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Abstract

Anaerobic co-digestion is an emerging practice agtewater treatment plants (WWTPSs) to improve
the energy balance and integrate waste manageiedelling of co-digestion in a plant-wide
WWTP model is a powerful tool to assess the impacb-substrate selection and dose strategy on
digester performance and plant-wide effects. Aildaprocedure to characterise and fractionate co-

substrates COD for the Benchmark Simulation Modzl N(BSM2) was developed. This procedure is
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also applicable for the Anaerobic Digestion Model il (ADM1). Long chain fatty acid inhibition
was included in the ADM1 model to allow for reatsmnodelling of lipid rich co-substrates.
Sensitivity analysis revealed that, apart fromltoglegradable fraction of COD, protein and lipid
fractions are the most important fractions for raet production and digester stability, with atieas
two major failure modes identified through prindipamponent analysis (PCA). The model and
procedure were tested on biochemical methane paitéBMP) tests on three substrates, each rich on
carbohydrates, proteins or lipids with good predéectapability in all three cases. This model was
then applied to a plant-wide simulation study whionfirmed the positive effects of co-digestion on
methane production and total operational cost. Bitimns also revealed the importance of limiting
the protein load to the anaerobic digester to amaithonia inhibition in the digester and overloading
of the nitrogen removal processes in the waten ttaicontrast, the digester can treat relativeiy h

loads of lipid rich substrates without prolongestdibances.

Keywords: Mathematical modelling; ADM1; Anaerobic digestjatCFA inhibition; Waste

characterisation; Codigestion.

GRAPHICAL ABSTRACT

Separate figure file attached.

HIGHLIGHTS

- Practical methodology for co-substrate characteomand fractionation for ADM1

Key components of co-substrate feed identifieddmsgivity analysis

Implementation of anaerobic co-digestion in BSM#8 arsupporting case study

- Plant-wide effects of co-substrate selection aed frategy demonstrated
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Nomenclature

AcoD
AD
ADM1
ASM
ASM1
ASU
Bo
BMP
BOD

BSM2

COD
CODs
COD;
CobD
DAF
DO
EQI
fq

i
GISCOD
la

Inw
ISS

KI,50

Ki,fa,low

Anaerobic co-digestion

Anaerobic digestion

Anaerobic Digestion Model No. 1

Activated Sludge Model

Activated Sludge Model No. 1

Activated sludge unit

Ultimate methane potential frCH,.ton VS']
Biomethane potential

Biological oxygen demand [kg,®n7]

Benchmark Simulation Model No. 2

Concentration of substancfkg.m?]

Chemical oxygen demand [kg.®7]

Particulate fraction of chemical oxygen demand@sgn]
Soluble fraction of chemical oxygen demand [kgn®]
Total chemical oxygen demand [kg.®7]

Dissolved air flotation

Dissolved oxygen [kg Om?]

Effluent quality index

Biodegradable fraction of total chemical oxygen dach[-]
Conversion factor to COD for substand&g COD.kg").
General Integrated Solid Waste Co-Digestoalel
Long chain fatty acids inhibition (ADM1) [-]
Ammonia inhibition (ASM1) [-]

Inorganic suspended solids

50% inhibitory concentration (ADM1) [kg CODfrd™”]

Parameter in long chain fatty acid inhibition (ADM1



Ki fa,high
Knyd

Knyd siudge
LCFA
Mn
NOx-N
OcCl
OLRext
OLRsiudge
PCA
PHLLac
Qgas
Qcha

TS

TSS

Parameter in long chain fatty acid inhibition (ARM
Hydrolysis parameter (ADM1) [4

Hydrolysis parameter for sludge (ADM1)d

Long chain fatty acids

Molar mass of nitrogen [g.md|

Total nitrate and nitrite nitrogen [kg N3n
Operational cost index

Organic loading rate for co-substrates [kg COBdM]
Organic loading rate for sludge [kg CODmui’]
Principal component analysis

Lower limit of pH inhibition of uptake of acetatADM1)
Flow of biogas [md’]

Flow of biomethane [MCH,.d"]

Amino acids (ADM1) [kg COD.r]

Total acetic acid (ADM1) [kg COD.Hj

Total butyric acid (ADM1) [kg COD.|

Fatty acids (ADM1) [kg COD.fj

Inert soluble organics (ADM1) [kg CODHh
Inorganic nitrogen (ADM1) (kmol.i)

Total propionic acid (ADM1) [kg COD.Hj

Sugars (ADM1) [kg COD.ff|

Total valeric acid (ADM1) [kg COD.

Total ammonia nitrogen [kg N.fi

Total Kjeldahl nitrogen [kg N.f

Total nitrogen [kg N.i]

Total solids [kg.r]

Total suspended solids [kgim
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VFA Volatile fatty acids [kg.r]

VFA, Total volatile fatty acids [kg.j

VS Volatile solids [kg.r]

WWTP Wastewater treatment plant

X, Composite material (ADM1) [kg COD i

Xen Carbohydrates (ADM1) [kg COD.f

X; Inert particulate organics (ADM1) [kg COD3h
Xy Lipids (ADM1) [kg COD.m’]

Proteins (ADM1) [kg COD.r]

1 Introduction

The scope for wastewater treatment plants (WWT&s)Mhdened during recent years. Not only are
the discharge limits getting stricter, also newstmints such as resource recovery, energy eftigien
and mitigation of greenhouse gas emissions argylagiplied (Olsson, 2015). These issues increase
the focus on energy recovery by anaerobic digegA@) at WWTPs. Many full-scale anaerobic
digesters are oversized and therefore under-wti(isendkvist, 2005). Anaerobic co-digestion (AcoD)
of organic wastes with sewage sludge allows the W&/AD use residual digester capacity and thereby
increase methane production and subsequently epesguction (Batstone and Virdis, 2014, Mata-
Alvarezet al., 2014). The application of AcoD at WWTPs is beacmgrmore common and in the

future is it likely that most medium to large sigants will practice AcoD. Even though the co-
substrates are fed directly to the digester andmtite WWTP influent, it still produces an addii@d

load on the WWTP water train. The organic mattahanco-substrate is degraded to a certain extent i
the AD process and converted to biogas; howevereralized nutrients are mobilised and recirculated
to the water train. Therefore, one of the key fescfor succeeding with AcoD is to select suitalde c
substrate/s and their optimal dose rate. Co-substhraracteristics and applicability have been

extensively reviewed by Mata-Alvarezal. (2014). Ideal co-substrates will have a high raeéh
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potential, high degradable fraction (and minimunpatt on residual solids production) and a nutrient
composition suitably balanced for the host WWTPn&ally, this means that co-substrate
characteristics will differ from those of WWTP shes in terms of composition and degradation
kinetics. While there are a large number of potdmin-substrates suitable for treatment at WWTP,
local substrate availability and transport costi$ @ainstrain the options for individual plants. &dfive
modelling of AcoD is a powerful tool to assesstbsource efficiency, energy balance and plant-wide

effects of various co-substrate feeds at a WWTR#&Rarani and Buchanan, 2015).

To compare the performance of different contraltsgies in a unified framework the Benchmark
Simulation Model No. 2 (BSM2) was developed (Geynatel., 2014). BSM2 represents a plant-wide
model including digestion of sludge with the And®edDigestion Model No. 1 (ADM1, Batstoree

al., 2002). In light of the increased focus on digestibis important that the AD process is well
described and allows modelling of common and deietpapplications, such as AcoD. However, the
current standard implementation of ADM1 in BSM2 sioet allow for addition of co-substrates or
dynamic hydrolysis parameters. Furthermore, sonp@itant limitations in the AD related to AcoD
common practice in WWTP are missing, such as |dragncfatty acid (LCFA) inhibition. The major
variation in co-substrates composition poses dege for modelling AcoD since the model
parameters have to be calibrated accordingly; andyinamic simulations and evaluation of
operational strategies, flexibility in feed comgimsi is necessary since it also can vary over time.
the literature there are several examples of homvddify ADML1 for such purposes. The simplest
approach is to characterise the actual feed mirb&et al. (2009) uses the standard procedure from
Batstonest al. (2002) to acquire the stoichiometric compositibe@mposite particulate chemical
oxygen demand (CODXY(), i.e. carbohydrates({;), proteins X), lipids (X;) and inertsX). This
approach is successful in terms of model predistlmut leads to an inflexible model since the
substrate mix cannot be varied without repeatiegctimracterisation. Esposéal. (2008) modelled
AcoD of sewage sludge and food waste using a nemiADM1. For the degradation of particulate
organic matter they used the standard formulatfokDM1 with disintegration and hydrolysis for all

substrates and biomass decay. In order to sepheathfferent streams they used multiple pools of
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composite material, i.&.1 , Xc,, €tc. each with its individual disintegration Kiles. A more general

and flexible method for applying AcoD with ADM1tise General Integrated Solid Waste Co-
Digestion model (GISCOD) presented by Zaéteal. (2009). In the GISCOD model the particulate
feed substrate is characterizedgs X, Xi andX;, and using{; only for internal biomass decay, i.e.
X will only consist of dead biomass. To keep therblyis for different substrates apart the GISCOD
model virtually separates the hydrolysis model fithim remaining processes of ADML1. This makes
the model easy to expand for an arbitrary numbeubstrates, and flexible enough to allow for
dynamic simulations with a variable mix of substgain the digester feed. The main disadvantage is
the large number of parameters and states needs@ wiultiple complex substrates are fed, though it
is common that for a given substrate, a commondiysis parameter for carbohydrates, lipids and
proteins will be used. The interface approach usé¢lde BSM2 (Nopenst al., 2009) also applies this
approach, fractionating all particulate substrédesarbohydrates, proteins and lipids. Indeed gtieer

a general recommendation to avoid the use oXtharriable for input characterisation due to

inflexibility in input characterisation (Batstoeeal., 2015).

One of the most important aspects for a successfdelling project is feed characterisation
(including feed fractionation) and estimation obstrate dependent parameters. Several methods for
feed fractionation have been suggested in liteeaiileerebezem and van Loosdrecht, 2006; Lubken
et al., 2007; Zaheet al., 2009; Wicherret al., 2009; Nopenst al., 2009; Giraulet al., 2012; Astals
etal., 2013; Jimeneet al., 2015). While some of these methods are compsdeand provide a
detailed feed characterisation, they are also deatpgld and include analyses and methods not
commonly performed in AD testing. The problem gdtibcharacterisation remains a major challenge
as identified in a key recent review of AD modadliparticularly for mixed digesters (Batstasiel .,
2015). The feasibility of a characterisation metfmdengineering purposes is determined by
simplicity, transparency, affordability and fit fpurpose accuracy. Therefore, the analyses usetd mus
be (if not already routine), common, robust, agille on most substrates and affordable. The

resulting model feed composition must at the same be accurate enough to assure model predictive
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capability for relevant outputs, such as gas prtdagcvolatile solids (VS) destruction and digestat

composition.

This paper investigates the influence of the sabsitharacteristics on model outputs and proposes a
comprehensive method for implementing AcoD in aaplaide WWTP model including:

e characterisation of substrates;

* estimation of the substrate dependent parameters;

* modifications of ADM1; and

» integration of AcaD in a plant-wide model structure. BSM2.
A simulation study is presented with three co-sbes, each rich on carbohydrates, proteins atdjpi

to assess the plant-wide effects of AcoD on WWTPs.

2 Materials and Methods

2.1 Input model

An input model was developed to apply AcoD in BSsfl plant-wide models in general. The input

model is divided in two steps:

Step 1 — a method to estimate the biodegradablep@OD () (or methane potential,B- these are
fully correlated, see below), and the substrateeddpnt model parameters, i.e. the
hydrolysis parameters(g) for particulate matter from biomethane poten(&\IP) tests.

Step 2 — using the estimatédand basic physio-chemical data on the co-substeattheme for
fractionation of COD and total nitrogen (TN) inteetclassification of ADM1 state variables
is proposed. The selection of important input cbsstate variables (out of the 26 default
ADML1 state variables listed in the Supplementafgrimation, Table S.1) was determined

by the sensitivity analysis described in Sectidn 2.

In the first step the ultimate methane potentsg) &andk.,q are estimated by fitting a model to BMP

data. Fitting a first-order function with a nondar optimization routine is known to be a straight

8



152  forward option (Arnell and Amand, 2014; Jenseal., 2011; Angelidaket al., 2009). The full

153 ADM1 model can also be used to model the BMP tét$t assimilar optimization routine (but more
154  complex model). In both cases the sum of squametseshould be used as objective function (Arnell
155 and Amand, 2014; Jensetal., 2011). For this study both options were evaldigbeit only results

156 from the full ADM1 BMP model are presented belowcs the simple first-order model was

157 inappropriate when inhibition was present (e.dtyfeeed). The value df; is determined from thB,

158 estimate according to Eq. (1).

fo = 52005V )
159  where:
160 B, is the ultimate methane potential [Ri®H,.ton VS];
161 COD; is the total COD [kg COD.Hj;
162 fy is the biodegradable part of COH; and
163 VS is the volatile solids [kg.f.
164

165 The schematic fractionation for the second stéjuistrated in Figure 1. The particulate and scdubl
166 inert state variables are set as products afd the respective particulate and soluble COB, &)
167 and(3). The ADM1 does not consider inorganic suspendéidss(ISS). That means that the

168 contribution by the ash content of the substratemt included. For modelling of substrates witghhi
169 TS/VS ratio the model should be expanded with IS& aon-reactive particulate state variable.

170

171 Figure 1. Scheme for fractionation of COD into thest influential state variables of ADM1. Corresginy

172 equation number in parenthesis.
173
Sy = CODs(1 - fq) 2
X; = COD, (1 - fq) 3)
174
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where:
COD; is the soluble COD [kg COD.Ti

COD, is the particulate COD [kg COD:

Secondly, the particulate biodegradable COD isidensd. The variables, andX; are calculated

from measurements converted to COD (conversiolfagiiven in Supplementary information, Table
S.2), Egs. (4) and (5), and the remaining pargassi toX.,, EQ. (6). This strategy, previously also
suggested by Gadt al. (2009), is chosen since proteins and lipids gelyeaee easier to analyse than
carbohydrates for solid substrates, and leavinggmadegrees of freedom to close the mass balance.

The biodegradability of the respective fractionassumed equal to the overall degradability,

X1y = Gy i fa (4)
Xpr = Lpr Vpr fd (5)
Xen = CODp fg — Xpr — Xii (6)

where:
C; is the concentration of substand&g.n;
¥: is the conversion factor to COD for substanfiey COD.kg']. Values given in

Supplementary information, Table S.2.

The four VFA state variables can be calculatedctliydy converting the measured values to COD,
Egs. (7) to (10). Assuming the soluble COD is sriflstate variables,, S,;andS, can be split
equal to their corresponding particulates, Egs) {d113). This assumption is better than just
neglecting these state variables or splitting tirethirds as suggested by Astatsl. (2013) since it

is based on available data. However, for substritbsa high proportion of CO§ > 10%, the
soluble fractions need greater attention. Measunésreff carbohydrate, protein and lipid contents of

CODg are then recommended.

10
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Sac = CAC Yac (7)

Spro = Lpro ypro (8)

Sbu = Cbu Vbu (9)

Sva = Cva Yva (10)
Xc

SSu = (CODS fd - VFAt)CODphfd (11)
Xpr

Saa = (CODs fo = VFA)G "+ (12)
X

where:

VFA, is the sum of all VFAs [kg COD..

The soluble inorganic nitrogen cont&gt is calculated from the total ammonia nitrogen (AN Eq.
(14). For this study, the remaining state variablethe ADM1 were set to 0. If the substrate has a
non-neutral pH the acid-base balances must bedsresi (Batstonet al., 2002). Furthermore, for
other special substrates, for example rich on alsosuch as ethanol, methanol or glycerol, special
fractionation schemes and model modifications napdéeded (Garcia-Gehal., 2013).

. TAN (14)
N M, 1000
N

where:
TAN is the total ammonia nitrogen [g Nin

My is the molar mass of nitrogen [g.mpl

The data requirements to follow the above fractionescheme are: TS, VS, CQEROD,, VFAS (i.e.

Acetate, Propionate, Butyrate and Valerate), Pmetdiipids, TAN and a BMP test.

11
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2.2 ADM1 modifications

The initial simulations for the sensitivity analygsee Sections 2.5 and 3.3) using the default BSM2
implementation of ADM1 showed unrealistic behaviatnen co-digesting lipids, since the the
methane production was constant with an incredsig) of X; above reported LCFA inhibition
thresholds (Cirnet al., 2006; Astalst al., 2014). LCFA is demonstrated to inhibit mainly alg of
S (Zontaet al., 2013). Therefore, a function for LCFA inhibitidly), i.e. inhibition of uptake o,

by S., was implemented. A Gaussian function developetitesied at the University of Queensland,
Eq. (15) with two parameterk s, ow andK s nigh, Was identified to best fit the observed behaviour
This function has a number of advantages overiegishodels (Zontat al., 2013; Palatsit al .,

2010), including non-competitive inhibition for &ghold style inhibition. It has previously beenduse
in the ADM1 for pH inhibition (Batstonet al., 2002). The structure of the inhibition functionoaits
explicit determination of the onset of inhibitidhe point at which inhibition is full, and around@%
inhibition point K, s0), which is half way between the upper and lowits. This is important when

inhibition can be complete, such as for inhibitmnfats.

e ~277259((Sta=Kifalow)/ (K1 ahigh =K1 fa1ow)) for St > K falow
Iy = 1 o (15)

for Sfa < KI,fa,low

The simulation of the DAF sludge BMP test (Sectigdrsand 3.1) revealed thatled to a rapid
acidification of the reactor with sequential pHilsition. To describe a recovery in accordance with
the measured data the lower limit of pH inhibitmfruptake of acetate pH, was adjusted from 6 to

5 (Latif et al., 2015).

2.3 Plant-wide implementation of AcoD in BSM2

The GISCOD model (separate fraction/hydrolysis) alassen for implementing AcoD in BSM2;
firstly because characterisation and parametenasitn is performed independently for each
substrate and secondly because it uses the samelétion of AD feed as BSM2, fractionating

particulate COD aXh, Xo, Xi andX; rather tharX.. The later omits the disintegration step for

12



239

240

241

242

243

244

245

246

247

248

249

250

251

252

253

254

255

256

257

258

259

260
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264

265

substrates and assumes a hydrolysis of each paticiOD compound as the limiting step. The
original interface by Noperet al. (2009) from ADM1 to Activated Sludge Model No.ASM1) was
kept and the interface output was fed to a hydielysdel for sludge. The co-substrates were
characterized and fractionated using the propagaat model and fed to separate hydrolysis model
blocks (Figure 2). Due to the virtual separatiomydrolysis in GISCOD it was necessary to ensure
that all processes were only active in the intendedel reactor. To assure separation of hydrolysis
and remaining reactions the residual particulabssate after hydrolysis was bypassed the ADM1

reactor and put back before the ADM1 to ASM1 irdee.

Figure 2. Model layout in Simulink for the BSM2 Afibock with integrated GISCOD model for AcoD.

2.4 Case study on BMP tests and plant-wide assessment of AcoD

Three substrates were selected for a case studye&lesm and diversity three fractions of
slaughterhouse waste were used: paunch, bloodissmivied air flotation (DAF) sludge, each rich on
carbohydrates, protein and lipids respectively.sEn@re representative of common co-digestion feeds,
and in particular, the high oil and grease contéhe DAF sludge means it is representative of, an
similar to other commonly used FOG wastes, sudreese trap waste. Analysis of these three
substrates is provided in Astasal. (2014), and the pure substrate curves were takemthat paper,
where information about substrates, analytical waghand data is presented. The data used in this
study are given in the Supplementary informaticaihl€ S.3. The substrates were characterized using
the proposed input model (Section 2.1) and the B&$Es of Astalst al. (2014) were simulated using
the full ADM1. Machine fitting of parameters wererformed with a least squares curve fitting
function for non-linear problemEscur vefi t, in the Matlab software package (MATLAB 8.4, The
MathWorks Inc., Natick, MA, USA 2014). For all siitzgesk,,q andfy were estimated and for DAF
sludge also the LCFA-inhibition parameters of Eguaf15). To establish initial conditions for the
BMP, the standard BSM2 was run to steady state twérAD hydrolysis ratek,q, equal to 0.3 dand

biomass composition from this steady state usédoasilum composition. It should be noted that the

13
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actual inoculum used in this study (Luggage Pt WWT Brisbane, QLD Australia) has a

configuration very similar to the BSM2.

A plant-wide simulation study was conducted to testdeveloped method for modelling AcoD at
WWTPs and assess the plant-wide effects of Acol2.VWWTP in the simulation study was the
standard plant set-up in BSM2. The plant contaipgraary clarifier, an activated sludge unit (ASU)
in a Modified Ludzack-Ettinger configuration wittwé anoxic tanks followed by three aerobic tanks.
The last aerobic tank and the first anoxic are eotad by internal recycle. A secondary clarifiethwi
sludge recycle follows the ASU. The plant sludgentcontains a thickener, an AD, a co-generation
unit, a dewatering unit and a storage tank. Thetpéyout can be found in Supplementary
information, Figure S.1. The plant was simulatethwhe default closed loop control strategy
including dissolved oxygen (DO) control in the A8Blsed on feed-back control of the DO in the
second aerated tank (set-point 2.gn@) and proportional airflow rate to tanks 3 and Be Tvaste
activated sludge flow was set constant with seds@haes of 450 rhd* during summer and 300
m’.d* in winter, resulting in an average sludge age6ofldys in the ASU. In the evaluation procedure
two indices are calculated: (i) effluent qualitgex (EQI), a weighted index of the effluent quality
including total suspended solids (TSS), chemicgber demand (COD), biological oxygen demand
(BOD), total Kjeldahl nitrogen (TKN) and total rate and nitrite nitrogen (NOx-N); and, (ii)
operational cost index (OCI) incorporating the majperational costs for aeration, pumping, mixing,
sludge production and disposal, carbon sourceirgeat the AD and revenue from selling produced

power. Plant layout, dimensions and sub-model geguns are detailed in Gernaeyal. (2014).

Co-digestion feed consisted of paunch, blood an# Bldge based on characterisation from the
BMPs. Akiyd,siudge= 0.32 d* was applied based on Arnell and Amand (2014).&¢ternal substrate
load was calculated based on the average sluddgdoganic loading rate, OlsRigd, OLRsiuage=

2.38 kg COD.ri1.d*, such that the base organic load of co-subst@it®{,) was about 50% of the
average sludge load: 20 .i* of paunch, 4 rhd* of blood and 1 rhd™ of DAF sludge give an OLR

=1.25 kg COD.im.d*. On top of that two periods of further increaseaid were added; from day 350
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309

310

311

312
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314

315
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317

318

to 410 the load of blood was increased to £5ifgiving a total co-substrate OLRof 2.11 kg
COD.ni%.d*, and from day 500 to 521 the load of DAF sludgs wareased to 8 tul* giving a total

co-substrate OLR = 3.41 kg COD.m.d™

A full 609 days dynamic closed loop BSM2 simulat{omodified with the co-digestion feed) was
performed and evaluated according to the standaickdures described in Gernaatyal. (2014).
During simulation nothing but the digester feed wlanged in the default BSM2 closed loop

strategy.

2.5 Input model sensitivity analysis

Many of the ADM1 state variables are not relevaritmportant for input fractionation, particularly
when assessing plant-wide effects at WWTPs (Selah, 2015). To assess the most influential
variables in co-substrate composition a sensitaitglysis was performed using Monte Carlo
simulations. The simulations were designed accgrthrBatstone (2013) with 3 000 simulations of
the BSM2 AD block. To the average sludge load 4fkgy COD.n¥.d™* from BSM2 an additional 8.4
kg COD.n?.d™ of co-substrate was added with varying compositiactions (between 0 and 1) of
Xen Xor andX;; out of biodegradable COD. This high co-substra&e was intended to stress the
digester stability and to reveal the sensitivity ddferent feed characteristics. Also the influeraff,
and the fraction of CODout of CODR were investigated in this way. The results werdwated with
weighted principal component analysis (PCA) ondttputs gas flowQg.g, methane flowQcpa),
inorganic nitrogenSy), pH and volatile fatty acids (VFA). Detailed imfoation on the set-up of the

Monte Carlo simulations is presented in the Supplaary information.

3 Results and Discussion

3.1 Input model case study on BMP tests

Applying the input model to the three substrataspl, blood and DAF sludge resulted in the state

variables and parameter estimates given in Tabléd simulated and measured BMP profiles are

15
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320

321

322

323

324

325

326

327
328

not listed in the table are set to 0.

given in the Supplementary information, Table S.4.

shown in Figure 3. The fit to data is good for patuand blood and . While the fit to data is less

Paunch Blood DAF
S [kg COD.m’| 0.366  0.0162 1.84E-05
Swu[kg COD.n7 0.873 0.0575 0.116
Sia[kg COD.M7 0.192 0.191  0.0490
Sa[kg COD.m7 0.207  0.00540 2.83
Sia[kg COD.M? 0.0612 0.102  0.0408
S [kg COD.m? 0.145 0.273  0.0182
Sho [kg COD.M7 0.272 0.288 0.409
Sic[kg COD.m7 0.384 1.57 0.235
Sn [kmol N.m?| 0.0102  0.0279 0.00350
X, [kg COD.nm?| 15.2 1.70  0.00522
Xen [kg COD.m? 60.7 59.4 40.7
Xor [kg COD.ni’] 13.3 197 17.1
X [kg COD.m?| 14.4 5.58 991
Knya [d7] 0.125 0.310 0.103
Bo [m® CH,.ton VS 299 520 1 044
fo [ 0.85 0.99 1.0

accurate for DAF sludge, the model captures the mancess impacts due to LCFA inhibition The
ability of the process to separately identify the parameters in the applied i and its ability to

simulate the complex methane production profiléifyigs use over simpler models, such as non-
competitive inhibition. The inhibition constantgiesated from DAF sludge were also used for the

simulations of the other substrates. The fulldisADM1 parameter values for the BMP model is

Table 1. Resulting characterisation and paramsténation for paunch, blood and DAF sludge. Statéables
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329

330

331

332

333

334

335

336

337

338

339

340

Ki fajow [kg COD.N17| * _ 0.406

KI,fa,high [kg COD.mS] S ___x 0.714

* parameters not estimated for this co-substrate.

Figure 3. BMP curves for paunch, blood and DAF geudMarkers represent data and lines simulatiouitees

3.2 Plant-wide assessment of AcoD

Figure 4 shows the organic loading rate togeth#ér thie resulting total methane production and
relevant inhibitions. Table 2 shows the plant esatin outputs significantly affected by AcoD as el
as the default BSM2 outputs, i.e. without AcoD. Hallition, the co-substrates had a positive effect
on the methane production allowing a reductiorhindverall Operational Cost Index (OCI) from 11
630 to 10 490. However, at the same time the effluater quality deteriorated from the increased
nitrogen load in the water train, due to AD sup&anarecirculation, increasing the Effluent Quality
Index (EQI) from 5 330 to 5 970.

Table 2. Evaluation results from the simulatiordgtaompared to BSM2 default values.

BSM2 default BSM2 w. AcoD

Operational Cost Index [-] 11 600 10 500
Effluent Quality Index [-] 5330 5970
Average aeration energy [KWHd 4130 4 380
Methane production [kg CHI™] 935 1 800
Sludge production [kg SS™ 3480 4730
Effluent Sy, [g.m°] 0.49 0.44
Effluent Syo [g.m7] 9.81 12.9
Effluent TN [g.m”] 12.3 15.4
Time in violation TN [%0] 0.17 15.0

17



341 The reduction in OCI corresponds to a total redunctif the operational costs for the WWTP by 10%.
342  This significant reduction was achieved becausedtenue from selling co-generated power from the
343 produced methane increased by 92%; although bethdtation energy index and the sludge

344  production at the same time increased by 6 and 8&8pectively. Following the BSM2 evaluation

345 procedure neither the transport cost nor gatedieenue of the co-substrate is included in the

346 evaluation (Malmgviskt al., 2006). In the dynamic profiles of Figure 4 thieef of the two short-

347 term load increases of blood and DAF sludge caseke. The increased load of blood did not yield a
348 proportional increase in methane production. Thisdcause the elevated ammonia levels in the AD at
349 the same time cause a more severe ammonia inhilmtithe model. In contrast, the load peak of DAF
350 sludge increased the methane production propottiorthe load, since LCFA was minor under this
351 scenario

352

353 Figure 4. Effect of AcoD on BSM2 AD process. Methanmoduction (top), OLR (second), ammonia inhilpitio
354 (Inn, third) and LCFA inhibition g, bottom). Grey lines are standard BSM2 resultiavit AcoD and black

355 lines are the simulated scenario with AcoD (filtekalues).

356 The increase in EQI was mainly due to a higheuefft total nitrogen (TN), 15.4 g N-heaused by
357 the nitrogen load from the protein rich co-substrathich elevated th&,; concentration in the

358  returning AD supernatant; from an average of 1@90m*to 1 610 g N.ii (Figure 5). This led to a
359 time in violation of the effluent constrains for To¥l 15% compared to 0.17% without AcoD. The
360 violation of the effluent constrains would be amoeceptable effect of AcoD and shows the

361 importance of selection and dose strategy for theubstrate. The primary cause of high effluent TN
362 was elevated effluer@o caused by insufficient carbon availability for defication rather than poor
363 nitrification (Table 2, Figure 5). The reason fhistis that the default control strategy of theseld

364 loop BSM2 has a DO control in the ASU respondinthioincreased ammonia load but only a fixed
365 dosage of methanol. If the same total load of biwodld have dosed over the whole period the

366 methanol scarcity might had been less pronounadtiitdhad been dosed for an even shorter period

18
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368

369

370

371

372

373

374

375

376

377

378
379

380

381

382

383

384

385

386

387

388

389

390

391

392

the nitrification capacity would have been exceeaedvell. Effluent limit violation would have been
avoided simulating an increased or controlled methdosage. The draw-back of the increased
nitrogen load would then have manifested itselhasased methanol consumption instead of effluent
violation. While being outside the scope of thi®lzation, the strategies to cope with increased
nitrogen load can easily be tested and evaluatddaalditional simulations (results not shown). This
demonstrates how simulating AcoD in plant-wide WWédels allows to design an optimal co-
substrate composition and feed strategy and simediasly control the effects on the water train. The
presented simulation study shows the applicalilitnodelling and simulation to assess cost-benefit

and the plant-wide effects of AcoD on WWTPs.

Figure 5. Effect of AcoD oy in dewatering supernatant (top) &g in plant effluent (bottom). Grey lines

are standard BSM2 results without AcoD and blac&diare the simulated scenario with AcoD (filtevallies).

3.3 Influent sensitivity analysis

The simulations varying co-substrate biodegradsi{ili) confirm that the feed degradable COD
fraction is very important, as previously shownl@@®at al., 2015; Galiet al., 2009). The resulting
PCA of the Monte Carlo simulations from varyiKg, X, andX; is shown in Figure 6 (additional
figures of model outputs related to feed compasitian be found in the Supplementary information,
Figures S.3 and S.4). The variations in the resuésexplained to 71.5% by Component 1 and 25.2%
by Component 2. The variation in Component 1 istpady related to biogas and methane flow and
negatively to VFA. Component 2 is mostly influendsdtheSy concentration in the effluent
digestate. Three distinctive regions can be seekadan Figure 6:

l. the substrate compositions positive in Componeaaid.negative in Component 2

represent a well-functioning digester with low VF&sd good methane production;
Il. as the protein content increases the output grigdualves from region | into Il, i.e.

negative in Component 1 but positive in Componemowards the upper-left corner. This

19



393 substrate composition is at or close to digesikmréaas the ammonia inhibition is

394 gradually increasing along with VFAs leading to @&sing methane production;

395 M. the clustered samples negative in both Componeaitsl 2 are all high iX; and

396 represent the very disruptive digester failure wuleCFA inhibition where methane

397 production totally stops and VFA increases dramadljideading to total pH inhibition.
398 There is a relatively rapid switch from region Iregion Il due to the threshold nature of
399 inhibition, specifically, when 58% of the co-sulasér load of 8.4 kg COD.fd™ consists
400 of X;.

401

402  This leads to the conclusion that apart frignthe two most important input model parameters for
403 digester stability with co-digestion are fractiateterminingX,, andX;. The results also show thét,

404 s relevant for the total gas production (Figur® i.the Supplementary information) because a highe
405 X fraction leads to increased g@roduction; which is coherent with Solehal. (2015). Moreover,
406 Figure S.3 reveals that high loads of carbohydnatbsead to pH inhibition subsequent to high VFA
407  production.

408

409

410 Figure 6. Principal Component Analysis for the Mo@arlo simulations with varying AD feed compositio

411

412 4 Conclusions

413  Anaerobic co-digestion was for the first time impknted in BSM2, The GISCOD model was used to

414  model AcoD complemented by a Gaussian LCFA inlahifunction.

415 * A new input model for fractionation of COD was dieyeed based on feasible and affordable
416 tests. The method was proven reliable based on limedef BMP tests of three substrates
417 paunch, blood and DAF sludge.
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429

430

431

432

* A performance assessment study of AcoD was peribruitn a dynamic feed mix. It
revealed that the overall operational cost wasaediy 10%. However, the high nitrogen
content in blood increased ammonia inhibition ia tigester, leading to lower digester
performance, and overloaded the denitrificatioracép of the water train and deteriorated the
effluent water quality.

» A sensitivity analysis on co-substrate feed charatics found that apart from the
biodegradable fraction of COD, protein and lipiddtions of particulate biodegradable COD
were the two most important state variables foesligr stability and methane production, and

that different substrates caused different moddailofre.
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sa6  Supplementary information

547  Benchmark Simulation Model No.2 plant layout

Qcarb

Primary clarifier Activated sludge Secondary clarifier
Influent TTTTTL] Effluent
L N L s
7 [ow \/
Qw
Gas engine
Gas
— A bi
Thickener SRS
I Dewatering
Sludge removal
Storage
548 tank
549 Figure S.1.Plant layout for the wastewater treatment pla@enchmark Simulation Model No. 2
550 (Gernaeyet al., 2014).

551
552 ADML1 state variables

553 Table S.1. State variables of ADM1 (Batst@hal., 2002).Sdenotes solubles andparticulates.

State variable Description State variable Descriptin
S, monosaccharides X composite

Sa amino acids Xeh carbohydrates
Sa total LCFA Xor proteins

Sa total valerate Xi lipids

S total butyrate Xsu biomass

Soro total propionate Xaa biomass
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554

555

556

557

558

559

560

S

S

Sna

Se

S

Sat

Sin

total acetate

hydrogen

methane

inorganic carbon

inorganic nitrogen

soluble inerts

cations

anions

Xea

Xpro

Xac

Xn2

biomass

biomass

biomass

biomass

biomass

particulate inerts

COD conversion factors

Table S.2. Conversion factong) (for organic fractions into COD (Graial., 2007).

Value

Yac [kg COD.(kg ac)]

Yoro [kg COD. (kg pro)]

Vbu [kg COD. (kg bu]

Yva [kg COD. (kg va)]

¥er [kg COD.(kg Pr)]

y1i kg COD. (kg Li)]

1.066667

1.513514

1.818182

2.039216

1.53

2.878

Substrate data

Table S.3. Analysis data used for substrate creniaation. From Astalat al. (2014) with

modifications indicated.

Paunch

Blood DAF sludge
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562

563

564

565

566

567

568

569

TS [kg.m”]

VS [kg.ni’]

COD, [kg COD.m7

COD; [kg COD.ni

Acetate [kg.r]

Propionate [kg.]

Butyrate [kg.n¥]

Valerate [kg.rf]

Proteins [kg.r]

Lipids [kg.m"]

TAN [g N.m¥|

117
106
106
2.5
0.36
0.18
0.08
0.03
10.2
5.85

143

187 360
178 353
266 1053
2.5 3.7
1.47 0.22
0.19 0.27
0.15 0.01
0.05 0.02
129.5 11.8
1.95 344.8
391 49

" measured value is higher but most COD except VdtAsassumed colloidal and

therefore particulates needed to be hydrolysed;

% analysed values are too low due to faulty analgsisincreased by 30%.

ADM1 parameters

Table S.4. Model parameters used for ADM1 in tlamplvide simulation study. Units; N_i [kmol

N.(kg CODY)"], C_i [kmol C.(kg CODY], Y_i [kg COD_X.(kg COD_Sf], k_i (decay rates) [4,

K_S_ i[kg COD_S.i], k_m_i[kg COD_S.(kg COD_X)d"], K_I_i [kg COD.ni’], k_A Bi[M™.d

Y, kLa [d"], K_A_i [M], R [bar.n?.kmol*.K™].

Parameter Value Parameter Value Parameter Value
f sl xc 0.1 Y _aa 0.08 pH_UL h2 6

f xl xc 0.2 Y fa 0.06 pH_LL_h2 5

f ch xc 0.2 Y c4 0.06 k_dec_Xsu 0.02
f_pr_xc 0.2 Y_pro 0.04 k dec Xaa 0.02
flix 03 C ch4 0.0156 k_dec_Xfa 0.02
N_xc 0.002685714Y_ac 0.05 k_dec_Xc4 0.02
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N_aa
C_xc

C sl
C_ch
C_pr
C_li

C xl

C su

C aa

f fa_li

C fa

f h2_su
f bu_su
f pro_su
f ac_su
N_bac
C bu
C_pro
C_ac
C_bac
Y_su

f h2 aa
f va aa
f bu_aa
f_pro_aa

f ac_aa

0.004285714Y_h2

0.007 k_dis
0.02786 k_hyd ch
0.03 k_hyd_pr
0.0313 k_hyd_li
0.03 K_S_IN
0.022 k_m_su
0.03 K S su
0.0313 pH_UL_aa
0.03 pH_LL aa
0.95 k m aa
0.0217 K S aa
0.19 k_m_fa
0.13 K_S fa
0.27 K_Ih2_fa
0.41 k m c4

0.005714286K_S_c4

0.025 K_Ih2_c4
0.0268 k_m_pro
0.0313 K_S_pro
0.0313 K_1_h2_pro
0.1 k_ m_ac
0.06 K_S_ac
0.23 K_I_nh3
0.26 pH_UL_ac
0.05 pH_LL ac
0.4 k_ m_h2

0.06 k_dec_Xpro 0.02

10 k dec_ac 0.02
0.2 k_dec_h2 0.02
0.3 R 0.083145
0.1 T op 308.15
0.0001 pK_w_base 14

30 pK_a va base 4.86
0.5 pK_a bu base 4.82

55 pK_a_pro_bas8&8

4 pK_a ac base 4.76
50 pK_a co2_baée35

0.3 pK_a IN_base 9.25
6 k A Bva 1E+10
0.4 k_A_Bbu 1E+10
0.00000&_A Bpro 1E+10
20 k_A_Bac 1E+10
0.2 k A Bco2 1E+10

0.00001 k_A BIN 1E+10
13 kLa 200
0.1 K_H_h20 ba®e0313

3.5E-06 K_H_co2_base 0.035

8 K_H_ch4 base 0.0014
0.15 K_H_h2_base 0.00078
0.0018 k P 50 000

7 K_I fa_low 0.40639
5 K_| fa_high  0.71421
35

30



570

571

572

573

574

575

576

577

578

579

580

581

582

583

584

585

586

587

588

589

C_va 0.024 K_S_h2 0.000007

Monte Carlo simulations for sensitivity analysis

The Monte Carlo simulations were made in the M@8abulink software package (MATLAB 8.4,

The MathWorks Inc., Natick, MA, 2014). The modeéddor the sensitivity analysis was the AD-
block from the Benchmark Simulation Model No. 2 (B& Gernaeyet al., 2014) plant with a sludge
feed composition equal to the steady state sluelg@ from BSM2. This is a simplification since the
sludge feed would be slightly affected by the cleghgomposition of the recycled digester supernatant
if anaerobic co-digestion (AcoD) is introduced. Hmulations were run for 130 days with constant

influent conditions.

The generation of the 3 000 co-substrate feed sfipllowed the description in Batstone (2013).
Basic data for the feed is given in Table S.1. @tvsubstrate normal distributed samples with vayyin
fractions of carbohydrates, proteins and lipidsafiiio-degradable particulate COR,(f,. andf;)
were generated with normalised inverted random rausntyith the function call:

f i = normnv(rand(n,1),f nean,0.2);
thef., was generated with a medin.a,= 0.33 and out of the remaining p&riwas generated withean
= 0.5 and the residual was assignefj.t¥alues less than 0 or greater than 1 were setiad 1,

respectively. The resulting influent profiles ah®wn in Figure S.1.

Table S.5. Basic system and feed data for the aimubs.

Co-substrate Sludge
COD [kg.m™] 1 250 44.8
Biodegradable part of COD 0.75 0.768
Qreea[m*.d] 30 178.46
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OLR [kg COD.m.d"] 8.38 2.35

590
1.
0.8
f
591 pr
592 Figure S.2 Profiles dty, f,r andf; for the 3 000 samples used for Monte Carlo sinmrat
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596

VFA [kg.m ™

Figure S.3. Output state variables from the Moraddsimulations. From top to bottom the rows
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(fen), proteins {,) and lipids f;), respectively, from left to right.
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598 Figure S.4. AD inhibitions and corresponding intdby compound from the Monte Carlo simulations.
599  From top to bottom the rows depi&, Inn, Sa, lta @andlpn 2 Each state variable is plotted against the
600 fraction of carbohydrates), proteins {,;) and lipids {;), respectively, from left to right.
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