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ABSTRACT

Membrane bioreactors (MBRs) have proven to be an extremely effective wastewater
treatment process combining ultrafiltration with biological processes to producejuagty
effluent. However, one of the major drawbacks to this technology mbna@e foulingi an
inevitable process that reduces permeate production and increases operating costs. The prediction
of membrane fouling in MBRs is importan¢cause it can provide decision support to wastewater
treatment plant (WWTP) operators. Curreptigechanistic models are often used to estimate
transmembrane pressyiiéMP), which is an indicator of membrane fouling, but their performance
is not always satisfactory. In thissearchexisting mechanistic and datisiven modelsused for
membrane fouligare investigatedatadriven machine learning techniques consisting of random
forest (RF), artificial neural network (ANN), and lesgort term memory network (LSTM) are
used to build models to predict transmembrane pressure (TMP) at various stHuyz3dvigR
production cycle. The models are built with 4 years of fggolution data from a confidential
full-scale municipal WWTP. The model performances are examined using statistical measures
such as coefficient of determinatior’jRoot mean squaredrer, mean absolute percentage error,
and mean squared error. The results show that all models provide reliable predictions while the RF
models have the best predictive accuracy when compared to the ANN and LSTM models. The
corresponding Rvalues for RF Wwen predicting before, during, and after back pulse TMP are
0.996, 0.927, and 0.996, respectively. Model uncertainty (including hyperparameter and algorithm
uncertainty) is quantified to determine the impact of hyperparameter tuning and the variance of
extreme predictions caused by algorithm choice. The ANN models are most impacted by
hyperparameter tuning and have the highest variability when predicting extreme wihies
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e ach mrespectived syperparameter randde proposed models can beeful tools in
providing decision support to WWTP operators employing fouling mitgattrategies, which

canpotentiallylead to better operation of WWTPs and reduced costs.
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Chapter 171 Introduction

1.1 Background

Often taken foilgranted, vateris one of thamost important natural resources and is the
foundation for life toexissWat er covers approximately 71% of t
about 2.5% is freshwater, and the amount of freshwater easily accessed by hiesaribas 1%
of all water(Stephens et al2020) Although restored through the water cycle, the increase in
global population has put an increasing strainwater supply and many areas have water
shortage. Clean water and sanitatios recognized as one of the 17 Sustaind@eelopment
Goals (SDGs) by the United Nations (UR)nited Nations, 2028). Despite this recognition,
billions of people still lack access to safe drinking wa@émate change wilbnly make the matter
worseandifipr oj ect ed t o i n c rsteeassdaegibns and exacerbate shortages w a t
in already watestrese d r e (@mitedriNations, 2020bYherefore, iis essential tgprotectand
repurposehe water that we us@/astewater reusgates t3200 BC wha civilizations usedt for
irrigation and aquaculturéAngelakis et al., 2018)As technology and knowledge evolved,
wastewater reuse turned into wastewater treatment, where wastewater was effectiveljntreated
wastewater treatment plants (WWTRsgth modern techniquesuch as the activated sludge
procesgASP) that uses microorganisms for eliminating organic polluté@tsang et al., 2002)
Membrane bioreactor@IBRs) integrateASP WWTP technologyand are becoming onef the
most promising water treatment technologies in th& &ntury. MBRs are popar due to
numerous bends includingextremelyhigh-quality effluent small footprint and low operational
and capital cost@Hamedi et al., 2019MBRs combine both biological treatment and filtration
into one process to treat wastewater. Haavea major drawback this technologys membrane

fouling, an impedimento the membrane procetizat leads to higher operatiegsts and reduced

1
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effluent quality (Guo et al., 2012; lorhemen et al., 2016; Meng et al., 2008% process is
exhibited when an MBR operates at a constant flux and has a rise in transmembrane pressure
(TMP), or a eécrease in flux when operated at a constant TNRillow MBRs to be more widely
implementedaccurate modelsat provide decision suppddr membrane fouling prediction are

required.

The nodelingof membrane foulingn MBR applications has been invigsttedsince the
mid-1980s This investigation includes mechanistiembrane fouling modelsvith datadriven
membrane fouling modetsecomingmore popular in the early 200(8hi et al., 2021; Stephenson
et al., 2000) Specifically, mechanistic membrane fouling mode@isorporate three main
mechanismsssociatedo membrane foulingthe depositionof solids on the membrane surface,
adsorptiorof solidsonto pore surfaces, or complete pbtecking (Steghenson et al., 2000y he
problemis that membrane fouling is extremely compénd isinfluenced by many factors and
nortlinear relationshipdetween biological, chemical, and physicatiables Additionally, each
MBR system has a different process ¥hich variablesand calibration procedures will change
(Dalmau et al., 2015; Drews, 2010hese models face challenges relating to complexities and
assumptions about underlyingriables and behavioutheyalso require extensive calibration of

model parameters.

In comparisondatadriven modelseek to capture the underlyipgpcesses between input
and output varialelsin datasetsThe application oflatadriven modeling techniquesome with
somerisk becaustehegenerated models are not based directly on mechanical prodessembat
this, careful input variable selectiome expert consultation should be employ@g nature, data
driven models give a singleoint prediction for a single data observation. It is important to

guantify the uncertainties associated to these modei®wdemore robustecisionsupport that
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includes reliablgrediction intervals (PIg)conder et al., 2011; Nourani et al., 202&)ditionally,
many datadriven models found in literatugenerally use data from MBR pitstale plantand
there is a lack ofong-term data fromfull-scale municipal WWTPSWVith the improvement of
technology and data collection techniques, datasets pertaining to W{iclRding operational
data and influenteffluent characteristicsqare becomingmore readily availableand of higher
quality. This provides the opportunity to utilizeetbe datasets for the predictioh variables

directly relating to membrane foulinguch as transmembrane pressure (TMP)

1.2 Objective and Scope

The main objective and scope of this thesis isremtedatadriven models based on machine
learning algorithmsincluding RF, ANN, and LSTM, to predict TMP at the various stages of an
MBR production cycle. These proposed models will be applied to a confidentist&ldl WWTP

to test prediction accuracy utilizing performance metrics. This study entails the falpvimary
objectives: (1) develop dataiven models to predict TMP at various stages of the MBR
production cycle using the three algorithms; (2) evaluate the performance of the developed models
and compare model accuracies; and (3) conduct an uncedatysis on the developed models

to quantify hyperparameter and algorithm uncertainties. Wawk proposed in thighesiswill

provideuseful toos for WWTP operators and provide insighto membrane fouling control.

1.3 Thesis Outline

Chapter 2explores thditeratureof membrane bioreactor technologgd associated membrane
fouling phenomenonkurther, existing mechanistic and ddtavzen modelsused for membrane
fouling will be reviewed and discussed; this includes advantages and disadvantages of both types

of models and how thegpply.
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Chapter 3exploresthe case studgpplication This includeggeneralMBR information,
information pertaining tohe full-scale municipal WWTh thiscase studyand howoperational

datafrom the planis gathered and collected.

Chapter 4 explores the methodolpgyplementation of, and uncertainties associated to
the datadriven techniques that are used to model membrane fouling MBfscase studyThese
techniques include random forest, artificial neural network, and longt&nortmemory network
how they operate will be discussed in detail. The implementation of these techniques corresponds
to a careful input variable selection processl associated data preprocessifigereafter, the
models will be compared using popular performance metrics to determine which perform the best.
The wncertainty analysiprocedure foboth hyperparameter and model structure unceytaiit

be discussedidetail.

Chapter 5explores model performance pertaining to the implemented -dateen
techniques. Furtheit,explores the uncertainty analysis results for hyperparameter uncertainty and

model structure uncertainty (characterized by extreme pointgiagi

Chapter Bummarizes theesearch conducted in this work and provides recommendation

for future work.
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Chapter 2171 Literature Review

2.1 MBR and Membrane Fouling

MBR technology combinemembrane filtrationvith the ASP.In an MBR, theseparation of solids
from wastewater is conductéy membrane filtration througimicrofiltration and/or ultrafiltration
(Hamedi et al., 2019; Hermanowicz et al., 2086)opposed to gravigriven separation in a
secondary clarifierThere aretwo different configurations of an MBRan internal/submerge
MBR or an external/side stream MBRhesubmerged MBRitilizes membranegnmersed irthe
bioreactorto pull wastewateithrough membraneporeswith the assistance of a vacuum pump
(Melin et al., 2006)These membranes will either be fiteebor hollow-fibre, both of which have
their advantages and disadvantagesi & Yamamoto, 2011)For side stream MBRghe
membrane module is separate from the bioreamdithe mixedliquor wastewater is pumped
through ths module employing cross filtratiorin municipal wastewater applications, submerged
MBRs are often use@ome of the main advantaggVIBRs include high quality effluent, control
over sludge retentiotime (SRT) and hydraulic retention time (HRT), a #eracapital footprint,
and the ability to operate at low dissolved oxygen concentrgtitaraedi et al.2019) However,

a major drawback to MBR technology is membrane fouling.

Within the MBR, membrane fouling is shown through the drop in permeate flux when the
MBR is operated at a constant TMP, or an increase in TMP when the MBR is operatedsahat
flux, thereby reducinghe amount of permeate being producgkis increase in TMP, or TMP
jump, has been described in a three stage pro&¢age 1 represenisitial fouling caused by
initial pore blocking and adsorption of solutes; Stage Pesgmts the weak gradual rise of TMP
over time due to biofilm formation and additional pore blocking; Stage 3 represents ehaapie

in the rate of TMP increagélai & Yamamoto, 2011; Hwang ek @2008; lorhemen et al., 2016)

5
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The main mechanisms of membrane foulingshown inFig. 1 and includecake layer formation,
the narrowingof membrane poreandthe blocking of membrane poréShang et al., 2002; Hai
& Yamamoto, 2011; Hamedi et al., 201$ome dditional mechanisms that impact membrane
fouling arebiomass characteristi¢ggcluding mixed liquor suspended solids concentrasind
soluble microbial product concentration), membrane characteristics (membrane matgrakand

sizg, and operating conditior{Brauns et al., 2002; Hong et al., 2009; Jarusutthirak & Amy, 2006)

el T

Pore plugging/narrowing Pore clogging/blocking Cake layer formation

Fig. 1. Three main mechanisms of membrane fou(iigmedi et al., 2019)

In general, membrane foulingccurs in different severts andcan be split intdboth
reversibleandirreversiblefouling. Reversiblgouling can be managed through physiialling
mitigation processes like air scourirand membrane backflushindrreversible fouling is more
serious and requirashemicalcleaningproceduregTsuyuhara et al., 201.0Membrane fouling
leads to increased opional costsmaterial costs, and reduced membrane lifetibue to the
complexity of MBR technology,membrane fouling, and nonlinear relationships between

variablesjt is difficult to accuratelypredictand/or model membrane fouling.

2.2 Existing Mechanistic Models for Membrane Fouling

Sincemembrane fouling iene of the major challenges for the widespread implementation of MBR
technology, many mechanistic models were created to investigate thisBeHo#d. et al.(1994)
outlined thegenericmass transfer approach that is commonly teedodel membrane fouling in

MBRs. In this approach, the continuity equation along with the N&siekes equation and

6
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boundary conditions are used to determine membrane fouling for a specific channel geometry
(Belfort et al., 1994)This type of model seeks tdantify membrane fouling througBrownian
diffusion, sheaiinduced diffusion, inertial lift, and themass transport of particlekitial mass
transportmodelswere built on nofrealistic assumptions such as steathte operation, laminar

flow, uniform permeation along the channel geometry external forces and constant influence
characteristics such ascosity and densit{Belfort et al., 1994; Berman, 1953; Terrill & Thomas,

1969) This work helped establisihbase for future mechanistic models.

An empiricalmodel based on hydrodynamiderpretation was introduced hyu et al.
(2002) and investigated the impact of crefiew velocity, membrane flux, and sludge
concentration on the membrane fouling rdiee model useseveraimathematical equations and
expressions to simplifihe rate of filtration resistance, filtration resistance, fluid viscosityttaad
relationship between variousossflow velocitiesi the rate bfiltration resistance and filtration
resistanceare directlyrelated to TMPThe model is easy to use and produces accurate riEsults
a smallexperimentatiatasetunder specific operatingarametersutlinedin thestudy(R? = 0.93
(Liu et al., 2003) However, the membrane fouling process is too comfernake numerous
assumptias aboutunderlying nonlinear relationships; additionaléywide variety of operating

conditions must be considered to provide useful decision support.

The resistancen-series (RIS) model was proposed byield et al. (1995) and used
mathematical equations and assumptions to characterize membrane; fodimg membrane
fouling models in literature are based on the Ri&lel In the modeldeadend filtration was
assumedthus the equation fgpermeation flux wap a s ed o n DRemmeayedlex whsa w .
considered as a function of TMP, viscogigmperatue-dependent)andthree constant resistance

values including thentrinsic membrane resistanaake layeresistance, andreversible fouling
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resistancdincluding pore narrowing/blockingJurther, the idea of eritical flux was proposed,
where therexasts a flux valugor an MBR whereany operating flux abovié will cause fouling
and anyoperating flux belowt will not. In such a model, it is crucial that the correct initial TMP
is chasen as to not exceed the critical fltixerebygreatly reducinghe rate of foulingChang et
al., 2002; Field et al., 1995} inceit was first introducegdthe RIS model has been used extensively
to analyze membrane fouling within MBREhe RIS modehas beerextended to conclude that
the resistance of the activated sludge suspension in ani§¢/@&Rial to the sum of the resistances
of the suspended solids, colloids, and sol(fsng & Yang, 2007) Ludwig et al (2012) utilized

the RIS model within a dynamic mechanistic simulation mausbrporating suction pressure,
water head pressure, and crossflow aerdtimm afull-scale municipal WWTPThe model was
calibrated and validated using a constrained linear-f&psires optimization procedui limit

the root mean squared err@®®MISE) between predicted and observed valddter testing, the
model predicts TMP accately (86% - 95% accuracyjn both hollow-fibre and flatsheet MBR
configurationgLudwig et al., 2012and can be integrated into existiagtive sludgesimulation
models(ASM). Further,Liang et al.(2006 integrated the RIS model ugiparameters fanixed
liquor suspended solidM(SS), dissolved organic matteandvarying resistances over tiniehe
model was trained and validated wigkperimental data from a pilot submerged MBR plant
yielding good accuracy between observed andigtestidataMannina & Di Bella(2012 created

an integrated model utilizing biological equations and the resistarsmries method for

membrane fouling characterization.

While promising, the RIS model is built on the assumption that resistances behave the same
individually as they do in combinatioiit has been proven that the sum of individual components

are different from that of the mixtu(€hang et al., 2009nd it is not clear how the change in one
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resistance will affect another. Similarly, they do not consider curatéon polarizatior(Belfort
et al., 1994 pf contaminants at the membrane surfazge to their limitations, mechanistand
empiricalmodels shoulde used with cautiowhenquantifyingmembrane fouling in fulkcale

MBR applications.

2.3 Existing Data-Driven Models for Membrane Fouling

In recent timesdatadriven techniques have become increasingly more popular for mgdeli
membrane foulingDatadriven models unlike mechanistic modelglo not rely on underlying
mechanistic or mathematical principles, they @tynformationfrom dataset. The assumptions
made in mechanistic models ceametimes make them ineffective fealworld applicatiors and
cannot investigateomplex underlying relationships between variablascomparison, data
driven techniques can effectivelyse information in datasets to modwnlinear relationships
between input and output variabl&tere are many different algorithragailablefor datadriven
techniquesA commonly used algorithm in the formtian of datadriven models is the artificial
neural network (ANN) ands derivatives.For instancePornier et al.(1995)proposeda back
propagation ANNto predict membrane fouling by modelimydraulic resistance defined by
Dacy 6 s Law. Th e odelhputlayernveoihidderdayerspand one output lasieg

a sigmoidal activation functiorSince there are one or more hidden layers, tifpe of model
would beconsidered a multilayer perceptron (MLP) ANRhe input vaiables for this model were
time, TMP,and cross flow velocity; the output variable for the model was hydraulic resistance.
The model was trainednd teted on6 different shortterm experimental datasets which the
coefficient of determinatioR?) valuefor constant and variable operating conditions was 0.97
and 0.90, respectivelfthis model showed positive resuiad led to further investigation into

datadriven models for membrane fouling prediction.
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Liu et al. (2009 created an MLP ANN model using permeate flux, raw water turbidity,
UV2s4 measurement (for organic content detectiopgrating time, and backwash tyftenary)
as input variables; the output variable for the model was TM@set of 990 dataas normalized
and split roughly 60:40 for training and testing purpo3estrain the model,the Levenburg
Marquardt(LM) technique was usddr back propagatioandused more than 120 epochghis
techniquesearchefor the minimum mean squared error (MSE) between observed and predicted
values.Theresults of the model showed a good result betwbserved and predicted values with
correlation coefficient (R) of 0.85. The authors determinedagr quality parameters including
(turbidity and U\4s4) werejust as important as operational paramefiug, backwash frequency,

and timé for the prediction of TMP

Mirbagheri et al.(2015) created both MLP and radial basis function (RBF) ANNs to
guantify membrandouling. In RBF ANNSs, a radial basis function is applied between the input
and hiddendyer, and a linear activation function is used betweehitlten and output layerin
the MLP ANNSs, there is no function between the input and hidden laperthe sigmoidal
function is commonly used between the hidden and output |éyaysam et al., 2016}-or both
models, he nput variable were time, total suspended solids (TSS), chemical oxygen demand
(CODn), solids retention time (SRT), and MLSthe output variables for the modelere TMP
and permeabilityThe dataset usedn this study comefrom a submergedIBR pilot plantfed
with municipal wastewateiThe dataset was comprised of 60 days of experimental data with a
daily temporal resolutianThe data was normalized asglit 70:15:15 for training, testing, and
validation, respectivelyTo train the model, the LM technique was used for backggation with
a maximum of 1000 epoch§he triatanderror approach and genetic algoritli@A) approach

were both used to calibrate tin@delswhere the GA approach produced better parameters for the

10
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model. The authors concluded that the MLP ANN model performed betéer the RBF ANN

model with R values of 0.99 and 0.98, respectively.

Hazrati et al. (202)7created an artificial neural network (ANN) with antbnth dataset on
a pilotsized MBR utilizing mixed liquor suspended solids (MLSS) concentration, hydraulic
retention time (HRT), and time as input variables to prechetmical oxygen demand (COD)
removal and TMP with great accuradyhe results for these models showed excellent accuracy
when predicting on both training and testing datatett.al. (2020 created a random forest (RF)
model on the Hadoop big datéatform to determine membrane fouling by predicting membrane
flux. ANN and support vector machine (SVM) mo

prediction accuracy and the results showed that the RF model had the best prediction accuracy.

Many dada-driven models with various algorithms have been applied to predict membrane
fouling; however, many of these models have drawbacks. Common drawbacks in the models
includesmall datasets with coarse temporal resolutiiatasets from pilot MBR plantandnon
calibrated modelsAdditionally, these models lack uncertainty analyses to characterize both
hyperparameter uncertainty and uncertainty due to model struckhees.incorporationof
prediction intervals for output prediction can be extremely ugefyrovide robust decision

support.

In summary, datariven models have produced promising results,aoatnot yetready to be
implementedor full-scale MBR decision support. The development of more robustdatn

models for the prediction of membrane fouling is required.
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Chapter 31 Study Area and Data Collection

3.1 MBR

MBR technology is a wastewater treatment technology thatlisasingly used for municipal and
commercial applications across the world. MBRs produce extremely high effluent quality with a
small capital footprin(Hai & Yamamoto, 2011)Membrane fouling is one of the major challenges

to widescale MBR implementation for wastewater treatment plants. This occurs over time as
solids build up on the membrane surface and within membrans, paceeasing transmembrane
pressure (TMP) between the inside and outside of the membrane. Fouling mainly occurs due to
pore narrowing, pore clogging, and cake formaflorhemen et al., 2016Membrane fouling can

be split up into two main types of foulinggversibleandirreversible

Reversible membrane fouling is the deposition of solids on the membrane surface that are
readily removable. This is primarily controlled through air scouring, membrane back pulsing
(backflushing), and maintenance cleanifighang et al., 2002)Air scouring utilizes coarse
bubbles from an aeration device to produce shear forces across the membrane surface, removing
solids that are deposited on the membrane. The crossflow velocity of air bubbles is produced by
bubbling air with an aeration deeicocated underneath the membrdBefia et al., 2004)
Membrane back pulsing is used to reverse the flow of permeate through the membrane. This
process has been successful in removing most of the reversible fouling due to pore blocking,
transporting the solids back into the bioreactor and partially dislgdgosely attached sludge
cake from the membrane surfg@»ouhabila et al., 2001; Hai & Yamamoto, 201Waintenance
cleaning procedures with moderate chemicals are generally conducteeeklylvasis and helps

reduce the need for more intense recovery cleaning procedures.
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Irreversible fouling occurs over time where TMP increases to a point where further
permeate production is no longer sustainable. Irreversible membrane fouling is edninoll
recovery cleaning through means of chemical cleaning. Two commonly used chemicals for this
type of cleaning are sodium hypochlorite and citric acid used for organic and inorganic foulants,
respectivelyHai & Yamamoto, 2011)Both chemicals are used for either maintenance or recovery
cleaning procedures, however the concentration used will be higher in recovery cleaning

procedures.

Membrane bioreactors are operated at either constant permeate flux with a changing TMP
or a changing permeate flux with a constant T{@Ro et al., 2012)Membrane fouling occurs as
TMP increases to maintaia constant permeate flux or when permeate flux decreases while
maintaining constant TMP. Membrane fouling and the subsequent rise of TMP (at a constant flux)
is determined by physical and chemical interactions. These interactions and resulting membrane
fouling are controlled by foulant characteristics, influent chemical composition, membrane
properties, and hydrodynamic conditiofis & Elimelech, 2004) Further, the length of the
operation cycle and the frequency and length of the batde ga important in controlling

membrane fouling.

3.2 Wastewater Treatment Plant

The WWTP data used in this study is from a confidential municipal wastewater facility using the
submerged membrane bioreactor (SMBR) technology equipped with hollow fibepraress.

This confidential WWTP is designed with an average influent capacity of 60, 300wth a peak

flow of 7,020 ni/d. The effective membrane surface area across all membrane trains i€.412 m
The plant utilizes a pretreatment phase consisting ofrhGsareening, equalization with a buffer

tank, 1 mm fine screening, and grease removal/cooling. The primary treatment phase consists of
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four aeration tanks using activated sludge followed by eight SMBR tanks to produce treated
effluent. The tertiary treatmé involves chlorination and sludge treatment through gravity belt
thickening, aerobic digestion, and dewatering using filter presses. A graphical representation of
the plant is shown below iRig. 2. At this WWTP, nembrane back pulsing occurs every 11
minutes. Maintenance cleaning cycles generally occur 1 to 2 times per week and use sodium
hypochlorite or citric acid as cleaning chemic&gcovery cleaning cycles generally occur 2 to 4
times per year utilizing higher concentrations of sodium hypochlorite or citric acid and a different

cleaning procedure.

Sewer Screening (6 mm Submerged
System/Caollection > Clh '29 ( Aeration Tank membrane — Lake/River
System en 2 mm) bioreactor

f RAS

Y
\J

WAS

Y
Aerobic

k Dewaterini
Digesters t—- g —»( Storage/Disposal

1

Fig. 2. A simplified process diagram for tikenfidential WWTP

3.3 Data Collection

The timeseries data used in this study were collected through an automated asset performance
management system, InSight. The InSight systetiects dataevery other back pulsing cycle,
thusthe MBR operational datasiavailable at a 2&hinute temporal resolution. The before back

pulse (BBP), during back pulse (DBP), and after back pulse (ABP) operationahdasarred

between January 1, 2017, to December 31, 2020, ol#eened and used for developingique
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models fo BBP, DBP, and ABP TMPThe total dataset consisted of @R instanceperational

data from 2015 to 2016 was available but omitted due to many missing data obserai#otts.

the cyclical nature of the data with local maximum and minimum values, oanuutlier
determination methods like thethreeg andar d devi ation (30) method
elicitation was used to manually identify and remove 159 outlier instances resulting323 83
instances to be used to create the mo@sstinuous before, during, and after back pulse data are
available every 22 minutes for TMP (kPa), flow?(d), flux (LMH), and permeabilityL MH /kPa).

The TMP data from different stages (i.e., before, during, and after back pulse) of the membrane
cycle s shown inFig. 3. Fig. 3 shows that BBP and ABP TMP data are negative, whé&»8&s

TMP data are positive. The positive and negative represents the direction of flow through the
membrane. When TMP is negative, there is production in the MBR where water from the
membrane tank is being pulled through the membrane, leaving as permeatel MP is positive,

there is a back pulse occurring where permeate is being pushed back through the membrane and
into the membrane tank. Additional after back pulse variables include permeate temperature (°C)
and tank level (m) measured after each badsepuBinary condition datare available for
maintenance clean, recovery clean, production, and standby status. MLSS concentration (g/L) data

is available at a temporal resolution of 1 minute.

The collected data were preprocessed to prepare a datasettantiporal resolution of 22
minutes for model development. To deal with the discrepancy in temporal resolution, the most
recent MLSS concentration relative to cycle data is used because the composition of the pretreated
water does not change significantlyer short periods of tim@Vang et al., 2021)A full list of

input variables for model development is showiiablel.
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Tablel. Raw data collected from InSight

Stage Variable Unit Frequency
BBP BBP TMP kPa 22-minute
BBP Flow m3/d 22-minute
BBP Flux LMH 22-minute
BBP Permeability LMH/kPa 22-minute
DBP DBP TMP kPa 22-minute
DBP Flow mé/d 22-minute
DBP Flux LMH 22-minute
DBP Permeability LMH/kPa 22-minute
ABP ABP TMP kPa 22-minute
ABP Flow m3/d 22-minute
ABP Flux LMH 22-minute
ABP Permeability LMH/kPa 22-minute
ABP Permeate Temperature °C 22-minute
ABP Tank Level Metre 22-minute
Miscellaneous Date MM/DD/YYYY Daily
Days Numeric Daily
Time Minutes 22-minute
MLSS g/L 1-minute
MC Status Binary 1-minute
RC Status Binary 1-minute
Cumulative Flow mé/d 22-minute
Cycles Since RC Numeric 22-minute

Note: BBP = Before back pulse, DBP = During back pulse, ABP = After back pulse
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Fig. 3. Timeseries data for BBP, DBP, and ABP TMP from 2017 to 2020
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Chapter 41 Methodology

4.1 Machine Learning

For this researciRF, ANN, and LSTMalgorithms were chosen. The random forest has proven to
be an effective algorithror use inwastewater applicatior{ti et al., 2020; Zhou et al., 2018hd

is useful for investigating variable importarty reduction of MSEthis process isvell-outlined

by Gromping(2009) The ANN has proven to beery effective for membrane foulingrediction
applications(Dornier et al., 1995; Hazrati et al., 2017; Liu et al., 2009; Mirbagheri et al., 2015)
and has been used to check the accuracy ef athorithmgLi et al., 2020)LSTM has not been
used for the prediction of membrafailing but has been proven usefulvilastewater effluent
quality prediction(Farhi et al., 2021yue to its ability to recagze patternand sequences

timeseries data.

4.1.1 Random Forest

The RF method is an ensemble method where the combination of decision tree or model tree
predictors are used to make predictions. This method was introduced by Breiman (2001)
influenced by previous worfdmit & Geman, 1997; Dietterich, 2000} combines bootstrapping

and random split selection to create independent decision trees whasmesire aggregated
together to make a predictigBreiman, 2001)The common element used in all procedures is that

for thekth tree, a random vectdiy is generated that is independent of the past random vectors
Ui, Uk but with the same distribution; and a tree is grown using the training set and random
vectorUy, resulting in a classifidr (x, Ux) wherex is an input vecto(Breiman, 2001)More trees

are generated independently until there are many trees in the forest. Then, a majority voting process
happens, and a decision or prediction is m&dtece bootstrappng I s used, there a

thebagd which are wused as t heofbtargad nu nggd dad atsle ¢
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datasets. Thus, cuff-bag (OOB)Mean Squared Error (MSE#an be calculated without additional
computational resources by compg the majority vote of the value for OOB data and comparing

it to the true OOB data.

Advantages of the random forest method include the robustness to changes in
hyperparameters, that they are less likely to suffer from overfitting compared to otheds)e
and the ability to see variable importance through regression imgBriggman, 2001; Segal
2003; Wang et al., 2021In this studytherandomForest v 4844 package within the opesource
programming |l anguage R is used to create the

random forest algorithm for classification and regres@yaiman, 2018)

4.1.2 Artificial Neural Network

Artificial Neural Network (ANN) models relate the input and output of a system to map nonlinear
input-output relationships. These methods have been widely successful in wastewater applications,
including influent flow prediton and membrane fouling through the prediction of T(8Byd et

al., 2019; Mirbagheri et al., 2015; Zhang et al., 2019; Zhou et al., 2RAANN with one input

layer, one outputayer, and one or more than one hidden Ig@jas a multilayer perceptron
(MLP). The general idea behind this approach is that the information from the input layer is fed
forward to a hidden layer with neurons that will process the information and tpflase/ard

through an activation function to create a model output. The following equation shows how one

neuron processes information from the previous layer to the next layer.

) MB Uy @ © (1)
wherex is a neuronj is the layer index, is the neuron index for laygrw is the weight assigned
between two layerd is the bias weight term, arid A) is the activation functiofWang et al.,
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2021) In this study, the sigmoidal activation function is used between the hidden and output layers.
Thecaretv 6.089 packaggKuhn, 2021 )within R is used with model selectionn nte gradluce
regression based MLP ANNSs to create before, during, and after back pulse TMP predictive models.
The ANN utilizes the BoydenFletcherGoldfarbShanno (BFGS) algorithm to optimize model

parameters, changing neuron weights to minimize error over iterations.

4.1.3 Long ShortTerm Memory Network

Long shortiterm memory (LSTM) models are a type of recurrent neural network (Ritgluced

by Hochreiter and Schmidhubg997) LSTM units are now commonly comprised of a forget
gate, input gate, and an output gate. In the forget gate, the model can decide what information in
the time series will be kept and what will be thrown away. In the input gate, new information is
fed into the model and the gate decides what new informafilbbe kept in the cell state. The
output gate decides what information can be used as the output based on the ¢¥li etéd.,

2019) The architecture of this type of LSTM unit is showrkig. 4.

\“[’]]‘,K;l
Forget Gate Input Gate
Crg M 28 ”
X ) T+
] Output
X ) Gate tanh
f; I :
J Ot ’—~ ‘X, '
o ‘ o tanh ‘ o ‘
hy, t f t t hy
=
(%)

Fig. 4. Architecture of an LSTM unit
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The forget gate is representedfbyhere it has a value between 0 or 1 due to the sigmoid function
applied to it. If the value is 1, all information will be saved inside the network. If the value is 0, all

information will be discarded.
M, 000 W o (2)
The input gate is represented lpyhere it also has a value between 0 or 1. If the value is 1, the

new information will be allowed to be moved to the cell state; whereas if the value is 0, it will not

be allowed.
0 , 000 b © (3)

The cell state is represented Gyand denotes information carried from one LSTM unit to the

next.

6 QI ‘000 (4)

The new information from input variables is denotedbbgnd is transformed by the hyperbolic
tangent function to obtain a value betwegmnd 1, wherel indicates subtraction of information
from the cell state and 1 indicates addition of information.

6 OAIGEDQ M @ (5)

The output gate is represented @ywith a value between 0 or 1 where 1 allows information
transfer and O does not. This is then be multiplied with the cell state infonmaitier it is
transformed by the hyperbolic tangent function; the product of the multiplication is then used as

the output of the unity.

6 ,®00 o (6)
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4.2 Model Development and Performance Evaluation

4.2.1 Input Variable Selection

Input variable selection was conducted to determine the best variables to be used in each of the
models. The models are carefully designed to limit correlated input variables to investigate the
impact that other input variables have on the output of tltema& manual input variable omission
process was used to determine the decrease in model accuracy after removing input variables; the
final models have a small drop in model accuracy compared to preliminary models and it is easier
to see which input vardes impact model accuracy in the final models. Additionally, less input
variables used results in less computational resources required to train and tune the model, making

it easier to apply to other WWTPs.

Table2 shows the selected input variables for models at each stage, statistical measures,
and the correlation of that variable to other variables. Since TMP is directly related to permeability
wherepermeability = flux/TMP, permeability is excludeld.is worth mentioning thain cases
where it is not important to limit correlated input variables, permeability can be included to predict
TMP, and has been shown to increase predictive accuracy in ipglynmodels. To model the
effect of recovery cleaning new input variabl@ Cy cl es since RCO was 1int
number of membrane cycles between recovery cleaning events. This is important because the
cyclical behaviour shown iRig. 3 is caused by recovery cleaning cycles where a drastic change
in TMP is shown. To incorporate the general trend that TMP increases as membrane life
progresses, cumulative flownf/d) was also introduced aa new input variable calculated by
summing before back pulse flow from each membrane cycle between the beginning of 2017 and
the end of 2020.
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Once the final input variables were selected for each of theriwdels {(.e.,BBP, DBP,
and ABP), a time lag based on chronological order was introduced to certain input variables
depending on the point in the membrane cycle. For instance, for the BBP and DBP models, the
ABP permeate temperature and tank level valere taken from the previous cycle. For the ABP
models, the ABP permeate temperature and tank levels werdriaietme current cycleAll other

input variables were taken from the same cycle.

Table2. List of input variables usead the models, statistical measures, and relationship to other variables

Usein Standard Coefficient Relationship to
Stage Variable Min Mean Max
model Deviation | of Variation other variables

Y (Target,
not used in
BBP BBP TMP -34.96 -15.35 -6.22 4.36 -0.284 BBP Permeability
DBP or ABP

models)

Y (Not used
in DBP or
BBP Flow 198.3 300.9 397.5 17.1 0.057 BBP Flux
ABP

models)

Y (Target,
not used in
DBP DBP TMP 7.61 18.64 29.61 3.34 0.179 DBP Permeability
BBP or ABP

models)

Y (Not used
in BBP or
DBP Flow 300.1 405.8 500.0 6.50 0.016 DBP Flux
ABP

models)

Y (Target,
ABP ABP TMP -32.41 -15.13 -6.16 4.21 -0.278 ABP Permeability
not used in
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BBP or DBP
models)
Y (Not used
in BBP or
ABP Flow 170.1 301.0 399.2 17.0 0.056 ABP Flux
DBP
models)
ABP
Permeate Y 24.2 32.3 38.3 3.50 0.108
Temperature
ABP Tank
Y 2.999 3.189 3.259 0.014 0.004
Level
Days Y
MLSS Y 0.702 5.855 8.854 0.588 0.100
Cumulative
Y = = 2 = > BBP Flow
Flow
Cycles Since
Y
RC

4.2.2 ML models for TMP prediction

In this study, RF, ANN, and LSTMereused to create nine different models that predict TMP
(kP before, during, and after membrane back pulsing. Nine different models, three for each
algorithm, were created because the output values for TMP varies between stages of the MBR
production cycle. Creating separate models provides the best solutiorctdioatacprediction of

TMP at any point in the membrane cycle because the training and testing target data are exclusive
to that part of the cycle (before, during, or after membrane back pulsing). The dataset was split

randomly 75:25 for training and testingespectively. There are 62,868 observations used for
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training and 20,955 observations used for testing. The variables used in each model vary depending

on the specific model and are showTablel.

To obtain an optimal RF model for each stage, a grid search was used to determine the
optimal hyperparameters. The most optimal BBP RF model had 2,407ireesdnd the number
of variables tried at each splin{ry) was equal to 4. Since the random forest model already uses
bootstrapping to resample data, cross validation was not used. The optimal DBP RF model had
ntreeequal to 1,598 anchtry equal to 2. The optimal ABP RF model hadeeequal to 1,576 and

mtry equalto 4.

To obtain the optimal ANN model for each stagdphkl cross validation was used on the
training set while the testing set was used as adwatidet for a maximum of 1,000 iterations per
hyperparameter combinatiohe performance differences wenegligible between models
trained with 5fold cross validation and models trained withfd@l cross validationBoth training
and testing datasets were centered and scaled using the mean and standard deviation of the training
dataset. A grid search wasedsto determine the optimal hyperparameters availabiefmayand
size For the BBP ANN model, theecayandsizewere 0.001 and 30, respectively. The resulting
ANN had a #30-1 network architecture. For the DBP ANN model, tleeayandsizewere 0.01

and 30, respectively. For the ABP ANN model, deeayandsizewere 0.001 and 29, respectively.

To obtain the optimal LSTM model for each stage, a stochastic gradient descent (SGD)
optimizer from thePyTorchpackage(Paszke et al., 2019 Python 3.8.8s used to optimize
hyperparameters. The number of epochs used is equivalent to tevizentiber of observations in
the training dataseln each LSTM model, the batch size is 20, a parameter representing the number

of previous observations used for training each training observati@tuning fodecayandsize
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was done in conjunction witthe uncertainty analysis and was determined to be 0 and 14,

respectively, for BBP, DBP, and ABP models.

4.2.3 Performance Evaluation

Four model performancemeasuresvere usedo compare the RF, ANN, and LSTM models
developed in this study. These statist measures include the Coefficient of Determinatiof), (R

MSE, Mean Absolute Percentage Error (MAPE), and Root Mean Squared Error (RM&ER R
useful index in regression analyses, providing a good sense of how well data fit to a regression
line. In this case, Ris used to determine the correlation between model predictions and observed

target variables from the testing datasefdsRalculated using Eq. )8

Y p (8

wheren is the number of sampleg,is the observed value, adtlis the predicted value, andis
the mean value of a sample. There is no universally accepted value rangebfecaRise good
value is relative to the problem. However, the closer to 1 the higher the correlation between

observed and predicted data.

MSE is the average squared error between predicted and actual values. The term is squared
SO any negative value is simply takas a magnitude and does not negatively impact the accuracy

of the term. MSE is calculated using Eq). (9

D30 -B ® )

MAPE is the average error between predicted and observed data expressed as a percentage.

It is calculated using Eq. (10
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DouvOo -B —— PTT (10)

RMSE is the squared root of the MSE. The advantage to having this metric is that the error
is easy to understand because it will have the same units as the output variable (i.e., kPa). However,
a disalvantage is that RMSE is difficult to use to compare different models because of varying

system elements and different system operation parameters. It is calculated usiny Eq. (11
YO "YOWD 30 B —— (12)

4.3 Uncertainty Analysis

An uncertainty analysis was conducted to determine both hyperparameter uncertainty and model
structure uncertainty. Latin Hypercube Sampling (LHS) was used to randomly generate
hyperparameter values for the quantification of parameter uncertainty. LHSnethed of
sampling that can be used to produce hyperparameter values to be fed into the developed models
for uncertainty quantification. In this case, the LHS process utilized sampling from a uniformly
distributed square grid with two dimensions, selectinly one sample per combination of row

and column(Stein, 1987) This provides a better distribution of hyperparameters across the
sampling space when compared to using a randonplsgmmethod such as Monte Carlo
simul ati on. To create each model O0s Latin
hyperparameters unique to eaalgorithm were crated. Then, th& HS v 1.1.1package inR
(Carnell, 2021)was used to create each LH. This function utilizes a Columnwise Pairwise (CP)

algorithm to generate an optimal grid to sample from.

For each model, a LH was created containing 100 unique combinations of hyperparameters

for each of the 3 algorithms. Imparit hyperparameters for each of the three algorithms (i.e., RF,
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ANN, and LSTM) were identified based on the literature for uncertdiiiyarez & Salzmann,

2016; Probst et al., 2019; Zhang et al., 20T®e hyperparameters selected wareanddecay

for the ANN modelsptreeandmtry for the RF models, arglzeanddecayfor the LSTM models.

One hundred iterations of the models were run, recording each unique timeseries and
corresponding performance metrics when predicting on the testing dataset. The timeseries were
used to create prediction intervals (Plfgreby quantifying a range of prediction instead of a

single deterministic value.

To quantify model structure uncertainty, the impact of algorithm selection on the prediction
of the most extreme minimum and maximum TMP values were investigated. Foif ¢aemioe
models, there were 100 associated predictions for the two most extreme values. The minimum,
maximum, and average predictions were investigated to determine how the models perform at

extreme prediction.
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Chapter 517 Results andDiscussion

5.1 Model Performance

RF, ANN, and LSTM models were created for each stage of the membrane cycle. These models
were tuned to optimize performance while minimizing the risk of overfitting. The resulting
performance metrics for each model and stage shown inTable 3.The besfperforming
algorithm was the random forest with the highe$taRd lowest RMSE for each model for all
stages of the MBR cycle. For prediction of testing data, the metrics range between 0.927 to 0.996
and 0.264 kPa to 0.90¢Pa for R and RMSE, respectively. Comparatively, for ANN prediction

of testing data, the metrics range between 0.910 to 0.973 and 0.692 kPa to 1.00 KRanébr R
RMSE, respectively-or LSTM prediction on testing data, the metrics range between 0.878 and

0.915 and 1.170 kPa to 1.397 kPa fémaRd RMSE, respectively.

While the differences in metrics seem small, the BBP RF model had a RMSE value that is
roughly 3 times smaller than the BBP ANN model
in accuracy. Model accuracies for BBP and ABP were similar because BB&AB&TMP data
are closely related both gradually increase over time as membrane life goes on. The difference
in performance metrics between BBP/ABP RF and ANN models were relatively similar in
magnitude with the random forest models being more accuratginimg and testing. However,

DBP RF and ANN models have performance metrics much closer in magnitude when comparing
performance metrics for the testing datdgsée difference in RMSE is 0.1 kPEhe LSTM models

have satisfactory performance but weresl accurate than the RF and AMNdels.However, the
optimal LSTM models had less variation in performance metrics across the BBP/DBP/ABP

models in comparison to the RF and ANN models.
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Table3. Performance metrics for each modei dtgorithm and cycle stage

Cycle Stage and Performance Metric

Model BBP DBP ABP

R? MAPE | RMSE MSE R? MAPE | RMSE MSE R? MAPE | RMSE MSE

RF (Train) 0.999 | 0.47% | 0.116 | 0.013 | 0.985 | 1.61% 0.415 0.172 | 0.999 | 0.49% | 0.121 0.015

RF (Test) 0.996 | 1.08% 0.264 0.070 | 0.927 | 3.55% 0.904 0.816 | 0.996 | 1.14% 0.277 0.077

ANN (Train) 0.973 | 3.51% 0.721 0.520 | 0.910 | 4.17% 1.00 1.01 0.974 | 3.46% 0.684 0.467

ANN (Test) 0.973 | 3.52% 0.725 0.525 | 0.910 | 4.19% 1.00 1.01 0.974 | 3.47% 0.692 0.478

LSTM (Train) | 0.933 | 5.48% 1.125 1.266 | 0.882 | 4.81% 1.147 1.317 | 0.936 | 5.38% 1.060 1.123

LSTM (Test) 0.932 | 5.54% 1.15 1.322 | 0.883 | 4.78% 1.145 1.310 | 0.935 | 5.42% 1.082 1171

It is worth mentioning that the predictive performance for all models decreases when attempting
to predict extreme values. In machine learning models, extreme value prediction poses a problem
to a trained model and there is often a traffdetween modehccuracy and overfittinfLi et al.,

2020; Zhou et al., 2019 the BBP scatterplot shownhig. 5 (a), many of the outliers are toward

the bottorrleft quadrant and above the line indicating where predicted data is equal to observed
data. This indicates that on average, BBP RF, ANN and L&Tddels were predicting more
conservatively with a more extreme predicted value (compared to the observed value), with the
LSTM model predicting the furthest from the observed value. The ANN model made a higher
number of extreme predictions when compacethe RF model. In the DBP scatterplot shown in
Fig.5 (b), the differences between RF, ANN, and LSTM models were much less apparent. Extreme
predictions were better difouted across the prediction range when compared to the BBP
scatterplot where extreme predictions are more frequent towards either end of the prediction range.

In the ABP scatterplot shown Fig. 5 (c), the results for RF, ANN, and LSTM models were like
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