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Abstract

Four different machine learning algorithms, including Decision Tree (DT), Random Forest (RF),
Multivariable Linear Regression (MLR), Support Vector Regressions (SVR), and Gaussian Process
Regressions (GPR), were applied to predict the performance of a multi-media filter operating as a
function of raw water quality and plant operating variables. The models were trained using data
collected over a seven year period covering water quality and operating variables, including true
colour, turbidity, plant flow, and chemical dose for chlorine, KMnQ,, FeCls, and Cationic Polymer
(PolyDADMAC). The machine learning algorithms have shown that the best prediction is at a 1-day
time lag between input variables and unit filter run volume (UFRV). Furthermore, the RF algorithm
with grid search using the input metrics mentioned above with a 1-day time lag has provided the
highest reliability in predicting UFRV with a RMSE and R? of 31.58 and 0.98, respectively. Similarly, RF
with grid search has shown the shortest training time, prediction accuracy, and forecasting events
using a ROC-AUC curve analysis (AUC over 0.8) in extreme wet weather events. Therefore, Random
Forest with grid search and a 1-day time lag is an effective and robust machine learning algorithm that
can predict the filter performance to aid water treatment operators in their decision makings by

providing real-time warning of the potential turbidity breakthrough from the filters.
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32 Nomenclature

Symbols

C Cost of Constraints Violation MLR Multivariable Linear Regression

Coef, Constant Parameter in the Sigmoid or MSE Mean Square Error
Polynomial Kernel Function

Cp Complexity Parameter NOM Natural Organic Matter

FN False-Negative NTU Nephelometric Turbidity Unit

FP False-Positive PolyDADMAC  Cationic Polymer

FPR False-Positive Rate RBF Radial Basis Function

IQR Interquartile Range RF Random Forest

K(xi’xj) Kernel Function RMSE Root Mean Square Error

mtry Number of candidate variables ROC Receiver Operator Characteristics
considered at each split

p Number of variables in the input matrix RS Random Search
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Q Quartile SVR Support Vector Regression

TN True-Negative TOC Total Organic Carbon
TP True-Positive UFRV Unit Filter Run Volume
TPR True-Positive Rate WFP Water Filtration Plant
Xi, X; Data Points
¥ MLR Model Prediction Value Greek Symbols
Bo Intercept Coefficient
Abbreviations Bi Regression Coefficient
AUC Area Under the Curve ﬁ Optimal Regression Parameter
DMG Dual Media Gravity y Kernel Function Coefficient
DOC Dissolved Organic Carbon AT Time Lag
DT Decision Tree £ Random Error
GPR Gaussian Process Regression A Penalty Term
GS Grid Search 10 Mapping to a high dimensional

feature space factor

1 Introduction

Extreme weather events, such as intense and frequent heavy rain events, can affect water catchments
and their performance due to the increased concentrations of suspended materials, natural organic
matter (NOM), and inorganic substances in source waters [1, 2]. It has been shown that the water
treatment plant’s production rate can decrease by ~40% due to having weaker flocculants because of
higher NOM in the feedwater after heavy rainfall [3]. These impose additional burdens on water
treatment plants, requiring additional maintenance, chemical use, and waste production [4]. Hence,
the use of a reliable forecasting model for filter performance can, not only help in controlling the
performance of the water treatment plant, but also in predicting the production efficiency depending

on the influent water quality.

Filter performance can be expressed in terms of daily water production, filter run time, unit filter run
volume (UFRV), effluent turbidity, and pressure head loss. Of these, UFRV—defined as the volume of
water filtered through a unit surface area—is a useful way of normalising performance for daily water
production and run time, which depending on the loading rate, can range from 200 m3/m? to 400
m3/m? [5]. Understanding changes in UFRV as a function of feedwater quality and plant operating
variables, such as coagulant dose, provides an effective and robust way to combine large data sets
into useful information on plant performance and potentially provide real-time warning of problems
such as turbidity breakthroughs from the filters. Given the complexity, nonlinearity, and numerous
variables in the filtration models, developing data-driven artificial intelligence (Al) models have been
applied for water quality monitoring as they improve the prediction capability for accurately assessing

water quality parameters [6-9].
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Decision tree (DT) algorithms involve real-time water quality monitoring from multivariate data
collected from different sensors [10, 11]. This identifies high-quality ground-water zones [12], flood
modelling [13], and algal growth prediction [14]. It was reported that an improved DT learning method
could forecast and evaluate the water quality of Chao Lake in Hong Kong and can assess the trophic
status of Poyang Lake in China [6, 7]. Furthermore, the predictive performance of DT models can be
considerably improved by aggregating many independent individual trees, known as random forests
(RF) [15]. The random forest algorithm employs the bootstrap aggregation process to combine a set
of DTs, where each tree is constructed using the best split for each node among a subset of randomly
chosen predictors. RF averages noisy (but unbiased models) to reduce the prediction variance to
mitigate the DT algorithm’s poor performance. RF provides a multivariate, nonparametric, and
nonlinear regression, where the final prediction in regression is made by averaging each tree’s
prediction [15, 16]. Training RF models are less computationally expensive compared to other machine
learning algorithms [17] as they are straightforward to use [18] and can handle highly correlated
predictor variables [17]. Other advantages of the RF algorithm are reducing variance and consistency,
while not increasing the bias of the predictions [19, 20]. Recently, a holistic review of the
implementation of the RF algorithm in water resource applications has shown the effectiveness of

these models for prediction and inference purposes in water resources [21].

Other promising machine learning techniques are the support vector regression (SVR) and Gaussian
process regression (GPR), especially in environmental studies, from soil moisture prediction [22] to
rapid detection of organic contamination events in the water distribution systems [23], and coagulant
dosage prediction in water treatment plants [24]. These algorithms essentially benefit from the
“kernel trick”, which efficiently maps the data into a high-dimensional feature space using a nonlinear
function [8]. Despite the good predictive performance, SVR and GPR algorithms are sensitive to the
choice of hyper-parameters (i.e., parameters that cannot be inferred during the model’s training).
Hence, selecting proper kernel functions and hyper-parameters is crucial in applying SVR and GPR
algorithms to deliver correct results [25, 26]. In general, the main hyper-parameter selection
techniques are gradient-based approaches [27], such as (1) grid search (GS), where the search space
of parameters is split into groups of possible parameters to be tested uniformly [28], and (2) random
search (RS), where possible values for parameters are randomly picked, which exhibited more efficient
in high-dimensional search spaces [25, 29]. In a previous study, we compared different machine
learning algorithms (i.e., multivariable linear regression (MLR), SVR, and GPR with different kernel
functions) to quantify variations in NOM in the raw water reservoir as a function of climatological and
water quality factors [30]. Four independent variables: (1) precipitation, (2) temperature, (3) leaf area

index, and (4) turbidity, were selected to develop and train each machine learning model. It was found
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that model accuracy was very sensitive to the time-lag function, which is used to average climate
observations prior to pairing with DOC observations. The SVR model with a quadratic kernel function
and a 12-day time-lag function provided the highest reliability in predicting the DOC observations with
a RMSE and R? of 1.9 and 0.71, respectively.

In this study, we extend the machine learning approach to predict filter performance in terms of UFRV
in a treatment plant operation on the same drinking water reservoir. The main objective of this paper
is to employ different machine learning algorithms, including multivariable linear regression, decision
tree algorithm, random forests, support vector regression, and Gaussian process regression, to predict
the filter performance in a water filtration plant in terms of influent water quality conditions. Random-
search and grid-search procedures are used to tune the hyper-parameters of the different kernel
functions embedded in SVR and GPR to predict filter performance. The results of regression and

classification models were discussed in terms of error rates and classification precision.

2 Methodology

2.1 Dataset

The data were extracted from the Supervisory control and data acquisition (SCADA) system of the
Nepean Water Filtration Plant (WFP), located in south Sydney, Australia. The Nepean WFP treats
surface water from the Nepean reservoir by pre-oxidation (chlorine and KMnQ,), coagulation, and
flocculation. Two-step filtration processes are used: roughing filtration and dual media gravity (DMG)
filtration, followed by final chlorine disinfection. DMG filters at Nepean WFP consist of two types of
tightly packed filtering materials: a layer of anthracite coal (media depth: 600mm), and layers of fine
sand (media depth: 300mm) and gravel (media depth: 75mm). The plant uses ferric chloride (FeCls) as
the primary coagulant and polyDADMAC as a secondary coagulant [31]. The data consisted of long
timescale measurements of physicochemical water quality parameters that include and are not
limited to turbidity, dissolved organic carbon, color, and pH, as well as filter performance indicator as
UFRV. This dataset was obtained from August 2014 to May 2020, including data from a heavy rainfall
event that happened in February 2020.

The Nepean catchment areas could receive more than 100 mm of rainfall over one month [32]. In
extreme weather events, such as the period between the 7th and the 10th of February 2020, the
catchment received 390 mm of rain [33]. In such a flash-flooding event, the inflows to the WFP could
peak at 80 — 100 NTU. Consequently, an extreme rainfall event could impose a serious challenge on

filtration performance to meet the drinking water Guidelines.
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2.2 Data processing

Data integration, outliers removal, and feature selection are implemented to process the source data
for subsequent modelling. In addition, influent water quality data and chemical dosing parameters
were integrated as a model input, and the filter performance indicators (e.g., UFRV) were used as the

model output.

2.2.1 Outlier detection and boxplot analysis

Boxplot analysis was conducted as it provides insightful visualization for outlier detection. For each
variable, possible outliers were labelled by computing the interquartile range (IQR) [34]. Any data
points less than or greater than the lower and upper fences, respectively, were eliminated (see Eq 1

and Eq 2, where Q; and Q5 are the First and Third quartiles, respectively) [34].

Outlier = Q; — 1.5 X IQR Eq1l
Outlier = Q3+ 1.5 X IQR Eq2

Note that a cautious approach was used when removing the outliers as it could negatively affect the
model accuracy. For example, data from heavy rainfall events might be categorized as outliers using
the boxplot analysis. As such, this data was not removed in the outlier removal process and was still
used in the data processing. On the other hand, a grouped outlier set due to unavoidable device errors

or incorrect measurements was regarded as an outlier and removed from the dataset.

2.2.2 Correlation Analysis

Pearson and Spearman correlation analyses were applied to find the correlation coefficient between
the different parameters to exclude multi-collinearity and to extract the possible relationships
between each parameter. Appropriate input variables were selected beforehand to lower the

computational time and avoid overfitting the model to the training data.

2.3 Establishing the Machine Learning algorithms

Multivariable linear regression, decision tree, random forest, support vector regression, and Gaussian
process regression algorithms were employed to find the best machine learning algorithm that better
estimates the filtration performance. The receiver operating characteristic (ROC) was conducted to
investigate whether the developed machine learning models could predict extreme water quality
events. To visualize the performance of the multi-class classification problem, the area under the curve
(AUC) was computed by generating a confusion matrix, and the true-positive rate (TPR) and false-
positive rate (FPR) metrics were calculated as follows:

TP Eq 3

TPR =7p PN
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Fp Eq4
FP+TN

where TP and FP are true-positives, representing the correctly predicted extreme events with UFRV

FPR =

< 150 m3/m?, and false-positives, representing the model’s false alarms where UFRV < 150 m3/m?,
respectively. In contrast, TN and FN are true-negatives, representing the correct predictions of
normal treatment conditions with UFRV > 150 m3/m?, and false-negatives, representing the failures

to predict the occurrence of extreme events (i.e., failed alarms).

The ROC curve illustrates the trade-off between the TPR and FPR for a suite of possible thresholds
[35]. The AUC values could vary between 0.5 and 1, where values near 1 suggest excellent
performance and values near 0.5 denote poor forecasting accuracy, not differing from random-

classifier [36, 37].

2.3.1 Multivariable Linear Regression
The multivariable linear regression is a baseline model to evaluate the added benefit of using a more
complex model than the conventional linear models. Eq 5 represents the relationship between the
dependent variable (UFRV), and the k independent variables, using the MLR model.
k Eq5
UFRV = BO + Z(,Bixi) + &
i=1
Bo is the intercept coefficient, §; is the regression coefficient, and ¢ is the random error. To estimate

the regression coefficients, the ordinary least squares were used to find the parameters that minimize

the model’s mean squared error (MSE) of the model, as implied by Eq 6.

f = argmin ) (¢ = 90 Fa 6
The UFRV is denoted as § = {J;|i = 1,2, ...n}), ﬁ represents the optimal regression parameter, and

9, represents the MLR model prediction value calculated by Eq 5.

2.3.2 Decision Tree

Although the decision tree method has many advantages, such as fast calculation speed, high
efficiency, and relatively insensitive to missing values [11], they are considered noisy models [38] and
tend to overfit the model to the training samples [39]. Intuitively, the tree construction does not
continue beyond the current node if the cost of adding another branch from the current node is higher

than the complexity parameter (Cp), which is calculated as:

Cp = Z Missclass; + A X (split) Eq 7

terminal nodes
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where A is the penalty term, also known as the regularization rate that is used to tune the over impact
of regularization on the complexity error. A Cp value of 1 represents a tree with only 1 split that does
not account for variable interactions. In this work, the optimal value for Cp was determined for each

model using the hyperparameter optimization techniques discussed in section 2.4.1.

2.3.3 Random Forests
The “mtry” parameter (i.e., the number of candidate variables considered at each split) is optimized
using grid and random search techniques to run the RF algorithm. The mtry default value was selected

at p/3, where p is the number of variables in the input matrix [15].

2.3.4 Kernel-based regression models

The kernel function denotes an inner product in feature space and is represented as:

K, = () $(x) Eq8
Where ¢ is the mapping to a high dimensional feature space. Choosing the right kernel function and
fine-tuning its hyper-parameters depends on the problem and the information extracted.
Consequently, the predicted filter performance (UFRV denoted as y = {§;|i = 1,2,..n}) is

determined as:

N N Eq9
y = Z._l aiK(xi,x) +b

Support vector regression and gaussian process regression were used as Kernel-based regression
models. The SVR model can concurrently minimize model dimensions and estimation errors, while
having decent generalization ability and less prone to over-fitting [40]. GPR requires a relatively small
training data set that includes stability, flexibility, generalization capacity, and flexible kernel functions
[18, 41]. In this study, the kernel functions used for the SVR and GPR algorithms and their adjustable

hyper-parameters are presented in Table 1.

2.3.5 Adjustable hyper-parameters

Table 1 lists commonly used kernel functions for SVR and GPR, and the adjustable parameters for
selected machine-learning algorithms. In these kernel functions, x; and x; are two different data points
in the training data set. Degree defines the dimension of the polynomial function, and Coef, is the
constant parameter in the sigmoid or polynomial kernel function. The gamma parameter (y) defines
how far the influence of a single training example reaches. Cost (C) is the cost of constraints violation,
which means when the value is small, the penalty for misclassification is reduced, which means having
a strong generalization ability. For example, in the application of SVR with kernel function, the

hyperparameters, namely y (the coefficient of the kernel function) and C (the regularisation parameter
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of the optimisation problem) are key points in the training process of the SVR model. The
hyperparameter C controls the trade-off between minimising the model’s complexity and minimising
the training error. The hyper-parameter y represents the width of the Radial Basis Function (RBF)
kernel, and it determines whether the model will tend to over-fit the training data or it would make
the model not flexible enough for complex function approximation [42].

Table 1: Set of common kernel functions used in this study for selected machine learning algorithms
along with their adjustable parameters

Machine .
. . Adjustable
learning Kernel Equation
. parameters
algorithm
Linear kernel K(xi,xj) =x"x+c¢
Polynomial kernel K( )= (axi X+ c)d Degree, scale, offset
XiXj
SVR ; ; ; 2
Radial basis function K(xi,x]-) = exp (—V(xi _ xj) ) Gamma, cost
(RBF) kernel
Sigmoid kernel K(xixp) = tanh (ax; - x; + ¢) Scale, offset
RBF kernel -1 2 Sigma
K (xyx;) = €xp (m (xi = ;) )
Laplacian Kernel ||xi - xj” Sigma
K(xl-,xj) =exp T
Hyperbolic Tangent K(xi,xj) = tanh (ax; - x; + ¢) Scale, offset
GPR kernel
ANOVA Kernel L 4 | Sigma, degree
2 7
K(xpx) = Z exp (—a(xik — x;%) )
vXj
k=1
Bessel Kernel _ ]U+1(a||xl- - xj”) Sigma, order, degree
(xpxj) = ”x _ x_”—n(v"'l)
i T4
DT NA NA Cp
RF NA NA mtry

The mapping that the kernel functions are represented to transform the non-linear input space to a
high-dimensional feature space where linear regression is possible depends on the intrinsic
topological structure of the data. This requires the kernel type and hyper-parameters to be optimised
to approximate the ideal mapping [43]. This study focused on commonly used kernel functions,
namely, the RBF, the polynomial, the sigmoid (hyperbolic tangent), the laplacian, and the Bessel kernel
for SVR and GPR as supervised machine learning algorithms (outlined in Table 1). The predictive
performance of SVR and GPR machine learning algorithms depends exclusively on the suitability of

the selected hyper-parameters. While hyperparameter tuning has widely been applied to find a good
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combination of control parameters in the model, there has yet to be much discussion on which

hyperparameter optimisation technique is best in machine learning model development.

As there is no exact method to obtain the best possible set of hyper-parameters, search algorithms
are usually applied to find the optimal set of hyper-parameters [44-46]. Hence, in this paper, two
separate search algorithms, random search and grid search, were implemented in combination with
a 10-fold cross-validation procedure on each candidate parameter vector for adjusting hyper-
parameters of SVR and GPR to guarantee the maximum possible quality of the final machine learning
algorithms. It should be noted that grid search and random search were selected as hyperparameter
optimisers as they are among the more popular methods for hyperparameter optimisation. Other
hyperparameter optimisation methods, such as the Bayesian optimisation method used in other water
treatment plant applications [47] were considered, but required biased inputs, such as operator
experience, were not used in this study which focussed only water quality and filter performance data.
could be explored in future studies. The selection of the initial ranges of parameters is a common
problem in both grid search and random search algorithms, which can be selected either based on
experience with the regression problem studied, or using large ranges of parameters [28]. The usage
of large parameter ranges implies an increase in the search space and the training time of the machine
learning algorithms. Table 4 shows the range of values for hyper-parameters explored in this work [25,
28, 48-51]. The results of the random search hyper-parameter optimisation algorithm were compared

to the best results found in the grid search.

2.4 Time-lag function

All data indicators (i.e., operational data, chemical dosing, water quality parameters, and filtration
performance) were temporally paired with each other. Theoretically, it takes as long as the residence
time for water to go through different steps in a water filtration plant and pass through the filters. In
reality, however, the water quality conditions and treatment regime at a given time might not lead to
the recorded filter performance at that same time. Hence, a time-lag function is used to represent the
delay between recorded filter performance indicators, and the associated operational data and water
quality conditions. Time lags from zero up to three days for model input variables were considered.

When the time lag is zero (AT=0), the filter performance indicators are in sync with the time of the
model input variables. Whereas when the time lag is two (AT=2), the model input variables are for a

time that is 2 days ahead of the time of the filtration performance indicators. In other words, the

model simply uses the previous value as the prediction for the future.

N Eq 10
5}T = Z . (Xl'K(xl.’x)T_AT +b a

i=

10
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As the time lag was unknown, the performance of machine learning algorithms was evaluated as a

function of time lag, while the lag that provided the strongest performance was selected.

2.5 Performance and accuracy assessment of machine learning algorithms

The framework to train, validate, and test the machine learning algorithms to predict filtration
performance is presented in Figure 1. A 10-fold cross-validation was utilised for performance
assessment of machine learning algorithms in which the training data are divided into 10 subsets of
approximately equal size [30]. The resulting machine learning models are established by training on
nine subsets, and one subset was retained to test the model. The procedure is repeated 10 times with
each subset used for testing once, while the error of the machine learning model is determined by
averaging the test errors over the 10 trials. The root mean squared error (RMSE) and mean square
error (MSE) were employed as the statistical indicators for estimation performance. This approach
was used to model plant performance over a range of conditions from normal to extreme. The
extreme events occur over short temporal scales and are infrequent and there is insufficient data to

train and independently test the model.

Once the optimum machine learning model and the optimal time lag were determined, the final model
could be used to optimise the plant performance by changing the influencing treatment parameters.
To evaluate whether developed models can predict the events with low filtration performance, the
ROC and AUC were used by plotting the true-positive rate versus the false-positive rate at different
thresholds. The values of AUC-ROC range between 0.5 and 1, where 1 denotes a model's excellent
forecast capacity and 0.5 indicates its poor predictive accuracy [52]. This was programmed, trained,

and tested using Matlab by MathWorks [53].

11
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3 Results and Discussion

3.1 Data processing

The Pearson correlation analysis observations are listed in Table 2. It was noticed that UFRV was not
influenced by temperature (r=0.02), pH (r=-0.03), total Mn (r=0.02), and alkalinity (r=0.05) (Table 2).
Hence, the parameters with no correlations were excluded as potential variables. DOC/TOC was also
removed as potential explanatory variables because the number of measurements was not enough
and considering them as variables meant that Dissolved Organic Carbon (DOC) and Total Organic
Carbon (TOC) data had to be removed as explanatory variables data. Parameters with a correlation
coefficient of more than 0.4 with the target variable (UFRV) were selected as independent potential
input variables. To comprehensively consider the amount of data in the dataset, KMnO,4 was also
considered as an input parameter to investigate the potential effects of oxidants on filtration
performance. Hence, UFRV was correlated with seven parameters: (1) true colour, (2) turbidity, (3)
flow, (4) chlorine, (5) KMnQ,, (6) FeCls, and (7) Cationic Polymer (PolyDADMAC). The statistical
descriptions of the influencing factors, including mean, median, maximum, minimum, and standard
deviation, are shown in Table S1.

Table 2: Pearson correlation analysis between filter performance indicator (UFRV) and potential
explanatory variables

Ferric Cationic

Method: Pearson Turbidity DOC TOC True Colour Flow Temperature pH total Mn Alkalinity KMnO, Chlorine . UFRV
Chloride Polymer
Turbidity 1.00
DOC 0.60 1.00
TOC 0.58 0.96 1.00
True Colour 0.67 0.65 0.68 1.00
Flow -0.37  -0.39 -0.39 -0.40 1.00
Temperature -0.24 0.22 0.27 -0.14 0.01 1.00
pH -0.06 -0.13 -0.15 -0.17 -0.04 0.10 1.00
total Mn 0.04 -0.19 -0.01 0.24 0.07 0.25 0.06 1.00
Alkalinity -0.29 -045 -0.23 -0.25 -0.12 0.09 054 031 1.00
KMnO, 0.01 043 0.57 0.43 -0.12 -0.35 0.17 0.34 0.43 1.00
Chlorine 0.54 0.65 0.54 0.66 -0.60 -0.01 0.27 0.31 0.34 0.29 1.00
Ferric Chloride 0.57 0.56 0.42 0.61 -0.62 0.06 0.18 0.20 0.05 0.01 0.86 1.00
Cationic Polymer 054 053 0.31 0.66 -0.64 0.11 -0.09 -0.07 -0.28 0.06 0.51 0.86 1.00
UFRV -0.52 -0.32 -0.30 -0.57 0.61 0.02 -0.03  0.02 0.05 0.21 -0.43 -049 -0.48 1.00

Five models with a different number of predictor parameters, as presented in Table 3, were
considered to analyse their contribution to the accuracy of the predicted filtration performance
indicator. For example, the difference between Model-1 and Model-2 is that FeCls has been included

in Model-2 to determine whether considering FeCls will improve the accuracy of the predicted model.
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Table 3: Set of influent water quality and operational input variables used in each model for UFRV

estimation
Model Model Predictor Variables
Model-1 Flow True Colour Turbidity
Model-2 Flow True Colour Turbidity FeCls
Model-3 Flow True Colour Turbidity FeCl; PolyDADMAC
Model-4 Flow True Colour Turbidity FeCl; PolyDADMAC Chlorine
Model-5 Flow True Colour Turbidity FeCl; PolyDADMAC Chlorine KMnO4

3.2 Hyper-parameter tuning with Grid Search and Random Search

The optimal hyper-parameters for each supervised machine learning model with the lowest RMSE
were computed by GS and RS techniques. RS randomly generated a set of candidate parameters from
the same tuning range for GS as in Table 4. Table 4 also presents the optimum parameter values only
for Model-4 with a one-day time lag. The optimal values of the hyper-parameters with respective
kernel functions computed by RS and GS techniques for all five models and different time lags up to 3
days are shown in Table S2. The optimum hyper-parameters for each machine-learning algorithm
(Table S2) were applied in selected kernel functions to compare how well each machine-learning
algorithm can estimate the UFRV of filters. Whereas the Cp was used to adjust the DT model
performance for predicting the UFRV. 10-fold cross-validation was considered in developing the DT
model to avoid overfitting [54]. For the grid search technique, a grid network was established in the
range of 0 to 1 with Cp to find the optimal value of Cp in the present study. Eventually, the Cp value
of 0 was defined as the optimal value for the DT algorithm for 5 selected models and different time-
lag values (see Figure S1 in the Supplementary Information document).

Table 4: Adjustable parameters for each supervised machine learning model and tuned optimum
parameter values

Optimal parameter

setting
Supervised Kernel Tuned Search range (Model-4 with one-day
model Function parameters time lag)
Grid Random
Search Search
Degree [2, 9] 4 3
SVR Polynomial Cost [22, 21%] 1 1
Gamma [215, 29 0.01 0.1
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313
314
315
316
317
318
319
320
321
322

323

Cost [2:2, 219] 3 82
RBF
Gamma [2715, 23] 0.8 0.15
_ _ Scale [0, 10] 0 1
Sigmoid
Offset [0, 10] 1 0.1
RBF Sigma [10°3, 109 0.65 0.7
Laplacian Sigma [1073, 10%] 0.5 0.5
Hyperbolic Scale [0, 10] 1 3
GPR Tangent Offset [0, 10] 5 1
Sigma [1073, 10%] 1 0.2
Bessel Order [1, 10] 1 1
Degree [1, 5] 5 5
DT Cp [0, 1] 0 0.02
RF mtry [1, number of model predictors] 2 2

3.3 Machine learning model performance assessment

Once the optimal values of the hyper-parameters using GS and RS techniques were determined, the

performance of the optimisation process for selected machine learning algorithms was evaluated. It

is important to consider the optimal hyper-parameter measures to determine the best predictive

machine learning algorithm for filtration performance prediction. Figure 2 compares the effects of

increasing the time-lag from 0 to 3 days between UFRV and model input variables (Model-1 to -5 in

Table 3) on the performance of developed machine learning algorithms, which include MLR, DT, RF,

and SVR with different kernel functions, as well as GPR with different kernel functions that are based

on R-squared values. Figure 2 also shows whether incorporating more parameters as model input

would improve UFRV predictions.
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Figure 2 shows that considering a 1-day time lag between input variables and UFRV as model output
resulted in better predictions than time-lags of 0, 2, and 3 days for all the machine learning algorithm.
For example, the results show that by applying the MLR algorithm to Model-4 (input variables: true
colour, turbidity, flow, FeCls, PolyDADMAC, and Chlorine), the R-squared values for having the time-
lag of 0, 1, 2, and 3 days to be 0.54, 0.64, 0.61, and 0.57 respectively. This implies that the regression
model for UFRV prediction has a higher predictive power when using a time-lag of 1-day in this
dataset. Also, Model-4 and Model-5 showed better performance in terms of R-squared than Model-
1, Model-2, and Model-3. However, incorporating KMnO, as a model input variable (i.e., the difference
between Model-4 and Model-5, see Table 3) did not enhance the model performance in terms of R-
squared with 1-day time lag using SVR-RBF, GPR-RBF, GPR-Bessel, and DT algorithms. In other machine

learning algorithms, it only improved the model predictions marginally.

It is also essential to identify the root mean square error (RMSE) of the machine learning models to
identify the best model in UFRV prediction, as shown in Figure 3. The results of Figure 2 and Figure 3
revealed that RF with grid search for Model-4 (model input variables are true colour, turbidity, flow,
FeCls, PolyDADMAC, and Chlorine) and 1-day time lag provided high reliability in predicting UFRV
(R2=0.98). The DT algorithm with Model-4 and 1-day time lag yielded a weaker performance compared
to those of the RF model (R?=0.90, Figure 2 (a)). Among the SVR algorithms with different kernel
functions (i.e., linear, polynomial, RBF, and sigmoid), the SVR algorithm with the sigmoid kernel
function (SVR-Sigmoid model) provided the lowest performance (R?=0.00). Its performance with both
grid search and random search was even lower than those of the MLR model (Figure 2 (b) and Figure
2 (e)). However, the SVR with RBF kernel functions for Model-4 with a 1-day time lag performed better
than the other SVR algorithms with an RMSE of 33.68 (Figure 3 (b)) and R% of 0.92 (Figure 2 (b)). The
GPR algorithm with RBF, Laplacian, and Bessel kernel functions provided a good performance based
on the RMSE, and R? (Figure 2 (c) and Figure 2 (f)). The GPR algorithm with hyperbolic kernel function
provided the poorest performance in this study. Thus, the developed RF algorithm with grid search for
Model-4 with a 1-day time lag performed better than the SVR-based model, the GPR model, and the
DT model, with an RMSE of 31.58 (Figure 3 (a)) and R?of 0.98 (Figure 2 (a)).
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Figure 3: RMSE of estimated UFRV from different Machine learning algorithms by increasing the
time-lag between UFRV and model input variables (Models-1 to -5) from 0 to 3 days

Figure 4 compared the results of hyperparameter tuning by the grid search and random search
optimisation methods with a 1-day time lag between model output and input variables. Figure 4 shows
that the outcomes from the grid search and random search hyperparameter optimisation methods

were broadly similar in their performance measures that partially reflect previously reported findings

[29].
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Figure 4: Comparison between the R-squared values of estimated UFRV from the grid search and
random search hyperparameter optimization methods by the different machine learning algorithms
with a 1-day time lag between UFRV and input variables

Interestingly, the difference in R-squared between the two hyper-parameter optimisation methods
(random search and grid search) is marginal for kernel functions that only have one or two adjustable
parameters (e.g., GPR-RBF). In contrast, there is a large difference in the R-squared of the final UFRV
model between grid search and random search for the kernels in SVR and GPR algorithms with more
than two adjustable parameters (e.g., SVR with a polynomial kernel function). This can be explained
by the additional parameters that are optimised by the polynomial kernel function compared to only

two parameters (y and C) in the SVR with RBF kernel function.

3.4 Grid Search vs. Random Search

Once the machine learning models were analysed, a comparison to evaluate which model is more
suitable for this dataset was carried out (i.e., the speed at each model converges relatively to the other
selected algorithms). By normalising RMSE against the machine learning algorithm with the highest
RMSE (SVR-Sigmoid in Figure 3) and relatively comparing the training time, Figure 5 depicts a summary
of the performance obtained with different machine learning algorithms including MLR, DT, RF, SVR,
and GPR with different kernel functions for Model-4 with a 1-day time lag between UFRV and model
input variables. In this case, the performance was determined in terms of R-squared (maximum), the

training time (minimum), and normalised RMSE (minimum) by each model.
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Figure 5: Performance comparison between machine learning algorithms predicting UFRV with a 1-
day time lag between UFRV and model input variables including flow, true colour, turbidity, FeCls,
PolyDADMAC, and Chlorine

Figure 5 shows that the SVR-sigmoid provided the worst performance in this dataset with the highest
normalised RMSE, lowest R-squared, and the highest relative training time. However, the better
models are RF, SVR-RBF, and GPR with RBF and Laplacian as they reported greater prediction accuracy
in terms of the lowest RMSE and the highest R-squared. In addition, the random search hyper-
parameter optimisation technique took less training time than the grid search considerably. For the
RF algorithm, the relative training times using the grid search and random search optimisation
techniques were similar, but the grid search method provided a higher R-squared value and a lower
RMSE. Hence, the machine learning algorithms with top performance in terms of training time and
prediction accuracy were RF with grid search, SVR-RBF with random search, GPR-Laplacian with

random search, and GPR-RBF with random search, respectively.

3.5 ROC Analysis

The ROC-AUC curve analysis was carried out to find out whether developed machine learning models
that have better performance than the others (RF, SVR-RBF, GPR-Laplacian, and GPR-RBF) could also
predict extreme water quality events. The UFRV threshold for such events was determined by studying
the changing relationship between discharge and UFRV of filters (hysteresis) during an individual
storm event in February 2020. The hysteresis between discharge and UFRV is presented in Figure 6,
and the UFRV threshold for such events was set to be 150 m3/m? as the UFRV during an extreme
rainfall event (high flowrates) was less than 150 m3/m?2. Figure S2 in the Supplementary Information
document shows the ROC curve for the extreme weather events (UFRV <150 m3/m?) using RF, SVR-
RBF, GPR-Laplacian, and GPR-RBF algorithms and a 1-day time lag between UFRV and model input

variables.
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Figure 6: The hysteresis plot associated with the UFRV of filters

Model-5 with GPR-Laplacian algorithms yielded maximum AUC values of 0.86, while the RF, SVR-RBF,
and GPR-RBF algorithms yielded AUC values of 0.83, 0.85, and 0.85, respectively (see Table 5). The
results of AUC values indicate that machine learning algorithms with top performance in this study
(i.e., RF with grid search, SVR-RBF with random search, GPR-Laplacian with random search, and GPR-
RBF with random search), not only can predict UFRV with high prediction accuracy and lowest relative
training time, but they can also provide high reliability in forecasting events with low UFRV (AUC was
over 0.8, above the random level, as shown in Table 5).

Table 5: The ROC-AUC curve analysis results for the extreme weather events (UFRV < 150 m3 /m?)
using RF, SVR-RBF, GPR-Laplacian, and GPR-RBF algorithms

Machine Learning Algorithm

AUC-ROC
Random Forest SVR-RBF GPR-Laplacian GPR-RBF
Model-1 0.78 0.75 0.76 0.73
Model-2 0.78 0.77 0.78 0.73
Model-3 0.79 0.80 0.80 0.74
Model-4 0.83 0.83 0.84 0.81
Model-5 0.83 0.85 0.86 0.85

4 Conclusion

In this study, eleven machine learning regression algorithms were applied to estimate the filter
performance from water quality and operational data. The required input parameters were
determined using an exhaustive feature selection technique, and two separate hyperparameter
optimisation methods (grid search and random search) to optimise the parameter set. The key findings

arising from the study are:
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A 1-day time lag between input variables and unit filter run volume as model output resulted
in better predictions than time lags of 0, 2, and 3 days.

The developed random forests algorithm with grid search using true colour, turbidity, flow,
FeCls, PolyDADMAC, and Chlorine as model input variables, and considering a 1-day time lag
performed better than the SVR-based model, the GPR model, and the DT model, with an RMSE
of 31.58, and R?of 0.98.

In terms of extreme wet weather events UFRV prediction, the UFRV threshold for such events
was set to be 150 m3/m? from the hysteresis between discharge and UFRV. The machine
learning algorithms with top performance in terms of the training time, prediction accuracy,
and forecasting events with low UFRV (AUC over 0.8) were RF with grid search, SVR-RBF with
random search, GPR-Laplacian with random search, and GPR-RBF with random search,

respectively.

In conclusion, the estimated UFRV of DMG filters in a direct filtration plant were in agreement with

the actual measured values observed using machine learning-based algorithms with optimised hyper-

parameters. Overall, this study showcases the potential of the machine-learning approach to utilise

influent water quality and operating data to predict the filter performance in a water filtration plant.
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