% low-turbidity
observations. Under such conditions, accuracy alone can be misleading because a model
may appear to perform well by correctly classifying the majority class while still missing

https:/ /doi.org/10.3390/app16157591


https://doi.org/10.3390/app16157591

Appl. Sci. 2026, 16, 7591

26 of 31

many minority exceedance events [18,29]. Therefore, recall, precision, F1-score, specificity,
and ROC-AUC were more appropriate for evaluating model performance. Recall was
particularly important because it measured the ability to detect actual high-turbidity events,
whereas precision and specificity helped assess whether the model produced excessive
false alarms [17,18].

The imbalance-treatment strategy affected the trade-off between detecting high-
turbidity events and controlling false positives. Undersampling generally improved recall,
indicating greater sensitivity to exceedance events, but it also reduced precision, meaning
that more normal observations were incorrectly classified as high turbidity. This behavior
is expected because undersampling reduces the dominance of the majority class but may
also remove useful low-turbidity information needed to define normal conditions [30,31].
In contrast, oversampling produced more balanced performance in the combined selected-
variable scenario, particularly for RF, which achieved strong accuracy, precision, specificity,
weighted Fl-score, and ROC-AUC. This suggests that increasing the representation of
high-turbidity observations during training helped the models learn the minority class
more effectively while maintaining good separation between the two classes.

SMOTE also provided stable classification performance by generating synthetic minority-
class samples instead of simply duplicating existing high-turbidity observations [53]. This
can help expand the minority-class decision region and improve learning when exceedance
observations are limited. However, SMOTE is not always superior because its performance
depends on class overlap, noise, and the structure of minority observations [33,61]. Over-
all, the results indicate that imbalance treatment was necessary for improving minority
exceedance detection, but the most suitable method depended on the balance between
recall and false-alarm control. In the strongest scenarios, oversampling and SMOTE pro-
vided a better overall balance than undersampling, supporting their use for high-turbidity
early-warning classification.

4.4. Model Ranking, Practical Efficiency, and Early-Warning Implications

Model ranking in this study was based on multiple performance metrics rather than
accuracy alone because high-turbidity observations represented the minority class. In
imbalanced classification problems, accuracy can overestimate model reliability when the
majority class dominates the dataset [18,29]. Therefore, the ROC-AUC, F1-score, precision,
recall, specificity, and weighted F1-score were considered together to evaluate both discrim-
ination ability and the balance between exceedance detection and false-alarm control. The
ROC-AUC was particularly useful for assessing the ability of each model to separate low-
and high-turbidity classes across thresholds, while the F1-score summarized the balance
between precision and recall for the high-turbidity class [17,18].

Across the evaluated scenarios, the strongest models were generally obtained when
water quality predictors were included, especially in the combined selected-variable and
combined all-variable scenarios. This indicates that direct physicochemical measurements
improved the ability of the classifiers to identify high-turbidity exceedance compared with
meteorological predictors alone. Among the evaluated classifiers, RF and XGBoost showed
strong and stable performance because tree-based ensemble methods can capture nonlinear
relationships and interactions among predictors [25,26]. However, model selection should
also consider practical efficiency. A model with slightly higher accuracy may not always be
preferable if it requires more predictors, has greater computational cost, or provides limited
interpretability for operational monitoring.

From an early-warning perspective, the preferred model should provide high recall
without producing excessive false alarms. High recall is important because missing true
high-turbidity events may reduce the usefulness of the warning system, whereas high
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precision and specificity are needed to avoid unnecessary operational responses. The
selected-variable scenarios are therefore practically valuable because they reduce pre-
dictor redundancy while maintaining strong classification performance. This makes the
framework more suitable for real-time or near-real-time coastal monitoring, where rapid
prediction, sensor availability, and simple model interpretation are important. Overall, the
ranking results support the use of a balanced model selection strategy that combines pre-
dictive performance, computational efficiency, and operational reliability for high-turbidity
early-warning applications.

4.5. Limitations and Future Research

Although the proposed framework provided strong classification performance, several
limitations should be acknowledged. First, the dataset was obtained from a single auto-
mated seawater monitoring station along the eastern coast of Saudi Arabia, and the exact
site coordinates were not reported because of operational confidentiality. Therefore, the
results reflect the monitored coastal conditions and should be validated at additional sites
before broader regional generalization. Second, the final dataset consisted of 5166 valid
observations after quality control screening and temporal matching, but the record was
irregular rather than a fully continuous time series. This may limit the ability to fully
capture event persistence, seasonal patterns, and temporal dependence in turbidity ex-
ceedance behavior. Future studies should therefore test time-aware validation strategies
and compare them with random stratified splitting, particularly because temporal and
spatial dependence can affect model generalization in environmental datasets [62].

Another limitation is that the present modeling framework focused on water quality
and NASA POWER meteorological predictors, while other potentially important coastal
drivers were not included. Variables such as tides, currents, waves, bathymetry, coastal
circulation, and nearby discharge or operational activities may influence sediment resuspen-
sion and turbidity dynamics, especially in shallow or semi-enclosed coastal environments.
Future research should integrate hydrodynamic and oceanographic predictors with wa-
ter quality and meteorological data to improve the physical representation of turbidity
exceedance mechanisms. In addition, although NASA POWER variables provide useful
meteorological information in data-limited settings, future studies should compare them
with local in situ meteorological measurements when available to evaluate whether local
observations improve classification reliability [12,38].

Although Random Forest and XGBoost are ensemble learning algorithms, higher-level
ensemble approaches such as voting and stacking were not evaluated. Future research
should examine whether combining classifiers through these approaches can further im-
prove predictive stability and performance. Future research should also examine model
explainability and transferability. While RF and XGBoost showed strong performance,
operational early-warning systems require not only high accuracy but also transparent
interpretation of why exceedance warnings are produced. Explainable machine learning
methods such as local explanation approaches and feature attribution techniques could
help identify the conditions leading to high-turbidity classifications and improve user
confidence in model outputs [30]. In addition, future work could test hybrid modeling
frameworks that combine data-driven learning with process knowledge because purely
empirical models may perform less reliably under conditions not represented in the train-
ing data [63,64]. Overall, future studies should focus on multi-site validation, time-aware
testing, integration of hydrodynamic predictors, and explainable modeling to improve the
robustness and operational applicability of high-turbidity early-warning systems.

Although the selected models represented different learning strategies, other recent
algorithms, such as LightGBM, CatBoost, and neural networks, were not evaluated. There-
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fore, the best-performing model should be interpreted as the best among the models
examined in this study rather than as universally optimal. Future research should compare
these additional algorithms to determine whether they provide further improvements in
predictive performance and stability.

5. Conclusions

This study developed a scenario-based machine learning framework for classifying
high-turbidity exceedance using integrated water quality and meteorological predictors
from an automated coastal seawater monitoring station in the Arabian Gulf. After quality
control screening and temporal matching with NASA POWER meteorological variables,
5166 valid observations were retained from 9644 original records. Using a 2 NTU tur-
bidity threshold, the dataset was converted into a binary classification problem, with
high-turbidity exceedance representing 14.7% of the observations.

The results showed that meteorological predictors alone provided useful but incom-
plete information for high-turbidity classification, with the meteorological-only selected-
variable scenario achieving ROC-AUC values of 0.81-0.86. In contrast, adding water
quality variables substantially improved classification performance, with the combined
selected-variable scenario achieving ROC-AUC values of 0.96-0.98. Overall, water quality
variables carried most of the predictive signal, while meteorological variables provided
complementary information. The water-quality-only all-variable scenario also performed
strongly, whereas the selected combined scenario maintained high performance while
reducing predictor redundancy.

Class-imbalance treatment influenced the balance between detecting high-turbidity
events and controlling false alarms. Undersampling improved recall but reduced precision,
whereas oversampling and SMOTE produced more balanced performance. Overall, the
findings demonstrate that combining selected water quality and meteorological predictors
provides an accurate and practical approach for high-turbidity early-warning classification.
Future research should validate the framework at additional coastal sites, apply time-aware
validation strategies, compare NASA POWER data with local meteorological observations,
and include hydrodynamic variables such as tides, currents, waves, and coastal circulation.
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