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a b s t r a c t

A neural network-based modeling approach with back-propagation and support vector regression algo-
rithms was investigated as a mean of developing data-driven models for forecasting reverse osmosis (RO)
plant performance and for potential use for operational diagnostics. The concept of plant “short-term
memory” time-interval was introduced to capture the time-variability of plant performance since both
a state of the plant model and standard time-series analyses for both flux decline and salt passage did
not result in realistic predictive horizons for practical purposes. Past information of normalized permeate
flux and salt passage were introduced as unique input variables along with process operating parameters
to capture short-term plant performance variability. Sequential models, where the time-variation within
each forecasting time-interval was also taken as input information, and marching forecasting models,
where target values were predicted at fixed future times from past plant information, were developed.
Models were trained, with normalized permeate flux and salt passage, for various model architectures,
memory time-intervals and forecasting times using both back-propagation and support vector regression

approaches. State of the plant models (without forecasting) were able to describe the relatively small
permeate flux variations but were unable to capture salt passage trends (for any present time condition)
since unsteady state phenomena could not be properly described without plant memory information.
Forecasting of plant performance, with both sequential and marching models, yielded good predictive
accuracy for short-term memory time-intervals in the range of 8–24 h for permeate flux and salt passage
for forecasting times up to 24 h. Current work is ongoing to extend the approach for longer time scales and
to incorporate data-driven forecasting models of RO plant into control strategies and process diagnostics.
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. Introduction

The separations performance of reverse osmosis (RO) desalina-
ion (e.g., salt rejection and permeate flux) and membrane longevity
re impacted by numerous factors including, but not limited to,
embrane fouling and scaling, consistency of feed water qual-

ty and treatment effectiveness, and stability and reliability of
lant process equipment. The development of advanced RO pro-
ess control strategies would benefit from predictive models of
Please cite this article in press as: D. Libotean, et al., Neural network app
desalting, J. Membr. Sci. (2008), doi:10.1016/j.memsci.2008.10.028

lant operation that are capable of identifying deviations (as well as
psets) of process conditions due to fouling and mineral salt scaling
1]. There are, however, major obstacles to developing first principle
eterministic models for predicting RO plant behavior including:
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a) the complexity and potential variability of feed composition,
b) difficulty of real-time quantification of feed water fouling and
caling propensities, (c) lack of practical and accurately predictive
ouling models that account for the interplay of various fouling

echanisms, and (d) lack of information regarding the precise role
f membrane surface properties and membrane interactions with
arious foulants/scalants and fouling/scaling precursors [2].

In recent years, there have been various attempts to advance
he use of artificial neural networks (ANN) as a viable approach to
evelop data-driven models to describe the performance of mem-
rane processes [3–14]. The available ANN models have described
ux decline and variation in rejection performance for a given time-
roach for modeling the performance of reverse osmosis membrane

nvariant feed quality [4,5,10–14]. A limited number of studies have
xplored the use of ANN to describe dynamic ultrafiltration with
ackflow filtration [6–8] and in situations in which feed quality may
e variable [3,9]. Previously developed ANN models of RO plant per-
ormance were based on the use of training data sets whereby the

dx.doi.org/10.1016/j.memsci.2008.10.028
http://www.sciencedirect.com/science/journal/03767388
http://www.elsevier.com/locate/memsci
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of both variations of operating conditions and membrane foul-
ing. Therefore, in order to effectively evaluate plant performance,
it is necessary to compare permeate flow and salt passage rates
at a standard reference condition. In the current study, the ASTM
Fig. 1. Schematic of the two-stage RO plant indicating the various measured pa

ata points for training and testing were interdispersed throughout
he complete data time-series. These models were reasonably suc-
essful for data interpolation (i.e., predictions for an input variable
ange for which the ANN model was trained) but lacked forecast-
ng capability (i.e., performance predictions for time periods that

ere not covered by the training data set). The ability to fore-
ast membrane plant performance, even for short forward time
eriods, would provide additional flexibility for developing an inte-
rated process control strategy and as an early warning system
o signal the need for remedial action (e.g., membrane cleaning,
djustment of process variables such as pressure and flow rates).
rguably, the ANN approach is data-driven and, therefore, results

n a plant-specific performance model. However, such an approach
ould have the advantage of capturing the unique aspects of the
lant under consideration, including specific operational behavior
f plant equipment (e.g., pumps, valves, monitoring devices and
ontrol system), process elements (i.e., membrane modules, feed
retreatment modules), plant configuration, as well as feed quality
ariations.

Forecasting of process performance can be achieved by tak-
ng into account appropriate process input variables as well as a

easure of the process memory. Indeed, forecasting over small
redictive horizons was demonstrated in financial time-series
roblems [15] by the common procedure of using a fixed num-
er of previous points (instants of time) of the target variable as
odel inputs. Neural algorithms and classifiers were also success-

ully applied in several multidimensional forecasting applications
f engineering and fundamental interest concerning the inferential
rediction of product quality from process variables [16] and the
nalysis of turbulent fluid flow phenomena [17], respectively. The
pplication of the latter neural network-based multidimensional
ethods to the analysis of real RO plant performance is appropri-

te since plant data are typically noisy and the required predictive
orizon is relatively large (e.g., 1 day).

In the present study, we demonstrate the feasibility of construct-
ng ANN models of RO plant performance to describe temporal
ariations in permeate flux and salt passage with a unique
apability for useful short-term forecasting of process perfor-
ance degradation. Accordingly, the concept of process memory

s introduced, whereby past-time (i.e., backward in time) process
Please cite this article in press as: D. Libotean, et al., Neural network app
desalting, J. Membr. Sci. (2008), doi:10.1016/j.memsci.2008.10.028

nformation of the target variable is utilized in a time-marching
pproach, along with operational process variables, to forecast
lant performance. The present methodology serves to suggest the
ossibility of using such an ANN modeling approach for RO process
ontrol and process fault identification.

F
e

ers. The first and second stages contained nine and five modules, respectively.

. Experimental data and model development

.1. RO pilot plant data

The experimental RO plant data used for building the ANN mod-
ls were provided by the WaterEye Corporation (Grass Valley, CA).
he 1 MGD (million gallons per day) RO brackish water desalination
lant was of a 2:1 array configuration located at Port Hueneme,
A (Fig. 1), operated at 75% recovery. The first and second stages
ontained nine and five membrane modules, respectively. The mon-
tored plant parameters for the feed stream included flow rate,
onductivity, feed pressure, pH and temperature. Permeate and
oncentrate (i.e., brine) monitored parameters included flow rate,
onductivity and pressure (including inter-stage pressure). Real
ime data of the above process parameters (Fig. 1) were collected
very �� = 10 min for a period of about 3 months. Feed salinity
Fig. 2) and operational parameters can vary during plant opera-
ion and this typically results in variations in permeate flow rate
nd salt passage as shown for the present plant data in Fig. 3.

Changes in permeate flow and salt passage can be the result
roach for modeling the performance of reverse osmosis membrane

ig. 2. Variability of feed water salinity (expressed as mg/L, TDS) during the RO plant
valuation period.

dx.doi.org/10.1016/j.memsci.2008.10.028
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Table 1
Average feed composition.

Ion/Species mg/L

SiO2 28.0
CO2 8.7
Na+ 103.5
K+ 4.6
Ca2+ 142.6
Mg2+ 39.6
Fe3+ 0.1
Ba2+ 0.03
HCO3

− 261
Cl− 46.2
F− 0.4
SO4

2− 445
NO − 1.46
C
T
p

T

P
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for the percent salt passage, standardized permeate flux and pres-
sure, respectively; the plant was shut down for various periods just
prior to these times (see Figs. 3 and 4). There were other periods
of interruptions in data acquisition as is evident in these two fig-
ures; however, the RO plant continued its operation during those
ig. 3. Time-evolution of the standardized salt passage and standardized permeate
ow. The vertical dotted lines represent process startup after plant shut down.

516-00 [18] method was used to standardize the permeate flow
ate with respect to temperature, pressure and osmotic pressure
which is related to the solution salinity) at 25 ◦C, and with respect
o the measured process parameters for the first monitoring point
or each plant startup period. Briefly, according to the above ASTM
rocedure, the standardized permeate flow was calculated as

p,s =
[
Pf,s −

((
Pf,s − Pc,s

)
/2

)
− Pp,s − �b,s + �p,s

]
TCFs[

Pf,a −
(

(Pfa − Pc,a) /2
)

− Pp,a − �b,a + �p,a
]

TCFa
Qp,a (1)

here Qp is the permeate flow rate, Pf, Pc and Pp are the feed,
oncentrate and permeate pressures (kPa), respectively, �b and
p are the brine and permeate osmotic pressures (kPa), respec-

ively, and where the subscripts ‘a’ and ‘s’ refer to the actual
nd the standardized measurement values, respectively. The tem-
erature correction factor, TCF was calculated as TFC = exp[3020
1/298.15 − 1/T)], in which T is the absolute temperature in degrees
[19]. It is noted that, in the preceding analysis, the RO plant perfor-
ance with respect to the permeate flow was expressed in terms of

he permeate flux non-dimensionalized with respect to the initial
tandardized flux for the performance period under consideration.

The standardized percent salt passage (%SP) for the RO process
as calculated as

SPs = EPFa

EPFs

TCFa

TCFs

Cb,s

Cb,a

Cf,a

Cf,s
%SPa (2)

here EPF is the average RO element permeate flow rate, and Cb
nd Cf are the brine and feed concentrations, respectively, with
ubscripts ‘a’ and ‘s’ as defined previously. The brine concentra-
ion was expressed as a log-mean average and calculated in terms
f the recovery Y (i.e., permeate to feed flow rates ratios), according
o Cb = Cf ln[(1/(1 − Y))/Y]. In the current analysis, concentra-
ions were all expressed in terms of mg/L of total dissolved solids
TDS) based on the conversion from the measured conductivity
o equivalent NaCl concentration in mg/L. The conversion from

easured conductivities for the brine and permeate streams was
ccomplished by constructing conductivity (�S/cm) − TDS (mg/L)
orrelations derived from multi-electrolyte calculations using the
LI Analyzer software [20]. The correlations were developed based
Please cite this article in press as: D. Libotean, et al., Neural network app
desalting, J. Membr. Sci. (2008), doi:10.1016/j.memsci.2008.10.028

n the average ionic composition of the feed (for the period of
4/03/00–25/03/00; Table 1), by calculating the conductivity that
ould result from various concentration levels for the feed water

nd correspondingly produced permeate for different levels of salt
assage. Based on the resulting conductivity for the equivalent NaCl

F
v
s
p

3

O3
2− 0.83

DS (mg/L) 1082.0
H 7.68

DS (mg/L) the following correlations were obtained,

ermeate : TDSNaCl = 0.346(Cn)1.017 (3a)

eed − brine : TDSNaCl = 0.141(Cn)1.157 (3b)

n which Cn is the conductivity (�S/cm). The linear correlation
oefficients were about unity for both correlations, with average
elative errors of 8.1 × 10−3 and 1.7 × 10−2% for Eqs. (3a) and (3b),
espectively.

.2. Data preprocessing and analysis

The standardized percent salt passage and permeate fluxes
Fig. 3) and pressure data (Fig. 4) revealed gaps in data acquisition
nd missing data as a result of plant shut down periods. Pro-
ess interruptions (e.g., membrane cleaning and/or replacement)
ere identified via operational logs and verified by inspecting dis-

ontinuities in the time-series data for the process variables. The
tartup times after interruptions are indicated by the dotted ver-
ical lines (at t = 328, 832, 976, 1671, and 1928 h) in Figs. 3 and 4
roach for modeling the performance of reverse osmosis membrane

ig. 4. Time-evolution of feed and concentrate pressures in the two RO stages. The
ertical dotted lines represent process startup after plant shut downs. In the period
tudied, the range of permeate pressure variation was 62–117 kPa (9–17 psi). All
ressures are given as relative gauge values.

dx.doi.org/10.1016/j.memsci.2008.10.028
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eriods. The standardized permeate flux and percent salt passage
Fig. 3) were normalized relative to the corresponding standard-
zed values, Qpo and SPo, at the beginning of the overall operational
eriod (14/01/01 in Fig. 3).

Actual state-of-the-plant (ASP) models for the standardized per-
eate flux and percent salt passage performance at a given time

, were first developed based on plant process parameters mea-
ured at the same given time for which model predictions were
ought. The target dimensionless variables Qp(t)/Qpo and SP(t)/SPo

ere predicted from the selected plant parameters measured at the
arget time (i.e., Qp(t)/Qpo = f [Plant parameters(t)] and SP(t)/SPo =
[Plant parameters(t)]). It is important to note that the forecasting
odel does not include direct input information regarding the tar-

et variable. For example, permeate and concentrate conductivities
ere not used as an input variable since it is a process parame-

er that infers the measure of salt passage. Subsequent to the ASP
odels, a series of forecasting models were enabled through the

nclusion of time-history information of the target variables (e.g.,
ermeate flux and salt passage). The present approach makes use
f a simple linear “short-term memory” (STM) time-interval �t
hat includes past and current instantaneous target variable infor-

ation to capture plant variations in operating conditions and to
nable a forecasting capability in a simple manner and over a suf-
ciently large time horizon from the plant operation point of view.
pecifically, forecasting is achieved with a model that is provided
ith the selected plant process parameters and target variable val-
es at the present time t and the target variable value at t − �t,
ith forecasting predictions made at future times beyond t. The

bove modeling approach is truly forecasting since the effects of
ime-dependent plant operating conditions on the target output
ariables (e.g., permeate flux and salt passage) are predicted at
uture times.

Three different forecasting approaches were evaluated in the
resent study. The first was the standard time-series correlation
STSC) method [21] that was investigated for its suitability to fore-
ast the standardized permeate flux and percent salt passage, from
heir respective values measured at previous time-instants. The
econd approach was based on sequential forecasting (SF) mod-
ls in which the target variables were forecasted sequentially at
ll future times within a predictive interval �tp ≤ �t by using
he same plant parameters, as in the ASP models, measured at
he current time, together with current (t) and past (t − �t) val-
es of the target variable. The STM interval �t was incorporated

nto the above model by dividing the overall process operational
eriod into equal N�tp time-intervals �tp. Each interval, �tp, began
t an overall operational time to

N , where N = 1,. . ., N�tp , with the
odel incorporating the target variable and plant information at

his time to
N , as well as past-time target information at (to

N − �t).
o facilitate model building and sequential forecasting of all time-
nstances within each �tp, independently of the operational time
eriod being examined, each interval �tp was in turn divided

nto N�� = �tp/�� data intervals of �� = 10 min, in accordance
ith the frequency at which plant data were recorded. Time (�)

nformation was also provided into the model after resetting the
ime counter to zero (�о = 0) at the beginning of each interval �tp

t = to
N; � = �o = 0). Thus, the actual process time within each inter-

al �tp, t0
N < t ≤ (to

N + �t), was transformed into a time domain
ithin the forecasting interval (i.e., 0 < � ≤ �tp). Accordingly, the SF
odels were of the form,
Please cite this article in press as: D. Libotean, et al., Neural network app
desalting, J. Membr. Sci. (2008), doi:10.1016/j.memsci.2008.10.028

Qp

(
to
N + �j

)
Qpo

= f

[
Qp

(
to
N − �t

)
Qpo

;
Qp

(
to
N

)
Qpo

; Plant parameters
(

to
N

)
; �j

]
;

j = 1, . . . , N�� ; N = 1, ..., N�tp (4a)
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SP
(

to
N + �j

)
SPo

= f

[
SP

(
to
N − �t

)
SPo

;
SP

(
to
N

)
SPo

; Plant parameters
(

to
N

)
; �j

]
;

j = 1, . . . , N�� ; N = 1, ..., N�tp (4b)

ith �j = j��, j = 1,. . ., N�� , included as input variable in appro-
riate time-units. It is noted that the first time-derivatives of
he target variables, at the beginning of operational periods after

aintenance, were taken equal to zero (i.e., Qp(to
N − �t)/Qpo =

p(to
N)/Qpo; SP(to

N − �t)/SPo = SP(to
N)/SPo) since each represented

new operational period without immediate past history. Only pre-
ictive intervals smaller than the STM interval (i.e., �tp ≤ �t) were
xplored in the SF models given the linear nature of the memory
erm and the inclusion of time (�j) as an input variable (Eqs. (4a)
nd (4b)).

The third forecasting modeling approach was based on a march-
ng forecast (MF). In the MF models, the target variables are
ontinuously predicted at future times (t + ı) according to,

Qp
(

t + ı
)

Qpo
= f

[
Qp(t − �t)

Qpo
;

Qp(t)
Qpo

; Plant parameters(t)

]
(5a)

SP
(

t + ı
)

SPo
= g

[
SP (t − �t)

SPo
;

SP(t)
SPo

; Plant parameters(t)
]

(5b)

here the time-derivatives for the target variable were also set to
e zero at the beginning of each operational period commencing
fter maintenance, as in the case of the SF approach. In building
he SF and MF models, STM intervals (�t value) providing past
nformation, and forecasting times �tp and ı (Eqs. (4) and (5)),

ere assessed over the ranges of 2 h ≤ �t ≤ 48 h, 2 h ≤ �tp ≤ 24 h
nd 2 h ≤ ı ≤ 24 h.

It is important to note that, the impact of membrane fouling
nd/or scaling on membrane performance is a cumulative effect
ver time with flux decline becoming more severe with fouling
rogression. However, the time scales associated with plant read-

ustment to changes in operational conditions (e.g., pressure and
ow rate changes) can be much shorter than the fouling time scale,
specially relative to flux decline of less than about 5–10% (typically
arking the recommended level that triggers the need for mem-

rane cleaning). Therefore, plant process time scales are expected
o be unique to the configuration and hardware of the plant, the
rocess set points and quality of the feed. In the present case study,
ermeate flux and salt passage fluctuations and temporal pattern
Fig. 3) were of durations of the order of hours and days. Therefore,
t is desirable for forecasting time-intervals to be at least within the
ange of the expected time scales for the plant.

.3. Algorithms

ANN models were built, separately, for the standardized per-
eate flux and percent salt passage (i.e., target variables) using

oth a back-propagation (BP) algorithm [22] and support vector
achines (SVM) [23–25] to establish the relationships between

he selected model inputs and the target variables (permeate flux
nd salt passage). Details on the subject of ANN model building
y BP and SVM can be found elsewhere [22–25]. Briefly, the cur-
ent BP architectures consisted of one input layer (with the number
f inputs required by each model tested), one output layer (one
utput target variable) and a hidden layer in which a different
umber of neurons were used for different models to evaluate the
roach for modeling the performance of reverse osmosis membrane

erformance of various model architectures. The linear transfer
unction was utilized for the input and output layers and a hyper-
olic tangent transfer function was used for the hidden layer [26]. A
evenberg–Marquardt technique [27,28] was used during the learn-
ng phase (training and validation) for adjusting the weights by

dx.doi.org/10.1016/j.memsci.2008.10.028
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ackward propagation [26] of the error between the ANN output
f an input pattern and the corresponding target process vari-
ble (i.e., percent salt passage or permeate flux). The SVM’s are
ernel-based supervised learning methods that can be applied to
lassification and regression [23–25]. SVM methods were origi-
ally developed to classify linearly separable datasets by means
f a hyperplane defined by support vectors. In non-linear classifi-
ation problems the coordinates of the input data are mapped into
high-dimensional feature space where the hyperplane is com-

uted with non-linear kernel functions [23–25]. Kernels operate
n the input space where classification can be readily attained as
he weighted sum of kernel functions evaluated at the support vec-
ors. In the present approach, SVM were applied to develop support
ector regression (SVR) models [23] utilizing linear (dot) kernels.

The neural network and kernel-based models were trained using
ata from the first three periods of operation (0–906 h) which con-
ained a total of 4569 data points (Fig. 3) representing about 50%
f the overall dataset. Internal model validation was carried out
ith about 20% of the data set for the first 906 h of plant opera-

ion (selected randomly; see Figs. 3 and 4). The internal validation
tep served as a stopping criterion for the ANN learning algo-
ithm. Model testing was performed by using the data in the last
hree operational periods, starting at t = 976 h and forward in time
Figs. 3 and 4), as an external validation data set. These data were not
sed in the learning phase, neither for model training, nor for inter-
al validation; in other words, model testing was accomplished
ith an external data set. Thus, model evaluation was carried out

n a marching time-series approach that avoided interpolation of
est data within the training set. Overall, approximately 40% of
he entire plant data set was used for ANN model training, 10% of
he data were used for internal validation within the test set, and
he remaining 50% of the time-series sequence (i.e., the last three
perational periods in Figs. 3 and 4) were used for external model
esting.

The adequacy of both the ANN architecture and the “short-
erm memory” time-intervals for the various models were assessed
sing a model quality index, q2, calculated separately for the train-

ng (tr) and test (te) data sets [29] according to,

2
tr = 1 −

∑ntr
i=1

(
yi − ŷi

)2∑ntr
i=1(yi − ȳtr)

2
(6)

2
te = 1 −

∑nte
i=1

(
yi − ŷi

)2∑nte
i=1(yi − ȳtr)

2
(7)

n which yi, ŷi are respectively the experimental and predicted val-
es of the dependent variable while ȳtr is the averaged values of the
xperimental dependent variable for the training set. The quality
ndex, q2, varies between 0 and 1, with unity being the maximum
ttainable quality. Note that q2

te in Eqs. (6) and (7) has been nor-
alized with respect to the averaged value of the experimental

ependent variable for the training set, ȳtr, to penalize (decrease)
he quality of the test set when over-fitting occurs during the train-
ng phase. It is noted that models with q2 > 0.5 are considered to
ave predictive capabilities [30–32]. In addition, model perfor-
ance was also evaluated by means of the mean absolute error

MAE), percent error, and linear correlation coefficient.

. Results and discussion
Please cite this article in press as: D. Libotean, et al., Neural network app
desalting, J. Membr. Sci. (2008), doi:10.1016/j.memsci.2008.10.028

.1. Actual state-of-the-plant models

ASP models (i.e., �t = 0) were first developed to assess the con-
istency of training and testing data sets, and the influence of

o
t
r
p
s
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rocess variables and algorithms in model building. Several BP
rchitectures, with 2–11 neurons in the hidden layers, together with
VR models, were evaluated for modeling the permeate flux and
alt passage. Feature selection analyses and expert criteria on the
erformance of reverse osmosis membrane desalting revealed that
he most suitable set of input variables for the target variables (per-

eate flow and salt passage), for the present plant, were the feed
ow rate, feed conductivity, overall pressure drop, pressure drop
cross stage 2, and feed pH,

Qp(t)
Qpo

=f
[
Qfeed(t), Cnfeed(t), pHfeed(t), �poverall(t), �pstage 2(t)

]
(8)

SP(t)
SPo

=f
[
Qfeed(t), Cnfeed(t), pHfeed(t), �poverall(t), �pstage 2(t)

]
(9)

t is noted that the feed, concentrate and permeate pressures were
ot explicitly incorporated into the ASP and forecasting models
ince these variables are considered in the normalization of the
ermeate flux (Eq. (1)). Although the different process pressures are

ncluded in the standardized permeate flux (Eq. (1)), the approx-
mate ASTM 4516-00 accepted averaging of the transmembrane
ressure driving force [18] does not fully account for the non-linear
elation between the pressure and osmotic pressure (at the mem-
rane surface) along the membrane modules and the observed
ermeate flux. Therefore, the use of the pressure drop across the
nd RO stage and the overall pressure drop provides additional

mportant information not captured in the permeate flux standard-
zation procedure. It is also noted that it is also possible to use
he pressure drops across the 1st and 2nd RO stages; however, the
hoice of a pressure drop across one stage and the overall pressure
rop provided a greater difference in magnitude between the two
ressure variables. Temperature was not included as a model input
ariable for the ASP and forecasting models since temperature was
ncluded in the standardized calculations for permeate flux and salt
assage target variables. Although in the present data pH variation
as only in the range of 6.4–7.6, it was included as an input variable

ince pH is known to affect mineral scaling as well as colloidal and
iofouling.

The performance of the ASP models is summarized in Table 2 in
erms MAE and the quality index q2

te obtained for the test data sets of
p/Qpo and SP/SPo with the optimal BP 5:3:1 and SVR with a radial
asis function kernel (C = 1; ε = 1 × 10−4; � = 1) architectures. Both
NN models are consistent in terms of architectures since the small
umber of neurons in the hidden layer of the BP algorithm (5:3:1)

s matched by the relatively small number (1069 vectors, 23% of
raining data) of support vectors needed to build the SVR-based

odel. Table 2 indicates that while the performances of both BP and
VR models are reasonable for the normalized permeate flux (ε̄ ≈
.9%; q2

te ≈ 0.6), with the latter yielding slightly better predictions,
oth BP and SVR-based models were unable to satisfactorily predict
he salt passage (ε̄ ≥ 9.2%; q2

te ≈ 0.0).
The time-sequences of the normalized permeate flux and salt

assage values, predicted with the ASP models for the respective
est data sets, are shown in Figs. 5 and 6, respectively. It is clear from
hese figures and Table 2 that, while performances of ASP models
or permeate flow are reasonable (q2

te ≈ 0.6) and with consistent
rends, in the case of SP/SPo, both BP and SVR-based models tend
o predict a nearly constant salt passage value close to the average
roach for modeling the performance of reverse osmosis membrane

f the complete test set. These salt passage results indicate that
he time-variation of the five selected plant parameters (feed flow
ate, feed conductivity, feed pH, overall pressure drop, 2nd stage
ressure drop), is insufficient to capture plant performance at the
ame current time without using past salt passage information.

dx.doi.org/10.1016/j.memsci.2008.10.028
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Table 2
Summary of the performance of the ASP and SF models for the prediction of permeate flux and salt passage for the test data sets with the best BP and SVR architectures. The
SF model results are reported for three different STM values (�t = 8, 12 and 24 h) and several forecasting intervals (�tp).

MODELS Time (h) Actual state Sequential forecasting (SF)

�t = 0 �t = 8 �t = 12 �t = 24

�tp = 2 �tp = 4 �tp = 8 �tp = 2 �tp = 4 �tp = 6 �tp = 12 �tp = 2 �tp = 4 �tp = 8 �tp = 12 �tp = 24

Permeate flux (Qp/Qpo) 5:3:1 ε̄ 0.93 – – – – – – – – – – – –
q2

te 0.56 – – – – – – – – – – – –
8:3:1 ε̄ – 0.83 0.89 0.92 0.82 0.82 0.87 0.89 0.82 0.87 0.93 1.00 0.99

q2
te – 0.68 0.64 0.61 0.69 0.70 0.64 0.64 0.64 0.61 0.55 0.47 0.49

SVR ε̄ 0.91 0.83 0.87 0.91 0.81 0.83 0.85 0.91 0.88 0.89 0.90 1.05 1.18
q2

te 0.61 0.68 0.65 0.62 0.70 0.68 0.67 0.62 0.59 0.59 0.58 0.42 0.31

Salt passage (SP/SPo) 5:3:1 ε̄ 13.05 – – – – – – – – – – – –
q2

te −0.40 – – – – – – – – – – – –
8:3:1 ε̄ – 4.13 4.67 5.92 3.80 5.13 4.67 5.70 3.80 4.16 5.62 5.78 7.97

q2
te – 0.83 0.80 0.66 0.84 0.77 0.79 0.69 0.88 0.86 0.76 0.73 0.53

SVR ε̄ 9.18 4.39 4.42 5.71 4.21 4.60 4.89 5.63 3.96 3.89 4.65 4.96 5.76
q2

te 0.02 0.81 0.80 0.64 0.82 0.79 0.77 0.65 0.85 0.85 0.81 0.78 0.71

F
w
t

F
c

Please cite this article in press as: D. Libotean, et al., Neural network app
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ig. 5. Comparison between experimental permeate fluxes and those predicted
ith a BP (5:3:1 architecture) and SVR state-of-the-plant (ASP) models (�t = 0) over

he complete test data set (see the training and testing periods in Fig. 3).

F
w
d

ig. 7. SOM clustering of RO plant operation patterns (training and test) into families: (a
luster is the family ID number and the second the number of family member data points
roach for modeling the performance of reverse osmosis membrane

ig. 6. Comparison between experimental salt passage values and those predicted
ith a BP (5:3:1 architecture) and SVR ASP models (�t = 0) over the complete test
ata set (see the training and testing periods in Fig. 3).

) normalized permeate flux and (b) percent salt passage. The first number in each
(family population).

dx.doi.org/10.1016/j.memsci.2008.10.028
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3

Evaluations of the applicability of the STSC approach demon-
ig. 8. Representation of the families of operational patterns with respect to: (a)
ermeate flux and (b) percent salt passage.

The fact that ASP models without past-time information (�t = 0)
re able to capture, in part, features of the time-evolution of the
ormalized permeate flux but not of the salt passage (Figs. 5 and 6
nd Table 2), can be best understood if major RO plant operational
ata families are identified by clustering similar operation condi-
ions with a Self-Organizing Map (SOM) algorithm [33,34]. In this
nalysis method, a 27 × 17 cell SOM was used to classify the com-
lete (training plus testing) operational data time-series (Fig. 3)
sing the five selected input process variables (feed flow rate, feed
onductivity, feed pH, overall pressure drop, 2nd stage pressure
rop) together with either the normalized permeate flux or salt
assage targets. Accordingly, the SOM units or classes were clus-
ered into similar families of operating conditions by means of the
avies–Bouldin index [35]. This clustering process resulted in 11

eparate families of operational conditions for the permeate flux
Please cite this article in press as: D. Libotean, et al., Neural network app
desalting, J. Membr. Sci. (2008), doi:10.1016/j.memsci.2008.10.028

nd 12 families for the salt passage, as shown respectively in Fig. 7a
nd b. The corresponding training and test data set distributions
nto these SOM families is depicted in Fig. 8a and b for the per-

eate flux and salt passage, respectively. The vertical black line

able 3
ummary of the performance of the marching forecast (MF) models for the prediction of
rchitectures for three different STM values (�t = 8, 12 and 24 h) and five different predic

odels Time (h) Marching forecasting (MF)

�t = 8 h �t = 1

ı = 2 ı = 4 ı = 8 ı = 12 ı = 24 ı = 2

ermeate flux
(Qp/Qpo)

7:3:1 ε̄ 0.79 0.80 1.08 1.13 0.89 0.80
q2

te 0.70 0.70 0.50 0.47 0.62 0.70
SVR ε̄ 0.82 0.89 1.14 1.13 1.13 0.82

q2
te 0.69 0.65 0.45 0.43 0.40 0.68

alt passage
(SP/SPo)

7:3:1 ε̄ 3.10 3.65 4.31 4.46 5.87 3.23
q2

te 0.90 0.87 0.81 0.81 0.70 0.90
SVR ε̄ 3.40 3.79 4.48 4.53 4.93 3.52

q2
te 0.89 0.87 0.81 0.81 0.80 0.88

s
3
p
S
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t 976 h in these two figures denotes the separation between the
raining set data (operational times from 0 to 906 h) and the test
et (operational times from 976 to 1950 h).

As illustrated in Fig. 8a, all permeate flux data in the test set
right side of the vertical line) were well represented in the train-
ng set families (left side), except for families 1 and 9 which, while
eing populated in Fig. 7a, were nonetheless observed to share sim-

larities between themselves and with the neighboring SOM classes
n Fig. 7a. This explains the reasonable performance of the ASP per-

eate flux models, as shown in Fig. 5 and Table 2, for the test set of
his target variable. On the other hand Fig. 8b shows that the distri-
ution of training and test salt passage data into the SOM families
Fig. 7b) is very unbalanced since test data (right side of Fig. 8b) in
amilies 1, 4, 5, 6, 7, 9 and 11 are poorly or not at all represented
n the training data set (left side of Fig. 8b). This training-test data

ismatch is also consistent with the poor ASP salt passage models
epicted in Fig. 6 and as reported in Table 2. In other words, the
haracteristics of the test set were not contained in the training set
nd thus could not be learned during training.

It is clear that, in the absence of past plant information as model
nput, the lack of a sufficient representation of the test data families
n the training set limits the model applicability to the operational
amilies that are well represented in the training time-series. One
an resolve the above problem, in part, by dividing the data into
raining and test sets [36] for the entire set of operating conditions,
uch that data points in the training set cover the same range of
perational conditions as in the test set (i.e., achieved by having
he data set points interdispersed throughout the complete data
et). However, such an approach would result in an ANN model
hat is useful for interpolation but not for forecasting RO plant per-
ormance (Section 3.2). Even periodic retraining of the ANN model

ay not assure an acceptable level of predictive accuracy. On the
ther hand, the inclusion of past target variable information as an
dditional model input (i.e., target value at t − �t) does provide
measure of forecasting horizon. When the above SOM analyses

Figs. 7 and 8) were repeated by adding this target variable infor-
ation at t − �t all families of operational patterns, for both the

ermeate flux and salt passage, shared members from both the
raining and test sets. The above results suggest that forecasting

odels of plant performance should include the time � and/or STM
nformation as discussed Section 2.2 and amplified Section 3.2.

.2. Forecasting models
roach for modeling the performance of reverse osmosis membrane

the permeate flux and salt passage for the test data sets with the best BP and SVR
tive times (ı = 2, 4, 8, 12, and 24 h).

2 h �t = 24 h

ı = 4 ı = 8 ı = 12 ı = 24 ı = 2 ı = 4 ı = 8 ı = 12 ı = 24

0.80 1.14 1.03 1.06 0.78 0.80 1.01 1.11 1.21
0.70 0.46 0.56 0.50 0.71 0.70 0.57 0.46 0.34
0.91 1.15 1.14 1.04 0.81 0.86 1.04 1.04 1.02
0.63 0.45 0.47 0.49 0.69 0.67 0.54 0.54 0.52

3.94 4.49 4.78 6.60 2.89 3.27 4.82 5.16 5.86
0.85 0.82 0.77 0.57 0.92 0.90 0.77 0.74 0.66
3.84 4.42 4.41 4.88 2.89 3.91 4.52 4.58 4.87
0.86 0.82 0.82 0.79 0.87 0.85 0.82 0.81 0.78

trated that model forecasting was limited to a period of about
0 min and required six and seven consecutive time-instants of
revious permeate flux and salt passage data, respectively. These
TSC models captured plant performance fluctuations over short

dx.doi.org/10.1016/j.memsci.2008.10.028
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eriods but could not describe longer-term behavior (Fig. 3). There-
ore, the STSC modeling approach was deemed unsuitable for the
evelopment of practical plant diagnostics tools and early warning
ystems.

The performance of SF and MF models for the normalized
ermeate flux and salt passage, for different STM intervals and fore-
asting time-intervals (i.e., �tp or ı), is summarized in Table 2 and
able 3. It is apparent that the behavior of the models for each tar-
et variable is self-consistent with the following overall trends: (i)
he performance of all SF and MF models decreases when the fore-
asting horizon �tp or ı increases, except for some at the longest
redictive times close to 24 h where the observed increase in perfor-
ance is due to the decrease in the number of test data points that
as imposed by the continuity of data required during training and

esting in both forecasting models; (ii) the STM interval that yielded
est performance, with all forecasting models and algorithms, for
he permeate flux and salt passage was in the range �t = 8–24 h;
iii) SF models performed better for permeate flow, particularly for
arge forecasting intervals (�tp ≈ �t), while MF models perform
etter for salt passage for all forecasting time-intervals (0 < ı ≤ �t).

t should be noted that in the SF models the same STM informa-
ion of the target variable was used for all predictions at forecasting
imes (�) up to �tp, which facilitated learning when time-variations
re small. On the other hand, for the MF models the STM informa-
ion was updated at each time, capturing better future data trends,
articularly for large time-variations of the target variables. In other
ords, all elements in the input training vectors change for each
Please cite this article in press as: D. Libotean, et al., Neural network approach for modeling the performance of reverse osmosis membrane
desalting, J. Membr. Sci. (2008), doi:10.1016/j.memsci.2008.10.028

ew time enabling better training or learning; (iv) the MF models
ielded reasonable performance for forecasting intervals (ı) greater
han the STM interval. The results demonstrated that a forecasting
eriod of 1 day (forward in time) is feasible (q2

te > 0.5) with SVR-

Fig. 9. Comparison between experimental Qp/Qpo values and those predicted with
BP (8:3:1 architecture) and SVR-based sequential forecasting (SF) models for the test
set with �t = 12 h. (a) �tp = 2 h and (b) �tp = 12 h.

ig. 10. Comparison between experimental Qp/Qpo values and those predicted with BP (7:3:1 architecture) and SVR-based marching forecast (MF) models for the test set
ith �t = 12 h. (a) ı = 2 h; (b) ı = 8 h; (c) ı = 12 h and (d) ı = 24 h.

dx.doi.org/10.1016/j.memsci.2008.10.028
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errors for salt passage were larger (ε̄ ≈ 4%) because the span of data
was also greater. The second characteristic is that the MF models
yielded better salt passage predictions (Table 3) than the SF models
(Table 2). Salt passage values were well predicted with the MF mod-
ARTICLEEMSCI-8929; No. of Pages 12

D. Libotean et al. / Journal of M

ased permeate flux and salt passage MF models for STM intervals
n the range of �t = 8–24 h; (v) both BP and SVR algorithms per-
ormed equally well for short forecasting time-intervals. In contrast,
he SVR derived models outperformed the BP derived models for
he longest forecasting time-intervals (i.e., for �tp or ı ≈ 24 h) and
ime-variability of the data as was the case, for example, for the salt
assage.

SF and MF permeate flux models (Eqs. (4a) and (5a), respec-
ively) were derived using BP neural networks (NN) with optimal
N architectures of 8:3:1 and 7:3:1, respectively. Eight input nodes
ere utilized for the SF model to predict permeate flux in accor-
ance with Eq. (4a) (i.e., the selected five plant parameters, values
f the permeate flux at times t and t − �t, and time � within the pre-
ictive interval �tp). The dimension of the input vector for the MF
odels was reduced to seven since time � was excluded. The same

nput vectors were used in the corresponding SVR-based SF and
F models. For both the BP and SVR derived permeate flux mod-

ls, the best performances for SF models (Table 2) were obtained
ith STM intervals of �t = 8 h and �t = 12 h and forecasting inter-

als of �tp = 2 h and �tp = 4 h. In contrast, performance of the MF
odels (Table 3), derived using both BP and SVR algorithms, all

TM intervals considered resulted in similar performance for short
orecasting intervals of ı = 2 h and ı = 4 h. Best model performances
ere obtained with the shortest STM intervals and forecasting

ntervals with a tendency for decreasing performance for a given
TM interval (�t) with increasing �tp or ı and for increasing �t for
given �tp or ı. A survey of performance of all the forecasting mod-
ls developed suggests that a STM interval �t = 12 h is a reasonable
ractical choice in terms of performance model and robustness.

The SF models developed with an 8:3:1 BP architecture (Table 2)
redicted the normalized standardized permeate flux with mean
bsolute errors ε̄ in the range [0.82–0.89%] and quality indices q2

te in
he interval [0.64–0.70] over the test set, for �t = 8 h and �t = 12 h
or the range of forecasting intervals considered (�tp = 2–24 h).
he quality indices for the models decreased to q2

te = 0.61 for
t = 24 h and �tp = 4 h. Similar performance was obtained for the

VR derived SF models, with mean absolute errors increasing to at
ost 0.009 and 0.012 permeate flux units for �tp = 2 h and 24 h,

espectively, with q2
te decreasing to 0.59 and 0.31 for the same

orecasting time-intervals (Table 2). The results show that in all
ases, model performance degrades as the forecasting interval �tp

pproaches the size of the STM interval. This decrease in model
ccuracy can be attributed to the smoothing effect of the STM term
n Eq. (4b) which masks the temporal permeate flux fluctuations.
his effect is also observed for the largest STM interval of 24 h for
hich the BP and SVR derived forecasting models also show simi-

ar performance. As an illustration of the model performance, the
xperimental permeate flux and the values forecasted with the BP
nd SVR-based SF models, for the STM interval of �t = 12 h and two
orecasting intervals of �tp = 2 and 12 h are shown in Fig. 9 for the
omplete test set. It is clear that the forecasted Qp(t)/Qpo values
ollow the trend of experimental data.

The performances of both the BP and SVR-based MF models
Table 3) were similar to the corresponding SF models for short and

oderate forecasting times (ı = 2–8 h). However, the MF models did
ot require the additional input of time-sequence information (�)
s in the case of the SF models (Section 2.2). The performance of
he BP-based MF models was slightly inferior relative to the corre-
ponding SVR-based MF models. The accuracy of the BP/MF models,
n terms of the mean absolute error varied from approximately
Please cite this article in press as: D. Libotean, et al., Neural network app
desalting, J. Membr. Sci. (2008), doi:10.1016/j.memsci.2008.10.028

¯ ≈ 0.79% to ε̄ ≈ 1.2% as the forecasting time, ı, was increased from
h to 24 h for �t ≤ 24 h. The error range of ε̄ ≈ 0.82 − 1.15%, were
btained with the SVR/MF models over the same forecasting time
ange ı (Table 3). For the BP and SVR-derived MF models, the quality
f the fit was in the range of q2

te = 0.34–0.71 and q2
te = 0.40–0.69,

F
B
�

 PRESS
ne Science xxx (2008) xxx–xxx 9

espectively, for �t ≤ 24 h and ı ≤ 24 h. The BP and SVR-derived MF
odels are compared in Fig. 10, for �t = 12 h and ı = 2, 8, 12 and

4 h. The performance of these models slightly degrades as the
orecasting interval approaches or exceeds the value of the STM
nterval. The quality index for longer term forecasting (ı = 24 h)
sing STM interval of �t = 12 h are close to q2

te = 0.50 for both the
P and the SVR models. Table 3 shows that the performance of the
VR-based MF model for the permeate flux is maintained above
.5 when the STM interval is increased to �t = 24 h while that of
he BP-based models drops to q2

te = 0.34. It is important to recog-
ize that both the SF and MF forecasting models for permeate flux
Tables 2 and 3) outperform the ASP model (Table 2). These forecast-
ng models demonstrated that the mean absolute errors decrease
nd the quality of the fit indices increase when past target informa-
ion is included as input information, regardless of the algorithm
sed, even for values of ı close to the STM interval.

Compared to the RO plant performance with respect to per-
eate flux, forecasting of salt passage should provide a better

ndication of the adequacy of the forecasting approach in describ-
ng plant performance since the data revealed greater temporal
alt passage variations (Figs. 3 and 6). Indeed, the first noticeable
rend in the performances of salt passage models, summarized in
ables 2 and 3, is that salt passage forecasting models developed
sing both the BP and SVR algorithms, which yielded the similar
ccuracy and goodness of the fit (with the SVR-based models bet-
er capturing long-term effects) performed better (q2

te ≈ 0.53–0.92)
han the permeate flux models (q2

te ≈ 0.31–0.71). Mean absolute
roach for modeling the performance of reverse osmosis membrane

ig. 11. Comparison between experimental SP/SPo values and those predicted with
P (8:3:1 architecture) and SVR-based SF models for test set with �t = 8 h. (a)
tp = 2 h and (b) �tp = 8 h.

dx.doi.org/10.1016/j.memsci.2008.10.028
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ig. 12. Comparison between experimental SP/SPo values and those predicted with
b) ı = 8 h; (c) ı = 12 h and (d) ı = 24 h.

ls (Table 3) with ε̄ ≤ 4.9% and q2
te ≥ 0.80 for STM intervals, within

he range of �t ≤ 24 h and forecasting times of ı ≤ 24 h, using both
he BP and SVR algorithms. In contrast, reasonable performance for
he SF-derived salt passage model (Table 2), over the same STM
ange �t ≤ 24 h, was only feasible for much shorter forecasting
ntervals, i.e., �tp ≤ 8 h.

The performance of the BP and SVR-based SF and MF mod-
ls for salt passage, for the complete test data set with �t = 8 h,
s illustrated in Figs. 11 and 12, respectively. It is seen that the

odels follow the trend of data reasonably, with the MF outper-
orming the SF-based model for all forecasting times (see bottom
arts of Tables 2 and 3). It should be noted that marching forecast
odels, developed with either BP or SVR algorithms, are robust

n forecasting salt passage even up to 1 day forecasting (Fig. 12).
or example, the SVR-based MF models with �t = 8, 12 and 24 h
ielded salt passage predictions at ı = 24 h with mean absolute
rrors of 0.049 salt passage units and q2

te ≈ 0.8 for these three cases
Table 3). The SF models are less accurate yielding predictions with
igher mean absolute errors. For example, for an STM interval of
t = 24 h and a forecasting time-interval of �tp = 24 h, the SVR-

ased SF model performed with a mean absolute error of ε̄ ≈ 5.8%
nd lower quality of fit (q2

te ≈ 0.71) (Table 2). It should be recognized
hat the short-term memory information of the target variables
n the SF models is maintained for all forecasting time-instants �

ithin �tp, thereby leading to smearing in the training process,
specially when forecasted values change significantly with time
Please cite this article in press as: D. Libotean, et al., Neural network app
desalting, J. Membr. Sci. (2008), doi:10.1016/j.memsci.2008.10.028

nd with increasing forecasting time-instants � within the inter-
al �tp. Notwithstanding, the forecasting models developed in the
resent study (e.g., Figs. 11 and 12) demonstrated superior sensi-
ivity to following the temporal salt passage variability. In contrast,
he ASP models (Fig. 6), which have no forecasting capability, had

A

m
t

3:1 architecture) and SVR-based MF models for the test set with �t = 8 h. (a) ı = 2 h;

ittle or no ability to describe the temporal salt passage variability
emonstrating poor model performance with ε̄ ≈ 10% and q2

te ≈ 0
Table 2).

. Conclusions

ANN modeling approach with BP and SVR algorithms, intro-
ucing a STM time-interval as an input parameter, was evaluated
or describing and forecasting the time-variability of plant per-
ormance. An ASP model and two types of forecasting models
sequential forecasting and matching forecast) for permeate flux
nd salt passage were investigated using real-time RO plant per-
ormance data. Analysis of various BP and SVR architectures and
ime-intervals demonstrated that it is feasible to model plant per-
ormance to a reasonable level of accuracy with respect to both
ermeate flux and salt passage, with a short-term memory inter-
al of up to about 24 h. The present study focused on performance
ariability that was of short duration. Notwithstanding, the results
f the present study suggest that there is merit in applying the
resent approach to plant operations that may involve longer time
cales of performance degradation as is the case when membrane
ouling and scaling occur. Current work is ongoing to extend and
ncorporate data-driven neural network-based models in a control
trategy and early warning system of the deterioration of RO plant
erformance.
roach for modeling the performance of reverse osmosis membrane

cknowledgments

This work was supported, in part, by the United States Environ-
ental Protection Agency, the National Water Research Institute,

he California Department of Water Resources, the International

dx.doi.org/10.1016/j.memsci.2008.10.028


 IN PRESSG Model
M

embrane Science xxx (2008) xxx–xxx 11

D
C
e
(
R

�b,s concentrate (brine) osmotic pressure at standard
(reference) conditions, kPa

�p,a permeate osmotic pressure at a given time, kPa
�p,s permeate osmotic pressure at the standard (refer-

ence) condition, kPa
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Nomenclature

Symbols
C capacity term in the support vector regression (SVR)

model
Cb,a measured concentrate (brine) concentration at a

given time, mg/L
Cb,s concentrate (brine) concentration at standard (ref-

erence) conditions, mg/L
Cf,a measured feed concentration at a given time, mg/L
Cf,s feed concentration at standard (reference) condi-

tions, mg/L
Cn conductivity, �S/cm
EPFa RO permeate flow rate, GPM
EPFs RO permeate flow at standard (reference) condi-

tions, GPM
GPM Gallons per min
N�tp number of �tp time-intervals
N�� number of �� time-intervals
Pc,a measured concentrate pressure, kPa
Pc,s concentrate pressure at standard (reference) condi-

tions, kPa
Pf,a measured feed pressure, kPa
Pf,s feed flow pressure at standard (reference) condi-

tions, kPa
Pp,a permeate pressure, kPa
Pp,s permeate pressure at standard (reference) condi-

tions, kPa
q2 model quality index
Qpo standardized permeate flux at operational time t = 0
Qp,a measured permeate flow rate, GPM
Qp,s standardized permeate flow rate, GPM
SPo standardized salt passage at operational time t = 0
%SPa measured percent salt passage
%SPs standardized percent salt passage
t overall operational time, min, h or days
to
N time-instants at the beginning of the N�t intervals,

min or h
T temperature, K
TCFa temperature correction factor for actual process

conditions
TCFs temperature correction factor for standardization
TDSNaCl total dissolved salts, expressed as equivalent NaCl

concentration, mg/L
Y recovery
ȳ average y value
yi experimental y value
ŷi predicted y value
ı forecasting time in MF models, min or h
�t short-term memory interval (STM)
�tp predictive interval in SF models, min or h
ε maximum allowed error in the ε-tube of the SVR

models
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ε̄ mean absolute error (%)
�� plant data sampling interval (10 min)
�b,a concentrate (brine) osmotic pressure at a given

time, kPa
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� time within the interval �tp, min or h
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