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• Treat wastewater onsite for non-potable reuse

• Enable local water recycling for applications like toilet 
flushing and irrigation

Opportunities in Water Reuse

• Water quality from these systems must be consistent and 
reliable to ensure safety

• System reliability is a known challenge

• 14% of conventional household sewage treatment systems 
in Ohio were estimated failing

•The Monitoring Imperative for Safe Reuse

Onsite Water Reuse Systems
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• Inadequately treated water can spread pathogens

• Delayed fault detection increases health risks

• Safe reuse requires consistent treatment performance

Public Health Risk

• Lab-based testing is slow, expensive, and labor-intensive

• Real-time monitoring unavailable for small-scale systems

• Frequent sampling is hard to sustain in low-resource 
settings

Monitoring Challenges

• Cost-effective, real-time monitoring options

• Scalable tools for decentralized and off-grid applications

•Need for Solutions

Why Monitoring Matters in Decentralized Systems



5

• Estimate key water quality parameters using ML algorithms

• Use real-time data from in-line sensors (e.g., pH, EC, turbidity)

• Proven effective in centralized treatment plants

• Rarely applied in onsite or decentralized systems

Data-Driven Soft Sensors

• Limited historical data for model training

• High variability in system operation and influent quality

• Few documented case studies for OWTS applications

Challenges in Small Systems

• Develop soft sensors for COD, TSS, and E. coli

• Use 56 weeks of field data from a decentralized reuse system

•Study Objectives

Soft Sensors: A Real-Time Monitoring Solution
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• Real-time monitoring with in-line sensors:

• pH, EC, turbidity, temperature

• Ion-selective electrodes, etc.

Data

• Traditional statistical models:

• Linear, logarithmic, polynomial

• Machine learning models:

• Decision trees, neural networks, etc.

Data Processing

• Real-time probes data  Trained model  Real-
time estimate of hard-to-measure parameters

•Soft Sensor

What is a Soft Sensor?
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• Data-driven: no fixed equations or manual rules

• Trained on historical input-output relationships

• Predicts complex outcomes in real time

• Effective even with noisy or nonlinear data

Core concepts

• Algorithms used:

• Partial Least Squares Regression (PLS)

• Support Vector Regression (SVR)

• Cubist Regression (CUB)

• Quantile Regression Neural Network (QRNN)

• Dataset:

• 56 weeks of field data

Applied in this study
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• Anaerobic membrane bioreactor (AnMBR)

• Decentralized treatment in an informal settlement 

• Treated blackwater for non-potable reuse (e.g., toilet flushing)

• Over four years of field deployment in South Africa

NEWgenerator system

• AnMBR – Removes organics and suspended solids

• Nutrient Capture System (NCS) – Additional COD removal + 
nutrient recovery

• Electrochlorinator – Provides final disinfection

Treatment train

Source of Data: NEWgenerator Field Trial
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Model Development

(i) Statistical analysis & data cleaning

• Z-score used to identify outliers
• Standardization of dataset

(iv) Testing dataset prediction 
performance analysis

(iii) Model development
(Tuning & Cross-Validation)

PLS SVRCUB QRNN

LM RF KNN

(v) Soft sensors are ready to monitor 
COD, TSS, E. coli

Dataset (n=52)

Training dataset 
(70%)

Testing dataset (30%)

(ii) Input variable selection

Pearson Correlation Recursive Feature Elimination
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Data Pretreatment: Z-Score Filtering
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• Identify outliers by measuring 
how far values deviated from 
the mean

• Three major restart or 
maintenance events identified

• Operational disruptions 
negatively impacted data quality

• Two weeks of post-event data 
excluded to ensure model 
stability

Z-score filtering
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Data Pretreatment 

• Measures the strength and direction 
of a linear relationship between two 
variables

• pH and temperature showed weak 
correlations with output variables

• Turbidity, color, and NO₃⁻ were 
strongly correlated with COD and TSS

• Results used to guide variable 
selection for model development

Pearson Correlation
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• SVR showed the best

• RMSE: 270; 𝑅2: 0.96

• MAPE: 14.5%

COD prediction 

• CUB was the best

• RMSE: 55; 𝑅2: 0.99

• MAPE: 24.8%

TSS prediction 

• SVR had the lowest RMSE 

• But obvious inaccuracies 

• Regression model not ideal

E. coli prediction 

Cubist regression (CUB)Partial least square regression (PLS) Support vector regression (SVR) Quantile regression neural network (QRNN)

Result



• Broken down into four ranges:

• High (H): > 107 MPN/100mL

• Medium (M): ≤ 107and > 102 MPN/100mL

• Low (L): ≤ 102and > 1 MPN/100mL

• LDL: Lower than the detection limit

E. coli classification

• Support vector machine (SVM)

• Random forest (RF)

• K-nearest neighbors (KNN)

Classification algorithms

• RF: Best accuracy of over all 74.36%

Results
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E. coli Classification
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Summary

• Potential of using in-line sensors and ML to estimate offline 
parameters (COD, TSS, E. coli)

• SVR performed best for COD; CUB was most effective for TSS

• Classification approach showed potential for E. coli estimation

• Further improvements needed

• Limited dataset (56 weeks) still yielded promising performance

Summary & Conclusions

• Expand dataset to improve model robustness

• Estimate pCOD and sCOD

• Add parameters: HRT, flow rate, ORP, DO, DOC, UV254

Subsection: Future Work
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Key Takeaways

• Real-time insights without expensive lab testing

• Transforms common sensor data into actionable predictions

• Supports safe water reuse and system optimization

• Scalable for decentralized and resource-limited systems

• Promising tool for advancing smart sanitation technologies

Why Soft Sensors Matter

Thank you!



Questions 
& 

Follow up
Speaker
• Hsiang-Yang (Gary), Shyu
• hsiangyang@usf.edu

PI
• Dr. Daniel Yeh
• dhyeh@usf.edu


