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SUMMARY

A dynamic Artificial Neural Network (ANN) is developed for the identification of a
complex industrial reverse osmosis membrane process to characterize the major
fouling causes and their impacts using online measurements. The historical data used,
for the ANN training and validation, includes 4-year-data on some feed properties and
measured process variables in the plant, which have an interacting and nonlinear
impact on the ultimate permeate flow, in turn fouling. The ANN formulation takes the
current and previous week’s online measurements to account for the dynamic regime
and provides one-week and two-week ahead permeate flow predictions. The model
performance is satisfactory at new and regenerated membranes in process lifetime,
including early, middle and late of the cycle. A sensitivity analysis is provided to
determine the variables with high impact on the permeate flow, and thus the fouling.
Based on the sensitivity analysis, cartridge filter pressures and pH have the highest
impact on the permeate flow rate. Plant operating window is also calculated to
demonstrate the impact of the changes of those for a typical range under such complex
multivariable and nonlinear nature. The results show quantitative and intuitively
parallel conclusions to existing literature and provide significant insight on the major

components of fouling in an industrial and large-scale process.

Keywords: Artificial Neural Networks, Process Identification, Reverse Osmosis

Membrane, Sensitivity Analysis, Operating Window.



OZET

Cevrimigi Olgtimler kullanilarak baslica kirlenme nedenlerini ve etkilerini karakterize
etmek icin karmasik bir endiistriyel ters 0zmoz membran isleminin tanimlanmasi igin
dinamik bir Yapay Sinir Ag1 (YSA) gelistirilmistir. YSA egitimi ve dogrulamasi igin
kullanilan tarihsel veriler, tesisteki bazi besleme oOzellikleri ve Olgiilen proses
degiskenleri hakkinda 4 yillik verileri igerir ve bunlar nihai iiriin suyu akisi lizerinde
etkilesimli, dogrusal olmayan ve sonucunda kirlenmenin meydana geldigi bir etkiye
sahiptir. YSA formiilasyonu, kisa vadede dinamik rejimi hesaba katmak i¢in mevcut
ve bir dnceki haftanin ¢evrimigi 6lgiimlerini alip bir ve iki hafta sonraki iirlin suyu akis
tahminini yapmaktadir. Model performansi, ters ozmoz mebranlarin yikama
dongiisliniin basi, ortasi ve sonlar1 dahil olmak iizere yeni ve rejenere membranlarda
proses Omrii boyunca tatmin edicidir. Membranlarda kirliligin gostergelerinden biri
olan iiriin suyu akisinin lizerinde yiiksek etkiye sahip degiskenleri belirlemek i¢in bir
duyarlilik analizi yapildi. Duyarlilik analizine gore, kartus filtre basinglar1 ve pH, iiriin
suyu akis1 lizerinde en yliksek etkiye sahiptir. Karmasik, ¢cok degiskenli ve dogrusal
olmayan yapidaki degiskenlerin, belirli bir aralikta prosese etkisini gostermek
amaciyla tesisin ¢calisma ¢ercevesi hesaplanmistir. Sonuglar, mevcut literatiire nicel ve
sezgisel olarak paralel sonuglar gosterir ve biiyiik 6lgekli endiistriyel proses igin

kirlenmenin temel sebepleri hakkinda 6nemli bilgiler saglar.

Anahtar Kelimeler: Yapay Sinir Aglari, Proses Tamimlama, Ters Ozmoz

Membran, Duyarhlik Analizi, Calisma Cercevesi.
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1. INTRODUCTION

Only 2.5% of water has a direct industrial, agricultural and municipal usage
potential. In addition to increasing demand, both pollution and climate change have a
significant impact on the water scarcity [1], [2]. From the industrial perspective, with
such limited availability, water is a primary utility and feedstock for many industrial
processes, for which the water usage efficiency is an important concern [3]. Significant
amount of research has been conducted for alternative solutions to obtain clean water
or reduce its usage and put great effort to raise awareness [1].

Obtaining clean water by desalination, which has the capability to process a
variety of water sources with different process configurations, is a popular alternative
[4] among many. It is a process to remove salts, minerals, and contaminants from saline
water, including the seawater, the brackish water and wastewater effluent.
Desalination technologies include thermal and membrane focused applications, and
such applications are classified under their separation mechanism. Some examples of
thermal desalination processes, which separate the salt through evaporation and
condensation, are multistage flash, multiple effect distillation, and vapor compression.
On the other hand, membrane desalination processes, which are mainly reverse
osmosis (RO) and electrodialysis, retain the salts and other impurities on the
membrane surface by forcing the transport of water to the other side [5].

With low energy requirement, no additional chemical usage, operational
convenience and easy scale-up, membranes have a broad range of applications in
different industries such as water treatment [5]. In practice, membranes are the
selective barriers which allow the transport of only desired materials due to a particular
driving force. The membrane operations can be classified under the driving force
including the pressure, concentration, temperature and electrical potential. While
pressure driven membrane processes are microfiltration (MF), ultrafiltration (UF),
nanofiltration (NF), RO and piezodialysis; concentration driven membrane processes
are pervaporation, gas separation, vapor permeation, dialysis, diffusion dialysis and
carrier-mediated transport. Also, thermo-osmosis and membrane distillation count as
temperature driven membrane processes, and electrical potential driven membrane
processes are electrodialysis, electro-osmosis and membrane electrolysis [6]. MF, UF,

NF and RO membranes are pressure driven membrane processes and have a large



industry market share. Since membrane process technologies other than pressure
driven membrane processes are developing or to be developed industrial membrane
technologies, they have limited industry market share [7]. Pressure driven membrane
processes are mainly divided into MF, UF, NF and RO membranes based on their pore

size as shown in Table 1.1 [5].

Table 1.1: Pressure driven membrane processes classification.

Process Particle Size (um)

MF 01-1
UF 0.01-0.1
NF 0.001-0.01

RO 0.0001 - 0.001

RO membrane process, compared to the others, has the highest capacity in
desalination technology [5], and RO usage in desalination has gained rapid growth and
development since the 1950s [1]. In [1], the plants using such technology were
classified under the feedstock they utilize such as brackish water (BWRO) and
seawater (SWRO). BWRO and SWRO process 500 mg/L to 10,000 mg/L and around
30,000 mg/L saline water, respectively. BWRO has low and high salinity processes
with 500 to 2500 mg/L and 2500 to 10,000 mg/L capacity.

RO desalination plant feedstock can be various types of water sources such as
seawater, saline groundwater, drainage water and treated wastewater [2]. While
desalination of seawater and brackish water for drinking water and industrial processes
are the most common RO usage areas, RO technology is also used for wastewater
including the municipal wastewater and recycled municipal wastewater desalination,
a favorable method to lower the usage of fresh water, and reuse applications in zero
waste concept [3], [8]. The cooling, boiler feed, processing, sanitary services, fire
protection, and many other miscellaneous purposes of refinery processes are examples
of such needs. Thus, the recovery of wastewater is a hot research topic for reducing
freshwater demand and wastes [9]. RO membrane is a state-of-the-art technology for
producing qualified water from recycled municipal wastewater in refineries, and the
related process includes pretreatment steps such as UF and membrane bio-reactor [10],
[11] to interfere clogging by inorganic and organic pollutants [12], which in turn
increases the lifetime.

RO might be adapted to different processes once underlying mechanism is



exploited in detail. While osmosis is a process that water in low concentrated solution
flows through a semipermeable membrane to high concentrated solution due to already
existing driving forces, RO requires greater amount of osmotic pressure on high
concentrated solution side to transport water from high to low concentrated solution.

A simplified process diagram is shown in Figure 1.1 [8].

Applied pressure
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Figure 1.1: Simplified RO diagram.

Dead-end and cross-flow filtration are two filtration types based on the flow
direction to membrane surface in RO processes. In the dead-end filtration, both the
solution and the permeate flow vertically to the membrane surface. In cross-flow
filtration, solution flow direction is parallel to membrane surface unlike permeate flow.
There are different types of RO membrane modules such as spiral wound, plate and
frame, tubular and hollow fiber. Membrane module type is related to filtration type
and it directly affects membrane performance [8].

RO transport mechanism is complex and many proposals are available [13]. In
one of them, the RO mass transportation occurs through two mechanisms: alignment
type diffusion by the help of hydrogen bonding association between membrane and
molecules, and hole type diffusion of molecules that can not enter any association with
membrane. Pores in the membrane cause salt leakage through permeate side, which is
an undesired phenomenon on this mechanism. Another proposal is the solution-

diffusion mechanism, which is the most widely accepted theory for the RO transport



mechanism. In this mechanism, there are three steps for saline water desalination.
Sorption of both water and salt at one side of membrane; diffusion through the
membrane; and desorption at the other side of membrane, respectively. Sorption and
diffusion coefficients are individual for every membrane, once the membranes are
quite nonporous and perfect. When any deterioration occurs on the pores, salts in the
feed pass through permeate side of membrane. Alternatively, Banks and Sharples
[14]-[16] considered the diffusive flow through the pore free layer on membrane
surface. For water desalination, there is another proposal with the combination of both
molecular diffusion of water transportation through membrane polymer matrix and
parallel mechanisms for solute transportation, which are sorption, diffusion and
hydrodynamic flow [17]. Also, both diffusion and pore flow processes carry out
together according to another theory for water and solute filtration [18]. Lastly, the
proposal in [19]-[21] is related with non-equilibrium thermodynamics. With the help
of transport models, RO membrane performance can easily express mathematically in
terms of operating conditions and feed properties.

The solution-diffusion model proposed by Lonsdale et al. [22] have found wide
interest in the literature and industrial applications. In this model, there are two
transport mechanisms for solvent and solute. The flux for solvent (Jw) and the effective

pressure difference across the membrane are linearly proportional and given by:

Jw = A(AP — Am) (1.1)

where A is the water permeability coefficient and it is a function of the diffusivity of
water through the membrane; AP is the applied pressure driving force which is also a
function of the feed, concentration and permeate pressure; Az is the osmotic pressure
of the solution that is function of the feed, concentrate and permeate concentrations.
Similarly, the flux for solute (Js) across the membrane is proportional to the
effective solute concentration difference. Equation (1.2) shows the solute flux through

membrane.

Js = K(Cy, _CA3) (1.2)

where K is the salt permeability coefficient, and it is a function of the diffusivity of



salt through the membrane; Ca2 and Cas are molar concentrations of solute at boundary
level and in the permeate, respectively.

Equations (1.1) and (1.2) are elegant equations and validated using the
experimental data [8]. Water flux and salt rejection are the two parameters to evaluate
the RO membrane performance. While water flux can be calculated from Equation
(1.1), salt rejection is the membrane separation ability of solute from the feed solution

and observed rejection (Ro) formula is Equation (1.3).

R, =1-— Ly (1.3)
Cr
where C, and Cs represent permeate concentration and feed solution concentration,
respectively [23].

Convective flow of solutes from feed stream in the direction of membrane occurs
during RO desalination. Therefore, this phenomenon causes maximum solute
concentration on the membrane surface and boundary layer where the solute
concentration is higher than the bulk solute concentration. Solutes are transported back
from the membrane because of higher solute concentration within the boundary layer.
On the other hand, the solutes accumulate in the boundary layer and on membrane
surface due to stronger convection compared to diffusion. Therefore, the solute
concentration in the bulk feed water is always lower than concentration on the
membrane surface. Accumulation of solutes on the surface of membrane is called
concentration polarization (CP). Decreased permeate flux and increased solute flux
across the membrane are two main negative effects of CP. Decreased permeate flux
can be associated with membrane fouling which is the undesired consequence of CP.
In parallel, permeate solute concentration increases, membrane solute rejection
decreases [1]. Therefore, CP has severe undesired effects on membrane performance.

Adverse consequence of CP is membrane fouling that is an accumulation of
undesired impurities (foulants) on the membrane surface or inside the membrane
pores. There are different classifications for fouling based on foulants and their
locations. Surface and internal fouling are two types of location based classifications.
Since RO membranes are nonporous membranes, surface fouling is a more common
problem than other membrane types. However, internal fouling is more problematic

rather than surface fouling which can be handled by chemical cleaning or improving



feed water hydrodynamic conditions, to some extent. In addition, fouling can be
classified as biofouling, organic fouling, inorganic scaling and colloidal fouling in
terms of foulants types. Microorganism adhesion and proliferation on membrane
surface is biofouling. Organic fouling occurs by organic matters such as humic
substances, polysaccharides, proteins, lipids, nucleic acids and amino acids, organic
acids, and cell components. While feedstock is surface water or seawater, organic
foulant is generally natural organic matter. On the other hand, organic fouling is severe
problem in wastewater treatment and the main organic foulant is called wastewater
effluent organic matter. Inorganic scaling, which is the common issue for every type
of water feedstock in treatment, is caused by deposition of inorganic materials.
Furthermore, colloids or particles build up on the host particle in colloidal fouling. In
practice, membrane fouling occurs by a combination of various foulants, and
membrane autopsy should be applied to determine the actual source of fouling [24].

The fouling decreases the permeate flow and salt rejection; whereas increases
pressure differences at desalination plants. Therefore, energy demand due to increased
operational pressure, frequency of cleaning, chemical consumption during cleanings,
membrane replacement due to permanent fouling increase, as well. Thus, once
membrane fouling is not managed, water treatment costs can rise significantly [25].
Consequently, it is crucial to understand which parameters have an impact on
membrane fouling, and how fouling indicators of RO desalination plant performance
(permeate flow, salt rejection and pressure differences) are affected in time.

Although a significant amount of research has been conducted in the field of RO
membrane fouling for the last three decades, there is still much more to be explored in
this area. Current researches can be gathered under six areas: foulant characterization
by membrane autopsy, figuring out how fouling works, prediction of fouling indices,
full-scale system modeling, pretreatment and cleaning optimization, membrane
substance and module design optimization. As the first four fields are related to fouling
mechanism and prediction of fouling, the other fields focus on the fouling mitigation
and prevention [26]. Modeling fouling of RO membrane approaches can be classified
as physics-based, data-driven and hybrid models.

Physics-based approach generally uses a physical model for describing the
behavior of RO membrane fouling to represent the underlying driving forces and
interactions. Hoek et al. [27] proposed a model for fouling effects on full-scale RO

process that considers system properties, water quality, and transport phenomena. Flux



dependent resistance modeling approach for organic gel fouling of RO desalination is
developed by Karabelas et al. [28]. In addition, there are different fouling indices for
scaling potential such as silt density index and modified fouling index [25]. For such
purposes, membrane autopsy is a common method for characterization of membrane
fouling, and Fourier transform infrared spectroscopy, inductively coupled plasma
atomic emission spectrometry, X-ray photoelectron spectroscopy and X-ray
diffraction are generally used [29]-[31].

Although physics-based models have a wide range of descriptive capability, both
theoretical and practical limitations exist. Firstly, the complexity of fouling mechanism
due to feed composition and the interactions of variables are challenging to derive
through first principles expressions. Secondly, disturbances and changing operating
conditions result in significant amount of uncertainty. Next, the industrial processes
lack the potential of sufficient data for the identification of precise role of the
membrane surface properties and different foulants. Finally, for proper fouling
characterization might be required for the membrane element sacrificed during autopsy
[32], [33]. Based on these drawbacks, data driven approach for RO membrane fouling
is favorable method. There are different data driven methods in RO membrane fouling
such as artificial neural networks (ANNSs) and support vector regression. ANN-based
quantitative structure—property relations models are used for creating a set of solute
and membrane variables that represent and describe rejection [34], [35]. ANN model
is a common method for RO desalination plant performance modeling and prediction
[36]-[38]. These ANN models use plant operation parameters that have effect on
fouling such as temperature and total dissolved solids (TDS), and predict operation
parameters, which is also fouling indicator such as permeate flux, pressure difference
and salt rejection. Also, trained ANN models can be used for the optimization of
desalination plant [37]. Roehl et al. [39] developed an ANN model from six-year
historical data to evaluate causes of membrane fouling. Water permeability coefficient
can be calculated with neural network based correlation [40] and superposition of two
exponential functions for long term performance prediction [41]. Support vector
regression model for the prediction both of steady state and transient operations is
developed by Pascual et al. [42]. Park et al. [43] proposed deep neural network for
modeling fouling growth and flux decline of RO membrane. Multilayer perceptron
hybridized with particle swarm optimization which is the new hybrid data intelligence

technique is developed for investigation of the RO process efficiency based on TDS



and permeate flow rate prediction [44]. Also, there is a comprehensive study from
antifouled membrane synthetization to prediction of flux using the ANN model [45].
There is another study for performance prediction of SWRO desalination plant, which
is compared support vector machines, random forests and ANN models [46].
Furthermore, neural networks and optimization algorithms such as genetic algorithm
are preferred as combined strategy for simulation and then optimization of RO
performance of obtained models and to calculate a control strategy [47]-[50]. In
addition, Lee et al. [51] studied on optimal control to maximize the RO permeate
production. Park et al. [52] proposed a modified regression model for optimization of
cleaning of RO membrane.

Besides physics-based and data-driven models, hybrid models combine two
approaches. Since hybrid model approaches are not mature yet in modeling concept,
there are few studies in the field of RO membrane fouling. Zhao et al. [53] developed
a combined model of a modified solution diffusion model and two artificial neural
network models for modeling membrane mass transfer.

This study focuses on long-term industrial RO membrane process identification
using ANNSs in order to calculate the impact of the feed properties and process
variables on the permeate flow rate, which in turn delivers a significant insight into the
fouling rate. To the best of the authors' knowledge, there are limited data-driven studies
on the long-term operation of a large-scale industrial plant. In Section 2, process
description and identification using ANN are explained. Next, the ANN model is used
to calculate the sensitivities of the variables and the plant operating window. Final part

concludes the study and provides the discussions on the current method.



2. PROCESS AND METHODS

2.1. Process Description

Industrial Water Treatment Plant, in this study, utilizes Kocaeli/Turkey’s treated
municipal wastewater for refinery water demand. In our case, the wastewater goes
through multimedia filters, activated carbon filters, UF membranes and RO
membranes, successively, before usage in refinery processes. Among different
processes in the treatment, RO membranes have an important impact on the ultimate
water quality since they are the last part of the treatment and ensure the removal of
impurities to a great extent; thus, fouling by the feed impurities would harm the
succeeding refinery operations. Such membranes are a part of Reverse Osmosis
Membrane Unit (ROMU) which includes cartridge filters, high pressure pump, and
reverse 0Smosis membrane trains, respectively. RO membranes are composed of two
stages with 36 and 18 membrane modules respectively. In more detail, one membrane
module contains 6 spiral wound polyamide membranes as shown in Figure 2.1. First
stage’s concentrate flow stream is fed to the second stage. The permeate streams from
the stages are stored in RO Permeate Tank, whereas the concentrate stream of second
stage membranes is stored in RO Concentrate Tank. All these operations are physical

treatments with negligible chemical reactions.

2.1.1. Online Measurements

A simplified ROMU is shown in Figure 2.1 with pressure, conductivity,
oxidizing reduction potential (ORP), pH, temperature and flow rate sensors through

which online measurements are collected on the minute basis.
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Figure 2.1: Simplified ROMU diagram.

The sensors in Figure 2.1 are described in Table 2.1.

Table 2.1: ROMU sensors and descriptions.

Tag Description Range Unit
PI-1 The inlet pressure value of cartridge filters 2.5-4 kg/cm?
PI-2 The outlet pressure sensor of cartridge filters 1-4 kg/cm?
PI-3 The outlet/first stage inlet pressure sensor 8.5-13  kg/cm?
PI-4  First stage outlet/second stage inlet pressure sensor 6-9.5 kg/cm?
PI-5 Concentrate pressure sensor 1.5-8 kg/cm?
Al-1 The feed stream conductivity sensor 635-2400 uS/cm
Al-2 The feed stream ORP sensor 110-575 mV
Al-3 The permeate conductivity sensor 55-230 uS/cm
Al-4 The permeate pH sensor 5-7.5 -
FI-1 The permeate flow rate sensor 140-255  m®h
TI-1 The atmosphere temperature sensor 0-40 °C

Since there is no sensor for monitoring feed water and RO membrane’s feed tank
temperatures, TI-1 is used to approximate the water temperature by measuring the air
temperature. Also, there is no pressure sensor for permeate water which is crucial for
indicator of fouling. Since water, that cannot pass through the membrane due to the
fouling, sends to concentrated stream, PI-5 is considered for revealing pressure

difference and permeate water relations.
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2.1.2. Laboratory Data

When Kocaeli/Turkey’s treated municipal wastewater is delivered to the
refinery, some laboratory analyses are done on wastewater. Typical wastewater feed

characteristics are summarized on Table 2.2 according to laboratory analyses.

Table 2.2: Industrial Water Treatment Plant feed water characteristics.

Experiment Name Typical Characteristic Unit
pH 7.5 -

Sulfate 90.5 ppm

Chemical Oxygen Demand (COD) 25 ppm
Turbidity 1.8 NTU
Conductivity 1282 uS/cm
Suspended Solid Matter (SSM) 3.6 ppm
Chloride 246.5 ppm

Oil and Grease 1.6 ppm

Total Hardness 253 ppm
Calcium Hardness 209.5 ppm

Color 20 CuU

Total Iron 0.3 ppm
Alkalinity 195.2 ppm
Ammonium 0.02 ppm

Silica 3.3 ppm

After wastewater arrives at the refinery, wastewater enters multimedia filters and
multimedia filters remove suspended solids. Then, wastewater goes through activated
carbon filters and this step helps adsorbing components which cause the odor and tastes
[54]. Next step is the ultrafiltration, which removes 0.01-0.1 um particle size colloidal
particles, viruses and macromolecules. The last step is the ROMU and RO membranes
remove 0.0001-0.001 um particles which generally refer salinity, minerals and
micropollutants [55].

ROMU feed stream and permeate stream are the sampling places and some
laboratory analysis are done on these samples with different time periods. First
sampling line Lab-1 is on feed stream and second sampling line Lab-2 is on permeate
stream can be seen from Figure 2.1. Laboratory analysis names, typical characteristics,
analyses’ cyclic and sampling points are summarized on Table 2.3 for ROMU.
Laboratory measurements have not been used in the process identification since they

have infrequent experiment cyclic according to online sensors.
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Table 2.3: ROMU laboratory analyses’ sampling point, name and cyclic.

Sampling Point EXKIe;rlnn;ent ChaTr)a/\E;giriilstic Unit  Experiment Cyclic
Lab-1 SSM 1.4 ppm Daily
Lab-1 COD 20.2 ppm Twice a week
Lab-1 Total Iron 0.5 ppm Once a week
Lab-2 pH 6.6 - Daily
Lab-2 Conductivity 66.8 uS/cm Daily
Lab-2 Chloride 14.2 ppm Daily
Lab-2 SSM 0.2 ppm Daily
Lab-2 Sulfate 0.8 ppm Daily
Lab-2 Turbidity 0.2 NTU Daily
Lab-2 COD 15.8 ppm  Three times a week
Lab-2 Total Iron 0.1 ppm Once a week
Lab-2 Oil and Grease 1 ppm Twice a week
Lab-2 Alkalinity 15.6 ppm Once a week
Lab-2 Silica 0.7 ppm Twice a month

2.1.3. ROMU Operation Procedure

ROMU contains both online and offline operations. Offline operations include
system flush, membrane cleaning, and membrane lay-up. Offline operations are
accomplished mostly for upgrading system performance and decreasing operational
cost. System flush is done while shutting-down and starting-up as well as during stand-
by. When membranes get fouled, membrane cleaning is required for longer membrane
life and upgrading operating conditions to save money and time. Membrane lay-up can
be required for any reason that causes membranes to shut-down. Online operations for
RO membranes correspond to trouble-free operations while taking proper data [8]. For
this study, only online operating conditions are considered since the online prediction

of permeate flow in real time is the major concern.

2.2. Artificial Neural Networks

ANNSs are complex mathematical expressions to infer the interactions among a
complex process with a comprehensive historical dataset [56]. Such expressions, with
a high number of various activation function types and architectural modifications,
transform the input information to the outputs through successive hidden layers which
have a pre-specified number of neurons. Once more neurons and layers are introduced,

in general, the fitting performance is increased since more parameters are defined and

12



might yield to poor test performance once overfitting occurs [57]. In addition, such
correlated and high number of parameters significantly increase the training
computational load with many local optimum parameter values which provide a
similar fitting performance.

Feedforward ANNSs are special architectures in which the information in the
inputs propagates to the outputs only in forward direction during the evaluation of a

particular input. A demonstration of feedforward ANN is shown in Figure 2.2.

Y1

YH

Figure 2.2: A simple ANN architecture.

A typical ANN prediction, yi which is the prediction of a particular layer is

calculated from:

yi = fi (X Wi Xi1+bi) (2.2)

where fi is the activation function of the layer to process the inputs from the previous
layer; Xi.1 is the input to the i™" layer; Wi is the weight matrix; and bj is the bias vector.
m and n in Figure 2.2 are number of inputs and outputs, respectively. In our case, the
ANN model contains single hidden layer with 3 neurons using the logistic activation
function. A neuron number of 3 is selected according to test set RMSE value depending

on neuron number from Figure 2.3. Considering computational time and complexity,
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3 neurons have relatively high but still negligible RMSE value. Associated weight
matrices and bias vectors are obtained via L-BFGS [58] algorithm. In this study,
Python 3.7 is employed for training of ANN model and further applications of ANN

model.

10

RMSE

6
)2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20
Neuron Number

Figure 2.3: RMSE value of changing neuron numbers.

2.3. Data preprocessing and ANN performance

Historical measurements of sensor variables in Table 2.1 from the last 4 years
are used for the training and validation of ANN model to identify the impact
interactions of corresponding process variables. To the best of authors' knowledge,
there are limited studies that consider as many parameters as in this study for such a
complex industrial plant. All the sensors in the ROMU were used to simulate the
operation of a complex industrial plant in the closest to the real process. Data is fetched
hourly considering the time constant of the plant. In the preprocessing step, firstly, the
data related to offline operation was removed according to typical range values of
every sensor in Table 2.1. Next, daily averages of such measurements were computed,;
thus a longer time horizon calculation is more manageable. A major contribution from
the developed ANN model is the impact of the recent feed and operating conditions

on the near-future permeate flow rate, primarily one-week and two-week ahead
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permeate flows from the reference date. Thus, a cumulative fouling impact can also be
evaluated when recursive simulations are performed. In parallel, the input to the model
contains the measurements from the last two weeks. For the training and validation,
only a complete set of data with four successive weeks constitute a sample.

Pearson correlation coefficients of input variables can be seen in Figure 2.4 as
correlation matrix. Subscript O represents the reference week, whereas —1 is the
previous week. There are some strong correlations between previous and reference
weeks’ variables as expected. Since membrane pressure differences represent binary
difference between combinations of three pressure values (PI-3, P1-4, PI-5), there are

some strong correlation between these pressure differences.
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Figure 2.4: Correlation matrix of input variables.

Once the dataset was prepared, the training was performed using 70% of the

data. ANN training and test performances are shown in Figure 2.5.

15



260
2401 i
sy 4.
oy o8 G
220 .
175) x ‘.
;g %x % n = )?t%
§ % ': ° if.f o e
o] i
2 200 . Wi %
L x % 5 x ?)g:."o
3
: PLIER oo
A * eelX *<eo, . 580 .
1801 X % % B &2
"i* ‘o '! x
¥ .
L] - Xx
L
1601 (%
*  one week ahead flow rate
*  two week ahead flow rate
140
140 160 180 200 220 240 260
Actual Values
(a)
260
% x
240 x .
L)
. X e X @
x
x
)C&
220 ooy % .
" e Xx
Q exX 2%
% %% x xgx’ . x‘o. x
] X x °
> . X9 e * o
= 200 % %
£ x o % 55, ; .;’a‘,&
= . . &
o i.:o e "‘.’2 a. x:& ® °
B X @y XXy X * ae
1801 !m-’& o ag WP
R T < *
160
x  one week ahead flow rate
* two week ahead flow rate
140 . . . . ~
140 160 180 200 220 240 260

Actual Values

(b)

Figure 2.5: Predicted values and actual values of (a) train set, (b) test set.




Mean absolute error (MAE), mean squared error (MSE) and root mean squared
error (RMSE), which are ANN model success metrics, of both train and test results are
in Table 2.4 . In Figure 2.6, most of the residuals, the model prediction error, of test
set vary between -5 and 5. This interval, in which the sensor data also changes daily in

ROMU, shows success of the ANN prediction model.

Table 2.4: Train and test sets’ performance metrics.

Performance Metric Train Set Test Set
MAE 6.78 6.99
MSE 84.09 92.45
RMSE 9.17 9.62

70
mm one week ahead flow rate

601 mmmtwo week ahead flow rate

Counts

Residuals

Figure 2.6: Test dataset distribution of residuals.
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3. RESULTS AND CONCLUSIONS

3.1. Sensitivity Analysis

Once the impacts on the fouling and their quantitative contribution are known
and the outcome is predictable through a model, the maintenance of RO process is
more sustainable and scheduled considering the permanent fouling. Sensitivity
analysis is a mathematical approach to determine how the change in the model outputs
adhere to change in the inputs [59] and can be performed to infer input variables,
including the feed properties and other measured disturbances, impact on the fouling.
Here the feedforward ANN model, derived in Section 2.3, has been used for such
purpose.

Since the sensitivity analysis is a local approach, the results from such analysis
are immune to conditions at the evaluation operating regime and might yield different
conclusions due to plant nonlinearities over a wider range. On the other hand, the time
constant of the fouling process is large and thus such analysis would still deliver a
valuable insight. To avoid the theoretical issue, three different operating conditions
from a different process operating regimes with different membrane fouling have been
used for the evaluation.

For a particular input sample, each variable is perturbed by the same percentage
based on their nominal value. The permeate flow rates of three successive dates in one
cleaning cycle, when membrane is new, are calculated by ANN using such inputs. The
results for 3 different simulations, which are taken from early, middle and late date of
the longest cleaning cycle, are shown in Table 3.1 for a new operated RO membrane.
Subscript 0 represents the reference week; and —1 is the previous week.
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Table 3.1: Sensitivity analysis for three different simulations when RO membrane is

new.
Early Date Middle Date Late Date
Input One Two One Two One Two
week week week week week week
ahead ahead ahead ahead ahead ahead
Al-11 0.00 0.00 0.00 0.00 0.02 0.02
Al-2.1 -0.01 -0.01 -0.01 -0.01 -0.02 -0.02
Al-31 0.07 0.06 0.08 0.07 -0.21 -0.24
Al-4. -1.46 -1.44 4.02 4.67 30.28 33.71
Pl-14 6.57 7.21 13.14 14.60 16.26 18.43
Pl-2.4 -0.59 -0.46 0.22 0.51 7.49 8.57
(P1-3 - PI-4).1 4.23 2.06 -0.94 -4.76 1.47 -1.99
(P1-4 — PI1-5).1 -8.53 -7.81 -11.63 -10.69 -8.90 -7.63
(P1-3 - PI-5).1 -1.11 -1.31 -2.49 -2.90 -1.58 -1.92
TI-14 -0.04 -0.08 -0.20 -0.27 -0.31 -0.40
Al-1o 0.00 0.00 0.00 -0.01 -0.02 -0.02
Al-2o 0.00 0.00 0.01 0.02 0.01 0.02
Al-3p -0.07 -0.04 0.02 0.08 0.26 0.35
Al-4 9.59 7.60 10.14 6.79 0.80 -3.42
Pl-1¢ -53.46 -46.06 -52.97 -43.15 -31.87 -18.75
Pl-20 -10.68 -12.12 -21.42 -24.37 -4.62 -5.73
(P1-3 —PI-4)o -8.79 -6.47 -5.77 -1.80 20.76 28.09
(P1-4 — PI-5)0 1.56 -0.10 -2.69 -5.63 -0.65 -3.40
(P1-3 - PI1-5)0 -0.70 -0.89 -1.55 -1.91 1.38 1.32
TI-10 -0.18 -0.17 -0.30 -0.30 -0.49 -0.51

The most sensitive input parameters at the early and middle of cleaning cycle for
a new membrane are the inlet pressure value of cartridge filters and the outlet pressure
value of cartridge filters at the reference week, respectively. Both output flow
parameters are affected negatively by the inlet pressure value of cartridge filters at the
reference week, but magnitude of impact that input decreases as fouling becomes
significant through cycles. A similar conclusion is given in [39] where cartridge filter
pressure difference is determined as an indicator of fouling and has a high negative
impact on fouling indicator parameter. The second sensitive parameter, which is the
outlet pressure value of cartridge filters at the reference week, has a negative impact
on both output parameters until the late date of the cycle. On the other hand, at the late
of the cleaning cycle, the outlet pressure value of cartridge filters at the reference week
impact on the outputs decreases significantly. However, the outlet pressure value of
cartridge filters at previous week has negative sensitivity at an early date of the
cleaning cycle and sensitivity results turns to positive and larger with the cleaning

cycle. This is in line with the process operations in which cartridge filters used as
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pretreatment of RO membrane to filter any fouling material [12]. Therefore, if any
change occurs at the cartridge filters, it directly affects to RO membrane fouling.
Moreover, permeate water pH at previous week is the second most sensitive input
parameter for the late date of cleaning cycle, since RO membranes are generally used
for removing ions from the solution and pH is an indicator of ions, pH change in water
directly affects RO membrane’s flux. While the permeate water pH at previous week
for early date of a cleaning cycle has negative sensitivity result, sensitivity result for a
middle of a cleaning changes to positive and also late date of the cleaning cycle is
positive with significant increasing rate, as well. In addition to that, permeate water
pH at reference week has a positive and relatively big effect on permeate flow rates
for early and middle date of a cleaning cycle. However, it significantly decreases for
late date of a cleaning cycle. This is a typical example of nonlinear behavior of RO
process due to the fouling and feed properties and shows the complexity of daily
operations due to changing magnitudes and even signs of the gains of process variables
as operation proceeds. This nonlinear behavior has been investigated in the literature
as well. Hoang et al. [60] showed that normalized permeate flow rate increases with
increasing pH level for CaCl, solution and Na>SO4 solution. However, the study
showed that normalized flow rate first increases and then decreases with increasing pH
level for NaCl solution. On the other hand, Childress et al. [61] reported that, there
was a peak in relatively constant permeate flow instead of a constant feed flow with
varying pH range. There may be two reasons for peak in permeate flow rate according
to authors: polymer structure change in membrane can cause pore size increasing and
decreasing electroviscous effects can cause water permeation increasing. The third
most sensitive input at the late date of cleaning cycle is the first stage pressure
difference at reference week. In addition, the first stage pressure difference at reference
week for early and middle date of the cleaning cycle have negative effect on output
parameters, but they have relatively small sensitivity at the late date of cleaning cycle
of membrane. When membranes get fouled in time and permeate flow rates, which are
model’s outputs, decrease, the input pressure of first stage is increased to provide a
temporary increase in permeate flow. Therefore, sensitivity increases when membrane
fouling is most intense. Also, these time periods are taken from different seasons.
Early, middle and late date of the cleaning cycle period are taken from November,
April and August, respectively. Seasonal change also has a great effect on membrane,

and thus the permeate flow rate. Previous week and reference week temperature
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parameters have negative and small effects on permeate flow rates. However, seasonal
change may affect feed water conductivity and in turn permeate conductivity. That
situation causes sensitivity of conductivity change positive to negative or negative to
positive for both previous week and reference week.

Next, a newly operated RO membrane and 4 years old RO membrane, another
relatively long cleaning cycle for old membrane, is compared to show the impact of
regeneration procedures on the process. Same steps are done for 4 years old membrane
for three different particular simulations: early, middle and late date of the cleaning

cycle period. Sensitivity analysis results are shown in Table 3.2.

Table 3.2: Sensitivity analysis for three different simulations when RO membrane is

old.
Early Date Middle Date Late Date

Input One Two One Two One Two
week week week week week week

ahead ahead ahead ahead ahead ahead
Al-14 0.03 0.03 0.00 0.00 0.02 0.02
Al-2.1 -0.03 -0.03 -0.01 -0.01 -0.01 -0.01
Al-31 -0.36 -0.42 -0.15 -0.18 -0.11 -0.13
Al-4.1 30.24 33.70 3.56 4.19 1.18 1.27
Pl-14 12.78 14.64 -491 -5.62 18.97 21.76
Pl-24 11.23 12.77 2.36 2.87 3.05 3.42
(P1-3 - PI-4).1 0.70 -4.13 14.35 12.70 -13.76 -16.14
(P1-4 — P1-5).1 -9.50 -7.85 -9.69 -8.40 -1.38 -1.44
(P1-3 - PI-5).1 -1.82 -2.24 0.69 0.69 -3.21 -3.67
TI-14 -0.44 -0.55 0.11 0.09 -0.51 -0.58
Al-1o -0.03 -0.04 0.01 0.00 -0.03 -0.03
Al-2 0.02 0.02 -0.02 -0.01 0.04 0.04
Al-3p 0.40 0.52 -0.12 -0.08 0.42 0.48
Al-4, -5.20 -12.31 -29.39 -36.69 -48.62 -55.15
Pl-1¢ -41.01 -29.01 -80.42 -73.78 37.48 43.61
P1-20 -8.17 -9.96 3.25 3.55 -18.32 -20.94
(P1-3 — Pl-4)o 27.32 36.02 -11.81 -8.61 29.32 33.51
(P1-4 — PI-5)0 -1.30 -4.92 10.43 9.38 -13.28 -15.40
(P1-3 - PI1-5)0 2.44 2.42 1.76 1.82 -2.23 -2.58
TI-10 -0.69 -0.72 -0.32 -0.31 -0.22 -0.24

The most sensitive parameters for early date of cleaning cycle are the inlet
pressure value of cartridge filters at the reference week, permeate water pH at previous
week and first stage pressure difference at reference week. All these parameters are
also the same with the most sensitive parameters for late date of the cleaning cycle of

new membrane. This situation may be the cleaning cycle that is before the selected

21



cleaning cycle, was not efficient and membrane have permanent fouling. The inlet
pressure value of cartridge filters at the reference week is also the most sensitive
parameter for middle and late date of the cleaning cycle same as the newly operated
membrane. The only difference is the sensitivity value changes sign to positive for old
membrane late date of the cleaning cycle. In addition, flow rates have high sensitivity
to first stage pressure difference through membranes for early date of cleaning cycle,
which is same for middle and late date of cleaning cycle, as well. However, sensitivity
for middle of cleaning cycle is negative unlike early and late date of cleaning cycle.
Permeate flow rates sensitivities to first stage pressure difference at previous week are
increased with the fouling occurrence. Also, the other pressure parameters such as
second stage pressure difference and the outlet pressure of cartridge filters at reference
week, and the inlet pressure at previous week highly affect flow rates. Since more
pressure parameters affect flow rates for old membrane, it is showed that old RO
membrane is more affected with permanent fouling. Permeate flow rate is decreased
by fouling, and high-pressure pump power is increased to compensate the decreased
flow rates. In addition to that, system hydraulics affect permeate flow rates with
varying pressures. Fayaz et al. [62] also explained that fouling formation leads to
increase in pressure differences thorough RO membranes and decrease in permeate
flow rates. Furthermore, the results for old membrane show that high sensitivity to
permeate water pH level is observed for old membrane, similar to the late date of
cleaning cycle of newly operated RO membrane. This similarity implies that, salts
cause permeant deterioration to RO membrane. In addition, temperature has negative
and small effect on permeate flow for both new and old membrane. Roehl et al. [39]
indicate that temperature is one of the least predictive parameters for scale and biofilm
growth. Since sensitivity analysis is a local analysis as mentioned above, change in
feed flow affects the fouling characteristic of RO membrane for secondary treatment
of municipal wastewater [63]. Therefore, operational parameters have different effects

on flow rate behavior considering new or old RO membrane even in a cleaning cycle.

3.2. Operating Window

The complex interactions between the ROMU operation parameters and the
permeate flow rate must be well understood in order to select the most efficient ROMU

configuration and processing regimes. Using the trained ANN model, ROMU plant
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operating windows are plotted as binary combination of input parameters with varying
minimum and maximum operation values while all other parameters are constant at
their nominal values. Constant values are obtained from a typical day to enable ANN
evaluation and thus for the plotting local operating windows. The resulting operation
windows of the most sensitive input parameters for newly operated RO membrane,
which were the inlet and outlet pressure of cartridge filters at reference week (PI-1o -
PI-20), permeate water pH level at previous week (Al-4.1) as described in Section 3.1,

is shown in Figure 3.1.
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Figure 3.1: Operating windows of most sensitive parameters for newly operated
membrane a) early date of the cleaning cycle, b) late date of the cleaning cycle.

Similar to the conclusions in the sensitivity analysis, the outlet pressure of

cartridge filters is increased with the increasing inlet pressure of cartridge filters. One
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week ahead permeate flow rate has the maximum value with decreasing inlet and outlet
pressure of cartridge filters at reference week as shown in Figure 3.1a. In parallel,
minimum one week ahead permeate flow rate has reached with maximum inlet
pressure and moderate outlet pressure of cartridge filters at reference week. Also,
Figure 3.1b shows that maximum one week ahead permeate flow rate is obtained when
permeate water is more acidic and the inlet pressure of cartridge filters at reference
week is maximum level. For RO membrane cleaning, Cleaning-In-Place (CIP)
procedure is followed. CIP solution that used for RO membrane cleaning is generally
acidic solution [64], and in treatment unit new membranes are cleaned with acidic CIP
solution. Operation with low pH level may cause mitigation of fouling effect during
operation.

Also, same parameters from early and late date of newly operated RO membrane
in Figure 3.1 are used for ROMU plant performance when membranes are clean and

fouled without permanent fouling. The resulting operating windows are in Figure 3.2.
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Figure 3.2: Operating windows of same parameters for newly operated membrane a)
early date of the cleaning cycle, b) late date of the cleaning cycle.

From Figure 3.1a and Figure 3.2b, it is clear when membrane gets fouled,

operating pressure values are higher due to system hydraulics. When membranes are
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started fouling, operators set higher inlet pressure for getting higher amount of
permeate flow rate. Park et al. [65] showed that applied pressure in feed pump increase
over time to keep constant permeate flow rate. Furthermore, Figure 3.2a confirms that
low pH level operations are followed with higher flow rate because of mitigation of
fouling effect during operation.

An old RO membrane operation behavior may be different than the newly
operating RO membrane. Therefore, it is also studied operating windows for 4 years
old membrane for the same cleaning cycle with Section 3.1. The resulted operating
windows for the most sensitive parameters during relatively long cleaning cycle for an
old membrane, which are the inlet pressure of cartridge filters, first stage pressure
difference and permeate water pH at reference week, are shown in Figure 3.3 and

Figure 3.4.
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Figure 3.3: Operating windows for old membrane a) early date of the cleaning cycle,
b) late date of the cleaning cycle.

From Figure 3.2a and Figure 3.3a, it is showed that plant operations for an old

and clean membrane are changed. Figure 3.3a shows more nonlinear relationship and
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it operated like fouled membrane in Figure 3.1b. Similarity between Figure 3.1b and
Figure 3.3a show that when pH level affected RO membrane, the mitigation effect of
pH is permanent even if the membrane is cleaned. For an old and fouled RO membrane
in Figure 3.3b, pH level of permeate flow at reference week has similar operating
window with previous week permeate flow pH level, but nonlinear relations are
obvious. Since PI-1 is the inlet pressure of cartridge filter which is also outlet stream
of UF membranes, Mosset et al. [66] showed that silt density index, which is the
measurement of fouling potential of suspended solids, of UF pretreated seawater
behaves nonlinear like Figure 3.3a and Figure 3.3b. The reason we cannot clearly see
this result for new membrane is that all equipment in ROMU also were new and UF
membranes were working more effective. In addition, Srivastava et al. [67] indicate
that pH change has almost no effect on permeate flow for a pilot plant. Although we
have observed similar trends for pH for certain local operating regimes, in addition, in

our case, we have calculated a contribution also from pH in a larger range.
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Figure 3.4: Operating windows of most sensitive parameters for old membrane a)
early date of the cleaning cycle, b) late date of the cleaning cycle.

First stage pressure difference and inlet pressure of cartridge filters at reference

week operating windows for old membrane at the early date of the cleaning cycle show
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that maximum permeate flow rate can be obtain at low first stage pressure difference
and high inlet pressure of cartridge filters (Figure 3.4a). In order to obtain minimum
permeate flow rate for fouled old membrane, moderate inlet pressure of cartridge filters
and low first stage pressure difference is ideal. These behaviors for clean and old
membrane occur because of system hydraulics. When membrane is clean, there is no
need for operating at high pressures to obtain maximum permeate flow rate. However,
when membrane gets fouled, there is another operating interval for obtain high
permeate flow rate in Figure 3.4b: high first stage pressure differences and high inlet
pressure of cartridge filters. It is necessary to work at high pressures in order to tolerate
the formed fouling in the membranes and still provide high permeate flow.

In addition, according to literature, maximum flow rate can be obtained with the
relatively high temperature and low pressure [37]. Therefore, it is investigated binary
relationship of temperature and overall pressure difference while other variables
remain at reference week and operation window of newly operated membrane for these

parameters are shown in Figure 3.5.
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Figure 3.5: Operating window according to variance of the temperature and overall
pressure difference.

Figure 3.5 shows that maximum permeate water can be reached with moderate

temperature and low overall pressure difference across the membranes. Also, system
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hydraulics has great effect on fouling rate, low overall pressure difference indicates no
fouling and high permeate flow rate can be obtained. In [37], maximum flow rate is
obtained at 30 °C which is moderate for their operating borders and they use trans
membrane pressure instead of overall pressure difference (feed pressure — concentrate
pressure). Note that, such observations are limited to change of two variables only and
the permeate flow might behave differently once the other inputs are subjected to
change. On the other hand, a pilot plant experimental study [67] shows that both
increasing pressure and temperature enhance permeate flow using narrower operating
regime under a relatively low flowrate. Since the permeate pressure is not measured in
industrial plant using concentrate pressure instead of permeate pressure when
calculating the pressure difference, may have caused differences.

Figure 3.1 to Figure 3.5 show the operating window of two important plant
variables, keeping the other variables constant at a particular value. On the other hand,
in the actual process, all variables are subjected to change based on the plant nature,
manipulated variables and other disturbances. Such historical behavior enables the
calculation of the covariance matrix for the representation of changes of corresponding
variables around a mean. Cholesky decomposition is used to generate normally
distributed multivariable synthetic data to deliver more input dataset to developed
ANN model. Figure 3.6 includes the projection of one-week ahead flow rate on two
important and easily interpretable variables. The results in Figure 3.6 show that the
permeate flow is favored by increased temperature and reduced pressure difference,
which is a typical observation in the literature, as well. Also, these conditions are clean
membrane parameters and ROMU performance is desired to keep high which means
higher permeate flow rates than fouled membrane permeate flow rates. In addition,
optimum process conditions in terms of temperature and pressure difference can be
inferred to maximize permeate flow rate from Figure 3.6. It is clearly seen that
optimum ROMU operation conditions are between 10-20 °C and under 4 kg/cm?.
White space in Figure 3.6 represents out of operating conditions, and there is no data

for those intervals.
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Figure 3.6: ROMU plant performance.

The conclusion from Figure 3.6 is in line with the current industrial experience
from the plant, in general. However, it is not possible to validate the local nonlinearity-
related complex behaviors based on industrial data. In more detail, Figure 3.7 focuses

on lower right quadrant of Figure 3.6, which is expected low fouling effect.
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Figure 3.7: ROMU plant performance under low fouling effect.
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4. CONCLUSIONS

Monitoring of ROMU plant performance is crucial to deal with fouling.
Important process considerations including energy consumption due to increased
operational pressure, cleaning frequency, chemical consumption during cleanings,
membrane replacement due to permanent fouling are out of control, in practice. In
order to decrease water treatment cost, ROMU plant performance parameters which
are permeate flow, salt rejection and pressure differences are monitored to manage
fouling.

Fouling of industrial RO membrane is a complex process, and physics-based
models hinder the large-scale industrial applications. Data-driven modeling of fouling,
in our case, is a relatively simple and satisfactory method to model the fouling and the
impacts of the processes variables on the process outputs. In our case, permeate flow
rate is more crucial and measurable variable for this ROMU plant to represent fouling.
In addition, maximization of the permeate flow is a primary refinery concern. To
model complex and nonlinear industrial ROMU plant, ANN model is used for the
identification. Dynamic ANN model is developed, and it is used for predicting one and
two week ahead permeate flow rates. The prediction horizon is limited to two weeks
for practical purposes since the operating conditions and feed properties show a
significant change over time. Therefore, built ANN model can be used for scheduling
of cleaning times effectively, and plant engineers can use this model as decision
support in relatively longer time horizons. In addition, this study is important due to
simulate the operation of a complex industrial plant in the closest to the real process.

Further, ANN model is used for exploiting the indicator of fouling by operation
parameters. For the purpose of understanding the effect of fouling behavior change of
plant in time clearly, different cleaning cycles when membranes are new and old, are
considered. When membranes are old, permanent fouling is occurred and fouling
effect for new membrane, which has no permanent fouling, is investigated. For a new
membrane without permanent fouling, the inlet pressure value of cartridge filters at
the reference week and the outlet pressure value of cartridge filters at the reference
week are the most sensitive parameters at the early and middle date of cleaning cycle.
It is clearly showed that any change occurs at the cartridge filters, directly affects RO

membrane fouling. The second most sensitive input parameter for late date of cleaning
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cycle, which is permeate water pH at previous week, indicates that pH change in water
directly affects RO membrane’s flux since, RO membranes are generally used for
removing of ions from the solution and also pH is indicator of ions. Also, early, middle
and late date of the cleaning cycle period are taken from November, April and August,
respectively, and it is seen that seasonal change has profound effect on membrane. In
order to see permanent fouling effect, sensitivity analysis is applied for old membrane.
We can assume permanent fouling occurs in RO membranes because, the most
sensitive parameters for late date of the cleaning cycle of new membrane and most
sensitive parameters for early date of cleaning cycle for old membrane are same. Also,
more pressure parameters affect flow rates for old membrane, it is demonstrated that
old RO membrane is more affected with permanent fouling. Moreover, sensitivity
result for old membrane is showed that high sensitivity to permeate water pH level is
calculated for both the late date of cleaning cycle of new RO membrane and old
membrane. This similarity is showed that, salts that cause fouling are origin of
permeant deterioration of RO membrane. It is also reminded that sensitivity analysis
is a local analysis, change in feed flow characteristic affects fouling characteristic of
RO membrane for secondary treatment of municipal wastewater. Therefore,
operational parameters have different effect on flow rates behavior is expected result
considering new or old RO membrane behavior even in a cleaning cycle.

Another usage area of ANN model is the different binary operational parameter
effect on permeate flow rates while other parameters are remaining. Thus, operation
windows are plotted and investigated binary parameter relations of most sensitive
parameters. While other parameters are remaining during investigating binary
relationship of parameters, it affects to see known relationships in plant. Therefore, it
is also investigated the most interested parameters which are temperature and pressure
difference. By the help of ANN model, optimized process conditions for industrial
ROMU plant can be obtained. As there is no control variable in the ROMU plant,
application of control system is not suitable for ROMU. However, ANN model can be
used for further applications as fully automated decision support system for cleaning
times. Besides, cleaning efficiency can be calculated by another model and both
models can be work together.
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