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Abstract

Sand media filters used in microirrigation systems must remove suspended particle load
for avoiding emitter physical clogging. Turbidity is a parameter related to suspended
particle load that it is easy and quick to measure and it is also included in some
guidelines for reusing effluents in irrigation. Currently, there are not sufficiently
accurate models available to predict outlet turbidity for sand filters, which would be
useful for both irrigators and engineers. The aim of this study was to obtain a predictive
model able to perform an early detection of the sand filter outlet value of turbidity. This
study presents a powerful and effective Bayesian nonparametric approach, termed
Gaussian process regression (GPR) model, for predicting the output turbidity (Turb,)
from data corresponding to 637 samples of different sand filters using reclaimed
effluent. This optimization technique involves kernel parameter setting in the GPR
training procedure, which significantly influences the regression accuracy. To this end,

the most important parameters of this process are monitored and analyzed: type of filter,

*Corresponding author. Tel.: +34-985103417; fax: +34-985103354.
E-mail address: lato@orion.ciencias.uniovi.es (P.J. Garcia Nieto).
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height of the filter bed (H), filtration velocity (v) and filter inlet values of the electrical
conductivity (CE;), dissolved oxygen (DO;), pH;, turbidity (Turb;) and water
temperature (T;). The results of the present study are two-fold. In the first place, the
significance of each variable on the filtration is presented through the model. Secondly,
a model for forecasting the outlet turbidity was obtained with success. Indeed,
regression with optimal hyperparameters was performed and a coefficient of
determination equal to 0.8921 for outlet turbidity was obtained when this new predictive
GPR-based model was applied to the experimental dataset. The agreement between

experimental data and the model confirmed the good performance of the latter.

Keywords: Gaussian process regression (GPR); Bayesian statistics; Machine learning

techniques; Drip irrigation; Clogging

1. Introduction

Shortage of fresh water resources has stimulated the use of reclaimed effluents with
microirrigation systems since these systems offer several agronomic, environmental and
health advantages regarding other irrigation methods (Trooien and Hills, 2007; Tal,
2016). However, the use of effluents pose an increased emitter clogging risk due to their
higher salt, nutrients, solid and biological concentrations. Thus, the greatest challenge
when using effluents is preventing emitter clogging to keep microirrigation systems
operating as designed (Trooien and Hills, 2007). Despite a proper selection of emitter
reduces emitter clogging (Zhou et al., 2019), operation and maintenance practices such
as filtration, water treatment, dripline flushing and monitoring system performance are
required when effluents are used (Trooien and Hills, 2007).
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Sand media filters are considered the standard for protection of microirrigation systems
(Trooien and Hills, 2017) since they usually remove more particles and therefore reduce
emitter clogging (Ravina et al., 1997; Capra and Scicolone, 2007; Duran-Ros et al.,
2009; Tripathi et al., 2014; Wen-Yong et al.,, 2015). However, investment and
maintenance costs for sand filters are greater (Pujol et al., 2011) and require high
technological and professional standards (Capra and Scicolone, 2007), which is aligned
with the growth of precision microirrigation (Madramootoo and Morrison, 2013). In this
regard, advanced techniques such as neural networks (ANN), gene expression
programming (GEP) (Marti et al., 2013), support vector machines (SVM) (Garcia-Nieto
et al., 2016) have been used for predicting the filtered volume and the value of dissolved
oxygen — an indicator of the water quality — at sand media filter outlets. More recently,
Garcia-Nieto et al. (2017, 2018) used hybrid algorithms and gradient boosted regression
trees for modeling pressure loss in these filters. However, prediction of turbidity values
at microirrigation sand filter outlet has not been completely successful (Puig-Bargués et
al., 2012) although better results have been obtained in a pilot multi-media filter
(Hawari and Alnahhal, 2016). Turbidity is a parameter related to suspended load
(Stevenson and Bravo, 2019) that it is easy and quick to measure using specific sensors.
Accurate prediction of turbidity is becoming interesting since several guidelines for
using reclaimed effluents in irrigation (e.g. USEPA, 2012; Alcalde-Sanz and Gawlik,

2017) include thresholds values for this parameter.

Thus, the application of the innovative methodology that combines the Gaussian
process regression (GPR) approach (Rasmussen, 2003; Kuhn and Johnson, 2018;

Ebden, 2015) with the optimization algorithm Limited-memory Broyden-Fletcher-
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Goldfarb-Shanno (LBFGSB) (Liu and Nocedal, 1989; Byrd et al., 1994; Zhu et al.,
1997) to foretell the outlet turbidity in sand media filters used in microirrigation systems
could be an interesting approach since, at the knowledge of the authors, has not been yet
addressed in previous investigations. GPR is a machine learning method developed on
the basis of statistical theory and Bayesian theory. It is a nonparametric regression
method and can be considered a complex model with capability to model nonlinearities
and variable interactions (Rasmussen, 2003; Ebden, 2015). When this method is
compared with other machine learning techniques (Hastie et al., 2003; Mather and
Johnson, 2015), GPR has several advantages (Rasmussen and Williams, 2006): (1) GPR
has an important generalization capacity; (2) the hyperparameters in GPR can be self-
adaptively calculated; and (3) the GPR outputs have clear probabilistic meaning. In this
study, the LBFGSB method was applied successfully to optimize the GPR
hyperparameters. Previous researches show that GPR is an effective tool in many fields,
such as irrigation mapping (Chen et al., 2018), wind engineering and industrial
aerodynamics (Ma et al., 2019), applied geophysics (Noori et al., 2019), applied
demography (Wu and Wang, 2018), psychology (Schulz et al., 2018), mechanical
engineering (Kong et al., 2018), environmental engineering (Liu et al., 2018), tracking
and positioning (Ko et al., 2007a), deformation observation (Rogers and Girolami,
2016), system identification and control (Ko et al., 2007b) and so on. However, it has

never been used in microirrigation sand filters.

The main objective of the present study was to predict the outlet turbidity (Turb,) in
sand media filters that worked with reclaimed effluents using Gaussian Processes (GPs)

in combination with the LBFGSB parameter optimization technique.
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The structure of this paper is organized as follows: Section 2 introduces the
experimental setup and variables involved in this study as well as the GPR method,
Section 3 describes the results obtained with this model by comparing the GPR results
with the experimental measurements, including the importance of the input variables
and validating the efficacy of the proposed approach; and finally, Section 4 concludes

this study with a list of main findings.

2. Materials and methods

2.1. Experimental setup

A filtration platform with three sand media filters fed with the reclaimed effluent of the
wastewater treatment plant of Celra (Girona, Spain) was used for carrying out the
experiment. Each one of the filters had a different underdrain design: inserted domes
(model FA-F2-188, Regaber, Parets del Valles, Spain), arm collector (model FA1M,
Lama, Sevilla, Spain) and porous media (prototype designed by Bové et al. (2017)) (see

Fig. 1).

All the filters were filled with silica sand CA-07MS (Sibelco Minerales SA, Bilbao,
Spain) with the same characteristics: an effective diameter (De, size opening which will
pass 10% of the sand) of 0.48 mm and a coefficient of uniformity (ratio of the sizes
opening which will pass 60% and 10% of the sand through, respectively) of 1.73. Two

media heights were tested for each filter: 20 and 30 cm, respectively.

Each filter operated on a 8 h daily basis and not simustaneously with the other two.

Sligth changes on the operation time were sporadically set for solving different
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operation and maintenance issues. Two filtration velocities were used for each filter: 30
and 60 m/h, respectively. Each combination of media height and filtration velocity was
tested during 250 h. The filters were automatically backwashed when the pressure loss
across them reached 50 kPa for more than 1 min. The backwashing was carried out
during 3 min with previously filtered effluent that was chlorinated for achieving 4 ppm

target chlorine concentration.

Filtered and backwashed effluent volumes, pressures across the filter and some effluent
quality parameters before (pH, temperature, electrical conductivity, turbidity and
dissolved oxygen) and after (only turbidity and dissolved oxygen) being filtered were
measured and recorded every minute in a supervisory control and data acquisition

system (SCADA) fully described by Solé-Torres et al. (2019).

Fig. 1. Picture of the experimental set-up with the three filter designs: (a) red: arm

collector; (b) blue: inserted domes; and (c) green: porous media prototype.

2.2. Variables involved in the model and materials tested

The main objective of this study was to compute the outlet turbidity as a function of
different experimentally measured parameters that the GPR—based model needs as
input. The output variable is the outlet turbidity which is an indicator of the quality of
the filtered effluent and it is directly related to physical clogging risk of emitters of

microirrigation systems. The operation input variables are as follows:
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Filter: Each one of the three filter designs (porous, dome and arm collector)

described in section 2.1. It is a categorical variable;

Height of the filter bed (cm): this is an operation variable for sand filters. Two

different filter bed heights of 20 and 30 cm were tested for each filter;

Filtration velocity (m/h): it is a variable related to filter operation. Two filtration
velocities (30 and 60 m/h) were tested for each filter since these follow within

the common range of velocities suggested by the manufacturers;

Electrical conductivity (uS/cm): it is a general measure of water quality related

to salinity, which is a constraint for using microirrigation (Tal, 2016);

Dissolved oxygen (mg/l): it is a variable related to the ability of water to support
aquatic life. This is a common parameter used for controlling biological

treatment in wastewater plants;
pH: it measures water acidity or alkalinity;
Water temperature (°C): temperature of the effluent at the filter inlet;

Input turbidity (FNU): this a key parameter for water quality that measures water

clarity, which depends on suspended solid load;

Filtered volume (m?®): it measures the volume of effluent filtered in each

filtration cycle.

2.3. Gaussian process regression (GPR)

GPs are Bayesian state-of-the-art tools for discriminative machine learning (i.e.,

regression, classification, and dimensionality reduction). GPs assume that a GP prior
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governs the possible latent functions, which are unobserved, and the likelihood (of the
latent function) and observations shape this prior to produce posterior probabilistic
estimates. Consequently, the joint distribution of training and test data is a
multidimensional GP, and the predicted distribution is estimated by conditioning on the

training data (Camps-Valls, 2016).

To fix ideas, a Gaussian distribution is a probability distribution that explains the

random variables including vectors and scalars. On the one hand, this kind of

distribution is fully stated exactly through the mean and covariance:x: N ( ,u,0'2). On

the other hand, a Gaussian process can be seen as a generalization of the Gaussian
probability distribution and applies over functions. From the functional space point of
view, a Gaussian procedure is an ensemble of random variables, that is to say, any finite

number having a joint Gaussian distribution.

2.3.1. The fundamentals of GPR
Suppose that D = {(Xl., yi)/ i=1,2,.,N } depicts the training dataset of the Gaussian

approach. Moreover, the feature vectors X, € R" comprise the extracted features or the

merged features and the pertinent segregation parameters. The observed target values y,

reproduce the outlet turbidity (Turb,) measured in a filtration process, respectively.
N . . . . .

X = {Xi}i=1 depicts the input matrix of training dataset, y = { yl.}fil symbolizes the output

vector. A Gaussian process f (x) defines a prior over functions, which can be converted

into a posterior over functions once we have seen some data. A Gaussian process can
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be fully stated exactly by using its mean function m(x) and covariance function

k(x, x’). In this way, the Gaussian process is indicated as (Rasmussen and Williams,
2006; Marsland, 2014):

f(x) : GP(m(x),k(x,x’)) (1)

so that

m(x)=EL/(x)] ®
k(x,x')= E[(f(x)—m(x))(f(x')—m(x'))T}

The mean function m(x) depicts the anticipated value of the function f(x) at the input
pointx . The covariance function k(x,x') can be taken into account as a measurement

of the confidence level for m(x), and it is required that k(-,-) be a positive definite

kernel. In general, the mean function is set to be zero for notation simplicity, but it is
also reasonable if there is no prior knowledge about the mean variable, as is the case in

this study.

The choice of the covariance function is critical for the Gaussian process. It describes
the assumptions about the latent regression model and, therefore, is also referred to as
the prior (Schneider and Ertel, 2010). In this research, the affine mean function and
squared-exponential (SE) covariance function are expressed as follows (Shi and Choi,

2011; Kuhn and Johnson, 2018):

—x| 3)
R
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being / the characteristic length-scale and 0; the signal variance. The parameter

selection of the SE covariance function has a direct effect on the performance of the

Gaussian process. Here, / controls the horizontal scale over which the function changes,

and O'f, controls the vertical scale of the function.

The function values f (x) are not achievable in most applications. In practice, only the

noisy observations are available given by:

y=/f(x)+¢ 4)

so that & i1s the additive white noise and besides suppose that Gaussian noise is

independent and identically distributed such that £: N (O,O'n2 ), where o, is the

standard deviation of this noise. Any finite number of the observed values can also

constitute an individual Gaussian process as given by (Vidales, 2019):

y: GP(m(x),k(x, x')+025,.)= GP(O,k(x,x’)+025.4) (5

n- i n-ij

where J; is the Kronecker delta function described as:

1 if =y
5, = |
70 otherwise

The purpose of the GPR model is to foretell the function value f~ and its variance

cov( f *) given the new test point X . In this sense, X depicts the input matrix of test

dataset and N the size of test dataset. Taking into account the definition of Gaussian
process, the observed values and the function values at new test points obey a joint

Gaussian previous distribution which can be expressed as:

10
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[y] K(X,X)+o 1 K(X,X) (6)
N ,

f K(x.x) K(x

where:
e K(X,X):is the covariance matrix of training dataset;
e K (X "X *) : is the covariance matrix of test dataset;

e K (X , X *): depicts the covariance matrix obtained from the training and test

* w\T
dataset. Furthermore K(X ,X) = K(X,X ) .

Since yand f° are jointly distributed, it is possible to condition the prior on the

observations and ask how likely predictions for the f" are. This can be expressed as:

£'lX", X,y: N(f*,cov(f*)) (7)

where
T = E[f* X*,X,y} =K(X" . X)[K(X.X)+a2I ]y (®)
cov(f*):K(X*,X*)—K(X*,X)[K(X,X)+aj]]_1 K(X.X") ©)

Afterwards, the subsequent distribution can be used for the forecast of new test input

points. Indeed, f* is the predicted output value of the GPR model for test point.

Additionally, confidence interval (CI) of the predicted output value can be calculated

through the variance cov(f*). For instance, the 95% CI can be determined by
[f*—2><,/cov(f*),f*+2><4/cov(f*)]. As a consequence, the GPR model not only

11



234

235

236

237

238

239

240

241

242

243

244

245

246

247

248

249

250

251

252

253

supplies the predicted values but also furnishes the confidence level of the predicted

results.

Finally, the GPR model is a nonparametric model since the predicted outputs rely only

on the inputs and the observed values y. In this way, parameters © = {l, O'f,O'n} are

termed the hyperparameters of the GPR model.

2.3.2. Hyperparameter estimation

The predictive performance of GPR model depends exclusively on the suitability of the
chosen kernel. To estimate the kernel hyperparameters, an exhaustive search over a
discrete grid of values can be used, but this can be quite slow. The most usual method
considers an empirical Bayes approach that maximizes the marginal likelihood. That is,

the optimal hyperparameters are achieved by maximizing the log marginal likelihood.

The marginal likelihood P(y|X ) is obtained, using Bayes’ rule, as:
P(s]X)=[P(s] /. X)P(s]X)dr 10

The term marginal likelihood refers to the marginalization over the function values f .

Since y ~ N [0,K(X,X)], the log marginal likelihood can be written as:

I 1 N 11
logp(y&X) = —EyKyly—Elogleyzl—?log(2ﬂ) (I

where K ,=K +0'51 ,K=K(X,X) and i is the determinant. In this expression, the

first term is a data-fit term, the second term (always positive), substracted from it, is a

model complexity penalty, and the last term is just a normalization constant. Then, this

12
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expression shows that the criterion of maximum marginal likelihood avoids the problem
of over-fitting because if two models are explaining the observed data, then the simplest

one will be chosen (Murphy, 2012).

The optimal hyperparameters ®' = arg max log p(y|X ,@) can be calculated using any
(C]

standard gradient-based optimizer after parameter initialization. In this study, the variant
of the Ilimited-memory Broyden-Fletcher-Goldfarb-Shanno algorithm, denomined

LBFGSB algorithm (Liu and Nocedal, 1989; Byrd et al., 1994; Zhu et al., 1997) is used.

2.4. The goodness—of—fit of this approach

Eight predicting variables were used (see section 2.2) to construct the new GPR—based
model. The output predicted variable is the outlet turbidity. To predict the outlet
turbidity from other input operation parameters, it is necessary to choose the model that
best fits the experimental data. In this sense, to determine the goodness—of—fit, the
criterion considered here was the coefficient of determination R* (Picard and Cook,

1984; Freedman et al., 2007). A dataset takes values ¢,, each of which has an associated
modelled value y,. The former are termed the observed values and the latter are often

referred to as the predicted values. The dataset variability is measured through different

sums of squares as follows (Freedman et al., 2007):

n

e 5SS, = z (¢, -1 )2 : the total sum of squares, proportional to the sample variance;

i=1

n

o 55, =Z(yl. —t_)zz the regression sum of squares, also termed the explained
i=1

sum of squares;
13
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e 8§, = Z(ti —y.) : the residual sum of squares.
i=1

Note that in the previous sums, ¢ is the mean of the n observed data:

. (12)

Taking into account the above sums, the coefficient of determination is defined via:

R =SS (13)
SS,

tot

so that a coefficient of determination value of 1.0 points out that the regression curve

fits the data perfectly.

Two additional criteria considered in this study were the root mean square error
(RMSE) and mean absolute error (MAE) (Hastie et al., 2003; Wasserman, 2003). These
statistics are also used frequently to evaluate the forecasting capability of a
mathematical model. Indeed, the root mean square error (RMSE) and mean absolute

error (MAE) are given by the expressions (Freedman et al., 2007; Wasserman, 2003):

(14)

RMSE =

n

Zn:|ti —yi| 1
MAE=-——
n

If the root mean square error (RMSE) has a value of zero, it means that there is no
difference between the predicted and observed data. Mean Absolute Error (MAE) is the

average vertical distance between each point and the identity line. MAE is also the

14
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average horizontal distance between each point and the identity line. MAE has a clear

interpretation as the average absolute difference betweent and y,.

Besides, it is well known that the GPR technique depends strongly on the following

hyperparameters (Friedman and Roosen, 1995; Xu et al., 2004; Vidoli, 2011):

e Variance (O'_f): is the signal variance and controls the vertical scale of the kernel

function;

e Lengthscale ((): the characteristic length-scale and controls the horizontal scale

over which the kernel function changes;

2
e Gaussian noise variance (7 ): if € is the additive white noise and the Gaussian

: N(Oa‘2 2

o o .y € ,0,
noise is independent and identically distributed such that ), then »

is the variance of this noise.

At this point, we have constructed a model (specifically in this study, the novel GPR—
based model) taking as dependent variable the outlet turbidity (output variable) from the
other eight remaining variables (input variables) in granular filters (Tien, 2012; Bové et

al., 2015), studying their effect in order to optimize its calculation through the analysis

of the coefficient of determination R* with success.

Additionally, as previously mentioned, this GPR technique is greatly dependent on their
hyperparameters: variance (o ); lengthscale (¢ ) and the Gaussian noise variance (o).

The traditional way of performing hyperparameter optimization has been grid search, or

a parameter sweep, which is simply an exhaustive searching through a manually
15
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specified subset of the hyperparameter space of a learning algorithm. In this study, the
variant of the limited-memory Broyden-Fletcher-Goldfarb-Shanno algorithm,
denomined LBFGSB algorithm (Liu and Nocedal, 1989; Byrd et al., 1994; Zhu et al.,
1997) is used due to its features of rapid convergence and moderate memory
requirement for large-scale problems. Moreover, LBFGSB is an iterative algorithm.
After initialization with a starting point and boundary constraints, it iterates through five
phases (Fei et al., 2014): (1) gradient projection; (2) generalized Cauchy point
calculation; (3) subspace minimization; (4) line searching; and (5) limited-memory
Hessian approximation. It is important to observe LBFGSB is an iterative algorithms

that requires initialization and is sensitive to the initial value of the hyperparameters.

3. Results and discussion

The new predictive model created, employed as input variables eight different operation
variables. All of them are presented in Table 1. The total number of samples measured
experimentally was 637, but after removing samples with missing data, we have worked

with data from 547 filtration cycles.

Table 1

Set of operation physical input variables used in this study along with their mean,

median, standard deviation (STD) and mean absolute deviation (MAD).
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In order to tackle this study, we divided the dataset in a training set with 80% of the
data, and testing set with the remainder 20% of the data. A model is constructed and

optimized with the training data and then, it is tested with the test data set.

The outlet turbidity is used as output dependent variable of the proposed GPR-based
model. The prediction performed from the independent variables (Tien, 2012) was

satisfactory as it was already stated before, the GPR technique is influenced by the
selection of the GPR hyperparameters much as the variance ¢ and lengthscale ( for

the RBF kernel, the Gaussian noise variance o and objective function value.

Table 2 points out the optimal hyperparameters of the best fitted GPR—based model
found with the LBFGSB optimization technique. Usually, the traditional way of
performing hyperparameter optimization in most computational codes has been grid
search, or a parameter sweep, which is simply an exhaustive searching through a
manually specified subset of the hyperparameter space of a learning algorithm. Indeed,
the grid search is a brute force method and, as such, almost any optimization method
improves its efficiency. The LBFGSB method used here belongs to quasi-Newton
methods, a class of hill-climbing optimization techniques that seek a stationary point of

a function. It is an iterative method for solving nonlinear optimization problems.

Table 2

Optimal hyperparameters of the best fitted GPR—based model found with the LBFGSB

technique: variance 0'_/3 and lengthscale ¢ for the RBF kernel, the Gaussian noise

17
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variance o, and the corresponding objective function value for the optimized models

for the training set.

Therefore, we have constructed a new predictive model that is the GPR—based model
that employs as dependent variable the outlet turbidity in micro-irrigation sand filters

fed with effluents.

The value of R? was calculated using the optimized model with the testing set. The
module Gpy from the Gaussian process framework in python (Gpy, 2014; Martin,
2018), along with the LBFGSB technique (Liu and Nocedal, 1989; Byrd et al., 1994;

Zhu et al., 1997), were used to construct the final regression model.

Taking into account the results achieved, the GPR technique in combination with the
LBFGSB optimization method is able to build models with a high performance for the
estimation of the outlet turbidity in micro-irrigation sand filters fed with effluents using
the test set. Indeed, the coefficient of determination (R?) of the fitted GPR model was of
0.8921 with a correlation coefficient of 0.9445, and the root mean square error (RMSE)
and mean absolute error (MAE) were 0.4335 and 0.2974 for the outlet turbidity,
respectively. A computer with a CPU Intel Core 17-4770 @ 3.40 GHz with eight cores
and 15.5 GB RAM memory was used, taking 0.2676 seconds to obtain the final outlet

turbidity (Turb,) model.
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A graphical representation of the terms that form the best fitted GPR—based model for

the outlet turbidity (Turb,) is shown below in Figs. 2 and 3.

Fig. 2. First-order terms for some of the independent variables for the dependent

variable output turbidity (Turb, ).

Fig. 3. Second-order terms of some of the independent variables for the dependent

variable output turbidity (Turb, ).

3.1. Importance of the variables

The importance of the variables for Gaussian Process models is often done using
automatic relevance determination (ARD) (Seeger, 2000). However, this procedure does
not provide an adequate technique because it systematically underestimates the
relevance of linear input variables in relation with nonlinear ones that have the same
relevance in the generation of the squared error (Piironen and Vehtari, 2016). This is
consistent with our experience. For instance, it is to be expected that an important
variable for Turb, is Turb;. This result is not obtained with ARD, where the importance
of this variable is relegated to the last positions of the relevance ranking. As an
alternative, Paananen and co-workers (Paananen et al., 2019) propose the use the
variance of the posterior latent mean. When the value of a single independent variable is
modified a small amount, a large variation of the value of the latent mean implies that
this variable is relevant. However, this method is not suitable for categorical variables,

as it is the case with the filter variable, as they do not admit small modifications: either
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we have one filter or other. Thus, in our study, a different method that accounts for the
presence of categorical variables has been used: the importance of the variables has
been studied removing a variable, evaluating the new model performance and
comparing it with the performance of the full model. The greater the decrease in the

goodness-of-fit parameter, the greater the importance of the independent variable.

Therefore, as an additional result of these calculations, the significance rankings for the
input variables predicting the outlet turbidity (output variable) in this complex nonlinear
study are shown in Table 3 and Fig. 4. Thus, for the GPR model the most significant
variable in output turbidity prediction is the input turbidity, followed by the filter,
electrical conductivity, height of the filter bed, velocity, dissolved oxygen, water

temperature and pH.

Table 3

Log marginal likelihood variation value between the full model and the model without

the variable for the Turb, model.

Fig. 4. Relative relevance of the variables in the GPR model for the outlet turbidity

(Turb,).

As it could be anticipated, outlet turbidity is highly dependent on inlet turbidity since
suspended particles are retained across filter media, and therefore turbidity is reduced.

Less turbidity at filter outlet is to be expected. However, turbidity removal depends also
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on media particle size (Triphati et al., 2014) and on the interaction between filter type,
media height and filtration velocity, considering input turbidity as a co-variable (Solé-
Torres et al., 2019b). The results confirm these previous results, but electrical
conductivity has also an effect that was not considered before since only one water
quality parameter could be included in the analysis carried out by Solé-Torres et al.
(2019b). Electrical conductivity measures total dissolved solids (Trooien and Hills,
2007) and is not directly related with turbidity but with the effluent that was used in the
experiment it showed a slight effect on outlet turbidity. Further research considering
more filtration velocities and media heights could shed more light on their effect on

turbidity values.

In conclusion, this research work was able to estimate the outlet turbidity (output
variable) in agreement with the actual experimental values observed using the GPR—
based model with great accurateness as well as success. Indeed, Fig. 5 shows the
comparison among the outlet turbidity values observed and predicted by using the GPR
model with the testing set. Therefore, it is mandatory the use of a GPR model with an
LBFGSB optimization technique in order to achieve the best effective approach in this

regression problem.

Fig. 5. Observed and predicted Turb, values, taking into account the confidence

interval, by using the GPR-based model with the testing set (R* = 0.8921).
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4. Conclusions

Taking into account the experimental and numerical results, the main findings of this

study can be summarized as follows:

Firstly, there are no analytical equations to predict the outlet turbidity from the
experimental values; accordingly, the development of alternative diagnostic
techniques is very important. In this sense, the new GPR—based method used in
this work is a good decision to evaluate the outlet turbidity in sand media filters

used in microirrigation systems;

Secondly, the assumption that the outlet turbidity diagnosis can be accurately

modelled by using a hybrid GPR—based model in granular filters was confirmed,

Thirdly, a reasonable coefficient of determination equal to 0.8921 was obtained
when this GPR-based model was applied to the experimental dataset

corresponding to the outlet turbidity (Turb,);

Fourthly, the significance order of the input variables involved in the prediction
of the outlet turbidity in sand media filters was set. This is one of the main
findings in this work. Specifically, input variable Turbidity (Turb;) could be
considered the most influential parameter in the prediction of the outlet
turbidity. In this regard, it is also important to highlight the influential role of the

type of filter in the dependent variable outlet turbidity;

Finally, the influence of the hyperparameters setting of the GPR approach on the

outlet turbidity regression performance was set up.

In summary, this methodology could be applied to other filtration processes with similar

or distinct filter media types with success, but it is always necessary to take into account
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the characteristics of each filter and experiment. Consequently, an effective GPR—based
model is a good practical solution to the problem of the determination of the outlet

turbidity in sand media filters broadly used in microirrigation systems.
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Fig. 1. Picture of the experimental set-up with the three filter designs: (a) red: arm

collector; (b) blue: inserted domes; and (c) green: porous media prototype.
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Table 1

Set of operation physical input variables used in this study along with their mean,

median, standard deviation (STD) and mean absolute deviation (MAD).

Input variables Name of the variable Mean Median STD MAD
Filter media type Filter -- -- -- --

Height of the filter bed (cm) H 25.631 30.000 4.9601 0.0000
Filtration velocity (m/h) v 49.909 60.000 14.174 0.0000
Electrical conductivity ( ££ S/cm) CE; 2575.6 2639.0 497 .68 285.00
Dissolved oxygen (mg/l) DO; 3.3529 3.3300 0.9860 0.6700
pH pH; 7.3526 7.3800 0.2229 0.1400
Input turbidity (FNU) Turb; 6.1029 5.8000 2.5898 1.5800
Water temperature (°C) T; 20.002 19.960 3.3486 2.6200

Table 2

Optimal hyperparameters of the best fitted GPR—based model found with the LBFGSB

technique: variance 0';. and lengthscale ¢ for the RBF kernel, the Gaussian noise

variance o, and the corresponding objective function value for the optimized models

for the training set.

Output o 4 o, Objective fun.
variable value

Turb, 1.05 1.56 0.0298 174




Table 3

Log marginal likelihood variation value between the full model and the model without

the variable for the Turb, model.

Variable Likelihood variation
Input Turbidity (FNU) 566
Filter 128
Electrical Conductivity (pn S/cm) 76
Height (cm) 42
Velocity (m/h) 36
Dissolved Oxygen (mg/l) 30
Temperature (°C) 29

pH 20




