Examination Committee
Prof. dr. ir. Paul Van der Meeren (Chair, Ghent University)
Prof. dr. ir. Arne Verliefde (Ghent University)
Prof. dr. ir. Jan Pieters (Ghent University)
Prof. dr. ir. Joaquim Comas (University of Girona, Spain)
Ir. Christoph Brepols (Erftverband, Germany)

Promotor
Prof. dr. ir. Ingmar Nopens
Department of Mathematical Modelling, Statistics and Bioinformatics
BIOMATH research group: Model-based analysis and optimisation of bioprocesses
Faculty of Bioscience Engineering
Ghent University

Dean
Prof. dr. ir. Guido Van Huylenbroeck

Rector
Prof. dr. Paul Van Cauwenberge

Thomas Maere

Models for optimisation and control of aerobic
membrane bioreactors

Thesis submitted in fulfillment of the requirements
for the degree of Doctor (PhD) in Applied Biological Sciences

Dutch translation of the title:
Modellen voor optimalisatie en processturing van aerobe membraanbioreactoren

Please refer to this work as follows:
Maere, T., 2012. Models for optimisation and control of aerobic membrane
bioreactors. PhD thesis, Ghent University, Belgium.

ISBN: 978-90-5989-528-7
The author and the promotor give the authorisation to consult and to copy parts of
this work for personal use only. Every other use is subject to the copyright laws.
Permission to reproduce any material contained in this work should be obtained
from the author.

Acknowledgements

It started with a thought: ‘Mmm, interesting… membrane bioreactors. I wonder
what they do.’ And now look what happened, I’m about to write the last pages of
this dedicated PhD thesis. A fantastic feeling. I won’t state it has been easy, but the
help of many people definitely made the work much lighter.
First and foremost, I would like to thank my promotor, Ingmar Nopens. Not only
for the chance he has given me to prove myself at Biomath and the help in getting
funding, but also for the confidence and large degree of freedom. The guidance was
excellent, with a push whenever a push was needed and the spirits always high. I’m
truly grateful.
If there was something that really got this PhD going, it was the international
contacts. My sincere thanks go out to Bart Verrecht and Simon Judd as co-authors
of several publications. The collaboration went unbelievably smooth and has
impacted my PhD research to great extent. My sincere thanks also go out to Kris
Villez and Stefano Marsili-Libelli, as the last part of this thesis simply would not
have existed without their expertise. The same goes for Geo Smith of Norit, with a
seemingly endless supply of membranes and chemicals. For my stay in Girona, I
would definitely like to thank Joaquim Comas, Montse Dalmau and Ignasi
Rodriguez-Roda. I felt very welcome despite causing trouble with all sorts of
things. I’m also really grateful to Dave Kinnear for the best workshop experience
so far. To all of you, I hope we can work together in the future once more.
My colleagues at the department have been more than one could ever wish for. The
out of control parties, the games nights, the soccer team and the weekends were just
an extension of the great everyday atmosphere in the corridor and coffee room. I
certainly want to thank Tinne - queen of the lab and queen of sweets - for collecting
lots of data, Karel for defying the computerized law of Murphy with me, Nicolas
for guiding me through the lab set-up, Wouter for being a great partner in science
and Webbey, Salvatore and Giacomo for the amazing aeration hood experience.
Katrijn, Wim, Sreepriya, Elena, Abhishek, Stijn, Youri, Lorenzo, Martijn: thanks

i

Acknowledgements
for all support. Miet, Stefanie, Luciano: it was a pleasure to guide such excellent
master thesis students. Viv, Timpe, Annie, Roos: thanks for all administrative
issues.
I would not be here without the support of family and friends. My brothers of
course, Nicolas and Steven, and my mother naturally. Dad can be proud of us. I am
also very grateful to Karen for her strong commitment and I wouldn’t want to
forget the poker and new year gang of friends for all the good times.
And finally, a very special thanks to Barbara, for bringing so much colour to my
life.

Thomas
Ghent, May 2012

ii

Table of contents

ACKNOWLEDGEMENTS ............................................................................................. I
LIST OF SYMBOLS AND ABBREVIATIONS ...............................................................VII
CHAPTER 1: INTRODUCTION, OBJECTIVES AND OUTLINE ..................................... 1
1.1. BACKGROUND ................................................................................................. 1
1.2. AIMS AND OBJECTIVES .................................................................................... 2
1.3. OUTLINE .......................................................................................................... 5
CHAPTER 2: LITERATURE REVIEW ......................................................................... 7
2.1. INTRODUCTION................................................................................................ 7
2.2. ACTIVATED SLUDGE MODELLING OF MEMBRANE BIOREACTORS ................... 8
2.2.1. Introduction ............................................................................................. 8
2.2.2. Review by Fenu et al. (2010a) ................................................................. 8
2.2.3. Unmodified ASM application since Fenu et al. (2010a) ......................... 9
2.2.4. Modified ASM application since Fenu et al. (2010a) ........................... 12
2.2.5. Combined biological and filtration models ........................................... 14
2.2.6. Discussion .............................................................................................. 17
2.3. BENCHMARK SIMULATION MODELLING ........................................................ 19
2.3.1. Introduction ........................................................................................... 19
2.3.2. Background on BSM .............................................................................. 19
2.3.3. Concept of BSM1 ................................................................................... 20
2.3.4. BSM1_LT and BSM2 ............................................................................. 21
CHAPTER 3: MODEL-BASED ENERGY OPTIMISATION OF A SMALL-SCALE
DECENTRALISED MEMBRANE BIOREACTOR FOR URBAN REUSE ......................... 23
3.1. INTRODUCTION.............................................................................................. 24
3.2. MATERIALS AND METHODS ........................................................................... 25
3.2.1. Plant description.................................................................................... 25
3.2.2. Hydraulic profile ................................................................................... 26
3.2.3. Influent characterisation ....................................................................... 27

iii

Table of contents
3.2.4. Steady-state and dynamic plant modelling using ASM2d ..................... 27
3.2.5. Scenario analysis ................................................................................... 30
3.3. RESULTS AND DISCUSSION ............................................................................ 31
3.3.1. Hydraulic profile ................................................................................... 31
3.3.2. Model calibration .................................................................................. 33
3.3.2.1. Steady-state calibration .................................................................. 33
3.3.2.2. Dynamic calibration ....................................................................... 33
3.3.2.3. On/off controller for the aeration model ........................................ 35
3.3.3. Scenario analysis ................................................................................... 36
3.3.4. Model application for optimisation ....................................................... 39
3.4. CONCLUSIONS ............................................................................................... 41
CHAPTER 4: THE COST OF A LARGE-SCALE HOLLOW FIBRE MBR .................... 43
4.1. INTRODUCTION.............................................................................................. 44
4.2. MATERIALS AND METHODS ........................................................................... 45
4.2.1. Long term influent ................................................................................. 45
4.2.2. Biological process model ...................................................................... 46
4.2.3. Capital costs .......................................................................................... 47
4.2.4. Operational costs ................................................................................... 49
4.2.4.1. Energy demand ............................................................................... 49
4.2.4.2. Sludge production ........................................................................... 50
4.2.4.3. Chemical consumption ................................................................... 50
4.2.5. Effluent quality evaluation .................................................................... 51
4.2.6. Net present value calculation ................................................................ 51
4.3. RESULTS AND DISCUSSION ............................................................................ 51
4.3.1. Effect of contingency: changes in influent flow and strength ............... 51
4.3.1.1. Hybrid plant vs. plant designed for maximum flow ....................... 51
4.3.1.2. Buffer tank vs. extra membranes .................................................... 54
4.3.2. Influence of operational and design parameters ................................... 56
4.4. CONCLUSIONS ............................................................................................... 60
CHAPTER 5: BSM-MBR: A BENCHMARK SIMULATION MODEL TO COMPARE
CONTROL AND OPERATIONAL STRATEGIES FOR MEMBRANE BIOREACTORS ..... 63
5.1. INTRODUCTION.............................................................................................. 64
5.2. MATERIALS AND METHODS ........................................................................... 65
5.2.1. Model configuration .............................................................................. 66
5.2.2. Evaluation criteria ................................................................................. 68
5.2.3. Simulation procedure ............................................................................ 70
5.3. RESULTS AND DISCUSSION ............................................................................ 71
iv

Table of contents
5.3.1. Steady-state open loop evaluation. ........................................................ 71
5.3.2. Dynamic open loop evaluation .............................................................. 72
5.3.3. Comparison with full-scale MBRs ......................................................... 75
5.3.4. Closed loop performance ...................................................................... 76
5.4. CONCLUSIONS ............................................................................................... 78
CHAPTER 6: THE USE OF BENCHMARK SIMULATION MODELS TO INVESTIGATE
THE INFLUENCE OF HYBRID MEMBRANE BIOREACTOR DESIGN ON EFFLUENT
QUALITY AND OPERATIONAL COST ....................................................................... 81

6.1. INTRODUCTION.............................................................................................. 82
6.2. MATERIALS AND METHODS........................................................................... 84
6.2.1. Description of the base case scenario: parallel plant layout................ 84
6.2.2. Description of the in series plant layout ............................................... 85
6.2.3. Description of the integrated plant layout ............................................ 86
6.2.4. Scenario procedures, rules and controllers .......................................... 87
6.3. RESULTS AND DISCUSSION ............................................................................ 88
6.3.1. Parallel base case scenario ................................................................... 88
6.3.2. Parallel operation including the additional procedures, rules and
controllers ........................................................................................................ 90
6.3.3. Comparison between the in series and parallel layout at different
influent partitioning ratios and weather conditions ........................................ 92
6.3.4. The integrated layout compared to in series and parallel layout at 30%
IPR ................................................................................................................... 95
6.3.5. Considerations on the potential of the different layouts ....................... 97
6.4. CONCLUSIONS ............................................................................................... 98
CHAPTER 7: MEMBRANE BIOREACTOR FOULING BEHAVIOUR ASSESSMENT
THROUGH PRINCIPAL COMPONENT ANALYSIS AND FUZZY CLUSTERING ......... 101
7.1. INTRODUCTION............................................................................................ 102
7.2. MATERIALS AND METHODS ......................................................................... 104
7.2.1. Data collection .................................................................................... 104
7.2.2. General algorithm scheme .................................................................. 104
7.2.3. Principal component analysis (PCA) .................................................. 106
7.2.4. Functional principal component analysis (FPCA) ............................. 108
7.2.5. Fuzzy clustering ................................................................................... 110
7.3. RESULTS AND DISCUSSION .......................................................................... 112
7.3.1. Common PCA and FC ......................................................................... 112
7.3.2. Expert-driven FPCA and FC ............................................................... 117
7.3.3. B-splines FPCA and factor analysis.................................................... 121
v

Table of contents
7.3.4. Monitoring potential of the different PCA algorithms ........................ 125
7.4. CONCLUSIONS ............................................................................................. 126
CHAPTER 8: CONCLUSIONS AND PERSPECTIVES ................................................ 129
8.1. GENERAL CONCLUSIONS ............................................................................. 129
8.1.1. Applicability of activated sludge models ............................................. 129
8.1.2. Model-based life-cycle cost assessment .............................................. 130
8.1.3. Potential of benchmark simulation models ......................................... 131
8.1.4. Filtration control through principal component analysis ................... 132
8.2. PERSPECTIVES AND FUTURE WORK ............................................................. 133
BIBLIOGRAPHY ..................................................................................................... 137
SUMMARY.............................................................................................................. 155
SAMENVATTING .................................................................................................... 159
APPENDIX A: ASM1 / BSM1 ................................................................................ 163
APPENDIX B: PRINCIPAL COMPONENT ANALYSIS .............................................. 165
B.1. STANDARDIZING OF THE DATA MATRIX ..................................................... 165
B.2. PRINCIPAL COMPONENT IDENTIFICATION .................................................. 167
B.3. IDENTIFICATION OF THE NUMBER OF PRINCIPAL COMPONENTS ................. 170
B.3.1. Captured variance ............................................................................... 171
B.3.2. Eigenvalue scree plot .......................................................................... 171
B.3.3. Scrambling .......................................................................................... 171
B.3.4. Reconstruction-based selection........................................................... 172
APPENDIX C: FUZZY CLUSTERING ...................................................................... 173
CURRICULUM VITAE............................................................................................. 177

vi

List of symbols and abbreviations

a

filtration cycle parameter estimated according to Figure 7.4

AE

aeration energy (kWh d-1)

AEbioreactor

contribution to aeration energy by fine bubble aeration
(kWh d-1)

AEmembrane

contribution to aeration energy by coarse bubble aeration
(kWh d-1)

AEtotal

total aeration energy (kWh d-1)

AOTE

actual oxygen transfer efficiency (%)

AOTR

actual oxygen transfer rate (g d-1)

ASM

activated sludge model

ASM1

activated sludge model no. 1

ASM2

activated sludge model no. 2

ASM2d

activated sludge model no. 2d

ASM3

activated sludge model no. 3

b

filtration cycle parameter estimated according to Figure 7.4

BOD

biological oxygen demand (g m-3)

BOD5

5-day biological oxygen demand (g m-3)

BODf

5-day biological oxygen demand after 0.45 μm filtering (g m-3)

bPAO

decay rate of XPAO (d-1)

BSM

benchmark simulation model

BSM1

benchmark simulation model no. 1

BSM1_LT

long-term benchmark simulation model no. 1

BSM2

benchmark simulation model no. 2

BSM-hMBR

benchmark simulation model for hybrid membrane bioreactors

BSM-MBR

benchmark simulation model for membrane bioreactors

C

actual oxygen concentration in the aeration tank (g m-3)

capex

capital expenditure (Euro)

vii

Symbols and abbreviations
CAS

conventional activated sludge

CFD

computational fluid dynamics

CIP

cleaning in place

COD

chemical oxygen demand (g m-3)

CODf

chemical oxygen demand after 0.45 filtering (g m-3)

COP

cleaning out of place

cp

power factor (kWs kg-1)

cSI

constant for unit conversion (-)

CSTR

continuously stirred tank reactor

C*(20)

dissolved oxygen saturation concentration in clean water at
20 °C and 1 atm (g m-3)

C*(T)

dissolved oxygen saturation concentration for clean water at
temperature T at sea level (g m-3)

C*,av(T)

average dissolved oxygen saturation concentration for clean
water in an aeration tank for a given temperature T at sea level
(g m-3)

df

hollow fibre outside diameter (m)

DO

dissolved oxygen concentration (g m-3)

DOsat

saturated dissolved oxygen concentration (g m-3)

DS

dry solids

EC

external carbon dosage (kgCOD d-1)

EPS

extracellular polymeric substances

EQI

effluent quality index (kgPU d-1)

F

correction factor for fouling of the air diffusers (1 for clean
diffusers)

FA

factor analysis

FC

fuzzy clustering

Fcoarse

F-factor for coarse bubble diffusers (-)

Ffine

F-factor for fine bubble diffusers (-)

F/M

food to microorganism ratio (-)

FPCA

functional PCA

FS

flat sheet

g

gravitational acceleration (m s-2); separation coefficient (-)

GK

Gustafson-Kessel algorithm

viii

Symbols and abbreviations
h

depth of the aeration tank (m)

H

fuzzy normalized partitioning entropy (-)

HF

hollow fibre

HRT

hydraulic retention time (h-1)

i

discount rate (%)

IPR

influent partitioning ratio (-)

IQI

influent quality index (kgPU d-1)

J0

intercept of the J vs. U curve (l m-2 h-1)

Jx

flux (l m-2 h-1)

k

number of clusters (-)

kLa

oxygen mass transfer coefficient (d-1)

KO

half saturation coefficient for oxygen (g m-3)

LCA

life-cycle cost analysis

Lmembrane

length of the membrane module (m)

LMH

unit for flux, i.e. l m-2 h-1

Ltank

tank length (m)

m

slope of the J vs. U curve (-); estimated intercept for the linear
part of the TMP curve according to Figure 7.4 (Pa); fuzzy
exponent (-)

MBR

membrane bioreactor

ME

mixing energy (kWh d-1)

MLD

Megalitres day-1

MLSS

mixed liquor suspended solids (g m-3)

n

air constant (-)

N

nitrogen concentration (g m-3); number of filtration cycles (-)

NH4-N

ammonia-nitrogen concentration (gN m-3)

NO

nitrite plus nitrate nitrogen concentration (gN m-3)

NO2-N

nitrite-nitrogen concentration (gN m-3)

NO3-N

nitrate-nitrogen concentration (gN m-3)

NPV

net present value (Euro)

OA,m

mass percentage of oxygen in air (%)

OA,v

volume percentage of oxygen in air (%)

OCI

operational cost index (d-1)

ON

organic nitrogen (gN m-3)
ix

Symbols and abbreviations
opex

operational expenditure (Euro year-1)

Oout

volume percentage of oxygen in air leaving the surface of the
aeration tank (%)

OTE

oxygen transfer efficiency (% m-1)

OTEcoarse

coarse bubble oxygen transfer efficiency (% m-1)

OTEfine

fine bubble oxygen transfer efficiency (% m-1)

OTR

oxygen transfer rate (g d-1)

O&M

operation and maintenance

Patm

atmospheric pressure (Pa)

PC

principal component

PCA

principal component analysis

Pd

pressure at the bottom of the aeration tank (Pa)

PDF

peak daily flow

PE

pumping energy (kWh d-1)

PEeffluent

contribution to pumping energy by effluent flow (kWh d-1)

PF_Qx

pumping energy factor for sludge flow x (kWh m-3)

PEsludge

contribution to pumping energy by all sludge flows (kWh d-1)

PI

proportional-integral

pin

absolute inlet pressure (Pa)

pout

absolute outlet pressure (Pa)

PO4-P

ortho-phosphate concentration (gP m-3)

PSD

particle size distribution

Psludge

power required for sludge pumping (kW)

PU

pollution unit (-)

PUx

pollution unit for effluent component x (-)

QA

airflow rate (Nm3 d-1)

QA,coarse

coarse bubble airflow rate (Nm3 d-1)

QA,fine

fine bubble airflow rate (Nm3 d-1)

QCAS/MBR

CAS to MBR activated sludge flow rate (m3 d-1)

Qe

effluent flow rate (m3 d-1)

Qi

influent flow rate (m3 d-1)

Qi,av

average influent flow rate (m3 d-1)

Qi,max

peak instantaneous influent flow rate (m3 d-1)

x

Symbols and abbreviations
Qint

internal nitrate recirculation flow rate (m3 d-1)

QMBR/CAS

MBR to CAS activated sludge flow rate (m3 d-1)

Qr

return activated sludge flow rate (m3 d-1)

Qw

waste flow rate (m3 d-1)

R

universal gas constant (J mol-1 K-1)

RMSR

root mean square residual

S

filtration cycle parameter estimated according to Figure 7.4

SADm

specific membrane aeration demand per unit of membrane
area (Nm3 h-1 m-2)

SADp

specific membrane aeration demand per unit of permeate (-)

SA

fermentation products considered to be acetate (gCOD m-3)

SALK

alkalinity concentration (molHCO3- m-3)

SCA

scenario analysis

SF

fermentable readily biodegradable organic substrate
(gCOD m-3)

SI

soluble inert organic material concentration (gCOD m-3)

SMP

soluble microbial products

SND

soluble biodegradable organic nitrogen concentration (gN m-3)

SNH

ammonia plus ammonium nitrogen concentration (gN m-3)

SNH, Limit_violations

number of exceedances of effluent SNH over 4 gN m-3 (-)

SNH, 95

95th percentile for effluent SNH (gN m-3)

SNO

nitrite plus nitrate nitrogen concentration (gN m-3)

SO

dissolved oxygen concentration (g m-3)

SPO

inorganic soluble phosphorous, primarily ortho-phosphate
(gP m-3)

SOTE

standard oxygen transfer efficiency (% m-1)

SOTR

standard oxygen transfer rate (g d-1)

SP

sludge production for disposal (kgTSS d-1)

SPtotal

total sludge production (kgTSS d-1)

SPdisposal

sludge production for disposal (kgTSS d-1)

SRT

sludge retention time (d-1)

SS

soluble, readily biodegradable organic material concentration
(gCOD m-3)

SS

suspended solids (g m-3)
xi

Symbols and abbreviations
t

time (d)

T

temperature of the mixed liquor (°C)

tCOD

total COD (g m-3)

Tev

evaluation period (d)

Tin

absolute inlet temperature (K)

TKN

total Kjeldahl nitrogen concentration (gN m-3)

TMP

transmembrane pressure (Pa)

TN

total nitrogen concentration (gN m-3)

TNLimit_violations

number of exceedances of effluent TN over 18 gN m-3 (-)

TN95

95th percentile for effluent TN (gN m-3)

TON

total oxidised nitrogen (gN m-3)

TP

total phosphorous (gP m-3)

TSS

total suspended solids concentration (g l-1)

TSS95

95th percentile for effluent TSS (g l-1)

U

in-module air upflow gas velocity (m s-1)

UCT

University of Cape Town

V

tank volume (m-3)

w

mass air flow rate (kg s-1)

Wtank

tank width (m)

WWTP

wastewater treatment plant

XBA

autotrophic biomass concentration (gCOD m-3)

XBH

heterotrophic biomass concentration (gCOD m-3)

XI

particulate inert organic material concentration (gCOD m-3)

XND

particulate biodegradable organic nitrogen concentration
(gN m-3)

XP

particulate organic material concentration from biomass decay
(gCOD m-3)

XPAO

phosphate accumulating biomass concentration (gCOD m-3)

XS

particulate, slowly biodegradable organic material
concentration (gCOD m-3)

y

aerator depth (m)

YPO

polyphosphate (PP) requirement for storage of poly-hydroxyalkanoates (PHA) (gP gCOD-1)

α

clean to process water correction factor for oxygen transfer (-)

xii

Symbols and abbreviations
β

salinity-surface tension correction factor (-)

βx

weighting factor for effluent component x (-)

∆h

head loss (m)

ΔP

backwash pressure drop (Pa)

µPAO

maximum growth rate of XPAO (d-1)

ξb

blower efficiency (-)

ξp

pump efficiency (-)

ρA

density of air at standard conditions (g m-3)

ρsludge

the density of sludge (kg m-3)

φ

temperature correction factor for oxygen transfer (-)

ψ

module packing density (m-1)

ω

α-factor exponent coefficient (-)

+ΔP

filtration cycle parameter estimated according to Figure 7.4

-ΔP

filtration cycle parameter estimated according to Figure 7.4

xiii

Chapter 1
Introduction, objectives and outline

1.1. Background
The increasing demand by citizens and environmental organizations for cleaner
waters led governments worldwide to convert water protection into one of their
priorities. Key stakeholders in charge of operating wastewater treatment facilities
are therefore in need of adequate, cost-effective technologies to meet the
requirements of this and future generations. The membrane bioreactor (MBR)
technology, combining biological treatment with membrane filtration, is currently
receiving keen interest herein (Judd and Judd, 2011).
MBRs have a clear advantage over conventional activated sludge (CAS) plants in
terms of effluent quality, as the use of membrane filtration for sludge-water
separation instead of gravitational sedimentation through the conventional
secondary settling process can ensure an effluent free of solids and pathogens and
suitable for reuse. The complete retention of solids furthermore allows MBRs to be
designed more compactly since operation at elevated sludge concentrations is
feasible and the hydraulic (HRT) and sludge retention time (SRT) can be selected
independently (Kraume and Drews, 2010; Le-Clech, 2010).
Technical innovations and drastic cost reductions of the employed membranes have
made MBRs over the last decade more competitive to conventional solutions
(Brepols et al., 2010). Together with environmental legislation getting ever more
stringent, this has provided strong impetus for the installation of thousands of MBR
systems in over 200 countries with capacities reaching up to 100 Megalitres per day
(Judd and Judd, 2011). The global market for MBR technology was estimated
1
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around $296.0 million in 2008 and with a compound annual growth rate of 10.5%
a value of $488.0 million is expected by 2013 (Kraume and Drews, 2010).
Municipal/domestic wastewater treatment was the earliest application of MBRs and
is still the largest application. A trend towards larger capacity municipal plants is
prevalent in the United States, Europe and Asia. However, satellite wastewater
treatment plants for smaller communities, housing developments, tourist resorts,
schools, shopping centers, etc. also are in demand (Kraume and Drews, 2010).
Strong growth is foreseen in regions that experience water stress or scarcity and
rising water demands such as Australia, the Middle East, Iberia, India and China
(Judd and Judd, 2011; Lesjean et al., 2009; Santos et al., 2011).
However, MBRs are characterized by high energy expenditure and operational
costs - impeding market breakthrough (Lesjean et al., 2011) - due to membrane
fouling which causes the permeability of the membranes to decline during filtration
and requires suppression measures like backwashing, membrane aeration and
chemical cleanings to sustain operation. The fouling process is very complex,
manifesting itself in various ways (blockage of pores, filter cake build-up, gel layer
formation, biofilm growth) and being influenced on multiple levels (biological,
physical, chemical), and has been the subject of numerous studies (Santos et al.,
2011) as reviewed by Le-Clech et al. (2006), Meng et al. (2009) and Drews (2010).
However, despite these efforts, the whole process is still far from being well
understood and described. As a result, MBR installations are designed and run
conservatively and therefore cost-ineffective, leaving room for optimisation.

1.2. Aims and objectives
Understanding and optimising a system as complex as MBRs is difficult and timeconsuming. It is composed of many subprocesses that are highly coupled as shown
in Figure 1.1. Next to the biokinetic processes for bioconversion of pollutants, the
separation process takes place as well as hydrodynamic flows that develop both in
the bioreactor and membrane module. All of the above are driven by system inputs
and interact: biological compounds (soluble microbial products, extracellular
polymeric substances) are produced, interfering with the filtration process (arrow
1); the membrane retains compounds depending on the membrane pore size (either
stemming from the influent or produced by biomass), leading to up-concentration,
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influencing aeration and biological processes (arrow 2); aeration provides dissolved
oxygen (DO) for aerobic reactions and recirculation flows affect mixed liquor
suspended solids (MLSS) concentrations and gradients impacting conversion
biokinetics (arrow 3); aeration and crossflow are applied for fouling reduction
(arrows 4); hydrodynamics (mixing) affects bioreactor homogeneity (dead zones,
recirculation, short circuiting) (arrow 5); particle size distribution (PSD) is affected
by aeration (both biological and membrane) and mixing, both causing shearinduced (de)flocculation (arrows 6); PSD affects hydrodynamics (through
rheology) (arrow 7), filtration behaviour (arrow 8) and biokinetic conversion rates
(arrow 9); process variables are passed on to the control layer which returns a set of
control actions (arrows 10). The latter will influence the operational cost of the
entire system.

Figure 1.1: Illustration of the complex interactions between different processes in an
MBR as well as the interaction with the control layer and costs.

The above illustrates that a thorough understanding of MBR systems is not
straightforward and a classic approach of only performing physical experiments to
optimise the system would soon become very expensive. Especially the strong
3
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process interactions hamper a straightforward analysis, since a change in one
parameter can affect multiple processes, which may obscure the influences on the
separate processes. An alternative resides in mathematical modelling, which is a
powerful tool when studying complex systems. Here, the ’virtual’ route is
followed, i.e. virtual experiments (or simulations) are used to study the system. The
latter exploits computational power and, hence, allows to perform many virtual
experiments in a short time frame. This is clearly advantageous over tedious lab
experiments, especially for slow processes like bioprocesses, although the model
building, calibration and validation process itself can be time consuming task as
well.
In this thesis, a pure modelling approach is followed in pursuit of more costefficient MBR plants. It entails the investigation of main design and operational
related parameters in a virtual model-based setting, as well as the application of
models to real plants. Also the subject of process control for biology and filtration
is addressed. The following objectives are defined in particular:
1. To investigate the applicability of activated sludge models (ASM) for
optimising MBRs in terms of effluent quality and operational costs.
2. To determine and quantify the impact of main operational and design
parameters on capital and operational expenditure through model-based lifecycle cost analysis (LCA).
3. To expand the benchmark simulation model (BSM) concept for CAS plants
to MBRs in order to compare and evaluate the effectiveness of various
control and operational strategies.
4. To assess the potential of combining CAS and MBR systems into hybrid
MBRs to attain effective wastewater treatment at acceptable costs.
5. To develop a model-based filtration control strategy to tackle membrane
fouling even though mechanistic knowledge on this process is lacking.

4

Introduction, objectives and outline

1.3. Outline
An outline of this thesis, showing the links between the chapters, is presented in
Figure 1.2. In chapter 2, the literature on activated sludge modelling (ASM) in
relation to MBR is reviewed and the concept of benchmark simulation models
(BSM) introduced. For detailed information on membrane fouling the reader is
referred to the various excellent reviews (e.g. Drews, 2010; Le-Clech et al., 2006;
Meng et al., 2009), books (e.g. Judd and Judd, 2011) and PhD dissertations (e.g.
Moreau, 2010; van der Marel, 2009) that exist on the topic. The state-of-the-art in
MBR process control was recently reviewed by Ferrero et al. (2012).

Figure 1.2: Outline of the thesis
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Chapter 1
Chapter 3 describes the application of ASM2d to a community-scale MBR for
water reuse in order to optimise its operation, as such providing a full-scale
validation and real case application of ASM models to membrane bioreactors.
Chapter 4 seeks to investigate the main factors impacting capital investment and
operating and maintenance (O&M) costs of MBRs through an ASM1 model-based
life-cycle cost assessment (LCA) methodology.
Chapter 5 discusses the building of a benchmark simulation model for membrane
bioreactors (BSM-MBR) as platform to fairly evaluate control and operational
strategies in terms of effluent quality and operational costs.
Chapter 6 presents a model study on hybrid MBRs to investigate their optimal
design and operation by combining BSM-MBR from previous chapter with BSM1
for CAS systems.
Chapter 7 shows the potential of a novel membrane fouling control strategy based
on principal component analysis (PCA) applied to common transmembrane
pressure data (TMP) from a lab-scale MBR.
Chapter 8 provides the main conclusions from this thesis as well as some
perspectives.
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Chapter 2
Literature review

2.1. Introduction
Membrane bioreactor technology exists for a couple of decades, but has not yet
overwhelmed the market due to some serious drawbacks of which operational cost
due to fouling is the major contributor. Knowledge buildup and optimisation for
such complex systems can significantly benefit from mathematical modelling. A lot
of activity on the modelling of MBR biokinetics, filtration and hydrodynamics has
been reported, covering the wide range of empirical to detailed mechanistic models.
Studies typically deal with one specific process and modelling is mostly used to
build knowledge about it. Applying the models and knowledge in a practical setting
for improved design, operation or control is rather scarce. Studies are also
predominantly performed at lab or pilot scale. Some contributions have initiated
linking different process models in order to achieve so-called integrated models.
In the first part of this chapter the current status of activated sludge models (ASM)
for MBRs is discussed as general basis for this thesis. In the second part, the
benchmark simulation model (BSM) concept is briefly explained for a better
understanding of chapters 5 and 6. Additional information on ASM1 and BSM1 is
provided in appendix A, while appendices B and C give more information on
principal component analysis (PCA) and fuzzy clustering (FC) related to chapter 7.
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2.2. Activated sludge modelling of membrane bioreactors
Redrafted from:

Naessens, W., Maere, T., Nopens, I. Critical review of
membrane bioreactor models - Part 1: biokinetic &
filtration models. Bioresource Technology, submitted.
Naessens, W., Maere, T., Ratkovich, N., Vedantam, S.,
Nopens, I. Critical review of membrane bioreactor
models - Part 2: hydrodynamic & integrated models.
Bioresource Technology, submitted.

2.2.1. Introduction
Application of mass balances to conventional activated sludge (CAS) systems has
led to the family of activated sludge models (ASM1, 2(d) and 3). These were built
to model different system configurations and differ in the number of components
and processes accounted for (Henze et al., 2000). ASM models are widely accepted
in literature and have been frequently applied to CAS for system analysis and
optimization. During the last decade they were also applied to MBR, whereby the
following differences between MBR and CAS systems have to be recognized: a)
microbial composition, leading to different stoichiometric and kinetic parameters,
b) biomass concentration, leading to changes in oxygen transfer and uptake, c)
accumulation of extracellular polymeric substances (EPS) and soluble microbial
products (SMP) rejected by the membrane filtration step, d) requirement for
additional aeration for membrane scouring (Verrecht, 2010).

2.2.2. Review by Fenu et al. (2010a)
A recent thorough review on the modelling of biokinetic processes with special
regard to MBR specificities was conducted by Fenu et al. (2010a). The main
conclusions are briefly summarised below and will be topped with the recent
activities in literature using a similar breakdown of contributions in unmodified and
modified ASM model applications, the latter indicating that additional compounds
and/or processes have been added to the original ASM models as described by
Henze et al. (2000).
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With regard to unmodified ASMs, Fenu et al. (2010a) stated that nitrification
parameters were most affected by the differences between CAS and MBR, albeit
depending on hydrodynamic and operational conditions, whereby it was
recommended to determine the kinetic parameters as a coherent set for each new
study. Denitrification rates and parameters seemed to be similar in MBR versus
CAS, except for the dissolved oxygen half-saturation constant KOH, describing
oxygen poisoning of anoxic zones. This was attributed to the small size of flocs in
MBRs which could ease the oxygen mass transfer. For biological phosphorus
removal, data and literature were insufficient to base any conclusions on them.
Perspectives and points of attention included the influent characterisation and fate
of inorganic compounds, especially regarding high SRT systems. For the
nitrification-denitrification kinetics no further research was deemed necessary,
whereas the opposite was suggested for Bio-P kinetics.
With respect to modified ASMs, Fenu et al. (2010a) concluded that the use of an
ASM expansion with the EPS/SMP concept is justified only if following objectives
are pursued: (1) linking biology with fouling, (2) soluble chemical oxygen demand
(COD) predictions in the bulk and (3) modelling high SRT cases. The reason is that,
if not necessary, the concept creates difficulty in calibration of newly introduced
parameters. Future research needs concerned the hydrolysis, membrane retention
and impact of disturbances on SMP and the overparameterisation of SMP/EPS
models. In general, more full-scale studies using ASM models were considered
necessary to rule out differences between lab and pilot level versus full scale.

2.2.3. Unmodified ASM application since Fenu et al. (2010a)
Despite consensus on nitrification-denitrification kinetics at lab scale, further
studies were conducted in this area. Baek et al. (2009) used lab-scale data to
calibrate a slightly reduced ASM1 model and found similar differences in
calibrated kinetic parameters as in previous studies (Fenu et al., 2010a). However,
the authors also calibrated stoichiometric parameters, which is not considered to be
good modelling practice (Rieger et al., 2012). Despite this, the authors found the
model useful to better understand the mechanisms and kinetics of the high SRT
MBR process. Two full-scale calibration studies for MBRs were reported by Fenu
et al. (2010b) and Delrue et al. (2010). The former authors used ASM2d to account
for phosphate accumulating organism (PAO) activity even though an anaerobic
reactor was not present. Default values were adopted except for KNH and KOA, the
nitrification related half-saturation coefficients for ammonium (NH4) and oxygen
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(DO), which were lowered. Bio-P removal could not be modelled successfully. It
must be said that the focus of Fenu et al. (2010b) was on energy prediction, rather
than effluent nutrient predictions, unlike Delrue et al. (2010), and their calibration
efforts were also not as extensive. The latter authors achieved a successful ASM1
calibration despite difficulties with the configuration and operation of the aeration
system. This led to many different operational cases that also induced simultaneous
nitrification and denitrification (SNDN), making the calibration of oxygen transfer
difficult. A calibrated set of parameters was nevertheless proposed, but validation
was not very successful, mainly due to the fact that the dominant aeration
configuration had changed during the validation period. The calibrated parameter
set followed the conclusions by Fenu et al. (2010a), with the exception of a
significantly larger value for the half-saturation coefficient for nitrate (KNO), caused
by the SNDN and non-ideal mixing. The authors concluded that every full-scale
MBR case is likely to exhibit some specific problems, but their modelling effort
could be used as starting point for future efforts.
A significant number of articles was dedicated to the specific SNDN process
invoked by low DO conditions. Sarioglu et al. (2008) performed a long-term pilot
study and modelled their experimental findings. They found that diffusion through
biomass exerted a significant effect on system performance and introduced
additional switching functions next to other model (ASM1) changes, including the
dependency of biomass decay to the electron acceptor and the incorporation of the
endogenous decay concept (ASM3), to account for nitrification-denitrification
kinetics under different DO concentrations. Full nitrification (and reduced
denitrification) was observed above DO levels of 1.5 mg l-1, whereas the opposite
was true for DO levels ranging between 0.3 - 0.6 mg l-1. They could predict the
observed behaviour by increasing several half-saturation constants (KNO, KNH, KOH,
KOA) and proposed a new set of values valid for these systems. Sarioglu et al.
(2009a) extended the work to a pilot system without an anoxic reactor and found
that the same model modification for SNDN was valid to predict the observations.
The used parameter set differed only with respect to the autotrophic growth rate
(μA) due to nitrification inhibition and the oxygen half-saturation coefficients for
heterotrophs and autotrophs (KOH, KOA) which were claimed dependent of the
mixed liquor suspended solids (MLSS) concentrations. The latter was further
investigated by Sarioglu et al. (2009b). He et al. (2009) investigated the impact of
DO, food to microorganism ratio (F/M), carbon to nitrogen ratio (C/N) and pH on
the performance of SNDN on lab scale and concluded on the basis of a simplified
model without detailed calibration that KNO needed to be increased as well.
Hocaoglu et al. (2011) modelled a pilot-scale MBR operated as a sequencing batch
10

Literature review
reactor (SBR) treating very strong blackwater at low DO conditions. They used a
strongly adapted ASM1 model similar to Sarioglu et al. (2008) but particularly
extended with ASM2d features to accommodate the special influent characteristics.
Similar to Delrue et al. (2010) they adapted heterotrophic yield (YH) to be
dependent on electron acceptor conditions (as in ASM3). Due to the many changes
it becomes difficult to compare the kinetic parameters between studies but,
strikingly, all above mentioned half-saturation coefficients were calibrated to low
values, e.g. Delrue et al. (2010) except for KNO or Fenu et al. (2010b) for KNH and
KOA. The reason might lie in the nitrification inhibition that was experienced and
the atypical influent, but the authors also mentioned explicitly their moderate MLSS
concentration. Insel et al. (2011) developed a functional relationship between MLSS
(which is in fact related to apparent viscosity), KOA and KOH based on literature data
and used the model of Hocaoglu et al. (2011) to determine optimal DO setpoints for
SNDN at different sludge concentrations. Sarioglu et al. (2011) used this gathered
knowledge to develop a design procedure for MBRs experiencing SNDN, which is
a distinctly different use of models compared to the previous studies, i.e.
understanding observed process behaviour or process optimisation.
Jimenez et al. (2010) partly addressed the need for better understanding the impact
of disturbances at the influent side as stipulated by Fenu et al. (2010a) by
investigating the impact of primary sedimentation and screens on MBR
performance. The ASM model was helpful to understand phenomena related to the
use of presettled or screened sewage, but the model was not able to predict the
differences between short and long SRT. A possible solution might have been the
addition of a slow hydrolysis of inert organic matter (Fenu et al., 2010a), but the
authors also suggested to use a more complex ASM-SMP model.
As most previous studies showed, the effect of DO on biological treatment
performance is high. As such, the modelling of oxygen transfer should be dealt
with carefully. However, the way the aeration process is modelled is often not
clearly described and calibration results to DO measurements are often lacking.
Fenu et al. (2010b) and Delrue et al. (2010) used dedicated protocols to measure
the standard aeration efficiency for coarse and fine bubble aeration, but did not
convincingly show good model performance for (dynamic) DO concentrations after
calibration. Sarioglu et al. (2008, 2009a,b) showed satisfactory results regarding
pseudo steady-state DO concentrations at different sludge concentrations using a
mechanistically based approach, but did not explain in detail how the aeration was
modelled or calibrated. Hocaoglu et al. (2011) and Insel et al. (2011) used the
concept of a volumetric oxygen transfer coefficient under process conditions (α
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kLa) with the standard model incorporated in ASM but did not show detailed
results. As shown in several studies (Fenu et al., 2010a), the adverse aeration
efficiency effects at elevated MLSS concentrations can be incorporated by relating
the clean to process water correction factor (α) to MLSS. Though seemingly valid
for an individual MBR, recent research suggests that the mixed liquor volatile
suspended solids (MLVSS) concentration might be a better indicator (Henkel et al.,
2009).

2.2.4. Modified ASM application since Fenu et al. (2010a)
In general, the work described in literature on the extension of ASM models with
regard to SMP dynamics can be broken down in two parts: stand-alone SMP
models and further integrated ASM-SMP models. The former only comprises of
one study by Menniti and Morgenroth (2010), which focused on the
appropriateness of three different literature models in their ability to describe two
distinct biomass associated SMP (BAP) production mechanisms: floc erosion and
biomass decay (including predation), both shown to be important. This was based
on experimental data collected under specific conditions of shear and predation,
accompanied by specific short-term batch experiments. Only the model of Aquino
and Stuckey (2008) (of the models that were tested) was able to describe the
observations. Further observations included the fact that SMP produced during
increased predation were slowly degradable, while eroded floc-associated EPS
were rapidly degradable. This was based on specific oxygen uptake rate (OUR)
tests. The slower degradable fraction of SMP will obviously dominate the bulk
phase SMP concentration as they accumulate.
For integrated ASM-SMP models, it is remarkable that almost all new
developments are based on ASM3. Tian et al. (2011b) performed a comprehensive
lab-scale study including thorough experimental data collection both in batch
(calibration) and continuous systems (validation). Dedicated batch experiments
were set up to measure BAP and utilization associated SMP (UAP) (from both
heterotrophs and autotrophs separately) using sludge that was adapted to the SRT
and HRT conditions of the validation step. In all batch experiments, BAP and UAP
were measured in time with different techniques: COD concentration, protein and
carbohydrate concentrations, excitation-emission matrix fluorescence and Fourier
transform infrared spectroscopy and gel-permeating chromatography. This lead to a
vast amount of information and, hence, knowledge buildup. From the latter,
modifications of ASM3 were proposed by adding 2 states (BAP and UAP) and
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several processes. The model was calibrated in a stepwise manner based on the
different experimental data sets. These were used to separately calibrate the
submodels for BAP and UAP. Model calibration was accompanied by a quality
check based on the Fisher Information Matrix (FIM) which is regarded as good
modelling practice. Subsequently, a model validation was performed based on a
continuous lab-scale MBR operated at the same HRT and SRT used during model
calibration. Only a steady-state validation was performed, although a dynamic
validation would have been more informative. Finally, the model was used in a
simulation study to determine optimal operating conditions for minimising total
SMP production, which resulted in an SRT of 40d at an HRT of 8h. The authors
warned that this result should be interpreted with care as the potential difference in
fouling potential of BAP and UAP was not accounted for. Further study into the
transfer of the results to larger-scale MBRs and real wastewater is recommended,
but the work can form a solid basis for further research. Janus and Ulanicki (2010)
came to exactly the same conclusion. They used ASM3 extended with the model of
Laspidou and Rittmann (2002) and applied it to experimental data from literature
which were limited to measurements of substrate, EPS, SMP and total biomass
concentrations - hence, less extensive compared to Tian et al. (2011b). The authors
preferred ASM3 over ASM1, but also briefly tested the extended ASM1-SMP
model version. They found a good agreement for both models after calibration but
did not perform a validation. They also used the calibrated ASM3 model for
investigating the impact of operational conditions (SRT, MLSS and temperature)
and compared these with the results found by Jiang et al. (2008). The major trends
were similar but the magnitude of the values was found to be different. Finally, a
sensitivity analysis for the parameters in the SMP submodel was performed. Major
conclusions drawn by the authors were: fouling strength of different types of SMP
(UAP, BAP) should be considered when optimising; floc size distribution is not
accounted for; impact of disturbances are not considered in the model; deficiencies
of ASM3 are inherited by the extended model; proposed calibrated kinetic and
stoichiometric parameters should be handled with care. These partially overlap with
conclusions of Tian et al. (2011b). Finally, Paul and Hartung (2008) compared the
ASM1 model extended with SMP of Lu et al. (2001) with the ASM3 model
extended with SMP of Oliveira-Esquerre et al. (2006) by testing both models’
performance on a limited dataset collected from an industrial-scale MBR. The latter
model seemed to perform better for filtered COD prediction, but was way off for
NH4. Compared to the other studies, this study seems premature and the
conclusions should be handled with care. Moreover, Janus and Ulanicki (2010)
stated that both models suffer from large defects, making them inappropriate for
use. The studies of Sarioglu et al. (2008, 2009a,b) and Hocaoglu et al. (2011) which
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have been previously mentioned also incorporated SMP, albeit in a simpler way
based on the model of Orhon et al. (1989). However, the focus of those studies was
not on SMP modelling so they will not be further discussed here.
Fenu et al. (2011b) employed the ASM2d-SMP model of Jiang et al. (2008),
corrected for some model structure issues, to model the MBR part of a full-scale
municipal hybrid MBR. Batch experiments were used to determine the kinetics for
UAP and BAP, but the protocol for UAP (Jiang et al., 2008) was considered invalid
due to storage phenomena (ASM3) and ill represented degradation kinetics.
Instead, UAP parameters were fitted. UAP were found markedly predominant to
BAP and the SMP rejection rate of the membranes was found susceptible to influent
dynamics. Employing a single fixed SMP retention factor (as most studies do)
would thus appear inappropriate. The model was fairly able to describe SMP, COD,
NH4 and NO3 measurements on a daily basis, but detailed dynamics and results
were not shown. Based on their findings, the authors concluded that the modelling
of SMP did not improve the predictions for nutrient removal, sludge production or
energy consumption. They also questioned the use of modelling SMP since the
measurements did not appear correlated with the observed membrane fouling rates,
which is still the main driver for SMP modelling.

2.2.5. Combined biological and filtration models
First attempts of this type of models, as reported by Ng and Kim (2007), were
proposed by Lee et al. (2002) and Wintgens et al. (2003). The former coupled an
ASM1-SMP model with a resistance in series (RIS) model using total suspended
solids (TSS) as the main contributor to fouling (cake resistance), whereas SMP was
considered to be negligible (no pore blocking included). The latter used an ASM3
model without extension and coupled it to a RIS model including both cake
resistance and pore blocking. The study included a successful calibration and
validation based on permeability data, apart from a period where load was
considered to have increased which was not accounted for in the model. Saroj et al.
(2008) also acknowledged the usefulness of integrated models with regard to MBR
system optimisation for both biological and filtration performance. They presented
an extension of ASM3 with EPS dynamics and coupled it to the EPS based
filtration model of Ognier et al. (2004). However, they only simulated the EPS
dynamics and did not illustrate the link with the filtration model. ZarragoitiaGonzalez et al. (2008) described a detailed and rigorous conceptual model to
simulate several biological-filtration links. A modified ASM1-SMP model (Cho et
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al., 2003; Lu et al., 2001) was used for the kinetics while the filtration model was
based on the model of Li and Wang (2006), extended with dynamics regarding the
influence of MLSS concentration, specific cake resistance and coarse bubble
aeration. However, the integrated model was only confronted with a limited
(though informative) set of biological and filtration data from a small lab-scale
MBR. The biokinetic model was not calibrated nor validated, except for the oxygen
transfer (kLa) which was measured, though, did not include the adverse effects of
elevated sludge concentrations on aeration efficiency. Hence, conclusions should
be handled with care. Di Bella et al. (2008) also presented a rigorous integrated
model in which, similar to Zarragoitia-Gonzalez et al. (2008), ASM1 extended with
the SMP model of Lu et al. (2001) was combined with a filtration model inspired
by Li and Wang (2006), including a force balance for attachment and detachment
and, for the first time in an integrated model, COD removal by the cake layer based
on deep-bed filtration theory. On the other hand, some processes described in
Zarragoitia-Gonzalez et al. (2008) were not included nor did the model predict
membrane resistances. The calibration was performed step-wise by using reactor
MLSS and COD and effluent NH4 and NO3 for the biological model calibration and
effluent COD for the calibration of the filtration model, also keeping in mind the
realism of the cake layer thickness. A Monte Carlo based automated calibration
technique was adopted using the Nash-Sutcliffe criterion for parameter sets that
were selected based on a sensitivity analysis. Data were obtained from a relatively
small aerobic pilot-scale MBR using a buffered influent flow rate, showing little
dynamics in the effluent. A good description of the data and a cake layer between 0
and 35 μm were obtained. 20 parameters were calibrated in the model which seems
questionable especially since little dynamics are present in the data. Moreover,
there is no clear evidence that the model structure is valid as there are no detailed
measurements available about the filtering efficiency of the cake layer. Hence, the
removal by this mechanism predicted by the model could compensate for the SMP
production dynamics or the SMP retention differences by the membranes
themselves as these processes are clearly correlated in the model. Including it in the
model is not sufficient to claim the process is actually taking place. This hypothesis
needs further confirmation, though intuitively the mechanism seems realistic. Some
of the aforementioned issues were recognized by the authors and led to the effort of
Mannina et al. (2011). The model extension for SMP was replaced by a modified
version of the approach of Jiang et al. (2008) for the reasons of a COD leak and
introduction of too many parameters by the model of Lu et al. (2001). The
considerations of Fenu et al. (2011b) regarding the model of Jiang et al. (2008)
were not yet adopted. The filtration model was again based on Li and Wang (2006),
but also included the sectional approach of calculating local shear values instead of
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a constant along the membrane. Furthermore, the model was extended to predict
different resistances to flux. The calibration procedure was modified and was based
on Monte Carlo simulation in conjunction with standardised regression coefficients
(SRC) (Saltelli et al., 2008). The integrated model had 45 parameters and 9 output
variables were used for calibration. The number of estimated parameters was
reduced to 25 via the sensitivity analysis. They were grouped and separately
estimated in a step-wise approach: MLSS followed by transmembrane pressure
(TMP) and resistances, COD and total nitrogen (TN). This specific order seems
arguable since an expert knowledge based calibration likely would tackle the
biology first and then the filtration behaviour. Furthermore, not all parameters that
are influential according to the sensitivity analysis should necessarily or
automatically be calibrated: touching stoichiometric coefficients is not regarded as
good modelling practice (Rieger et al., 2012). Total resistance was well predicted,
but the individual contributions showed some (serious) deviations. Predictions of
resistances along the membrane were given as well showing the resistances to
increase towards the top of the membrane module due to lower shear. The latter
was not backed up with measurements and, hence, remains merely a hypothesis
that again can impact the remainder of the modelling exercise. The conclusion by
the authors that the model is now ready to be used for design and optimisation is
very premature and should be illustrated first. Moreover, a validation of the model,
preferably on a highly dynamic extensive data set, is missing. Finally, a recent
study by Tian et al. (2011a) integrated an ASM3 based model, extended with their
own SMP model, including features similar to Jiang et al. (2008), with a filtration
model based on a force balance inspired by literature models (Busch et al., 2007; Li
and Wang, 2006) to predict COD removal by the cake layer and membrane. They
collected experimental data on lab scale and spent additional batch experiments
(e.g. respirometry, SMP) to determine as many model parameters as possible,
ruling out the need for their subsequent calibration (considered as good modelling
practice). They used a local sensitivity analysis to further strip down the number of
parameters for calibration. The steady-state calibration included MLSS, supernatant
COD and SMP, NH4 and NO3 and yielded good results. Especially the distinction
between supernatant COD and effluent COD could be captured by the model. The
simulation of the cake layer yielded strange results as thicknesses up to 2 cm were
predicted which seems not realistic (no data shown) and might question the
correctness of the remainder of the model. The authors concluded that further
studies are needed to confirm the model validity and cure some limitations like (1)
dynamic and local shear as function of aeration intensity and (2) inclusion of
membrane pore characteristics.
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2.2.6. Discussion
With regard to modelling MBR systems with ASM, there seems to be consensus on
nitrification and denitrification parameters when DO concentrations are sufficiently
high and, hence, SNDN is not taking place. Lab-scale studies that are performed on
the topic seem repetitive, but confirm this consensus. The extension to full scale
proves more difficult as only two studies are reported. Markedly, the full-scale
study employing ASM2d (Fenu et al., 2010b) did not need extensive calibration.
The study was based on ASM2d for PAO activity, despite the absence of anaerobic
tanks, but concluded that more research on Bio-P removal is needed. The full-scale
study of Delrue et al. (2010) was only partly successful as practical case-specific
aspects complicated the model calibration, but it still deserves merit for bringing
ASM to full scale. Although every full-scale effort will have its specific issues, it is
recommended to further walk this route in order to pursue consensus on reported
findings.
Quite some effort was observed to investigate SNDN. Results indicate the need to
increase half-saturation constants to allow adequate model predictions, especially at
high MLSS (Insel et al., 2011; Sarioglu et al., 2009b). At low MLSS, floc size and
density appear decisive factors herein, but this needs more research. The need to
incorporate kinetic electron acceptor dependencies (O2, NO3) was also noticed. The
adequateness of the employed aeration models to dynamically predict oxygen
transfer could not be assessed, but should receive the necessary attention as
aeration not only greatly impacts biological performance, but also constitutes the
major part of the operational costs of an MBR. Next to the adverse effects of high
sludge concentrations on aeration efficiency, also the differences in diffuser type,
i.e. coarse and fine bubble aeration, should be looked into.
On the subject of SMP modelling, little activity is reported. Existing stand-alone
models were tested in their ability to capture specific observations but only the
more complex model seemed adequate. This, however, implies the need for more
extensive calibration data sets. Therefore, it is important to focus on essential
aspects instead of studying details that might not occur at full scale (Fenu et al.,
2011b) or are artefacts of lab-scale or pilot-scale studies (Drews, 2010; Kraume et
al., 2009). Regarding ASM-SMP mostly ASM3 was used, or features of it, due to
limitations of ASM1. Studies like Tian et al. (2011b), coupling modelling with
extensive lab-scale data collection, are encouraged but should also be extrapolated
to full scale with real influent dynamics and a broader range of operational
conditions.
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The coupling of biokinetic and filtration processes is mainly based on existing
literature models. However, there is not yet consensus on which models to choose
mainly caused by the fact that the exact fouling mechanism is not fully understood.
However, interesting work is being performed and these efforts should be further
stimulated in order to test several hypotheses. When doing so, authors should
follow good modelling practice and prefer either calibrated submodels or
submodels that do not suffer from overparameterisation. One vital missing link is
detailed experimental data about the process in order to either confirm or reject
proposed hypotheses. There are many contributions that seem interesting from a
conceptual point of view, but are worthless without experimental validation as the
hypothesis can neither be confirmed, nor rejected. Furthermore, most studies were
performed on lab or (small) pilot scale operated at pseudo steady state which are
severe drawbacks (although justified as a first simplified step). The outlook in
different papers suggesting that models can be used for optimisation is a step that is
premature at this stage as first models need to be validated at full scale as well. The
move to dynamic situations is also to be made, but will most probably further
complicate the issue. The actual application of models for optimisation of real cases
is encouraged as it will reveal model flaws and indicate routes for further research.
An important point of attention when integrating models (see also Figure 1.1) is to
keep a healthy balance between the complexity of all included submodels and not
just link existing models with very different complexity. Especially when
calibrating, a submodel with many control handles (degrees of freedom;
parameters) might easily start correcting for flaws in more simplistic submodels.
Moreover, the calibration procedure should always be performed in a rigorous way
using the tools at hand as demonstrated by Di Bella et al. (2008) and Mannina et al.
(2011) and using rigorous experimental data as collected by Tian et al. (2011a).
Another recommendation is that when extending a model, one should focus on the
”easy” bit to add, i.e. the process that has already received ample attention in
literature instead of further increasing model complexity by adding additional
processes for which data are lacking.
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2.3. Benchmark simulation modelling
2.3.1. Introduction
Since operational cost is the major bottleneck for market breakthrough of MBRs, it
is important to have accurate cost models to test new strategies for optimisation
(Chapter 1). Most of the previously discussed models focused on understanding of
processes and their interrelationship, leading to proposals for optimisation from a
process point of view. It is, however, crucial to be able to calculate the implication
with regard to cost as well from a practice perspective. Steady-state tools can help
to investigate the cost problem as shown inter alia by Yoon et al. (2004), Verrecht
et al. (2008) and Schaller et al. (2010) regarding aeration energy and sludge
production costs. However, more accurate energy predictions and cost/benefit
assessments are attainable through dynamic models, not least because they also
allow the assessment of process control. An interesting development in this respect
is the use of benchmark simulation models (BSM) to develop and compare control
and operational strategies with regard to the biological performance and operational
cost of conventional systems.

2.3.2. Background on BSM
The development of a control simulation benchmark for conventional systems goes
back to the work carried out within the European COST Action 682 (‘Integrated
Wastewater Management’) and the IAWQ Task Group on Respirometry-Based
control of the Activated Sludge Process in the late 90s (Spanjers et al., 1998). The
work was continued in COST Action 624 until 2003 (Copp, 2002). In 2005, the
IWA Task Group on Benchmarking of Control Strategies for Wastewater
Treatment Plants (BSM TG) was initiated and responsible for the continued
development of the benchmark (Jeppsson et al., 2011). The efforts led to the BSM1
(Alex et al., 2008; Copp, 2002), BSM1_LT (Rosen et al., 2004) and BSM2
(Jeppsson et al., 2006; Nopens et al., 2010) and over 300 papers, conference
presentations and theses on subjects related to benchmark systems have been
published to date. The simulation models are freely available and have been
implemented in various commercial and non-commercial software platforms.
Perspectives have recently been listed for future development (Jeppsson et al.,
2011).
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2.3.3. Concept of BSM1
The COST simulation benchmark (Copp, 2002) was originally defined as ‘a
protocol to obtain a measure of performance of control strategies for activated
sludge plants based on numerical, realistic simulations of the controlled plant’
(Rosen and Jeppsson, 2006), but can also be used as a platform to evaluate various
other operational strategies. To allow uniform testing and evaluation, the
benchmark platform comprises of (1) a virtual plant configuration, (2) predefined
influent dynamics and (3) performance criteria with regard to effluent quality and
operational cost. The plant layout is aimed at carbon and nitrogen removal in a
series of activated sludge reactors followed by a secondary settling tank, being a
common layout for full-scale wastewater treatment plants (WWTP) in practice.
The biological processes are described by the Activated Sludge Model no. 1
(ASM1; Henze et al., 2000; Appendix A), while for the settling process a onedimensional 10-layer model with the double-exponential settling velocity function
of Takacs et al. (1991) is used. The influent encompasses a steady-state and three
dynamic input data files representing different weather conditions (dry, rain and
storm events) with realistic variations of the influent flow rate and composition
over a 2-week time period. To represent a true challenge for online control
strategies, the simulated plant is in fact high-loaded and subject to significant
influent variations.
The general set of criteria defined within the benchmark description to assess the
overall performance of applied control strategies were updated by Alex et al.
(2008). Two system performance levels exist: (1) control loop performance and (2)
process performance. The first level of assessment concerns the proper application
of proposed control strategies by means of different statistical criteria on the
controlled variable. The second level of assessment quantifies the effect of control
strategies on the plant in terms of an effluent quality index (EQI), effluent violation
criteria and an operational cost index (OCI) including energy for pumping, mixing
and aeration as well as carbon dosing and sludge production costs. Statistical
criteria on the manipulated control variables provide an indication on the wear and
tear of actuators like pumps and blowers.
The various control handles (i.e. actuators) and measurement signals (i.e. sensors)
that are available (Alex et al., 2008) have a high degree of flexibility regarding
their behaviour (e.g. measurement noise and frequency, sensor and actuator
response time, equipment limits) so that the implementation and realistic evaluation
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of innovative strategies is not limited. Just about every conceivable real-time
control strategy for activated sludge systems can be applied and tested within the
framework of the benchmark (Rosen and Jeppsson, 2006). Simulations without any
control action are referred to as ‘open loop’ simulations and serve as comparison
basis for ‘closed loop’ simulations with implemented control strategies. The default
benchmark control strategy aiming to control the DO level in the final bioreactor
compartment by manipulation of the air flow rate and the NO3 level in the last
anoxic tank by manipulation of the internal recycle flow rate, is illustrated in Figure
2.1.

Figure 2.1: Schematic representation of BSM1 and its default closed loop control
strategies (Copp, 2002)

2.3.4. BSM1_LT and BSM2
The issue of BSM1 having a limited time window (weeks to months) led to
BSM1_LT (i.e. long-term), provided as an extension of BSM1 (Rosen et al., 2004).
The differences between BSM1_LT and BSM1 are mainly: the significant
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extension of the evaluation period (1-2 years); the addition of temperature to the
influent file; time varying process parameters as function of temperature and hence
seasonal variations are taken into account; inclusion of sensor, actuator and process
faults; the possibility of control strategies on a long-term horizon.
With BSM2 (Jeppsson et al., 2006, Nopens et al., 2010), the performance of plantwide control strategies can be evaluated as the interactions between various WWTP
subprocesses are taken into account. Main inclusions were: a primary settler; a
thickener for the sludge wasted from the clarifier; an anaerobic digester for
treatment of the solids wasted from the primary clarifier and the thickened
secondary sludge; a dewatering unit and a buffer tank. A significant part of the
development of BSM2 has been to implement the ADM1 model for the anaerobic
digester. This has implied some slight changes with respect to the original version
of ADM1 (Batstone et al., 2002) as well as the development of calculation
procedures in order to have a reasonable calculation time for the whole BSM2
plant. The benchmark influent and actual treatment plant layout also changed
compared to BSM1 in order to address the shortcomings that were stipulated by
Jeppsson et al. (2007). The finalized BSM2 is described in Nopens et al. (2010).
A detailed description of BSM1, BSM1_LT and BSM2 is outside the scope of this
thesis, but more information regarding the influent files, plant layouts, models,
evaluation criteria, etc., can easily be downloaded from the BSM TG website
(http://www.benchmarkwwtp.org/). An overview of possible model extensions and
future inclusions (e.g. ASM2d, pH, greenhouse gas production, uncertainty
assessment, settler models, risk of settling problems) can be found in Jeppsson et
al. (2011).
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Model-based energy optimisation of a small-scale
decentralised membrane bioreactor for urban reuse

Redrafted from:

Verrecht, B., Maere, T., Benedetti, L., Nopens, I., Judd,
S., 2010. Model-based energy optimisation of a smallscale decentralised membrane bioreactor for urban reuse.
Water Research 44 (14), 4047-4056.

Abstract
The energy consumption of a small-scale membrane bioreactor, treating high
strength domestic wastewater for community level wastewater recycling, has been
optimised using a dynamic model of the plant. ASM2d was chosen as biological
process model to account for the presence of phosphate accumulating organisms. A
tracer test was carried out to determine the hydraulic behaviour of the plant. To
realistically simulate the aeration demand, a dedicated aeration model was used
incorporating the dependency of the oxygen transfer on the mixed liquor
concentration and allowing differentiation between coarse and fine bubble aeration,
both typically present in MBRs. A steady-state and dynamic calibration was
performed, and the calibrated model was able to predict effluent nutrient
concentrations and MLSS concentrations accurately. A scenario analysis (SCA) was
carried out using the calibrated model to simulate the effect of varying SRT,
recirculation ratio and DO setpoint on effluent quality, MLSS concentrations and
aeration demand. Linking the model output with empirically derived correlations
for energy consumption allowed an accurate prediction of the energy consumption.
The SCA results showed that decreasing membrane aeration and SRT were most
beneficial towards total energy consumption, while increasing the recirculation
flow led to improved TN removal but at the same time also deterioration in TP
removal. A validation of the model was performed by effectively applying better
operational parameters to the plant. This resulted in a reduction in energy
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consumption by 23% without compromising effluent quality, as was accurately
predicted by the model. This modelling approach thus allows the operating
envelope to be reliably identified for meeting criteria based on energy demand and
specific water quality determinants.

3.1. Introduction
Membrane bioreactors (MBR) offer a low-footprint option with high quality
effluent for recycling municipal wastewater. For applications at small community
level, small MBRs are required (Abegglen et al., 2008; Fletcher et al., 2007; Gnirss
et al., 2008), which are then inherently less energetically efficient due to wide
variations in flows and commensurately large peak loading factors demanding
more conservative design. Given that the energy demand contributes significantly
to the running costs, it is important to optimise process energy consumption to
make the technology more competitive (Judd, 2006).
Mathematical models are widely recognized as providing a useful tool for
optimising biological treatment, and several semi-empirical models for the
optimisation of MBRs are described in literature (Verrecht et al., 2008; Wen et al.,
1999; Yoon et al., 2004). These models, however, have limited predictive power
regarding biological performance and total energy demand under dynamic
conditions, or else focus mainly on sludge production. The activated sludge models
(ASMs) by Henze et al. (2000), created with the purpose of describing the
biological dynamics of conventional activated sludge (CAS) systems, have been
successfully used in the past to optimise full-scale CAS plants (Dochain and
Vanrolleghem, 2001). However, literature on the application of the activated sludge
models to full-scale MBRs is scarce or not readily accessible (Erftverband, 2001;
Erftverband, 2004), and research focuses mainly on sludge production through
application of ASM1 and ASM3 to lab and pilot-scale MBRs (Lubello et al., 2009;
Sperandio and Espinosa, 2008). The requirement for full-scale validation of the
ASM models for MBR applications has recently been identified as an urgent
research need (Fenu et al., 2010a). Applying these ASMs to MBRs demands that
the differences between MBR and CAS systems be recognised, viz.: a)
microbiological composition, leading to different stoichiometric and kinetic
parameters (inter alia Jiang et al., 2005; Lobos et al., 2005; Wen et al., 1999), b)
biomass concentration, leading to changes in oxygen transfer and uptake (Germain
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et al., 2007; Krampe and Krauth, 2003), and c) requirement for additional aeration
for membrane scouring (Judd, 2006).
In this chapter, the application of ASM2d to a small community-scale MBR
(BedZED - London, UK; Verrecht, 2010) for reuse has been appraised with the key
objective of optimising energy demand without compromising nutrient removal.
The study uses the BIOMATH calibration protocol (Vanrolleghem et al., 2003),
proceeding through a hydraulic characterisation of the system and employing both
steady-state and dynamic model calibration to predict water quality. The work thus
provides a case study of the calibration and application of ASM2d to a communityscale MBR. The MBR model incorporates an aeration model accounting for
oxygen mass transfer at the operational biomass concentration and differentiates
between coarse and fine bubble aeration. Energy consumption values for the
different unit processes are derived empirically. A scenario analysis is conducted to
link the predicted biological performance for different operational parameters with
the empirically derived energy consumption values. The scenario analysis thus
allows identification of better operational parameters, and the predicted energy
saving and biological removal performance are verified on the full-scale plant.

3.2. Materials and methods
3.2.1. Plant description
The wastewater recycling plant produces an average reclaimed water flow of 25 m3
d-1 for toilet flushing and irrigation (Figure 3.1). Domestic wastewater from the
residences is collected via a pumping station and septic tanks, which provide
buffering volume and primary settling. Influent from the septic tanks flows through
3 mm screens to the MBR, which contains both anoxic and aerobic zones for
nitrification and denitrification respectively (Table 3.1). Although no anaerobic
tank is provided, some of the influent phosphorous is biologically removed,
suggesting that part of the anoxic tank may be (intermittently) anaerobic. The
membrane separation step is provided by 2 x 3 ZW500c (GE Zenon, Canada)
membrane modules with a total membrane surface area of 139 m2, submerged in
the aerobic zone.
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Figure 3.1: Schematic overview of the wastewater recycling plant

3.2.2. Hydraulic profile
A tracer test was carried out using a 22.1 g spike of LiCl dosed into the anoxic
zone, with samples taken from the anoxic to aerobic tank overflow weir, the
effluent and the sludge recirculation loop every 20 to 30 minutes for the next 40
hours (corresponding to ~1.5 times the hydraulic residence time, HRT). Samples
were analysed for Li by atomic emission spectroscopy at 670.784 nm (iCAP 6500
Dual View; Thermo Scientific). To validate the results and determine the number
of tanks in series according to the tanks-in-series model (Levenspiel, 1998), the
MBR was implemented (Figure 3.1) as an anoxic tank followed by an MBR unit
(aerated tank with submerged membrane modules) in the modelling and simulation
platform WEST® (mikebydhi.com; Vanhooren et al., 2003). Both tanks were
assumed to be completely mixed. During the tracer test, the plant was run under
normal flow conditions (Table 3.1).
Table 3.1: Plant dimensions and operational parameters during the tracer test
Parameter
Anoxic zone
Volume anoxic zone
Aerobic zone / MBR
Membrane surface
Membrane flux during filtration
Filtration time
Relaxation time
Backwash time
Backwash flux
Minimum tank volume
Maximum tank volume
Recirculation flow

26

Unit

Value

m3

10.09

m2
l m-2 h-1
s
s
s
l m-2 h-1
m3
m3
m3 d-1

139.2
10.78
600
30
30
10.78
12.21
12.78
57.6
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3.2.3. Influent characterisation
The MBR was fed with domestic wastewater without rainwater dilution from
dwellings with an average water consumption of 80 - 100 l capita-1 d-1. The
wastewater strength was thus high (Table 3.2), and comparable to values reported
for a single household MBR by Abegglen et al. (2008). The septic tanks were
estimated to remove 20 - 30% of the COD, and 0 - 10% of the N and P (VSA,
2005), as well as buffering the variations in influent concentration to the benefit of
biological performance (Gnirss et al., 2008).
Table 3.2: Average characteristics of influent to the MBR (after septic tanks +
screening; samples taken twice per week from January to May 2009)
Variable
BOD5
BODf
COD
CODf
TN
ON
NH4-N

Unit
mg l-1
mg l-1
mg l-1
mg l-1
mg l-1
mg l-1
mg l-1

Average
228.17
114.60
480.50
247.67
81.58
12.21
69.10

St. Dev.
21.31
14.37
36.67
48.11
3.51
3.31
5.52

Variable
TON
NO2-N
PO4-P
TP
SS
pH

Unit
mg l-1
mg l-1
mg l-1
mg l-1
mg l-1
-

Average
0.30
0.02
9.29
10.87
107.32
7.14

St. Dev
0.00
0.01
0.41
0.54
9.29
0.09

Table 3.3 compares the community wastewater characterised according to the
STOWA protocol (Roeleveld and van Loosdrecht, 2002) to data for a typical
wastewater (Henze et al., 1999), and indicates this wastewater to be 85%, 224%
and 83% higher in concentrations of total COD, TKN and TP respectively. The
relative quantity of readily biodegradable substrates (SF and SA) is also higher due
to hydrolysis in the septic tanks (Zaveri and Flora, 2002), which enhances bio-P
removal for which the presence of fermentation products such as acetate (SA) is
required (Gernaey and Jorgensen, 2004; Henze et al., 1999). Flow variation was
between 0 and 1.8 m3 hr-1, with substantially larger loads (up to 25%) during the
weekend (Figure 3.2).

3.2.4. Steady-state and dynamic plant modelling using ASM2d
For the steady-state and dynamic simulations of the plant, ASM2d was chosen as
the biochemical model since it includes enhanced biological P removal in addition
to COD and N removal (Henze et al., 1999). To obtain better representation of P
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Table 3.3: Treatment plant wastewater fractionation vs. typical wastewater composition
(Henze et al., 1999)
MBR influent composition in
this study
(COD = 480 mg l-1, TKN = 81
mg l-1, TP = 11 mg l-1)

Typical wastewater composition
(COD = 260 mg l-1, TKN = 25
mg l-1, TP = 6 mg l-1)

Soluble
Variable
SF
SA
SNH4
SPO4
SI

Unit
mg l-1
mg l-1
mg l-1
mg l-1
mg l-1

Value
126.86
88.89
69.10
9.29
21.56

% of tCOD
26.4%
18.5%
4.5%

Value
30
20
16
3.6
30

% of tCOD
11.5%
7.7%
11.5%

Particulate
Variable
XI
XS

Unit
mg l-1
mg l-1

Value
41.57
191.26

% of tCOD
8.7%
39.8%

Value
25
125

% of tCOD
9.6%
48.1%

* Symbols used according to Henze et al., 1999

Figure 3.2: Comparison of typical diurnal flow profiles during a weekday and a day in
the weekend
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removal, the ASM2d biomass decay rates modifications proposed by Gernaey and
Jorgensen (2004) were adopted.
For the model calibration, influent, mixed liquor and effluent data were collected
from January till May 2009, totalling 93 days, which corresponds to approximately
twice the SRT (47 days). A steady-state calibration of the full model was performed
based on average data over this period (Table 3.2), and a DO setpoint of 2 mg l-1
was used, reflecting the average DO value in the aerobic zone. For the dynamic
calibration, a high frequency measurement campaign was carried out, and an
influent file was produced through analysis of SCADA data, containing data
recorded every 15 minutes for 93 days for the following parameters: influent flow,
influent COD, CODf, BOD5, TSS, NH4-N, TKN, PO4-P, TP, recirculation flow, DO
value and wastage flow. During the sampling period, the temperature ranged from
15.8 to 20.7 °C. A number of process upsets occurred over this period, such as a
mixer failure, resulting in a necessary manual increase in the recirculation flow to
keep the anoxic zone mixed and a blower failure resulting in low DO levels for a
number of days. These upsets were included in the model.
Since the model predictions were used for energy consumption calculations, the use
of an adequate aeration model was of utmost importance. Basic aeration models,
such as the one used in Benchmark Simulation Model 1 (BSM1 - Copp, 2002) and
many ASM model applications do not account for the detrimental effect of elevated
MLSS concentrations on oxygen transfer, and control the oxygen transfer rate by
controlling the oxygen mass transfer coefficient kLa (d-1):
(3.1)

with SOTR the standard oxygen transfer rate (g d-1), DO and DOsat respectively the
dissolved and saturated dissolved oxygen concentration (g m-3) and V the volume
of the aerated tank (m3). To account for the effect of elevated MLSS concentrations
on oxygen transfer and other dependencies of oxygen transfer, e.g. the difference in
oxygen transfer between coarse and fine bubble aeration, typical for MBR, a more
extensive model as described in Maere et al. (2009) (Chapter 5) was used (Germain
et al., 2007; Henze et al., 2008; Krampe and Krauth, 2003; Stenstrom and Rosso,
2008; Tchobanoglous et al., 2003; Verrecht et al., 2008), viz:
(3.2)
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with AOTR the actual oxygen transfer rate (g d-1), β the salinity-surface tension
correction factor (-), C*,av(T) the average dissolved oxygen saturation concentration
for clean water in an aeration tank for a given temperature T at sea level (g m-3), C
the actual oxygen concentration in the aeration tank (g m-3), C*(20) the dissolved
oxygen saturation concentration in clean water at 20 °C and 1 atm (g m-3), φ the
temperature correction factor for oxygen transfer (-), T the temperature of the
mixed liquor (°C) and F the correction factor for fouling of the air diffusers (-). The
standard oxygen transfer rate (SOTR - g d-1) and the clean to process water
correction factor for oxygen transfer (α) are calculated as follows:
(3.3)
(3.4)

with QA the airflow rate (Nm3 d-1), ρA the density of air at standard conditions (g
m-3), OA,m the mass percentage of oxygen in air (%), y the aerator depth (m), OTE
the oxygen transfer efficiency (% m-1) and ω the α-factor exponent coefficient (-).
In this aeration model the influence of MLSS concentration on the AOTR is
accounted for through the α-factor (Eq. 3.4), and the effect of using different types
of diffusers for biological and membrane aeration can be incorporated by
calculating the SOTR for each type of diffuser individually, with appropriate values
of oxygen transfer efficiency (OTE) and fouling factor F. More details about the
aeration model can be found in Maere et al. (2009).

3.2.5. Scenario analysis
A scenario analysis (SCA) was carried out to determine the optimum operating
conditions by varying the experimentally-adjustable degrees of freedom (DOF) that
were regarded as having the greatest impact on effluent quality and energy
consumption:
 SRT: 9 values for the wastage rate, equally spaced between 0.1 to 2.278 m3
d-1 yielding SRT values ranging from 228.7 to 10 days
 Recirculation rate: 9 values, equally spaced between 28.8 m3 d-1 to 187.2 m3
d-1 (upper range of recirculation pump) yielding recirculation ratios to the
influent flow of 1.13 to 7.78
 Dissolved oxygen setpoint: 6 values, equally spaced between 0.75 to 2 mg l-1
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For inputting to the SCA, a data set containing 35 days of influent was taken from
the plant when operating under normal influent conditions. The scenario analysis
was duplicated using two different membrane aeration rate values (84 and 42 Nm3
h-1), corresponding to the maximum and minimum realistic values for coarse
bubble air flow (QA,coarse), since this parameter accounts for a large part of the total
energy consumption.
The SCA grid, using the values described above, resulted in 486 different
scenarios. The impact on activated sludge aeration, nutrient removal and MLSS
concentration was studied. To calculate the energy consumption for each degree of
freedom, empirical correlations for energy consumption of the unit processes
(membrane aeration, biology aeration, recirculation pumping, permeate pumping
and mixing) were derived from energy measurements on the plant, at an MLSS of
8000 mg l-1. Membrane aeration energy was 0.029 to 0.034 kWh Nm-3 for QA,coarse
of 84 and 42 Nm3 h-1 respectively, indicating that the blower becomes less efficient
at lower air flow rates. Energy demand for the recirculation pump varied linearly
with the flow rate, up to a maximum of 0.037 kWh m-3 of sludge pumped. Since the
blower for biology aeration is controlled by an on/off controller at around 2 mgO2
l-1 (or around the different DO setpoints, as described above) and runs at fixed
speed when in operation, the energy consumption per Nm3 is constant at 0.0289
kWh Nm-3. For the scenario analysis, the mixing energy was considered constant at
4.6 kWh d-1. Since mixing accounts for less than 5% of the total energy demand,
changes in mixing energy arising from changes in viscosity at different MLSS
concentrations were considered negligible. The permeate pump was constantly
running at 1.8 m3 h-1 when in operation, resulting in an energy consumption of
0.056 kWh m-3 of permeate. Sludge handling costs were ignored since these depend
on site-specific sludge management strategies.

3.3. Results and discussion
3.3.1. Hydraulic profile
Figure 3.3 displays measured versus predicted Li concentrations in the anoxic and
aerobic zone during the tracer test. The correlation between the measured and
predicted data for both the anoxic and aerobic zone corroborates the assumption of
perfect mixing. The recovery of Li, defined as the ratio of Li recovered in the
effluent, determined through integration of the effluent Li flux, to Li added was
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87%, and would have been higher for an extended campaign. The measured Li
concentrations in the effluent were always about 7.5 ± 3.5% lower than the Li
concentrations measured in the recirculation sludge, suggesting some Li adsorption
onto the flocs arose but not to a significant extent. The tanks could thus each be
considered CSTRs for the remainder of the modelling exercise.

Figure 3.3: Predicted and actual Li concentrations in the anoxic (top) and aerobic
(bottom) tanks during the tracer test
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3.3.2. Model calibration
3.3.2.1. Steady-state calibration
A steady-state calibration was performed to achieve an accurate simulation of the
MLSS concentration, this being instrumental in correctly predicting the aeration
energy demand due to its effect on oxygen transfer (via the α-factor). However, as
shown in Table 3.4, using default values as reported by Henze et al. (1999) for all
stoichiometric and biokinetic parameters, leads to an underestimation of sludge
production (MLSS concentration) by about 15%, as the growth of XPAO (and
consequently bio-P removal) could not be simulated correctly in steady state. This
can be attributed to the fact that anaerobic conditions, required for the growth of
XPAO, do not occur during steady-state simulation, indicating the need for a
dynamic calibration taking into account the influent variations. In steady state, a
correct representation of MLSS concentrations could only be achieved by making
substantial and unrealistic changes to μPAO (2 d-1 vs. default value of 1 d-1), bPAO
(0.1 d-1 vs. default value of 0.2 d-1) and YPO (0.2 gP gCOD-1 vs. default value of 0.4
gP gCOD-1) (Table 3.4). This was not considered good modeling practice.
Table 3.4: Steady-state simulation results compared with average measured values
Parameters Units Measured
Values

Default ASM2d values
(Henze et al., 1999)
Bio-P module (Gernaey
and Jorgensen, 2004)

g m-3
g m-3
g m-3
g m-3

0.337
21.9
9.65
6,584

NH4-N
NO3-N
PO4-P
MLSS

0.07
21.4
4.35
7,832

Default ASM2d values
(Henze et al., 1999)
Bio-P module (Gernaey and
Jorgensen, 2004)
μPAO = 2 d-1, bPAO = 0.1 d-1,
YPO = 0.2 gP gCOD-1
0.338
21.68
5.18
7,869

3.3.2.2. Dynamic calibration
When the dynamic influent file was applied to the model, the concentration of XPAO
started to increase without the adjustments to μPAO, bPAO and YPO that were
necessary in the steady-state calibration. Upon reaching dynamic equilibrium,
MLSS concentrations were represented accurately using the default parameter
values as reported by Henze et al. (1999), thereby eliminating the need to adjust
μPAO, bPAO and YPO as was necessary under steady-state conditions.
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To calibrate the aeration model, the measured QA,fine (averaged over a 15 minute
period) was used as the input for the aeration model, while QA,coarse was fixed at 84
Nm3 h-1, to mimic the prevailing operational conditions during the calibration
period. The values for OTEfine (0.045 m-1), OTEcoarse (0.015 m-1) were taken from
Tchobanoglous et al. (2003), the value for ω (0.084) was the mean value derived
from the data of Germain et al. (2007), Krampe and Krauth (2003) and
Tchobanoglous et al. (2003). Fcoarse (0.8) and Ffine (0.8) were calibrated to closely
match the measured DO profile. Calibrating the fouling factors could be justified
since an inspection of the diffusers had shown visible fouling. Moreover, more
advanced techniques for measuring the α-factor and OTEcoarse and OTEfine were
unavailable.
Despite the plant upsets during the evaluated period, the used parameter set allowed
for a satisfactory reproduction of the NH4-N, NO3-N and MLSS concentration
trajectories; Figure 3.4 compares the simulated nitrogen removal profiles (NH4-N
and NO3-N) and MLSS concentrations with concentrations measured during an
intensive sampling period on days 61 - 62 of the 93-day campaign. Predicted NH4N concentrations were consistently slightly higher than the measured values (~0.25
mg l-1 simulated vs. ~0.04 mg l-1 measured and confirmed by using two different
analytical techniques). MBRs tend to achieve more stable and complete

Figure 3.4: Simulated and recorded NH4-N, NO3-N and MLSS concentrations using
measured QA,fine, averaged per 15 minute interval, as input
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nitrification than CAS systems (Munz et al., 2008), a fact that is apparently not well
incorporated into the various ASM models originally developed for CAS systems.
Despite this shortcoming, when looking at the total nitrogen removal, the prediction
is still very accurate. Predicted PO4-P concentrations show acceptable values and
dynamic behaviour (Figure 3.5) though consistently a few hours ahead of the
measured ones. It is postulated that this is caused by the oversimplification of the
actual hydraulics by the tanks-in-series concept, which may be unable to accurately
predict the occurrence of localised anaerobic zones under certain conditions.
However, a CFD model study and on-line data at different locations in the tank
would be required to confirm this. In general it can be concluded that the calibrated
model predicts nutrient and MLSS concentrations accurately using the default
values for ASM2d (Henze et al., 1999) and its modification (Gernaey and
Jorgensen, 2004), and that the model could be used along with the energy demand
calculations in the subsequent scenario analysis.

Figure 3.5: Simulated and measured PO4-P values using measured QA,fine, averaged per
15 minute interval, as input

3.3.2.3. On/off controller for the aeration model
To lend predictive value to the model, the fine bubble aeration flow rate (QA,fine)
demanded an extra on/off controller, switching on aeration at DO < 1.5 mg l-1 with
QA,fine at 90 Nm3 h-1 and switching off at DO > 2.5 mg l-1, simulating the actual
blower operation at the plant. The integral of the predicted QA,fine value was within
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3% difference from the actual measured value when using the parameters as
calibrated in Section 3.3.2.2, indicating that aeration demand could be predicted
accurately through this approach. Nutrient and MLSS concentrations were
reproduced well, with predicted values generally well within 10% of the measured
ones (Figure 3.4, Figure 3.5). Any differences can be attributed to slight deviations
from reality using the implemented on/off controller.

3.3.3. Scenario analysis
The evolution of biological aeration demand and maximum effluent NH4-N
concentration in function of the SRT (Figure 3.6) demonstrates that lowering the
SRT by increasing the wastage rate has a beneficial effect on demand for QA,fine.
However, Figure 3.6 also shows that lowering the SRT leads to higher maximum
effluent NH4-N concentrations, indicating a trade-off between minimising the
aeration demand (and thus energy consumption) and achievable effluent quality.
Operation at SRTs below 23 days leads to a deterioration in nitrification, because of
a decrease in MLSS and autotrophs concentration, and to an increase in F/M ratio,
similar to observations by Cicek et al. (2001). Lowering the DO setpoint had a
similar but less pronounced effect on nitrification.

Figure 3.6: Influence of wastage rate on the total demand for biology aeration (QA,fine)
and the maximum occurring effluent NH4-N concentration during the 35-day simulation
(QA,coarse = 42 Nm3 h-1; DO setpoint = 1.25 mg l-1; recirculation flow = 108 m3 d-1)

36

Model-based energy optimisation
There is a similar phenomenon regarding phosphate and nitrate (Figure 3.7), in that
an increase in the recirculation ratio leads to effluent NO3-N and PO4-P
concentrations that are respectively lower and higher. This arises because the
denitrification and bio-P removal processes compete for the same carbon source
(Tchobanoglous et al., 2003) and the occurrence of anaerobic conditions is less
likely at higher recirculation ratios.

Figure 3.7: Influence of recirculation flow rate on the average effluent NO3-N and PO4-P
concentrations during the 35-day simulation (QA,coarse = 42 Nm3 h-1; DO setpoint = 1.25
mg l-1)

Figure 3.8 shows that a change in the SRT (through variation in wastage rate), due
to its influence on the MLSS concentration, has a much larger effect on total
aeration energy demand than changing the recirculation ratio. At a DO setpoint of
1.25 mg l-1 and fixed recirculation ratio, the total fine bubble aeration demand
(QA,fine) can change by up to 342% depending on the wastage rate, while this
change is limited to 44% when varying the recirculation ratio at fixed SRT and DO
setpoint. This confirms the importance of incorporating the MLSS dependency of
the oxygen transfer into the aeration model. The model thus allows the operating
envelope to be identified for meeting criteria based on energy demand and/or
specific water quality determinants.
It is acknowledged that over the range of operating conditions studied in the SCA,
the biological processes and kinetics may change. For instance, Sperandio and
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Espinosa (2008) suggest that at elevated SRT some of the influent XI should be
considered as XS, which has implications on the overall sludge balance. Also,
simultaneous nitrification and denitrification may occur at low DO setpoints. The
model accounts for this by using oxygen half-saturation coefficients KO for XBH and
XPAO. The effect of floc size on the value of KO is still debated, the small flocs of an
MBR compared to those from CAS would be expected to yield lower values for the
half-saturation constants (inter alia Manser et al., 2005). However, no clear
consensus has been reached on the impact of specific operational conditions on
kinetics. Hence, rather than varying the biokinetic parameters in the model over the
studied range of operational parameters, all biokinetic parameters were assumed
constant, and an a posteriori model validation was carried out by confronting the
obtained model predictions of the scenario analysis with experimental data
independent of the calibration data set (section 3.3.4).

Figure 3.8: Influence of recirculation rate and SRT on total demand for QA,fine (QA,coarse =
42 Nm3 h-1; DO setpoint = 1.25 mg l-1)

The outcomes of the scenario analysis were linked with the empirical energy
consumption calculations, and ranked in terms of energy consumption while
compliant to the following effluent quality standards: average NH4-N < 0.5 mg l-1
and average TN < 20 mg l-1; minimum MLSS > 5000 mg l-1. Since reuse regulations
- such as the US EPA guidelines for unrestricted urban reuse (EPA, 2004) generally do not include stringent NH4-N or TN guidelines, these parameters were
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chosen to achieve consistent effluent quality under conservative operating
conditions that could be achieved in a real system.
When comparing the different parameter sets for the two studied air flow rates
displayed, the average energy consumption was 13.1 ± 4.7% lower at a membrane
coarse bubble aeration of 42 Nm3 h-1 compared to 84 Nm3 h-1. The maximum
difference in energy consumption between simulations for the different membrane
airflow values was 28%, while the minimum was 4.6%. When the membrane
aeration airflow rate was set at 42 Nm3 h-1, the minimum and maximum predicted
energy consumption was 2.25 kWh m-3 and 3.83 kWh m-3 respectively. These
values increased to 2.74 kWh m-3 and 4.46 kWh m-3 when the membrane aeration
was kept at its original value of 84 Nm3 h-1.

3.3.4. Model application for optimisation
Results from the scenario analysis were used in the selection of better operational
parameter values (Table 3.5). The higher wastage rate (and lower SRT) resulted in a
modest decline in MLSS and higher F/M ratio, which previous studies have
indicated may increase the sludge fouling propensity (Trussell et al., 2006).
However, data collected on the real MBR over a period corresponding to
approximately twice the SRT indicated permeability to be maintained at the levels
achieved in the original operation without changing the cleaning regime,
notwithstanding the reduction in membrane aeration rate. This is attributable to the
low operational fluxes (10 - 13 l m-2 h-1), well below the operating flux values for
most large-scale MBRs. However, the lower membrane aeration setpoint
corresponded with a specific membrane aeration demand (SADm) of 0.3 Nm3 m-2
h-1, which is still within the range of SADm values (0.2 – 1.28 Nm3 m-2 h-1) typically
considered sufficient for sustainable operation, even at higher fluxes (Judd, 2006).
Changing the parameter values did not compromise the effluent quality in terms of
COD and N removal based on data obtained through twice weekly grab sampling,
but biological P removal deteriorated due to the increased recirculation ratio, as
predicted by the model.
Table 3.5 also displays the resulting energy saving compared to the original values.
A substantial reduction in energy consumption per m3 of permeate produced was
achieved (23%), and this value was predicted accurately by the model (within 5 10% difference). The energy consumption value of 3.11 kWh m-3 is at the lower
end of values typically reported for small MBRs (Boehler et al., 2007; Gnirss et al.,
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2008), which can range from 3 to 12 kWh m-3 depending on the design and
circumstances. However, this value is high when compared to larger, more efficient
plants, which can be as low as 0.62 kWh m-3 (Garcés et al., 2007). Other reported
values for large-scale MBRs range from 0.6 to 2.0 kWh m-3, mostly depending on
operational parameters and flow conditions (Brepols et al., 2009).
Table 3.5: Changes in operational parameter values according to the conclusions from
the scenario analysis, and comparison in energy consumption between original and
optimised system (energy demand of membrane aeration, activated sludge aeration,
mixing of anoxic zone, permeate pump and recirculation pump)
Unit

Original

New

Operational parameters
Membrane aeration
Wastage rate
i.e. SRT
DO setpoint
Recirculation flow
i.e. Recirculation ratio

Nm3 hr-1
m3 d-1
d
mg l-1
m3 d-1
-

84
0.485
47
2
57.6
2.27

42
0.645
35
1.25
108
4.25

Energy consumption
Measurement
Reduction
Model prediction
Deviation from real value

kWh m-3
%
kWh m-3
%

4.03

3.11
23
2.99
3.9

4.25
5.1

The proposed modelling approach can be readily applied to other MBRs, even
when operating under more stringent conditions, which is likely for larger-scale
plants, since it is widely reported that MBRs achieve good and consistent nutrient
removal at lower HRT (inter alia Judd, 2006). However, operation under a high
HRT is not uncommon for smaller plants, as indicated in Gnirss et al. (2008), and
the findings of this paper may thus provide useful information for future design and
operation of small-scale installations. The extent of the reduction in energy
consumption that can be achieved by applying the proposed methodology will
depend on the influent wastewater composition, desired effluent quality, allowable
MLSS range and SRT, and initial operating conditions.

40

Model-based energy optimisation

3.4. Conclusions
 A small MBR for domestic water recycling, running under unusual and
challenging influent conditions, was dynamically modelled in ASM2d. The
model provided a good prediction of the dynamic nutrient removal profile
and MLSS concentrations by using default ASM2d values for all biokinetic
and stoichiometric parameters.
 A dedicated aeration model was used, incorporating the effect of elevated
MLSS concentrations on oxygen transfer, and allowing differentiation
between coarse and fine bubble aeration and thereby allowing aeration
demand to be accurately simulated.
 To allow realistic modelling of the plant, influent fractionation was carried
out based on average influent concentrations obtained over a four-month
sampling period. Analysis has shown the wastewater strength to be
considerably higher than for a typical wastewater, which can be attributed to
its entirely domestic origin without rainwater dilution or infiltration. The
amount of readily biodegradable substrate (45%) was also relatively higher
than typically reported values (20%), due to hydrolysis in the septic tank.
 A scenario analysis was carried out to simulate the effect of varying the SRT,
the recirculation ratio and the DO setpoint on the effluent quality, MLSS
concentrations and aeration demand. Linking the outcomes with empirically
derived calculations for energy consumption allowed the quantification and
optimisation of energy demand. Decreasing the membrane aeration flow and
SRT had the most profound effect on total operational energy consumption,
but there was a trade-off in achievable NH4-N removal due to diminished
nitrification with decreasing SRT. Increasing the recirculation flow led to
improved TN removal and to deterioration in TP removal. This modelling
approach thus allows the operating envelope to be identified for meeting
criteria based on energy demand and/or specific water quality determinants
(and nutrients in particular).
 New operational parameter values were applied to the plant, resulting in an
on-site reduction in energy consumption by 23%, without compromising
effluent quality, as predicted by the model.
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The cost of a large-scale hollow fibre MBR
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Abstract
A cost sensitivity analysis was carried out for a full-scale hollow fibre membrane
bioreactor to quantify the effect of design choices and operational parameters on
cost. Different options were subjected to a long-term dynamic influent profile and
evaluated using ASM1 for effluent quality, aeration requirements and sludge
production. The results were used to calculate a net present value (NPV),
incorporating both capital expenditure (capex), based on costs obtained from
equipment manufacturers and full-scale plants, and operating expenditure (opex),
accounting for energy demand, sludge production and chemical cleaning costs.
Results show that the amount of contingency built in to cope with changes in
feedwater flow has a large impact on NPV. Deviation from a constant daily flow
increases NPV as mean plant utilisation decreases. Conversely, adding a buffer tank
reduces NPV, since less membrane surface is required when average plant
utilisation increases. Membrane cost and lifetime is decisive in determining NPV:
an increased membrane replacement interval from 5 to 10 years reduces NPV by
19%. Operation at higher SRT increases the NPV, since the reduced costs for sludge
treatment are offset by correspondingly higher aeration costs at higher MLSS levels,
though the analysis is very sensitive to sludge treatment costs. A higher sustainable
flux demands greater membrane aeration, but the subsequent opex increase is offset
by the reduced membrane area and the corresponding lower capex.
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4.1. Introduction
Over the last two decades, implementation of membrane bioreactors (MBRs) has
increased due to their superior effluent quality and low plant footprint (Judd, 2008).
However, they are still viewed as a high-cost option, both with regards to capital
and operating expenditure (capex and opex), mainly due to membrane installation
and replacement costs and higher energy demand compared to conventional
activated sludge systems. However, quantification of such impacts is constrained
by availability of credible data.
An overview of literature investment cost data (McAdam and Judd, 2008; Figure
4.1) over a range of reported plant sizes reveals costs to increase exponentially with
decreasing plant size, and that a large variation in required capex arises according
to assumptions made and costs included. DeCarolis et al. (2004) provided a
comprehensive overview of costing data in terms of capex and opex, both for the
MBR system alone (based on quotes from four leading suppliers), and for the
complete installation (based on preliminary plant design and assumptions about the
location-specific contribution of land costs, contractor overheads, engineering,
legal costs, etc). Côté et al. (2004) compared capex and opex of an MBR to a
conventional activated sludge (CAS) system with tertiary filtration for effluent
reuse purposes, demonstrating an integrated MBR to be less expensive than a
combination of CAS and tertiary filtration - a conclusion subsequently corroborated
by Brepols et al. (2009) for German wastewater plants. The latter authors showed
energy demand to increase for plants with significant in-built contingency, since
the average plant utilisation is low. This has recently led Maurer (2009) to
introduce the specific net present value (SNPV), which takes into account the
average plant utilisation over its lifetime and so reflects the cost per service unit.
Notwithstanding the above, no in-depth analysis has been produced quantifying the
impact of key design and operating parameters on both capex and opex over the
lifetime of an installation. This chapter aims to determine both absolute values of
capex and opex and their sensitivity to various influencing parameters such as
contingency (to provide robustness to changes in feedwater flow and composition),
membrane replacement, net flux, and hydraulic and solids residence time (HRT and
SRT). The approach taken is to evaluate the impact of representative dynamic flow
and load conditions using ASM1 (Henze et al., 2000) on effluent quality, sludge
production and aeration demand, based on various MBR process designs. Dynamic
simulation results can then be used as input for specific cost models for both capex
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and opex, generated using representative heuristic and empirical available cost data.
Opex for energy demand (Maere et al., 2009; Chapter 5), added to sludge treatment
and disposal and chemical cleaning costs, can then be combined with capex to
produce the NPV. This then allows the impact of design and operation parameter
selection to be quantified.

Figure 4.1: Specific investment vs. installed plant capacity, based on literature data
(adapted from McAdam and Judd, 2008)

4.2. Materials and methods
4.2.1. Long term influent
The 87 week long BSM1_LT dynamic influent file (Gernaey et al., 2006) was used
to evaluate the different plant designs. It includes all phenomena typically observed
in a year of full-scale WWTP influent data. Average influent flow (Qi,av) was
20,851 m3 d-1, while the maximum instantaneous flow was 59,580 m3 d-1. The first
35 weeks of influent data were used to initialise the models; the remaining influent
data covering a period of one year (52 weeks) were used for evaluation.
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4.2.2. Biological process model
Figure 4.2 depicts the generic nitrifying-denitrifying plant upon which all further
design options were based. The ASM1 biokinetic model was selected to study the
impact of design and operational parameters on biological performance. Since no
consensus exists on updating biokinetic values for an MBR, the default ASM1
biokinetic parameter values (Appendix A), as reported in Henze et al. (2000), were
used throughout. Simulations were performed using the WEST® simulation and
modelling platform (mikebydhi.com; Vanhooren et al., 2003).

Figure 4.2: Schematic overview of the generic nitrifying/denitrifying MBR design

Biological tank volumes were determined by a required minimum HRT at average
influent flow conditions of 8 hours, or a minimum HRT at maximum flow
conditions of 4 hours, whichever was the largest, and the default SRT value was 25
days. These design conditions are within reported trends for large MBRs in Europe
(Itokawa et al., 2008). The anoxic fraction represented 40% of tank volumes.
Sludge recirculation was carried out from the membrane tank to the aerobic tanks
and was taken as four times the average feed flow: Qr = 83,404 m3 d-1. Internal
recirculation from the aerobic tanks to the anoxic tanks was three times the feed
flow: Qint = 62,553 m3 d-1.
The membrane tank volume, included in the total aerobic volume, was calculated
based on a conservative packing density of 45 m2 membrane area per m3 of tank
volume, which is at the lower end of values reported (Judd and Judd, 2011). The
number of membrane tanks required was based on the design parameters for a
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large-scale plant (Brepols et al., 2008b), one membrane tank required per 10,000
m2 membrane area, allowing sufficient flexibility in operation and cleaning.
The required buffer tank volume was dictated by:
 an assumed maximum buffer tank HRT of 2 days - based on the maximum
flow from the buffer tank equating to the difference between the
conservative net flux and the maximum sustainable flux, corresponding to
40% of plant design flow;
 the combination of plant and buffer tank required to cope with storm flows
without bypass.
Taking these constraints into account, the maximum size of the buffer tank was
equal to 80% of the daily design plant flow.

4.2.3. Capital costs
To evaluate investment costs, pricing information (Table 4.1) was obtained from
manufacturers or based on costs provided by end-users for similar items of
equipment at full-scale MBR plants (Brepols, 2010a). Assumptions made were as
follows:
Membranes A net design flux of 20 l m-2 h-1 (LMH) was used for calculating
membrane area, while the maximum sustainable flux was assumed to be 40%
higher, i.e. 28 LMH, which can be considered conservative based on literature
values (Judd and Judd, 2011; Garcés et al., 2007). A regime of 10 min filtration
followed by 30 s backwashing resulted in an instantaneous flux of 22.1 LMH and
maximum instantaneous flux of 30.9 LMH. Hollow fibre (HF) membrane costs
were assumed to be €50 m-2 (Brepols et al., 2010).
Tanks Tank building costs were based on costs of €220 m-3 tank volume (Brepols,
2010b).
Plant equipment A 6 mm coarse screening step followed by a 0.75 mm fine screen
was chosen as a representative pre-treatment for HF membranes (De Wilde et al.,
2007a). Screens were sized to treat the maximum instantaneous flow to the plant,
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Table 4.1: MBR design parameters and base case costs for the study of operational and
design parameters
Parameter
Units
Assumptions for capex calculation
Membrane cost
€ m-2
Tank civil cost
€ m-3 tank volume
Screens (0.75 mm)
€ m-3 d capacity
Screens (6 mm)
€ m-3 d capacity
Blowers
€ Nm-3 h capacity
Permeate pumps
€ m-3 h capacity
Biomass recirculation pumps

€ m-3 h capacity

Value

Source

50
220
3.1 - 5.6*
0.9 - 2.1*
4 - 4.3*
58.8

Judd and Judd (2011)
Brepols (2010a,b)
Manufacturers
Manufacturers
Manufacturers
Manufacturers
Brepols (2010a,b)
Manufacturers
Brepols (2010a,b)
Brepols (2010a,b)

12.1

Mixing equipment
€ m-3 tank volume
27.8
Assumptions for opex calculation
Energy cost
€ kWh-1
0.0942
BMWi, 2010
-1
Sludge treatment cost
€ ton of DS
150
-1
Citric acid (50%)
€ ton
760
Brepols (2010a,b)
-3
NaOCl (14%)
€m
254
Brepols (2010a,b)
Assumptions for NPV calculation
Membrane life
Year
10
Judd and Judd (2011)
Inflation
%
3
Discount rate
%
6
Base design, EQI and NPV (based on section 4.2)
Design capacity
m3 d-1
30,416
3 -1
Maximum plant capacity**
m d
42,582
3
Total tank volume
m
7,097
2
Membrane area
m
63,366
d
23.8
SRT
3
Buffer tank size
m
14,530
3 -1
Maximum flow out of
m d
12,166
buffertank**
Max HRT in buffer tank
d
1.2
-1
Effluent quality index
kgPU d
5,430
-1
mg l
0.52
NH4-N
-1
mg l
10.7
NO3-N
-1
mg l
30.1
COD
Net present value
Million Euro (M€)
26.7
* Depending on size of installed equipment
** As determined by the design rule that maximum sustainable flux = 140% of design flux
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with 50% redundancy, ensuring that the whole flow could be treated by 2 sets of
fine and coarse screens with one set on standby.
To size the membrane blowers, SADm was assumed constant at 0.3 Nm3 m-2 h-1.
The number of blowers for membrane aeration installed was based on the number
of membrane tanks, with one standby blower. The biology blowers were sized
based on the maximum aeration demand to maintain DO at 2 mg l-1 over the final
365 days of simulation, assuming 50% standby capacity and a maximum design
temperature of 20 °C.
Biomass recirculation, permeate pumps and anoxic zone mixers were sized based
on those typical of a large-scale plant, with one standby in each case. One agitator
per 450 m3 of anoxic tank volume was assumed. Costs of land, civil engineering,
other electrical equipment and construction were excluded, these being location
specific.

4.2.4. Operational costs
Operational costs were determined using the approach of the control strategy
evaluation benchmark community (Copp, 2002), which was extended by Maere et
al. (2009) for MBR applications. The opex analysis was limited to energy demand,
sludge treatment and disposal, and chemical usage for membrane cleaning.

4.2.4.1. Energy demand
The individual contributions to energy demand are described below, and a
Germany-specific energy cost of €0.0942 kWh-1 was used throughout (BMWi,
2010).
Aeration energy The influence of MLSS concentration (via the α-factor) and
aerator type (fine and coarse bubble) on oxygen transfer was computed using the
dedicated aeration model of Maere et al. (2009), combining several literature
findings (Germain et al., 2007; Henze et al., 2008; Krampe and Krauth, 2003;
Stenstrom and Rosso2008; Tchobanoglous et al., 2003; Verrecht et al., 2008).
Based on typical practically measured values for blower outlet pressure (106,300
Pa; for a typical aerator depth of 5 m and allowing for losses incurred in the
pipework) and a blower efficiency ξb of 0.60, a value of 0.025 kWh Nm-3 air was
determined for the aeration energy demand, corresponding well with literature
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values (Verrecht et al., 2008) and data from blower manufacturers. The average
total aeration energy in kWh d-1 was obtained by summing blower power
consumption for both membrane and biology blowers and integrating over the 365
day simulation period (Maere et al., 2009).
Pumping energy Sludge pumping requirements, for internal recirculation (Qint, m3
d-1), membrane recirculation (Qr, m3 d-1) and wastage (Qw, m3 d-1) (Figure 4.2),
were determined from the expression of Maere et al. (2009), using a power
requirement of 0.016 kWh m-3 of sludge pumped which was calculated from
assuming a simple linear dependency of Psludge (power required for sludge
pumping) on sludge flow and assuming a total head loss Δh of 3m and a pump
efficiency ξp of 50%. With regard to the additional pumping energy for permeate
pumping and backwashing a head loss of 35 kPa and efficiency of 75% were
assumed, leading to a power requirement of 0.013 kWh m-3 (Maere et al., 2009).
Mixing energy A typical constant mixing power requirement of 8 W per m-3 of
anoxic tank volume was used (Tchobanoglous et al., 2003), with no supplementary
mechanical mixing required for the aerobic, membrane and buffer tanks.

4.2.4.2. Sludge production
Sludge production (in kg d-1) was calculated using the expressions of Copp (2002),
adapted for MBR use by Maere et al. (2009). Reported costs for sludge handling
and disposal vary from €43 tonDS-1 (Rossi et al., 2002), which accounts for
chemicals, labour, treatment and disposal, to €259 tonDS-1 (Stensel et al., 2004),
based on costs for collection, thickening, digestion, dewatering, reuse, but
excluding haulage. Sludge handling cost figures across a broad range of values
were thus considered.

4.2.4.3. Chemical consumption
A typical membrane cleaning protocol and frequency based on literature data
(Brepols et al., 2008b; Judd and Judd, 2011) was assumed to provide chemical
consumption data. The protocol comprised a weekly clean in place (CIP) with 500
ppm NaOCl and 2000 ppm citric acid, and a cleaning out of place (COP) with 1000
ppm NaOCl and 2000 ppm citric acid, conducted twice yearly. Representative
prices for bulk chemicals were obtained from chemical suppliers.
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4.2.5. Effluent quality evaluation
Evaluation of effluent quality was based on the approach of Copp (2002), which
quantifies the pollution load to a receiving water body in a single parameter, the
effluent quality index (EQI), in kg pollution units d-1 (kgPU d-1). A larger EQI thus
indicates worse effluent quality. The average EQI was determined through
integrating the expressions of Copp (2002) over the evaluation period (Tev):
(4.1)

where PUx consists of PUTSS, PUCOD, PUBOD, PUTKN and PUNO, being the
respective products of effluent components TSS, COD, BOD, TKN and NO
multiplied by their corresponding weighting factors βx (2, 1, 2, 20, 20) as reported
by Vanrolleghem et al. (1996).

4.2.6. Net present value calculation
The net present value was calculated for a plant lifetime of 30 years, taking into
account all capital and operational expenditures during the plant lifetime:
(4.2)

A membrane life of 10 years was assumed, corresponding to two complete
membrane refits during the projected plant lifetime, based on recently reported
trends (De Wilde et al., 2007b). Long-term inflation was assumed to be 3%, while a
discount rate i of 6% was used, comparable to values used by Côté et al. (2004).

4.3. Results and discussion
4.3.1. Effect of contingency: changes in influent flow and strength
4.3.1.1. Hybrid plant vs. plant designed for maximum flow
Table 4.2 shows a breakdown of costs for two extreme scenarios: a) the MBR part
of a ‘hybrid’ plant (i.e. an MBR parallel to a CAS plant; the MBR is designed to
treat a constant daily flow, while excess flow is treated by the CAS plant, that is not
51

Chapter 4
taken into account in this analysis); and b) a plant designed to cope with maximum
flow conditions (peak flow = 3 x average flow).
Table 4.2: Capex, opex and resulting NPV for an MBR treating steady-state influent, as
part of a hybrid plant, and a MBR, designed for maximum flow without buffer tanks.
Unit
Average plant influent flow
Maximum flow to the MBR
Total tank volume
Average plant utilisation
Effluent Quality Index
CODaverage
NH4-Naverage
NO3-Naverage
Total capex
Screens
Membranes
Tank construction
Biology blowers
Membrane blowers
Permeate pumps
Mixing equipment
Recirculation pumps
Total opex
Energy
Sludge treatment and disposal
Chemicals
Net present value

m3 d-1
m3 d-1
m3
%
kgPU d-1
mg l-1
mg l-1
mg l-1
Euro
%
%
%
%
%
%
%
%
Euro y-1
%
%
%
Euro

MBR part of a hybrid
plant
20,851
20,851
6,949
100
5,035
29.7
0.46
10.4
4,634,387
11.8
46.9
33.0
1.4
1.5
1.5
1.9
2
618,602
79.6
17.9
2.5
19,047,870

Plant designed for
maximum flow
20,851
59,580
9,930
34
5,236
30.15
0.43
9.55
7,844,684
8.4
56.5
27.9
0.8
1.6
2.2
1.4
1.2
891,373
84.1
12.3
3.6
30,209,875

The results illustrate that deviating from the ideal ‘hybrid’ plant scenario leads to
severe plant under-utilization, and a resulting cost penalty manifested in a 59%
increased NPV value over that of the hybrid plant, despite treating the same
cumulative flow over the plant life. The EQI is 3.8% lower for the ‘hybrid’ plant,
due to the constant HRT of 8h, while for the plant designed for maximum flow the
HRT can be as low as 4h during peak flows.
Figure 4.3 shows a breakdown of the energy demand for the same two plants. The
values obtained are in line with those reported for full-scale plants (Brepols et al.,
2009; Garcés et al., 2007). The average energy demand for the ‘maximum flow’
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plant is ~54% higher, mostly due to under-utilisation of the available membrane
capacity and the resulting excess aeration. This illustrates that effective control
strategies where membrane aeration as applied in proportion to flow conditions
could generate significant opex savings.

Figure 4.3: Breakdown of energy demand for (left) the MBR part of a hybrid plant
(average total energy demand = 0.7 kWh m-3) and (right) a plant designed for maximum
flow (average total energy demand = 1.08 kWh m-3)

The analysis shows NPV and operational efficiency of MBRs to be very susceptible
to the extent of built-in contingency, which is mostly determined by the changes in
feedwater flow such as during storm events. An example of this is the 48 MLD
(Megalitres per day) Nordkanal plant in Germany (Brepols, 2010b), which was
designed to treat a peak flow that is 3 - 4 times higher than the average flow. The
plant also has 33% more membrane surface installed than required to treat the peak
flow, a requirement under German regulations. Consequently, mean fluxes at the
plant are only 8 LMH and specific energy consumption for the MBR is 0.5 - 1.8
kWh m-3. Conversely, the hybrid MBR plant at Ulu Pandan in Singapore is
designed to continuously treat a flow of 23 MLD, leading to very efficient
operation and energy consumption as low as ~0.4 kWh m-3 for the MBR part of the
hybrid plant, mainly due to continuous improvement in membrane aeration
protocols (Qin et al., 2006; Qin et al., 2007; Seah, 2009). Thus, provided there is a
constant demand for high quality effluent for reuse, the hybrid plant is the most
favoured option. This can be retrofitted to an existing CAS, provided full effluent
disinfection is not required (Lesjean et al., 2009; Mulder, 2008).
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4.3.1.2. Buffer tank vs. extra membranes
Adding buffering capacity for flow equalisation permits a smaller plant design with
a reduced membrane surface requirement and so higher average plant utilization.
Figure 4.4 shows the influence of buffer tank size on mean plant utilisation, and
contrasts the resulting membrane and buffer tank costs. For practical reasons, the
buffer tank size is constrained by an HRT of below 2 days (corresponding to 80%
of design flow). Since no influent can bypass the plant under storm conditions the
combined capacity of the buffer tank and MBR plant must cope with the maximum
flow. Figure 4.4 shows that over the buffer tank size range considered, the cost of
adding a buffer tank is only partially offset by the cost savings from a reduction in
required membrane surface area due to increased average plant utilization (Figure
4.5). The EQI and NPV trends are both determined by the constraints on tank size
imposed by an HRT of 8h at average flow, or a minimum HRT of 4h at maximum
design flow. Addition of a buffer tank with the maximum acceptable size results in
a NPV decrease from €30.2 million to €27 million, or a saving of 10.5%, due to
decreased opex (-21%), which is partly offset by an increase in capex (+32%)
(Figure 4.6). A maximum NPV saving of 11.8% can be achieved through addition
of a buffer tank with the most economical size (i.e 1.2 d HRT; at average plant
utilization of 47.9%). Effluent quality, as indicated by EQI, is largely unaffected
and deteriorates by a maximum of 4% over the buffer tank size range considered
(Figure 4.5).

Figure 4.4: Influence of buffer tank size on plant utilisation and a comparison of the
resulting costs for membranes and buffer tank
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Figure 4.5: Influence of average plant utilisation on net present value and effluent
quality index

Figure 4.6: Influence of size of buffer tank on capex (Euro) and opex (Euro year-1)

The cost of land required for the buffer tank is excluded from this NPV analysis.
However, provided the additional land required for the buffer tank has a projected
value of less than €3.2m, it is always beneficial to build a buffer tank. Assuming a
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total plant footprint equaling 2.5 times the combined footprint required for the
biotanks and buffer tanks (Brepols et al., 2010), a plant with the maximum sized
buffer tank (2d HRT) requires 9,715 m2 extra land compared to a plant without
buffer tank. Land costs would have to increase to €324 per m2 before addition of a
buffer tank becomes economically unviable. This value is at least 32% higher than
typical reported values for industrial land in the Germany, which range between
€17 and €247 per m2 (Federal Statistical Office, 2010). Assuming a CAS to incur
2.7 times the footprint of an MBR (Brepols et al., 2010), a combined MBR with the
maximum sized buffer tank would be ~10% larger than a CAS treating the same
flow.

4.3.2. Influence of operational and design parameters
The influence of operational and design parameters on NPV and EQI was evaluated
for the plant design with the most economically sized buffer tank, thus providing
the lowest NPV (Table 4.1). Table 4.3 displays the variation in NPV and EQI
resulting from changing parameter values for operation, design and costings within
given ranges pertaining to full-scale plants.
Influence of SRT A shorter design SRT decreases capex due to decreased installed
aerobic tank blower capacity at the lower MLSS concentrations and the resulting
decreased aeration demand. However, the cost for the process blowers is less than
2% of total capex (Table 4.2), so the potential influence is negligible. The reduction
in NPV is attributed to the effect of SRT on opex. At a conservative sludge
treatment and disposal cost of €150 m-3 of dry solids, energy consumption accounts
for 78 - 85% of opex, sludge treatment and disposal for 12 - 19%, and chemical
cleaning about 3%. The decreased aeration demand at lower MLSS concentration
and shorter SRT thus outweighs the costs incurred by increased sludge production.
This would seem to corroborate recent trends of working at lower MLSS
concentrations, particularly in the US (Trussell et al., 2006; Trussell et al., 2007),
but is contrary to the conclusions of Yoon et al. (2004). The latter study ignored
membrane aeration, thus underestimating the total opex since membrane aeration
contributes significantly to total energy demand (Figure 4.3).
The influence of SRT is sensitive to sludge treatment and disposal costs. As sludge
management costs increase, the cost incurred by sludge treatment and disposal
starts to outweigh the opex reduction from decreased energy demand at lower SRT.
Table 4.3 also shows that effluent quality requirements place a lower limit on the

56

Life-cycle cost analysis
SRT operating range, since EQI deteriorates as SRT decreases. Selection of SRT is
thus based on available sludge processing facilities on site and end disposal costs,
as well as the desired effluent quality. Operation at lower SRT and MLSS values
may also lead to higher permeability decline rates (Trussell et al., 2006), mitigating
against lower SRT operation.
Table 4.3: Sensitivity of NPV and EQI on design and operational parameters and costs.
% change in NPV and EQI is compared with the base conditions as described in Table
4.1
Net present value
Million €
% change
Solids retention time (SRT)
9.5 days
47.6 days
Hydraulic residence time (HRT)
6 hours
10 hours
Sustainable flux at membrane aeration
15 l m-2 h- 1 at SADp = 15.3
30 l m-2 h-1 at SADp = 19.1
Buffer tank
0 days HRT (No buffertank)
2 days HRT (Max. considered)
Anoxic tank volume
fanox = 30%
fanox = 50%
Energy prices
Rising by 4% annually
Rising by 7% annually
Sludge treatment (excluding hauling)
43 Eur ton-1 of DS
300 Eur ton-1 of DS
Membrane costs
20 Eur m-2 membrane surface
100 Eur m-2 membrane surface
Membrane costs (halving per 10 years)
Membrane life time (5 years)

EQI
kgPU d

-1

% change

26.4
27.8

-1.1
+4.4

5,835
5,172

+7.5
-4.7

26.3
26.8

-1.3
+0.5

5,628
5,214

+3.7
-4.0

29.1
26.5

+9.2
-0.5

5,551
5,295

+2.2
-2.5

30.2
27.1

+13.4
+1.6

5,236
5,401

-3.6
-0.5

26.7
26.6

+0.1
-0.3

6,313
5,146

+16.3
-5.2

28.2
34.7

+5.7
+30.0

5,430
5,430

0
0

25.2
28.8

-5.6
+7.9

5,430
5,430

0
0

22.4
33.7
24.2
32.8

-15.8
+26.4
-9.3
+23.1

5,430
5,430
5,430
5,430

0
0
0
0

Influence of HRT Longer HRTs increase capex due to the larger tank volume
required, but this is partially offset by lower opex at lower MLSS concentrations
(10,000 and 6,000 mg/l average MLSS concentrations in aerobic tank at 6 and 10h
HRT respectively). The impact on NPV is thus negligible compared to, say, the
influence of contingency or choice of SRT. The effect on EQI is more pronounced:
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an increase in average HRT from 6 to 10 hours improves effluent quality by 9%. A
larger MBR thus provides better effluent quality, without detriment to NPV
provided land costs are not excessive.
Influence of anoxic fraction Increasing or decreasing the anoxic fraction of total
tank volume has a negligible effect on NPV (Table 4.3), but a large impact on EQI.
Increasing the anoxic fraction from 30 to 50% improves EQI by 18% due to
improved denitrification.
Influence of membrane aeration and sustainable flux Membrane aeration energy
contributes significantly to opex (Brepols et al., 2009; Seah, 2009; Verrecht et al.,
2008), as confirmed by Figure 4.3. Membrane aeration energy can be related to
SADp, the specific aeration demand per unit permeate volume. Extensive pilot
studies regarding the impact of membrane aeration and sustainable flux (Guglielmi
et al., 2007; Guglielmi et al., 2008) suggest a near-linear relationship between
sustainable flux J and U, the in-module air flow velocity in m s-1 (Verrecht et al.,
2008). For HF geometry, calibrating against two full-scale plants (Verrecht et al.,
2008), the correlation between J and U can be expressed as:
(4.3)
(4.4)
(4.5)

where J is the flux through the membrane, in m3 m-2 h-1 and SADm the specific
aeration demand per unit membrane area in Nm3 m-2 h-1, m the slope of the J vs. U
curve (247, according to Verrecht et al., 2008), Lmembrane the membrane module
length (1.8 m); ψ the module packing density (300 m-1), df the hollow fibre outside
diameter (0.002 m) and J0 the intercept of the J vs. U curve (5 l m-2 h-1). Thus:
(4.6)

where a minimum SADp is required to maintain a sustainable flux (Eq. 4.3), but
increasing SADp beyond SADm,max has no impact on the sustainable flux (Eq. 4.4)
and a higher maximum sustainable flux demands a higher SADp. When considering
the influence of sustainable flux and SADp on NPV (Figure 4.7), higher sustainable
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fluxes lead to lower NPVs, indicating that the higher operational costs are offset by
lower capital expenditures which can mainly be attributed to the reduction in
membrane capacity required. An increase in sustainable flux from 15 to 30 l m-2 h-1
results in a decrease in NPV of 9% (at minimum required SADp; Table 4.3). It can
thus be concluded that higher sustainable fluxes are beneficial to NPV, despite the
higher aeration demand and associated increase in opex, provided J ≤ Jsust,max.

Figure 4.7: Influence of SADp on net present value for a range of sustainable fluxes. The
division between unsustainable and inefficient operation (black line) is defined by the
minimal required SADp (Eq. 4.3 to 4.6)

Energy cost For an annual energy price rise of 4%, in line with the historical
average (EIA - Energy Information Administration, 2009), a 5.7% increase NPV
arises over the base case for inflation-linked energy costs. A ‘worst case’ of a 7%
annual increase, corresponding to a doubling of energy prices roughly every 10
years, increases NPV by 30%.
Membrane replacement and cost As shown in Table 4.2, membrane costs make
up 47 - 57% of total capex, while the other process equipment combined
contributes about 20%. Analysis of component lifetime cost impacts is thus most
sensitive to membrane life and costs. A ‘worst case’ membrane lifetime of 5 years
(i.e. 6 membrane replacements in the projected plant lifetime of 30 years) results in
a 23% increase in NPV compared to the base cost assuming membrane replacement
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every 10 years. A halving of membrane costs every 10 years, on the other hand,
reduces NPV by 9.2%, whereas an increase in initial membrane cost from €20 m-2
to €100 m-2 increases NPV by 50% for a 10 year membrane life and by 85% for a 5
year membrane lifetime.
Since membrane replacement is critical in determining NPV, it is unsurprising that
considerable attention has been paid to the optimisation of membrane lifetime by
operating under a sustainable regime and developing adequate cleaning strategies
(Brepols et al., 2008b). There is increasing evidence that MBR membrane life can
reach, or even exceed, a decade for large plants. The Zenon plants at Rodingen (3.2
MLD PDF) and Brescia (42 MLD PDF) are successfully operating with membrane
modules from 2000 and 2002 respectively, and the Kubota equipped MBR plant at
Porlock still operates with 40% of the panels originally installed in 1997 (Judd and
Judd, 2011); predicted replacement intervals of up to 13 years have been reported
(De Wilde et al., 2007b).

4.4. Conclusions
A cost sensitivity analysis, using dynamic simulation results, with respect to design
and operational parameters for an MBR over the lifetime of the plant has revealed:
 The contingency provided for changes in feedwater flow and composition
impacts significantly on net present value (NPV). The analysis shows that
any deviation from the ideal ‘hybrid’ plant, where the MBR treats a constant
influent stream, leads to plant under-utilisation and a resulting cost penalty
manifested as an increase of up to 58% in NPV for a plant designed for three
times the mean flow.
 Addition of a buffer tank for flow equalisation increases average plant
utilisation, leading to more efficient operation and a resulting reduction in
opex, whilst capex can also be reduced according to the reduction in
membrane area and MBR plant size. In the example presented, a decrease in
NPV of up to 11% with increased average plant utilisation from 34 to 48%
results.
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 Addition of a buffer tank is economically beneficial as long as the cost of
land required is less than the NPV saving achieved. In the example
presented, addition of a buffer tank is economically viable for increased land
costs below €324 m-2, an excessive value for industrial land. An MBR with
the maximum sized buffer tank (2d HRT) has a footprint approximately 10%
greater than that of a conventional activated sludge plant.
 An increased SRT at constant tank volume increases the NPV since a greater
aeration demand is incurred at higher MLSS concentrations. Whilst sludge
production is concomitantly reduced, the resulting cost savings do not fully
offset the increased energy costs. However, results are very sensitive to
sludge treatment and disposal costs. The effect of HRT on NPV is minimal, if
land costs are negligible, but a higher average HRT improves effluent
quality.
 Higher sustainable fluxes provide a decreased NPV. Although the opex is
increased due to the higher aeration demand, this is offset by the reduction in
capex and membrane replacement costs since less membrane area is
required. An increase in sustainable flux from 15 to 30 LMH decreases NPV
by 9%.
 The future trend in energy costs is a determining factor for NPV: a doubling
of energy costs every ten years increases the NPV by 30%.
 A membrane lifetime of 5 years results in an NPV 23% higher compared to a
10 year membrane replacement interval, for a constant membrane cost of
€50 m-2. If initial membrane costs increase five-fold from €20 per m2, NPV
increases by 85% for a 5 year membrane lifetime and by 50% for a 10 year
membrane life.
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Abstract
A benchmark simulation model for membrane bioreactors (BSM-MBR) was
developed to evaluate operational and control strategies in terms of effluent quality
and operational costs. The configuration of the existing BSM1 for conventional
wastewater treatment plants was adapted using reactor volumes, pumped sludge
flows and membrane filtration for the water-sludge separation. The BSM1
performance criteria were extended for an MBR taking into account additional
pumping requirements for permeate production and aeration requirements for
membrane fouling prevention. To incorporate the effects of elevated sludge
concentrations on aeration efficiency and costs, a dedicated aeration model was
adopted. Steady-state and dynamic simulations revealed BSM-MBR, as expected,
to out-perform BSM1 for effluent quality, mainly due to complete retention of
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solids and improved ammonium removal from extensive aeration combined with
higher biomass levels. However, this was at the expense of significantly higher
operational costs. A comparison with three large-scale MBRs showed BSM-MBR
energy costs to be realistic. The membrane aeration costs for the open loop
simulations were rather high, attributed to non-optimization of BSM-MBR. As
proof of concept two closed loop simulations were run to demonstrate the
usefulness of BSM-MBR for identifying control strategies to lower operational
costs without compromising effluent quality.

5.1. Introduction
The use of membrane bioreactors (MBRs) for wastewater treatment has increased
significantly over the last 15 years due to technological advances and generally
decreasing membrane costs. The high effluent quality offered compared to
conventional activated sludge (CAS) systems makes MBRs especially suited for
reuse (Judd, 2008). Their widespread application, however, is still limited by
comparatively high life cycle costs over more conventional available options
(Kinnear et al., 2010). Marginal decreases in both capital and operational costs can
be hugely influential in determining selection of MBRs, particularly at large scale.
For conventional wastewater treatment plants (WWTPs) and MBRs, mathematical
models like the ASM family (Henze et al., 2000) are widely used for studying
process behaviour, system design and process optimization (Fenu et al., 2010a;
Gernaey et al., 2004; Verrecht et al., 2010a). The latter has also led to the
development of dedicated tools such as the COST/IWA Benchmark Simulation
Model No. 1 (BSM1, Chapter 2) (Copp, 2002; Jeppsson and Pons, 2004), which is
a standardised simulation procedure for the design and evaluation of control
strategies for conventional WWTPs in terms of effluent quality and operational
costs, comprising a detailed description of plant layout, process models, input and
evaluation criteria. More recently, the importance of integrated control, plant-wide
optimization and long-term evaluation was recognized within the wastewater
treatment community and led to the development of BSM1_LT (Rosen et al., 2004)
and BSM2 (Jeppsson et al., 2006; Nopens et al., 2010). The widespread use of
BSM, with more than 300 publications based on BSM1/2, clearly indicates the
usefulness of such a tool for the wastewater research community (Chapter 2).
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In this study, a dynamic benchmark simulation model for MBRs (BSM-MBR) is
proposed as a platform to evaluate their operational and control strategies. Control
systems have already been proven for optimizing operational costs and effluent
quality for CAS plants (Olsson et al., 2005). The application of conventional
control strategies for aeration, recirculation pumping, carbon addition, etc. to
MBRs is, however, yet to be thoroughly investigated. In terms of quantifying
operational costs for MBRs, thus far simple static spreadsheet models have been
mainly adopted based on rules of thumb and steady-state operation (Verrecht et al.,
2008; Yoon et al., 2004). Although useful, these models may lead to erroneous
conclusions by not taking dynamic behavior and system configuration into account,
and precluding the evaluation of process control. These aspects can all be explored
using BSM-MBR.

5.2. Materials and methods
BSM-MBR is based on BSM1 (Alex et al., 2008; Copp, 2002). The modification of
BSM1 to provide BSM-MBR was conducted using the modelling and simulation
software WEST® (mikebydhi.com, Vanhooren et al., 2003). Basic information on
the BSM1/BSM-MBR influent files is given in Table 5.1. For BSM-MBR, the
influent was assumed to already have passed pre-treatment, i.e. coarse screens, grit
chamber, grease trap and fine sieves.
Table 5.1: Flow-weighted average influent composition for BSM1 and BSM-MBR
Compound

Unit

SI
SS
XI
XS
XBH
SNH
SND
XND
SALK
Qi,av
Qi,max

gCOD m-3
gCOD m-3
gCOD m-3
gCOD m-3
gCOD m-3
gN m-3
gN m-3
gN m-3
molHCO3- m-3
m-3 d-1
m-3 d-1

Dry
weather
30.00
69.50
51.20
202.32
28.17
31.56
6.95
10.59
7.00
18446.33
32180

Rain
weather
25.96
60.13
44.30
175.05
24.37
27.30
6.01
9.16
7.00
21319.75
52126

Storm
weather
28.03
64.93
51.92
193.32
27.25
29.48
6.49
10.24
7.00
19744.72
60000
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5.2.1. Model configuration
Biokinetics As for BSM1, ASM1 (Henze et al., 2000; Appendix A) was used as
biological process model for BSM-MBR. The BSM1 biokinetic parameter values
were judged adequate for BSM-MBR; no consensus currently exists on updating
the biokinetic values for MBRs due to contradictory literature findings (Fenu et al.,
2010a), and the default parameter values have been shown to be sufficient
(Verrecht et al., 2010b).
Membrane separation Separate filtration tanks were used, as is common in almost
all submerged hollow fibre (HF) systems and many flat sheet (FS) ones, to provide
flexibility in membrane operation and cleaning (Itokawa et al., 2008),
notwithstanding increased pumping requirements. The characteristics and operation
of the membrane modules were based on commercially available HF systems;
minor modifications would be required for a flat sheet configuration to be
represented.
All solids were assumed to be retained by the membrane. Fouling of the
membranes was not modelled as such, since no consensus on its mechanisms has
been reached. Coarse bubble aeration was incorporated in the model for fouling
control so that its impact on biology and operational costs, assuming constant
permeability, could be assessed. The design net flux was set to 20 l m-2 h-1 (LMH).
Peak flows were assumed to incur a 100% increase in net flux to 40 LMH (Garcés
et al., 2007). Backwashing and relaxation were not physically modelled.
71500 m2 of membranes, divided over 8 separate 3.5m-high membrane tanks, were
provided, enabling BSM-MBR to treat the peak instantaneous storm flow with one
membrane tank out of service (worst-case scenario). 1500 m3 of membrane tank
volume was assumed to be required based on a packing density of 47.5 m2
membrane area per m3 tank volume, which is at the lower end of values reported in
literature (Judd and Judd, 2011). A conservative specific membrane aeration
demand (SADm) of 0.3 Nm3 h-1 per m2 of membrane area was chosen based on
literature values for hollow fibre systems (Judd and Judd, 2011), resulting in a
maximum of 21450 Nm3 h-1 for coarse bubble aeration of the membranes. The
target membrane tank total suspended solids (TSS) concentration was 10 g l-1.
Tank sizing BSM-MBR was given a total bioreactor volume of 7500 m3, including
the membrane tanks, resulting in an HRT of 3 h at peak instantaneous storm flow
and 9.8 h at average dry weather flow, which is within but at the lower end of
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values reported for large MBRs in Europe (Itokawa et al., 2008). Compared to
BSM1 the total BSM-MBR volume was lower by 37.5%, while the bioreactor
volume was actually 25% higher. As with BSM1, the total bioreactor volume was
split into 5 zones: 2 anoxic zones followed by 3 aerobic zones, including the
membrane tanks. The anoxic volume fraction was set to 40%. Thus, all zones were
sized at 1500 m3. To accommodate a worst-case scenario of 25% of the bioreactor
volume being out of service, BSM-MBR was split up in 4 equal parallel lanes, as is
actually the case for numerous full-scale WWTPs. As such, the actual volume of all
5m-high biological tanks was 375 m3.
Sludge flows To keep the sludge concentration in the membrane tanks within
reasonable limits and distribute it more evenly over the whole plant, sludge was
recirculated from the membrane tanks to the first aerobic zone at 55338 m3 d-1, i.e.
3 times the average dry weather flow (DWF). Sludge was also recirculated from the
second aerobic zone to the first anoxic zone at the same rate to recycle nitrate.
Waste sludge was taken from the membrane tank recirculation loop (200 m3 d-1) to
maintain an SRT between 25 to 30 days as is common for MBRs (Itokawa et al.,
2008). The general layout and flow scheme of BSM-MBR is shown in Figure 5.1.

Figure 5.1: BSM-MBR layout and flow scheme

Aeration In BSM1 the oxygen transfer rate (OTR - g d-1) in the aerobic tanks is
controlled by adapting the oxygen mass transfer coefficient (Chapter 3, Eq. 3.1).
The aeration energy (AE – kWh d-1) consumed is calculated from this coefficient
according to an empirical formula. Using the equations of BSM1 for BSM-MBR
would overlook the pivotal negative influence of elevated sludge concentrations,
which is paramount in MBR systems, on oxygen transfer efficiency (Henkel et al.,
2009). For this reason, and to allow differentiation between coarse and fine bubble
aeration, a more fundamental and extensive aeration model was adopted,
combining several literature findings (Germain et al., 2007; Judd and Judd, 2011;
Stenstrom and Rosso2008; Tchobanoglous et al., 2003; Verrecht et al., 2008):
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(5.1)

(5.2)

(5.3)

(5.4)
(5.5)

(5.6)

with, additionally to the parameters in Eq. 3.2 - 3.4, AOTE the actual oxygen
transfer efficiency (%), SOTE the standard oxygen transfer efficiency (% m-1), Pd
the pressure at the bottom of the aeration tank (Pa), Patm the atmospheric pressure
(Pa), Oout the volume percentage of oxygen in air leaving the surface of the aeration
tank (%), OA,v the volume percentage of oxygen in air (%), ρsludge the density of
sludge (kg m-3), g the gravitational acceleration (m s-1) and h the depth of the
aeration tank (m). The dissolved oxygen saturation concentration for clean water at
temperature T at sea level (C*(T) - g m-3) was calculated with the equation
suggested by Benson and Krause (1984). The parameter values for Equations 5.1 to
5.6 are given in Table 5.2. The chosen values may be regarded as mean values, or
at least within the range of cited literature values. Parameter values for a specific
MBR system could differ from the values reported here. For open loop operation
(without control strategies implemented) a fine bubble aeration flow of 6500 Nm3
h-1 was selected, of which 4250 Nm3 h-1 for the first aerobic zone and the remainder
for the second aerobic zone. Based on manufacturer data, the maximum possible
fine bubble aeration per zone was set at 7000 Nm3 h-1. The membrane tanks had no
fine bubble aeration.

5.2.2. Evaluation criteria
The evaluation criteria of BSM1, these being the effluent quality index (EQI kgPU d-1, Eq. 4.1 - Chapter 4) and the operational cost index (OCI - d-1, Eq. 5.7),
were used for BSM-MBR, with the latter adapted with reference to energy demand
in kWh d-1 from aeration (AE), pumping (PE) and mixing (ME) but not to sludge
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Table 5.2: Oxygen transfer (top) and aeration energy (bottom) model parameter values
Parameter Unit
Value
0.95
β
0.9a - 0.7b
F
m s-2
9.81
g
%
23.2
OA,m
%
21
OA,v
Pa
101325
Patm
-3
gm
1200
ρA
-3
kg m
1000
ρsludge
-1
%m
2a - 6b
SOTE
°C
15
T
m
3.5a - 5b
y
1.024
φ
0.05a - 0.083b
ω
29.7
cSI
0.5
ξb
0.283
n
Pa
101325
pin
Pa
140660a - 155375b
pout
J mol-1 K-1
8.314
R
K
293.15
Tin
a
b
Coarse bubble aeration, Fine bubble aeration

production (SP - kg d-1) and external carbon dosage (EC - kgCOD d-1). The
weighting factors βTKN and βNO for Equation 4.1 were chosen according to the latest
version of BSM1 (Alex et al., 2008), i.e. respectively 30 and 10.
(5.7)

Aeration energy The aeration energy for BSM-MBR was split into the
contributions from fine bubble aeration in the bioreactors (AEbioreactor) and coarse
bubble aeration in the membrane unit (AEmembrane). Both were calculated by
integration of the expression for power requirement for adiabatic compression
(Tchobanoglous et al., 2003) over evaluation period Tev:
(5.8)

with w(t) the mass air flow rate (kg s-1), R the universal gas constant (J mol-1 K-1),
Tin the absolute inlet temperature (K), cSI a constant for unit conversion (-), n an air
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constant (-), ξb the blower efficiency (-), pout the absolute outlet pressure (Pa), pin
the absolute inlet pressure (Pa) and cp the resulting power factor (kWs kg-1).
Equation 5.8 combined with the parameter values in Table 5.2 provided a power
consumption of 0.019 kWh Nm-3 of air for coarse bubble aeration and 0.025 kWh
Nm-3 for fine bubble aeration, comparable with literature values (Verrecht et al.,
2008).
Pumping energy As with BSM1, the PE for the sludge (PEsludge) was derived from
three pumped sludge flows: the internal nitrate recirculation flow (Qint - m3 d-1), the
waste flow (Qw - m3 d-1) and the return activated sludge flow (Qr - m3 d-1). A value
of 0.0075 kWh m-3 was chosen for the pumping energy factors PF_Qint and PF_Qr,
based on values for the MBR plants in Nordkanal and Varsseveld (De Wever et al.,
2009). The value of 0.05 kWh m-3 for PF_Qw was taken from BSM1.
Pumping relating to effluent (or permeate) production (PEeffluent) was calculated in
the same way as for the sludge flows, with PF_Qe set to 0.075 kWh m-3 based on
values for Nordkanal, Varsseveld (De Wever et al., 2009) and Schilde (Fenu et al.,
2010b). Changes in PF_Qe due to a varying filtration cycle, filtration flux and
fouling behavior were ignored.
Mixing energy The total mixing energy (ME - kWh d-1) comprised the energy used
for mixing the anoxic, aerobic tanks and membrane tanks. The anoxic tanks were
mixed constantly and required 0.008 kW mixing power per m3 tank volume (Fenu
et al., 2010b; Tchobanoglous et al., 2003), yielding a constant ME of 576 kWh d-1.
The threshold value for sufficient aeration for mixing was set at 165 Nm3 h-1 for an
aerobic tank and 120 Nm3 h-1 for a membrane tank, based on a value of 2.2 m3 h-1
per m2 ground surface area (Water Environment Federation, 2009). Below the
threshold additional mechanical mixing at 0.008 kW m-3 was assumed necessary.

5.2.3. Simulation procedure
Steady-state and dynamic simulations with BSM-MBR were performed in the same
way as described for BSM1, i.e. steady-state simulation up to 10 times the sludge
age followed by three weeks of dynamic dry weather and a last week, the
evaluation period, of dynamic dry, rain or storm weather. Closed and open loop
results refer to BSM-MBR simulations respectively with and without control
strategies implemented. The full membrane and biological capacity was used in all
simulations.
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5.3. Results and discussion
5.3.1. Steady-state open loop evaluation.
The steady-state results for the open loop case of BSM-MBR are shown in Tables
5.3 and 5.4. The results in Table 5.3 show that BSM-MBR performs better in terms
of effluent TSS and COD compared to BSM1, mostly because of the full retention
of particulates by the membranes. In terms of N removal, it can be observed that
superior nitrification is obtained in BSM-MBR. Effluent nitrate concentrations are
however higher for BSM-MBR than BSM1 due to excessive aeration providing
complete nitrification, while influent carbon for denitrification is limited with a
COD to TN ratio of only 6.93 gCOD gN-1. Moreover, less nitrate and more oxygen
is recycled back to the anoxic zone of BSM-MBR compared to BSM1, causing a
reduced denitrification performance. The high DO levels in zones 3, 4 and 5 in
Table 5.4 also indicate inhibited simultaneous nitrification-denitrification. The total
SRT for BSM-MBR is 27.4 days, which is within the intended limits. The fraction
of biomass in anoxic conditions amounts to only 31%, despite an anoxic volume
fraction of 40%, due to the steep TSS gradient along the different reactor zones: 5.6
g l-1, 7.4 g l-1 and 9.8 g l-1 for the anoxic, aerobic and membrane tanks respectively.
This is an MBR specific issue as for CAS systems the sludge distribution is
generally more homogeneous.
Table 5.3: Comparison of BSM-MBR and BSM1 steady-state open loop effluent results
Compound
SI
SS
XI
XS
XBH
XBA
XP
SO
SNO
SNH
SND
XND
SALK
TSS

Unit
gCOD m-3
gCOD m-3
gCOD m-3
gCOD m-3
gCOD m-3
gCOD m-3
gCOD m-3
g m-3
gN m-3
gN m-3
gN m-3
gN m-3
molHCO3- m-3
g m-3

BSM1
30.00
0.89
4.39
0.19
9.78
0.57
1.73
0.49
10.42
1.73
0.69
0.01
4.13
12.50

BSM-MBR
30.00
0.67
0.00
0.00
0.00
0.00
0.00
8.11
12.57
0.07
0.58
0.00
3.85
0.00
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Table 5.4: Steady-state open loop BSM-MBR results for reactor zones 1 to 5: anoxic 1-2,
aerobic 1-2 and the membrane tanks
Compound
SI
SS
XI
XS
XBH
XBA
XP
SO
SNO
SNH
SND
XND
SALK
TSS

Unit
gCOD m-3
gCOD m-3
gCOD m-3
gCOD m-3
gCOD m-3
gCOD m-3
gCOD m-3
g m-3
gN m-3
gN m-3
gN m-3
gN m-3
molHCO3- m-3
g m-3

1
30.00
2.25
2678.62
82.52
2699.15
233.30
1781.17
0.01
4.09
8.57
1.08
5.38
5.07
5606.08

2
30.00
1.31
2678.62
76.19
2697.86
233.07
1782.50
0.00
1.48
9.22
0.68
5.16
5.30
5601.19

3
30.00
0.85
3554.43
65.13
3573.19
311.13
2372.10
2.46
10.08
1.58
0.65
4.73
4.14
7406.98

4
30.00
0.77
3554.43
59.35
3572.44
311.33
2373.11
2.19
11.54
0.33
0.63
4.40
3.95
7403.00

5
30.00
0.67
4722.18
67.25
4739.59
413.41
3155.87
8.11
12.57
0.07
0.58
5.14
3.85
9823.72

5.3.2. Dynamic open loop evaluation
The dynamic dry, rain and storm weather results for the open loop case of BSMMBR are shown in Tables 5.5 and 5.6. From Table 5.5 it is clear that the use of
membrane filtration instead of secondary clarification ameliorates adverse effects
of rain and storm weather conditions on effluent quality, since sludge wash-out is
not possible. The dynamic dry weather results in Table 5.5 are comparable to the
steady-state results in Table 5.3 for BSM-MBR, but not for BSM1 in terms of SNH
and SNO. Apparently the nitrification capacity of BSM1 is at times insufficient
during dynamic simulations. BSM-MBR has 12.5% more aerobic volume
compared to BSM1 and also carries more than two times the biological mass per
unit volume. The excessive membrane aeration in BSM-MBR further ensures DO
levels sufficiently high to maintain nitrification capacity during dynamic
conditions.
The impact of influent dynamics on TSS and DO concentrations throughout BSMMBR is clearly visible in Figure 5.2. With every peak flow sludge is washed out of
the anoxic tanks towards the membrane tanks. The TSS concentrations in the first
and second aerobic zone are stable. Having constant internal nitrate recirculation
and return activated sludge flows is clearly insufficient for maintaining a stable
sludge distribution over the plant at all times. The combination of a higher demand
for oxygen during peak flows and less efficient aeration at high TSS induces high
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Table 5.5: Comparison of BSM-MBR and BSM1 dynamic open loop flow proportionally
averaged effluent results for dry, rain and storm weather
Compound Unit
SI
SS
XI
XS
XBH
XBA
XP
SO
SNO
SNH
SND
XND
SALK
TSS
TKN
TN
COD
BOD5
Qe

gCOD m-3
gCOD m-3
gCOD m-3
gCOD m-3
gCOD m-3
gCOD m-3
gCOD m-3
g m-3
gN m-3
gN m-3
gN m-3
gN m-3
mol m-3
g m-3
gN m-3
gN m-3
g m-3
g m-3
m3 d-1

BSM1
Dry
Rain
Storm
30.00
22.84
26.30
0.97
1.13
1.11
4.58
5.64
5.64
0.22
0.34
0.32
10.22
12.86
11.88
0.54
0.64
0.59
1.76
2.07
1.91
0.75
0.85
0.76
8.82
6.96
7.48
4.76
4.98
5.35
0.73
0.82
0.80
0.02
0.02
0.02
4.46
5.14
4.87
12.99
16.16
15.26
6.75
7.37
7.63
15.57
14.32
15.11
48.30
45.52
47.76
2.77
3.47
3.23
18061.33 23808.19 20658.08

BSM-MBR
Dry
Rain
Storm
30.00
22.85
26.29
0.70
0.72
0.74
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
7.58
7.00
6.99
12.74
11.20
11.78
0.12
0.12
0.13
0.60
0.61
0.62
0.00
0.00
0.00
3.85
4.49
4.19
0.00
0.00
0.00
0.72
0.74
0.76
13.46
11.93
12.54
30.70
23.58
27.03
0.18
0.18
0.18
18246.31 23993.17 20843.08

variability in the DO levels of the membrane tanks during dynamic simulations.
The DO in the other aerobic zones is also highly variable. Even under normal dry
weather conditions the DO in the second aerobic zone fluctuates from 0.25 mg l-1 to
6 mg l-1. The former has, as mentioned before, little effect on effluent ammonium
concentrations because of the excessive membrane aeration, the latter causes severe
oxygen poisoning of the first anoxic zone.
BSM-MBR performs 51% (dry weather), 58% (rain weather) and 56% (storm
weather) better than BSM1 in terms of EQI (Table 5.6), and no effluent limits are
violated. Nonetheless, BSM-MBR effluent TN can be high at times (as indicated by
TN95) due to poor denitrification (as indicated by SNH, 95). Compared to the dry
weather situation, the BSM-MBR EQI increases 15% and 6% for the rain and
storm weather case respectively, whereas the corresponding BSM1 EQI figures are
34% and 20%. BSM-MBR is thus more stable than BSM1 when subjected to
varying influent conditions.
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Figure 5.2: Impact of dry, rain and storm weather influent dynamics on TSS and DO in
the membrane tanks, DO in the second aerobic zone and TSS in the first anoxic zone.
The 2nd and 3rd day of the 7 day evaluation period are shown

However, the superior effluent quality of BSM-MBR incurs a cost 61 - 69% higher
than that of BSM1 depending on influent dynamics, according to the OCI. Other
than for sludge disposal, all costs are increased significantly (140% for mixing,
306% for aeration and up to 580% for pumping). The higher mixing costs can be
attributed to the larger anoxic volume to be mixed and the higher energy factor for
mixing selected to incorporate the influence of elevated TSS on mixing. Care
should be taken when comparing aeration costs between BSM1 and BSM-MBR,
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Table 5.6: Comparison of BSM-MBR and BSM1 dynamic open loop effluent quality and
operational cost performance criteria for dry, rain and storm weather
Criterion

Unit

IQI
EQI
TN95
SNH, 95
TSS95
TNLimit_violations
(18 gN m-3)
SNH, Limit_violations
(4 gN m-3)
SPtotal
- SP
AE
- AEbioreactor
- AEmembrane
PE
- PEsludge
- PEeffluent
ME
OCI

Dry
kgPU d
52081.40
-1
kgPU d
6690.73
-3
gN m
18.54
-3
gN m
8.88
-3
gm
15.75
5
% of time
8.18
7
% of time 62.50
kgTSS d-1 2670.32
kgTSS d-1 2435.67
kWh d-1
3341.39
-1
kWh d
3341.39
-1
kWh d
-1
kWh d
388.17
-1
kWh d
388.17
-1
kWh d
-1
kWh d
240.00
-1
d
16147.92
-1

BSM1
Rain
52081.40
8936.23
17.79
9.47
21.69
3
4.32
7
63.24
2737.14
2352.32
3341.39
3341.39
388.17
388.17
240.00
15731.18

Storm
54061.50
8022.77
18.72
9.78
20.79
4
8.48
7
64.43
2914.53
2599.36
3341.39
3341.39
388.17
388.17
240.00
16966.34

BSM-MBR
Dry
Rain
Storm
52081.40 52081.40 54061.50
3286.54 3790.07 3499.88
16.83
15.75
16.74
0.37
0.37
0.38
0.00
0.00
0.00
0
0
0
0.00
0.00
0.00
0
0
0
0.00
0.00
0.00
1961.12 1974.90 2166.26
1961.12 1974.90 2166.26
13558.87 13558.87 13558.87
3878.45 3878.45 3878.45
9680.42 9680.42 9680.42
2208.54 2639.56 2403.30
840.07
840.07
840.07
1368.47 1799.49 1563.23
576.00
576.00
576.00
26148.99 26648.91 27369.45

since their respective aeration models differ significantly. However, aeration costs
can be expected to be higher for MBRs than CAS plants. 71% of the aeration costs
for BSM-MBR are linked with the coarse bubble aeration for membrane fouling
control, while it was calculated that the latter accounts for only 30 - 31% of oxygen
transferred into the system with 2 - 3% of the total oxygen lost through the effluent.
The elevated pumping energy costs for BSM-MBR can mostly be attributed to
permeate production through membrane filtration. Also, more sludge is being
pumped around in BSM-MBR than BSM1. The significant decrease in sludge
production for disposal, 16 - 19%, can be explained by the more than three times
longer SRT of BSM-MBR compared to BSM1 (Lubello et al., 2009).

5.3.3. Comparison with full-scale MBRs
The total specific energy requirement of modern, optimized large-scale MBR plants
is reported as being in the range 0.6 - 1 kWh m-3 (Lesjean et al., 2009). Table 5.7
provides a breakdown of energy costs per m3 of permeate for three large-scale
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MBR plants (Schilde, Varsseveld and Nordkanal) compared with the dry weather
open loop results of BSM-MBR. Notwithstanding some energy costs being very
plant specific, it seems that the BSM-MBR energy costs are comparable with those
from full-scale plants. Only membrane aeration costs are consistently higher for
BSM-MBR, since the membrane aeration was constantly applied to all membranes
in the open loop simulations for BSM-MBR, whereas in reality membrane tanks are
taken in and out of service depending on influent flow and membrane flux. The
MBRs of Schilde, Varsseveld and Nordkanal are to some extent optimized, which
BSM-MBR in its open loop form by definition is not.
Table 5.7: Overview of total and specific energy costs for the MBRs of Schilde (Fenu et
al., 2010b), Varsseveld (De Wever et al., 2009), Nordkanal (Brepols et al., 2010) and
BSM-MBR under dry weather conditions
Energy cost (kWh m-3)
ME
PEsludge
PEeffluent
AEbioreactor
AEmembrane
Total

Schilde
0.05
0.10
0.07
0.07
0.23
0.52

Varsseveld
0.04
0.11
0.12
0.24
0.34
0.85

Nordkanal
0.11
0.01
0.02
0.11
0.45
0.71

BSM-MBR
0.03
0.05
0.07
0.21
0.53
0.90

5.3.4. Closed loop performance
The impact of imposing a basic control and novel operational strategy for
regulating aeration was studied for illustrative purposes.
DO control An aeration control scheme was implemented maintaining the DO
concentration in the second aerobic zone at 1.5 mg l-1 using a PI controller to adjust
the fine bubble aeration in both the first and second aerobic zone. Moreover, 50%
more air was sent to the first than the second aerobic zone, since it receives a higher
load, unless the maximum aeration capacity has been reached. The DO sensor and
actuator performance was assumed to be ideal, i.e. without noise or delay. The
proportional gain of the controller was tuned to 500 and the integral time to 0.002
d. The results in Table 5.8 show the proposed DO control strategy impact on
effluent quality being marginally beneficial, if not the contrary, compared to the
open loop case, with EQI decreasing 1 - 2% depending on the weather conditions,
but the TN effluent limit also being violated in each case. The cost of fine bubble
aeration decreased significantly, 8 - 12% compared with the open loop case, albeit
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with only a minor impact on overall OCI since the latter is dominated by sludge
disposal and membrane aeration costs.
DO and SADm control Extending the former control scheme to link membrane
aeration to flux, assuming this to have no major adverse effects on membrane
fouling and sustainable flux (Garcés et al., 2007; Stone and Livingston, 2008), was
tested. SADm was assumed to decrease linearly from 0.3 to 0.15 Nm3 h-1 m2 with
fluxes decreasing from 20 to 10 LMH. Beyond these limits SADm remained
constant. Again, sensor and actuator performance was assumed ideal. The results in
Table 5.8 show the SADm control scheme to have a minor effect on effluent quality,
with EQI decreasing by 0 - 1% compared to the closed loop case with only DO
control. The membrane aeration costs decrease by 42, 31 and 38% for the dry, rain
and storm case respectively, while the fine bubble aeration costs increase
marginally, i.e. 1 - 2%, to satisfy biological oxygen demand. Interestingly,
diminishing membrane aeration has only minor effect on oxygen transfer since the
latter still accounts for 27 - 29% of the oxygen transferred to the system. The
explanation lies in the lower DO levels obtained in the membrane tanks when
membrane aeration is lowered. This increases the driving force for oxygen transfer,
while, depending on the weather conditions, also 15 to 24% less oxygen is lost
Table 5.8: BSM-MBR dynamic closed loop effluent quality and operational cost
performance criteria for dry, rain and storm weather
Criterion
IQI
EQI
TN95
SNH, 95
TNLimit_violations
(18 gN m-3)
SP
AE
- AEbioreactor
- AEmembrane
PE
- PEsludge
- PEeffluent
ME
OCI

Unit

DO control
Dry
Rain
Storm
-1
kgPU d
52081.40 52081.40 54061.50
kgPU d-1 3224.22 3717.95 3461.05
gN m-3
17.46
16.21
17.25
-3
gN m
0.17
0.18
0.17
4
1
4
% of time
0.03
0.01
0.03
kgTSS d-1 1961.17 1975.06 2166.11
kWh d-1 13142.86 13106.08 13234.11
kWh d-1
3462.44 3425.66 3553.69
kWh d-1
9680.42 9680.42 9680.42
-1
kWh d
2208.55 2639.56 2403.30
-1
kWh d
840.07
840.07
840.07
-1
kWh d
1368.48 1799.49 1563.23
-1
kWh d
576.00
576.00
576.00
-1
d
25733.28 26196.96 27043.97

DO + SADm control
Dry
Rain
Storm
52081.40 52081.40 54061.50
3203.27 3702.66 3440.81
17.37
16.13
17.17
0.17
0.18
0.18
4
1
4
0.02
0.01
0.02
1961.20 1975.07 2166.14
9122.00 10120.26 9584.75
3525.63 3471.58 3612.54
5596.38 6648.68 5972.21
2208.55 2639.56 2403.30
840.07
840.07
840.07
1368.48 1799.49 1563.23
576.00
576.00
576.00
21712.54 23211.16 23394.74
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through the effluent. Compared to the open loop case, the overall OCI decreases by
13 - 17%. The results thus show large potential for saving energy by having
proportional membrane aeration without compromising effluent quality. The latter
may, however, be compromised when proportional membrane aeration is used
combined with other operational and control strategies. Also, a thorough
investigation of the technical feasibility and fouling control effectiveness of
proportional membrane aeration is needed.

5.4. Conclusions
 A benchmark simulation model for MBRs (BSM-MBR) has been developed.
The existing BSM1 for a conventional WWTP was used as starting point and
updated in terms of reactor volumes, membrane filtration, aeration capacity
and sludge flows. The BSM1 performance criteria were extended for an
MBR taking into account additional pumping requirements for permeate
production and aeration requirements for fouling suppression. A dedicated
aeration model was used to incorporate the effects of elevated sludge
concentrations on aeration efficiency and costs.
 Steady-state and dynamic open loop simulations revealed the effluent quality
of BSM-MBR to be up to 58% better than that of BSM1, mainly thanks to
the complete retention of solids and improved ammonium removal due to
extensive aeration in combination with more biological mass. However, this
was at the expense of significantly higher operational costs. Only the sludge
disposal costs decreased for the BSM-MBR, due to the higher SRT.
 Impaired denitrification performance was evident due to oxygen poisoning
of the first anoxic zone and a reduced anoxic mass fraction related to the
steep TSS gradient along the bioreactor zones. Furthermore, the TSS gradient
was found to be highly susceptible to influent flow dynamics, also having
repercussions on aeration efficiency.
 A comparison with three large-scale MBRs showed BSM-MBR energy costs
to be realistic. The membrane aeration costs for the open loop simulations
were high due to the lack of optimization.

78

Benchmark simulation model
 Two closed loop simulations were run to show the potential of control
strategies applied to BSM-MBR for diminishing operational costs by 13 17% depending on influent dynamics, without compromising effluent
quality.
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investigate the influence of hybrid membrane
bioreactor design on effluent quality and operational
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Abstract
A benchmark simulation model for hybrid membrane bioreactors (BSM-hMBR)
was developed to investigate their dynamic behaviour and the effect of different
levels of conventional and MBR integration on effluent quality and operational
costs. BSM1 (Chapter 2) was chosen to represent the conventional and BSM-MBR
(Chapter 5) the MBR part of the model. The BSM-MBR aeration model, adapted
with regard to the α-factor, was used throughout (i.e. also in BSM1). The effluent
and cost performance criteria only needed little adaptation. A parallel, in series and
integrated layout were defined as well as certain rules, procedures and controllers
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with regard to influent partitioning, sludge distribution, settler operation and
aeration. The latter was necessary to enable a fair comparison of simulations and
scenarios. The results showed that BSM-hMBR is able to produce a better effluent
than BSM1 at lower costs than BSM-MBR. Both the choice of layout and the
influent partitioning ratio between the conventional and MBR lane had a significant
influence on effluent quality but not so much on total operational costs. The
optimal results that were achieved for each layout were however similar and
especially for the parallel layout found at high influent rates towards the MBR lane,
hereby maximizing the benefits of membrane filtration on effluent quality. The
integrated layout appeared particularly vulnerable to storm flows though these can
be dealt with appropriately by changing the operation of the plant. Despite
promising results, strong conclusions on optimal design and operation of hybrid
MBRs are considered premature at this stage. The developed tool, however, allows
further investigation into the application of hybrid MBRs as greenfield or retrofit
wastewater treatment plants.

6.1. Introduction
The future of membrane bioreactor technology for communal wastewater treatment
may lie in the use of MBRs with a hybrid or dual configuration, i.e. the
combination of conventional activated sludge (CAS) treatment with MBR, as this
provides the capability to produce an effluent of higher quality than CAS systems
at lower costs than standalone MBRs. Several hybrid MBRs exist today (Brepols et
al., 2008a; Krzeminski et al., 2012), mainly as the result of upgrading of
conventional plants with strict nutrient limits and little or no space (i.e. land)
available for expansion. However, little knowledge is available on the optimal
design and operation of hybrid MBRs, giving reason not to consider them an option
in greenfield applications.
An important aspect to consider when dealing with hybrid MBRs is how to
integrate the conventional and MBR part of the plant, since this greatly determines
overall effluent quality and costs. At the hybrid MBR of Heenvliet (Water board
Hollandse Delta, the Netherlands - Mulder, 2009; STOWA, 2009), for instance, the
two entities can be run in parallel as two completely separated lines, but also in
series (MBR after CAS) whereby the secondary settlers only work during rain
weather. The idea behind the latter scenario is to maximize the use of installed
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membranes to reach a better effluent quality. When operated in series all influent
enters the CAS part of the plant, while in parallel both lines are equally loaded
except when the maximum membrane capacity is reached (e.g. during rain events).
The hybrid MBR of Schilde (Aquafin NV, Belgium - Fenu et al., 2010b) on the
other hand is always run in parallel, but the influent ratio between the two lines can
be dynamically adapted to maximize effluent quality. The hybrid MBR of La
Bisbal d’Empordà (Girona, Spain) is an example where the old plant was fully
converted into an MBR, with one biological lane treating all the influent. However,
the option to produce effluent by secondary settling is still available (i.e. rain
events). The extent of CAS/MBR integration thus forms an additional degree of
freedom both in the design and operation of a hybrid MBR. Some literature on the
topic exists (e.g. Brepols et al., 2008a; Fenu et al., 2011a; Krzeminski et al., 2012),
but mostly related to specific cases. A generalised investigation on how to
maximally exploit this additional degree of freedom to bring out the benefits of
MBR technology (superior effluent quality) while minimizing its drawbacks
(fouling, flexibility in handling peak flows, costs), is lacking.
To better investigate the dynamic behaviour of hybrid MBRs and the effect of
different levels of CAS/MBR integration on effluent quality and operational costs a
benchmark simulation model (BSM) approach was adopted in this study. A BSM is
basically a standardized simulation and evaluation procedure comprising a detailed
description of a chosen plant layout, simulation models, dynamic input and
evaluation criteria (Chapter 2 and 5). As such, it provides a platform for fair
comparison of different control and operational strategies. The use of benchmark
simulation models is well established for CAS systems, with more than 300
publications based on the COST/IWA BSM1 (Copp, 2002; Jeppsson and Pons,
2004) and BSM2 (Jeppsson et al., 2006; Nopens et al., 2010). A benchmark
simulation model for MBRs (BSM-MBR) was proposed by Maere et al. (2011)
(chapter 5). In what follows the configuration of a benchmark simulation model for
hybrid MBRs (BSM-hMBR) is described and the effect of different levels of
integration investigated. The optimal management of flows and loads is also
discussed.

83

Chapter 6

6.2. Materials and methods
6.2.1. Description of the base case scenario: parallel plant layout
The base case plant layout of BSM-hMBR is shown in Figure 6.1. BSM1 (Alex et
al., 2008; Copp, 2002) and BSM-MBR (Maere et al., 2011) were chosen to
represent the CAS and MBR part of BSM-hMBR respectively. BSM1 has an SRT
of 9.1 d and a total biological volume of 6000 m3 of which 1/3 anoxic and the
remainder aerobic. The volume of the settler is another 6000 m3 (Chapter 2; Alex et
al., 2008). BSM-MBR has an SRT of 27.4 d and a total biological volume of 7500
m3 of which 40% is anoxic and the remainder aerobic. The membrane tanks
comprise 1/3 of the aerobic volume (Chapter 5).
In the base case scenario of BSM-hMBR both entities were run in parallel, each
receiving 50% of the influent. The steady-state and dynamic dry, rain and storm
influent files used for BSM-hMBR were the same as those of BSM1 and BSMMBR, apart from the flow rates which were doubled as the plant capacity also
doubled. As such, the average dry weather flow rate to treat is 36,892 m3 d-1 and the
maximum storm flow rate 120,000 m3 d-1. The composition of the influent
remained the same.

Figure 6.1: BSM-hMBR parallel plant layout as combination of BSM1 and BSM-MBR

The aeration models of BSM1 and BSM-MBR are very different (Chapter 5). It
was chosen to use the more fundamental and extensive aeration model of BSMMBR also for the conventional part of BSM-hMBR. This allows to compare the
aeration costs of the two parts of BSM-hMBR. To achieve this, a slight adaptation
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had to be made to the α-factor calculation in the BSM-MBR aeration model.
Indeed, for low sludge concentrations the α-factor would be severely overestimated
by the exponentially decaying model typically used in MBR models (Judd and
Judd, 2011). To cure this, the α-factor was assumed constant for sludge
concentrations between 0 and 5 g l-1 and equal to the calculated value of the BSMMBR model at 5 g l-1. All three conventional aerobic tanks were given a maximum
aeration capacity of 2250 Nm3 h-1. For the base case scenario the first and second
tank were aerated at maximum capacity and the third tank at 850 Nm3 h-1. The
latter was done to mimic the steady-state oxygen concentrations obtained with the
original BSM1 aeration model.
Steady-state and dynamic simulations with BSM-hMBR were performed in the
same way as described for BSM1 and BSM-MBR, i.e. steady-state simulations up
to 10 times the sludge age (the longest) followed by three weeks of dynamic dry
weather and a last week, the evaluation period, of dynamic dry, rain or storm
weather. All simulations were performed with the modelling and simulation
software WEST® (mikebydhi.com; Vanhooren et al., 2003). Operational and sludge
production costs were first calculated separately for both parts with the equations
set forward in BSM1 and BSM-MBR and then added to get the overall costs and
sludge production. The effluent quality was evaluated directly on the mixed
effluent and was calculated as in BSM1 and BSM-MBR.

6.2.2. Description of the in series plant layout
To accommodate the simulation of BSM-hMBR in series, the layout of BSMhMBR was slightly adapted as depicted in Figure 6.2. Two sludge recycle flows
were added to ensure the exchange of sludge between the CAS and MBR part of
the plant. The pumping energy factors for the MBR/CAS and CAS/MBR recycle
flows were assumed to be 0.0075 and 0.004 kWh m-3, equal to the internal nitrate
recirculation flow pumping energy factors of BSM-MBR and BSM1 respectively.
Waste sludge was taken only from the membrane tank. The wastage and
MBR/CAS recycle flow rates, 470 and 21385 m3 d-1 respectively, were tuned as
such that the steady-state solids concentrations in the membrane tank and last
conventional aerobic tank reached 9824 and 3270 mg l-1 respectively, the same
steady-state values as for the base case scenario described earlier. The influent
partitioning ratio (IPR) of 50% was retained. The secondary clarifiers were
imposed to work only in the case of insufficient membrane capacity for handling
the total influent flow. The settler underflow rate was set equal to the settler
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overflow rate with a maximum of 18446 m3 d-1, the standard value in BSM1.
During inactive periods no sludge was pumped to the clarifiers and the remaining
sludge was left to settle.

Figure 6.2: BSM-hMBR in series layout. Added flows are indicated with dashed lines
and dotted lines represent the absence of flow when membrane capacity is sufficient

6.2.3. Description of the integrated plant layout
For this third layout (Figure 6.3), the same total volume, anoxic/aerobic fraction
and aeration capacity were taken as in previous layouts, but assigned to only one
biological lane treating all influent and consisting of 2 anoxic (2500 m3 each) and 2
aerobic tanks (3500 m3 each) in series followed by the membrane compartment and
settler. The membrane tank and settler characteristics were not changed. As for the

Figure 6.3: Fully integrated BSM-hMBR plant layout. Dotted lines indicate flows
activated when membrane capacity is insufficient
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in series layout, the settler was only used when membrane capacity became
insufficient. The settler underflow was recycled back to the first anoxic tank and its
rate was set equal to the overflow rate with a maximum of 18446 m3 d-1. The
membrane compartment recycled back to the first aerobic tank (3 x Qi) to preclude
excessive oxygen poisoning of the anoxic zone. The internal nitrate recirculation
flow was also set at 3 x Qi. To accommodate the comparison of the different
layouts, the TSS in the membrane tank was controlled at 9824 mg l-1 during steadystate simulations by adapting the waste flow.

6.2.4. Scenario procedures, rules and controllers
To allow better comparison between different scenarios, the following procedures,
rules and controllers were implemented in some of the tested cases (for the
integrated layout these are only applied to its single process line):
 adjusting the CAS and MBR wastage and MBR/CAS recycle flow rates to
attain respectively 9824 and 3270 mgTSS l-1 in the membrane and last
conventional tank in steady-state simulations;
 controlling DO in the last aerobic tank of both lines at 2 mg l-1 by adjusting
the fine bubble aeration rates of all aerobic tanks in both lines through a PI
controller. In both lines 33.3% less air was sent to the last tank compared to
the preceding tanks, considering the latter to receive a higher load. The
performance of the DO sensors and actuators was assumed to be ideal. The
proportional gains of the controllers were tuned to 500 and their integral
times to 0.002 d. The output of each aerator was saturated at its maximum
capacity;
 overruling the proportional splitting of influent over the two lines in case the
membrane tanks would overflow due to limited filtration capacity;
 adapting all sludge recycle flow rates according to their recycle ratios as
stated in BSM1 and BSM-MBR and the average influent assigned to each
part of BSM-hMBR. The MBR/CAS recycle flow rate is fixed by rule 1 and
the CAS/MBR recycle flow rate is the result of the overall flow balance and
therefore not adapted directly. The specific settler underflow rules defined
for the in series and integrated layout remained valid.
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6.3. Results and discussion
6.3.1. Parallel base case scenario
The dynamic dry weather results for the BSM-hMBR base case situation (i.e. when
run in parallel; section 6.2.1), both with the original BSM1 (indicated by *) and
adapted BSM-MBR aeration model for the conventional part, are shown in Table
6.1 and compared with the results of BSM1 (Alex et al., 2008; Copp, 2002) and
BSM-MBR (Maere et al., 2011). The influent quality index (IQI), effluent quality
index (EQI) and operational cost index (OCI) values for BSM-hMBR* are the
exact sum of the values for BSM1 and BSM-MBR. This was expected and
confirms a good implementation of the model configuration considering that BSMhMBR* treats twice the normal benchmark flow, equally split over the two parts,
Table 6.1: Comparison of BSM1, BSM-MBR and BSM-hMBR (parallel base case;
section 6.2.1) effluent quality and operational cost performance criteria for the base case
scenario with dynamic dry weather input. For BSM-hMBR the results are shown both
with the original BSM1 (*) and adapted BSM-MBR aeration model
Criterion
IQI
EQI
TN95
SNH, 95
TSS95
TNLimit_violations
(18 gN m-3)
SNH, Limit_violations
(4 gN m-3)
SPtotal
- SPdisposal
AE
- AEbioreactor
- AEmembrane
PE
- PEsludge
- PEeffluent
ME
OCI
EQI/IQI
OCI/IQI
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Unit
kgPU d-1
kgPU d-1
gN m-3
gN m-3
g m-3
% of time

BSM1
52081.40
6690.73
18.54
8.88
15.75
8.18

BSM-MBR
52081.40
3286.54
16.83
0.37
0.00
0.00

BSM-hMBR*
104162.79
9977.28
17.25
4.48
7.85
0.00

BSM-hMBR
104162.79
10031.46
17.37
4.49
7.85
1.04

% of time

62.50

0.00

13.10

14.14

kgTSS d-1
kgTSS d-1
kWh d-1
kWh d-1
kWh d-1
kWh d-1
kWh d-1
kWh d-1
kWh d-1
d-1
kgPU-1

2670.32
2435.67
3341.39
3341.39
388.17
388.17
240.00
16147.92
0.13
0.31

1961.12
1961.12
13558.87
3878.45
9680.42
2208.54
840.07
1368.47
576.00
26148.99
0.06
0.50

4631.44
4396.79
16900.25
7219.83
9680.42
2596.72
1228.24
1368.48
816.00
42296.91
0.10
0.41

4631.20
4396.56
16751.13
7070.71
9680.42
2596.72
1228.24
1368.48
816.00
42146.64
0.10
0.40
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and both parts are an exact representation of BSM1 and BSM-MBR. It should
however be noted that this is not the case for the values related to the effluent limit
violations and 95 percentiles for effluent NH4, TN and TSS as the effluent is mixed
and dynamics will be different. The application of the more fundamental aeration
model to BSM1 has only a minor effect on the results, with the EQI increasing
0.5% and OCI decreasing 0.4%. It could be argued that the simpler of both models
is preferred since they both seem to suffice. However, the more complex aeration
model was opted for because it enables the simulation of scenarios with elevated
sludge concentrations also in the conventional part of BSM-hMBR, hereby
accounting for loss of oxygen transfer efficiency (Judd and Judd, 2011). The
potential of BSM-hMBR to produce a better effluent than BSM1 at lower costs
than BSM-MBR becomes clear when expressing EQI and OCI per unit IQI. This
was an expected result.
In Figure 6.4 the EQI and 95 percentile values for NH4, TN, and TSS in the effluent
of BSM-hMBR are shown in relation to the percentage of total dry weather influent
that flows toward the CAS part of the hybrid plant while all other operational
conditions remained the same as for the base case scenario. The results show an
optimum EQI around 35% of the total influent going to the CAS part of BSMhMBR, as such indicating that it is beneficial to send more influent to the MBR

Figure 6.4: The effect of influent partitioning expressed in % total dry weather influent
diverted to the CAS part of BSM-hMBR run in parallel, on EQI and the 95 percentiles
for effluent TN, NH4 and TSS. The results were obtained without additional procedures,
rules and controllers (as described in section 6.2.4)
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part of the plant. Beyond an influent partitioning of 75% towards the MBR part, the
latter becomes severely overloaded and the beneficial effect which the membranes
have on effluent particulates is completely counteracted by increasing effluent NH4
due to insufficient nitrification capacity. The example shows that for a hybrid MBR
where the MBR and CAS part are operated in parallel, an optimization of the
effluent quality is possible by adapting the influent flow towards the two parts
without major adverse effects on operational costs. The latter are influenced by
changes in sludge production and permeate production requirements, but the OCI
difference is never more than 1% compared to the base case scenario (not shown).

6.3.2. Parallel operation including the additional procedures, rules
and controllers
The former exercise was repeated with the additional, earlier described procedures,
controllers and rules regarding DO, TSS and flow rates implemented (section
6.2.4). The results are shown in Figure 6.5. A distinct different behaviour is
apparent. Not only are all EQI values over the considered influent partitioning
range considerably lower than for Figure 6.4, also the minimum for EQI has shifted
from 35% to about 20% of the influent directed towards the conventional lane. The

Figure 6.5: The effect of influent partitioning expressed in % total dry weather influent
diverted to the CAS part of BSM-hMBR (run in parallel), on EQI and the 95 percentiles
for effluent TN, NH4 and TSS. The additional procedures, rules and controllers (section
6.2.4) were implemented
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implemented rules clearly help to maintain nitrification capacity (as indicated by
NH4 95%) at low IPR, mainly due to a better distribution of mixed liquor
suspended solids over the whole plant. A partitioning below 20% was not
investigated since it would result in an unrealistic SRT of more than 30 d for the
CAS part of the plant and for which it also is not certain that the ASM1 model is
still valid. For the 30% IPR the SRT in both parts of BSM-hMBR equals 17.7 d and
when the influent is equally distributed over the CAS and MBR part the SRTs are
respectively 9.3 and 27.5 d.
Similar results were also obtained for rain and storm weather and are shown in
Figure 6.6 and Figure 6.7 respectively. When compared to the results in Figure 6.5,
the overall effluent quality is worse in all cases. The adverse effects of rain and
storm weather are especially pronounced at the higher IPR, mostly related to the
hydraulic overloading of the settlers resulting in higher effluent suspended solids
(note that in this case spare membrane capacity is left unused). The CAS part also
seems less capable providing the extra nitrification capacity needed during rain and
storm events compared to the MBR part. The latter has both more biomass and
aeration capacity. The earlier conclusion that for parallel operation the effluent of
BSM-hMBR can be optimized by forcing a larger portion of the influent to go to

Figure 6.6 The effect of influent partitioning expressed in % total rain weather influent
diverted to the CAS part of BSM-hMBR (run in parallel), on EQI and the 95 percentiles
for effluent TN, NH4 and TSS. The additional procedures, rules and controllers (section
6.2.4) were implemented

91

Chapter 6
the MBR part remains valid. Dynamically adapting the IPR might improve the
effluent even more, but this was not investigated here.

Figure 6.7: The effect of influent partitioning expressed in % total storm weather
influent diverted to the CAS part of BSM-hMBR (run in parallel), on EQI and the 95
percentiles for effluent TN, NH4 and TSS. The additional procedures, rules and
controllers (section 6.2.4) were implemented

6.3.3. Comparison between the in series and parallel layout at
different influent partitioning ratios and weather conditions
Table 6.2 shows the dry weather results for BSM-hMBR operated in series and
parallel with a 50% and 30% IPR and DO controlled at 2 mg l-1 (section 6.2.4).
First of all it can be noted that implementing the DO controller improves the
effluent quality of BSM-hMBR operated in parallel and a 50% influent ratio with
7% (see also Table 6.1), while the opposite was true for BSM-hMBR in series with
a deterioration of 1% (not shown). The effect on operational costs was minor in
both cases (0 - 1%). The results show furthermore that at a 50% IPR the effluent
quality of the in series case is significantly better than the parallel case (22%). The
effluent is completely free of particulates and NH4 has decreased drastically. The
TN limit violations have increased though and the better effluent quality also comes
at a 5% surplus cost. While the total sludge production has decreased slightly, the
sludge production for disposal has increased. The permeate production costs have
almost doubled as the settlers were never operational at 50% IPR.
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Table 6.2: Differences in effluent quality and operational cost performance criteria for
the parallel (Pa.) and in series (Se.) layout of BSM-hMBR during dynamic dry weather.
The IPRs towards the conventional lane are shown between brackets. All results were
obtained with the additional procedures, rules and controllers (section 6.2.4)
Criterion
IQI
EQI
TN95
SNH, 95
TSS95
TNLimit_violations
(18 gN m-3)
SNH, Limit_violations
(4 gN m-3)
SPtotal
- SPdisposal
AE
- AEbioreactor
- AEmembrane
PE
- PEsludge
- PEeffluent
ME
OCI

Unit
kgPU d-1
kgPU d-1
gN m-3
gN m-3
g m-3
% of time

Pa. (50%)
104162.79
9344.08
18.04
3.32
7.85
5.06

Pa. (30%)
104162.79
7355.94
16.94
0.40
3.40
0.3

Se. (50%)
104162.79
7298.40
18.70
0.29
0.00
8.48

Se. (30%)
104162.79
6924.56
18.10
0.51
0.00
5.51

% of time

0.00

0.00

0.00

0.00

kgTSS d-1
kgTSS d-1
kWh d-1
kWh d-1
kWh d-1
kWh d-1
kWh d-1
kWh d-1
kWh d-1
d-1

4637.84
4403.04
16597.91
6917.49
9680.42
2596.73
1228.26
1368.48
816.00
42025.84

4427.86
4319.81
16698.20
7017.78
9680.42
3322.47
1408.95
1913.51
816.00
42435.74

4614.96
4614.96
16238.15
6557.73
9680.42
4126.32
1394.66
2731.65
816.00
44255.28

4520.79
4520.79
16331.22
6650.80
9680.42
4211.25
1478.87
2732.38
816.00
43962.43

Comparison of the results for 50 and 30% IPR show a rather small amelioration of
EQI (5%) for the in series operation, while this is 21% for the parallel case. It
seems that the EQI for the in series layout cannot be improved a lot by changing
the IPR (Figure 6.8). This is not the case for the in parallel layout, as shown before.
Furthermore, the results for the latter configuration closely approach the good
results for the in series layout at low IPR while the costs are similar, i.e. the in
series effluent quality and operational costs are respectively 6% better and 4%
worse than for the parallel layout at 30% IPR. Looking at the 95 percentile TN, NH4
and TSS values the better effluent quality index of the in series layout is mostly
related to the absence of effluent suspended solids. The parallel layout has a better
effluent TN. The SRT of the in series layout at 30% IPR is 16.6 d, similar to the
SRTs for the parallel case at 30% IPR, and 15.4 d at 50%.
Figure 6.9 shows the robustness of the parallel and in series layouts to rain and
storm weather with regard to effluent quality. Overall, the in series layout is more
robust, and its robustness is also not really subject to a varying IPR. The robustness
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Figure 6.8: The effect of dry weather influent partitioning expressed in % total influent
diverted to the CAS part of BSM-hMBR (run in series), on EQI and the 95 percentiles
for effluent TN, NH4. Results were obtained with the additional procedures, rules and
controllers (section 6.2.4). Effluent TSS was 0 mg l-1 in all cases

Figure 6.9: The effect of influent partitioning on the robustness of effluent quality to
rain and storm weather compared to dry weather for the in series and parallel BSMhMBR layout. Results were obtained with the additional procedures, rules and
controllers (section 6.2.4)
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of the parallel layout is quite poor at high IPR but approaches the robustness of the
in series layout at lower IPR. It even surpasses the robustness of the latter for storm
weather at 30% IPR. This shows that secondary settling really is a critical factor
with regard to effluent quality (effluent particulates, potential sludge wash out).
The more flow that can be treated with membranes, the better it seems to be.

6.3.4. The integrated layout compared to in series and parallel
layout at 30% IPR
The results in Table 6.3 show that the integrated layout is able to produce a 5 to
10% better dry weather effluent than the 2 earlier discussed layouts at a 30% IPR,
due to good N removal capabilities at an SRT of 24.8 d as well as a particulate free
effluent. The total costs for all layouts are similar (within 2%), though the mixing,
Table 6.3: Differences in effluent quality and operational cost performance criteria for
the parallel (Pa.), in series (Se.) and integrated (Int.) layout of BSM-hMBR during
dynamic dry weather. All additional procedures, rules and controllers were
implemented (section 6.2.4). The influent ratios towards the conventional lane are shown
between brackets for the parallel and in series layout, while for the integrated layout the
optional controlled TSS concentration of the last biological tank is indicated
Criterion
IQI
EQI
TN95
SNH, 95
TSS95
TNLimit_violations
(18 gN m-3)
SNH, Limit_violations
(4 gN m-3)
SPtotal
- SPdisposal
AE
- AEbioreactor
- AEmembrane
PE
- PEsludge
- PEeffluent
ME
OCI

Unit
kgPU d-1
kgPU d-1
gN m-3
gN m-3
g m-3

Pa. (30%)
104162.79
7355.94
16.94
0.40
3.40

Se. (30%)
104162.79
6924.56
18.10
0.51
0.00

Int. (-)
104162.79
6587.59
17.12
0.28
0.00

Int. (5 g l-1)
104162.79
7059.42
18.95
0.27
0.00

% of time

0.30

5.51

0.89

8.78

% of time

0.00

0.00

0.00

0.00

kgTSS d-1
kgTSS d-1
kWh d-1
kWh d-1
kWh d-1
kWh d-1
kWh d-1
kWh d-1
kWh d-1
d-1

4427.86
4319.81
16698.20
7017.78
9680.42
3322.47
1408.95
1913.51
816.00
42435.74

4520.79
4520.79
16331.22
6650.80
9680.42
4211.25
1478.87
2732.38
816.00
43962.43

4080.74
4080.74
17523.98
7843.56
9680.42
4416.69
1680.94
2732.38
960.00
43301.00

4520.49
4520.49
16048.05
6367.63
9680.42
3863.99
1131.61
2732.38
960.00
43474.52
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pumping and also aeration costs for the integrated layout are considerably higher,
i.e. respectively 18%, 5 - 33% and 5 - 7%. These additional costs, related to
increased sludge concentrations, are however offset by a 6 - 10% reduction in
sludge production to dispose of. For rain weather (results not shown) the integrated
layout performs slightly worse (2%) than the in series layout in terms of EQI, but
still 6% better than the parallel layout. For storm weather, however, the integrated
layout performs poor, with a respectively 125% and 139% worse EQI compared to
the parallel and in series layout. The settler is not able to handle peak storm flows
coupled to high sludge concentrations and sludge is washed out. To resolve the
latter, some scenarios were run whereby the sludge concentration in the last
aeration tank was lowered by decreasing the membrane recycle flow. The flow rate
was for every case determined with a steady-state simulation. The results in Figure
6.10 show the beneficial effects of this kind of strategy for storm weather flow,
with the indication of an optimum steady-state TSS around 5 g l-1, but at the same
time the results for dry and rain weather deteriorate noticeably due to less efficient
TN removal. The dry weather EQI for the 5 g l-1 case (Table 6.3) with an SRT of
16.6 d is still 4% better than the parallel layout but 2% worse than the in series
layout, while for rain weather respectively an improvement and deterioration of 4%
is observed. The storm flow issues seem mostly resolved with an EQI within 1 to
5% of the values for the other layouts. The effect on total operational costs is
marginal, but a shift from energy to sludge disposal costs is evident (Table 6.3).

Figure 6.10: Effect of sludge concentrations in the last aerobic tank on EQI for the
integrated layout of BSM-hMBR during dynamic dry, rain and storm weather
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6.3.5. Considerations on the potential of the different layouts
A conclusion on the best hybrid MBR layout is difficult to make. The results from
this study indicate that all three investigated layouts have significant potential. A
similar quality of effluent can be attained with each of them at almost equal
operational costs, while the capital costs are comparable as well considering the
three layouts to have the same tank volumes and membrane capacity. A decision on
the best layout might also be premature at this point, since all layouts could be
further improved in their operation (e.g. through controllers) and design (e.g.
allocation of tank volumes). Moreover, case specific details will likely influence
the evaluation. BSM-hMBR provides a platform that allows such investigation.
When focusing on water reuse, the integrated and in series layouts seem to have the
advantage over the parallel layout by producing larger quantities of particulate free
water. Though, in terms of nutrient removal, in this study, the parallel layout
performed better and at the lowest costs. A potential benefit of the parallel layout is
the strict separation of MBR and CAS sludge whereby sludge problems (which are
not accounted for in the used models) in one of both hybrid parts cannot affect the
other part. Reseeding, replacing or bioaugmenting the defective sludge with the
sludge wastage from the good part, might even help to resolve some issues (Fenu et
al., 2011a). On the other hand, Krzeminski et al. (2012) stated that a hybrid MBR
operated in series ensures a more stable MBR operation as the CAS part can
function as a buffer zone for influent loads. CAS settling dynamics were not
investigated in this study though and might counteract the benefits.
The in series and integrated layouts imply the need for an activated sludge with
good characteristics for both membrane filtration and settling. This requirement is
not unattainable, however, since settling and filterability properties seem to be
linked to a large extent (Van den Broeck et al., 2011) and the sedimentation process
still selects for good settling sludge. This is corroborated by Mulder (2009),
mentioning good sludge characteristics over an extended period of time for both
filtration and sedimentation at the in series operated hybrid MBR of Heenvliet.
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6.4. Conclusions
 A benchmark simulation model for hybrid MBRs was constructed
combining BSM1 and BSM-MBR, i.e. benchmark simulation models for
respectively a CAS and MBR system. The BSM1 aeration model was
replaced with the one of BSM-MBR. The latter had to be adapted slightly
with regard to the calculation of the α-factor at low TSS. For the calculation
of EQI and OCI basically the same equations could be used. Only for the
latter, two new sludge recycle flows were added. The parallel, in series and
integrated layouts were defined as well as certain rules, procedures and
controllers with regard to influent partitioning, sludge distribution, settler
operation and dissolved oxygen. This was necessary to allow comparison
between simulations and scenarios.
 The results showed that BSM-hMBR is able to produce an effluent that is
better than BSM1 at lower costs than BSM-MBR. It was found that the
layout of BSM-hMBR has a great influence on effluent quality but not so
much on operational costs. At a dry weather influent partitioning ratio of
50% the in series layout performed 22% better than the parallel layout. The
better quality could mostly be related to the complete retention of effluent
suspended solids by the membranes, but also nitrification was significantly
better.
 The IPR showed to be influential towards EQI for the parallel layout, but not
so much for the in series layout. The latter is already performing well and
there seems to be little room for improvement by changing the IPR. The EQI
for the parallel layout approaches the in series EQI at low IPR, i.e. at 30%
IPR the difference is brought back to only 6%. The in series layout showed
to be more robust to rain and storm weather than the parallel layout, but the
robustness of the latter approaches the former at low IPR.
 The best effluent quality was reached with the integrated layout, though only
for dry weather and at higher energy costs. The robustness of the integrated
layout against storm weather was very poor with a 125 - 139% worse EQI
compared to the parallel and in series layout at 30% IPR. The latter was
related to settling issues and could be improved by diminishing the sludge
concentrations in the biological part of the plant through lower membrane
recycle flows, thereby also cutting energy costs, but this then led to worse
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TN removal rates and hence a lesser effluent quality, i.e. lower than the in
series layout. A possible solution could be the incorporation of equalization
tanks or perhaps dynamically altering the operation of the plant based on
predicted storm flushes.
 Overall, it can be concluded that both layout and influent partitioning are
influential towards the effluent quality of BSM-hMBR. The optimal results
for the three investigated layouts were quite similar for effluent quality and
operational costs and attained at similar SRTs. The key factor for
optimization in this study turned out to be the production of as much effluent
as possible by membrane filtration. Not only are the membranes retaining all
suspended solids, but the MBR lane also has spare nitrification capacity due
to excessive membrane aeration and high biomass concentrations.
 Strong conclusions on optimal design and operation of hybrid MBRs cannot
be taken yet after this study, since a lot of factors still need to be
investigated. These are: extensions on the possible layouts; dynamic influent
partitioning strategies; sludge age; the impact of different sludge
concentration and distribution rules; DO, NH4 and NO3 controllers; varying
design rules; detailed capital costing. A shortcoming at this stage on the
practical application of simulated, model-based strategies of hybrid systems
might be the adverse effect they could have on membrane fouling and
settling properties. Rules or models to indicate whether simulated strategies
will result in increased membrane fouling or worse settling should be
developed. The BSM-hMBR framework can be used as platform for all these
investigations.
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Membrane bioreactor fouling behaviour assessment
through principal component analysis and fuzzy
clustering

Redrafted from:

Maere, T., Villez, K., Marsili-Libelli, S., Naessens, W.,
Nopens, I., 2012. Membrane bioreactor fouling
behaviour assessment through principal component
analysis and fuzzy clustering. Water Research,
submitted.

Abstract
Adequate membrane bioreactor operation requires frequent evaluation of the
membrane state. A data-driven approach based on principal component analysis
(PCA) and fuzzy clustering extracting the necessary monitoring information solely
out of transmembrane pressure data was investigated for this purpose. Out of three
tested PCA techniques the two functional methods proved useful to cope with noise
and outliers as opposed to the common standard PCA, while all of them presented
similar capabilities for revealing data trends and patterns. The expert functional
PCA approach enabled linking the two major trends in the data to reversible fouling
and irreversible fouling. The b-splines approach provided a more objective way of
functionalising the data set but its complexity did not appear justified by better
results. The fuzzy clustering algorithm, applied after PCA, was successful in
recognizing the data trends and placing the cluster centers in meaningful positions,
as such supporting data analysis. However, the algorithm did not allow a correct
classification of all data. Factor analysis was used instead, exploiting the linearity
of the observed two dimensional trends, to completely split the reversible and
irreversible fouling effects and classify the data in a more pragmatic approach.
Overall, the tested techniques appeared useful and can serve as the basis for
automatic membrane fouling monitoring and control.
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7.1. Introduction
Membrane bioreactors (MBRs) are nowadays used on a medium to large scale as
state-of-the-art wastewater treatment for both industrial and municipal applications.
The choice for MBR technology is especially made in the context of water reuse
and specific site constraints. In other situations, MBRs are still seen as a high-cost
option, mainly related to the technology’s major drawback of membrane fouling.
The latter influences the amount of membranes needed, as well as their life-time
and operation (Judd and Judd, 2011). To prevent severe fouling problems, MBR
installations are run conservatively. The usual approach consists of a fixed,
experience-derived operational scheme of fouling suppression measures like
membrane aeration, backwash and chemical cleaning. However, such fixed
schemes are never optimal, ignore the dynamic nature of fouling and lack the
flexibility to cope with changing influent, biological and membrane conditions.
This inevitably results in the wastage of energy, permeate, chemicals and
membrane life-time. Hence, significant potential for improving cost efficiency is
available in the area of dynamic and online control (Busch and Marquardt, 2009;
Drews, 2010).
Despite the latter, the number of contributions in literature dealing with dynamic
and online fouling control is limited and full-scale implementations of such control
systems are practically nonexistent. The problem lies mainly in the difficulty to
obtain appropriate control inputs, i.e. variables that are unequivocally correlated to
the fouling process (cause, state, effect) and measured or derived with a sufficient
frequency to allow online control. An obvious choice would be to use
transmembrane pressure (TMP), flux and permeability, since these variables are
typically measured continuously in MBR plants and hold valuable information on
the membrane state (Joss et al., 2009; Kraume and Drews, 2010). However, their
application in control systems, either through mechanistic and semi-empirical
models (e.g. Busch and Marquardt, 2009; Drews et al., 2009) or expert knowledge
(e.g. Ferrero et al., 2011; Smith et al., 2006; Vargas et al., 2008), is hampered by
the complexity of the process and strong coupling of different fouling phenomena.
An alternative approach is the use of designated monitoring instruments (e.g.
Galinha et al., 2011; Huyskens et al., 2008; Mehrez et al., 2007) as illustrated by
Huyskens et al. (2011) with a control scheme based on separate, in situ filtration
test equipment to evaluate the mixed liquor’s reversible and irreversible fouling
propensity independently from membrane history and operating conditions.
102

Membrane state monitoring and control
Although this approach certainly has its merits, such instruments are prone to error
and require, apart from investment, additional maintenance and calibration. The
representativeness of the obtained measurements has to be taken in consideration as
well. The relatively low correlation that Huyskens et al. (2011) found between
mixed liquor fouling propensity and online membrane permeability, for instance,
suggests that control systems solely based on sludge quality and not accounting for
membrane state and history, may not be adequate at all times.
In this study, a data-driven approach is proposed. It is based on Principal
Component Analysis (PCA) and Fuzzy Clustering (FC) and aims to extract the
necessary control information from online TMP measurements, making it
applicable to any MBR as this is a routine measurement. The strength of PCA and
FC lies in their ability as data mining techniques to reveal and recognize patterns in
vast amounts of data in the absence of exact process knowledge (Fu, 2011;
Venkatasubramanian et al., 2003). As such, they seem genuinely suited as
monitoring tools for membrane fouling and hence may lead to a control system
capable of handling the complexity of the process without the need of additional
equipment. The explicit use of PCA and FC for monitoring and controlling
membrane fouling has not yet been reported in literature, but similar applications
exist in various other fields, for instance for the monitoring and control of
sequencing batch reactors and the detection of faults in conventional, continuous
wastewater treatment plants (e.g. Aguado and Rosen, 2008; Marsili-Libelli, 2006;
Villez et al., 2008). Hereby, especially the batch-wise PCA approaches appear
interesting considering the cyclic behaviour of the filtration process. However, the
transfer of the reported methodologies to the MBR filtration process is not
straightforward and an in-depth investigation is required to find the most adequate
solution.
In what follows, the general PCA-FC concept is further introduced and three
distinct algorithms, created to automatically infer the membrane state from TMP
data, are presented. The specific features of these algorithms are discussed and their
performance on a historical data set from a lab-scale MBR evaluated. Strong
emphasis is placed on the algorithms’ potential to serve as basis for a future realtime fouling control scheme.
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7.2. Materials and methods
7.2.1. Data collection
The transmembrane pressure (TMP) data used in this study were collected between
18 November 2009 and 30 April 2010 from a lab-scale, side-stream MBR
conceived for nutrient removal and fed with a synthetic wastewater resembling
domestic sewage (108 l d-1). The UCT-type (University of Cape Town) MBR was
operated in quasi steady state with a hydraulic and sludge retention time of 6.4 h
and 17 d, respectively. The temperature was controlled at 15 °C. A tubular Pentair
Airlift X-Flow (The Netherlands) membrane module (material: polyvinylidene
fluoride; pore size: 0.03 µm; tube diameter: 5.2 mm) was used for filtration and
operated under a constant regime of 450 s filtration (31.8 l m-2 h-1), 18 s
backwashing (106 l m-2 h-1) and 7 s relaxation (no flow). The mixed liquor
suspended solids concentration in the membrane compartment was kept at 11 g l-1
whereas it was 9 g l-1 in the bioreactor. The membrane’s sludge and air crossflow
velocities were set at 0.5 m s-1 each. TMP data points were sampled every second
by means of three pressure sensors (Sensortechnics, Germany) and LabVIEW 7.1
(National Instruments, USA). More detailed information on the fully automated
MBR setup and its influent can be found in Jiang et al. (2009).
An overview of the full TMP data set is given in Figure 7.1, as well as a close-up of
some exemplary filtration cycles. The membrane module was replaced 3 times by a
new one, instead of chemically cleaning it. As such, 4 filtration periods exhibiting
clean to severely fouled membrane behaviour can clearly be distinguished. Distinct
events (peak values, recurrent zero values) are related to reactor maintenance and
pump calibration. Sawtooth patterns, especially visible at the end of the first period,
are related to operator intervention to prolong the membrane’s operation, i.e. a
short series of backwashes at elevated membrane scouring air flows.

7.2.2. General algorithm scheme
The flowchart in Figure 7.2 illustrates the employed monitoring concept and its
algorithmic organization. The filtration cycles were first sorted according to their
duration. The cycle end was detected by checking the backwash pressure drop ΔP
(time t1 - see Figure 7.4). An identified cycle lasting 475 s (backwash, relaxation
and filtration) was considered a potentially good cycle for assessing the membrane
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Figure 7.1: Overview of the collected transmembrane pressure data (top) and a close-up of typical filtration cycles (bottom). The data set
is subdivided in 4 periods, each ending with a membrane replacement
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state. Each filtration cycle represented a single multivariate observation of the
membrane state and was fed to the PCA as such (common PCA) or after being
functionally approximated (functional PCA). The information content of the
principal components to be retained was checked by reverse PCA prior to fuzzy
clustering. The latter was used to describe the gradual transition from a clean
membrane to a progressively fouled one. It was decided to have only three clusters
to represent the main possible states and to limit the possible intermediate
conditions. The inverse PCA transform was used to restore the parameters to their
original reference space after the clustering, enabling easy interpretation of the
results. After proper training the combined PCA-FC algorithm could be used in
real-time to infer the membrane state and decide on possible maintenance actions
(indicated by dashed lines in Figure 7.2). However, this aspect was not yet
considered in this work in view of an ad hoc expert system to be designed in future.
The MATLAB R2010b (MathWorks, USA) platform was used for algorithm
implementation and data processing.

7.2.3. Principal component analysis (PCA)
Segmentation of the continuous TMP data into consecutive filtration cycles lead to
a series of multivariate observations (assuming 475 separate TMP variables per
cycle) constituting a two-dimensional data set (N x 475), i.e. cycle number (N)
versus TMP, on which common PCA, denoted as PCA from here on, was directly
applied. PCA is widely used as multivariate statistical technique to compress highly
dimensional and correlated data into a few uncorrelated, independent and
orthogonal latent variables (linear combinations of original variables) that explain a
maximum of variance (Jolliffe, 2002; Appendix B). These latent variables, called
principal components (PC), represent the main underlying mechanisms that drive
the process and can be used to visualize and interpret hidden phenomena in the
data. Detailed information on the technique in the context of wastewater treatment
can be found in Aguado and Rosen (2008), among others. As all variables in the
data set had the same unit (kPa), standardisation (mean-centering and unit-variance
scaling) of the data set prior to PCA was not considered necessary and therefore not
performed. The number of PCs to be retained was based on a cumulative explained
variance threshold of 95% and related analysis of the eigenvalue scree plot
(Johnson and Wichern, 2002; Jolliffe, 2002).
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Figure 7.2: General algorithm scheme starting from TMP data (top left corner) to the membrane assessment (bottom right corner). Solid
and dashed lines are related to algorithm training and real-time assessment respectively
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7.2.4. Functional principal component analysis (FPCA)
In Ramsay and Silverman (2005), FPCA is reported to execute a PCA-based
analysis of data series which are known to be described (well) by means of a
function. The complete procedure for FPCA is shown in Figure 7.3. The data are
first converted into a set of function parameters, separately estimated for each data
series, which are then processed with PCA. This results in so called scores (actual
values appointed to PCs) which capture the majority of the variance in the
parameters. As such, the PCA analysis is shifted from the raw data to the
parameters of the approximating functions. Advantages of this approach include
that (1) the estimated functions typically express expert knowledge and the PCA
model becomes easier to interpret, (2) the choice for a particular function allows to
focus the PCA analysis on variations of interest and (3) the number of PCA
parameters to be estimated is (typically) reduced because the number of parameters
is generally lower than the number of variables in each time series, further leading
to reduced uncertainty in the PCA model parameters. The analysis process can be
reversed in the sense that the PCA model allows reconstruction of the parameters
which in turn can be used for function evaluation to obtain filtered data (denoted as
reverse PCA / preprocessing in Figure 7.2). Two types of FPCA were studied in
this work. They are now further explained.

Figure 7.3: General approach to FPCA

Expert-driven FPCA In this first approach, 5 parameters (+∆P, -∆P, a, b, S) were
assumed to characterise a filtration cycle and estimated according to Figure 7.4 for
every cycle. The pressure at the end of filtration, denoted by +∆P, gives an
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Figure 7.4: Expert-driven FPCA cycle parameters for a typical filtration cycle beginning at t1 when the pressure is reversed to backwash.
Time t1 is retrieved by comparing the TMP and its first and second derivative to specific thresholds (Th)
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indication of fouling in general, while the negative pressure -∆P resembles the
backwash phase (median value estimate) and thus by definition only irreversible
fouling. During filtration, the TMP curve consists of an exponential part at the
beginning and a subsequent increasing linear part. Hence, the parameters a and b of
an exponential model and the slope S of a linear model were estimated using a least
squared error curve fitting approach. Parameters a and b, of which the latter is
generally not used in literature, are likely influenced by both reversible and
irreversible fouling, whereas S is supposedly related to reversible fouling only.
Before PCA was carried out on the N x 5 data set, the parameters were smoothed
using a cubic spline filter to account for outliers. In contrast with common PCA,
the data were standardized to remove artificial differences in importance imposed
by the different units of the parameters.
B-splines FPCA A second approach for FPCA was based on the fitting of a
function guided to a lesser extent by first principles knowledge, i.e. a spline curve
expressed as linear combination of b-splines (de Boor, 2001). In particular, cubic bsplines were chosen. These are very efficient for smooth functional approximation
and consist of a collection of 3rd order (cubic) polynomials with continuity
constraints at fixed points called knots (Ramsay and Silverman, 2005). The knots in
this study were placed at prescribed locations to best mimic the filtration cycle
shape. Quadruple knots were used so to obtain step-like discontinuities in the
overall fitted function, corresponding to the first drop in TMP (start backwash),
first increase in TMP (start relaxation) and second increase in TMP (start filtration).
Additional single knots were set by trial and error until a reasonable fit could be
retrieved for the majority of the recorded cycles. Ultimately, a spline function
supported by a basis of 48 b-splines was used, as shown in Figure 7.5, resulting in a
functionalised N x 48 data set containing the respective linear combination
coefficients to fit each filtration cycle. Ill-fitted cycles, identified through the root
mean squared residual (RMSR) fit objective, were visually inspected and removed
from further analysis when related to an anomaly in the data. The remaining cycles
were processed by classic covariance-based PCA, meaning that the parameters
were mean-centered for analysis but not scaled in any way.

7.2.5. Fuzzy clustering
The information provided by the previous PCA methods can be used to classify the
operational state of the filtration process. Clustering can assist in identifying the
diagnostically significant regions in the principal component space (Aguado and
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Figure 7.5: B-spline basis function distribution used for fitting all filtration cycles
(bottom) and the overall fitted function for a typical filtration cycle (top)

Rosen, 2008; Marsili-Libelli, 2006; Müller et al., 1997). From all possible choices,
fuzzy clustering was preferred for its ability to reflect the gradual changes of the
fouling process in the partial degree of membership to the relevant clusters
describing the membrane state. More specifically, the Gustafson-Kessel (GK) fuzzy
clustering algorithm (Babuska et al., 1998; Gustafson and Kessel, 1979; Appendix
C) was chosen for its flexible metric and ability to conform the clusters to the data.
As any fuzzy clustering algorithm, it is based on the constrained minimization of
the squared sum of distances between the data points representing the membrane
cycles and each cluster mean (centroid), weighted by their corresponding fuzzy
membership. A limitation of the GK algorithm is that each cluster volume (i.e. the
size of each cluster) is fixed a priori. To relax this constraint and achieve a better

111

Chapter 7
adaptation to the data, the cluster volumes were adapted at each iteration as in
Krishnapuram and Kim (1999). The fuzzy exponent m, defining the sharpness of
the partition, was determined ad hoc. The quality of the clustering was checked by
the fuzzy normalized partitioning entropy (H) which indicates the residual
uncertainty in the partition (H=0: certain clustering, H=ln(k) with k the number of
clusters: uncertain clustering) and the separation coefficient (g) defined as the
maximum ratio between the intercluster distance and the sum of the cluster radii,
i.e. representing the degree of overlap between adjacent clusters (g< 1: well
separated, g=1: tangent clusters, g> 1: overlapping clusters).

7.3. Results and discussion
7.3.1. Common PCA and FC
Common PCA was applied to the N x 475 data set, N equaling a total of 28277
good length filtration cycles or 98.0% of all identified cycles (see section 7.2.2 and
7.2.3). Two out of 475 possible PCs were retained, capturing respectively 96.1 and
3.4% of the variance in the data, making a combined explained variance of 99.5%.
The loadings for PC1 and PC2, which reveal how the original variables are
reflected in the PCs, are shown in Figure 7.6. The first component (PC1) exhibits a
clear resemblance to the general shape of the filtration cycle (Figure 7.1), with a
contrast between the backwash and filtration variables. High PC1 values would
denote a high contrast, implying severe membrane fouling. PC2 accounts for
phenomena that are not incorporated in PC1 and shows deviations in the backwash
and, to a lesser extent, in the beginning and slope of the filtration section. High
scores for PC2 would imply less negative backwash TMP values as determined by
PC1 while the filtration values would remain unchanged, apart from a steeper
beginning and more flat slope.
Figure 7.7 presents the PC scores assigned to all individual filtration cycles. The
different colours indicate membrane replacement (see Figure 7.1). The score
variations in time are not explicitly shown in this plot but are more clearly depicted
in Figure 7.9. Roughly, the initial scores for each membrane are located at the left,
while final scores lie at the right (bottom or top). The results indicate two major
trends: 1) scores shifting in a top-left to bottom-right direction; 2) scores moving in
an almost perpendicular direction from the former. Membranes 2 and 3 exhibit
solely the last behaviour, whereas membrane 4 solely the first and membrane 1 a
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Figure 7.6: Loadings of the retained principal components for common PCA

combination of both. Referring to Figure 7.6, the first behaviour can be related to
more negative and positive TMP values during backwash and filtration
respectively, while the second behaviour relates mainly to increasing filtration TMP
values. All membranes were of the same type and the MBR operating conditions
did not change during the studied period. Therefore, the observed behaviour must
somehow be related to changes in sludge characteristics leading to different fouling
phenomena. A detailed investigation of this was, however, beyond the scope of this
study.
As to the fuzzy clustering both H (0.46) and g (2.96) indicate a relatively uncertain
partition and overlapping clusters. This is a consequence of having constrained the
number of clusters to three and is also due to the nature of the data, gradually
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Figure 7.7: PCA score plot with fuzzy clustering centroids and contours representing
cluster membership. The fuzzy exponent m was set at 2.25

shifting from clean to fouled membrane filtration behaviour and therefore not
creating clearly distinct clusters. Adjusting the fuzzy exponent m changes the
cluster shapes but the separation remains roughly the same. Though a non-optimal
partition was produced, the three cluster centroid locations can be related to clean
membrane filtration behaviour and both abovementioned fouling trends. In this
sense the GK technique appears a useful tool for classifying the filtration data in
conjunction with PCA decomposition, as was the aim (Figure 7.2). On the other
hand, with the obtained contour lines not all data can be correctly allocated. The 0.5
contours of the clean cluster (left), for instance, also reach out to the middle and
lower right hand side of the figure. This could lead to a wrong classification of
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possible future data. Increasing the number of clusters did not improve the
discriminatory ability of the partition. The issue may be related to the
comprehensive nature of the GK algorithm requiring the ‘total membership’
assumption, i.e. that for each data point the sum of cluster memberships must be 1.
Possibilistic clustering (Pal et al., 2005) could be used instead as it relaxes this
constraint, but poses serious convergence and initialization problems and thus was
not attempted here.
Figure 7.8 illustrates the reconstruction of the filtration cycles after PCA. Hereby,
the scores and the loadings are multiplied per PC and the results for both PCs are
summed. The shown cycles are representative of the observed behavioural trends in

Figure 7.8: Reconstruction of the first (top), median (middle) and last (bottom) filtration
cycle after PCA, which are typical for respectively the left, top and bottom cluster in
Figure 7.7 with membership degrees above 0.75
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Figure 7.7 as they each pertain to differing clusters. The reconstruction proved
satisfactory, although deviations at the beginning of the backwashing and
relaxation phase are discernable for the clean membrane cycle.
The variation of the PC scores in time is shown in Figure 7.9, together with the 3
cluster centroids (horizontal lines). The values for PC1 are all positive and
generally rising except for the distinct sawtooth patterns related to operator
intervention as mentioned in section 7.2.1. The scores for PC2 are both positive
and negative as well as rising (membranes 1, 2, 3) and descending (membranes 1,
4). This coincides with the earlier observed trends in Figure 7.7. The distinct
outliers for membrane 4 are also due to operator intervention, i.e. manual

Figure 7.9: Principal scores for PC1 and PC2 ordered by cycle number. The dashed
horizontal lines represent the cluster centroids in the PC space
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deaeration of the membrane permeate lines during backwashing. It appears that
PC1 gives an indication about the general severity of the fouling state of the
membranes, whereas PC2, although accounting for a much smaller part of the
variance in the data, enables the distinction between the 2 observed fouling
phenomena by analysing the trends (rising, descending). Therefore, not just the
score values, but also their trends are interesting features to further investigate and
use for classification.

7.3.2. Expert-driven FPCA and FC
Parameterisation of the filtration cycles according to the scheme of Figure 7.4 lead
to a N x 5 data set upon which common PCA was applied. Two PCs were retained
explaining respectively 81.0 and 14.9% of variance, as such reaching the targeted
95% limit. Retaining three PCs explained an additional 3.8% of variance, but did
not substantially improve the results nor their interpretation. The loadings for PC1
and PC2 are shown in Figure 7.10. All variables contribute almost equally to PC1,
albeit for -∆P in an inverse way. Regarding PC2, b and -∆P give the highest
contribution whereas a, +∆P and S a smaller one. Here, the contribution of S is
reversed.
The scores are shown in Figure 7.11 and exhibit the same major trends as in Figure
7.7, albeit with some more variation. It is interesting to see that the expert FPCA
discriminates between membranes 2 and 3. This was not the case for common
PCA, but does make sense when looking at the raw data or the scores in Figure 7.9
where different behaviour at the beginning of both membranes is apparent. The
clustering yielded similar results as before with all 3 cluster centroids located in
meaningful positions but the clustering contours not allowing a straightforward
classification of all data.
The reconstruction of the 5 functional parameters through inverse PCA
transformation, shown in Figure 7.12, can be considered satisfactory. Including the
third PC eliminated the observed deviations for -∆P and S but did not cause a major
shift of the cluster centroids or scores and was thus not considered, as already
stated. Looking at how each membrane is characterized by the selected parameters,
some interesting observations can be made. The information contained in
parameters a and +∆P appears very similar for all four membranes, which was not
expected. The latter parameter is influenced to full extent by both reversible and
irreversible fouling and can thus be seen as an indicator of general fouling severity.
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However, the former, representing the membrane state at the beginning of the
filtration stage, should by definition be less influenced by reversible fouling.

Figure 7.10: Loadings of the retained principal components for expert FPCA

Nonetheless, both parameters only differ slightly with regard to the cluster
positions. For a, the cluster centroids are evenly distributed over its range, while
+∆P makes more distinction between cluster 1 (clean membrane behaviour) and
clusters 2 and 3 (fouled membrane behaviour). The resemblance between +∆P and
the PC1 scores for common PCA (Figure 7.9) confirms the latter to indicate
general fouling severity, as stated before. Parameter S shows the same clean/fouled
distinction as +∆P, but here the order of clusters 2 and 3 is reversed. Apart from
this, apparent similarities between S, which describes cake layer deposition and
thus reversible fouling, and parameters +∆P and a exist. It leads to think that these
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Figure 7.11: Expert FPCA score plot with fuzzy clustering centroids and contours
representing cluster membership. The fuzzy exponent m was set at 2

parameters are all influenced by both reversible and irreversible fouling and, as
such, might be interchangeable to some extent. Parameter b, related to the
exponential transition at the beginning of filtration, presents a clearly deviating
behaviour from earlier parameters for the 4th membrane and enables discriminating
the third cluster from the other two. The second cluster can be differentiated from
the others by -∆P. In fact, -∆P fully determines this cluster and because this
parameter is totally defined by irreversible fouling the second cluster must be as
well. As a result, the third cluster can be linked to reversible fouling.
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Figure 7.12: Cycle parameter reconstruction through inverse expert FPCA
transformation. The dashed lines represent the cluster centroids from Figure 7.11 (1:
left, 2: bottom, 3: top)

From all 5 parameters +∆P and -∆P seem the most informative, being
unambiguously linked to fouling, i.e. representing respectively ‘overall fouling’
and ‘only irreversible fouling’. Nonetheless, it is advisable to include all parameters
in the analysis to capture as much details as possible, certainly if a longer full-scale
data set would be used with likely more variation in the data. If the information
content for some parameters would be alike, the analysis will show. Paramount for
the expert FPCA algorithm, but in fact for all PCA techniques, is a sufficient data
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frequency. It should be high enough to capture all cycle features to allow parameter
estimation, which should normally not pose a problem as pressure sensors can
easily measure every second. On the other hand, not all types of membranes allow
the estimation of -∆P as backwash is not always performed (e.g. flat sheet
membranes). In this case, especially parameter b should be further investigated in
terms of indicating fouling phenomena.
An overview of the expert FPCA scores in time is not provided as they greatly
resemble those for common PCA. However, it was noticed that the expert FPCA
was less influenced by outliers, as can also be seen in Figure 7.12. This is largely
due to the cubic spline filtering of the parameters, but the extraction of the
parameters has a smoothing effect on its own as well, since their estimation is
based on multiple data points.

7.3.3. B-splines FPCA and factor analysis
Different from previous methods, a check for outliers was performed before the
actual PCA by analysing the computed RMSR values after function fitting. The
results are shown in Figure 7.13. A reasonable fit is apparent for the majority of the
cycles. Bad fits are characterised by spikes in the RMSR series. Cycles with a
RMSR value above 0.3 were visually inspected for anomalies. Of these 844 cycles,
52 cycles were found anomalous and could furthermore be split into a set of 47 and
5 cycles respectively. The first set was identified as having anomalous TMP values
during backwashing, while the second contained cycles with anomalous TMP
values during filtration. Both outlier sets are indicated in Figure 7.13. It shows that
through functionalising, outliers can be detected before the actual PCA analysis and
removed, as such not influencing further results.
The PCA model for the remaining (28225) cycles was based on the first two
principal components, individually capturing close to 85% and 14% of the total
variance. The associated principal scores are not shown here, since they exhibited
close to identical patterns as for common PCA (Figure 7.7), except for the outliers.
Instead of fuzzy clustering, an oblique rotation of the principal components was
carried out so that the two observed linear trends, as discussed earlier, would align
with the two axes of the figure. In addition, the center of the model was shifted as
such that zero values would correspond to clean membrane behaviour. The result of
this rotation and shift on the scores can be seen in Figure 7.14. Note that the
rotation was obtained by trial and error and constrained to preserve the total
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Figure 7.13: Root mean square residual values for each filtration cycle spline fit. Dots (•)
and cross-hairs (+) indicate two separate outlier sets

Figure 7.14: Biplot of the obtained factor scores following b-splines FPCA and factor
analysis. Dashed lines indicate a possible segmentation for process monitoring
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variance in the two scores. In what follows, the rotated PCA model will be referred
to as a factor model (Johnson and Wichern, 2002), with the rotated principal
components as factors and the rotated principal scores as factor scores.
Figure 7.15 shows the same factor scores as in Figure 7.14, yet as a function of
time. The corresponding factor loadings are given in Figure 7.16. As a result of the
factor analysis, the two fouling mechanisms earlier discussed in relation to
common PCA and expert FPCA are now completely separated from each other.
This is especially visible in Figure 7.15 as compared to Figure 7.9. Factor 1 fully
represents irreversible fouling as it totally resembles the -∆P values in Figure 7.12,
though reversed. Factor 2 represents only the reversible fouling. Interestingly, the
operator interventions at the end of membrane 1 (sawtooth patterns due to extra

Figure 7.15: Obtained filtration cycle factor scores as a function of time
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backwashes and temporary elevated membrane aeration) were sufficient to remove
all reversible fouling but did not have any effect on the values for factor 1. The
irreversible fouling for membranes 2 and 3 was already high from the start,
indicating sludge filterability issues. The onset of these issues seems indicated by
the sudden and rapid increase of factor 2 scores already at the end of membrane 1.
One can notice that the irreversible fouling for membranes 2 and 3 did not rise
appreciably any further during operation. Likely, the actual membrane was
protected by the secondary membrane, i.e. the layer of irreversible and reversible
fouling. Whereas reversible fouling can be counteracted by backwashes and
elevated membrane aeration (membranes 1, 2, 3), for irreversible fouling
(membranes 1, 4) the cultivation of an effective secondary (cake) layer might prove
useful for extending the membranes’ operation time. This could be attained by

Figure 7.16: Factor loadings corresponding to the original data space
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aerating the membranes less, but also by longer filtration cycles for instance. For
severe filterability issues different actions will be necessary, such as the addition of
flocculants.
The rotation and complete separation of the observed trends makes that clustering
is not needed in this case. In fact, simple expert knowledge-based limit values on
the factor axes may now suffice for classification purposes, as indicated in Figure
7.14, although additional trending information, i.e. the first derivative indicating
speed of transition, would be useful as well. The sectioning in Figure 7.14 was
performed ad hoc and resulted in an upper and lower part indicating reversible and
no-reversible fouling and the lower part was further split in an irreversible fouling
and clean membrane behaviour section.
The loadings in Figure 7.16 indicate that irreversible fouling (factor 1) has an
influence on all cycle TMP values, except for relaxation. This corroborates the
earlier made remarks regarding the representativeness of the expert FPCA
parameters a, S and +∆P for reversible fouling. The factor 2 loadings only correct
for deviations during filtration which further confirms its meaning as reversible
fouling indicator.

7.3.4. Monitoring potential of the different PCA algorithms
Although all PCA variants were able to capture the main trends in the data, both
FPCA approaches are preferred over the common PCA approach. The function
fitting process suppresses the effect of noise in the data and enables the detection of
outliers before the actual PCA analysis. The functional approach also allows the
simultaneous analysis of different length filtration cycles, e.g. as the result from
control actions, when they can be described by the same functional parameters.
Downsides of FPCA are the choice of the parameters and the effort related to their
estimation. The b-splines approach provides a relative objective and comprehensive
way of selecting parameters but is more complicated than the expert approach. In
this study, the spline basis was chosen ad hoc. However, with the possibility of
different cycle lengths the spline basis selection process, i.e. knot placement, would
need automation. Alternatively, a range of possible cycle lengths could be selected
upfront and the spline basis for each determined beforehand. The more simple
expert FPCA approach allowed the distinction between membranes 2 and 3, but its
choice of parameters is somewhat subjective and provides no guarantee of
capturing all details. The major benefit of the approach is that it enables a
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comprehensive interpretation of the results linked to expert knowledge. It was
shown that several parameters more or less contain the same information, which
provides flexibility when one of them cannot be used or estimated correctly. For
instance, as +∆P is dependent on filtration duration it cannot be used as such to
compare filtration cycles of different length. However, parameters a and S could be
used instead. Another example, involving -∆P and b, was given earlier regarding
the lack of a backwash phase for flat sheet membranes.
The fact that only 2 PCs were required with each PCA technique to explain a
minimum 95% of the variance in the data was beneficial for the interpretation of
the results. So was the linearity of the observed trends, since it meant that factor
analysis could be applied for classification, which proved more conclusive
compared to the applied fuzzy clustering in this work. However, a thorough
investigation on full-scale data is needed to verify these findings. If more PCs have
to be retained or the trends in the data do not exhibit clear linear behaviour, likely it
will become more advantageous to perform clustering. This will be explored in
future work.

7.4. Conclusions
 The combined use of principal component analysis and fuzzy clustering to
extract the necessary membrane fouling control information for a membrane
bioreactor solely from transmembrane pressure measurements was
investigated.
 The three tested PCA techniques exhibited similar capacities to uncover
trends and patterns, but the two functional approaches are preferred over
common PCA as they allow a better handling of noise and outliers. Expert
FPCA appears the most suited for future work as it enabled a comprehensive
interpretation of the data and also is less complex than b-splines FPCA. The
latter, however, does provide a more objective way to functionalize the data
compared to the expert approach.
 Two major linear trends were observed in the data which, through expert
FPCA, could be linked to reversible and irreversible fouling. The subsequent
fuzzy clustering was capable of detecting these trends and could place the
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cluster centers in meaningful positions, which assisted in data interpretation
for condition monitoring. The discriminatory ability of the GK algorithm to
classify data needs further testing on a larger experimental database.
 Factor analysis proved a more practical approach than fuzzy clustering for
the data in this study. It utilized the linear nature of the observed trends and
appointed each trend to a separate axis. As such, limit values on the axes
sufficed for delineating data classes. Trend transition rates were not
accounted for by either approach but should be incorporated.
 Overall, the employed monitoring approach seems promising. On one hand,
the TMP data appear to contain the necessary control information. On the
other hand, the described techniques provide means to efficiently extract the
information in an automated way and use it for control purposes. Pros and
cons of the techniques were assessed through their application on lab-scale
MBR data. The latter were, however, collected under well controlled
operational conditions. A full-scale study with a variety of operational
conditions is needed to widen the validity and reliability of the approach that
was taken.
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Conclusions and perspectives

The work presented in previous chapters showed in various ways how models can
be applied to membrane bioreactors to investigate and optimise their design and
operation. In the following, the main conclusions are listed, together with a number
of paths for future research.

8.1. General conclusions
8.1.1. Applicability of activated sludge models
The application of activated sludge models (ASM) to real-case membrane
bioreactors (MBR) was defined as a research need (Chapter 2) and one of the
objectives of this thesis (Chapter 1). An ASM model study was conducted for
optimising a community-scale MBR for water reuse running under challenging
influent conditions (Chapter 3). ASM2d, adapted for biomass decay under anoxic
and anaerobic conditions, was chosen to account for the occurrence of biological
phosphorus removal. The influent fractionation was based on physical, biological
and chemical parameters and the hydraulic profile was determined through a tracer
test. Steady-state modelling was found inadequate, but the dynamic model provided
a good prediction of the NH4 and NO3 nutrient removal profiles and sludge
concentrations (MLSS) by using default ASM2d values for all biokinetic and
stoichiometric parameters. The PO4 dynamics could not be well described, though
on average the predictions were reasonable.
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To accurately simulate the aeration demand, being important towards energy
consumption and operational costs as well as the biological process (Chapter 2), a
dedicated aeration model, incorporating the adverse effect of elevated MLSS
concentrations on oxygen transfer efficiency and allowing differentiation between
coarse and fine bubble aeration (Chapters 5), was used. A scenario analysis was
carried out to simulate the effect of varying the sludge retention time (SRT), the
recirculation ratio and the oxygen (DO) setpoint on the effluent quality, MLSS
concentrations and aeration demand. Linking the outcomes with empirically
derived calculations for energy consumption allowed the quantification and
optimisation of energy demand.
A validation of the model was performed by effectively applying the optimised
operational parameters to the plant. This resulted in a reduction in energy
consumption by 23% without compromising effluent quality, as was accurately
predicted by the model. The used modelling approach thus allowed the operating
envelope to be reliably identified for meeting criteria based on energy demand and
specific water quality determinants.

8.1.2. Model-based life-cycle cost assessment
Chapter 4 presented a model-based approach to investigate, quantify and determine
the impact of main operational and design parameters on capital (capex) and
operational expenditure (opex). ASM1 was used as biological process model. The
various design and operational options were evaluated using the realistic long-term
dynamic influent file of benchmark simulation model no. 1 long term (BSM1_LT;
Chapter 2). The BSM concept was also employed to evaluate effluent quality (EQI;
Chapters 2 and 5) and provide information on some of the energy costs, e.g.
aeration (Chapters 3 and 5). The dynamic simulation results served as input for
specific cost models for both capex and opex, generated using representative
heuristic and empirical available cost data, to calculate the net present value (NPV)
on a 30-year basis.
The performed cost sensitivity assessment revealed that the contingency provided
for changes in feed water flow and composition impacts significantly on NPV. The
analysis showed that any deviation from the ideal hybrid plant, i.e. conventional
treatment (CAS) combined with an MBR treating a constant influent stream, leads
to plant under-utilisation and a resulting cost penalty. Addition of a buffer tank for
flow equalisation increases average plant utilisation, leading to more efficient
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operation and a resulting reduction in opex. For capex, the reduction in membrane
area and actual MBR plant size outweighs the investment costs for the buffer tank
even at moderate to high land prices. An increased SRT at constant tank volume
increases the NPV since a greater aeration demand is incurred at higher MLSS
concentrations. Although sludge production is concomitantly reduced, the resulting
cost savings do not fully offset the increased energy costs. However, the results are
very sensitive to sludge treatment and disposal costs. The effect of hydraulic
retention time (HRT) on NPV is minimal, if land costs are negligible, but a higher
average HRT improves effluent quality. Higher sustainable fluxes lead to a
decreased NPV despite the increased opex due to the higher aeration demand, since
the latter is offset by the reduction in capex and membrane replacement costs as
less membrane area is required. Energy prices, membrane costs as well as
membrane lifetime are determining factors towards NPV.

8.1.3. Potential of benchmark simulation models
For fair comparison of operational strategies and to allow the assessment of process
control, the BSM platform originally developed for CAS systems was extended to
MBR (BSM-MBR; Chapter 5). BSM1 (Chapter 2) was used as starting point and
updated in terms of reactor volumes, membrane filtration, aeration capacity and
sludge flows. The performance criteria, e.g. effluent quality index (EQI) and
operational cost index (OCI), were extended taking into account additional
pumping requirements for permeate production and aeration requirements for
membrane fouling suppression. As mentioned above, a dedicated aeration model
was considered necessary (Chapter 2) and therefore developed.
Steady-state and dynamic simulations revealed the effluent quality of BSM-MBR
to be much better than that of BSM1, mainly thanks to the complete retention of
solids and improved ammonium removal due to extensive aeration in combination
with more biological mass. However, this was at the expense of significantly higher
operational costs. Only the sludge disposal costs decreased for the BSM-MBR, due
to the higher SRT. Impaired denitrification performance was evident due to oxygen
poisoning of the first anoxic zone and a reduced anoxic mass fraction related to the
steep MLSS gradient along the bioreactor zones. Furthermore, the MLSS gradient
was found to be highly susceptible to influent flow dynamics, also having
repercussions on aeration efficiency. A comparison with three large-scale MBRs
showed BSM-MBR energy costs to be realistic. The membrane aeration costs for
the open loop simulations were high due to the lack of optimization. The potential
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of BSM-MBR to create and evaluate control strategies for MBRs was illustrated
with two straightforward examples leading to diminished operational costs by 13 17% depending on weather and influent dynamics, without compromising effluent
quality. Further development of control strategies was outside the scope of this
work.
Recognizing the potential benefits of hybrid MBRs (Chapter 4), a benchmark
simulation model for hybrid membrane bioreactors (BSM-hMBR) was developed
to investigate their dynamic behaviour and the effect of different levels of CAS and
MBR integration on effluent quality and operational costs (Chapter 6). Hereto,
BSM-MBR (Chapter 5) was combined with BSM1 (Chapter 2). The BSM1
aeration model was replaced with the one of BSM-MBR, adapted slightly with
regard to the calculation of the α-factor at low MLSS. For the calculation of EQI
and OCI basically the same equations could be used. Only for the latter, two new
sludge recycle flows were added. The parallel, in series and integrated layouts were
defined as well as certain rules, procedures and controllers with regard to influent
partitioning, sludge distribution, settler operation and dissolved oxygen. This was
necessary to allow comparison between simulations and scenarios.
The results showed that the choice of layout and the influent partitioning ratio
between the conventional and MBR lane had a significant influence on effluent
quality but not so much on total operational costs. The optimal results that were
achieved for each layout were however similar and, especially for the parallel
layout, found at high influent rates towards the MBR lane, hereby maximizing the
benefits of membrane filtration on effluent quality. The integrated layout appeared
particularly vulnerable to storm flows though these could be dealt with
appropriately by changing the operation of the plant. Despite promising results,
strong conclusions on optimal design and operation of hybrid MBRs were
considered premature. The developed tool, however, allows further investigation
into the application of hybrid MBRs as greenfield or retrofit wastewater treatment
plants, both in terms of design and operation.

8.1.4. Filtration control through principal component analysis
It was decided not to incorporate detailed descriptions of membrane filtration in
previous models (Chapters 3 to 6) as the available mechanistic knowledge on
membrane fouling was considered insufficient for reliable predictions (Chapters 1
and 2). Instead, an attempt was made on a data-driven modelling approach to
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control membrane fouling, using principal component analysis (PCA) and fuzzy
clustering (FC) to extract the necessary monitoring information out of online
measured transmembrane pressure data (TMP), making it applicable to any MBR
as this is a routine measurement (Chapter 7). Three PCA variants were tested,
which exhibited similar capacities to uncover trends and patterns, but the two
functional methods were preferred over common PCA related to a better handling
of noise and outliers. The expert functional PCA method enabled linking the two
major linear trends in the data to reversible fouling and irreversible fouling. The bsplines approach provided a more objective way of functionalising the data set,
though at increased complexity.
The FC algorithm, applied after PCA, was successful in recognizing the data trends
and placing the cluster centers in meaningful positions, which assisted in data
interpretation for condition monitoring. However, the algorithm did not allow a
correct classification of all data. Factor analysis (FA) was used instead, exploiting
the linearity of the observed two dimensional trends, to completely split the
reversible and irreversible fouling effects and classify the data in a more pragmatic
approach. Overall, the tested techniques appeared useful. On one hand, the TMP
data appear to contain the necessary control information. On the other hand, the
described techniques provide means to efficiently extract the information in an
automated way and use it for control purposes.

8.2. Perspectives and future work
The knowledge gaps and promising research paths that were identified throughout
this work are listed hereunder:
 Literature review showed very little activity on full-scale ASM modelling of
MBRs. Although every full-scale effort will have its specific issues, it is
recommended to further walk this route in order to pursue consensus on
reported findings on lab or pilot scale. The real application of models, i.e. for
optimisation or design purposes, should receive more attention as well, since
it will reveal model flaws and indicate routes for further research.
 Biological phosphorus (bio-P) removal in MBR plants needs further
investigation as it is often better than expected, and even reported in the
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absence of anaerobic tanks. The existing bio-P submodels require further
research. Possibly, the typical high sludge concentrations in MBRs also lead
to local and temporary anaerobic zones as a result of the increased viscosity
of the sludge impacting mixing behaviour. Mixing behaviour can be
investigated by computational fluid dynamics (CFD) and give an indication
on the suitability of the traditionally used completely stirred tanks-in-series
concept to model the hydraulics of wastewater treatment plants.
 Sludge exhibits non-Newtonian shear-thinning behaviour, i.e. decreasing
apparent viscosity with higher imposed shear rates, which is dependent on
MLSS concentrations and particle size distributions (PSD). Despite its impact
on various MBR subprocesses (e.g. mixing, pumping, filtration, aeration,
biokinetics), currently no well established model is available, which is a
clear research gap. Part of the problem also lies in the lack of a protocol for
sound measurement of apparent sludge viscosity.
 Interesting activity on simultaneous nitrification and denitrification was
observed in literature, as it can lead to significant energy savings for MBRs
because less aeration is required. Besides further study regarding its impact
on half-saturation coefficients in ASM models, attention should also go to
emissions of the N2O greenhouse gas. The latter is currently receiving a lot
of attention in CAS systems and is highly linked with low DO setpoints for
energy optimisation, but findings on MBRs have not been reported yet, i.e.
neither measurements nor modelling.
 The role of soluble microbial products (SMP) and extracellular polymeric
substances (EPS) towards membrane fouling is still debated. Detailed
models for predicting SMP and EPS concentrations in the sludge and their
impact on membrane filtration exist, but have not proven their validity on
full scale. Full-scale studies with real influent dynamics and a broad range of
operational conditions are required to confirm or reject hypotheses, whereby
the focus should lie on essential aspects instead of studying details that might
not occur at full scale or are artefacts of lab or pilot-scale studies.
 An approach different from mechanistic modelling of membrane fouling
would be the development of a risk index model, expressing the link
between MBR operation and membrane fouling in terms of a risk index. This
avoids explicit modelling of the mechanistic fouling process which is a
burdensome task. The research would involve translating the empirical and
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expert knowledge that exists today into risk of occurrence of fouling
problems based on MBR influent characteristics and routinely measured
plant operational parameters (TMP, TSS, DO, SRT, etc). A similar risk
model, based on fuzzy mathematics, for secondary settling failures in CAS
systems exists (Comas et al., 2008; Flores-Alsina et al., 2009) and could be
used as starting point.
 The aeration model developed in this work needs further detailed full-scale
validation as it is a key submodel towards biokinetics and operational costs.
The required data (e.g. aeration efficiency) can be gathered through off-gas
testing whereby the oxygen content of off-gas collected from the liquid
surface is measured and compared to that of the compressed air introduced
by the blower. The use of this technique to MBRs has not been reported to
date. At lower sludge concentrations, i.e. CAS systems, aeration efficiency is
subject to certain plant operational parameters like SRT, which should be
incorporated when for instance hybrid MBRs are modelled. Further, the
effect of coarse bubble aeration rates on membrane fouling suppression
should be incorporated as link to the filtration process.
 Since costs are the major bottleneck for market breakthrough of MBRs, it is
important to have accurate cost models to provide better strategies for
operation and design. The current operational cost models should be updated
to become fully dynamic and dependent on operational conditions (e.g.
viscosity, flow rates, fouling). Detailed cost modelling of pumps and blowers
would include flow characteristics and pump and motor curves and
efficiencies. Energy cost modelling should be incorporated as well, as it
depends on peak demand. Construction costs should be described more
clearly and expanded for unit processes like primary clarifiers and anaerobic
digesters as additional design options.
 To provide strong conclusions on the optimal design and operation of hybrid
MBRs, a thorough life-cycle cost analysis should be conducted,
incorporating the various possible layouts, influent partitioning strategies,
control schemes and design and operation rules. A potential way of assessing
the effect of certain choices on membrane fouling and settling might be the
use of risk index models as mentioned before.
 The development and testing of straightforward or advanced feedback and
feed forward control schemes for aeration and recirculation rates in MBRs
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can be based on BSM-MBR and the tools and models already available for
the conventional benchmark simulation models regarding sensor and
actuator dynamics and faults. The control strategies that were presented in
Chapter 5, as proof of concept, are considered too simplified. Elaborate filter
line management routines typical for large-scale multi-lane MBRs, i.e.
sequencing and intermittent membrane tank operation dependent on the
water level in the reactor tanks, should be incorporated.
 The membrane fouling monitoring approach based on PCA, FC and FA
applied to TMP data requires further research using full-scale data collected
under a variety of operational and influent conditions. Not only the nature of
the observed data trends needs to be investigated but also the actual
implementation of control actions to suppress fouling.
 Many subprocesses contribute to the overall performance of MBRs:
biological conversion of pollutants, filtration, mixing, aeration, rheology, etc.
Most of these processes have been studied and modelled in the past
individually. An integrated model for MBRs, incorporating all processes and
linkages, is a clear gap in the research field and a missing link to overall
understanding and optimisation. An important point of attention when
integrating models is to keep a healthy balance between the complexity of all
included submodels and not just link existing models with very different
complexity. Especially when calibrating, a submodel with many control
handles (degrees of freedom; parameters) might easily start correcting for
flaws in more simplistic sub-models.
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Summary

The increasing demand by citizens and environmental organizations for cleaner
waters led governments worldwide to convert water protection into one of their
priorities. Key stakeholders in charge of operating wastewater treatment facilities
are therefore in need of adequate, cost-effective technologies to meet the
requirements of this and future generations. The membrane bioreactor (MBR)
technology, combining biological treatment with membrane filtration, is currently
receiving keen interest herein, providing water of excellent quality fit for reuse. Its
commercial growth has been significant in the last decade, but till present day the
technology is still perceived as a high-cost option, impeding definitive market
breakthrough. The problem lies in the fouling of the membranes which causes their
permeability to decline and requires suppression measures like backwashing,
membrane aeration and chemical cleanings to sustain operation. Despite many
studies, the fouling process is still poorly understood and described, resulting in
installations that are designed and operated conservatively and therefore costineffectively, leaving room for optimisation.
In this PhD thesis, a pure modelling approach was adopted in pursuit of more costefficient MBR plants. It entailed the investigation of main design and operational
related parameters in a virtual model-based setting as well as the application of
models to real data. The subject of process control for biology and filtration was
addressed too. Activated sludge models (ASM), benchmark simulation models
(BSM) and principal component analysis (PCA) were used in particular to achieve
the specific goals that were set out.
The applicability of ASM models to MBRs for optimising energy consumption was
assessed on a community-scale MBR treating high strength domestic wastewater
for recycling purposes. ASM2d was chosen as biological process model to account
for the presence of phosphate accumulating organisms. A tracer test was carried out
to determine the hydraulic behaviour of the plant. To realistically simulate the
aeration demand, a dedicated aeration model was developed incorporating the
dependency of the oxygen transfer on the mixed liquor suspended solids (MLSS)
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concentration and allowing differentiation between coarse and fine bubble aeration,
both typically present in MBRs. A steady-state and dynamic calibration was
performed, and the calibrated model was able to predict effluent nutrient
concentrations and sludge concentrations accurately. Linking the model output with
empirically derived correlations for energy consumption also allowed an accurate
prediction of the energy consumption. A validation of the model was performed by
effectively applying better operational parameters, identified through a modelbased scenario analysis, to the plant. This resulted in a reduction in energy
consumption by 23% without compromising effluent quality, as was accurately
predicted by the model.
Model-based life-cycle cost assessment was used to quantify the effect of design
choices and operational parameters on full-scale hollow fibre membrane bioreactor
costs. Different options were subjected to a long-term dynamic influent profile and
evaluated using ASM1 for effluent quality, aeration requirements and sludge
production. The simulation results served as input for specific cost models for
capital (capex) and operational expenditure (opex) generated using representative
heuristic and empirical available cost data, to calculate the net present value (NPV)
on a 30-year basis. Results revealed that the amount of contingency built in to cope
with changes in feed water flow has a large impact on NPV. A buffer tank to reduce
influent dynamics is an economically viable option. Membrane cost and lifetime is
decisive in determining NPV. Operation at higher sludge retention time (SRT)
increases the NPV due to higher aeration costs at higher MLSS levels, though the
analysis is very sensitive to sludge treatment costs. A higher sustainable flux
demands greater membrane aeration, but the increase in opex is offset by lower
capex as the required membrane area is reduced.
A benchmark simulation model (BSM-MBR) was developed to allow fair
comparison of operational and control strategies for MBRs in terms of effluent
quality and operational costs. The configuration of the existing BSM1 for
conventional activated sludge (CAS) plants was adapted using reactor volumes,
pumped sludge flows and membrane filtration for the water-sludge separation. The
BSM1 performance criteria were extended for an MBR taking into account
additional pumping requirements for permeate production and aeration
requirements for membrane fouling prevention. Aeration costs and efficiency were
described with aforementioned dedicated model. A comparison with three largescale MBRs showed BSM-MBR energy costs to be realistic. A proof of concept
demonstrated the usefulness of BSM-MBR for identifying control strategies to
lower operational costs without compromising effluent quality.
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Summary
Recognizing the economical potential of operating MBRs in a hybrid configuration,
i.e. the combination of MBR and CAS, the benchmark simulation concept was used
to investigate their dynamic behaviour and the effect of different levels of CAS and
MBR integration on effluent quality and operational cost. BSM1 was chosen to
represent the conventional and BSM-MBR the MBR part of the hybrid plant. The
BSM-MBR aeration model was adapted slightly and used throughout, i.e. also in
BSM1. A parallel, in series and integrated plant layout were defined as well as
certain rules, procedures and controllers with regard to influent partitioning, sludge
distribution, settler operation and aeration. Both the choice of layout and the
influent partitioning ratio between the conventional and MBR lane had a significant
influence on effluent quality but not so much on total operational costs. The
optimal results that were achieved for each layout were however similar and found
to be prevailing at high influent rates towards the MBR lane.
Finally, a data-driven modelling approach was investigated for membrane fouling
control, using principal component analysis (PCA) and fuzzy clustering (FC) to
extract the necessary monitoring information out of online measured
transmembrane pressure data (TMP) from a lab-scale MBR. Of the three tested
PCA techniques the two functional methods proved useful to cope with noise and
outliers as opposed to the common standard PCA, while all of them presented
similar capabilities for revealing data trends and patterns. The expert functional
PCA approach enabled the distinction of reversible and irreversible fouling. The bsplines approach provided a more objective way of functionalising the data set,
though at increased complexity. The FC algorithm, applied after PCA, was suited
for data analysis, but did not allow a correct classification of all data. Factor
analysis was used instead to completely split the different fouling effects and
classify the data in a more pragmatic approach. Overall, the tested techniques
appeared useful and can serve as the basis for automatic membrane fouling
monitoring and control.
Besides the main outcomes of the work, i.e. knowledge buildup and a set of
powerful model-based tools to achieve improved cost-effective MBR design and
operation, various research needs and promising future paths were identified
throughout the thesis and listed. Amongst them the development of a sound sludge
rheology model as it impacts mixing, pumping, filtration, aeration as well as
biokinetics and a risk index model that expresses the link between MBR operation
and membrane fouling in terms of a risk index, which can be used while consensusbased explicit mechanistic models of membrane fouling are under development.
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De toenemende vraag van burgers en milieuorganisaties naar schoner water heeft
regeringen wereldwijd aangezet de bescherming van water als een van hun
prioriteiten te beschouwen. Hierdoor is er nood aan adequate, kosteneffectieve
technologieën voor de behandeling van afvalwater om aan de behoeften van
komende generaties te kunnen voldoen. De membraanbioreactortechnologie
(MBR), een combinatie van biologische zuivering met membraanfiltratie, geniet
momenteel veel belangstelling hieromtrent door de productie van water van
uitstekende kwaliteit dat geschikt is voor hergebruik. Echter, ondanks de
aanzienlijke commerciële groei in het laatste decennium, wordt de technologie nog
steeds als een dure optie beschouwd, wat een definitieve marktdoorbraak
belemmert. Het probleem ligt bij de vervuiling van de membranen, waardoor hun
permeabiliteit vermindert en kostelijke tegenmaatregelen zoals terugspoeling,
membraanbeluchting en chemische reiniging vereist zijn. Ondanks vele studies, is
het vervuilingsproces nog steeds slecht begrepen en beschreven, wat resulteert in
installaties die conservatief en bijgevolg ook kosteninefficiënt ontworpen en
bedreven worden. Dit geeft ruimte voor optimalisatie, en daardoor kostenreductie,
wat een definitieve marktdoorbraak kan bewerkstelligen.
In dit doctoraat werd voor een zuivere modelmatige aanpak gekozen om te komen
tot kostenefficiëntere MBRs. Het werk omvatte onderzoek naar de belangrijkste
operationele en ontwerpparameters in een virtuele modelgebaseerde omgeving,
naast de toepassing van modellen op reële gegevens. Het onderwerp van
procesregeling voor biologie en filtratie werd ook behandeld. Om de specifieke
doelstellingen die waren vastgelegd, te behalen, werd in het bijzonder gebruik
gemaakt van actiefslibmodellen (ASM), benchmarksimulatiemodellen (BSM) en
principale componentenanalyse (PCA).
Het onderzoek naar de toepasbaarheid van ASM-modellen op MBRs voor
energieverbruikoptimalisatie werd uitgevoerd op een gemeenschapsschaal MBR ter
behandeling van geconcentreerd huishoudelijk afvalwater voor hergebruik. Er werd
geopteerd voor ASM2d als biologisch procesmodel vanwege de aanwezigheid van
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fosfaataccumulerende bacteriën en het hydraulische gedrag van de installatie werd
bepaald met een tracertest. Om de beluchtingsvraag realistisch te simuleren, werd
een aeratiemodel ontwikkeld dat de afhankelijkheid tussen de zuurstoftransfer en
de concentratie aan zwevende stoffen in het actiefslib (MLSS) alsook het verschil
tussen grof- en fijnbellenbeluchting, die beiden worden toegepast bij MBRs,
beschrijft. Een steady-state en dynamische modelkalibratie werden uitgevoerd en
het gekalibreerde model was in staat de effluentnutriënten- en slibconcentraties
nauwkeurig te voorspellen. Het koppelen van de modelresultaten met empirisch
afgeleide correlaties voor het energieverbruik liet toe een nauwkeurige voorspelling
van het energieverbruik te maken. Het model werd gevalideerd door de betere
operationele instellingen die werden gevonden op basis van een modelgebaseerde
scenarioanalyse, effectief toe te passen op de MBR. Dit resulteerde, zoals adequaat
voorspeld door het model, in een vermindering van het energieverbruik met 23%
zonder effluentkwaliteitsverlies.
Om het effect van ontwerpkeuzes en operationele parameters op de kosten van een
holle vezel MBR op volle schaal te kwantificeren, werd gebruik gemaakt van een
modelgebaseerde levenscycluskostenanalyse. De verschillende alternatieven
werden onderworpen aan een dynamisch influentprofiel op lange termijn en
geëvalueerd met behulp van ASM1 voor de kwaliteit van het effluent, de
beluchtingsvraag en slibproductie. De simulatieresultaten werden vervolgens
gebruikt als input van specifieke kostenmodellen voor operationele (opex) en
infrastructuuruitgaven (capex). Deze kostenmodellen werden opgesteld op basis
van de beschikbare representatieve heuristische en empirische kostengegevens en
gebruikt om de netto actuele waarde (NPV) te berekenen over een termijn van 30
jaar. De resultaten van de kostenanalyse gaven aan dat de marge die bij het ontwerp
van installaties in rekening genomen wordt om met influentveranderingen om te
kunnen gaan, een grote impact heeft op de NPV. Een buffertank ter vermindering
van de influentdynamiek, is economisch gezien een geschikte optie.
Membraanprijzen en -levensduur zijn doorslaggevend bij het bepalen van de NPV.
Een bedrijfsvoering waarbij de slibretentietijd (SRT) hoog gehouden wordt, leidt tot
een hogere NPV vanwege de toegenomen beluchtingskosten bij hogere MLSSconcentraties, hoewel de analyse zeer gevoelig is aan slibverwerkingskosten. Een
hogere duurzame membraanflux vereist meer membraanbeluchting, maar de
stijging inzake opex wordt gecompenseerd door de lagere capex aangezien minder
membraanoppervlak nodig is.
Een benchmarksimulatiemodel voor MBRs (BSM-MBR) werd ontwikkeld om een
eerlijke vergelijking van operationele en regelstrategieën in termen van
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effluentkwaliteit en operationele kosten mogelijk te maken. De configuratie van het
bestaande BSM1-model voor conventionele actiefslibsystemen (CAS) werd hiertoe
aangepast op het gebied van reactorvolumes, te verpompen slibstromen en
scheidingsproces, i.e. membraanfiltratie in plaats van conventionele bezinking. De
BSM1-performantiecriteria werden aangepast voor een MBR door de additionele
pompbehoeften voor de productie van permeaat en de beluchtingsbehoeften ter
preventie van membraanvervuiling in rekening te brengen. Aeratiekosten en efficiëntie werden beschreven met een toegewijd model, zoals eerder aangegeven.
Een vergelijking met drie grootschalige MBRs gaf aan dat BSM-MBR realistische
energiekosten voorspelt. Een voorbeeld illustreerde het nut van het BSM-MBRconcept ter identificatie van controlestrategieën voor het verlagen van de
operationele kosten zonder effluentkwaliteitsverlies.
Gezien het economische potentieel van hybride MBRs, i.e. de combinatie van
MBR en CAS, werd het benchmarksimulatieconcept gebruikt om hun dynamisch
gedrag en het effect van verschillende gradaties van CAS- en MBR-integratie op de
effluentkwaliteit en operationele kosten te onderzoeken. Het conventionele gedeelte
werd beschreven door BSM1, terwijl BSM-MBR werd gekozen voor het MBR
gedeelte. Het BSM-MBR-beluchtingsmodel werd minimaal gewijzigd om ook voor
het BSM1-gedeelte gebruikt te kunnen worden. Naast de definiëring van een
parallel, serieel en geïntegreerd procesontwerp, werden ook bepaalde regels,
procedures en controlestrategieën met betrekking tot de verdeling van het influent,
distributie van slib, werking van de secundaire bezinker en beluchting, vastgelegd.
Zowel de ontwerpkeuze als de verdeling van het influent tussen de CAS- en MBRstraat hadden een belangrijke invloed op de effluentkwaliteit, maar niet op de totale
operationele kosten. De beste resultaten die met elk ontwerp bereikt werden, waren
desondanks vergelijkbaar en gevonden bij hoge influentstromen naar het MBRgedeelte.
Tot slot werd onderzoek verricht naar een datagedreven, modelmatige aanpak voor
de regeling van membraanvervuiling op basis van principale componentenanalyse
(PCA) en fuzzy clustering (FC). Deze technieken werden gebruikt om de nodige
monitoringinformatie uit online transmembraandrukmetingen (TMP) te kunnen
halen en toegepast op data van een laboschaal MBR. De drie verschillende PCAmethoden die werden getest, vertoonden gelijkaardige capaciteiten voor het
onthullen van datapatronen en -trends. De twee functionele methoden bleken nuttig
om met ruis en uitschieters om te gaan, in tegenstelling tot de standaard PCAmethode. De expertgedreven functionele PCA-methode maakte het bovendien
mogelijk onderscheid te maken tussen reversibele en irreversibele vervuiling. De b161
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splines aanpak zorgde voor een meer objectieve functionalisering van de data, maar
resulteerde ook in meer complexiteit. Het FC-algoritme, toegepast na PCA, bleek
nuttig voor data-analyse maar niet in staat om alle data correct te classificeren. In
plaats daarvan werd gebruik gemaakt van factoranalyse om de verschillende
vervuilingseffecten volledig te scheiden en de data op een meer pragmatische
manier te classificeren. Over het geheel genomen, bleken de geteste technieken
nuttig en toepasbaar als basis voor de automatische monitoring en controle van
membraanvervuiling.
Naast de hoofdverwezenlijkingen van het werk, i.e. kennisopbouw en de
ontwikkeling van een aantal krachtige modelgebaseerde instrumenten om te komen
tot een beter MBR-procesontwerp en een kostenefficiëntere bedrijfsvoering,
werden verschillende onderzoeksnoden en veelbelovende, toekomstige paden voor
onderzoek geïdentificeerd en opgelijst. Ondermeer de ontwikkeling van een goed
model voor slibrheologie werd belangrijk geacht, gezien de impact op zowel
menging, verpomping, filtratie, beluchting en biokinetiek. Daarnaast werd ook de
mogelijkheid van een risico-indexmodel aangehaald, waarbij het verband tussen de
opgelegde bedrijfsvoering en membraanvervuiling beschreven wordt in termen van
risicogradaties. Dit model zou dan gebruikt kunnen worden in afwachting van de
ontwikkeling van expliciete, consensusgebaseerde, mechanistische modellen voor
membraanvervuiling.
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Table A.2: ASM1 and BSM1 kinetic parameters

Table A.1: ASM1 and BSM1 stoichiometric parameters

Appendix A: ASM1 / BSM1
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Table A.3: ASM1 Gujer matrix

Appendix A
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Appendix B: Principal component analysis

Principal component analysis (PCA) is a multivariate analysis technique,
mentioned for the first time by Pearson (1901) and Hotelling (1933). It is a socalled data mining technique, which compresses the information from a data-rich
but information-poor data set into a set with a much higher information to data
ratio. This is done through a reduction of the amount of variables to a smaller set of
newly defined variables called principal components (Naessens, 2011; Villez,
2007). In the following, exerpted from Naessens (2011), the main steps for PCA
are briefly explained.

B.1. Standardizing of the data matrix
Consider an N x M matrix Z, which contains the values zi,j of M (j = 1 . . . M)
variables for N (i = 1 . . . N) samples of a certain process:

(B.1)

Since every measurement implies errors, one usually gets a matrix X of measured
variables, instead of Z:

(B.2)
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where:
(B.3)

In this equation ei,j are the measurement errors, i.e. the differences between the
measured values and the actual values of the measured variables. In what follows, it
will be assumed that:
(B.4)

The matrix of measured values X, obtained in practice, can then be transformed into
a standardized data matrix before further analysis is performed. This includes a
centering and/or scaling step. Centering is used to remove a constant offset present
in the data. From each value xi,j of X, the column average mj is subtracted. By doing
so, each variable gets a zero mean.
Scaling is used to reduce the artificial scale differences that are inherent to
variables of different units. Scaling is typically performed by dividing each value
by the column standard deviation sj. As such, the variance of each variable becomes
1, i.e. the data are scaled to unit variance.
(B.5)

with:
(B.6)

(B.7)

The covariance matrix S of the scaled data set is defined as:
(B.8)

In this equation, N is usually replaced by N-1 in practice, since the standardization
involves a centering, for which the mean is calculated from the data, so one degree
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of freedom is lost. When using only Equation B.6 for the standardization (no
scaling, or sj = 1), this is referred to as mean centering. When using Equation B.6
and B.7, the term autoscaling is used. In case of mean centering, the matrix S is
equal to the covariance matrix of the original data set. In case of autoscaling, S is
by definition the correlation matrix of the original data set (Naessens, 2011; Villez,
2007).

B.2. Principal component identification
Before achieving an actual reduction in data (through a reduction of the number of
variables), linear combinations of the standardized variables are taken to form a set
of new variables.

(B.9)

In these equations, t.,c (with c = 1 . . . C) are the principal components, or the newly
defined variables, while the explicit values of these variables are the principal
scores. The vectors p.,c are called loading vectors and define the new set of
variables out of the old one. These terms must not be confused. The variances and
covariances of the new variables can be calculated, using Equation B.10 and B.11:
(B.10)
(B.11)

The proof for these equations is based on equation B.8 and can be found in Johnson
and Wichern (2002).
The next step in PCA is the determination of the loading vectors. The first loading
vector can be found as the one that assigns a maximum of variance from the
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original data to the corresponding principal component (the actual new variable),
while being restricted to unit norm:
(B.12)

The second loading vector is found as the vector that assigns a maximum of the
remaining variance to the corresponding principal component, again restricted to
unit norm. An extra constraint states that this principal component has to be
orthogonal to the first. In other words, the second loading vector selects for a
principal component being orthogonal to the first, in the direction of the greatest
residual variance in the data.

(B.13)

This procedure can be continued to find more loading vectors of unit norm, at every
turn with the maximum possible variance assigned to the corresponding principal
component orthogonal to all previously found principal components. The cth
loading vector is found by solving b < c:

(B.14)

The orthogonality of the different principal components guarantees the uncorrelated
character of the linear combinations. The restriction to unit norm can be justified by
looking at Equation B.10. It can easily be seen that the variance can become bigger,
when the loading vector is multiplied by a constant, while the values still maintain
the same proportions to each other (Johnson and Wichern, 2002). The unit norm
constraint can be written as:
(B.15)
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Because of the orthonormality of the principal components and their orientation in
the direction of the biggest (residual) variance in the data set, PCA is basically a
transformation of the axes. Interestingly, the loading vectors p.,c are equal to the
eigenvectors of S, and the corresponding eigenvalues λc are equal to the variance of
the respective principal components.
(B.16)

The loading vectors can thus also be found by solving:
(B.17)

This implies that the best way to extract as much variance (thus information) from
the original data is to sort the principal components by descending value of their
eigenvalues and select the first C of them. Extract as much information as possible,
but in a minimum number of (new) variables will thus be a tradeoff, determined by
the selection of more or less PCs. How to determine the ideal number of PCs to be
retained (especially for higher dimensional problems) is explained in section B.3.
Since S has the dimensions (M x N) · (N x M) = (M x M), an absolute maximum of
M eigenvectors can be computed, so at most M PCs can be found. Of course, if the
matrix X contains dependent columns, the actual maximum number of computable
PCs will be lower. In general, the total number of PCs that can be computed in a
certain situation will be referred to as Cmax.
(B.18)

The cth loading vector is defined as the eigenvector of S with the cth largest
eigenvalue λc, and the corresponding principal component as the cth principal
component. For λc being the variance of the cth principal component, one can
determine the relative variance (RV) captured by this cth principal component as:
(B.19)

The relative cumulative variance (RCV) of the first C principal components is then:
(B.20)
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When a selection of the number of principal components C retained in the analysis
is made, one can create the matrix P, containing the necessary loading vectors:
(B.21)

The matrix T containing the actual principal components can then be calculated as:
(B.22)

As a last remark on this, it has to be noticed that the original values can be
reconstructed from the calculated principal components and their loading vectors:
(B.23)

However, when only a certain amount of PCs is retained, some information will be
lost. Therefore, these reconstructed data will differ to some extent from the original
ones. The residuals can be calculated as the difference between the reconstructed
and the original data:
(B.24)

B.3. Identification of the number of principal components
In order to reduce the amount of data, new variables called principal components
can be used. However, if all principal components are retained, this will not result
in any data reduction. Therefore, one only retains a certain amount of PCs. By
doing so, some of the information within the original data will be lost. The
objective is thus to capture a maximum of variance (information) in a minimum
number of components. Hence, the principal components are ranked in descending
order of their eigenvalues, which are equal to the variance within the principal
components (Equation B.16). Now only the first C of them have to be selected. The
determination of C is however not strictly defined, due to the tradeoff between data
reduction and precision, and the different weights that can be given to each of those
contributing factors. Certain criteria and selection methods have been developed to
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provide some assistance, but the optimal number of retained PCs can differ
depending on the selection method used.

B.3.1. Captured variance
This method is the most straightforward technique to determine the number of
selected PCs. The user predefines a certain amount of relative captured variance
that needs to be met, after which the required consecutive PCs and eigenvalues are
calculated, i.e. until the RCV of the calculated PCs meets the criterion (Villez,
2007).

B.3.2. Eigenvalue scree plot
An eigenvalue scree plot can be constructed by plotting the eigenvalues of the
principal components in decreasing order. Since eigenvalues are a measure of
captured variance (Equation B.19 and B.20), one can as well plot the RV. In a scree
plot, the ideal number of PCs can be determined by searching the PC after which
no steep decrease in RV occurs anymore (this can be compared to searching for the
place where little rocks - called scree - are numerously gathered at the foot of a
steep mountain). The principal components after this particular PC do not bring a
lot of information along, compared to the ones before. Including one of them would
mean that also the following PCs should be included, hence not providing efficient
data reduction.

B.3.3. Scrambling
In this selection method, another data set is generated by scrambling the original
one, i.e. the data are permutated within the columns, so that they contain no
meaningful relationships. In result, the eigenvalues for this scrambled data set
represent the amount of variance captured when no meaningful information is
present. When a scree plot is made for both data sets on the same plot, one simply
has to select the PCs with eigenvalues for the unscrambled data set above those of
the scrambled dataset. In other words, one selects the PCs that contain more
variance in their scores than those of a scrambled data set, without any physical
meaning (Villez, 2007).
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B.3.4. Reconstruction-based selection
Using the residuals after reconstruction of the original dataset, the root mean
squared residuals (RMSR) value can be calculated:

(B.25)

The RMSR will decrease as more PCs are retained, since less information is lost by
excluding less PCs. The data set used for building the PCA model (i.e. determining
the PCs) is called the calibration data set. When using the reconstruction based
selection, also a validation data set should be provided, which is not used for the
determination of the PCs themselves. The RMSR of this data set can be calculated
using the PCs determined with the calibration data set. Working with a validation
data set rather than the calibration data set will provide an indication of the
efficiency of the model’s reduction. The number of PCs to select is then the amount
after which the RMSR does not decrease sharply by including more PCs (similar to
the scree plot). In the absence of a validation data set, or in a situation where the
validation data set would differ too much from the calibration data set, a technique
called cross validation is used. The data set is split up and each part is used exactly
once for validation and a mean RMSR over the different trials is calculated. For
more details on this method, the reader is referred to Villez (2007).
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A fuzzy-based clustering algorithm was preferred in this thesis as fouling is a
process that gradually takes place. As such, it made more sense to assign the
filtration data a membership degree rather than allocate them to only one cluster,
i.e. as to mimic the progressive nature of the fouling process. Being a member of
this fuzzy family, the fuzzy c-means clustering algorithm could have been one of
the options. This algorithm, however, is based on the Euclidean distance (Equation
C.1) as a measure of data similarity, which makes it unsuited for non-spherical
clusters (e.g. elliptical) of varying sizes and shapes. In the Gustafson-Kessel (GK)
algorithm (Gustafson and Kessel, 1979) the distance metric is locally adapted to the
shape of the cluster by providing each cluster with a norm-inducing matrix Aj based
on the fuzzy covariance matrix of the cluster data, making the measure of similarity
correspondent to the squared Mahalanobis distance (Equation C.2).
(C.1)

(C.2)

Herein is xi a data sample, vj a cluster center and Aj the norm-inducing matrix. The
algorithm steps and corresponding formulas of the Gustafson-Kessel algorithm are
summarized in Table C.1. The constants ρj can be used to change the size of the
clusters. m is called the fuzzifier and controls the fuzziness of the clustering. The
closer this value is to 1, the harder (less fuzzy) the algorithm will be. The parameter
ε is the termination tolerance and can also be specified by the user. It determines
the threshold of stability the clustering needs to have before the algorithm is
stopped.
To evaluate the quality of a clustering, several criteria have been developed. One of
those, often used for fuzzy clustering, is the fuzzy (partition) entropy H (Equation
C.3). It is a measure for the efficiency of the clustering and ranges from 0 (hard
clustering) to ln(k) (most uncertain clustering, with all membership degrees equal
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to 1/k), with k the number of clusters. Hence, the lower the value for H, the more
crisp the clustering.
(C.3)

Table C.1: Steps in the GK algorithm (Babuska et al., 1998; Naessens, 2011)

Gustafson-Kessel clustering
(1) Initiate the procedure by selecting k cluster centers
(2) Assign an initial membership degree ui,j ϵ [0,1] to each sample(i) cluster(j) combination. The matrix U, consisting of all ui,j is called the
partition matrix
(3) Recalculate the cluster centers:

(4) Calculate covariance matrices:

(5) Compute distances:
with:
(6) Recalculate the partition matrix:

(7) As long as the convergence criterion is not met, return to step 3; otherwise
stop the algorithm (n is the iteration number):
repeat until
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Next to the fuzzy entropy, a criterion concerning the compactness of the clusters,
called the separation coefficient g, can be calculated. It is defined by following
equation:
(C.4)

Three different situations can be distinguished based on its value:
• g < 1 indicates well separated clusters
• g = 1 indicates at least two clusters are tangent
• g > 1 indicates clusters are overlapping
The calculation of g uses the radius of a cluster, rj, given by:
(C.5)
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