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A B S T R A C T

Artificial neural network (ANN) models were developed from a six-year process database to quantify causes of
membrane fouling in the first stage of a full-scale, three-stage reverse osmosis (RO) system. The data comprised
59 hydraulic and water quality parameters, representing 190 runs between membrane cleanings. The runs were
segmented into a Phase 1 period of initial particle deposition followed by a Phase 2 period of gradual biofilm and
scale growth. The phases were modeled separately. Rather than specific flux, a fouling indicator Pfoul′ was
calculated from RO system pressures which are normally modulated in part to compensate for fouling. The ANN
modeling found that the best predictors of Phase 1 fouling were total chlorine, electrical conductance, TDS,
ammonia, and the cartridge filter pressure drop. The best predictors of Phase 2 fouling were turbidity, nitrate,
organic nitrogen, nitrite, and total chlorine. These results are consistent with known Phase 1 and 2 fouling
mechanisms. The predictive electrical conductance, TDS, and turbidity are “bulk” water quality parameters
which were found significantly correlated to sparsely measured cations, sulfates, chlorides, and alkalinity.
Simulations with different chlorine concentrations demonstrate how the model could be used to reduce fouling
rates.

1. Introduction

Reverse osmosis (RO) systems are widely used in desalination and
wastewater reclamation due to their ability to reject most dissolved and
suspended matter [1–3]; however, the fouling of the semipermeable RO
membranes used to treat water has severely limited RO applications
and raises operating expenses [4–20]. Fouling generally refers to the
attachment, accumulation, and adsorption of matter on a membrane's
surface or in its pores, which can reduce the quantity and quality of the
permeate flow, increase energy and treatment costs, and shorten
membrane life [11,15,19,21–24].

Efforts have been made to understand, reduce, and prevent mem-
brane fouling, including the development of theoretical models that
employ hydrodynamic, chemical, and physical inputs in physical
equations to predict the rates of permeate flow and fouling
[7,9,17,19,25]. These models simplify the fouling process because the
relations among the many involved parameters were not fully under-
stood, and were developed and tested at laboratory and pilot scales,
making them unsuitable for predicting membrane performance in full-
scale plants where the ultimate goal is to monitor and control mem-
brane fouling in real time [26–29].

Artificial neural networks (ANN) are a form of supervised machine
learning that have been used in research since the 1990's to develop
empirical models of fouling in micro (MF), ultra (UF), nano (NF), and
RO filtration, bypassing some of the limitations of theoretical models.
Table 1 lists example laboratory and pilot-scale ANN modeling appli-
cations, which are commonly developed from the types of specialized
data used to develop theoretical models. Table 2 lists nine full-scale
applications, which are rarer, plus a final entry describing the RO
system of this article. All nine used data collected specifically for sci-
entific study, suggesting a high level of care during collection. The five
RO applications [41,44,45,47,48] modeled desalination processes. The
steady-state NF [42] and MF [46], and dynamic UF [49] modeling
applications used 10, 4.5, and 1 months of data, respectively, to model
the effects of organics in freshwater sources by including inputs for
UV254 [50], turbidity, and fluorescence, respectively.

The overall objective of this study was to use ANN modeling and a
pre-existing, 76-month process database to acquire new information
about fouling mechanisms in a RO system that treats secondary muni-
cipal effluent from a wastewater treatment plant (WWTP) for indirect
reuse. The RO system had 15 three-stage units and a total capacity of
284 megaliters (Ml) per day. The initial modeling scope was limited to
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parameters directly related to the first stage; however, preliminary
analysis found that first stage fouling could not be isolated from up-
stream treatment operations and downstream hydraulic activity in the
second and third stages, so these process units were also incorporated.

The novelty of this work relative to the aforementioned full-scale
plant studies (Table 2) stems from several factors in addition to the RO
system's purpose, scale, and complexity. Using already-collected “big
data” rather than smaller datasets collected specifically for scientific
study suggests an alternative path to using modeling for continuous
process improvement. The use of multi-year data also assures re-
presentation of seasonal and year-to-year process variability. Long
membrane runs, including seven exceeding one year, manifested mul-
tiple fouling mechanisms that necessitated dynamic modeling, here
using bandpass signals [51]. Other issues were multiple sampling fre-
quencies ranging from daily to monthly; signal noise and multi-
collinearity [52]; and the need to identify a new fouling indicator that
was independent of hydraulically induced variability unrelated to
fouling.

1.1. RO system configuration

The Orange County Water District (OCWD) operates the Ground
Water Replenishment System (GWRS) that incorporates a RO system.
The GWRS began operations in 2008 and produces highly treated re-
cycled water from secondary treated wastewater for indirect potable
reuse. The GWRS was jointly developed by OCWD and the Orange
County Sanitation District that operates the WWTP. A process database
has been maintained since startup, and OCWD uses these data to
identify improvement opportunities.

Fig. 1 shows a simplified schematic of the GWRS process, which at
the time of this study had a capacity of 284 Ml/day, but has since been
increased. The designed recovery rate is 85% final product water from
the feed treated wastewater. The RO system consisted of 15 RO units
rated at 18.9 Ml/day, with 14 being operated at a time and one held in
standby. Each unit consists of 150 pressure vessels with seven elements
per vessel. The vessels are arrayed in three stages, with 78 in Stage 1,
followed by 48 in Stage 2, and 24 in Stage 3. Water quality upstream of
the RO system is monitored at the four sites indicated in Fig. 1.

The membranes of each stage separate feed water into purified
permeate flows, which are collected for further treatment and disin-
fection, and concentrate flows, which have been rejected by the
membranes and retain salts and other compounds. The Stage 1 con-
centrate flow is the feed water to Stage 2, and the Stage 2 concentrate
flow is the feed water to Stage 3. The Stage 3 concentrate flow is re-
turned to the WWTP for mixing with other secondary effluent prior to

discharge to an ocean outfall.

1.2. Membrane fouling

The “normalized specific product flux”, hereafter “specific flux”, is a
commonly calculated indicator of membrane fouling. It is a stage's
“membrane product flux” after normalizing for temperature variability
to 25 °C, and divided by the transmembrane pressure (TMP). The
membrane product flux is a stage's permeate flow rate divided by its
total membrane area, and has units of liters per square meter per day (l/
m2-day). The RO membranes are operated to produce 4.2 l/m2-day.
TMP (feed pressure - permeate pressure) is the driving force for flux.
The units of specific flux used here are l/m2-day per kilopascal (l/m2-
day-kpa) at 25 °C.

Specific fluxes decline as contaminants progressively foul initially
clean membranes and feed spacers. Fouling affects energy demand and
other operating costs because feed pressures must be ramped up to meet
the 4.2 l/m2-day target. Operators want to minimize fouling rates to
maximize run times, which are the durations of membrane use between
chemical cleanings that restore permeability.

Monitoring different water quality parameters linked to fouling at-
tempts to provide useful process information; however, the specific
relations between water quality parameters and fouling are not well
understood nor quantified. Fig. 2 shows eight consecutive runs of a
unit's first stage. The specific flux is plotted with respect to the left
vertical axis and color-coded to demark different portions of its signal.
After each cleaning, the specific flux declines rapidly during a Phase 1
period (shown in blue) that lasts up to a few weeks, after which it enters
a Phase 2 period (in red) of slower decline that can last for several
months until the next cleaning. Gray portions of the signal denote
periods between runs when the specific flux was recorded but the unit
was not fully operational. Green portions denote periods when large
hydraulic transients modulated the specific flux. Fig. 2 also shows a run
time counter (diagonal black lines) that is plotted with respect to the
right vertical axis.

Franken [53] describes multiple causes of membrane fouling. In-
itially, colloidal particles and sticky dissolved organic substances form
cake and/or gel layers. Then the precipitation of salts, oxides, and hy-
droxides grows scales, and the consumption of dissolved organic nu-
trients by microorganisms grows biofilms. Phase 1 fouling is mainly
attributed to cake and/or gel layer formation, and Phase 2 fouling is
mainly attributed to scale and biofilm growth; therefore, the extent to
which foulants are removed in the WWTP and in the GWRS upstream of
the RO units affects run times.

Determining the causes of the specific flux variability at any time

Table 1
ANN applications for laboratory and pilot-scale membrane systems.

Reference Process Outputs Inputs

Dornier et al. (1995)
[30,31]

MF (crossflow) of raw cane sugar remelt permeate flux, dynamic total
hydraulic resistance

run time, feed flow rate, pressure, temperature,
turbidity, dry matter content, dynamic viscosity, color

Teodosiu et al. (2000) [32] UF (hollow fiber dead-end) of pre-treated
industrial wastewater

permeate flux run time, feed flow rate

Murthy & Vora (2004) [33] RO desalination of NaCl solutions permeate flux drive pressure, feed flow rate and salinity
Chen & Kim (2006) [34] UF (crossflow) of monodisperse silica

suspensions
permeate flux run time, TMP, feed particle radius, pH, and KCl

concentration
Jahangiri & Aminian

(2012) [35]
NF (crossflow) of treated textile plant
wastewater

chemical oxygen demand (COD)
rejection

feed pressure, permeate flux, cross flow velocity (CFV)

Soleimani et al. (2013)
[36]

UF of oil-polluted wastewater permeate flux, fouling resistance TMP, CFV, feed pH and temperature

Giwa et al. (2016) [37] electrically-enhanced membrane bioreactor for
municipal wastewater reuse

permeate COD, orthophosphates,
ammonium

feed volatile suspended solids, dissolved oxygen,
electrical conductance, pH, COD

Jaganathan & Kuppura
(2016) [38]

UF of skim milk permeate flux, total hydraulic
resistance

TMP, pH, temperature, milk fat concentration,
membrane pore size, and run time

Cabrera et al. (2017) [39] RO desalination of seawater, ANN-based control
system for wind-powered prototype

feed pressure, flow rate available electrical power, feed temperature and
conductivity

Chew et al. (2017) [40] UF (dead-end) of river water specific cake resistance run time, TMP, feed turbidity
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