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AGENDA  
• N2O NL timeline 
• Knowledge-based AI and machine learning approach 

for reducing N2O emissions from WWTPs  
• Case Studies showing N2O reduction journey  
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Aarle-Rixtel RWZI (2010) 

Multiple hoods measuring 
at the same time



Online N2O Gas and Liquid Analysis

Unisense
Microsensors
(liquid)

Off-gas N2O analyzer 
(for online gas and liquid)

Gas stripping 
column for 
measuring liquid

SEIFC Flux Chamber 
(for online gas – not visible)

EINDHOVEN WWTP
Eindhoven RWZI, 2014 



KNOWLEDGE OF N2O PATHWAYS AND INFLUENCING (RISK) FACTORS 



KNOWLEDGE OF N2O PATHWAYS AND INFLUENCING (RISK) FACTORS 



AI / MACHINE LEARNING (ML) APPROACH 
FOR MITIGATING WRRF N2O EMISSIONS 

Can be integrated with:
• Process models
• CFD/biokinetic models 
• Digital Twins
• Advanced Control solutions

(Porro et al., 2014) 



The N2ORisk DSS is the first comprehensive platform to:

1) Account for;   2) Assess;   3) Mitigate; and   4) Monitor

wastewater N2O process emissions 





Accounting of N2O emissions, screening/prioritizing sites 



The Emission Factor Problem 

Range from 0.001% - 12% of incoming TN load

Vasilaki et al. (2019) 

Non-BNR

BNR

Courtesy of Jacobs 



The Emission Factor Problem 



Using available plant data for accounting of N2O process emissions 
MWRD Chicago, USA 



Tank Pass 1 Predicted N2O Risk and Emissions 



Tank Pass 2 Predicted N2O Risk and Emissions 



Tank Pass 3 Predicted N2O Risk and Emissions 



Tank 5 N2O Emissions Estimate Summary 

PASS 1 Emissions 
(MT CO2e/yr)

PASS 2 Emissions 
(MT CO2e/yr)

PASS 3 Emissions 
(MT CO2e/yr)

TOTAL
Pass 1 – 3 

Emissions (tons 
of CO2e/yr) 

56 175 71 302

• Assuming same in all Tanks, total WRRF N2O emissions = 1,812 MT CO2e/yr
• IPCC emission factor-based total WRRF N2O emissions = 8,943 MT CO2e/yr



Measuring and mitigating N2O 



FLOATING HOOD METHOD 



LIQUID-PHASE N2O MEASUREMENTS 

Courtesy of Unisense Environment 

Courtesy of Welsh Water 



Getting more from your measurements with ML 

Reference location 
(typical) 

Spot check location 
(typical)

If any of the spot check 
locations have 
significantly different N2O 
conc. than the reference 
location, then a ML model 
can be trained so that 
N2O emissions can be 
predicted in the spot 
check locations with the 
plant data and N2O from 
the reference location

ML models trained with 
Lane 2 data can be used 
to account for operating 
conditions in Lanes 1, 3, 
and 4 and predict N2O in 
Lanes 1, 3, and 4

L1 L2 L3 L4

Zone 1

Zone 2



Getting more out of your measurements and monitoring N2O in other lanes w/ ML 

Lane 1

Lane 2



How long to measure 

Training model with one month of measurements 



How long to measure 

Testing trained ML model with historical N2O measurement data 



How long to measure 

Zooming into roughly one-month in July/August 2020 to test trained 
January 2021 ML model with historical N2O measurement data 

Confirms we can use historical data for baselining purposes and do not need to measure for a full 
year to understand season/operational variability and accurately estimate N2O emissions



Waterboard Aa en Maas (NL) 
Case Study 



Land van Cuijk RWZI Knowledge-based AI/ML Insights 



Reducing N2O with Knowledge-based AI/ML Insights 



Reducing N2O with Knowledge-based AI/ML Insights 



Dŵr Cymru Welsh Water (DCWW) 
Case Study 



Cog Moors WwTW - Lane 3 Zone 2
Before 

After



Cog Moors WwTW - Lane 3 Zone 2

Before 

After



Cog Moors Lane 3 Zone 2 Measured N2O Emissions 

● Based upon measured N2O concentrations in the wastewater 

● Based on actual air flow 

● Calculated N2O emissions reduction: 189 tons of CO2e/yr

● Calculated N2O emissions percent reduction: 82%

231 tons CO2e/year

Before (May 5 – May 25) 

42 tons CO2e/year

After (May 25 – June 10) 



Measuring and mitigating N2O emissions 
• Select measurement method that best meets your objectives
• Use process and N2O knowledge to select monitoring locations and 

check spatial variability 
• Get more out of your measurements with ML
• Revisit historical data with ML model trained with your data 
• Measure before and after implementing to confirm reductions 



Monitoring process and N2O after reducing  



Training data 

Sensor calibration 

ML model was fairly accurate for almost five months after 
initially being trained with N2O measurements 

Testing of ML model based on first month of measurements against measured N2O 
for several months after at site in NL (courtesy of Waterschap De Dommel) 



Monitoring N2O emissions after reducing  
• Trained ML model can be used in lieu of continuous monitoring if 

continuously monitoring is not feasible 
• Need to periodically check ML model accuracy with more 

measurements (ie. winter and summer)
• ML model can be replaced with a model from the N2ORisk DSS ML 

model library when process conditions transition to those of a better 
matched model 



Integrating N2ORisk DSS with other tools 



INTEGRATING AI/ML WITH MECHANISTIC MODELS 

Process/mechanistic models can 
be used to see N2O impacts of 
different operational scenarios and 
to test N2ORisk DSS 
recommendations 

Normal ASM state variables (DO, ammonia, nitrate, MLSS) can be used as inputs for ML N2O 
predictions.  N2O mechanistic model description and variables are not needed. 



INTEGRATING AI/ML WITH CFD/BIOKINETIC MODELS 

N2O risk and predicted N2O liquid phase conc. 
can be generated in 2D and 3D to see localized, 
mixing effects if mixing issues suspected, and if 
there is no way to verify with measurements.   

Tells us why there is higher 
risk in certain pockets and 
what we can do to reduce 
them.

Using ASM1 state variables 
from biokinetic model for ML 
predictions of N2O tends to 
be more accurate than using 
mechanistic N2O models 
(Li et al., 2022) 

Knowledge-based risk

Machine learning 
Porro et al., 2019

Lesswatt Project, 2022

https://pubs.acs.org/action/showCitFormats?doi=10.1021/acs.est.1c05020&ref=pdf


Integrating N20Risk DSS with other tools 
• Digital twins 

• Advanced control solutions 



N2O Reduction Journey 
• Journey can start now!
• AI/ML can take you through this journey 



www.cobaltwater-global.com

jose.porro@cobaltwater-global.com


