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Abstract12

Water Resource Recovery Facilities (WRRFs) are big contributors to greenhouse gas (GHG) emissions and energy13

consumption. Aeration is the main source of energy consumption in these facilities and nitrous oxide (N2O) is14

the main form of direct emission which is produced during nitrification and denitrification processes through15

multiple potential pathways. Mathematical modelling is a widely used tool for optimisation of WRRFs and16

modelling protocols have been developed, which are widely used in the community. However, carbon footprint17

reduction has not been the main focus of these protocols. In this study, an innovative model-based protocol for18

minimising GHG emissions of WRRFs was developed using advanced mathematical modelling paradigms. The19

protocol was constructed based on three different cases for each of which a flow sheet model, a computational20

fluid dynamics (CFD) model and a knowledge-based risk assessment model were studied together with high21

frequency data collected by LESSDRONE (an automated wireless tool for measuring direct off-gas emissions).22

The risk assessment model helps identify high risk conditions while the CFD model provides valuable insights23

on the impact of hydrodynamics under non-ideal mixing conditions. The flow sheet model is used to test the24

proposed mitigation strategies and to provide in-silico data for the risk assessment model. The developed model-25

based protocol provides a robust guideline for water utilities to optimise their operations for minimising carbon26
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footprint of WRRFs without compromising their removal efficiencies.27

28
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30

Introduction31

Historically, obtaining a high-quality effluent that meets the stringent regulations at the lowest cost has been32

the focus of process design and optimisation in wastewater treatment plants (WWTPs). More recently, there33

have been two important evolutions in perspective of a conventional WWTP. One is the focus on recovery rather34

than removal for water, energy and the nutrients (nitrogen and phosphorus). This has led to the development of35

new technologies and processes for recovering energy or reusable products. The second evolution is the focus on36

greenhouse gas (GHGs) emissions and carbon footprint (CF) of water resource recovery facilities (WRRFs) due37

to concerns with respect to climate change and global warming. About 2-3% of total global GHG emissions are38

associated to waste and wastewater industry (Maktabifard et al., 2019, Stocker et al., 2013). The total CF of a39

WRRF is associated with the sum of direct and indirect GHGs emissions from the plant. Direct emissions are40

related mainly to the biological processes within the WRRF: CO2 is generated through microbial respiration,41

N2O is produced from the nitrification/denitrification stage and CH4 is formed in the anaerobic zones or by42

stripping from incoming wastewater. Indirect emissions on the other hand are mainly caused by consumption of43

electricity and thermal energy, transportation, production of chemicals, or transportation to and from the plant,44

sludge disposal, etc. CF reduction strategies are focused on the mitigation of direct GHGs emissions (mainly45

by decreasing N2O and CH4 production) and reducing indirect emissions by moving towards an energy neutral46

WRRF through lower aeration energy requirements and efficient biogas production or utilisation (Ye et al., 2022).47

48

Direct GHGs emissions from activated sludge WRRFs range from 0.9 to 2.2 kgCO2eq/m
3 (Flores-Alsina et al.,49

2011). The global warming potential (GWP) of CH4 and N2O over a 100 years timeline are, respectively, reported50

to be 27.2 and 273 CO2eq according to the latest IPCC report (Arias et al., 2021) making N2O by far the most51

significant direct form of GHGs emission from WRRFs. It can account up to 78% of total carbon footprint of the52

plant with nitrification by ammonia oxidizing bacteria (AOB) being the main source of its emissions (Daelman53

et al., 2013, Kampschreur et al., 2009). N2O can be produced during the nitrification process through incomplete54

hydroxylamine oxidation (triggered by high dissolved oxygen concentrations) and/or AOB denitrification (trig-55

gered by high nitrite or low dissolved oxygen conditions). However, it is important to mention that N2O emission56

can also happen through the incomplete heterotrophic denitrification process by high DO, low pH and/or low57
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COD/N conditions. Therefore, each direct emission pathway can be dominant depending on the specific oper-58

ating conditions of a plant. On the other hand, WRRFs are big consumers of energy leading to indirect GHGs59

emissions. In Europe, annual specific energy consumption in WRRFs is reported in a range of 20-120 kWh per60

population equivalent (PE) (Mamais et al., 2015). This value in the US is reported to be between 16-71 kWh/PE61

(Stillwell et al., 2010) while in Australia ranges from 30-120 kWh/PE have been reported (Krampe, 2013). Con-62

sidering an average total energy consumption of 6454 kWh per capita in Europe, WRRFs are contributing to63

1-3 % of total energy consumption. Usually, in WRRFs with activated sludge process (ASP) treatment, aeration64

is responsible for 50-60% of electricity consumption, 15-25% is associated with sludge treatment and 10-15% to65

the secondary sedimentation (Mamais et al., 2015). High energy demand of WRRFs will usually lead to more66

CO2 production through fossil fuel combustion that is required for providing the energy requirements of the plant.67

68

Mathematical modelling is a widely used approach for optimisation of WRRFs. Many attempts have been made69

in the past decade to incorporate the biological mechanisms for N2O emissions within the conventional Activated70

Sludge Models (ASM) (Vasilaki et al., 2019, Ye et al., 2022). Most of the studies consider only a single pathway71

for N2O emissions in the nitrification process by considering either the autotrophic denitrification of nitrite or72

the incomplete hydroxylamine oxidation (Guo et al., 2012, Mampaey et al., 2013, Ni et al., 2013, Sperandio et al.,73

2016). Pocquet et al. (2016) introduced a two pathway model which takes both mechanisms into consideration.74

Only the two pathway model is able to capture both NO and N2O emissions correctly by formulating the domi-75

nant pathway under different operating conditions. In addition, there are only a few studies on the modelling of76

N2O production from heterotrophic denitrification pathway and they are all based on lab-scale experimentation77

(Domingo-Felez and Smets, 2020, Hiatt and Grady, 2008, Pan et al., 2013). Moreover, the abiotic N2O produc-78

tion can be also included in the mechanistic model (Harper et al., 2015). Massara et al. (2018) incorporated the79

two pathway model into an ASM2d model for biological phosphorus removal . This model was then used by Solis80

et al. (2022) to build a benchmark plant-wide mechanistic model of N2O based BSM2 configuration that can81

help in identifying the impact of various operatinal and control scenarios on the N2O emissions. Nonetheless,82

the lack of a widely-accepted transferable (to different process conditions and reactors) mechanistic model for83

N2O and the difficulty to calibrate and validate these models due to lack of extensive experimental data under84

various dynamic conditions (Vasilaki et al., 2018) have prevented them to be used widely for full-scale mitigation85

and control strategies (Mampaey et al., 2019).86

87

Moreover, in recent years, some studies have taken the advantage of data-driven techniques to either model N2O88

productions in a purely black-box approach or to improve the mechanistic models in a so-called hybrid modelling89
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paradigm (Schneider et al., 2022). Most of these studies have focused on identifying the relashionships between90

N2O emissions and other operating parameters of the treatment plants (Bellandi et al., 2020, Song et al., 2020,91

Vasilaki et al., 2020a). Nevertheless, some quantitative predictive models for N2O have been developed using92

machine learning algorithms (e.g. deep neural networks) that show great potential of such methodologies for N2O93

applications (Hwangbo et al., 2021, Khalil et al., 2023, Li et al., 2022, Vasilaki et al., 2020b). The main challenge94

of such an approach however is the availability of long-term operational datasets for training and validation of95

such models.96

97

With the lack of a comprehensive and validated mechanistic model for N2O production, Porro et al. (2014)98

focuses on a knowledge-based approach as a promising methodology for optimisation of GHGs emission in WR-99

RFs. They adapted a knowledge-based risk assessment modelling framework (Comas et al., 2008) originally100

developed for diagnosing the risk of microbiology related solid separation problems (e.g. filamentous bulking) to101

predict operating conditions under which the risk of N2O emission is high in activated sludge systems. While102

the focus of most mechanistic (and data-driven) models is on N2O prediction and quantification of its emission,103

the knowledge-based risk assessment model provides insights on why certain conditions might lead to N2O emis-104

sions. This is helpful for avoiding high-risk conditions and therefore providing a pro-active assessment of N2O105

emissions. In addition, some hydrodynamic studies (Qiu et al., 2019, Rehman, 2016, Sperandio et al., 2022)106

suggest that the N2O emissions are impacted by local process conditions and the hydraulics and mixing patterns107

in the bioreactors creating local heterogenities might play an important role in N2O emissions (depending on the108

plant’s configuration).109

110

Protocols for modelling and optimisation of WRRFs have been developed in the past (Amerlinck et al., 2014,111

Hulsbeek et al., 2002, Langergraber et al., 2003, Melcer, 2004, Rieger et al., 2012, Vanrolleghem et al., 2003).112

However, previous protocols were focused on biokinetic parameters and wastewater characterisation, or they were113

case-specific and could not be generalised. The IWA Good Modelling Practice (GMP) unified protocol (Rieger114

et al., 2012) proposed a step-wise simulation procedure combining key aspects of the previous efforts. The GMP115

protocol includes several key elements like strategies for data collection and reconciliation, defining the level116

of effort (e.g. in calibration or data collection) as a function of objectives, a calibration/validation procedure117

that includes parameter selection, uncertainty analysis and guidance for interactions between modellers and end-118

users. Moreover, it includes close interactions between modellers and stakeholders at each step of the protocol.119

Nevertheless, the ultimate goal of the GMP is still tailored for a better and more systematic model development,120

calibration/validation, and application. However, a robust model-based protocol focused on troubleshooting and121
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optimisation of WRRFs, in particular with CF minimisation as its main target, is lacking and is therefore the122

main driver for the present work.123

124

In this study an innovative protocol is introduced focusing on optimisation of WRRFs operating conditions for125

CF reduction. It is developed within the framework of the EU-Life LESSWATT project and takes advantage126

of advanced modelling paradigms and extensive data collection for mitigation of energy expenditure and GHG127

emissions. To develop the protocol different modelling frameworks and innovative measurement campaigns were128

applied to several case studies in order to analyse the added value and synergy between these different infor-129

mation sources when it comes to mitigation of CF in WRRFs. This paper presents the development of the130

LESSWATT protocol through results of measurement campaigns and model-based analysis for three selected131

WRRFs representing different process configurations, different WRRF scales, different levels of data availability132

and different geographical locations as one of its strong advantages.133

134

Materials and methods135

Data collection136

The LESSDRONE is an automated wireless self-moving device designed and developed for monitoring direct137

GHGs emission, DO concentrations and oxygen transfer efficiency in aeration tanks of biological treatment sys-138

tems (Caretti et al., 2021). It consists of a round steel support frame, six inflatable cylinders (for floating on139

the surface of the water) and a hood mounted at the center of the frame that captures the off-gas and col-140

lects it through a pipe. On top of the frame there are two boxes containing the analysis instruments and the141

control/positioning devices. The device is equipped with eight motors and can be remotely controlled or pre-142

programmed to follow a path on the surface of the tank. The gas passes through an anemometer (flow rate143

measurement) to the sensors for CO2, CH4 and N2O measurements. Gas detection analysis for CH4 and N2O144

is based on non-dispersive infra-red technology which filters a narrow spectral region that overlaps with the145

absorption band of specific gases (Novagas2 probe, Novasis Innovazione, Italy) while a near infra-red absorption146

probe is used for CO2 (GMP251 analyser, Vaisala, Finland). It also contains a probe for DO and temperature147

measurements (XYO optical oxygen sensor, First Sensor, Germany) in the liquid phase. LESSDRONE evaluates148

the standard oxygen transfer efficiency of the aeration system in process condition (αSOTE) based on the off-gas149

method which uses a gas-phase mass balance of oxygen over the liquid volume (ASCE, 1997).150

Within this study, the LESSDRONE was positioned at the center of the aeration tanks of different case studies151
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and high frequency data (every 5 seconds) were collected under different operating conditions (e.g. air flow rates152

and DO setpoints). The N2O concentration measured in the off-gas and the air flow rate data were used to153

calculate the N2O emission rates based on the following equation (Guo, 2014).154

155

N2Oer =
[N2O]

106
Qair

A

28

0.0224
(1)

where N2Oer is the N2O emission rate (gN2O−N/m2/d), [N2O] is the N2O concentration in the off-gas (ppm),156

106 is for the ppm unit conversion, Qair is the air flow rate (m3/d), A is the aerated area (m2), 28 is the nitrogen157

mass per mole of N2O (gN2O −N/mol) and 0.0224 is the molar volume of N2O gas (m3/mol).158

N2O risk assessment modelling159

The core of the N2O risk assessment model (Porro et al., 2014) is a knowledge base containing heuristic and160

empirical knowledge on operating conditions and parameters that are linked to the risk of N2O production in161

a WRRF (e.g. via heterotrophic denitrification and AOB nitrification/denitrification). This information is col-162

lected from the literature and domain experts. The goal of the risk model is not to make quantitative predictions163

of N2O production but to assess whether certain operational and control strategies lead to more or less favourable164

conditions for N2O emissions to arise. The risk model is based on principles of fuzzy decision theory. Numerical165

values of operating conditions and parameters related to N2O production are translated into low, medium and166

high risk. The fuzzified input data set is then used to generate a fuzzy output by a set of IF/THEN-based167

inference rules defined purely based on literature and empirical knowledge. For example, high DO and high168

nitrite conditions generate a high fuzzy output for risk of N2O production in denitrification stage. Finally, fuzzy169

output values are defuzzified into numerical values for further interpretation again based on definition of some170

membership functions. Consequently, the result of risk assessment modelling is presented as risk score values171

between 0 and 1, with 1 referring to the highest risk. The two important specific terminologies in this study172

to represent the risk of N2O emission are high DO risk and low DO risk. High DO risk refers to the risk of173

having N2O emissions caused by conditions where high DO concentrations contribute to one of the pathways of174

N2O emissions. This is mainly related to either incomplete hydroxylamine oxidation in the nitrification process175

or the incomplete heterotrophic denitrification in the anoxic zones. Similarly low DO risk is defined for the176

conditions where low DO concentrations trigger a pathway for N2O emissions which in this case is through AOB177

denitrification in the aerobic zones.178

179

The N2O risk model can be simulated based on data of different type and abundance. It can for example be fed180
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with high frequency measurement data collected by LESSDRONE in order to identify the operating conditions181

under which the risk of N2O emission is high. However, simulation data (e.g. output of flow-sheet biokinetic182

model or CFD model) can be used as input as well. This allows performing operational scenario analysis to183

define mitigation strategies.184

185

Flow-sheet biokinetic modelling186

The ASMs, as the most widely-used mathematical models for describing biological wastewater treatment pro-187

cesses were applied for constructing the flow-sheet biokinetic models in this study (Henze et al., 2000). Flow-sheet188

models are technical representation of the unit processes and their connectivity for a process train and can be189

developed in the available commercial WRRF simulators. They include submodels for each unit process (e.g.,190

ASM for activated sludge tanks or a settling model for clarifiers). The choice of ASM version (e.g. ASM1,191

ASM2d and ASM3) to be used for modelling depends on the features and requirements of the biological process192

in each case and the objective of the modelling study. In this study, the ASM1 and ASM3 models were used193

for the Cuoiodepur and San Colombano case studies respectively to account for COD removal, nitrification and194

denitrification processes. The choice of ASM3 over ASM1 for the case of San Colombano was merely based on195

the previous available version of the model. For the case of Eindhoven on the other hand, the ASM2d model was196

used to account for biological phosphorus removal as well. Secondary clarifiers were described with conventional197

Takacs model (Takacs et al., 1991) in Cuoiodepur and San Colombano case studies, while for the case of Eind-198

hoven a more advanced model of Burger-Diehl (Burger et al., 2011) was used. In the case of Eindhoven, also the199

primary sedimentation tank was modelled using a modified Tay model (Tay, 1982).200

The commercial wastewater treatment modelling software WEST (MikebyDHI) was used but it should be men-201

tioned that the proposed protocol is not restricted to the use of any specific software for modelling.202

The flow-sheet biokinetic models are conventionally constructed using the tank-in-series (TIS) approach in which203

an activated sludge tank is modelled as a number of completely mixed tanks connected in series. This is a204

common approach to construct a relatively simple model. However, when variations due to incomplete mixing205

are high a TIS model is not capable of sufficiently capturing the recirculation and local concentration gradients.206

This is where hydrodynamic studies are helpful. Computational Fluid Dynamics (CFD) allows for modelling207

spatial variations inside bioreactors in a very high detail (Jourdan et al., 2019). Consequently, the conventional208

TIS models can be updated to a compartmental model (CM) based on the results of detailed hydrodynamic209

modelling in case this is available (Le Moullec et al., 2011). In CM, an activated sludge tank is modelled as a210

number of conceptual compartments inter-connected with some exchange flow rates that represent the spatial211
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profiles and the effect of mixing patterns in a more realistic way thus improving the prediction power of the212

model. While for the Cuoiodepur and San Colombano case studies a TIS model was considered sufficient for213

the purpose of the modelling study, in the case of Eindhoven a compartmental model of the plant was already214

available through extensive hydrodynamic studies that were done. Therefore, the CM was used in the flow sheet215

model.216

217

CFD-biokinetic modelling218

CFD-biokinetic modelling (Rehman, 2016) was used in this study to assess whether local phenomena due to219

heterogeneous mixing might play an important role in GHG emissions for the different case studies. On the one220

hand, this served to evaluate the accuracy of the TIS approach and on the other hand the CFD model data221

can be used as input to the risk model to calculate local N2O risks throughout the reactor. A 3D two-phase222

(gas/liquid) CFD model was used and a standard procedure was followed to develop the geometry and meshing223

as well as modelling mixing (Eulerian two-fluid model) and turbulence (Realizable k-ϵ model) (Wicklein et al.,224

2016). CFD simulations were performed in ANSYS, FLUENT software and the post-processing of the data is225

done in either ANSYS or ParaView.226

The CFD models are then extended by an ASM model to account for the biological processes involved. This227

integration has been done by solving a transport equation for each of the ASM components in which the source228

term is derived from the mass balance equations. To the standard ASM processes, an extra term is added to ac-229

count for oxygen mass transfer from gas to liquid phase. Simulations are carried out in a sequential way meaning230

the the biokinetic part was simulated on top of the frozen converged steady-state hydrodynamic solution. As a231

result, the output of the CFD-biokinetic model is a snapshot of concentration profiles for ASM components at a232

specific gas and liquid flow rates (here influent and air flow rates). It is kind of an X-ray scan of the reactor and233

a very powerful means to analyse what is actually going on in the reactor.234

In case of having non-ideal mixing conditions in the reactor, the DO parcels obtained as the output of the CFD-235

biokinetic model can be fed to the N2O risk assessment model (Porro et al., 2019). This leads to a risk score at236

each spatially distributed location across the bioreactor and local operating conditions leading to high emission237

risk can be investigated.238

239
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Case studies240

The protocol has been developed through the analysis of N2O measurements and simulations with different241

modelling tools for three different WRRFs. Each case study was characterized by different process conditions,242

process configurations and geographical locations which allowed to develop a protocol for GHG reduction that243

is generically applicable.244

The first case is the Cuoiodepur WRRF located in the community of San Miniato (PI) in Italy. The plant245

has a capacity of 850,000 PE treating combined industrial and municipal wastewater. The industrial tannery246

wastewater entering the plant goes through a pre-treatment (fine screening, grit chamber sulfur oxidation and247

equalization) and primary sedimentation stage after which it is introduced to the denitrification tank. The248

municipal wastewater is added to the industrial wastewater right after the denitrification and before nitrifica-249

tion/oxidation tank. The configuration of the biological tanks comprises a single denitrification (11000 m3) and250

7 parallel nitrification rectangular tanks (3750 m3 each). Mixed liqour is recycled from the end of nitrification to251

the beginning of denitrification. Returned activated sludge goes from underflow of the secondary sedimentation252

to the denitrifiaction zone. DO is controlled at 2 mg/L inside the aeration zone. A DO probe is located at253

the end of the nitrification tank. After secondary sedimentation the treated wastewater goes to the tertiary254

treatment stage for further purification.255

The industrial wastewater has almost twice the flow rate of the municipal one with around 700 mg/L of total256

nitrogen. This high nitrogen load to the plant can induce favorable conditions for N2O emissions that motivates257

the study of this case study for developing the protocol.258

259

The second case is the San Colombano WRRF located in Lastra a Signa, Tuscany, Italy. It treats municipal260

wastewater from the surrounding municipalities with a capacity of 600,000 PE. After a preliminary treatment261

(coarse and fine screenings and a combined aerated grit, oil and grease removal) followed by primary settling, the262

wastewater goes through a denitrification-nitrification biological process. There are 3 parallel lines of treatment263

each consisting of 4 parallel rectangular tanks with the volume of 8500 m3. Each tank is divided into 6 anoxic264

zones and one aerobic zone in series (with almost equal anoxic and aerobic volumes). The internal recycle flow265

goes from the end of aerobic zone to the first 3 anoxic zones and the activated sludge is recycled from secondary266

clarifiers to the beginning of the denitrification zone. The air flow is regulated by an ammonia-DO cascade267

controller with ammonia setpoint of 1.5-3 mgNH4/L which provides a DO concentration range of 0.8-1.2 mg/L.268

The wastewater goes through a secondary settling tank before being introduced to the chemical disinfection at269

the end. The DO and NH4 probes are located at the end of the aerobic section.270

The much lower levels of DO compared to the first plant makes this case interesting to study as it is known that271

9



too low DO conditions can contribute to the N2O emissions.272

273

The third case study focuses on the Eindhoven WRRF located in the south of the Netherlands treating municipal274

wastewater of the surrounding municipalities with the capacity of 750,000 PE. The treatment plant consists275

of three separate lines each including a primary settling tank, anaerobic/anoxic/aerobic bioreactors and four276

secondary settling tanks. The acivated sludge tanks are carrousel type reactors with concentric form. The anaer-277

obic, anoxic and aerobic volume of the circular tanks are 3733, 9525 and 16933 m3 respectively. It also includes278

chemical dosing in the form of aluminum chloride for improving phosphorus removal. There are two internal279

recycles; one from anoxic to the anaerobic zone and one from the end of the aerobic back to the anoxic zone.280

The external activated sludge recycles flows from the underflow of the secondary settling tank to the beginning281

of the anoxic zone. The aeration system of Eindhoven consists of two sets of diffusers. The summer package282

continuously aerates the tank while the winter package comes in actions in high load conditions. The aeration283

is regulated by the presence of an ammonia-DO cascade controller with ammonia setpoint of 1.4 mg/L which284

controls the setpoint of oxygen between minimum of 0.5 and maximum of 5 mg/L in the aeration zone. The DO285

and NH4 probes are located at the end of the aeration summer package.286

The particular configuration of the biological tanks including their geometry, circular flow and partial aeration287

system makes it an intriguing case to study how N2O emissions can be impacted by those factors. In addition,288

previous N2O measurments and N2O modelling studies on this specific case seemed highly valuable for the de-289

velopment of the protocol.290

Table 1 shows the influent charactersitic data for the three case studies that have been used for the development291

of the protocol.292

293

Table 1: Influent characteristics for the three case studies.

San Miniato San Colombano Eindhoven

Parameter Industrial Municipal

COD [mg/L] 13130± 4726 266± 72 141± 54.2 476± 139
TSS [mg/L] 6279± 3847 53± 24 65.1± 18.4 211ys± 84.8
NH4 [mg/L] 326± 137 30± 16.8 18.2± 5.4 41.3± 9.86
TN [mg/L] 710± 283 41± 7.3 21.3± 6.8 49.4± 14.3
pH 8.2± 1.1 7.6± 0.4 7.7± 0.5 7.75± 0.24

10



Results and discussion294

Case study: Cuoiodepur WRRF, Italy295

A measurement campaign with LESSDRONE was done in May 2019. The experimental campaign was carried296

out under normal operating conditions of the plant. During the first half of the measurement campaign N2O297

emissions were collected at different locations across the tank in 2-hour intervals (Figure 1a). Overall, emissions298

are observed across the whole bioreactor in this case although they vary from one point to another and show299

higher values in the middle of the tank. DO concentrations are generally higher towards the end of the bioreactor300

where the fixed DO probe is also located (close to the point 9). However, it is not clear at this point whether this301

observation is due to the incomplete mixing pattern or time-dependent dynamics. Figure 1b shows the temporal302

variations of the DO for the whole period of the measurement campaign while in Figure 1c a zoomed version can303

be seen for a period of almost two days during which a stationary test (with fixed location of the LESSDRONE304

in the middle of the tank between points 4,5, and 6) was performed to have a continuous N2O measurement for305

a long period.306

307

Subsequently, the N2O risk model framework (Porro et al., 2014) was applied on data collected from the plant’s308

SCADA system. In Figure 1b, high DO and low DO risk scores (i.e. risk due to predominantly high and low DO309

conditions respectively) predicted by the model as well as measured DO concentrations (by LESSDRONE) are310

presented. It can be seen that in almost the entire period of the measurement campaign a risk of N2O emissions311

due to high DO concentrations (’High DO risk’) is predominant. In fact, during the stationary test (Figure 1c)312

the low DO risk is zero all the time. The measured DO concentration during this period is often higher than313

2 mg/L. The N2O emission rate peaks in many occasions follow the peaks in high DO risk. It is important314

to note that high risk scores do not always correlate with N2O emissions. The risk assessment model provides315

qualitative insights on operating conditions that favors N2O emissions. Therefore, the magnitude of the peaks316

observed in the emission rates and risk do not necessarily match. Nevertheless, in most cases when a peak of317

N2O emission rate is observed, a peak of high DO risk is visible too. The emission rate data confirm the output318

of the risk model, i.e. that the plant’s current operational strategy is creating favourable conditions for N2O319

emission. These findings are aligned with the literature where dominance of hydroxylamine oxidation pathway320

was reported in high DO (more than 2-2.5 mg/L) concentrations (Ni et al., 2013, Sun et al., 2017, Tumendelger321

et al., 2014). Hence, if the risk can be reduced, the actual emission can also be mitigated. At this point, reducing322

aeration as a potential mitigation strategy comes to mind. However, this needs to be done with care as N2O323

emissions due to low DO risks also occur in specific periods of the measurement campaign. Before implementing324
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such a significant change in the plant’s operation, the mitigation strategy is first tested in a flow sheet model325

to ensure that reducing the aeration would not have any detrimental effects on the effluent quality. Therefore a326

flow sheet model was constructed based on ASM1 and calibrated and validated on historical data (see A.1 for327

more information).328

329

330

331

As the LESSDRONE measurement campaign revealed quite some spatial variation in the N2O emissions, the332

aeration tank is also modelled using a CFD-biokinetic integrated model to study whether these variations in N2O333

emissions are caused by non-ideal mixing conditions (unequal aeration) or simply by the time-varying properties334

of DO and influent concentrations. This can provide insights into possible effects of local N2O emission risks or335

local conditions to be considered when assessing mitigation strategies. Three scenarios are selected to simulate336

the CFD-biokinetic model reflecting low to high influent flow rate conditions. The results show no indication of337

mixing issues (such as dead zones or short cuts) with a clear plug flow behaviour in the reactor. The reactor is338

well mixed over it’s depth and width. Moreover, the hydrodynamics do not change significantly with the increase339

of influent flow rate (Figure A.2.1). Both soluble substrate and ammonia are entirely consumed over the first340

half of the reactor indicating the presence of more than sufficient DO in the reactor where it is required for COD341

and nitrogen removal.342

The CFD model results confirm that local variations in N2O emissions are due to temporal dynamics and not343

spatial heterogeneous zone or similar mixing problems. As aeration is an important source of mixing, it was first344

tested in the CFD model whether the proposed mitigation strategy (aeration reduction) would not cause any345

negative effects on the reactor hydraulics. In a 4th scenario, the mitigation strategy with 40% reduction of air346

flow rate (to test a substantial reduction) was simulated by the CFD model confirming that reducing air flow347

does not significantly change the reactor’s hydraulic behaviour (Figure 2). Figure A.1.3 shows the effluent quality348

predicted by the flow sheet model comparing the reference scenario (under normal operating conditions) with the349

mitigation scenario in which the aeration is reduced. The outputs suggest that the 40% aeration reduction has350

no significant negative impact on the treatment performance (5% reduction in ammonia removal). In addition,351

the output of the flow sheet model was used as the input of the N2O risk assessment model (data not shown) to352

ingestigate the impact of the proposed scenario on the risk of emission. While the low DO risk remained almost353

unchanged, 20% reduction in the high DO risk was observed (percentage of the time the high DO risk is more354

than 50%) that suggests the effectiveness of the proposed strategy in reducing high risk operating conditions for355

N2O emission.356
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(a)

(b)

(c)

Figure 1: Cuoiodepur WRRF N2O risk assessment modelling results under normal operating conditions. (a):
Spatial variations of the N2O and DO in different points of the bioreactor. N2O concentrations in the off-gas
are measured in ppm and normalized based on the maximum value observed during the whole period of the
measurement campaign (b): N2O risk score and DO concentration for the whole preiod of the measurement
campaign (c): zoomed-in graph for the period of stationary test with continuous N2O measurements.

357

358

359
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Figure 2: Comparison between two scenarios with high and low aeration in terms of concentration profiles from
the CFD-biokinetic model

Finally, a measurement campaign was carried out in June 2019 to assess the impact of the proposed mitigation360

strategy. In the middle of the test the DO setpoint was reduced from 2 to 1.8 mg/L (in agreement with the361

operators to test a reduced DO level that seems to be still enough for the treatment performance). The data362

collected by LESSDRONE was used as the input for the N2O risk assessment model. Figure 3 shows the results363

of the N2O risk model before (Figure 3a) and after (Figure 3b) applying the reduced DO setpoint. The two364

measurement campaign periods are presenting similar conditions in terms of N loads in the influent (average365

NH4 loads to the biological tanks of 190.3 and 193.4 Kg/d before and after the mitigation strategy respectively).366

However, the COD load in the measurement campaign before applying the mitigation strategy was almost 1.8367

times higher than when the mitigation strategy was applied. This leads to having lower COD/N ratio during the368

application of the mitigation strategy than the time before that. However, this lower ratio did not trigger the369

incomplete heterotrophic denitrification pathway for N2O emission since it is still very high because of the high370

COD contribution from the industrial influent. In the first case, similar to the previous measurement campaign371

high DO risk is predominant. The actual N2O emission is also consistently high. Reduction of the DO setpoint372

as the proposed mitigation strategy decreased the high DO risk significantly. In fact, the percentage of time373

where the high DO risk is greater than 50% is reduced from 26% in the first scenario to 12% in the scenario374

with the mitigation strategy applied. The validity of the risk model was confirmed by the measurements that375

show that the N2O emission is also reduced considerably. The mitigation strategy in the second scenario was376

able to keep the emission as low as zero almost all the time. Moreover, the proposed mitigation strategy leads377

to reduction of 500 MWh/year (394 tCO2eq/year of indirect emissions, estimated based on the period of the378

measurement campaign) of energy consumption thanks to the reduced aeration.379
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380

(a)

(b)

Figure 3: Results of N2O risk assessment based on data collected in a new measurement campaign (a): Before
application of mitigation strategy (b): After application of mitigation strategy with lower aeration. The period
with zero emission during the measurement before application of the mitigation strategy is due to an interruption
of LESSDRONE measurements.

381

382

Overall, the risk assessment model provided a valuable indication of emission risks and directly allowed to pro-383

pose a mitigation strategy. The fuzzy rules of the risk model provide a more accurate representation of the384

risk of emission based on DO and suggest at what DO conditions the risk is higher. CFD model on the other385

hand allowed to check for local heterogenities and it showed good mixing conditions across the bioreactor. It386

also helped assess the impact of the aeration reduction (as the proposed mitigation strategy) on the bioreactor’s387

mixing pattern. The combined results of the risk and CFD models provide a powerful tool to see when, where388

and why the risk of emission is high which cannot be done simply by looking at the DO data itself. Moreover,389
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the flow sheet model provided a great opportunity to test the mitigation strategy prior to the implementation390

and proved that the performance of the treatment process is not compromised by that. Under the new operating391

condition both the risk of N2O emission as well as the actual N2O emissions measured by LESSDRONE were392

significantly reduced.393

394

Case study: San Colombano WRRF, Italy395

Spatial and temporal data are collected with LESSDRONE in a measurement campaign carried out in April-May396

2021. The results of the point tests in various locations across the aeration tank (Figure 4a) shows a non-uniform397

DO concentration profile. While generally the DO increases across the length of the bioreactor as it is expected398

(less DO consumption at the end of the tank), some drops are visible (e.g. points 3,6, and 10) which could399

indicate non-ideal mixing patterns. The N2O emissions in the off-gas shows a general increasing trend from the400

beginning to the middle of the tank while in the second half of the tank it remains stable. The temporal dynamics401

of DO on the other hand (Figure 4b) generally shows a low DO concentration profile over time (less than 1 mg/L)402

with very high peaks (up to 8 mg/L) happening in multiple occasions. During this period, some high peaks403

are visible for the N2O emissions as well. While most of these peaks are related to the periods with very high404

DO conditions, there are some peaks (e.g. at the beginning of both periods) that occur during low DO conditions.405

406

The N2O risk assessment model was applied to the DO data collected during this period. Under conditions with407

high concentrations of DO, high DO risk is observed while for the rest of the measurement period where DO408

is consistently lower than 1 mg/L the Low DO risk is dominant. This indicates that the nitrifer denitrification409

due to low DO conditions (DO less than 1-1.5 mg/L) might be the dominant pathway (Aboobakar et al., 2013,410

Castellano-Hinojosa et al., 2018, Sun et al., 2017, Tumendelger et al., 2014, Wang et al., 2011). The N2O emis-411

sion data show sharp peaks in many instances that the risk increases, although not all periods with an elevated412

risk lead to actual N2O emissions. Figure 4c shows a zoomed version of the same measurement campaign for413

06 May 2021 where a sharp peak of N2O emission is visible. It seems that when the ammonia peak arrives,414

DO is consumed rapidly but the controller’s response is too late and when there is no ammonia left the DO415

concentration goes high and the risk transitions into high DO regime. This is due to the fact that in practice416

there is a minimum air flow rate of around 900-1000 m3/h which is supplied to the bioreactor even when there417

is no more ammonia. A sharp peak of N2O emission is also visible for this period. However, for the rest of the418

time where low DO risk is dominant not a lot of peaks can be seen for N2O emission. This can be an indication419

of having non-ideal mixing conditions in the bioreactor which motivates further application of the CFD model.420
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The low DO values can be also related to the location of the DO probe which is at the top end of the bioreactor.421

This could not be optimal due to potentially non-ideal mixing patterns thus being not the best representative422

of the DO in the tank. Moreover, a slight increase in nitrate can be seen before the N2O emission peak. The423

nitrate sensor is located in the last compartment of the anoxic zone. This increase could indicate incomplete424

denitrification happening at the end of the anoxic zone (where back flow from aeration zone occurs) that could425

contribute to N2O production which will be eventually emitted in the aeration section (Aboobakar et al., 2013,426

Kampschreur et al., 2009).427

It seems that reducing the DO set point range in the ammonia-DO cascade controller should allow to eliminate428

peaks of emission risk due to Low DO risk conditions as well as high DO risks related to overaeration after the429

ammonia peak is gone. On the other hand, overaeration after the ammonia peak leads to moving into high DO430

risk regime. However, it is still difficult to propose a clear mitigation strategy as local variations could be in431

place that impacts the observations.432

433

434

435

In order to investigate the local variations in detail, the entire bioreactor including both anoxic and aerobic436

zones was modelled using a CFD-biokinetic model. The results (Figure B.2.1) show that the DO concentrations437

of greater than 2 mg/L are visible in almost all the aerobic section. A reversed flow pattern is seen from the438

beginning of the aerobic zone back to the last two compartments of the anoxic zone. This back flow hampers the439

denitrification and increases the volume of nitrification. As a result, high DO concentration (Figure B.2.1a) is440

visible in the last two compartments of the anoxic zone, specially near the top of the bioreactor. COD is almost441

completely consumed in the anoxic zone having low concentration at the inlet. Similarly, ammonium nitrification442

starts in the last two compartments of the anoxic zone and is almost completely consumed in the aerobic section443

(Figure B.2.1b). Although nitrate is consumed in the anoxic zone, there is a higher concentration near the end444

of this section due to the back flow from the aerobic zone (Figure B.2.1c). Interestingly, at the top end of the445

bioreactor, a small area with very low concentration of DO is visible (Figure B.2.1a). This is precisely where the446

DO probe is located and could thus explain why the controller does not function optimally. The hydrodynamic447

study shows that the current operational and control strategy may lead to high DO concentrations that are448

not measured by the DO probe. This could indicate risk for N2O emission due to high DO concentrations and449

explain the discrepancy between the risk model results (indicating very frequent low DO risk) and the actual450

N2O emission data (indicating that most emissions are associated to periods of higher DO values). Another451

explanation for this could be that ammonia is not being converted when DO is low and therefore no N2O is being452
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(a)

(b)

(c)

Figure 4: Results of the measurement campaign with LESSDRONE in April-May 2021. a) The results of the
point tests at various locations across the bioreactor. N2O concentrations in the off-gas are measured in ppm
and normalized based on the maximum value observed during the whole period of the measurement campaign
b) N2O risk assessment modelling results for the whole period of the measurement campaign. c) Zoomed version
for 06 May 2021.
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produced. On the other hand, when DO increases ammonia comes down and consequently N2O goes up for a453

brief period of time until ammonia is being consumed and drops to zero. Occasional emissions during low DO454

conditions could be also related to N2O production triggered by the denitrification pathway.455

456

In order to investigate the impact of local variations on the N2O risk, a novel approach was used by integrating the457

CFD-biokinetic and N2O risk assessment models. The DO parcels obtained as the output of the CFD-biokinetic458

model are fed to the N2O risk assessment model (Porro et al., 2019). This leads to a risk score at each spatially459

distributed location across the bioreactor. This way, the zones with high N2O risk can be identified and further460

investigated for high risk operating conditions.461

462

Figure 5 shows the results of the CFD-biokinetic coupled with the N2O risk assessment model in terms of high463

DO and low DO risk conditions. High DO risks are visible across the aeration zone of the bioreactor. However,464

there are some areas with very low high DO risk near the bottom of the tank and where the DO probe is located465

at the top end of the bioreactor. High DO risk is observed also in the last two compartments of the anoxic zone466

where the back flow from the aeration zone is happening. This can explain the observed high nitrate concen-467

trations at the end of the anoxic zone which indicated the potential N2O emission related to this region. On468

the other hand, the low DO risk (Figure 5b) is not present in the aerobic zone except for a small area near the469

bottom at the beginning of the aeration zone and where the DO probe is located (low DO risk is not a factor470

in anoxic zone and therefore is not applicable to that part). It is important to note that the CFD-biokinetic471

simulation is a snapshot in time which means that at the specific time where DO is quite high across the aerobic472

tank (after the ammonia is consumed), the low DO risk is not present significantly. However, the small areas473

with low DO risk indicate that under low DO concentrations (e.g., a lot of instances observed in Figure 4b) the474

low DO risk will be dominant in the bioreactor and potantially increase the N2O emissions.475

476

477

478

The ammonia-DO cascasde controller operates with the ammonia set point of 1.5-3 mg/L. This leads to having479

low DO concentrations (as low as 0.3 mg/L) most of the time. Consequently, low DO risk regimes are dominant.480

However, in many instances, high DO peaks (as high as up to 8 mg/L) are observed, most probably due to481

having a minimum air flow supply all the time. This means that when ammonia is consumed at the end of482

the anoxic zone, the DO increases and high DO risk regimes are unavoidable. Moreover, having high DO and483

nitrate at the end of the anoxic zone due the back flow from aerobic part, might provoke N2O emissions due to484
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(a)

(b)

Figure 5: CFD-risk assessment modelling results for a) high DO risk and b) low DO risk conditions.

incomplete heterotrophic denitrification (Kampschreur et al., 2009). The non ideal mixing conditions at the end485

of the anoxic and beginning of the aerobic zones lead to having both high DO and low DO risk regimes in that486

area.487

It seems that high DO risk regimes can be prevented by increasing the DO before ammonia peaks rather than488

after the ammonia is consumed. Moreover, the minimum air flow rate to the bioreactor can be reduced to avoid489

overaeration of the system when ammonia is consumed. On the other hand, low DO conditions can be avoided490

by increeasing the minimum DO concentration in the controller (e.g. from 0.3 to 1 mg/L). This strategy was491

tested with the flow sheet model (data not shown) in which the DO was controlled to be no less than 1 mg/L.492

The simulated output was then used as the input of the N2O risk model. This showed a 50% reduction in low493

DO risk condition (percentage of time where low DO risk is greater than 50%) for a year of dynamic simulation.494

In addition, reducing the ammonia set point range in the controller can prevent low DO conditions too. This495

scenario was also tested with the flow sheet model (data not shown) by reducing the range of ammonia set point496

from 1.5-3 mg/L to 1-2.5 mg/L. The results of the simulation show no significant change to COD removal and497

an improvment for ammonia removal by 13%. The output of the flow sheet model was tested with the risk498

assessment model too. Although the results show insignificant differences, a slight decrease (by 5%) is observed499
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in Low DO risk conditions.500

501

Although there were no new measurement campagin carried out in this plant, the mitigation strategy by de-502

creasing the set point range of ammonia from 1.5-3 mg/L to 1-2.5 mg/L was tested in a previous campagin503

(in July 2020) in order to potentially limit low DO conditions. The data from this period (which had similar504

conditions in terms of COD and N load) is used for further analysis and comparison with the simulation studies.505

The results (Figure 6) show that during the measurement campaign with the mitigtaion strategy, periods with506

DO concentrations lower than 1.0 mg/L decreased from 93.8% to 78.8% of the time. Consequently, the low DO507

risk of N2O emission was reduced by 25% during the mitigation strategy. Although, small peaks of N2O emission508

were still observed during the mitigation strategy (low DO risk was still high in some instances), no period with509

high peak of N2O emission (more than 0.5 in the normalized data) was observed during the application of the510

mitigation strategy. However, the slight increase in the aeration leads to an increase of energy consumption by511

105 MWh/year (33 tCO2eq/year of indirect emission).512

513

Figure 6: Data from a measurement campagin carried out in July 2020 with the application of the mitigation
strategy and the results of the N2O risk assessment modelling for the same period for San Colombano WRRF.

514

515

In summary, the measured data and the N2O risk assessment results show significant variations in the DO516

concentrations that lead to having both low DO and high DO risk regimes frequently. Nevertheless, the low517

DO risk is dominant throughout the plant operation. However, not a lot of instances with high emission are518

observed during low DO periods. Even though the risk and the emission are not expected to correlate all the519

time, this can suggest that the emission is prevented in most cases which might be due to local variations in DO520
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profile that is not reflected in the DO probe data. The CFD-biokinetic coupled with the risk assessment model521

provided valuable insights on the mixing conditions. In particular, it showed that although the high DO risk522

is dominant when the ammonia is consumed, some regions can still provoke low DO risk conditions specially523

near the beginning of the aeration zone. In addition, the N2O emissions might be happening already in the last524

two compartments of the anoxic zone due to high DO conditions because of the back flow from aerobic zone.525

Although strategies for reducing high DO risk was not tested in practice, a mitigation strategy for avoiding low526

DO conditions was tested both with flow sheet model and in a measurement campaign. The results showed527

noticeable improvement in both risk and emission reduction.528

529

Case study: Eindhoven WRRF, The Netherlands530

A measurement campaign was carried out at the Eindhoven WRRF in September-October 2020. The results of531

the spatial mesurement through the point tests at various locations in the aeration zone (Figure 7a) of the biore-532

actor show considerable varioations in both average DO concentrations and N2O concentrations in the off-gas.533

Generally, DO and N2O concentrations increase moving from the beginning towards the end of the aeration zone.534

It seems that high DO concentrations are providing more favorable conditions for N2O emissions here. This can535

be related to the increase in ammonium oxidation towards the end of the tank with higher DO concentrations536

(due to higher nitrification rate). The dynamic data collected through the stationary tests (with fixed location of537

the LESSDRONE in the center of the aeration zone between points 4,5, and 6) appear to have high fluctuations538

of DO concentration over time (Figure 7b). However, N2O emission is generally low and only occasional peaks539

are visible in the data. The N2O risk assessment modelling framework was applied to the collected data from540

Eindhoven. It can be seen (Figure 7b) that under normal operating conditions of the plant both high DO risk541

and low DO risk are present without one being the predominant one for the entire period of testing. Most of542

the time the DO concentration is either too high or too low so that the risk of N2O emission remains high in a543

lot of instances. These results indicate a need to assess the N2O production in more detail by considering the544

local variations, the specific nitrification rates which can be linked to ammonia concentrations, and the location545

of the DO probe that might impact the measurements.546

547

548

549

The CFD-biokinetic model of Eindhoven bioreactor showed high variations in the DO concentration profile across550

the bioreactor (Figure C.2.1). Therfore, the integrated CFD-risk assessment model was also applied to this case.551
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(a)

(b)

Figure 7: N2O risk assessment modelling results for the Eindhoven WRRF under normal operating conditions.
(a) The results of the point tests at various locations across the bioreactor. N2O concentrations in the off-gas
are measured in ppm and normalized based on the maximum value observed during the whole period of the
measurement campaign (b) N2O risk assessment modelling results.

The winter package and the beginning of the summer package mostly show high risk due to low DO concen-552

trations (Figure 8a), and the risk decreases in the direction of flow with the lowest risk near the end of the553

bioreactor (end of summer package). This supports data from previous N2O measurement campaigns where554

higher emissions at the beginning of the aeration zone were seen. The low DO risk factor does not exist in the555

parts of the bioreactor where there are no diffusers (and they act almost like an anoxic zone) because the lower556

the DO concentration is for the denitrification, the better it is for avoiding N2O productions. The high DO557

risk in the aerobic zone (Figure 8b), is mostly restricted to one larger area at the end of the reactor (middle558

to end of the summer package). This can be compared to the period in Figure 7b where the DO concentration559

is high (more than 2 mg/L) and a peak of N2O was observed after the ammonia peak in high DO risk regime560

(based on LESSDRONE measurements collected in the middle of the aeration summer package). The integrated561

CFD-risk model confirms the possibility of N2O being produced simultaneously from low DO, and from high DO562
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concentrations (so from both AOB pathways) in different parts of the bioreactor. Ribeiro et al. (2017) observed563

the same pattern where highly dynamic DO conditions triggers both incomplete hydoxylamine oxidation and564

AOB denitrification during the nitrification process. This means that lowering DO to mitigate High DO risk565

can exacerbate the Low DO risk in the other part of the bioreactor. The high DO risk shows high values in the566

anoxic zones of the bioreactor. This can be explained by the average DO concentrations in those regions which567

is not significantly low (0.67 mg/L). However, it is important to keep in mind that high risk does not equate568

to high N2O emissions 100 percent of the time and that the CFD simulations shown below are an instantaneous569

snapshot in time. At this specific time step/snapshot, it was observed that the nitrate concentrations in the570

anoxic zones were low, which means that there is not a lot of N2O to be produced due to incomplete heterotrophic571

denitrification from high DO conditions (Ahn et al., 2010, Kampschreur et al., 2009).572

As a result, when mitigating N2O by reducing low DO risk for Eindhoven WRRF, the DO setpoints need to be573

picked carefully so high DO concentrations do not dominate and then risk starts to increase from high DO. This574

advanced modelling approach led to a better understanding of how hydrodynamics can potentially impact N2O575

production/mitigation and predictions of N2O risk.576

577

(a) (b)

Figure 8: CFD-biokinetic integrated with risk assessment model for Eindhoven WRRF. a): Low DO risk b):
High DO risk. Low DO risk factor does not exist in the anoxic zones (gray area in figure a)

578

579

As a potential mitigation strategy, reduction of the DO control range was proposed. This means the maximum580

DO setpoint needs to be decreased and the minimum DO setpoint needs to be increased. Therefore, the maximum581

and minimum DO setpoints were changed to 3 mg/L (from 5 mg/L) and 1 mg/L (from 0.5 mg/L) respectively.582

This new scenario is first tested with the calibrated and validated flow sheet model of the plant to see the impact583

of DO setpoint change on the performance of the treatment process. The simulated DO concentrations by the584
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flow sheet model for the proposed mitigation strategy was then used as the input of the N2O risk assessment585

model to investigate high DO and low DO risk conditions under new DO profile. The results (Figure C.1.4)586

show the output of the models for DO concentrations, effluent ammonia and N2O risk scores comparing the587

base case scenario with normal operating condition and a new scenario with the application of the mitigation588

strategy. Although on some occasions the ammonia concentration in the effluent is higher than the base case589

scenario, overall the performance of the treatment is not significantly compromised (average ammonia removal590

dropped from 94.2% to 93.5%) which suggests that the potential mitigation strategy could be implemented while591

maintaining acceptable removal efficiency. Moreover, the new controller settings was able to reduce the risk of592

N2O emission. The percentage of time for high DO and low DO risks of greater than 50% were reduced by 5%593

(from 16% to 11%) and 12% (from 43% to 31%) respectively. In addition, the new control settings led to about594

5% reduction in aeration energy consumption.595

596

Figure 9 shows the result of the risk model based on the data collected with LESSDRONE during a measurement597

campaign in which the proposed mitigation strategy has been applied. The test started under normal operating598

condition of the plant and after one day the mitigation strategy was applied. Then the setpoints were set back599

to the previous values under normal operation for another day and after that the mitigation strategy was once600

again tested. It can be seen that in both cases where the mitigation strategy is applied the risk of N2O emission601

due to both high DO and low DO conditions are significantly reduced. The percentage of time for high DO and602

low DO risks of greater than 50% during the implementation of the new control strategy were in fact reduced by603

12% (from 22% to 10%) and 14% (from 40% to 26%) respectively. In addition, the actual energy consumption604

for the aeration is reduced by 3600 MWh/year (2991 tCO2eq/year of indirect emissions). However, during the605

first period of applying the mitigation strategy, there is still a peak of N2O emission visible. Looking at the606

data of the ammonia and nitrate and comparing them to the second period in which the mitigation strategy was607

applied, it is difficult to formulate a hypothesis on what exactly is the cause of this N2O peak. It is important to608

mention that this period of testing was heavily influenced by rain events. The presence of rain event may have609

made the controller work sub-optimally. Nonetheless, looking at the actual N2O emission data, the percentage610

of time during which N2O emission is observed was reduced from 22.8% for normal operating condition period611

to 4.5% during the period of mitigation strategy. This shows that a reduction in the risk scores for both low612

DO and high DO conditions contributes to having lower N2O emissions in general with the application of the613

proposed mitigation strategy.614

615

616
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Figure 9: N2O risk assessment modelling results for the Eindhoven WRRF with the application of the proposed
mitigation strategy. The mitigation strategy was applied once beween 2020-10-01 and 2020-10-02 and then again
between 2020-10-03 and 2020-10-05. The period between them (not shown in the graph) was operated with the
original DO set point range.

617

In this case, the risk assessment model showed that both high DO and low DO risk conditions are happening618

frequently and in combination with the measurement data on DO and N2O emissions helped direct the study619

towards checking local variations. Only two emission peaks were observed during the high DO risk conditions but620

the risk model suggests that both incomplete hydroxylamine oxidation and AOB denitrification pathways can be621

triggered by high fluctuations in the DO concentrations. The integrated CFD-risk assessment model provided622

insights on the impact of DO gradients on the local N2O emission risk and how application of a certain mitigation623

strategy (e.g. reducing the DO set point in the aeration control) could potentially have negative impact on other624

regions inside the bioreactor. The validated flow sheet model allowed testing the proposed mitigation before625

the implementation and showed that the performance of the treatment process is not compromised by that. In626

addition, it provided valuable input on how the mitigation strategy potentially reduce the risk of N2O emissions627

due to either high DO or low DO regimes.628

629

LESSWATT protocol630

Based on the step-wise analysis of the different case studies and the subsequent insights that were obtained, a631

protocol is proposed for a structured exploration and diagnosis of operational and control strategies leading to632

unwanted N2O emissions. The main objective of the LESSWATT protocol is to target CF reduction of WRRFs633

by minimising N2O emissions and energy expenditure.634

Figure 10 shows the scheme of the LESSWATT protocol with the corresponding data requirements for each step.635
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After defining the specific objective of the project, boundaries of the modelling study need to be selected (step636

0). In some cases, only a part of the treatment line might have to be considered. For instance, assessing only637

the aeration zone might be sufficient when the N2O emission is dominant in this section.638

In the first step (1a), an N2O risk assessment modelling framework (Porro et al., 2014) is used to assess whether639

certain operating conditions create an elevated risk of N2O. Initially, the risk model is applied to historical data640

(using available sensor data at the plant or by conducting a measurement campaign to collect high frequency641

data) to evaluate current operational strategies. Alternatively, a more detailed analysis of the system’s emission642

risks is achieved by coupling the N2O risk model to a flow sheet model (step 1b). A calibrated and validated643

flow sheet biokinetic model of the biological treatment line is developed based on the historical data following644

the general GMP protocol (Rieger et al., 2012). Note that a flow sheet model is not strictly necessary to apply645

the N2O risk assessment and define potential mitigation strategies. However, the use of a flow sheet model has646

the distinct advantage that more data on additional operational scenarios can be provided to the N2O risk model647

and more importantnly it allows virtual testing of possible mitigation strategies.648

649

It might be already possible at this stage to propose a mitigation strategy if the N2O emission patterns can be650

explained by high-risk operating conditions detected by the model (going directly to step 4). This can happen651

for example where the bioreactor is completely and well mixed. So, both the DO and N2O measurements reliably652

represent the local concentration profiles inside the bioreactor. However, as was shown by the case studies of San653

Colombano and Eindhoven plants, this is not always the case. It can happen that the model detects a low-risk654

condition based on DO measurements but the N2O data shows high emissions in the same operating condition.655

In these situations where some difficult-to-explain discrepancies are present, it is important to look at the hydro-656

dynamics and mixing patterns inside the bioreactor using a CFD-biokinetic model (Rehman, 2016). The results657

of this step show whether the bioreactor is not completely mixed and if there are some dead zones affecting the658

presence of air in those regions. In case of having very high local variations inside the bioreactor, two important659

additional steps can be followed. The flow sheet biokinetic model of the plant which is conventionally developed660

with a tank-in-series (TIS) approach can be updated to a compartmental model (CM) based on the results of661

CFD-biokinetic model leading to a more accurate description of hydrodynamics in the flow sheet model (step 3a).662

The second additional step is to use the concentration profiles calculated by the CFD-biokinetic model (instead663

of the measured data) as the input for the N2O risk model (step 3b). This integrated CFD-biokinetic-N2O664

risk model (Porro et al., 2019) calculates the risk scores for N2O emission spatially across the bioreactor. As665

a result, the effect of mixing patterns and local conditions on the risk of emission are identified which will be666

highly valuable for proposing more complex mitigation strategies. Moreover, these hydrodynamic studies lead667
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to understanding the impact of sensor location in not-completely mixed tanks and how this can be optimised to668

have a better representation of the dominant reactor conditions.669

Combining the results of the risk assessment model (fed by different experimental and simulated data sources)670

with expert knowledge, one or more potential mitigation strategies are defined for reducing the N2O emissions and671

energy expenditure of the plant (step 4). Before applying the proposed mitigation strategies on the full-scale plant672

(which might entail some risks of sub-optimal performance), they are evaluated by the use of calibrated/validated673

flow sheet model and/or the CFD-biokinetic model to see the impact of the proposed actions on the performance674

of the treatment process (step 5). This ensures the ability to implement some mitigation strategies without675

compromising the treatment efficiency and still being able to meet the effluent quality regulations. Finally, the676

chosen strategy is applied in practice and if desired, a new measurement campaign can be performed to confirm677

N2O emission reduction with the new operational setting (step 6).678

679

There have been many studies on the monitoring of N2O emissions from WRRFs and potential mitigation680

strategies that can be applied to tackle that (Vasilaki et al., 2019). These studies focus on testing differnte681

operational conditions either by implementing them in practice (Mampaey et al., 2016) or by simulating them682

with the mechanistic models of N2O emissions (Kampschreur et al., 2009, Ni et al., 2015, Rodriguez-Caballero683

et al., 2015). Nevertheless, there is no widely-accepted guideline on definition of mitigation strategies that can684

be applied in full-scale systems and how they impact on the performance of the treatment process (Vasilaki685

et al., 2019). In addition, the mechanistic models only focus on prediction of N2O and do not provide much686

insights on why the emission happens under certain operating conditions. The use of the risk assessment model687

in the LESSWATT protocol provides a powerful tool on investigating why certain operating conditions of the688

plants leads to high risk of N2O emissions. The knowledge base of the risk include all potential factors that689

impact various pathways of the N2O emissions. Even though in this study only DO data were used for the risk690

predictions, it is still an appropriate factor to look at since DO is one of the most important factors on the691

emissions through both denitrification and nitrification processes and most of the studies in the literature have692

focused on aeration control strategies and DO concentrations as a mitigation strategy (Vasilaki et al., 2019). Of693

course, in the presence of data for other risk factors (e.g. nitrite) the risk model can be adapted according to694

accomodate for that. Moreover, despite the presence of some studies on the spatial variations of the N2O emission695

in the bioreactors (Ahn et al., 2010, Ni et al., 2015, Pan et al., 2016), they only focus on point measuremnts696

at the surface of the bioreactors at different locations. The hydrodynamic studies proposed by the LESSWATT697

protocol takes advantage of the power of CFD simulations in order to investigate the spatial variations of the risk698

of N2O emissions across all directions within the bioreactors. The combination of the risk assessment model with699
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the hydrodynamic studies of the bioreactors provides a valuable way of understanding why and when operating700

conditions at WRRFs will allow high risk of N2O emissions.701

Figure 10: LESSWATT model-based protocol scheme for optimisation of WRRFs targeting CF reduction.

702

703

Conclusions704

The current study presents a comprehensive approach for optimisation of water resource recovery facilities (WR-705

RFs) focusing on carbon footprint (CF) reduction. Extensive experimental and modelling studies on N2O706

emission were performed for three WRRFs with different operating conditions, configurations and geographical707

locations. These analysis led to the development of an innovative model-based protocol to assist WRRFs in the708

assessment and mitigation of N2O emissions. The protocol takes advantage of advanced mathematical modelling709
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tools to analyse the risk of N2O emissions in WRRFs and to propose mitigation strategies for tackling CF min-710

imisation of WRRFs.711

712

After objective definition and performing a mass balance over the biological treatment line, the LESSWATT713

protocol proceeds with the application of a knowledge-based fuzzy N2O risk assessment framework to identify714

operating conditions under which the risk of direct N2O emission is high. The risk model can be performed on715

historical data as well as on simulated flow sheet data. The latter allows for more extensive scenario testing. A716

mitigation strategy could be potentially proposed at this point. However, in many situations incomplete mixing717

patterns inside the bioreactors leads to difficult-to-explain discrepancies. CFD-biokinetic integrated modelling718

(potentially coupled with the N2O risk assessment model) can provide invaluable insights on the local variations719

and the effect of sensor location on the collected data. The proposed mitigation strategy/ies can be virtually720

tested with a developed flow sheet kinetic model and if applicable also with a CFD-biokinetic model to investigate721

the expected impact of the mitigation strategy on the performance of the treatment process.722

The results showed that the use of advanced modelling paradigms proposed by the LESSWATT protocol can723

help operators and utilities to not only mitigate the direct and indirect GHGs emissions of their plant but also724

reduce their energy expenditure (and consequently cost) by optimising the performance of their process.725

726

The application of the proposed protocol for three case studies showed that a better understanding of high-risk727

operating conditions allows to define improved aeration controls leading to around 10% reduction in indirect728

emission (mainly due to reduction in the aeration energy consumption in WRRFs with over-aeration) and up729

to 50% reduction in direct emissions (mainly due to reduction in the N2O emission) of a WRRF on a yearly basis.730
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Appendix A Case study: San Miniato WRRF, Italy919

A.1 Flow sheet model920

A mass balance over the biological section of the treatment plant was built and the flow rates and wastewater921

compositions of the influent to the bioreactor as well as those of the internal and external recycles were obtained.922

The historical data of the plant were used to calibrate and validate a modified-ASM1 flow sheet model of the923

biological treatment line. The plant was modelled using the conventional TIS approach. Overall, the flowsheet924

model shows a good agreement to the experimental data (Figure A.1.1). The model was calibrated based on925

the historical data of the plant. Respirometric experiments were carried out in the lab to properly calibrate the926

kinetic and stoichiometric parameters for heterotrophic and autotrophic biomass.927

928
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Figure A.1.1: Effluent prediction of the calibrated and validated flow sheet model for Cuoiodepur WRRF com-
pared to the daily grab sample data (2-4 measurements per week). MRE: Median Relative Error. Note: high
concentrations of COD and TSS in the effluent are originated from the industrial flow coming to the plant. The
effluent goes through the tertiary treatment processes before discharging.

929

930

Figure A.1.2: TSS and VSS predictions of the calibrated and validated flow sheet model for Cuoiodepur WRRF.
MRE: Median Relative Error.
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931

932

Figure A.1.3: Testing the proposed mitigation strategy using the flow sheet model of Cuoiodepur WRRF and
risk assessment model with simulated data, Solid lines: Reference scenario, Dashed lines: mitigation strategy.
The DO concentration is the average DO values in three compartments of the aerobic reactor. The higher DO
values in the output of the model compared to the DO probe measurement (generally around 2 mg/L based on
the controller setpoint) is related to the impact of higher concentrations in the other parts of the tank.
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A.2 CFD-biokinetic model935

Figure A.2.1: CFD results of Cuoiodepur WRRF aeration tank for Scenario 1 (Scen 1): Low influent, Scenario
2 (Scen 2): Medium influent, Scenario 3 (Scen 3): High influent flow rates.
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Appendix B Case study: San Colombano WRRF, Italy938

B.1 Flow sheet model939

After performing the mass balance of the biological line, all flows and compositions are obtained for the influent940

to the bioreactor and for all recycle flows. Also in this case, a TIS approach has been considered for constructing941

the flow sheet model. A modified-ASM3 model has been calibrated and validated based on the historical data942

of the plant resulting in a good fit between the model output and the measured data (Figure B.1.1) The choice943

of the ASM version here was based on previous modelling studies that had been done on the plant prior to the944

start of this study.945

946

Figure B.1.1: Effluent parameters and Oxidation tank TSS predicted by the calibrated and validated flow sheet
model of San Colombano WRRF compared to monthly grab samples. MRE: Median Relative Error.
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948

B.2 CFD-biokinetic model949

(a)

(b)

(c)

Figure B.2.1: CFD-biokinetic results of San Colombano WRRF bioreactor for a) DO, b) Ammonia and c) Nitrate
concentration profiles.
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Appendix C Case study: Eindhoven WRRF, The Netherlands952

C.1 Flow sheet compartmental model953

A mass balance on the whole biological treatment line leads to obtaining all required flow rates and wastewater954

compositions in important parts of the treatment plant like recycle ratios and influent going into the bioreactor.955

A flow sheet model of the Eindhoven plant has already been developed during past modelling studies. This model956

is based on ASM2d to describe biological phosphorus removal and was first designed with the TIS approach,957

calibrated and validated based on the historical data of the plant providing relatively good fit to the experimental958

data (De-Mulder, 2019). Extensive CFD-biokinetic modelling studies have also been carried out for this plant959

with the aim of understanding mixing patterns inside the aerobic bioreactor (Rehman, 2016). The outcome960

of the CFD-biokinetic studies (Figure C.2.1) showed that the circular bioreactor is not completely mixed and961

there are quite a lot of variations in local DO concentrations. This led to an important update of the flow sheet962

model by upgrading it to a compartmental model (CM) (De-Mulder, 2019). The whole aerobic bioreactor that963

was previously modelled as 4 tanks in series is now modelled having various compartments connected to each964

other through exchange flow rates. Overall, introducing the CM improved the prediction power of the model965

especially for nitrate prediction which was a weak point of the TIS model (Figure C.1.1-C.1.3). Predictions of966

DO concentration and air flow rates in the aerobic tank are also significantly improved.967

968

Figure C.1.1: TSS concentration in the aeration tank of Eindhoven WRRF predicted by the calibrated and
validated flow sheet compartmental model. AMRE: Average Median Relative Error (over 3 treatment lanes).
TIS: tanks-in-series model, CM AR: compartmental model of the aeration tank.
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Figure C.1.2: Ammonia concentration in the effluent of Eindhoven WRRF predicted by the calibrated and
validated flow sheet compartmental model. AMRE: Average Median Relative Error (over 3 treatment lanes).
TIS: tanks-in-series model, CM AR: compartmental model of the aeration tank.

971

972

Figure C.1.3: Nitrate concentration in the anoxic tank of Eindhoven WRRF predicted by the calibrated and
validated flow sheet compartmental model. AMRE: Average Median Relative Error (over 3 treatment lanes).
TIS: tanks-in-series model, CM AR: compartmental model of the aeration tank.
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Figure C.1.4: Testing the proposed mitigation strategy using the flow sheet model of Eindhoven WRRF and risk
assessment model with simulated data, Solid lines: Reference scenario, Dashed lines: mitigation strategy.
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C.2 CFD-biokinetic model977

(a)

(b)

(c)

Figure C.2.1: CFD-biokinetic results of Eindhoven WRRF bioreactor for a)DO, b)Ammonia and c) Nitrate
concentration profiles.
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