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Abstract—Our aim was to analyze, monitor, and predict the outcomes of processes in a full-scale seawater reverse
osmosis (SWRO) desalination plant using multivariate statistical techniques. Multivariate analysis of variance (MANOVA)
was used to investigate the performance and efficiencies of two SWRO processes, namely, pore controllable fiber filter-
reverse osmosis (PCF-SWRO) and sand filtration-ultra filtration-reverse osmosis (SF-UF-SWRO). Principal compo-
nent analysis (PCA) was applied to monitor the two SWRO processes. PCA monitoring revealed that the SF-UF-SWRO
process could be analyzed reliably with a low number of outliers and disturbances. Partial least squares (PLS) analysis
was then conducted to predict which of the seven input parameters of feed flow rate, PCF/SF-UF filtrate flow rate, tem-
perature of feed water, turbidity feed, pH, reverse osmosis (RO)flow rate, and pressure had a significant effect on the
outcome variables of permeate flow rate and concentration. Root mean squared errors (RMSEs) of the PLS models for
permeate flow rates were 31.5 and 28.6 for the PCF-SWRO process and SF-UF-SWRO process, respectively, while
RMSEs of permeate concentrations were 350.44 and 289.4, respectively. These results indicate that the SE-UF-SWRO
process can be modeled more accurately than the PCF-SWRO process, because the RMSE values of permeate flowrate
and concentration obtained using a PLS regression model of the SF-UF-SWRO process were lower than those obtained

for the PCF-SWRO process.
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INTRODUCTION

Water is available in substantial quantities on earth, but only a
limited amount is adequately low enough in salinity for drinking
and irrigation [1]. Over the past few decades, desalination tech-
niques have emerged as an effective tool to produce potable water
from seawater and brackish [2]. In this regard, reverse osmosis
(RO) and thermal desalination, which includes multi-effect distil-
lation (MED) and multi-stage flash (MSF) [3] are two most widely
used desalination techniques. Further, a total of 9,000 reverse osmo-
sis (RO) desalination plants have been installed over the past two
decades [4]. In desalination plants, process controls systems are used
for plant automation and these systems generate a large amount of
information. However, storing a large amount of information is
very difficult when enormous numbers of process variables need
to be accounted for. Because SWRO processes are very sensitive to
variations in operating conditions, reliable monitoring and predic-
tion of SWRO plant processes is needed to maintain system per-
formance as close as possible to optimized conditions. Multivariate
statistical techniques can be used to analyze data obtained from
various SWRO processes and address the issues described above.
Furthermore, the use of multivariate statistical techniques can allow
the state of an SWRO plant to be monitored from a remote cen-
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tralized operation center [5].

Several multivariate statistical methods to analyze processes have
been developed, and used successfully for monitoring and fault detec-
tion [6]. Multivariate statistical approaches to monitor processes,
detect faults, and diagnose problems have advanced over the past
15 years [7]. Principal component analysis (PCA) is one of the most
popular multivariate statistical-based monitoring methods [8]. Multi-
variate statistical projection methods like PCA and PLS can be used
in SWRO desalination plants to make data more comprehensible
and to extract relevant information [9].

Several studies recently investigated monitoring of reverse osmo-
sis desalination systems. Bourouni [10] analyzed and compared
the performance of graphical methods such as reliability block dia-
gram and fault tree analysis methods for availability assessment in
RO plants. Quintanilla et al. [11] developed a statistical approach for
membrane rejection and organic chemicals, both of which reduce
physical-chemical compound properties. Alvarez et al. [5] investi-
gated adaptation of unfolded PCA (UPCA)-based monitoring and
fault detection for desalination plants and reported that this resulted
in a decrease in the number of false alarms and improved fault detec-
tion. Mcfall et al. [12] used a dynamic model for a high recovery
RO desalination plant to detect and isolate faults in the case of sys-
tem failure.

Recent studies have focused on fault detection and control of
SWRO plant performance. Few studies have performed multivari-
ate statistical monitoring and prediction of processes in full-scale
SWRO desalination plants. We performed this study to analyze,
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monitor; and predict processes in a full-scale seawater reverse osmo-
sis desalination plant using multivariate statistics techniques.

This paper consists of three sections. In the first section, multi-
variate analysis of variance (MANOVA) was used to evaluate the
performance and efficiencies of the pretreatment processes of an
SWRO desalination plant based on evaluation of the silt density
index (SDI) and turbidity parameters. In the second part, PCA was
applied to reduce the dimensions of the collected data and to deter-
mine the number of principal components. Process input data of
the two SWRO processes were easy to analyze using PCA moni-
toring: outliers were detected and unwanted measurements were
identified based on Hotellings T* statistic and SPE charts. In the
third section, PLS regression was used to develop a prediction per-
formance model for the output responses of two SWRO desalina-
tion processes. RMSE values of permeate flow rate and permeate
concentration obtained using PLS regression model were compared
to determine which of these two SWRO pretreatment processes
was superior to the other.

MATERIALS AND METHODS

1. Plant and Data Description

An overall block diagram of the SWRO desalination plant located
in the shipyard on Geojae Island, Korea, is shown in Fig. 1 [13].
Two SWRO processes with different pretreatment units are used
in this plant. The first process is pore-controllable fiber filter-reverse
osmosis, and the second process is sand filtration-ultra filtration-
reverse osmosis, which involves ultra-filtration (UF) with a sand
filter. For the first process, two PCF filtration processes with four
PCEF filters are used a teach PCF filtration stage, with a maximum
capacity of 5,000 m*/day.

The process consists of ultra-filtration with a maximum capacity

UF-SWRO processes performed between March 2011 and May
2011.
2. Multivariate Analysis of Variance (MANOVA)

MANOVA was used to investigate whether the population mean-
vectors were the same or not; the latter case would mean the com-
ponents differed significantly [14-16].

F-test is a statistical hypothesis test that has an F-distribution as
the null hypothesis. It is most frequently used to compare the fit of
statistical models for a data set. MANOVA is the most common
and useful application of the F-test. Suppose the number of ele-
ments in a vector are greater than or equal to one (g>1) and there
are two populations (h=2). The F-test statistic value of MANOVA
can then be calculated using Eq. (4) [14-16]:
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where n; is the number of vectors in the " population and A" is
Wilky’s lambda that is calculated by expression
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where [W| and [B+W| are the determinant values of W and B+W.
The expressions for calculating matrices [W| and [B+W]| are pro-
vided in Table 1.

MANOVA was conducted using the equations presented in Table
1. The F-test rejects the null hypothesis Hy: z=%=...5,=0 (where
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Fig. 1. Block diagram of a full-scale SWRO desalination plant on Geojae Island, Korea.
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Table 1. MANOVA table comparing population mean vectors [15-

17]
Source of Matrix of sum of square and Degrees of
variation cross products (SSP) freedom (d.f.)
g
Treatment B :an()_(l—)_()()_cl—)_()T h-1
=
h r h
Residual (error) W= (x;—X;)(x;— X)) 2 m;—h
j=1i=1 j=1
Total (corrected B - T2
for the mean) B +W—]§;(Xﬁ—xj)(xﬁ—xj) j;mj—l
where F () is the upper (1002)" percentile of the F-

2q, 2[271‘75172]
k-1

h

distribution with 2q and 2[/an— q- 2) is the degrees of freedom
i=1

(14-16].

In this study, MANOVA was applied to two SWRO processes,
pore controllable fiber filter-reverse osmosis and sand filtration-ultra
filtration-reverse osmosis, to statistically evaluate the performance
and efficiencies of the pretreatment processes based on evaluation of
SDI and turbidity parameters. SDI and turbidity are proximately
related to each; in general, if feed water turbidity increases, then
SDI increases, though the converse is not always true.

3. Multivariate Statistical Analysis

Multivariate statistical methods are used to find the dependency
among different variables from a dataset. Commonly used multi-
variate statistical analysis methods are principal component analy-
sis (PCA) and partial least squares (PLS).

3-1. Principal Component Analysis (PCA)

PCA projects a vector of high-dimensional measurement space
onto a space with significantly fewer dimensions. To determine
the relevant number of principal components, a scree plot is used,
in which eigenvalues are plotted against principal components. The
matrix X can be written as the sum of the outer product of the vec-
tor t, which is a score vector that contains information on the rela-
tionship between different samples and m,, which is a loading vector
that contains information on the relation between different vari-
ables plus the residual matrix G as shown in Eq. (7) [17-19]:

X=TM'+G=Ytm/+G €y

i=1

where T is the number of independent variables.

In this study, PCA was performed to determine the number of
PCs for all input parameters: feed flow rate of the plant, PCF/SF-
UF filtrate flow rate, temperature of the feed water, turbidity feed,
pH, reverse osmosis (RO) flow rate, and pressure.

3-2. Multivariate Statistical Process Monitoring

Mutivariate monitoring methods are used to detect disturbances
in measured data. Major multivariate control charts used for mon-
itoring are Hotellings T° statistic and the square prediction error
(Q) statistic, which is also called SPE.

The confidence limits for T are given by Eq. (7) using the F-
distribution [20-22]:
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where F,(a, n—a) is the critical value of the F-distribution with n
degrees of freedom and « is the level of significance. Typical values
of alpha for warning and action limits are 0.05 and 0.01, respectively.
The Q statistic is defined as the sum of squares that takes A prin-
cipal components, and the approximate distribution of Q is given

by Eq. (9) [23-26] as
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where ¢, is the standard normal deviation corresponding to the
upper (1-@) percentile, and /; is associated with the j" loading vector.

In this study, Hotelling’s T statistic, SPE charts, and contribution
plots were applied to the two SWRO processes to identify and define
outliers.

3-3. Partial Least Squares (PLS)

Since data in process industries are highly correlated, we used a
PLS model to correlate and determine the relationship between
the set of independent variables or process inputs (X) and the set
of dependent or output variables (or responses) (Y). PLS model
builds up a linear model that relates the matrices X and Y. These
matrices can be decomposed into bilinear terms using the follow-
ing equations [27-30]:

P
X=TM'+G=Ytm/+G @

i=1

T 2T
Y=UN +H=Yun; +H ®

i=1
where m and n are loading vectors that contain information on
the relationship between different process and response variables,
respectively; p is a vector of the number of latent variables, T and
U are score matrices, and G and H are residuals.

In this study, PLS regression was used to develop a prediction
performance model for the output responses of the two SWRO de-
salination processes: permeate flow rate and permeate concentration.
3-4. Analysis, Monitoring, and Prediction of SWRO Desalination

Data used in this study were collected over a period of three
months (March 2011 to May 2011). SWRO desalination plant data
were divided into two datasets: one for the PCE-SWRO process
and the other for the SF-UF-SWRO process; each dataset comprised
92 samples.

Multivariate analysis of variance (MANOVA) was used to ana-
lyze the two SWRO processes. Pretreatment units of the SWRO
desalination plant were divided into two populations: the PCE-SWRO
process and other SE-UE-SWRO process. We used MANOVA to
evaluate the performance and efficiencies of the two pretreatment
processes by using the input variables of silt density index (SDI)
and turbidity.

It is important to operate an SWRO plant under optimal condi-
tions to enhance process performance. Sophisticated monitoring
and prediction of the performance of desalination plant processes
should decrease operational costs and increase process performance.
We therefore used multivariate statistical methods to monitor and
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predict the performance of SWRO desalination plant processes.
PCA was first used to determine the number of PCs using a scree
plot. In addition, PCA was used for monitoring based on the score
plot, T° statistic and SPE charts to analyze and define outliers. We
defined the responses (or output) variables (Y) as permeate flow-
rate and permeate concentration, and the input variables (X) as
feed flow rate of the plant, PCF/SF-UF flow rate, filtrate flow rate,
temperature of feed water, pH, RO flow rate, turbidity feed, and
pressure. Partial least squares (PLS) regression was conducted to
predict which of the seven input variables had a significant effect
on the output variables. PLS regression was subsequently used to
develop a prediction performance model for the output responses
of the two SWRO desalination processes. RMSE values of the per-
meate flow rate and permeate concentration were obtained using
the PLS regression model and compared.

RESULTS AND DISCUSSION
1. Evaluation of SWRO Plant Performance by Multivariate Anal-
ysis

To supply high quality feed water to a reverse osmosis system,
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Fig. 2. Time evolutionary plot for SDI (a) PCF-SWRO process,
and (b) SF-UF-SWRO process.

an optimized and sufficient pretreatment system is required. This
pretreatment can improve long-term operation, maintain high effi-
ciency, and improve fouling sensitivity, leading to an increment in
RO membrane lifespan. The most commonly used parameters to
evaluate the performance and efficiencies of pretreatment processes
are SDI and turbidity. SDI is typically used to characterize the foul-
ing potential of the influent. Often membrane suppliers suggests
an SDI value <3; moreover, in practice, it is commonly accepted
that the SDI of the RO feed water should be lower than 3 [31] to
minimize fouling potential and pressure loss in the RO modules.
Turbidity can be caused by solid deposits and chemical precipitates.
It is important to measure the turbidity of feed water in an SWRO
desalination plant because high turbidity blocks pretreatment fil-
ters and decreases pretreatment efficiency.

As shown in the Fig. 2(a) and (b), the average SDI values for the
PCF-SWRO and SF-UF-SWRO processes were 3.17 and 2.29, respec-
tively. On the other hand, as illustrated in Fig. 2(a) and Fig. 3(a),
the average turbidity value of feed water for PCF-SWRO and SF-
UF-SWRO processes was 2.6 and 2.5 NTU, respectively. There-
fore, the average turbidity of the SF-UF-SWRO process was lower
than that of the PCF-SWRO process; this indicated that the SF-
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Fig. 3. Time evolutionary plot for Turbidity (a) PCF-SWRO pro-
cess, and (b) SF-UFSWRO process.
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UF-SWRO removed turbidity contributors more effectively than
the PCF-SWRO process. PCE-SWRO process exhibited a maximum
turbidity of 6.24 NTU during the end of April, because of an in-
crease in influent flow rate. Periodic variations in turbidity values were
observed for the PCE-SWRO process, perhaps due to fouling or
solid deposits on the pores of filter.

We concluded that the overall pretreatment efficiency and per-
formance of the PCE-SWRO process were lower than those of the
SF-UF-SWRO process, potentially due to membrane fouling and
low effluent water quality. To maintain and operate an efficient
SWRO desalination plant, an optimized and monitored pretreat-
ment process is necessary to maintain effluent standards.

To statistically verify the performance and efficiency of the pretreat-
ment processes, we performed a MANOVA by comparing the popu-
lation mean vectors. To statistically verify the performance and effi-
ciency of the pretreatment processes, we performed a MANOVA
by comparing the population mean vectors. MANOVA test will
give the quantitative measure of the differences among the data
sets of two pretreatment processes. For MANOVA test, the origi-
nal data obtained from SWRO desalination plant is divided into
two populations: (1) PCE-SWRO process, and (2) SF-UF-SWRO
process, which has the effect of SDI and turbidity parameters. Null
hypothesis for MANOVA is that there is no significant difference
between the two pretreatment processes mean-vector (Hy: %czswro=
Tseurswro=0), if Eq. (4) does not satisty. As the result of MANOVA
test, the value of F is 3.2649x10", while F,,,; is 3.2849 (where F;, .
is the upper 0.95" percentile of the F-distribution). The null hypoth-
esis was rejected because the F value was much higher than Fy, ;.
at the 95% confidence level, revealing that there were significant
variations in the measurements of SDI and turbidity parameters
between the two pretreatment processes. An inefficient pretreatment
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process requires periodic membrane cleaning and an increase in
operating pressure, resulting in accumulation of solid deposits and
membrane fouling, which decreases membrane life. Therefore, the
PCF pretreatment unit should be scrutinized during the design and
operation of a desalination plant.

2. PCA Monitoring of the PCF-SWRO Process

Since MANOVA investigates is not able to detect and analyze
the outliers for two pretreatment processes including PCE-SWRO
and SF-UF-SWRO, therefore, multivariate statistical monitoring
and prediction methods like PCA, PLS have the capability for ana-
lyzing and interpretation of data.

PCA was applied to the seven input variables of feed flow rate
of the plant, PCF/SF-UF filtrate flow rate, temperature of the feed
water, turbidity of the feed, pH, reverse osmosis flow rate, and pres-
sure. Significant parameters were obtained through PCA, which
was applied to all 92 observations (from March 2011 to May 2011).
In addition, a scree plot was used to determine the optimal num-
ber of principle components.

Cumulative percentage variance (CPV) is the percentage cap-
tured by first ¢ PCs. A measure of CPV(c)>90% captured by first
¢ principal components and is given as [5,32]
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where c is the first principal component and m is the number
of input variables.

The number of principal components, calculated using the CPV
approach with 92% variance level, is five. Moreover, Fig. 4 shows
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Fig. 4. Scree plot for principal component selection for the PCE-SWRO process.
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the scree plot results for PCF-SWRO process. As shown in Fig. 4,
five variables capture 92% variance and information from the data-
set. Therefore, seven input variables could be replaced with five key
variables which are linear combinations of the original variables.
Monitoring charts for the PCF-SWRO process obtained using
PCA are shown in Fig. 5; score plot, T2 plot, and SPE chart results
are shown. Results of score plots on the PC,-PC, plane for 92 sam-
ples are shown in Fig. 5(a). The circle repersents the 95% confidence
level. Samples within the circle were statistically controlled for, whereas
those outside the circle were considered outliers or contaminated
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Fig. 5. PCA monitoring of the PCE-SWRO process: (a) score plot,
(b) T plot, and (c) SPE chart.

samples. As shown in Fig. 5(a), only sample number 2 (March 2,
2011) fell outside the circle. For this sample, the flow rates of the
feed and filtrate were lower than average.

Fig. 5(b) and (c) shows the results of Hotelling’s T* statistic and
SPE charts based on the PCA model. T* and SPE statistics include
a summary of all input variables, and can be used to detect strong
deviations in the data. As shown in Fig. 5(b), samples 41 to 44, 59,
and 61 in the T” plot are believed to be outliers. To determine the
most likely cause of the outliers, the contribution of the input for
these particular samples (41-44, 59, and 61) was plotted. Fig. 6 shows
the results of the contributions of samples 41 to 44, 59, and 61. Note
that turbidity feed flowrate had the highest value among all input
parameters. At sample 41, the process variables, RO flow and tur-
bidity, show higher contributions. The turbidities of PCF-SWRO
process were low in early stage of opertation, but after the fluctua-
tions in inffulent water, they increased to higher level. In can be
concluded that in higher turbidity periods, the turbidity of PCF-
SWRO process increases. It is significant that this poor pretreat-
ment process could result in low quality water from the RO sys-
tem. On the other hand, process variables feed flow rate, filtrate flow
rate, temperature and pressure show low contibution plot. Hence,
these variables seem to maintain the average value without any fluc-
tuations. The contribution plot for samples in between 42 and 44
were considered and illustrated in Fig. 6. In this period, the SWRO
desalination plant received influent with a high turbidity and pH
and a small flow rates, ie., a highly solid deposited water. Later,
contribution plot for samples 59 and 61 were considered. In this
period, turbidity feed and RO feed flow rate showed largest conti-
butions. For sample 59, it is apparent that the of process variables,
feed flow rate and filtrate, also show somewhat higher contribu-
tion than other samples. On the other hand, 61 as shown in Fig. 6,
it can be clearly seen that the input variables, temperature and pres-
sure, were lower than usual. It can be clearly seen that PCA sys-
tematically identifies the abnormal data. Therefore, by detecting
and interpretation of process outliers plays an important role in ensur-
ing process monitoring and process efficiency. As shown in Fig.
5(c) in the SPE chart, many data samples were located outside the
confidence level far out of the expected range of the process. Raw
data revealed an apparent disturbance. To construct a reliable model,
outliers were excluded.

3. PCA Monitoring of the SF-UF-SWRO Process

The SF-UF-SWRO process managed to capture 93% variance
level are five. In addition, Fig. 7 shows the scree plot for SF-UF-
SWRO process. From Fig. we observe that the five PCs capture
93% variance.

Score plot, T plot, and SPE chart for the SE-UF-SWRO pro-
cess obtained using PCA are shown in Fig. 8. Fig. 8(a) shows the
results of score plots on the PC,-PC, plane for 92 samples; all sam-
ples fell within the 95% confidence levels.

Fig. 8(b) shows the Hotellings T” results; samples 43, 44, 59, and
61 of the T* plot exceeded the confidence level. The likely cause for
this deviation is shown in the contribution plot in Fig. 9. For these
samples, the turbidity feed flowrate was very high because the SF-
UF-SWRO process received a turbidity feed almost twice the aver-
age flowrate. The SPE chart presented in Fig. 8(c) shows that sam-
ples 1, 42, 43, 83, and 86 exceeded the confidence limits. This is
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Fig. 8. PCA monitoring charts for the SF-UF-SWRO process: (a)
Score plot, (b) T, and(c) SPE chart.

because the SF-UF pretreatment unit acts as control process, and
samples from the SF-UF-SWRO process might attain a new steady
state when a disturbance occurs. Moreover, during this period, the
turbidity feed flowrate was almost twice the mean flowrate, which
would likely have disturbed the system.

4. PLS Prediction of the SWRO Process

PLS as a multivariate linear regression algorithm was used for
prediction analysis of the PCE-SWRO process. A loading plot of
PC1 and PC2 is shown in Fig. 10. Nine variables were included in
the loading plot: seven input variables and two output variables.
Output variables (Y) were permeate flowrate and permeate con-
centration, while the input variables (X) were feed flow rate of the
plant, intake PCF/SF-UF flow rate, temperature of the feed water,
pH, RO flow rate, turbidity feed, and pressure.

A loading plot of the PCE-SWRO process with three clusters is
shown in Fig. 10(a). The first cluster consisted of temperature and
permeate flowrate, the second cluster included feed flowrate and
permeate concentration, and the last cluster was comprised of PCF
flowrate, pH, pressure, RO flowrate, and turbidity feed. Clusters
were divided according to the correlation among the variables. In
the first cluster, the proximity of temperature and permeate flow-
rate reveal that these input variables were highly correleated and
that their effect on permeate flowrate was considerable. In the sec-
ond cluster, feed water flowrate was strongly correlated with per-
meate concentration. The third cluster consisting of PCF flowrate,
pH, pressure, RO flowrate, and turbidity feed indicated that these
variables were correlated with one other-Moreover, the dataset of
the input variables in the cluster are related to each other. There-
fore, if the value of one input variable changed, so did the values of
the other input variables. This third cluster also contained input
variables that influenced each other. Fig. 10(b), which shows the
loading plot for the SF-UF-SWRO process, was also characterized
by three clusters. Note that the dependancy variables in the clus-
ters in Fig. 10(b) were similar to the clusters shown in Fig. 10(a).
However, the input variables for the SF-UF-SWRO process had
different values than for the PCF-SWRO process. These results indi-
cated that a change in the value of the influent feedwater flowrate
resulted in a change in the input variables for both SWRO pro-
cesses.

Fig. 11 shows the results of a VIP plot based on PLS loading
weight. The variable with the largest value among all parameters
in VIP plots has the most significant influence on process perfor-
mance. As shown in Fig. 11(a), for the PCF-SWRO process, the
input variables of feed flow rate, temperature of feed water, pres-
sure, RO flow rate, pH, turbidity feed, and filtrate flow rate had the
highest to lowest Q, and C, values in rank order. Fig. 11(b) shows
the VIP plot for the SF-UF-SWRO process. Input variables for the
VIP plot shown in Fig. 11(b) are different from those in Fig. 11(a).
Feed flow rate, temperature of feed water, RO flow rate, pH, tur-
bidity feed, pressure, and filtrate flow rate had the highest to low-
est Q, and C, values in rank order. The loading and VIP plot results
indicated that feed flow rate and temperature had a highly correlated
effect on permeate flow rate and permeate concentration.

Seawater desalination is generally used to produce and supply
freshwater for many industrial and domestic applications. Also, it
is important to focus whether product water is able to meet require-
ment in quality and quality. In this regard, an efficient prediction
model is essential for the output variables including the permeate
flow rate and concentration [5,13] with respect to various operat-
ing variables including the feed flow rate, PCF/SF-UF filtrate flow
rate, temperature of feed water, turbidity feed, pH, reverse osmo-
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Fig. 9. Contribution plot of T> for sample numbers 43, 44, 59, and 61 of the SF-UF-SWRO process.

sis (RO) flow rate, and pressure. Therefore, PLS is a multivariate
regression method used to propose the prediction models for both
output variables including permeate flow rate and permeate con-
centration with respect to both PCF-SWRO and SF-UF-SWRO
processes. The values in the dataset of PCE-SWRO process is mean
centered and auto-scaled to unit variance. Table 2 represents the
variables of PCF-SWRO process along with their means and stan-
dard deviations (SDs). The feed flow rate shows a particularly large
variation with respect to its mean. On the other hand, Table 3 rep-
resents the variables of SF-UF-SWRO process with their mean and
standard deviations (SDs). Of the variables considered, feed flow
rate of SF-UF-SWRO shows a large variation with respect to its
mean.

To know the superiority of the SF-UF-SWRO process over the
PCF-SWRO process, root mean square error (RMSE) values of flow
rate and concentration prediction curves (permeate flow rate and
permeate concentration) are compared. RMSE was used to deter-
mine the modeling error between the modelled and measuredval-
ues of responses. RMSE is defined as follows [30]:

n
N 2
Z(Yi, observed Y,-, mgde[)
RMSE=, | =L (10
n

August, 2015

where Y oiserves are the actual observed values, §, ., are the pre-
dicted values, and n is the number of experiments.

Fig. 12(a) and (b) shows the predicted permeate flow rate and
permeate concetration using the PCE-SWRO process. In this model,
PLS regression for the PCF-SWRO process is constructed with three
latent variables (LVs), capturing about 73% of the original data. It
means, the seven input variables (feed flow rate, PCF/SF-UF filtrate
flow rate, temperature of feed water, turbidity feed, pH, reverse osmo-
sis (RO) flow rate, and pressure) of X are reduced to three LVs, and
represent a strong linear correlation with the Y variables (permeate
flowrate and permeate concentration). The PLS regression model
for PCE-SWRO process is expressed as:

Permeate flow rate per: sro=0.6882 X (V1) permcate fow rate
+0.2768 X (V) pomentefiow e 0-1711 X (TV)HH poe o
Permeate concentration pcrgyro=0.6882 X (LV,) permeate concentration
+0.2768 X (LV,) permeate concentrationT0-1711 X (LV3)+H permeate concentration

where permeate flow rate is the vector of permeate flow rate for all
samples in PCF-SWRO process. (LV) pemmeate fiow e 18 @ vector of the
values of first latent variable, which corresponds to the permeate flow
rate. (LV3) pomete fiow rae 18 @ Vector of the values of second latent vari-
able, which corresponds to the permeate flow rate. (V) emeate fiow rate
is a vector of the values of third latent variable, which corresponds
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Fig. 10. Loading plot for a SWRO desalination plant using PLS: (a)
PCF-SWRO process and (b) SF-UF-SWRO process.

to the permeate flow rate. H e fiownre i the vector of the residuals,
which corresponds to the permeate flow rate. On the other hand,
permeate concentration is the vector of concentrations of perme-
ate flow rate for all samples. (LV}) ermente concenration 1 @ Vector of the
values of first latent variable, which corresponds to the permeate
concentration. (LV) pemmeate concentration 18 @ Vector of the values of second
latent variable, which corresponds to the permeate concentration.

Table 2. Process variables in a PCE-SWRO process taken from March
2011 to May 2011

VIP
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Fig. 11. VIP for SWRO desalination plant using PLS: (a) PCF-SWRO
process and (b) SE-UF-SWRO process.

VIR

(LV3) permeate concentration 18 @ Vector of the values of third latent variable,
which corresponds to the permeate concentration. H pueute concentration
is the vector of the residuals, which corresponds to the permeate
concentration.

Fig. 13(a) and (b) show the prediction results of permeate flow-
rate and permeate concentration using the SF-UF-SWRO regres-
sion model. The model for SF-UF-SWRO process was developed
in a similar manner to the procedure mentioned in PCF-SWRO

Table 3. Process variables in a SF-UF-SWRO process taken from
March 2011 to May 2011

Standard deviation

Standard deviance

Variable Unit Mean (SD) Variable Unit Mean (SD)
Feed flow rate m’/day  5458.8 19.91 Feed flow rate m’/day  84.02 1.455
Filtrate flowrate m’/day  5159.8 17.103 Filtrate flowrate m’/day 7271 0.823
Temperature of feed  °C 13.56 4.14 Temperature of feed  °C 13.56 4.14

pH 7.42 0.055 pH 7423 0.058
Turbidity feed NTU 2.60 0.98 Turbidity feed NTU 2.59 0.97

RO feed flow rate m’/day 7548 0.075 RO feed flow rate m’/day 7248 0.081
Pressure kgf/cm® 52.17 0.946 Pressure kgf/cm®  52.08 0.943
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Fig. 12. PLS prediction results for the PCF-SWRO process: (a) per-
meate concentration and (b) permeate flow rate.

model. This model captures 78% of the original data. The PLS regres-
sion model for PCE-SWRO process is expressed as:

Permeate flow rate g yrsuro=0.6941 X (V1) permeate flow rate
+0.2703 X (LV,) pormeate fiow rae+0-1711 X (LV3)+H perrmete owrate
Permeate concentration gy swro=0.6941 X (LV1) permicate concentration
+0.2703 X (LV3) pormeate concentrationt0-1711 X (LV)HH vt fowrate

where permeate flow rate is the vector of permeate flow rate for all
samples in SF-UF-SWRO process. On the other hand, permeate
concentration is the vector of concentrations of permeate flow rate
for all samples in SF-UF-SWRO process.

To know the superiority of developed PCF-SWRO and SF-UF-
SWRO processes, RMSE values of flow rate and concentration pre-
diction curves of permeate flow rate and concentration obatined
using PLS regression models are compared. Table 4 summarizes
the RMSE values of PLS prediction results for two pretreatment
processes. As shown in Table 4, RMSE values of permeate flow-
rate, and permeate concentration are 28.6 and 26.27, and 289.4 and
280.02 for training and testting data, respectively, when consider-

August, 2015
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Fig. 13. PLS prediction results for SE-UF-SWRO process: (a) per-
meate flow rate and (b) permeate concentration.
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Table 4. Comparison of RMSE values between the PCF-SWRO pro-
cess and SF-UF-SWRO process

Permeate flow Permeate

Process rate (Y1) concentration (Y2)
Train data Test data  Train data  Test data

PCE-SWRO 315 28.25 350.44 303.0865

SE-UE-SWRO 28.6 26.27 289.4 280.02

ing SE-UF-RO process. On the other hand, the RMSE values of
permeate flow rate, and permeate concentration are 31.5 and 28.25,
and 350.44 and 303.08 for training and testing data respectively,
when considering PCE-SWRO process. The comparision shows
that the RMSE values of output variables, namely permeate flow
rate and permeate concentration, were lower for the SE-UF-SWRO
process than the PCF-SWRO process as shown in Table 4. This
indicates that the SF-UF-SWRO model results in more accurate
prediction than the PCE-SWRO model.
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CONCLUSIONS

After analyzing, monitoring, and predicting the performance of
two SWRO desalination pretreatment processes using multivari-
ate statistical techniques, we were able to draw the following con-
clusions:

1. MANOVA analysis revealed significant differences in the per-
formance and efficiencies of the two SWRO processes based on
measurements of SDI and turbidity. Overall performance and effi-
ciency of PCF was lower than that of SF-UE

2. Among the two SWRO desalination processes, the SF-UF-
SWRO process was modeled more reliably based on T° and a SPE
chart with a considerably lower number of outliers and disturbances
than the PCF-SWRO process.

3. PLS results showed that the RMSE values of permeate flow-
rate and permeate concentration for the SF-UF-SWRO process
were lower than those for the PCF-SWRO process, which indicated
that the SF-UF-SWRO prediction model was more accurate than
the PCF-SWRO prediction model.

Based on these conclusions, the overall cost of the PCF-SWRO
process is likely to be higher than that of the SF-UF-SWRO pro-
cess due to the lower preatment efficiency of the former process,
which is likely to decrease membrane life.
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