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Abstract Chlorophyll-a (hereafter referred to as Chl-a) is a recognized indicator for
phytoplankton abundance and biomass —hence, an effective estimation of the trophic
condition— of water bodies as lakes, reservoirs and oceans. Indeed, Chl-a is the primary
molecule responsible for photosynthesis. A strong and robust Bayesian nonparametric
technique, termed Gaussian process regression (GPR) approach, for foretelling the
dependent variable Chl-a concentration in Tanes reservoir from a dataset concerning to
268 samples is shown in this paper. Ten years (2006-2015) of monitoring water quality
variables (biological and physico-chemical independent variables) in the Tanes
reservoir were used to build this mathematical GPR-relied model. As an optimizer, the
method known as Limited-memory Broyden-Fletcher-Goldfarb-Shanno (LBFGSB)
iterative algorithm was used; this allows the selection of kernel optimal parameters
during the GPR training phase, which greatly determines the regression precision. The
results of the current investigation can be summarized in two. Firstly, the relevance of
each input variable on Chl-a concentration in Tanes reservoir is determined. Secondly,
the Chl-a can be successfully predicted using this hybrid LBFGSB/GPR-relied model

(R? and r values were 0.8597 and 0.9306, respectively). The concordance between
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observed data and the model clearly proves the high efficiency of this innovative

approach.

Keywords Chlorophyll-a; Gaussian process regression (GPR); Bayesian statistics;

Regression analysis; Reservoir water quality

1 Introduction

Reservoirs and lakes are large bodies of standing water and multipurpose use (drinking
water storage, hydropower, irrigation or simply leisure). Chl-a is an extensively applied
environmental indicator of the algae or phytoplankton biomass growth —since it is found
in every single photosynthesizing organism— and of the eutrophication process in

reservoirs, lakes and oceans (Latif et al. 2003).

Chlorophylls are a family of green pigments (forms a, b, ¢, d, e and f) found in
cyanobacteria and in all those organisms that contain chloroplasts or tylocoidal
membranes in their cells, which includes plants and various algae (Wetzel 2001;
Schinck et al. 2020). Chl-a is the primary molecule (found in every single
photosynthesizing organism) responsible for photosynthesis, a process that enables

plants and algae to produce energy from sunlight.

Chlorophyll (and thus phytoplankton) can be easily quantified using its known optical
properties (each form reflects slightly different ranges of green wavelengths). The

optical measure of chlorophyll concentration is a simple and accurate method to



estimate the phytoplankton (microscopic algae) concentration and, indirectly, the
biological activity. In this way, monitoring chlorophyll levels is a direct way of tracking

phytoplankton growth and therefore, eutrophication processes in reservoirs and lakes.

Large quantities of algae in a reservoir have noteworthy consequences on its biological
and physico-chemical processes. It is well known that algal blooms lead to water quality
decreasing —even becoming toxic— in reservoirs and lakes. The proliferation of algal
blooms, high Chl-a levels, are associated with harmful algal blooms —algal blooms
containing toxins— (Pip and Bowman 2014; Yuan et al. 2014; Vilan Vilan et al. 2013;
Schinck et al. 2020). For example, cyanotoxins released by some cyanobacteria in
reservoir water cause serious problems if they are consumed by humans or animals,
direct or indirectly, posing a threat to drinking and recreational water (Watzin et al.
2006, Kalaji et al. 2016). In this sense, when the cyanotoxin concentration is not
available, the knowledge of the Chl-a concentration can be considered an alternative
measure to the cyanobacteria presence in a reservoir and, even an estimate of harmful
cyanobacterial blooms (HABs) (McQuaid et al. 2011; Vilan Vilan et al. 2013; Schinck
et al. 2020). Hence, Chl-a concentration forecasting is crucial in water quality
management to prevent this kind of contamination and avoid potential health risks
(Wheeler et al. 2012; Schinck et al. 2020). Additionally, Chl-a was chosen as the
parameter to indicate phytoplankton biomass required by the European Commission
Water Framework Directive (Directive 2000/60/EC) and other European directives.
However, Chl-a prediction in reservoirs and lakes has not been completely successful
yet (Di Toro et al. 1971; Brown et al. 2000; Tufford and McKeller 1999; Reynolds

2006).



Water quality Laplacian mathematical models based on reservoir or lake internal
physico-chemical processes require an enormous quantity of information that in practice
IS not accessible, or cannot be obtained in its entirety, and presents a difficult

implementation on the computer and it is computational time consuming.

In this study, a new hybrid regressive model based on Gaussian Process Regression
(GPR) technique to foretell the Chl-a concentration in Tanes reservoir (located in
Asturias, Northern Spain) is applied with success (see Figs. 1a and b). Algal abnormal
proliferation can be a serious environmental problem in water bodies like the Tanes
reservoir. This reservoir is used to supply drinking water to the central area of Asturias.
Hence, the need to avoid major risks such as the presence of toxic algae blooms using

Chl-a concentration as an early alarm.

Fig. 1 a Aerial view of the Tanes reservoir; b a closer view of the Tanes reservoir

As a result, the implementation of the innovative technique that combines the Gaussian
process regression (GPR) approximation (Rasmussen 2003; Dym and McKean 2008;
Ebde 2015) with the optimization algorithm Limited-memory Broyden-Fletcher-
Goldfarb-Shanno (LBFGSB) (Liu and Nocedal 1989; Byrd et al. 1994; Zhu et al. 1997;
Fei et al. 2014) to foretell the Chl-a concentration could be an attractive methodology
since, as far as authors know, it has never been tackled in prior researches about water
quality in reservoirs and lakes before. Moreover, the GPR technique is a statistical
learning methodology developed by statistics and Bayesian analysis, which is capable

of dealing with non-linearities, including interactions among variables (Rasmussen
4



2003; Dym and McKean 2008; Ebden 2015). If we compare it with other classical and
metaheuristic regression techniques, GPR approximation presents some benefits
(Rasmussen and Williams 2005): (1) GPR has a remarkable ability to be widespread,;
(2) the GPR optimal parameters can be determined using heuristic optimizers; (3) the
GPR results show an evident probabilistic significance; (4) the GPR works well on
small datasets; (5) it makes use of the whole information available; and (6) moreover, it
has the ability to provide uncertainty measurements on the predictions, which is the
main characteristic that differentiates it from other regression methods. In effect, the
LBFGSB optimizer has been used here satisfactorily to calculate the optimal GPR
hyperparameters. In addition, former investigations indicate that GPR is a very
appropriate tool in a large number of real applications as the estimation of the
chlorophyll concentration in subsurface waters from remote sensing data (Pasolli et al.
2010), computational fluid dynamics (CFD) (Duan et al. 2019), geometrical
characteristics of cladding tracks (Wang et al. 2020), efficiency of a solar/waste energy
boosted dehumidification/regeneration cycle with a solid adsorbent bed (Akhlaghi et al.
2019), blood pressure measurement (Alghamdi et al. 2020), state of health for lithium
battery (Li et al. 2020), building energy use (Zeng et al. 2020), time series analysis
(Ambrogioni and Maris 2019), wind speed prediction (Cai et al. 2020), gravity field
modeling (Gao and Liao 2019), sunspot cycle prediction (Gongalves et al. 2020) and so
on. However, it has never been used for evaluating Chl-a concentration from water
quality certificates in reservoirs and lakes, taking into account the functions attributed to
the Cantabrian Basin Authority such as the administration and control of the public

hydraulic domain of its territorial scope.



The principal goal of the current research was to foretell the output Chl-a concentration
in Tanes reservoir from the remaining input biological and physico-chemical parameters
—measured from periodic samplings required by the Water Framework Directive
(Directive 2000/60/EC) in all water bodies— employing Gaussian process regression
(GPR) along with the LBFGSB optimizer. This model defines a new algorithm to
analyze phytoplankton density in lakes and reservoirs, measuring the Chl-a
concentration in them (Chen 1970; Smith 2006; Riegl et al. 2014). Indeed, the Chl-a
concentration can be considered a fundamental indicator of excess nutrients such as
total phosphorus and nitrogen in a reservoir or lake, and ultimately, of the existence of

eutrophication in those bodies of water.

This paper structure is as follows: Section 2 presents the experimental arrangement, all
the variables included in this research and GPR methodology; Section 3 draws up the
findings gathered with this novel technique by collating the GPR results with the
observed values as well as the significance ranking of the input variables; and
conclusively, Section 4 concludes this study with an inventory of principal results of the

investigation.

2 Materials and Methods
2.1 Study Area

Tanes reservoir is inside the Natural Park of Redes (Natural Reserve and Reservation of
the Biosphere), in the south of Asturias (a region in Northern Spain), between the
municipalities of Caso and Sobrescobio in the Nalon valley. The project finished in

1978, with a capacity of 33.27 hm?, a surface of 159 ha, and a maximum depth of 95 m.
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This reservoir is linked to the Rioseco reservoir in order to pump water from this one to
the previous one during the night and down from Tanes to Rioseco during the day to
produce energy. The Rioseco reservoir is located 3 km downstream. Its capacity is 4.3
hm?3, its surface, 63 ha and its maximum depth, 28.5 m. Both Tanes and Rioseco
reservoirs supply water to almost the entire urban center of Asturias. Other uses of
Tanes reservoir are hydroelectric and, recently, recreational. The reservoir has an
ornithological interest due to the presence of ducks and herons, and, with a

representative fauna, it is a hunting refuge.

The research area is located in the Central Carboniferous Basin with a wide diversity of
lithologies that include mainly quartzite and limestone materials. The Tanes reservoir
basin is made up of quartzites, sandstones and slates. The predominant materials are
basic. This section of the river, where Tanes reservoir is located, receives underground
discharges from the carbonate aquifers that are generally disconnected from each other

by slates with sandstone intercalations and by quartzites, both waterproof.

2.2 Experimental Dataset

The numerical outcome used for the LBFGSB/GPR analysis were acquired over 10
years (from 2006 to 2015) from 268 samples monthly (minimum frequency, sometimes
bimonthly even weekly) picked up from January 16, 2006, to December 31, 2015,
following the sampling protocols for lakes and reservoirs developed by Spanish
Ministry for the Ecological Transition and Demographic Challenge in agreement with
those validated by the European Union (Smith et al. 2008; World Health Organization

1998). Samples were taken with a Niskin hydrographic bottle at the reservoir maximum
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depth site —established with a depth gauge (Willame et al. 2005)—. The Niskin bottle is
like a tube with stoppers at each end that allows vertical sampling at desired depths (see
Fig. 2a). These depths were selected at equal intervals in the euphotic zone (enough
illuminated region for photosynthesis) calculated from Secchi depth —where the pattern
on a Secchi disk (see Fig. 2b), is no longer visible because of the water turbidity—. Thus,
five subsamples were collected (Bronmark and Hansson 2005; Quesada et al. 2006) and
then homogenized to obtain a composite sample in which the Chl-a and phytoplankton
content were determined. The other experimental data considered in this work were the
common biological and physico—chemical parameters evaluated in limnological studies
(Bronmark and Hansson 2005; Negro et al. 2000; Reynolds 2006) and were analyzed in
the field (Water temperature, pH, conductivity, Dissolved Oxygen and Secchi Depth) or

in an accredited laboratory.

Fig. 2 a A Niskin bottle; b examples of Secchi disks

2.3 Variables of the Model

The aim of this work was to find a way to foretell the Chl-a concentration (ug/L) in
Tanes reservoir. Chl-a is extensively employed as algae biomass index and
consequently, as a sign of reservoirs and lakes eutrophication (Latif et al. 2003). High
chlorophyll content in reservoirs and lakes waters normally indicates the existence of
algal blooms (the United States Environmental Protection Agency 2014) and therefore a
decrease in these waters’ quality. Certainly, chlorophyll is a noteworthy pigment in
green organisms because it is responsible for absorbing the light energy needed in the

photosynthetic process. Phytoplankton, made up of green organisms, is related to the
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Chlorophyll presence (American Public Health Association 2005). Chlorophyll
concentration is also accepted as a substitute measure of the presence of cyanobacteria
which can generate cyanotoxins in the water body and the subsequent potential risk to
public health (Wheeler et al. 2012; Schinck et al. 2020). The built model (GPR-relied
model) uses the concentration of different kinds of phytoplankton, as well as some

chemical and physico-chemical parameters, as independent predictors.
Input parameters:
» Biological variables:

e Cyanobacteria concentration (mm®L): photosynthetic bacteria in the
phytoplankton community (see Fig. 3a), promoted in fertilized environments,
especially in eutrophic ones. Their presence in freshwater ecosystems is a matter
of concern, especially in lentic water bodies (Quesada et al. 2006; Texeira and

Rosa 2006; Willame et al. 2005; Vilan Vilan et al. 2013).

e Diatoms concentration (mm?®/L): another frequent organism in the phytoplankton
community (photosynthetic microorganisms that drift about in water; see Fig.

3h).

e Euglenophytes concentration (mm?L): all of them are primary producers
(organisms that build complex organic molecules from simple inorganic
compounds), that is, they can photosynthesize and they are part of

phytoplankton (see Fig. 3c).

e Dinophlagellata concentration (mm?®/L): another kind of phytoplankton,

unicellular and eukaryote —kingdom Protista— (see Fig. 3d).
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Chrysophytes concentration (mm?®/L): in essence photosynthetic even though

some of them can be organotrophic (see Fig. 3e).

Chlorophytes concentration (mm?/L): both single and many-celled algae species

in phytoplankton (see Fig. 3f).

Chryptophytes concentration (mm®/L): unicellular tiny flagellated kind of

phytoplankton (see Fig. 30).

Fig. 3 Microorganisms in Tanes reservoir whose concentrations were used as input

variables: a Cyanobacteria; b Diatoms; c¢ Euglenophytes; d Dinophlagella; e

Chrysophytes; f Clorophytes; and g Chryptophytes

» Physico-chemical variables:

Water temperature (°C): reservoir average thermal energy measure. It affects the
physical and chemical process and biological activity and growth in water

ecosystems.

Orthophosphates concentration (mg PO} /L): an expression of the reactive

phosphates —i.e. the phosphorus form taken up by plants— density. High values
have a significant impact on water ecosystems since they promote the growth of
phosphate-dependent organisms —algae and phytoplankton in general, for
instance—, that can lead to eutrophication decreasing water quality and causing
the extinction of some oxygen-dependent organisms.
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Total phosphorus concentration (mg P/m?®). It includes the above mentioned
phosphates and the other phosphorus forms in both the soluble and the sestonic
water fractions. Phosphorus is mostly present in the environment as
orthophosphates and can be considered a reservoir of them since all the other
forms can be converted into orthophosphates depending on environmental

conditions. Hence, Phosphorus is a limiting factor in biological productivity.

Nitrite concentration (mg NO?/L). Nitrite and nitrate are ubiquitous and
naturally occurring ions in the environment. Both are products of the oxidation
of nitrogen. Nitrite is a potential problem in aquatic environments. It is capable
of inducing methemoglobinemia in a wide range of species, including humans,
and other multiple physiological effects. It can reach water bodies from waste-

water disposal, from nitrate reduction and also from ammonia oxidation.

Nitrate concentration (mg NOz/L): It is one of the most abundant nitrogen
forms in water —since the main source of nitrogen compounds in water are
fertilizers— and the one used by plants. High consumption cause
methemoglobinemia in humans and many animals since their bodies convert a
portion of that nitrate into nitrite. In large quantities, it is also harmful to fish and
can cause, together with a high concentration of phosphate, eutrophication
processes, strongly linked to cyanobacteria blooms and their toxic metabolites,

the cyanotoxins (Schinck et al. 2020).

Ammonium concentration (mgNH,/L). Together with nitrite and nitrate,

ammonium is the major inorganic nitrogen compound occurring in surface

waters. In oxidizing media, it can be converted into nitrate, or nitrite if the
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oxidation process is incomplete. When dissolved in surface water, ammonia
exists in two forms: NH3® (unionized) and NH4* (ionized, called ammonium).
The unionized form can enter into fish, and once inside, some converts to the

ionized form, which causes cellular damage.

Dissolved oxygen concentration (mg O./L): a measure of oxygen diffused in
water from the atmosphere and crucial for most aquatic species. Adequate
dissolved oxygen concentration is necessary to minimize fish stress. Algal
blooms produce much oxygen during the day but they also can cause its

lowering at night or when they die and decompose.

Iron concentration (mg Fe/L). Iron is found in the aquatic environment as a
result of natural runoff, erosion of certain soils and other geological sources,
besides its presence in water wastes that end up in water bodies. It is a trace
element essential for life but in higher concentrations can be toxic. Its oxidized
form (iron hydroxide) may precipitate out and form a slim on bottom sediment

which decreases light penetration in water bodies inhibiting algal growth.

Manganese concentration (mg Mn/L). Manganese is a crucial micronutrient in
phytoplankton growth. It has been shown that manganese concentration affects
phytoplankton composition (Patrick et al. 1969). Water bodies with significant
iron and manganese levels can cause blooms of ferromanganese-depositing

bacteria declining algal abundance (Sheldon and Skelly 1990).

Conductivity (uS/cm): refers to the water ability to conduct electricity which in
turn depends on water salinity that affects phytoplankton concentration and

composition (Redden and Rukminasari 2008).
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Volume of water (hmq). It represents the quantity of water in the reservoir at the
sampling time and it varies according to the impoundment purpose (drinking
water supply, hydroelectric use, etc.). This volume affects all substance
concentrations in it. High volume dilutes the wastewater that reaches the
reservoir reducing substances concentrations and consequently, their toxicity

and the risk of eutrophication. In this way, the trophic state improves.

pH: a measure of the water acidity/alkalinity which affects biological and

chemical processes and an indicator of the eutrophication process.

Secchi depth (m). It is a measure of water transparency/turbidity applied in the
estimation of algae concentrations in water bodies. Therefore, it is related to
dissolved oxygen concentration. It is also used, together with other parameters
as phosphorus, nitrogen, chlorophyll, etc., to assess the trophic condition of a

water body.

2.4 Gaussian Process Regression (GPR)

A Gaussian process (GP) is a stochastic process that generates samples over time
{X,},.. in such a way that it does not affect the finiteness of a linear combination X,
having (or more generally any linear function of the sample function X,), linear
combination that will normally be distributed (Rychlik et al. 1997; Bishop 2011; Daemi
et al. 2019; Li et al. 2020). Let’s assume that T ={(xi,yi)/i =12,..., N} describes the

training collection data of the Gaussian method. When we approximate a regression
problem using Gaussian processes (also termed kriging), the following hypothesis is

made: for a Gaussian process f observed at the X coordinates, the vector of
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values f (x)is only a sample of a multivariate Gaussian distribution of dimension equal

to the number of observed coordinates n. It is a well-known fact that Gaussian processes
can be utterly established by their second-order statistics. Hence, supposing a Gaussian
process with a zero mean, the definition of the covariance matrix K (positive definite
kernel) will completely determine the performance of the Gaussian process. The
covariance matrix permits to define Gaussian process’ concepts like isotropy,
stationarity, smoothness and periodicity. The following is a list of some common
covariance functions used in many regression problems (Rychlik et al. 1997;
Rasmussen and Williams 2005; Dym and McKean 2008; Bishop 2011; Daemi et al.

2019; Li et al. 2020):
T

e Linear: K (x,x')=x"x

o
e Squared exponential: K (x,x') =07 -e 2¢

e Rational quadratic: KRQ(X,X'):(1+|d|2)7a, a>0

Zsinz(g)
B 2

e Periodic: K, (x,x')=e *

Zsinz(g)
B 2

e Ornstein-Uhlenbeck: K, (x,x')=e ©

where d is equal to d=x-—x", (is the characteristic length-scale of the process

and o’ is the signal variance. In this study, the squared exponential kernel, also called

radial basis function (RBF), was used due its better performance compared to other
kernels with a large volume of training data. It is clear that the results of this approach

relied on Gaussian processes (GPs) rely on the values of the hyperparameter & (for
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example, £ and o?values) since these values determine the behavior of the model. In

practice, the real experimental data are noisy observations so that:

y="f(x)+e )

where & depicts the white noise as an additive term in Eq. (1). In practice, it is common
to consider &~ N (O, of), which means that Gaussian noise will be independent and

identically distributed, being o, the standard deviation of this noise. To fix ideas, it is

possible to take into account a finite ensemble of the noisy real experimental data as an
separate Gaussian procedure expressed as (Rasmussen and Williams 2005; Bishop

2011; Daemi et al. 2019; Li et al. 2020):

y ~GP(m(x), K (x,x')+0:68; ) =GP(0,K (x,X)+ 075 ) 2

n Yij n=ij
where &; is the Kronecker delta distribution and

m(x)=E[ f(x)] @)
K (xX') =Cov(x,x') =E| (1 (x)=m(x))( f (x)-m(x))' |

Therefore, according to the hypothesis of a zero mean

distribution, f (x) ~ N (0,K (6,x,X)), we have thatK (6,x,x') is termed covariance
matrix for all possible pairs (x,x’) of a given set of hyperparameters &. In this case, the
logarithmic marginal probability is expressed by:

109 p( £ (3], ) =~ £ (x)] K (6,) T (x')~ >ogdet (K (6, %)) )

n
——log 27
> g
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The calculation of the maximum of this marginal likelihood with respect to &
determines the whole requirement of the Gaussian process f. Note in (4) that the first
term on the right-hand side appertains to a penalization term as a consequence of the
unsuitability of the model to fit to the experimental values while the second term is a

penalization term that grows in proportion to the intricacy of the model.

Making predictions about an unobserved value f(x) in the x coordinate, after

specifying @, is just an issue of extracting samples from the forecasted distribution

p(y* X", f (x),x): N(y* A,B) where the subsequent estimation of the mean A is
expressed by:

A=K (49, x*,x) K(6,%,x)" f(x) ®)

and the subsequent estimation of the variance is determined by:

B=K(0,x",x")-K(6,x x)K(0,xx) K(6,x" ) 6)

where:

e K (e,x*,x*): would be the variance matrix at the new unobserved pointx* for a
given vector of @ hyperparameters;

) K(H,x*,x): would be the covariance matrix between a new unobserved
value x"and all the remaining observed values of thex coordinate for a given
vector of @ hyperparameters;

e K(8,x,x): is the covariance matrix for all possible pairs (x,x'), as previously

defined.
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It is possible to point out that the subsequent mean estimation f (x*)at the new
unobserved pointx”is expressed as a linear combination of the observed values of f (x).

Additionally, the variance of f (x) is independent of the observed values of f (x).

Hence, the GPR technique is relied on a nonparametric methodology since its predictive

capacity falls on the observed values y and on the input data. Following this procedure,

the values 0 = {I,af ,an} are called the GPR model hyperparameters (Lantz 2019). In
order to determine the optimal hyperparameters &' =argmaxlog p(y| X,@), it is
4

possible to employ any standard optimiser after parameter initialization. In this
investigation work, the optimisation method, termed LBFGSB algorithm (Liu and
Nocedal 1989; Byrd et al. 1994; Zhu et al. 1997; Fei et al. 2014) described below, is

successfully applied.

2.5 Approach Accuracy

This novel LBFGSB/GPR-based method was developed with twenty predictive input
variables already described in subsection 2.3 above. The Chl-a concentration is, as we
know, the dependent variable to be predicted. In order to accurately and reliably
forecast Chl-a from the twenty remaining input variables, it is mandatory to select the
best model that fits the observed dataset. Although several possible statistics can be
applied to ascertain the goodness—of—fit, the rule employed in this study was the
coefficient of determination R? (Knafl and Ding 2016; McClave and Sincich 2016). The
coefficient of determination is a statistic employed in the scope of a statistical model

whose principal objective is to foretell upcoming results or to check an assumption.
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Next, we will call the observed values t;versus the values predicted by the model y, .

Now we can define the following sums of squares given by (McClave and Sincich

2016):

n

o SS, =2 (t—t)f: is the overall sum of squares, proportional to the sample
i=1

variance.

n

e SS, = Z(yi —f): is the regression sum of squares, also termed the explained
i=1

sum of squares.

n

oSS, =>(t-y) :is the residual sum of squares.

i=1
where t is the mean of the n observed data:

(16)

1 n
f—ﬁizﬂ:ti

Considering the former sums, the coefficient of determination is specified by the

following equation:

. an

Moreover, the GPR methodology relies heavily on three hyperparameters (Rasmussen
2003; Dym and McKean 2008; Ebden 2015):
e Variance (o?): this parameter refers to the variance of the signal; its purpose is

to control the vertical range of the kernel function.

e Lengthscale (¢): this parameter provides the characteristic size of the length. It

allows controlling the horizontal scale where the kernel function alters.
18



2
e Gaussian noise variance (°n): this parameter is the variance of a Gaussian

2
additive white noise ¢~N (O’G” )

It is noteworthy to consider that the GPR technique largely relied on the determination
of all its three optimal hyperparameters that we have just pointed out above. In this
research, a numerical optimizer, denominated Limited-memory Broyden-Fletcher-
Goldfarb-Shanno (LBFGSB) iterative algorithm (Liu and Nocedal 1989; Byrd et al.
1994; Zhu et al. 1997), is employed here to determine these parameters because of its
ability for solving unconstrained nonlinear optimization problems. Note that LBFGSB
algorithm belongs to quasi-Newton methods and is therefore an extension of the secant
method to tackle multidimensional problems. Furthermore, LBFGSB algorithm consists

of five steps (Fei et al. 2014):
e Gradient projection;
e Generalized Cauchy point calculation;
e Subspace minimization;
e Line searching; and

e Hessian approximation.

3 Results and Discussion

All the twenty input independent variables (seven biological variables and thirteen
physico-chemical variables) are shown in Tables 1 and 2, respectively. In this study, the

total number of samples used here was 268, that is to say, 268 experimental samplings
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were collected and processed in Tanes reservoir according to the European Water

Quality Directive (Directive 2000/60/EC).

Table 1 Set of biological input independent variables used in this investigation: names,

means and standard deviations

Table 2 Set of physico-chemical input independent variables used in this investigation:

names, means and standard deviations

To confront this complex problem here, it is necessary to split the complete set of data
into two parts: (1) a training set comprising 80% of the data; and (2) a testing set
comprising the remaining 20% of the data. The key idea is to build a GPR-relied model
with training data by determining the optimal parameters with the LBFGSB optimizer

and then apply it to the test data to obtain predictions.

As stated above, the output variable (dependent variable) in this study is the Chl-a
concentration dealt with by means of the LBFGSB/GPR-relied method. The selection

of the optimal hyperparameters is a key factor in the performance of this method as we

see above: (1) the lengthscale ¢ and variance o of the radial basis function (RBF)

kernel; (2) the objective function value; and (3) Gaussian noise variance o-. The

objective function used in the hyperparameter optimisation process is the —log
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likelihood value (see Eq. 4). In this way, Table 3 indicates initial intervals of the three

hyperparameters of the LBFGSB/GPR-relied approach fitted in this investigation.

Table 3 Search space for the three hyperparameters of the LBFGSB/GPR-relied

approach fitted in this investigation

According to this methodology, Table 4 identifies the optimal parameters of the best

fitted GPR—relied approach encountered with the LBFGSB optimizer.

Table 4 Optimal hyperparameters of the best fitted GPR-relied model encountered with

the LBFGSB optimizer: variance o> and lengthscale ¢ for the RBF kernel, the

Gaussian noise variance s, and the corresponding objective function value for the

optimized models for the training set

The value of R? was determined by employing this optimized approach to the testing
dataset. The unit Gpy, used to implement the Gaussian technique in python (GPy 2014;
Ciaburro 2016; Stone 2016), in combination with the LBFGSB optimizer (Liu and
Nocedal 1989; Byrd et al. 1994; Zhu et al. 1997; Fei et al. 2014), were employed to

build the definitive regression approach.

Considering the calculations accomplished, the LBFGSB/GPR-relied technique has

permitted to construct a model with high allowances to assess the Chl-a concentration
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by means of the test dataset. Certainly, the value of R? of the best GPR approach was

0.8597 with a correlation coefficient r of 0.9306 for the dependent Chl-a variable.

Additionally, we have constructed models with other state of the art methods for
comparison purposes such as the Multilayer Perceptron (MLP), Support Vector
Regression (SVR) and Random Forest (RF) and, in all cases, the LBFGSB/GPR gets

better results. The results can be seen in Table 5.

Table 5 Different error metrics (coefficient of determination (R?), correlation
coefficient (r), Mean Bias Error (MBE), Mean Absolute Error (MAE) and Root Mean
Square Error (RMSE)) for different regression methods (Gaussian Process Regression
(GPR), Multilayer Perceptron (MLP), Support Vector Regression (SVR) and Random

Forest (RF)) to construct the Chlorophyll model

A pictorial graph of the first-order and second-order terms that create the excellent
GPR-relied approach for the Chl-a concentration is shown below in Figs. 4 and 5,

respectively.

Fig. 4 First-order terms of the four more important input independent variables for the
dependent Chl-a variable: a Chl-a vs. Chlorophytes; b Chl-a vs. Volume of water; ¢

Chl-a vs. Secchi depth; and d Chl-a vs. Dinophlagellata
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Fig. 5 Second-order terms of the four more important input independent variables for
the dependent Chl-a variable: Chl-a vs. Chlorophytes and VVolume of water; Chl-a vs.
Chlorophytes and Secchi depth; Chl-a vs. Chlorophytes and Dinophlagellata; Chl-a vs.
Volume of water and Secchi depth; Chl-a vs. Volume of water and Dinophlagellata;

and Chl-a vs. Secchi depth and Dinophlagellata

3.1 Significance of Variables

A further relevant finding of this current study is the relevance of the input independent
variables in order to foretell the Chl-a concentration for this complicated nonlinear
research (see Table 6 and Fig. 6). The relevance of the input variables has been
determined following the method proposed in Paananen et al. (2019). The authors argue
that the traditional assessment of the relevance of the variables employing automatic
relevance determination (ARD) (Seeger 2000) does not furnish a suitable technique
because it automatically undervalues the importance of linear input variables in relation
with nonlinear ones since they have the same significance in the calculation of the
squared error (Piironen and Vehtari 2016). Instead, they suggest the determination of
the posterior latent mean’s variance. A big modification of the value of the latent mean
if a single independent variable is altered means that this variable is relevant. We are
estimating the relevance of the variable using the Variance of the Posterior Latent Mean

(Paananen et al. 2019).

In this way, Chlorophytes concentration is the most relevant input variable according to
LBFGSB/GPR approach in the Chl-a forecasting in Tanes reservoir. Next, the second

significant input variable is volume of water followed by Secchi depth,
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Dinophlagellata, Diatoms, Cyanobacteria, Chryptophytes, Euglenophytes, Total
phosphorus and Nitrate concentration. The remaining input variables have a relative

normalized relevance of less than 0.0001, which means that their effect is negligible.

Table 6 Relative normalized significance of the input variables in the Chl-a model
following the Variance of the Posterior Latent Mean method (Note: only the variables

with relevance greater than 0.0001 have been included)

Fig. 6 Relative significance of the input variables as stated in the LBFGSB/GPR-relied

approach for the Chl-a concentration

Although Chlorophytes are not the main chlorophyll-containing organism in the
reservoir —is a meso-eutrophic ecosystem (Alvarez Cobelas and Arauzo 2006) and
therefore diatoms are the representative group— they have a higher biomass, higher than

diatoms.

The Volume of water is the next significant input variable; obviously, taken into
account that concentration is the solute mass (in this case, Chl-a mass) divided by total
volume (solute+solvent volume) and, in this case, the solvent volume is the Volume of

water.

Secchi depth is the third one in the ranking for Chl-a concentration forecasting. Secchi

depth is a measure of the water turbidity (or transparency), so that as the chlorophyll
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concentration increases, the algae concentration also increases and consequently the

turbidity is higher (transparency decrease).

Dinophlagellata and Diatoms concentrations are other significant variables (the fourth
and fifth ones in the ranking to predict Chl-a concentration, respectively) most due to
the photosynthetic nature of those organisms, despite being heterotrophic some species
of Dinophlagellata. Diatoms make the most representative group in this reservoir, with

high cell densities.

Less important in Chl-a concentration forecasting is the Cyanobacteria concentration
(sixth position in the ranking). Two reasons explain the correlation between
Cyanobacteria and Chl-a concentrations (Vilan Vilan et al. 2013; Schinck et al. 2020).
Firstly, because as phytoplankton biomass increase —Chl-a concentration rises—, the
cyanobacteria predominance rises. Secondly, because Chl-a is present in all
cyanobacteria as the main pigment for capturing sunlight and carrying out
photosynthesis. High eutrophic environments are dominated by cyanobacteria but this
reservoir is meso-eutrophic, and the presence of this kind of phytoplankton is low.
However, it is a significant variable to predict Chl-a concentration since they are

organisms containing Chl-a.

The next variable in the ranking (seventh place) is the Chryptophytes concentration.
Chryptophytes, a class of freshwater or marine single-celled protists, are essentially

photosynthetic. Although they can grow in short light conditions thanks to some
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phycobiliprotein, they are more frequent in not high trophic states (Abirhire et al. 2015)

as in Tanes reservoir case.

After Chryptophytes, Euglenophytes concentration is the following relevant input
variable in Chl-a concentration forecasting. The presence of this kind of phytoplankton
in Tanes reservoir is not relevant (according to its eighth position in the ranking to

predict Chl-a concentration).

Total phosphorus and Nitrate concentrations are the ninth and tenth variables,
respectively, in the rank for predicting Chl-a content. Both of them correlate to Chl-a
concentration because they play, as nutrients, a role in phytoplankton growth
(organisms with chlorophyll). In freshwater, Total phosphorus is, generally, the growth-
limiting nutrient since nitrogen can be available from the atmosphere (Fields 2004;

Moura Ado et al. 2012).

To conclude, conductivity and pH seem to be no remarkable role in the Chl-a

concentration in Tanes reservoir.

Overall, in this study the GPR-relied technigue is shown as an accurate and satisfactory
tool to indirectly assess the Chl-a concentration (dependent variable), conforming to the
real observed data in this reservoir, as a function of some easy and frequent measured
parameters. Certainly, Fig. 7 indicates the comparison between the experimental and

foretold Chl-a concentration values employing the GPR approach for the test dataset.
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Consequently, it is essential to combine the GPR methodology with the LBFGSB
optimizer to overcome this nonlinear regression problem through a novel hybrid
approach that is sufficiently robust and effective. Conclusively, modeled and measured

Chl-a values were found to be highly correlated.

Fig. 7 Observed vs. predicted Chl-a concentration values considering the confidence

interval employing the LBFGSB/GPR-relied approach for the testing dataset

(R? =0.8597 and r =0.9306)

4 Conclusions

Relying on the former results, several core discoveries of this study can be drawn and

indicated as follows:

o First of all, it is important to note that analytical models currently used to foretell
the Chl-a concentration from the observed values are not accurate enough
because they greatly simplify a highly nonlinear complex problem.
Consequently, the use of machine learning methods as the novel hybrid
LBFGSB/GPR-relied approach employed in this study has revealed itself as the
best choice to make an accurate estimation of the Chl-a concentration from

experimental samplings in Tanes reservoir.

e In the second place, the hypothesis that the identification of the Chl-a
concentration can be determined accurately by means of a hybrid
LBFGSB/GPR-relied approach in reservoirs and lakes has also been validated

here in Tanes reservoir.
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e Thirdly, the application of this GPR-relied methodology to the complete
experimental dataset belonging to the Chl-a concentration resulted in a
satisfactory coefficient of determination and correlation coefficient whose values

were 0.8597 and 0.9306, respectively.

e In fourth place, the ranking (or order of importance) of the input variables
entailed in the estimation of the Chl-a concentration from experimental
samplings in Tanes reservoir was established. This is one of the principal core
conclusions in this research. The Chlorophytes concentration in particular must
be taken into account as the most important issue in the forecasting of Chl-a
concentration. On this matter, it is also noteworthy to emphasize the principal
importance in this order of the water volume, Secchi depth, Dinophlagellata,
Diatoms, Cyanobacteria, Chryptophytes, Euglenophytes, Total phosphorus and

Nitrate concentration in the obtained Chl-a concentration outcome.

e Conclusively, the principal role of the accurate hyperparameters determination
in the GPR-relied methodology in relation to the regression performance carried
out for Chl-a concentration is established. The calculation of these optimal

hyperparameters was successfully carried out here using the LBFGSB optimizer.

To sum up, this procedure could be successfully applied to foretell the Chl-a
concentration in the different kinds of reservoirs. However, it is usually mandatory to
consider individual characteristics for each reservoir and experiment. Hence, it is
possible to conclude that the LBFGSB/GPR-relied method is a robust useful answer to
the nonlinear problem of the estimation of the Chl-a concentration from experimental

samplings in reservoirs and lakes.
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Table 1 Set of biological input independent variables used in this investigation: names,

means and standard deviations

Biological input variables Name of the variable Mean Std

Cyanobacteria (mm®/L) Cyanobacteria 0.0083 0.0074
Diatoms (mm?®/L) Diatoms 0.5965 0.1397
Euglenophytes (mm?®/L) Euglenophytes 0.0274 0.0133
Dinophlagellata (mm?®/L) Dinophlagellata 0.1755 0.1583
Chrysophytes (mm?/L) Chrysophytes 0.0118 0.0102
Chlorophytes (mm?®/L) Chlorophytes 0.1153 0.0790

Chryptophytes (mm?®/L) Chryptophytes 0.2973 0.1279




Table 2 Set of physico-chemical input independent variables used in this investigation:

names, means and standard deviations

Physico-chemical input variables Name of the Mean Std
variable
Water temperature (°C) Water_temp 11.5146 4.9928
Phosphates concentration (mg PO /L) Phosphates 0.0209 0.0136
Total phosphorus (mg P/mq) Phosphorus 6.4585 2.8533
Nitrite concentration (mg NO® /L) Nitrite 0.0019 0.0061
Nitrate concentration (mg NO®* /L) Nitrate 2.6657 0.9934
Ammonium concentration (mgNH;/L)  Ammonium 0.0500 2.02x107*
Dissolved oxygen concentration (mg DO 9.3335 1.1257
O2/L)
Iron concentration (mg Fe/L) Iron 0.0230 0.0184
Manganese concentration (mg Mn/L) Manganese 0.0197 0.0113
Conductivity (uS/cm) Conductivity ~ 183.0037 9.5099
Volume of water (hm?) Vol_water 26.8963 4.8194
pH values pH_values 7.8800 0.4060
Secchi depth (m) SD 3.6403 0.5318




Table 3 Search space for the three hyperparameters of the LBFGSB/GPR-relied

approach fitted in this investigation

GPS hyperparameters Lower limit Upper limit
RBF kernel variance o 107 10°
RBF kernel lengthscale ¢ 10°° 10°
Gaussian noise variance o’ 10°® 10°

Table 4 Optimal hyperparameters of the best fitted GPR-relied model encountered with

the LBFGSB optimizer: variance af and lengthscale ¢ for the RBF kernel, the

Gaussian noise variance s, and the corresponding objective function value for the

optimized models for the training set

o’ ( ol Objective fun. value

Chlorophyll 1.6212 3.2870 0.0912 197.42




Table 5 Different error metrics (coefficient of determination (R?), correlation
coefficient (r), Mean Bias Error (MBE), Mean Absolute Error (MAE) and Root Mean
Square Error (RMSE)) for different regression methods (Gaussian Process Regression
(GPR), Multilayer Perceptron (MLP), Support Vector Regression (SVR) and Random

Forest (RF)) to construct the Chlorophyll model

Model R? r MBE MAE RMSE

LBFGSB/GPR 0.8597 0.9306 0.1419 0.7862 1.1514

MLP 0.8239 0.9081 0.0599 0.9228 1.2896
SVR 0.7286 0.8647 0.0227 1.2388 1.6011
RF 0.4367 0.6720 0.1666 1.6504 12.128

Table 6 Relative normalized significance of the input variables in the Chl-a model
following the VAR method (Note: only the variables with relevance greater than 0.0001

have been included)

Variable Relevance
Chlorophytes 1.0000
Volume of water 0.3781
Secchi Depth 0.3580
Dinophlagellata 0.1397
Diatoms 0.1294
Cyanobacteria 0.0944
Chryptophytes 0.0625
Euglenophytes 0.0540

Total phosphorus 0.0251
Nitrate concentration 0.0203
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Fig. 3 Microorganisms in Tanes reservoir whose concentrations were used as input

variables: a Cyanobacteria; b Diatoms; ¢ Euglenophytes; d Dinophlagella; e

Chrysophytes; f Clorophytes; and g Chryptophytes
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Fig. 4 First-order terms of the four more important input independent variables for the
dependent Chl-a variable: a Chl-a vs. Chlorophytes; b Chl-a vs. Volume of water; ¢ Chl-

a vs. Secchi depth; and d Chl-a vs. Dinophlagellata



Chlorophyll (/L)
Chlorophyll (ug/ty ~

Chiorophyil (ugzt)

Chlorophyll (ugjt) *

Chiorophyit (ugn§ *

HEN R
Chiorophyll (ug) °

Fig. 5 Second-order terms of the four more important input independent variables for the
dependent Chl-a variable: Chl-a vs. Chlorophytes and Volume of water; Chl-a vs.
Chlorophytes and Secchi depth; Chl-a vs. Chlorophytes and Dinophlagellata; Chl-a vs.

Volume of water and Secchi depth; Chl-a vs. Volume of water and Dinophlagellata; and

Chl-a vs. Secchi depth and Dinophlagellata
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Fig. 6 Relative significance of the input variables as stated in the LBFGSB/GPR-relied

approach for the Chl-a concentration
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Fig. 7 Observed vs. predicted Chl-a concentration values considering the confidence

interval employing the LBFGSB/GPR-relied approach for the testing dataset

(R2 =0.8597 and r = 0.9306)



