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Operating and maintenance cost in seawater reverse osmosis desalination plants.

Artificial neural network based model
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ABSTRACT

The implementation of seawater reverse osmosis (SWRO) desalination plants was key to ensure the
fresh water supply in arid and coastal regions. The high operating and maintenance (O&M) cost in
these plants are an impediment. In this paper,the O&M cost of twelve SWRO desalination plants
located in Fuerteventura (Canary Islands) were analyzed. A mathematical model was elaborated to
estimate the O&M cost. The inputs were the production capacity of the line, recovery, energy con-
sumption and the price per kWh. The specific cost related to the energy consumption is complex to
be evaluated because of its dependence on other factors such as energy recovery system, chemical
cleaning frequency and electrical energy tariffs. It was observed that the specific cost of the chemi-
cals, cartridge filters, membrane replacement, staff and maintenance decreased with the production
and recovery increase in the studied ranges. The model was verified with the data proving to be a

good estimator.
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1. Introduction

The main impediment for desalination is high costs
of constructing and operating desalination facilities [1-3],
which directly translates to the cost of desalinated water,
paid by consumers. Costs of desalination vary consider-
ably from country to country and from region to region.
They are determined by geographical, socio-economic and
environmental conditions as well as regulations regarding
establishing and operating desalination plants. Usually, in
the O&M cost, the relative percentage of power, chemical
and membrane replacement costs increase, and percentage
of maintenance and staff costs decrease with the increase
in source water salinity. Chemical costs are quite variable
from one location to another and are mainly dependent on
the source water quality, pretreatment processes [4], and the
product water quality required.

*Corresponding author.

Some authors have focused their efforts on the study of
membranes technology (increasing the membrane active
surface, water permeability coefficient or reducing the pres-
sure drop on the membrane surface) to reduce the O&M
cost [5-7]. The staff costs of a SWRO desalination plant
are closely related to plant size, complexity and number of
treatment processes and equipment, and to the overall level
of plant automation [8]. The maintenance costs are quite
complex to be evaluated, it includes all expenditures asso-
ciated with routine plant operations and preventive and
emergency maintenance of plant equipment, structures,
buildings, and piping. Typically, the useful life of most of
the key desalination plant equipment is between 25 and
50 years [9]. The energy consumption is the main factor in
terms of costs in SWRO [10-14], it is directly related to the
source water salinity and temperature, and the associated
osmotic pressure that has to be overcome in order to pro-
duce fresh water.
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This work aims to evaluate the O&M cost of twelve
SWRO desalination plants operating in Fuerteventura
(Canary Islands, Spain). An artificial neural network model
(ANNM) was designed to estimate the O&M specific cost of
SWRO desalination plants knowing the production capac-
ity, recovery and the specific energy consumption (SEC).

2. Material and methods
2.1. Plants data

The data of twelve SWRO desalination plants between
2005 and 2012 were collected; the plants were named with
the numbers 1-12 due to the privacy of the information and
the inability to make public the status of each desalination
plant. The main characteristics are summarized in Table 1.

The chemicals, cartridge filters and membrane replace-
ment, staff and maintenance costs were considered to make
the estimating model. The energy consumption of a RO sys-
tem depends on the pretreatment, arrangement, operating
condition, ERS etc. and the electrical market is quite vari-
able depending on the region, so the energy consumption
of the RO system was considered as an input as well as the
price of the electricity in terms of power and consumption.
These average data per cubic meter of produced water are
shown in Table 2 and the price of the electricity (averages)
in terms of power and consumption in shown in Table 3.
Fig. 1 shows the distribution of the O&M specific cost in
averages for SWRO desalination plants.

2.2. Artificial neural network based model

Artificial neural networks (ANNs) are based on the
architecture of biological nervous system, which consists
basically of a large combination of simple nerve cells or
neurons that work in parallel to facilitate fast decisions.
ANNSs are made up of a large number of primitive com-
putational elements that are arranged in a massive par-
allel set [15]. The ANN is developed in artificial synapses
which connect these elements that are characterized by a
set of weights, which can typically be adjusted by a learn-
ing process. The most important advantage in using this
mathematical method is that ANNs do not have to be
programmed; instead they use examples to learn how
to deal with more complex relationships [15]. ANNs are
intensively used in applications such as process control
[16], modelling [17], simulation and system identifica-
tion [18]. Their popularity could be attributed to the fact
that ANNs can solve many different types of engineering
problems with a relatively simple and flexible structure,
in fact,many authors have recently used ANNs to resolve
water treatment problems [19-30].

Basically, an ANN sis formed by nets of primitive ele-
ments (neurons) that receive signals (inputs) from other
neurons or from the outside. These signals are subsequently
weighted and summed [15]. The results (also called poten-
tials of the neurons) are then computed by transfer func-
tions, which pass the output to other nodes to the outside
environment of the network. The network has a structure
consisting of at least an input and an output layer, and pos-
sibly one or more hidden layers. Neurons in these layers are

connected by means of artificial synapses, each of which is
associated with a numerical value or weight. Once the ANN
is built, trained, validated and tested, with respect to a dif-
ferent set of inputs, it is able to produce a corresponding
set of outputs. Fig. 2 shows how an ANN leads to specifics
targets output.

2.3. Artificial neural network architecture and training
algorithm

Architecture (or topology) of an ANN refers to the
arrangement of neurons in the network. Neurons are orga-
nized in layers, so that the neural network can consist of
one or more layers of neurons. Each neuron receives a set
of inputs multiplied by interconnection (weight), which are
added and operated by a transfer function (or activation
function) before being transmitted to the next layer or net-
work output.

Each neuron, j, in the i-th layer is fed by a dedicated bias
(bii) and is connected with the neurons of the (i—1)-th layer
(except the input layer) through the weights (w,). k denotes
the neuron of (i—1)-th layer. The total number of neurons in
layer i is n, and the transfer function for layer i and neuron
jis fi. In each layer, the value of the neuron a'is calculated
with Eq. (1):

njq
i i [ i-1 i
uj—f]. E w}kﬁ,’( +b; )
k=1

As a large amount of data was not managed, the Lev-
enberg-Marquardt back propagation training algorithm
[31] was used because it got closer to an optimal solution
and the memory space required by this algorithm was not
a problem in this case. Fig. 3 shows a typical ANN archi-
tecture, the number of layers is similar to the ANN used in
this study:.

In this work, five inputs and one hidden layer with four
neurons using a hyperbolic tangent and linear as trans-
fer functions (Fig. 3). The correlations of the ANN were
expressed as follows:

b =tanh(w}l PrH Wiy Pyt Wi P+ Wiy P+ Wis P +b;) (2)
4} = tanh (W - p, + Wy - Pa + Wy Py + Wy~ Py + WhsPs +b3) (3)
a,= ta“h(wél Pr Wy Py Wy Pa Wy Py + Wis - Ps +b;) 4)
a, = tanh(w}n Prt Wiy Py + Wia Pa+ Wiy Py + Wis Ps +b1) (5)

ST RS U SN N S BN S R
Co&M—ﬂl—(wn'al+w12'“2+w13'a3+w14'“4+bl) (6)

where C_,,is the specific O&M cost (€/m°), p,, p,, p, p, and
p, are the scaled-up inputs, production capacity (m’/d),
water flux recovery (%), SEC of the RO system (kWh/m?),
power and consumption tariffs (€/kWh). The ANN was
trained, validated, tested and simulated using the MAT-
LAB® Neural Network toolbox.
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Table 2
Costs (c€/m?®)and energy consumption (kWh/m?) of the SWRO desalination plants

Plants Chemicals Cartridge filters Membranes Staff Maintenance Energy
consumption
Plant 1 3.19 0.25 6.72 137.83 5.20 6.41
Plant 2 3.18 0.26 6.77 137.83 5.20 6.02
Plant 3 3.15 0.24 6.60 68.92 4.50 4.59
Plant 4 2.90 0.22 6.44 16.54 3.70 5.06
Plant 5 3.10 0.23 6.27 13.78 3.50 4.57
Plant 6 3.09 0.23 5.83 10.34 3.10 4.87
Plant 7 290 0.23 5.72 10.34 3.10 5.02
Plant 8 3.03 0.23 6.22 10.34 3.30 6.00
Plant 9 312 0.23 5.66 8.61 290 3.32
Plant 10 3.01 0.23 5.83 8.27 290 5.86
Plant 11 2.80 0.22 4.94 591 2.80 5.65
Plant 12 2.70 0.21 4.88 3.18 2.70 499
Table 3

Electrical energy tariff (€/kWh)

Year Electrical energy tariff f Targets ;
Consumption Power

2005 0.0693 0.013
2006 0.073 0.024 v
2007 0.082 0.033 Inbuts Neural | Outputs Comparation
2008 0.086 0.044 8 Network .
2009 0.089 0.054 T
2010 0.096 0.064 . .
Fit weights
2011 0.103 0.074
2012 0.11 0.084
Fig. 2. Building process of ANNSs.
<19% 3% 2.4. Data processing
3% The input data for the ANN were the production capac-
3% : ity (m®/d), water flux recovery (%), energy consumption
Chemicals . .
3% [ | of the RO system (kWh/m?) and the price of the electrical
[ Cartridge filters tariff of each year (2005-2012) in terms of power and con-
[[] Membranes sumption (Table 3). The total input data were divided into
[ ]Staft three data sets: training (70%), validation (15%) and testing
[ Meintenance (15%). The testing values were used to fit the ANN using
. mean square error (MSE). The validation data were used to
I Everey consumption measure the ANN generalization and to halt training when

generalization stop improving. The test data did not have
any effect on training process, it provided other measure
of the ANN performance during and after the training pro-
cess. The target was the O&M cost, being the sum of the
items included in Table 2 and cost due to the SEC.

3. Results and discussion

In this case 99 iterations were needed to fit the param-
eters of the ANN. Fig. 4 shows the graphical performance
assessment having the best validation in iteration 93. The
Fig. 1. Distribution of the O&M specific cost. calculated weights and bias are shown in Table 4.

86%
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Fig. 4. Graphical performance of the ANN in the fitting process.
Table 4
Calculated parameters of the ANN
Weights Bias Transfer
function
w!, =-1.0887 w!,=-1.8121 w!,=—0.1187 w',=0.2889 w!,=—0.5673 b} =1.4945 tanh
wh, =1.7734 w},=1.5891 w},=-0.4437 w},=—0.2963 w}=0.7665 b}, =-0.0052 tanh
w! =—4.6819 w!,=0.2910 w!,=0.0014 w!,=-0.1576 w!,=0.2657 bl =-5.0726 tanh
w}, =-2.2939 w},=0.1356 w},=-0.0105 w},=0.1975 w},=-0.1945 b, =-0.9128 tanh
w3, =-0.0357 b% =1.1508 1
w3, =-0.0371
w3, =2.0179
w3, =0.0865

The results were reasonable, because the final mean
square error is relatively small (~ 5-107), the test set and val-
idation set errors have similar characteristics, and it appears
that significant over-fitting has not occurred. The statistical
regression between the real O&M cost and the estimated by
the ANN is shown in Fig. 5. The regression figures are used
to study the influence of the number of layers, neurons and
transfer function on the ANN performance. A perfect archi-

tecture would result in a regression value (R) of 1.0, which
is this case.

The ROSA (Dow®) software was used to simulate the
plant 7 operating in a range of water flux recoveries (42—
45%), the SEC, which is the most relevant in O&M costs,
was between 3.98-3.92 kWh/m?. Fig. 6 shows the O&M cost
trend with the increase of the recovery and increasing the
production.
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Training: R=1

14 1 O Data

Fit

Output ~= 1*Target + 1.1e-06

Target

Test: R=1

Output ~= 1*Target + 0.00022

Target

Fig. 5. Statistical regression of the ANN.
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Fig. 6. O&M cos trend for different production capacities.

Validation: R=1

Output ~= 1*Target + 0.00026

Output ~= 1*Target + 7.1e-05

Target

4. Conclusions

An ANN based model was made from the experimen-
tal data of twelve SWRO desalination plants located in
Fuerteventura Island (Spain) corresponding to a period
of five years of operation. The ANN based model was
verified and tested obtaining decent results comparing
with the experimental data. A simulation was carried out
to study the trends of the O&M cost varying some input
parameters.

The estimation of the O&M cost is complex, the energy
consumption is the most relevant item in these costs and
quite variable in time. The rest of the O&M costs depended
strongly on the production capacity due to the economy of
scale. Due to the characteristics of the studied SWRO desali-
nation plants it could be said that the model is accurate
within the ranges of the plants studied. It would require
more experimental data in wider operating ranges in order
to improve accuracy and applicability.



A. Ruiz-Garcia, ]. Feo-Garcia / Desalination and Water Treatment 73 (2017) 73-79

References

(1]

(2]

(3]

(4]
(5]

(6]

(8]

(%1

[10]

(11]

[12]

[13]

(14]

[15]

[16]

(17]

M.K. Wittholz, B.K. O’Neill, C.B. Colby, D. Lewis, Estimating
the cost of desalination plants using a cost database, Desalina-
tion, 229 (2008) 10-20.

J.R. Ziolkowska, Is desalination affordable?. Regional cost and
price analysis, Water Resour. Manage., 29 (2014) 1385-1397.

N. Ghaffour, TM. Missimer, G.L. Amy, Technical review and
evaluation of the economics of water desalination: Current
and future challenges for better water supply sustainability,
Desalination, 309 (2013) 197-207.

G. Pearce, SWRO pre-treatment: Cost and sustainability, Filtra-
tion Sep., 47 (2010) 36-38.

B. Salgado, ].M. Ortega, J. Blazheska, J. Sanz, V. Garcia-Molina,
High-permeability FILMTEC™ SEAMAXX™ reverse osmosis
elements: a success story in the Canary Islands, Desal. Water
Treat., 55 (2015) 3003-3011.

J. Mamo, V. Pikalov, S. Arrieta, AT. Jones, Independent testing
of commercially available, high-permeability SWRO mem-
branes for reduced total water cost, Desal. Water Treat., 51
(2013) 184-191.

V.G. Molina, M. Busch, P. Sehn, Cost savings by novel seawater
reverse osmosis elements and design concepts, Desal. Water
Treat., 7 (2009) 160-177.

J. Feo-Garcia, A. Ruiz-Garcia, E. Ruiz-Saavedra, N.
Melian-Martel, Cost assessment in SWRO desalination plants
with a production of 600 m*/d in Canary Islands, Desal. Water
Treat., 57 (2016) 22887-22893.

N. Voutchkov, Desalination engineering: planning and design,
McGraw Hill Professional 2012.

K.S. Balkhair, H. AlMaghrabi, A.S. Kamis, Cost-effective sus-
tainable operation policy of Jeddah RO desalination plant
under production pumps failure using mathematical pro-
gramming, Desal. Water Treat., 57 (2016) 28-36.

AM. Gilau, MJ. Small, Designing cost-effective seawater
reverse osmosis system under optimal energy options, Renew.
Energ., 33 (2008) 617-630.

A. Jiang, ]J. Wang, LT. Biegler, W. Cheng, C. Xing, Z. Jiang,
Operational cost optimization of a full-scale SWRO system
under multi-parameter variable conditions, Desalination, 355
(2015) 124-140.

A. Yechiel, Y. Shevah, Optimization of energy costs for SWRO
desalination plants, Desal. Water Treat., 46 (2012) 304-311.
M.A. Darwish, HK. Abdulrahim, A.S. Hassan, Realistic power
and desalted water production costs in Qatar, Desal. Water
Treat., 57 (2016) 4296-4302.

H. Demuth, M. Beale, M. Hagan, Neural network toolbox™ 6,
User’s guide (2008).

K.S. Narendra, K. Parthasarathy, Identification and control of
dynamical systems using neural networks,Neural Networks,
IEEE Trans., 1 (1990) 4-27.

N. Bhat, T.J. McAvoy, Use of neural nets for dynamic modeling
and control of chemical process systems, Comput. Chem. Eng.
14 (1990) 573-582.

[18]
[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]

[30]

[31]

79

L. Ljung, System Identification, Springer 1998.

A. Salgado-Reyna, E. Soto-Regalado, R. Gomez-Gonzélez, EJ.
Cerino-Cérdova, R.B. Garcia-Reyes, M.T. Garza-Gonzalez,
M.M. Alcald-Rodriguez, Artificial neural networks for model-
ing the reverse osmosis unit in a wastewater pilot treatment
plant, Desal. Water Treat., 53 (2015) 1177-1187.

AM. Aish, HAA. Zaqoot, SM. Abdeljawad, Artificial neural
network approach for predicting reverse osmosis desalination
plants performance in the Gaza Strip, Desalination, 367 (2015)
240-247.

E.S. Salami, M. Salari, M. Ehteshami, N.T. Bidokhti, H. Ghad-
imi, Application of artificial neural networks and mathemat-
ical modeling for the prediction of water quality variables
(case study: southwest of Iran), Desal. Water Treat., 57 (2016)
27073-27084.

F. Iranmanesh, A. Moradi, M. Rafizadeh, Implementation of
radial basic function networks for the prediction of RO mem-
brane performances by using a complex transport model,
Desal. Water Treat., 57 (2016) 20307-20317.

S.A. Aya, T. Ormanci Acar, N. Tufekci, Modeling of membrane
fouling in a submerged membrane reactor using support vec-
tor regression, Desal. Water Treat., 57 (2016) 24132-24145.

H. Dulkadiroglu, G. Seckin, D. Orhon, Modeling nitrate con-
centrations in a moving bed sequencing batch biofilm reactor
using an artificial neural network technique, Desal. Water
Treat., 54 (2015) 2496-2503.

N. Messikh, M. Chiha, F. Ahmedchekkat, A. Al Bsoul, Appli-
cation of radial basis function neural network for removal of
copper using an emulsion liquid membrane process assisted
by ultrasound, Desal. Water Treat., 56 (2015) 399-408.

S.S. Madaeni, M. Shiri, A.R. Kurdian, Modeling, optimization,
and control of reverse osmosis water treatment in Kazeroon
power plant using neural network, Chem. Eng. Commun., 202
(2015) 6-14.

W. Cao, Q. Liu, Y. Wang, .M. Mujtaba, Modeling and simula-
tion of VMD desalination process by ANN, Comput. Chem.
Eng., 84 (2016) 96-103.

A. Tumer, S. Edebali, An artificial neural network model for
wastewater treatment plant of Konya, J. Intell. Syst. Applic.
Eng,, 3 (2015) 131-135.

M. Bagheri, S.A. Mirbagheri, Z. Bagheri, A.M. Kamarkhani,
Modeling and optimization of activated sludge bulking for a
real wastewater treatment plant using hybrid artificial neural
networks-genetic algorithm approach, Process Saf. Environ.
Prot., 95 (2015) 12-25.

A. Giwa, S. Daer, I. Ahmed, P.R. Marpu, SW. Hasan, Exper-
imental investigation and artificial neural networks ANNs
modeling of electrically-enhanced membrane bioreactor for
wastewater treatment, . Water Process Eng., 11 (2016) 88-97.
J.J. Moré, The Levenberg-Marquardt Algorithm: Implemen-
tation and Theory, Numerical Analysis, Springer, 1978, pp.
105-116.



