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Outline

• Potential Applications Examples

• Case Studies
• Odor Control in the Tunnels and Réservoirs 

• Odor and Corrosion Control at the Water Reclamation Plant 

• Nitrous Oxide Emissions Mitigation 

• Implementation Barriers

• Case for Open Source Algorithms



AI and Machine Learning Applications for 
Wastewater and Stormwater Utilities

• Treatment Process Optimization: Real-time control, digital twins, predictive energy optimization

• Asset Management: Predictive maintenance, failure modeling, condition assessment

• Water Quality & Compliance: Anomaly detection, sensor calibration, event prediction

• Resource Recovery: Biogas optimization, nutrient recovery, carbon footprint modeling

• Stormwater Management: Rainfall–runoff forecasting, CSO prediction, adaptive control

• Customer & Operations: Chatbots, billing analytics, cybersecurity monitoring

• Planning & Resilience: Climate scenario modeling, GIS integration, risk assessment

• Data & Integration: Data fusion, automated QA/QC, decision dashboards
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MWRDGC’s Tunnels and 
Reservoir Plan - TARP

Thornton Composite Reservoir (TCR)

Not many reservoirs in the world exist at this scale:
Volume = 7.9 Billion Gallons   Area = 90 Acres   Depth = 300 feet

Completed in 2015, the TCR provides flood protection by reducing 
combined sewer overflows (CSO’s) and water quality benefits to more 

than 500,000 people in 14 communities in the Calumet Service area 
in the Southern Chicago region.

Background



Conclusions and Lessons Learned

Concrete example of artificial intelligence and machine learning—
based on sensor and operational data—solving an important 
water resource recovery industry problem.

multifarious, 
incomplete, noisy data

quality assurance / 
quality control

machine learning 
training

data-driven insight + 
expert knowledge

deployment

We have developed the next stage of odor control measures at TCR, resulting in improved 
data sensor technology, better data handling, and deployment of a trained odor prediction 
algorithm to improve the lives of the surrounding community. 



















Implementation Barriers 
• Integration with Operations Systems

• Effective AI/ML deployment requires real-time control integration through SCADA 
systems.

• Major barrier: Utilities are reluctant to allow external system access due to 
cybersecurity concerns.

• Business Model Constraints
• Current models are structured as $ per ton CO₂e reduction, leading to potential 

multi-million-dollar annual royalties for vendors.

• Challenge: GHG reduction remains a voluntary goal, not a regulatory requirement, 
limiting financial justification for utilities.
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▪ Advanced odor warning system.
▪ Three-days advanced warning
▪ At least 60 percent accuracy
▪ Less than 25 percent false 

positives

▪ Insight into the sources of and 
factors that influence odor events.

▪ Ongoing odor monitoring plan.

▪ Odor remediation strategies.

Project Goals



Data and QA/QC

Data Type

Frequency of 
Data Collection

15 Minutes Daily / Hourly Daily Varies Daily

QA/QC Duplicates 
removed; 
locations 

corrected; out-of-
range values 

removed

Confirmed units Checked for out-
of-range values; 

met with 
MWRDGC staff to 

understand 
historical 
operation

Location checked 
for proximity to 
TCR; plotted to 

understand 
reporting patterns

Word documents 
converted to 

spreadsheet; spot 
checking to 

confirm accuracy

Pre-processing 
Effort

Moderate Minimal Moderate Minimal Substantial

Role in Algorithm Attributes Attributes Attributes Targets / Labels Not Used

H2S Sensors NOAA Weather TCR Operations Odor Complaints Odor Patrol Logs



Algorithm Development

Supervised Learning: 
We used labeled historical 
data to train a model to make 
predictions in the future.

Random Forest Classifier & 
Regressor:
We developed  37 different 
Random Forest algorithms 
(with random over sampling 
and without) using several 
subsets of data.

Other techniques such as time-
series and support vector 
machine algorithms were also 
considered and evaluated.

Training Data: 2016 to present (with missing data)



Algorithm Evaluation and Results

Most Important Attributes:
▪ Wet Well Drop Shaft
▪ Relative Humidity
▪ Wind Speed
▪ Wind Direction
▪ Dry Bulb Temperature
▪ TCR Elevation

Receiver Operator Characteristic (ROC) Curves

Combining H2S sensor (only 3 locations), NOAA weather, and TCR 
Operations Data resulted in good prediction performance.

Selected Algorithm:
Random Forest Classifier with 
Random Oversampling

Attributes: Drop shaft Odalog data 
+ TCR operations + NOAA weather

Area Under Curve: 0.796

Max Accuracy:
> 70% True Positives
< 25% False Positives



▪ MWRDGC ruled that chemical treatment is 
too costly with unpredictable results due 
to challenges of scale and complex 
operation, instead will install an activated 
carbon filter at the wet well drop shaft.

▪ Results suggest drop shafts as a source of 
H2S, with wet well drop shaft being a 
strong feature.

▪ Drop shaft H2S monitoring is more 
manageable and cost-effective than 
monitoring at TCR corner locations.

▪ For TCR corners associated with odor, 
MWRDGC is researching planting of trees 
to alter dispersion patterns.

Communication and Use

Algorithm will be used to evaluate odor 
mitigation strategies



Data Collection Improvement Plan

▪ Manual downloading of Odalog sensor 

data is cumbersome. 

▪ Piloting sensor technology with wireless 

telemetry.

▪ Continue to collect TCR operations data 

and NOAA weather data.

Communication and Use

Deployment Beyond TCR

▪ Odor prediction approach and data 

management improvement plans directly 

generalize beyond TCR.

▪ MWRDGC itself plans to implement this and 

similar approaches at other reservoirs 

connected with the tunnel system.

▪ Machine learning approach can be 

implemented by other utilities with similar 

tunnels and reservoirs for CSO control.
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