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5% annual emission contribution

When Clean Water Is Not So Clean
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Over-Mixing and Aeration for Shocks
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Over-Mixing and Aeration for Shocks
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Wastewater Process Models
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Hybrid Model Architectures
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Activated Sludge Models
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(Henze et al. 2006) (Hiatt and Grady 2008)
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UConn Wastewater Treatment Plant
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UConn Wastewater Treatment Plant
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Abstracting BNR Unit with CSTRs
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Entire Story
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Precise control of wastewater treatment plants (WWTP) is crucial to mitigate emissions

Wastewater process modeling is important to better capture the dynamic response

Mechanistic models have limited knowledge and tedious calibration, Data-driven models 

lack interpretability → Hybrid Models

Making a hybrid model integration workflow as data is being collected from UConn plant

Data generation → Hybrid Model Training → Economic NMPC (eNMPC)
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Two Peak Diurnal Influent Metrics
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Data Generation Setup
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Hybrid Model Approach
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Training Settings and Model Architecture
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• Adam Optimizer• Learning rate = 0.001

• Hidden Size LSTM= 256

• Number of LSTM Layers= 1

• Hidden Size FC1= 128

• Hidden Size FC2= 64

• Hidden Size FC2= 32

Training Validation Testing

LSTM FC1 FC2 FC3

128

64

32256



Hybrid Model Prediction Results
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Mean Squared Error of Mechanistic = 49.54 

Mean Squared Error of Hybrid = 0.18 



Hybrid Model Performance under Influent Shocks
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Hybrid Model Performance under Influent Shocks
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Economic Model Predictive Control
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EMPC Controller Setup
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EMPC Controller Setup
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(Doncevic et al. 2020) (Schweidtmann and Mitsos 2019)
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Effluent Nitrous 
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Influent 
quality
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𝑢1 𝑢2

Optimizer

Hybrid Model

min
Δ𝐮 

෍

𝑘=1

𝑃

𝑆𝑁2𝑂
(𝑘)

 

𝑠. 𝑡. 𝑆𝑁2𝑂
(𝑘+1)

= Hybrid(𝒚𝑘 , 𝒚𝑘−1, 𝒚𝑘−2, … , 𝒚𝑘−𝑁𝑦+1, 𝐮𝑘 , 𝐮𝑘−1, … , 𝐮𝑘−𝑁𝑢+1)

𝑆𝑁2𝑂
(𝑘)

: Predicted effluent Nitrous Oxide concentration (quality)

𝒚: Influent and in situ concentrations (quality)

𝐮 = [𝑢1, 𝑢2]: Control variables

(Wilhelm and Stuber 2022)



Control Variable Surrogates
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𝑢2: Operational Capacity𝑢1:Immersion Depth



Conclusion

• Wastewater treatment plants (WWTPs) directly and indirectly contribute to 

greenhouse gas emissions – especially nitrous oxide 

• Over-aeration and mixing are common response to influent shocks, 

increasing both direct and indirect emissions

• Precise control of WWTPs is crucial, therefore process modeling is 

important

• Sequential hybrid modeling can improve the predication accuracy of 

mechanistic modeling significantly

• Hybrid models can further be embedded in an economic nonlinear model 

predictive control (eNMPC) framework to mitigate the emissions
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Thank you!
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