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ABSTRACT

In this work, response surface methodology (RSM) and artificial neural networks were applied for
modeling the removal of Ca* and Mg?* from seawater by immobilized biomass in polyvinyl alco-
hol-alginate spheres of the ureolytic bacterium Bacillus subtilis strain LN8B. RSM was developed by
considering a three-level factorial design with three input variables, that is, concentration of urea,
number of cells in the immobilization matrix, and seawater to spheres ratio (SW:S). At the same time,
a radial basis function networks (RBFNs) were used for a better representation of the removal of Ca*
and Mg* and compared with RSM. It was found that all variables considered have important effects
on both of Ca?* and Mg* removal from seawater. Based on an analysis of variance of a three-level
factorial design it was determined that urea concentration, number of cells, and SW:S were highly
significant in the removal of calcium. In addition, the quadratic term of urea concentration, interaction
urea concentration with number of cells, and interaction number of cells with SW:S ratio were signifi-
cant in calcium removal. For magnesium removal, the number of cells was the only highly significant
variable, whereas the urea concentration, SW:S, and quadratic term of number of cells were significant.
The results demonstrated that RBFNs gave better modeling capability than RSM.

Keywords: Seawater; Response surface methodology; Radial basis function networks; Ureolytic
bacteria; Biomineralization

1. Introduction

The scarcity of water resources in arid, semi-arid, and
hyper-arid zones has generated the need to seek other
nontraditional sources of water resources. Desalination of
seawater (SW) has emerged as a feasible solution. According
to International Desalination Association by June 30, 2015
there are 18,426 desalination plants in 159 countries, the

* Corresponding author.

global capacity of commissioned desalination plants is
more than 86.8 million m® d-!, and more than 300 million
people rely on desalinated water for some or all their daily
needs [1]. Desalinated SW is used for human consumption
and industrial uses. However, the water quality required for
different applications is not the same. For example, boron
in Mediterranean SW after reverse osmosis (RO) reaches
2 mg L7, which does not constitute a threat to human health
but is toxic for all but the most tolerant crops [2]. On the other
hand, desalination removes ions that are essential to plant
growth.
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Ca?" and Mg* in SW cause problems in various indus-
trial operations. These ions are the major components of
scaling in operations such as RO unit [3-5], heating unit of
multistage flash distillation [6], membrane distillation for
desalination applications [7], cooling water systems of power
generation [8], and water injection operation of oil and gas
production [9]. The application of SW in the flotation of cop-
per and molybdenum minerals has been carried out using
RO desalted water and using raw SW [10]. Desalination
produces water without ions that do not generate major
changes in traditional flotation processes. However, the cost
and eventual generation of greenhouse gases from energy
generation for RO desalination is a problem. The presence
of ions in SW facilitates flotation because the enhancement
of the floatability for surfaces that are already hydropho-
bic, reduction of the bubbles size, improve froths stability,
among other reasons [11]. However, the presence of Ca*" and
Mg?" ions reduces the recovery of minerals such as chalco-
pyrite (copper) and molybdenite (molybdenum) by the pre-
cipitation of colloid of Mg and Ca [12,13]. For this reason,
several studies have analyzed the flotation with pretreated
SW to remove Mg and Ca [14]. Studies have shown that the
behavior of treated SW flotation processes is more efficient,
the pretreatment costs are much lower than the RO desali-
nation, and the environmental impact is lower than the RO
desalination. There are no mining companies that perform
a partial distillation of the SW to leave those elements harm-
less to the processes eliminating those harmful. In summary,
the removal of magnesium and calcium from SW can be an
important alternative to the use of SW in several industries.

An alternative for removal of Ca* and Mg?* ions is the
application of biological precipitation processes or biominer-
alization based on the hydrolysis of urea. Biomineralization
has been extensively described in the application of soil bio-
cementation [15-17], restoration of monuments and lime-
stone statues, production of biocement, removal of soluble
contaminants such as heavy metals and radioactive elements
[18,19], and removal of calcium from industrial wastewater
[20]. These processes represent an interesting alternative for
pretreatment of SW, industrial wastewaters, hard water, and
groundwater with excessive levels of contaminants such as
heavy metals, radionuclides, phosphates, and salts [21-24].
One of the earliest studies described by Hammes et al. [20]
determined the removal of calcium by biomineralization
from industrial wastewater (Ca?" 500-1,500 mg L™) through
the use of a semicontinuous reactor removing about 90% of
calcium from a paper recycling facility. A recent study [25]
has analyzed biomineralization as potential pretreatment
technology to SW due to the ability of ureolytic strains to
precipitate ions from SW. In this publication, the bacterium
Rhodococcus erythropolis was able to precipitate a ~95% sol-
uble calcium and 8% magnesium by enzymatic hydrolysis
of urea. The analysis of crystals showed that correspond to
~12.69% monohydrocalcite, ~30.72% struvite, and ~56.59%
halite. The microbial urease enzyme hydrolyzes urea to pro-
duce dissolved ammonium, dissolved inorganic carbon and
CO,, and the ammonia released in the surroundings subse-
quently increases pH, leading to accumulation of insoluble
biominerals according to the ions present in the medium [18].

The precipitation of ions from SW by ureolytic bacteria
depends on various factors such as initial urea concentration,

reaction temperature, the initial ion concentration, ionic
strength, the pH, the type and bacterial cell concentration
as well as its free or immobilized state [26,27]. Response sur-
face methodology (RSM) is a collection of mathematical and
statistical techniques for modeling and optimization of pro-
cesses, products, and experiment results [28]. This includes
several separation processes [29,30]. In RSM an experimen-
tal design is used to determine the significant factors that
affect an experiment. The data obtained in these experi-
ments can be used to develop empirical models, which can
be used to search better experiment results. In RSM linear
or square polynomial functions are used as mathematical
models. However, many times the experimental data do not
adequately fit those polymorphic functions, in which case
artificial neural networks (ANNs) may be a better option
[31,32]. The ANN, which is based on the human brain, estab-
lishes a complex nonlinear relationship between dependent
and independent factors without knowledge on the rela-
tionship of variables [33]. There are several types of ANNs
including radial basis function networks (RBFNs) and mul-
tilayer perceptrons. In work developed by Charte et al. [31],
a comparative study was made including RBFN, multilayer
perceptrons, a support vector machine, and a fuzzy system
together with the RSM approach. They concluded that RBFN
performs better, with statistically significant differences,
and RSM was the second-best method. An RBEN consists
of an input layer, hidden layer, and output layer with the
activation function of the hidden units being radial basis
functions [34]. To model and optimize effective ion removal
parameters with a reasonable number of experiments, the
application of experimental design methodologies together
with ANNs may be useful.

The objective of this work is to study the effect of urea
concentration, number of cells in the immobilization matrix,
and ratio of SW to spheres (SW:S) on the removal of Ca*" and
Mg?* from SW by immobilized biomass in polyvinyl alco-
hol-alginate (PVA-Al) spheres of the ureolytic bacterium
Bacillus subtilis. RSM and RBFN are used for modeling the
removal of Ca® and Mg?.

2. Experimental and modeling
2.1. Microorganism, growing conditions, and obtaining of biomass

B. subtilis strain LN8B (KX018264.1) was used, which was
isolated from Laguna Salada (San Pedro de Atacama, Chile).
To obtain biomass, the cells were cultured in LM medium
consisting of Luria broth (MoBio Lab., Inc., USA) dissolved
in SW, incubated at 30°C at 120 rpm agitation and then
harvested by centrifugation at 4,000 rpm for 20 min.

2.2. Biomass immobilization in PVA-AI beads

Concentrated B. subtilis strain LN8B cells were mixed
with a polyvinyl alcohol solution (Sigma-Aldrich, Mw
89,000-98,000, 99+% hydrolyzed) at 12% and an alginic acid
solution (Sigma-Aldrich, USA) at 2%, to a final concentration
of 1 x10% 1 x10%, and 1 x 10" cells mL™'. The mixture was
dripped via a peristaltic pump into a sterile solution of 4% cal-
cium chloride (Merck, Germany) and 4% boric acid (Merck)
for 2 h to form immobilized cell spheres of 0.4 cm diameter.
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After 2 h, the spheres were washed three times with sterile
distilled water and stored at 4°C until use. Spheres without
bacteria and spheres with bacteria and without urea were
used as control.

2.3. Batch removal experiments

The Ca* and Mg* removal studies were performed
in 250 mL Erlenmeyer flasks at an incubation temperature
of 30°C and a constant shaking of 120 rpm for 2 weeks.
The analyzed input factors correspond to the concentration
of urea (between 20 and 40 g L), cellular concentration (the
concentrations are expressed in logarithmic scale, pC = Log
(cells mL"), between 9 and 11), and SW:S (between 1 and 3).
The total volume, SW plus spheres, was 100 mL.

2.4. Analysis method and X-ray diffraction analysis

The quantification of Ca®* and Mg* was determined
by atomic absorption and corroborated by the Merck kits
1.14815.0001 and 1.00815.0001, respectively. NaCl concen-
tration was measured by a digital refractometer. The quan-
tification of ammonia was performed according to what was
described by Arias et al. [25], and the pH was determined
with the pH meter HA 1230B (Hanna Instruments, Italy).

X-ray diffraction (XRD) analyses were obtained using a
diffractometer (Siemens D5000) with a secondary graphite
monochromator and CuKa radiation. The data were col-
lected during an integration time of 1.0 s in steps of 0.02°
20 to 40 kV and 30 mA and scanning from 3° to 70° 2°. The
simple components were identified by comparing them with
the standards established by the International Diffraction
Data Center.

2.5. Design of experiment

In this study, the three-level full factorial design
(3 design) was selected for the modeling of removal of Mg*
and Ca* from SW. Usually, it is considered that three-level
full factorial design is prohibitive in terms of number of runs,
and thus regarding cost and effort. However, for three input
factors, only 27 runs are needed, and the design provides
more data for modeling possible curvature in the behavior
of the output variables. This method, as well as other more
efficient experimental design methods such as central com-
posite design, is suitable for fitting a quadratic surface as well
as to analyze the interaction between parameters. However,
3° design can be more appropriate when ANNs are used
because the sample size can affect the fitting results [35].

A quadratic model corresponding to the following
second-order equation, but in terms of the significant input
factors, was built to describe the Mg? and Ca® removal:

Y =b,+b,X,+b,X, +b,X, +b, X +b,X; +b,,X2

1171 22772 33773

+b, XX, +b XX, +b X, X 1)

12771772 7 137113 23772773

where Y is the Mg* or Ca** removal, and X, are the input fac-
tors. b, is the constant coefficient, b, with i = 1,2,3 are linear
coefficients, b, with i=1,2,3 are the quadratic coefficients, and
bi]. with i and j = 1,2,3; i#/ are the interaction coefficients.

The statistical significance of the models was justified
through analysis of variance (ANOVA) for a polynomial
model with 95% confidence level. The quality of the fit poly-
nomial model was expressed by the coefficient of determina-
tion R?, but the root mean square (RMS), mean absolute error
(MAE), and mean relative error (MRE) were also determined
using the following equations:

Z.(YIEXP —ye )2

RMS = 2
n
z' Y.EXP _ YCal
MAE ==/ ’ (3)
n
24 Y,EXP _ YCaI /Y.EXP
MRE = &1 ’ : 4)
100n

The levels of the factors were selected according to the
literature and our preliminary experience. The experimen-
tal factors and their levels are given in Table 1. The levels of
input factors were defined based on previous results.

2.6. Radial basis function networks

Fig. 1 shows an RBFN, this considers a simple three lay-
ers network: input layer, hidden layer, and output layer. The
first layers receive and transmit signs to neurons at hidden
layer. In the hidden layer, the neurons calculate its output
using radial basis functions. Finally, the output layer sup-
plies the response of the neural network from the pondered
linear combination of the activation of the hidden neurons;
this combination has the next form [36]:

M

Fx)= 34, (x ®

j=1

where M is the hidden neurons number, x€ R? is the input, Wj
are the weights, and (pj(x) is the Gaussian radial function, that
is, it’s a function whose values depend only on the distance of
vector x respect of some vector ce R? fix,

o

o
b (x)=¢ "~ (6)

where ¢, and o, are the centers and width, respectively, of the

jth hidcfen neural, and Il denotes the Euclidean distance.
The RBFN should be trained to obtain a specific goal. The

learning procedure of an RBFN mainly includes two parts:

Table 1
Input factors and their levels

Factors Symbol Levels

Low Intermediate High
Urea concentration (g L) X, 20 30 40
pC =Log (cells mL™) X, 9 10 11
SW:S X 1 2 3

3
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Output Layer

Hidden Layer

Input Layer

Fig. 1. Radial basis function networks.

one is the adjustment of the connection weight, and the other
is the modification of center and width of hidden neurons.
This training was performed using MathLab. If the MAE
of prediction was higher than desired error, then the net-
work topology was modified, center and width of the radial
functions, and again were adjusted the connection weights.

Table 2
Results on calcium removal at day 8

This procedure was repeated until to obtain a mean absolute
desired error.

3. Results and discussion
3.1. Design of experiment

The results of calcium removal were analyzed on the 8th
day, while those of magnesium on day 16. Sampling days
were defined based on previous results that show that the
process of calcium removal is faster than the removal of mag-
nesium. Previous analyses by XRD indicated that calcium
is precipitated mainly as monohydrate calcite (CaCO,-H,0)
and magnesium as struvite (NH,MgPO,-6H,0). No precipi-
tate formations were observed in controls (data not shown).
Table 2 shows the results of calcium removal at day 8 includ-
ing the experimental values of the pH and ammonium
concentration. According to the ureolytic metabolism, this
process is explained because B. subtilis strain LN8B hydro-
lyzes urea to produce dissolved ammonium, dissolved inor-
ganic carbon and CO,, and the ammonia released in the
surroundings subsequently increases pH, leading to accumu-
lation of insoluble CaCO, either hydrated or anhydrous in
a calcium-rich environment like SW [26]. Therefore, ammo-
nium concentrations were measured because it indicates

Exp Urea (g L) pC SW:S Calcium (mg L™) pH Ammonium (mg L™) Calcium removal (%)
1 20 9 1 392 5.9 271 0.7
2 20 9 2 392 6.44 272 0.7
3 20 9 3 327 6.49 157 17.2
4 20 10 1 392 6.18 338 0.7
5 20 10 2 360 6.59 299 9.0
6 20 10 3 233 7.11 403 41.0
7 20 11 1 392 791 426 0.7
8 20 11 2 280 8.91 770 29.1
9 20 11 3 106 9.03 1,033 73.1
10 30 9 1 392 6.39 234 0.7
11 30 9 2 392 6.31 245 0.7
12 30 9 3 371 6.54 224 6.0
13 30 10 1 357 6.39 332 9.7
14 30 10 2 324 7.13 275 17.9
15 30 10 3 280 7.85 522 29.1
16 30 11 1 307 8.68 1,024 22.4
17 30 11 2 133 9.06 1,583 66.4
18 30 11 3 88 9.14 1,357 77.6
19 40 9 1 392 6.39 179 0.7
20 40 9 2 392 6.38 276 0.7
21 40 9 3 245 6.65 257 38.1
22 40 10 1 215 6.45 418 45.5
23 40 10 2 183 7.57 507 53.7
24 40 10 3 103 8.28 371 739
25 40 11 1 80 8.83 1,461 79.9
26 40 11 2 6 9.02 2,039 98.6
27 40 11 3 0 9.16 1,439 100.0
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the level of urea hydrolysis, and the pHs were determined
because they indicate the ureolytic activity of bacteria. Fig. 2
shows the typical behavior of the pH variation during days
1-16. Exp 1 (see the first column in Table 2) corresponds a
case with low removal of calcium (0.7%), Exp 6 represents
a case with moderate removal of calcium (41%), and Exp 27
characterizes a case with high removal of calcium (100%).
Similar pH profiles were observed in all experiments, but the
removal of calcium also depends on other variables. In Fig. 3
the correlation between calcium removal and pH at day 8 is
exposed. There is a good correlation, almost linear when the
urea concentration is 40 g L™ (correlation coefficient 0.9299),
but that correlation decreases as the urea concentration
decreases. Note that the pH does not exceed 9.3 due to the
equilibrium of the ammonium buffer (NH} <» NH, + H*).

In Fig. 4 the correlation between calcium removal and
ammonium concentration at day 8 is presented. It is observed
that the highest calcium removals occur when the ammonium
concentration is high. The correlation is not linear, but rather
logarithmic with the ammonium concentration (correlation
coefficient 0.8820 at 40 g urea L™). These results suggest that
the relationship between pH and calcium removal is rather of
solid-liquid equilibrium with high kinetics. That is, the pre-
cipitation of calcium is due to the change in pH. In contrast,
the relationship between the amount of calcium removal
and the ammonium concentration may be more related to a
kinetic phenomenon in the process of urea hydrolysis.

—4-Exp1 Exp 6 Exp 27

10

pH
~J

0 2 4 6 8 10 12 14 16
Time, days

Fig. 2. Typical behavior of the pH variation during days 1-16.
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Fig. 3. Correlation between calcium removal and pH at day 8.
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Fig. 4. Correlation between calcium removal and ammonium
concentration at day 8.

Table 3 shows the results of magnesium removal at day
16 together with the values of pH, ammonium concentration,
and chloride concentration. The removal of chloride, which
precipitates as halite, is also included. The correlation with
the pH and ammonium concentration is not clear, and there-
fore no conclusions can be obtained. However, it is observed
that those experiments with less magnesium removal corre-
spond to those with an SW:S ratio of 3 (Figs. 5 and 6). When
urea concentration increases, the calcium and magnesium
removal increases. However, an inverse relationship between
the SW:S ratio in magnesium removal at day 16 and calcium
removal at day 8 is observed (Fig. 7).

The elimination of magnesium by B. subtilis strain LN8B
is due to the production of NH,* product of urea hydrolysis,
which produces in the presence of the dissolved magnesium
ions in SW a magnesium precipitate as NH MgPO,-6H,0 or
struvite. When Mg? is abundant, struvite can be formed if
the nitrogen and phosphorous concentrations are enough,
and there is less calcium carbonate and/or magnesium [37].

The greatest removal was obtained in Exp 26 (87%), while
the lowest was in Exp 3 (40.2%) in 16 d of testing. In spite of
the good results, it is necessary to emphasize that the stru-
vite precipitation depends on a minimum molar radius of
1:1:1 of Mg*:NH;:PO}- [38], therefore, the concentration of
phosphate (PO}") influence the removal of magnesium.

3.2. Statistical analysis using ANOVA

The quadratic RSM adequacy and significance was
checked using ANOVA. Table 4 shows the results of ANOVA
analysis for the removal of calcium. Larger F values and
smaller P values are an indication of the significance of the
model. The model P value <0.0001 implied the high signifi-
cance of the model, and P value <0.05 indicates that the term
is significant. In this case, the input variable urea concentra-
tion, pC, and SW:S were highly significant. The quadratic
term of urea concentration, interaction urea concentration
with pC, and interaction pC with SW:S ratio were signifi-
cant. The coefficient of determination (R?) is defined as the
ratio of the explained variable to the total variation and a
measure of the degree of fit. It was found that the predicted
values matched the experimental values well with R?=0.9385.
This implied that 93.85% of the variation for calcium removal
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Table 3
Results on magnesium removal at day 16
Exp Urea pC SW:S Magnesium pH Ammonium Chloride Magnesium Chloride
(gL™ (mg L) (mg L) (mg L) removal removal
1 20 9 1 807.5 5 56 20,800 44.3 9.6
2 20 9 2 830 5.21 59 19,000 42.8 17.4
3 20 9 3 867.5 6.26 37 20,600 40.2 10.4
4 20 10 1 550 6.39 209 20,400 62.1 113
5 20 10 2 507 7.48 341 20,500 65.0 10.9
6 20 10 3 837 8.67 538 23,000 423 0.0
7 20 11 1 405 8.91 1,273 19,700 721 14.3
8 20 11 2 442.5 9.15 1,255 19,800 69.5 13.9
9 20 11 3 612.5 9.19 1,117 18,600 57.8 19.1
10 30 9 1 710 6.45 148 23,000 51.0 0.0
11 30 2 782.5 6.45 64 23,000 46.0 0.0
12 30 9 3 800 6.92 130 23,000 44.8 0.0
13 30 10 1 240 6.99 424 18,000 83.4 21.7
14 30 10 2 530 6.31 163 16,900 63.4 26.5
15 30 10 3 400 9.11 858 14,600 72.4 36.5
16 30 11 1 337 9.01 1,500 15,000 76.8 34.8
17 30 11 2 400 9.18 1,789 13,000 72.4 43.5
18 30 11 3 647 9.2 1,637 22,400 55.4 2.6
19 40 9 1 702.5 6.54 95 18,100 51.6 21.3
20 40 9 2 715 6.91 180 14,700 50.7 36.1
21 40 9 3 825 7.58 299 16,800 43.1 27.0
22 40 10 1 365 7.77 701 19,000 74.8 174
23 40 10 2 400 8.95 835 21,200 72.4 7.8
24 40 10 3 430 9 1,152 21,300 70.3 74
25 40 11 1 292 9.17 1,575 21,300 79.9 7.4
26 40 11 2 188 9.23 2,027 20,800 87.0 9.6
27 40 11 3 384 9.3 1,765 17,800 73.5 22.6
®Urea20gL? Urea30gl? AUread0gl? ® Urea20gL? Urea30gl? AUread0gl?
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Fig. 5. Correlation between magnesium removal and pH at
day 16.

was explained by the independent variables and this also
meant that the model did not explain 6.15% of the variation.
The R? of 0.9385 was in reasonable agreement with adjusted
for d.f. R? of 0.9059, also indicating reasonable predictability
of the model.

Fig. 6. Correlation between magnesium removal and ammonium
concentration at day 16.

Table 5 shows the results of ANOVA analysis for the
removal of magnesium. In this case, the input variable pC
was the only highly significant, whereas the input variables
urea concentration and SW:S were significant. The quadratic
term of pC was also significant. None of the interactions are
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Fig. 7. Correlation between magnesium removal at day 16 and
calcium removal at day 8.

significant. It was found that the predicted values matched
the experimental values in a modest way with R? = 0.8763.
Therefore, only 87.63% of the variation for magnesium
removal was explained by the independent variables and
the model did not explain 12.37% of the variation. The R?

Table 4

of 0.8762 and adjusted for d.f. R? of 0.8108 are in reasonable
agreement.

3.3. Development of model regression equation

Based on the experimental design (Tables 2 and 3) and the
ANOVA results (Tables 4 and 5), the quadratic RSM relating
the calcium (Y(Ca)) and magnesium (Y(Mg)) removal with
urea concentration (X,), logarithm of cell concentration (X)),
and SW:S (X,) was constructed to fit the experimental data.
The models can be written as follows:

Y(Ca)=b,+bX, +b,X, +b,X, +b,X] +b,X X, +b,, X, X, (7)

1°71 1271772 2372973
Y(Mg)=b, +bX, +b,X, +b,X, +b,X; (8)

where b, = 635.1394403, b, = -98.72122053, b, = —14.27128156,
b, = —68.21209661, b,, = 3.127796817, b,, = 1.58569795, and
b,, = 7.579122003 for calcium removal. The following values
for the accuracy metrics were obtained: RMS 10.11, MAE
8.72, and MRE 14.75. For magnesium removal the coefficient

values are b, =-921.925288, b, =0.596743297, b, = 183.6475097,

Analysis of variance (ANOVA) for the response surface quadratic model of calcium removal

Source Sum of squares d.f. Mean square F-Ratio P-Value Significant
X, (urea) 5,688.89 1 5,688.89 54.59 0.0000 High
X, (pC) 12,853.4 1 12,853.4 123.35 0.0000 High
X, (SW:S) 4,769.39 1 4,769.39 45.77 0.0000 High
XX, 770.667 1 770.667 7.40 0.0146 Yes
XX, 2,002.08 1 2,002.08 19.21 0.0004 Yes
XX, 154.083 1 154.083 1.48 0.2406 Not
X, X, 48.1667 1 48.1667 0.46 0.5057 Not
XX, 675.0 1 675.0 6.48 0.0209 Yes
XX, 73.5 1 73.5 0.71 0.4127 Not
Total error 1,771.5 17 104.206
Total (corr.) 28,806.7 26

Table 5

Analysis of variance (ANOVA) for the response surface quadratic model of magnesium removal
Source Sum of squares d.f. Mean square F-Ratio P-Value Significant
X, (urea) 660.056 1 660.056 17.02 0.0007 Yes
X, (pC) 2,913.39 1 2,913.39 75.12 0.0000 High
X, (SW:S) 522.722 1 522.722 13.48 0.0019 Yes
XX, 15.5741 1 15.5741 0.40 0.5347 Not
XX, 44,0833 1 44.0833 1.14 0.3013 Not
XX, 27.0 1 27.0 0.70 0.4157 Not
XX, 411.13 1 411.13 10.60 0.0047 Yes
XX, 44.0833 1 44.0833 1.14 0.3013 Not
XX, 31.1296 1 31.1296 0.80 0.3828 Not
Total error 659.352 17 38.7854
Total (corr.) 5,328.52 26
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b, = -5.340996168, and b,, = —8.544061308. The values for the
accuracy metrics are RMS 5.54, MAE 4.12, and MRE 7.12.

3.4. RBEN model

The structure and optimum values of RBFN parameters
for both calcium and magnesium removal were determined
using different number of hidden layer until to reach an RMS
less than 1. In the RBFN used for the calcium removal, the
architecture 3-21-1 (with 21 neurons in the hidden layer)
of an RBFN an MSE of 0.3 was obtained. It was found that
the predicted values matched the experimental values in
very good with R? = 0.9999. Therefore, 99.99% of the varia-
tion for calcium removal was explained by the independent
variables. The R? of 0.99799 and adjusted for d.f. R? of 0.9998
agree. The following values for the accuracy metrics were
obtained: MAE 0.31, and MRE 0.27. These results are much
better than those obtained with RSM. This is clearly shown in
Fig. 8(a), which compares the experimental values versus the
values predicted by RSM and RBFN.

In the RBFN used for the magnesium removal, the
architecture 3-13-1 of an RBFN, an RMS of 4.82 was obtained.
It was not possible to find a better ANN because at lower
MSE values the response surface showed poor interpolation
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30 a0 50 60 70 80 90
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Fig. 8. Experimental data versus predicted data given by RSM
and RBFN for calcium and magnesium removal. Calcium
removal (a) and magnesium removal (b).

(oscillations). It was found that the predicted values matched
the experimental values with R? = 0.9396 and in agreement
with adjusted for d.f. R? of 0.9286, which is an improvement
compared with RSM. The following values for the accu-
racy metrics were obtained: MAE 3.52 and MRE 0.06. These
results are better than those obtained with RSM, which is
clearly shown in Fig. 8(b).

Response surfaces were constructed using RBFN because
RBEN gives better results and the form of response surfaces
given by RBEN does not correspond to the typical quadratic
model. Usually, the best results were obtained at high urea
concentrations. However, these conditions mean higher costs
because higher concentrations of urea mean higher con-
sumption of this chemical reagent. Therefore, the response
surfaces were constructed considering medium values of
urea (30 g L™). High values of SW:S gives high removal of
calcium but low removal of magnesium, and vice versa.
Also, low ratios of SW:S means larger reactors. The response
surfaces were constructed considering a value of 2 for SW'S.

High values of urea concentration mean better calcium
removals as can be seen in Fig. 9. An economic evaluation
between the cost of urea and the time to remove calcium
is necessary to make an informed decision. High values of
pC can help obtain good results for calcium (Fig. 9) and
magnesium (Fig. 10). High values of SW:S favor the removal
of calcium and low values favor the removal of magnesium

o
&

Calcium removal, %

e &8 == 15

Calcium removal, %
=
]

<20 ol

—
—

10.5 40

35
30 ation el

Fig. 9. The response surfaces for calcium removal. Urea
concentration 30 g L™ (a) and SW:S ratio 2 (b).
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Fig. 10. The response surfaces for magnesium removal. Urea con-
centration 30 g L™ (a) and SW:S ratio 2 (b).

(see Fig. 10). This suggests considering two reactors in series,
the first with high values of SW:S to remove calcium and
the second with low values of SW:S to remove magnesium.
Further experimental and economic studies are needed
given that optimal condition for calcium and magnesium
removal are different and because the optimal condition
(high level of urea) is not favorable from the economic point
of view.

4. Conclusions

The removal of calcium and magnesium from SW was
investigated considering the concentration of urea, number
of cells in the immobilization matrix, and SW:S as indepen-
dent variables. Based on an ANOVA analysis of a three-level
factorial design it was determined that the input variable
urea concentration, pC, and SW:S were highly significant
in the removal of calcium. Also, the quadratic term of urea
concentration, interaction urea concentration with pC, and
interaction pC with SW:S ratio were significant in calcium
removal. For magnesium removal, pC was the only highly
significant variable, whereas the urea concentration, SW:S,
and quadratic term of pC were significant.

The removal of calcium and magnesium were modeled
using RSM and RBEN. It was demonstrated that RBFN gives
superior results based on several metrics of accuracy.

Finally, the study demonstrated that immobilized cells
of B. subtilis strain LN8B could be a promising method for
partial removal of calcium and magnesium from SW.

Abbreviations
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