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 20 

Abstract 21 

Anaerobic co-digestion is an emerging practice at wastewater treatment plants (WWTPs) to improve 22 

the energy balance and integrate waste management. Modelling of co-digestion in a plant-wide 23 

WWTP model is a powerful tool to assess the impact of co-substrate selection and dose strategy on 24 

digester performance and plant-wide effects. A feasible procedure to characterise and fractionate co-25 

substrates COD for the Benchmark Simulation Model No. 2 (BSM2) was developed. This procedure is 26 
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also applicable for the Anaerobic Digestion Model No. 1 (ADM1). Long chain fatty acid inhibition 27 

was included in the ADM1 model to allow for realistic modelling of lipid rich co-substrates. 28 

Sensitivity analysis revealed that, apart from the biodegradable fraction of COD, protein and lipid 29 

fractions are the most important fractions for methane production and digester stability, with at least 30 

two major failure modes identified through principal component analysis (PCA). The model and 31 

procedure were tested on biochemical methane potential (BMP) tests on three substrates, each rich on 32 

carbohydrates, proteins or lipids with good predictive capability in all three cases. This model was 33 

then applied to a plant-wide simulation study which confirmed the positive effects of co-digestion on 34 

methane production and total operational cost. Simulations also revealed the importance of limiting 35 

the protein load to the anaerobic digester to avoid ammonia inhibition in the digester and overloading 36 

of the nitrogen removal processes in the water train. In contrast, the digester can treat relatively high 37 

loads of lipid rich substrates without prolonged disturbances. 38 

 39 

Keywords: Mathematical modelling; ADM1; Anaerobic digestion; LCFA inhibition; Waste 40 

characterisation; Codigestion. 41 

 42 

GRAPHICAL ABSTRACT 43 

Separate figure file attached. 44 

 45 

HIGHLIGHTS 46 

- Practical methodology for co-substrate characterization and fractionation for ADM1 47 

- Key components of co-substrate feed identified by sensitivity analysis 48 

- Implementation of anaerobic co-digestion in BSM2 and a supporting case study 49 

- Plant-wide effects of co-substrate selection and feed strategy demonstrated 50 

 51 

 52 
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Nomenclature 53 

AcoD Anaerobic co-digestion 

AD Anaerobic digestion 

ADM1 Anaerobic Digestion Model No. 1 

ASM Activated Sludge Model 

ASM1 Activated Sludge Model No. 1 

ASU Activated sludge unit 

B0 Ultimate methane potential [m3 CH4.ton VS-1] 

BMP Biomethane potential 

BOD Biological oxygen demand [kg O2.m
-3] 

BSM2 Benchmark Simulation Model No. 2 

Ci Concentration of substance i [kg.m-3] 

COD Chemical oxygen demand [kg O2.m
-3] 

CODP Particulate fraction of chemical oxygen demand [kg O2.m
-3] 

CODs Soluble fraction of chemical oxygen demand [kg O2.m
-3] 

CODt Total chemical oxygen demand [kg O2.m
-3] 

DAF Dissolved air flotation 

DO Dissolved oxygen [kg O2.m
-3] 

EQI Effluent quality index 

fd Biodegradable fraction of total chemical oxygen demand [-] 

γi Conversion factor to COD for substance i (kg COD.kg-1). 

GISCOD General Integrated Solid Waste Co-Digestion model 

Ifa Long chain fatty acids inhibition (ADM1) [-] 

INH Ammonia inhibition (ASM1) [-] 

ISS Inorganic suspended solids 

KI,50 50% inhibitory concentration (ADM1) [kg COD.m-3.d-1] 

K i,fa,low Parameter in long chain fatty acid inhibition (ADM1) 
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K i,fa,high Parameter in long chain fatty acid inhibition (ADM1) 

khyd Hydrolysis parameter (ADM1) [d-1] 

khyd,sludge Hydrolysis parameter for sludge (ADM1) [d-1] 

LCFA Long chain fatty acids 

MN Molar mass of nitrogen [g.mol-1] 

NOx-N Total nitrate and nitrite nitrogen [kg N.m-3] 

OCI Operational cost index 

OLRext Organic loading rate for co-substrates [kg COD.m-3.d-1] 

OLRsludge Organic loading rate for sludge [kg COD.m-3.d-1] 

PCA Principal component analysis 

pHLL,ac Lower limit of pH inhibition of uptake of acetate (ADM1) 

Qgas Flow of biogas [m3.d-1] 

QCH4 Flow of biomethane [m3 CH4.d
-1] 

��� Amino acids (ADM1) [kg COD.m-3] 

��� Total acetic acid (ADM1) [kg COD.m-3] 

��� Total butyric acid (ADM1) [kg COD.m-3] 

��� Fatty acids (ADM1) [kg COD.m-3] 

�� Inert soluble organics (ADM1) [kg COD.m-3] 

��� Inorganic nitrogen (ADM1) (kmol.m-3) 

�	
� Total propionic acid (ADM1) [kg COD.m-3] 

��� Sugars (ADM1) [kg COD.m-3] 

�
� Total valeric acid (ADM1) [kg COD.m-3] 

TAN Total ammonia nitrogen [kg N.m-3] 

TKN Total Kjeldahl nitrogen [kg N.m-3] 

TN Total nitrogen [kg N.m-3] 

TS Total solids [kg.m-3] 

TSS Total suspended solids [kg.m-3] 
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VFA Volatile fatty acids [kg.m-3] 

VFAt Total volatile fatty acids [kg.m-3] 

VS Volatile solids [kg.m-3] 

WWTP Wastewater treatment plant 

�� Composite material (ADM1) [kg COD.m-3] 

��� Carbohydrates (ADM1) [kg COD.m-3] 

�� Inert particulate organics (ADM1) [kg COD.m-3] 

��� Lipids (ADM1) [kg COD.m-3] 

�	
 Proteins (ADM1) [kg COD.m-3] 

 54 

1 Introduction 55 

The scope for wastewater treatment plants (WWTPs) has widened during recent years. Not only are 56 

the discharge limits getting stricter, also new constraints such as resource recovery, energy efficiency 57 

and mitigation of greenhouse gas emissions are being applied (Olsson, 2015). These issues increase 58 

the focus on energy recovery by anaerobic digestion (AD) at WWTPs. Many full-scale anaerobic 59 

digesters are oversized and therefore under-utilised (Lundkvist, 2005). Anaerobic co-digestion (AcoD) 60 

of organic wastes with sewage sludge allows the WWTPs to use residual digester capacity and thereby 61 

increase methane production and subsequently energy production (Batstone and Virdis, 2014, Mata-62 

Alvarez et al., 2014). The application of AcoD at WWTPs is becoming more common and in the 63 

future is it likely that most medium to large size plants will practice AcoD. Even though the co-64 

substrates are fed directly to the digester and not to the WWTP influent, it still produces an additional 65 

load on the WWTP water train. The organic matter in the co-substrate is degraded to a certain extent in 66 

the AD process and converted to biogas; however, mineralized nutrients are mobilised and recirculated 67 

to the water train. Therefore, one of the key factors for succeeding with AcoD is to select suitable co-68 

substrate/s and their optimal dose rate. Co-substrate characteristics and applicability have been 69 

extensively reviewed by Mata-Alvarez et al. (2014). Ideal co-substrates will have a high methane 70 
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potential, high degradable fraction (and minimum impact on residual solids production) and a nutrient 71 

composition suitably balanced for the host WWTP. Generally, this means that co-substrate 72 

characteristics will differ from those of WWTP sludges in terms of composition and degradation 73 

kinetics. While there are a large number of potential co-substrates suitable for treatment at WWTP, 74 

local substrate availability and transport costs will constrain the options for individual plants. Effective 75 

modelling of AcoD is a powerful tool to assess the resource efficiency, energy balance and plant-wide 76 

effects of various co-substrate feeds at a WWTP (Razaviarani and Buchanan, 2015). 77 

 78 

To compare the performance of different control strategies in a unified framework the Benchmark 79 

Simulation Model No. 2 (BSM2) was developed (Gernaey et al., 2014). BSM2 represents a plant-wide 80 

model including digestion of sludge with the Anaerobic Digestion Model No. 1 (ADM1, Batstone et 81 

al., 2002). In light of the increased focus on digestion, it is important that the AD process is well 82 

described and allows modelling of common and developing applications, such as AcoD. However, the 83 

current standard implementation of ADM1 in BSM2 does not allow for addition of co-substrates or 84 

dynamic hydrolysis parameters. Furthermore, some important limitations in the AD related to AcoD 85 

common practice in WWTP are missing, such as long chain fatty acid (LCFA) inhibition. The major 86 

variation in co-substrates composition poses a challenge for modelling AcoD since the model 87 

parameters have to be calibrated accordingly; and for dynamic simulations and evaluation of 88 

operational strategies, flexibility in feed composition is necessary since it also can vary over time. In 89 

the literature there are several examples of how to modify ADM1 for such purposes. The simplest 90 

approach is to characterise the actual feed mix. Derbal et al. (2009) uses the standard procedure from 91 

Batstone et al. (2002) to acquire the stoichiometric composition of composite particulate chemical 92 

oxygen demand (COD) (Xc), i.e. carbohydrates (Xch), proteins (Xpr), lipids (Xli) and inerts (XI). This 93 

approach is successful in terms of model predictions but leads to an inflexible model since the 94 

substrate mix cannot be varied without repeating the characterisation. Esposito et al. (2008) modelled 95 

AcoD of sewage sludge and food waste using a modified ADM1. For the degradation of particulate 96 

organic matter they used the standard formulation of ADM1 with disintegration and hydrolysis for all 97 

substrates and biomass decay. In order to separate the different streams they used multiple pools of 98 
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composite material, i.e. Xc1 , Xc2, etc. each with its individual disintegration kinetics. A more general 99 

and flexible method for applying AcoD with ADM1 is the General Integrated Solid Waste Co-100 

Digestion model (GISCOD) presented by Zaher et al. (2009). In the GISCOD model the particulate 101 

feed substrate is characterized as Xch, Xpr, Xli and XI, and using Xc only for internal biomass decay, i.e. 102 

Xc will only consist of dead biomass. To keep the hydrolysis for different substrates apart the GISCOD 103 

model virtually separates the hydrolysis model from the remaining processes of ADM1. This makes 104 

the model easy to expand for an arbitrary number of substrates, and flexible enough to allow for 105 

dynamic simulations with a variable mix of substrates in the digester feed. The main disadvantage is 106 

the large number of parameters and states needed where multiple complex substrates are fed, though it 107 

is common that for a given substrate, a common hydrolysis parameter for carbohydrates, lipids and 108 

proteins will be used. The interface approach used in the BSM2 (Nopens et al., 2009) also applies this 109 

approach, fractionating all particulate substrates to carbohydrates, proteins and lipids. Indeed, there is 110 

a general recommendation to avoid the use of the Xc variable for input characterisation due to 111 

inflexibility in input characterisation (Batstone et al., 2015). 112 

 113 

One of the most important aspects for a successful modelling project is feed characterisation 114 

(including feed fractionation) and estimation of substrate dependent parameters. Several methods for 115 

feed fractionation have been suggested in literature (Kleerebezem and van Loosdrecht, 2006; Lübken 116 

et al., 2007; Zaher et al., 2009; Wichern et al., 2009; Nopens et al., 2009; Girault et al., 2012; Astals 117 

et al., 2013; Jimenez et al., 2015). While some of these methods are comprehensive and provide a 118 

detailed feed characterisation, they are also complicated and include analyses and methods not 119 

commonly performed in AD testing. The problem of input characterisation remains a major challenge 120 

as identified in a key recent review of AD modelling, particularly for mixed digesters (Batstone et al., 121 

2015). The feasibility of a characterisation method for engineering purposes is determined by 122 

simplicity, transparency, affordability and fit for purpose accuracy. Therefore, the analyses used must 123 

be (if not already routine), common, robust, applicable on most substrates and affordable. The 124 

resulting model feed composition must at the same time be accurate enough to assure model predictive 125 
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capability for relevant outputs, such as gas production, volatile solids (VS) destruction and digestate 126 

composition. 127 

 128 

This paper investigates the influence of the substrate characteristics on model outputs and proposes a 129 

comprehensive method for implementing AcoD in a plant-wide WWTP model including:  130 

• characterisation of substrates;  131 

• estimation of the substrate dependent parameters;  132 

• modifications of ADM1; and  133 

• integration of AcoD in a plant-wide model structure, i.e. BSM2.  134 

A simulation study is presented with three co-substrates, each rich on carbohydrates, proteins or lipids, 135 

to assess the plant-wide effects of AcoD on WWTPs. 136 

2 Materials and Methods 137 

2.1 Input model 138 

An input model was developed to apply AcoD in BSM2 and plant-wide models in general. The input 139 

model is divided in two steps: 140 

Step 1 – a method to estimate the biodegradable part of COD (fd) (or methane potential B0 – these are 141 

fully correlated, see below), and the substrate dependent model parameters, i.e. the 142 

hydrolysis parameters (khyd) for particulate matter from biomethane potential (BMP) tests. 143 

Step 2 – using the estimated fd and basic physio-chemical data on the co-substrate, a scheme for 144 

fractionation of COD and total nitrogen (TN) into the classification of ADM1 state variables 145 

is proposed. The selection of important input co-substrate variables (out of the 26 default 146 

ADM1 state variables listed in the Supplementary information, Table S.1) was determined 147 

by the sensitivity analysis described in Section 2.5. 148 

 149 

In the first step the ultimate methane potential (B0) and khyd are estimated by fitting a model to BMP 150 

data. Fitting a first-order function with a non-linear optimization routine is known to be a straight 151 
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forward option (Arnell and Åmand, 2014; Jensen et al., 2011; Angelidaki et al., 2009). The full 152 

ADM1 model can also be used to model the BMP test with a similar optimization routine (but more 153 

complex model). In both cases the sum of squared errors should be used as objective function (Arnell 154 

and Åmand, 2014; Jensen et al., 2011). For this study both options were evaluated, but only results 155 

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

inappropriate when inhibition was present (e.g., fatty feed). The value of fd is determined from the B0 157 

estimate according to Eq. (1). 158 

 �d = ��350	CODtVS (1) 

where: 159 

B0 is the ultimate methane potential [Nm3 CH4.ton VS-1]; 160 

CODt is the total COD [kg COD.m-3]; 161 

fd is the biodegradable part of CODt [-]; and 162 

VS is the volatile solids [kg.m-3]. 163 

 164 

The schematic fractionation for the second step is illustrated in Figure 1. The particulate and soluble 165 

inert state variables are set as products of fd and the respective particulate and soluble COD, Eqs. (2) 166 

and (3). The ADM1 does not consider inorganic suspended solids (ISS). That means that the 167 

contribution by the ash content of the substrates is not included. For modelling of substrates with high 168 

TS/VS ratio the model should be expanded with ISS as a non-reactive particulate state variable. 169 

 170 

Figure 1. Scheme for fractionation of COD into the most influential state variables of ADM1. Corresponding 171 

equation number in parenthesis. 172 

 173 

 �� = CODs"1 − �d% (2) 

 �� = CODp	"1 − �d% (3) 

 174 
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where: 175 

CODs is the soluble COD [kg COD.m-3]; 176 

CODp is the particulate COD [kg COD.m-3]. 177 

 178 

Secondly, the particulate biodegradable COD is considered. The variables Xpr and Xli are calculated 179 

from measurements converted to COD (conversion factors given in Supplementary information, Table 180 

S.2), Eqs. (4) and (5), and the remaining part assigned to Xch, Eq. (6). This strategy, previously also 181 

suggested by Galí et al. (2009), is chosen since proteins and lipids generally are easier to analyse than 182 

carbohydrates for solid substrates, and leaving enough degrees of freedom to close the mass balance. 183 

The biodegradability of the respective fractions is assumed equal to the overall degradability, fd. 184 

 ��� = '��	(��	�d (4) 

 �	
 = '	
	(	
	�d (5) 

 ��� = CODp	�d − �	
 − ��� (6) 

 185 

where: 186 

Ci is the concentration of substance i [kg.m-3]; 187 

() is the conversion factor to COD for substance i [kg COD.kg-1]. Values given in 188 

Supplementary information, Table S.2. 189 

 190 

The four VFA state variables can be calculated directly by converting the measured values to COD, 191 

Eqs. (7) to (10). Assuming the soluble COD is small the state variables Ssu, Saa and Sfa can be split 192 

equal to their corresponding particulates, Eqs. (11) to (13). This assumption is better than just 193 

neglecting these state variables or splitting them in thirds as suggested by Astals et al. (2013) since it 194 

is based on available data. However, for substrates with a high proportion of CODS, > 10%, the 195 

soluble fractions need greater attention. Measurements of carbohydrate, protein and lipid contents of 196 

CODS are then recommended. 197 

 198 
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 �ac = 'Ac	(Ac (7) 

 �pro = 'pro	(pro (8) 

 �bu = 'bu	(bu (9) 

 �va = 'va	(va (10) 

 �su = "CODs	�d − VFAt% 5chCODp	7d (11) 

 �88 = "CODs	�d − VFAt% 5pr
CODp	7d (12) 

 �fa = "CODs	�d − VFAt% 5liCODp	7d (13) 

 199 

where: 200 

VFAt is the sum of all VFAs [kg COD.m-3]. 201 

 202 

The soluble inorganic nitrogen content SIN is calculated from the total ammonia nitrogen (TAN) by Eq. 203 

(14). For this study, the remaining state variables of the ADM1 were set to 0. If the substrate has a 204 

non-neutral pH the acid-base balances must be considered (Batstone et al., 2002). Furthermore, for 205 

other special substrates, for example rich on alcohols such as ethanol, methanol or glycerol, special 206 

fractionation schemes and model modifications may be needed (García-Gen et al., 2013). 207 

 �IN = TAN
?@1000 (14) 

where: 208 

TAN is the total ammonia nitrogen [g N.m-3]; 209 

MN is the molar mass of nitrogen [g.mol-1]. 210 

 211 

The data requirements to follow the above fractionation scheme are: TS, VS, CODt, CODs, VFAs (i.e. 212 

Acetate, Propionate, Butyrate and Valerate), Proteins, Lipids, TAN and a BMP test.  213 
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2.2 ADM1 modifications 214 

The initial simulations for the sensitivity analysis (see Sections 2.5 and 3.3) using the default BSM2 215 

implementation of ADM1 showed unrealistic behaviour when co-digesting lipids, since the the 216 

methane production was constant with an increasing load of Xli above reported LCFA inhibition 217 

thresholds (Cirne et al., 2006; Astals et al., 2014). LCFA is demonstrated to inhibit mainly uptake of 218 

Sac (Zonta et al., 2013). Therefore, a function for LCFA inhibition (Ifa), i.e. inhibition of uptake of Sac 219 

by Sfa, was implemented. A Gaussian function developed and tested at the University of Queensland, 220 

Eq. (15) with two parameters, KI,fa,low and KI,fa,high, was identified to best fit the observed behaviour. 221 

This function has a number of advantages over existing models (Zonta et al., 2013; Palatsi et al., 222 

2010), including non-competitive inhibition for threshold style inhibition. It has previously been used 223 

in the ADM1 for pH inhibition (Batstone et al., 2002). The structure of the inhibition function allows 224 

explicit determination of the onset of inhibition, the point at which inhibition is full, and around a 50% 225 

inhibition point (KI,50), which is half way between the upper and lower limits. This is important when 226 

inhibition can be complete, such as for inhibition by fats.  227 

 228 

 Afa ≔ C 	DEF.HHFIJ""KfaELI,fa,low%/"LI,fa,highELI,fa,low%%Q 	for	�fa > RI,fa,low1																																																																													for	�fa ≤ RI,fa,low
 (15) 

 229 

The simulation of the DAF sludge BMP test (Sections 2.4 and 3.1) revealed that Ifa led to a rapid 230 

acidification of the reactor with sequential pH inhibition. To describe a recovery in accordance with 231 

the measured data the lower limit of pH inhibition of uptake of acetate pHLL,ac was adjusted from 6 to 232 

5 (Latif et al., 2015). 233 

2.3 Plant-wide implementation of AcoD in BSM2 234 

The GISCOD model (separate fraction/hydrolysis) was chosen for implementing AcoD in BSM2; 235 

firstly because characterisation and parameter estimation is performed independently for each 236 

substrate and secondly because it uses the same formulation of AD feed as BSM2, fractionating 237 

particulate COD as Xch, Xpr, Xli and XI rather than Xc . The later omits the disintegration step for 238 
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substrates and assumes a hydrolysis of each particulate COD compound as the limiting step. The 239 

original interface by Nopens et al. (2009) from ADM1 to Activated Sludge Model No. 1 (ASM1) was 240 

kept and the interface output was fed to a hydrolysis model for sludge. The co-substrates were 241 

characterized and fractionated using the proposed input model and fed to separate hydrolysis model 242 

blocks (Figure 2). Due to the virtual separation of hydrolysis in GISCOD it was necessary to ensure 243 

that all processes were only active in the intended model reactor. To assure separation of hydrolysis 244 

and remaining reactions the residual particulate substrate after hydrolysis was bypassed the ADM1 245 

reactor and put back before the ADM1 to ASM1 interface. 246 

 247 

 248 

Figure 2. Model layout in Simulink for the BSM2 AD block with integrated GISCOD model for AcoD. 249 

2.4 Case study on BMP tests and plant-wide assessment of AcoD 250 

Three substrates were selected for a case study. For realism and diversity three fractions of 251 

slaughterhouse waste were used: paunch, blood and dissolved air flotation (DAF) sludge, each rich on 252 

carbohydrates, protein and lipids respectively. These are representative of common co-digestion feeds, 253 

and in particular, the high oil and grease content of the DAF sludge means it is representative of, and 254 

similar to other commonly used FOG wastes, such as grease trap waste. Analysis of these three 255 

substrates is provided in Astals et al. (2014), and the pure substrate curves were taken from that paper, 256 

where information about substrates, analytical methods and data is presented. The data used in this 257 

study are given in the Supplementary information, Table S.3. The substrates were characterized using 258 

the proposed input model (Section 2.1) and the BMP tests of Astals et al. (2014) were simulated using 259 

the full ADM1. Machine fitting of parameters were performed with a least squares curve fitting 260 

function for non-linear problems, lscurvefit, in the Matlab software package (MATLAB 8.4, The 261 

MathWorks Inc., Natick, MA, USA 2014). For all substrates khyd and fd were estimated and for DAF 262 

sludge also the LCFA-inhibition parameters of Equation (15). To establish initial conditions for the 263 

BMP, the standard BSM2 was run to steady state with the AD hydrolysis rate, khyd, equal to 0.3 d-1 and 264 

biomass composition from this steady state used as inoculum composition. It should be noted that the 265 
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actual inoculum used in this study (Luggage Pt WWTP in Brisbane, QLD Australia) has a 266 

configuration very similar to the BSM2. 267 

 268 

A plant-wide simulation study was conducted to test the developed method for modelling AcoD at 269 

WWTPs and assess the plant-wide effects of AcoD. The WWTP in the simulation study was the 270 

standard plant set-up in BSM2. The plant contains a primary clarifier, an activated sludge unit (ASU) 271 

in a Modified Ludzack-Ettinger configuration with two anoxic tanks followed by three aerobic tanks. 272 

The last aerobic tank and the first anoxic are connected by internal recycle. A secondary clarifier with 273 

sludge recycle follows the ASU. The plant sludge train contains a thickener, an AD, a co-generation 274 

unit, a dewatering unit and a storage tank. The plant layout can be found in Supplementary 275 

information, Figure S.1. The plant was simulated with the default closed loop control strategy 276 

including dissolved oxygen (DO) control in the ASU based on feed-back control of the DO in the 277 

second aerated tank (set-point 2 g O2.m
-3) and proportional airflow rate to tanks 3 and 5. The waste 278 

activated sludge flow was set constant with seasonal values of 450 m3.d-1 during summer and 300 279 

m3.d-1 in winter, resulting in an average sludge age of 16 days in the ASU. In the evaluation procedure 280 

two indices are calculated: (i) effluent quality index (EQI), a weighted index of the effluent quality 281 

including total suspended solids (TSS), chemical oxygen demand (COD), biological oxygen demand 282 

(BOD), total Kjeldahl nitrogen (TKN) and total nitrate and nitrite nitrogen (NOx-N); and, (ii) 283 

operational cost index (OCI) incorporating the major operational costs for aeration, pumping, mixing, 284 

sludge production and disposal, carbon source, heating of the AD and revenue from selling produced 285 

power. Plant layout, dimensions and sub-model descriptions are detailed in Gernaey et al. (2014).  286 

 287 

Co-digestion feed consisted of paunch, blood and DAF sludge based on characterisation from the 288 

BMPs. A khyd,sludge = 0.32 d-1 was applied based on Arnell and Åmand (2014). The external substrate 289 

load was calculated based on the average sludge load (organic loading rate, OLRsludge), OLRsludge = 290 

2.38 kg COD.m-3.d-1, such that the base organic load of co-substrate (OLRext) was about 50% of the 291 

average sludge load: 20 m3.d-1 of paunch, 4 m3.d-1 of blood and 1 m3.d-1 of DAF sludge give an OLRext 292 

= 1.25 kg COD.m-3.d-1. On top of that two periods of further increased load were added; from day 350 293 
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to 410 the load of blood was increased to 15 m3.d-1 giving a total co-substrate OLRext of 2.11 kg 294 

COD.m-3.d-1, and from day 500 to 521 the load of DAF sludge was increased to 8 m3.d-1 giving a total 295 

co-substrate OLRext = 3.41 kg COD.m-3.d-1.  296 

 297 

A full 609 days dynamic closed loop BSM2 simulation (modified with the co-digestion feed) was 298 

performed and evaluated according to the standard procedures described in Gernaey et al. (2014). 299 

During simulation nothing but the digester feed was changed in the default BSM2 closed loop 300 

strategy. 301 

2.5 Input model sensitivity analysis 302 

Many of the ADM1 state variables are not relevant or important for input fractionation, particularly 303 

when assessing plant-wide effects at WWTPs (Solon et al., 2015). To assess the most influential 304 

variables in co-substrate composition a sensitivity analysis was performed using Monte Carlo 305 

simulations. The simulations were designed according to Batstone (2013) with 3 000 simulations of 306 

the BSM2 AD block. To the average sludge load of 2.4 kg COD.m-3.d-1 from BSM2 an additional 8.4 307 

kg COD.m-3.d-1 of co-substrate was added with varying composition fractions (between 0 and 1) of 308 

Xch, Xpr and Xli out of biodegradable COD. This high co-substrate load was intended to stress the 309 

digester stability and to reveal the sensitivity for different feed characteristics. Also the influence of fd 310 

and the fraction of CODs out of CODt were investigated in this way. The results were evaluated with 311 

weighted principal component analysis (PCA) on the outputs gas flow (Qgas), methane flow (QCH4), 312 

inorganic nitrogen (SIN), pH and volatile fatty acids (VFA). Detailed information on the set-up of the 313 

Monte Carlo simulations is presented in the Supplementary information. 314 

3 Results and Discussion 315 

3.1 Input model case study on BMP tests 316 

Applying the input model to the three substrates paunch, blood and DAF sludge resulted in the state 317 

variables and parameter estimates given in Table 1. The simulated and measured BMP profiles are 318 
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shown in Figure 3. The fit to data is good for paunch and blood and . While the fit to data is less 319 

accurate for DAF sludge, the model captures the main process impacts due to LCFA inhibition The 320 

ability of the process to separately identify the two parameters in the applied for Ifa, and its ability to 321 

simulate the complex methane production profile justify its use over simpler models, such as non-322 

competitive inhibition. The inhibition constants estimated from DAF sludge were also used for the 323 

simulations of the other substrates. The full list of ADM1 parameter values for the BMP model is 324 

given in the Supplementary information, Table S.4.  325 

 326 

Table 1. Resulting characterisation and parameter estimation for paunch, blood and DAF sludge. State variables 327 

not listed in the table are set to 0. 328 

 Paunch Blood DAF 

SI [kg COD.m-3] 0.366 0.0162 1.84E-05 

Ssu [kg COD.m-3] 0.873 0.0575 0.116 

Saa [kg COD.m-3] 0.192 0.191 0.0490 

Sfa [kg COD.m-3] 0.207 0.00540 2.83 

Sva [kg COD.m-3] 0.0612 0.102 0.0408 

Sbu [kg COD.m-3] 0.145 0.273 0.0182 

Spro [kg COD.m-3] 0.272 0.288 0.409 

Sac [kg COD.m-3] 0.384 1.57 0.235 

SIN [kmol N.m-3] 0.0102 0.0279 0.00350 

XI [kg COD.m-3] 15.2 1.70 0.00522 

Xch [kg COD.m-3] 60.7 59.4 40.7 

Xpr [kg COD.m-3] 13.3 197 17.1 

Xli [kg COD.m-3] 14.4 5.58 991 

khyd [d
-1] 0.125 0.310 0.103 

B0 [m
3 CH4.ton VS-1] 299 520 1 044 

fd [-]  0.85 0.99 1.0 
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KI,fa,low [kg COD.m-3] ---* ---*  0.406 

KI,fa,high [kg COD.m-3] ---* ---*  0.714 

* parameters not estimated for this co-substrate. 329 

  

 

Figure 3. BMP curves for paunch, blood and DAF sludge. Markers represent data and lines simulation results.  330 

3.2 Plant-wide assessment of AcoD 331 

Figure 4 shows the organic loading rate together with the resulting total methane production and 332 

relevant inhibitions. Table 2 shows the plant evaluation outputs significantly affected by AcoD as well 333 

as the default BSM2 outputs, i.e. without AcoD. The addition, the co-substrates had a positive effect 334 

on the methane production allowing a reduction in the overall Operational Cost Index (OCI) from 11 335 

630 to 10 490. However, at the same time the effluent water quality deteriorated from the increased 336 

nitrogen load in the water train, due to AD supernatant recirculation, increasing the Effluent Quality 337 

Index (EQI) from 5 330 to 5 970. 338 

Table 2. Evaluation results from the simulation study compared to BSM2 default values. 339 

 BSM2 default BSM2 w. AcoD 

Operational Cost Index [-] 11 600 10 500 

Effluent Quality Index [-] 5 330 5 970 

Average aeration energy [kWh.d-1] 4 130 4 380 

Methane production [kg CH4.d
-1] 935 1 800 

Sludge production [kg SS.d-1] 3 480 4 730 

Effluent SNH [g.m-3] 0.49 0.44 

Effluent SNO [g.m-3] 9.81 12.9 

Effluent TN [g.m-3] 12.3 15.4 

Time in violation TN [%] 0.17 15.0 

 340 
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The reduction in OCI corresponds to a total reduction of the operational costs for the WWTP by 10%. 341 

This significant reduction was achieved because the revenue from selling co-generated power from the 342 

produced methane increased by 92%; although both the aeration energy index and the sludge 343 

production at the same time increased by 6 and 39%, respectively. Following the BSM2 evaluation 344 

procedure neither the transport cost nor gate fee revenue of the co-substrate is included in the 345 

evaluation (Malmqvist et al., 2006). In the dynamic profiles of Figure 4 the effect of the two short-346 

term load increases of blood and DAF sludge can be seen. The increased load of blood did not yield a 347 

proportional increase in methane production. This is because the elevated ammonia levels in the AD at 348 

the same time cause a more severe ammonia inhibition in the model. In contrast, the load peak of DAF 349 

sludge increased the methane production proportional to the load, since LCFA was minor under this 350 

scenario 351 

 352 

 

 

Figure 4. Effect of AcoD on BSM2 AD process. Methane production (top), OLR (second), ammonia inhibition 353 

(INH, third) and LCFA inhibition (Ifa, bottom). Grey lines are standard BSM2 results without AcoD and black 354 

lines are the simulated scenario with AcoD (filtered values). 355 

The increase in EQI was mainly due to a higher effluent total nitrogen (TN), 15.4 g N.m-3 caused by 356 

the nitrogen load from the protein rich co-substrate, which elevated the SNH concentration in the 357 

returning AD supernatant; from an average of 1 290 g N.m-3 to 1 610 g N.m-3 (Figure 5). This led to a 358 

time in violation of the effluent constrains for TN of 15% compared to 0.17% without AcoD. The 359 

violation of the effluent constrains would be an unacceptable effect of AcoD and shows the 360 

importance of selection and dose strategy for the co-substrate. The primary cause of high effluent TN 361 

was elevated effluent SNO caused by insufficient carbon availability for denitrification rather than poor 362 

nitrification (Table 2, Figure 5). The reason for this is that the default control strategy of the closed 363 

loop BSM2 has a DO control in the ASU responding to the increased ammonia load but only a fixed 364 

dosage of methanol. If the same total load of blood would have dosed over the whole period the 365 

methanol scarcity might had been less pronounced, or if it had been dosed for an even shorter period 366 
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the nitrification capacity would have been exceeded as well. Effluent limit violation would have been 367 

avoided simulating an increased or controlled methanol dosage. The draw-back of the increased 368 

nitrogen load would then have manifested itself as increased methanol consumption instead of effluent 369 

violation. While being outside the scope of this publication, the strategies to cope with increased 370 

nitrogen load can easily be tested and evaluated with additional simulations (results not shown). This 371 

demonstrates how simulating AcoD in plant-wide WWTP models allows to design an optimal co-372 

substrate composition and feed strategy and simultaneously control the effects on the water train. The 373 

presented simulation study shows the applicability of modelling and simulation to assess cost-benefit 374 

and the plant-wide effects of AcoD on WWTPs. 375 

 376 

 377 

Figure 5. Effect of AcoD on SNH in dewatering supernatant (top) and SNO in plant effluent (bottom). Grey lines 378 

are standard BSM2 results without AcoD and black lines are the simulated scenario with AcoD (filtered values). 379 

3.3 Influent sensitivity analysis 380 

The simulations varying co-substrate biodegradability (fd) confirm that the feed degradable COD 381 

fraction is very important, as previously shown (Solon et al., 2015; Galí et al., 2009). The resulting 382 

PCA of the Monte Carlo simulations from varying Xch, Xpr and Xli is shown in Figure 6 (additional 383 

figures of model outputs related to feed composition can be found in the Supplementary information, 384 

Figures S.3 and S.4). The variations in the results are explained to 71.5% by Component 1 and 25.2% 385 

by Component 2. The variation in Component 1 is positively related to biogas and methane flow and 386 

negatively to VFA. Component 2 is mostly influenced by the SIN concentration in the effluent 387 

digestate. Three distinctive regions can be seen marked in Figure 6:  388 

I. the substrate compositions positive in Component 1 and negative in Component 2 389 

represent a well-functioning digester with low VFAs and good methane production;  390 

II.  as the protein content increases the output gradually moves from region I into II, i.e. 391 

negative in Component 1 but positive in Component 2, towards the upper-left corner. This 392 
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substrate composition is at or close to digester failure as the ammonia inhibition is 393 

gradually increasing along with VFAs leading to decreasing methane production; 394 

III.  the clustered samples negative in both Components 1 and 2 are all high in Xli and 395 

represent the very disruptive digester failure due to LCFA inhibition where methane 396 

production totally stops and VFA increases dramatically leading to total pH inhibition. 397 

There is a relatively rapid switch from region I to region III due to the threshold nature of 398 

inhibition, specifically, when 58% of the co-substrate load of 8.4 kg COD.m-3.d-1 consists 399 

of Xli. 400 

 401 

This leads to the conclusion that apart from fd, the two most important input model parameters for 402 

digester stability with co-digestion are fractions determining Xpr and Xli. The results also show that Xch 403 

is relevant for the total gas production (Figure S.3 in the Supplementary information) because a higher 404 

Xch fraction leads to increased CO2 production; which is coherent with Solon et al. (2015). Moreover, 405 

Figure S.3 reveals that high loads of carbohydrates will lead to pH inhibition subsequent to high VFA 406 

production.  407 

 408 

 409 

Figure 6. Principal Component Analysis for the Monte Carlo simulations with varying AD feed composition.  410 

 411 

4 Conclusions 412 

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

model AcoD complemented by a Gaussian LCFA inhibition function.  414 

• A new input model for fractionation of COD was developed based on feasible and affordable 415 

tests. The method was proven reliable based on modelling of BMP tests of three substrates 416 

paunch, blood and DAF sludge.  417 
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• A performance assessment study of AcoD was performed with a dynamic feed mix. It 418 

revealed that the overall operational cost was reduced by 10%. However, the high nitrogen 419 

content in blood increased ammonia inhibition in the digester, leading to lower digester 420 

performance, and overloaded the denitrification capacity of the water train and deteriorated the 421 

effluent water quality.  422 

• A sensitivity analysis on co-substrate feed characteristics found that apart from the 423 

biodegradable fraction of COD, protein and lipid fractions of particulate biodegradable COD 424 

were the two most important state variables for digester stability and methane production, and 425 

that different substrates caused different modes of failure. 426 
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Supplementary information 546 

Benchmark Simulation Model No.2 plant layout 547 

 548 

Figure S.1. Plant layout for the wastewater treatment plant in Benchmark Simulation Model No. 2 549 

(Gernaey et al., 2014). 550 

 551 

ADM1 state variables 552 

Table S.1. State variables of ADM1 (Batstone et al., 2002). S denotes solubles and X particulates. 553 

State variable Description State variable Description 

Ssu monosaccharides Xc composite 

Saa amino acids Xch carbohydrates 

Sfa total LCFA Xpr proteins 

Sva total valerate Xli lipids 

Sbu total butyrate Xsu biomass 

Spro total propionate Xaa biomass 
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Sac total acetate Xfa biomass 

Sh2 hydrogen Xc4 biomass 

Sch4 methane Xpro biomass 

Sic inorganic carbon Xac biomass 

SIN inorganic nitrogen Xh2 biomass 

SI soluble inerts XI particulate inerts 

Scat cations   

San anions   

 554 

COD conversion factors 555 

Table S.2. Conversion factors (() for organic fractions into COD (Grau et al., 2007). 556 

 Value 

(ac [kg COD.(kg ac)-1] 1.066667 

(pro [kg COD.(kg pro)-1] 1.513514 

(bu [kg COD.(kg bu)-1] 1.818182 

(va [kg COD.(kg va)-1] 2.039216 

(Pr [kg COD.(kg Pr)-1] 1.53 

(U) [kg COD.(kg Li)-1] 2.878 

 557 

Substrate data 558 

Table S.3. Analysis data used for substrate characterisation. From Astals et al. (2014) with 559 

modifications indicated. 560 

 Paunch Blood DAF sludge 
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TS [kg.m-3] 117 187 360 

VS [kg.m-3] 106 178 353 

CODt [kg COD.m-3] 106 266 1 053 

CODs [kg COD.m-3] 2.5 2.51 3.7 

Acetate [kg.m-3] 0.36 1.47 0.22 

Propionate [kg.m-3] 0.18 0.19 0.27 

Butyrate [kg.m-3] 0.08 0.15 0.01 

Valerate [kg.m-3] 0.03 0.05 0.02 

Proteins [kg.m-3] 10.2 129.5 11.8 

Lipids [kg.m-3] 5.852 1.952 344.52 

TAN [g N.m-3] 143 391 49 

1 measured value is higher but most COD except VFAs are assumed colloidal and 561 

therefore particulates needed to be hydrolysed; 562 

2 analysed values are too low due to faulty analysis and increased by 30%. 563 

 564 

ADM1 parameters 565 

Table S.4. Model parameters used for ADM1 in the plant-wide simulation study. Units; N_i [kmol 566 

N.(kg COD)-1], C_i [kmol C.(kg COD)-1], Y_i [kg COD_X.(kg COD_S)-1], k_i (decay rates) [d-1], 567 

K_S_i [kg COD_S.m-3], k_m_i [kg COD_S.(kg COD_X)-1.d-1], K_I_i [kg COD.m-3], k_A_Bi [M -1.d-568 

1], kLa [d-1], K_A_i [M], R [bar.m3.kmol-1.K-1]. 569 

Parameter Value Parameter Value Parameter Value 

f_sI_xc 0.1 Y_aa 0.08 pH_UL_h2 6 

f_xI_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 

f_li_xc 0.3 C_ch4 0.0156 k_dec_Xfa 0.02 

N_xc 0.002685714 Y_ac 0.05 k_dec_Xc4 0.02 
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N_I 0.004285714 Y_h2 0.06 k_dec_Xpro 0.02 

N_aa 0.007 k_dis 10 k_dec_ac 0.02 

C_xc 0.02786 k_hyd_ch 0.2 k_dec_h2 0.02 

C_sI 0.03 k_hyd_pr 0.3 R 0.083145 

C_ch 0.0313 k_hyd_li 0.1 T_op 308.15 

C_pr 0.03 K_S_IN 0.0001 pK_w_base 14 

C_li 0.022 k_m_su 30 pK_a_va_base 4.86 

C_xI 0.03 K_S_su 0.5 pK_a_bu_base 4.82 

C_su 0.0313 pH_UL_aa 5.5 pK_a_pro_base 4.88 

C_aa 0.03 pH_LL_aa 4 pK_a_ac_base 4.76 

f_fa_li 0.95 k_m_aa 50 pK_a_co2_base 6.35 

C_fa 0.0217 K_S_aa 0.3 pK_a_IN_base 9.25 

f_h2_su 0.19 k_m_fa 6 k_A_Bva 1E+10 

f_bu_su 0.13 K_S_fa 0.4 k_A_Bbu 1E+10 

f_pro_su 0.27 K_Ih2_fa 0.000005 k_A_Bpro 1E+10 

f_ac_su 0.41 k_m_c4 20 k_A_Bac 1E+10 

N_bac 0.005714286 K_S_c4 0.2 k_A_Bco2 1E+10 

C_bu 0.025 K_Ih2_c4 0.00001 k_A_BIN 1E+10 

C_pro 0.0268 k_m_pro 13 kLa 200 

C_ac 0.0313 K_S_pro 0.1 K_H_h2o_base 0.0313 

C_bac 0.0313 K_I_h2_pro 3.5E-06 K_H_co2_base 0.035 

Y_su 0.1 k_m_ac 8 K_H_ch4_base 0.0014 

f_h2_aa 0.06 K_S_ac 0.15 K_H_h2_base 0.00078 

f_va_aa 0.23 K_I_nh3 0.0018 k_P 50 000 

f_bu_aa 0.26 pH_UL_ac 7 K_I_fa_low 0.40639 

f_pro_aa 0.05 pH_LL_ac 5 K_I_fa_high 0.71421 

f_ac_aa 0.4 k_m_h2 35 
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C_va 0.024 K_S_h2 0.000007 

 570 

Monte Carlo simulations for sensitivity analysis 571 

The Monte Carlo simulations were made in the Matlab/Simulink software package (MATLAB 8.4, 572 

The MathWorks Inc., Natick, MA, 2014). The model used for the sensitivity analysis was the AD-573 

block from the Benchmark Simulation Model No. 2 (BSM2, Gernaey et al., 2014) plant with a sludge 574 

feed composition equal to the steady state sludge feed from BSM2. This is a simplification since the 575 

sludge feed would be slightly affected by the changed composition of the recycled digester supernatant 576 

if anaerobic co-digestion (AcoD) is introduced. The simulations were run for 130 days with constant 577 

influent conditions.  578 

 579 

The generation of the 3 000 co-substrate feed samples followed the description in Batstone (2013). 580 

Basic data for the feed is given in Table S.1. The co-substrate normal distributed samples with varying 581 

fractions of carbohydrates, proteins and lipids out of bio-degradable particulate COD (fch, fpr and fli) 582 

were generated with normalised inverted random numbers with the function call: 583 

f_i = norminv(rand(n,1),f_mean,0.2); 584 

the fch was generated with a mean, fmean = 0.33 and out of the remaining part fpr was generated with fmean 585 

= 0.5 and the residual was assigned to fli. Values less than 0 or greater than 1 were set to 0 and 1, 586 

respectively. The resulting influent profiles are shown in Figure S.1. 587 

 588 

Table S.5. Basic system and feed data for the simulations. 589 

 Co-substrate Sludge 

CODt [kg.m-3] 1 250  44.8 

Biodegradable part of COD 0.75 0.768 

Qfeed [m
3.d] 30 178.46 
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OLR [kg COD.m-3.d-1] 8.38 2.35 

 590 

 591 

Figure S.2 Profiles of fch, fpr and fli for the 3 000 samples used for Monte Carlo simulations. 592 
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 593 

Figure S.3. Output state variables from the Monte Carlo simulations. From top to bottom the rows 594 

depict, Qgas, QCH4, pH and VFA. Each state variable is plotted against the fraction of carbohydrates 595 

(fch), proteins (fpr) and lipids (fli), respectively, from left to right. 596 
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 597 

Figure S.4. AD inhibitions and corresponding inhibitory compound from the Monte Carlo simulations. 598 

From top to bottom the rows depict, SNH, INH, Sfa, Ifa and IpH,ac. Each state variable is plotted against the 599 

fraction of carbohydrates (fch), proteins (fpr) and lipids (fli), respectively, from left to right. 600 

 601 
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