
Abstract
As water resource recovery facilities (WRRF) upgrade from chlorine-
based disinfection processes, peracetic acid (PAA) is becoming a 
more appealing approach to disinfection as it produces fewer 
carcinogenic disinfection byproducts. Issues with PAA arise, however, 
with the difficulty in accurately modeling at full-scale, significantly 
expensive, and the difficulty associated with precise dosage to 
minimize these costs and reduce climate impacts. For this reason, 
data-driven models provide an opportunity to quantify real-time 
disinfection performance and chemical reductions. This project will 
utilize sensor and laboratory process data from a large utility in 
Colorado to predict E. coli removal using PAA. If able to model E. coli 
removal accurately, the model can be used to better promote facilities 
to change over to more effective and safer means of disinfection. 
However, preliminary results show that there is variation not well 
described by machine learning and simpler, statistical models may 
perform better in the absence of sufficient process data.
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Mechanistic Model
Mechanistic modeling uses preexisting understanding of variable behavior through 
complex formulas. The mechanistic model for relating PAA dose to E. Coli removal 
uses the following system of equations:
𝑁𝑁 𝑡𝑡 = 𝑁𝑁0 1 − 𝛽𝛽 𝑒𝑒−𝑘𝑘𝑑𝑑𝐶𝐶𝑇𝑇𝑃𝑃𝑃𝑃𝑃𝑃 + 𝑁𝑁0 𝛽𝛽 𝑒𝑒−𝑘𝑘𝑝𝑝𝐶𝐶𝑇𝑇𝑃𝑃𝑃𝑃𝑃𝑃

𝑃𝑃𝑃𝑃𝑃𝑃 𝑡𝑡 = 𝑃𝑃𝑃𝑃𝑃𝑃0 − 𝐷𝐷𝑃𝑃𝑃𝑃𝑃𝑃 𝑒𝑒−𝑘𝑘𝑃𝑃𝑃𝑃𝑃𝑃𝑡𝑡

𝐶𝐶𝐶𝐶𝑃𝑃𝑃𝑃𝑃𝑃 = 𝑃𝑃𝑃𝑃𝑃𝑃0−𝐷𝐷𝑃𝑃𝑃𝑃𝑃𝑃
𝑘𝑘𝑃𝑃𝑃𝑃𝑃𝑃

(1 − 𝑒𝑒−𝑘𝑘𝑃𝑃𝑃𝑃𝑃𝑃𝑡𝑡)

where N(t) is the E. coli concentration in CFU/100 mL after some hydraulic retention 
time (t), N0 is the initial E. coli concentration, PAA is the concentration of PAA in mg/L, 
D is the initial oxidative demand of PAA, kPAA is the first order decay of PAA, and β, kd, 
and kp are model fitting parameters for the E. coli inactivation model.

Objectives
• Data cleaning and blending of online and offline process data for a 

full-scale WRRF using PAA disinfection
• Fit statistical and machine learning models to predict E. coli removal
• Determine which model structure is able to best predict E. coli 

removal for real-time disinfection control

Results

Discussion
From the data modeling our measure of error, RMSE, did not 
significantly vary. However, our linear regression model produced the 
smallest RMSE signifying that it technically has the best fit for our data 
set. From our understanding of DNN, this could mean that there was not 
enough data collected to sufficiently train our model. Next steps will be 
to further analyze our model through error modeling. This includes 
building an additional plot that measures the difference between the 
mechanistic models predicted values and applies the neural network to 
the error to see if there is another trend in error that a neural network 
could capture.

Conclusion
The use of DNN could largely reduce carbon cost, operating cost, and 
reduce the usage of electrical energy, when sufficient data is collected
and models are integrated. There continues to be no best practice of 
machine learning, because all models have their unique benefits and 
drawbacks. From our data modeling, we fit a DNN regression model 
using machine learning algorithms that can predict the disinfection of E. 
coli in WRRFs. However, two months of data appeared to be insufficient 
to capture the total variation in E. coli removal. When data are lacking, 
simpler statistical models perform best for prediction.

Figure 1. Deep Neural Network 
Architecture

Data Aggregation
Outliers were removed initially by examining control charts of the mean plus or minus 
two standard deviations. After removing these outliers, we utilized exponential moving 
averages as our primary function for filling in the missing:

𝐿𝐿𝐿𝐿𝐿𝐿𝑡𝑡 𝐸𝐸𝐸𝐸𝑃𝑃 = 0.05 𝐷𝐷𝐷 + 0.05 𝐷𝐷𝐷 + 0.1 𝐷𝐷𝐷 + 0.1 𝐷𝐷𝐷 + 0.𝐷 𝐷𝐷𝐷 + 0.𝐷 𝐷𝐷𝐷 + 0.𝐷(𝐷𝐷𝐷)

𝐸𝐸𝐸𝐸𝑃𝑃 = 𝑅𝑅𝑒𝑒𝑅𝑅𝑒𝑒𝑅𝑅𝑡𝑡 𝑉𝑉𝐿𝐿𝑉𝑉𝑉𝑉𝑒𝑒 − 𝐿𝐿𝐿𝐿𝐿𝐿𝑡𝑡 𝐸𝐸𝐸𝐸𝑃𝑃
𝐷

𝑁𝑁 + 1
+ 𝐿𝐿𝐿𝐿𝐿𝐿𝑡𝑡 𝐸𝐸𝐸𝐸𝑃𝑃

Following our complete data set, we split our data with 80% of the dataset going 
towards our training data and the remaining 20% for testing our model accuracy. To 
model this data on the same scale we had to normalize our data and performed this 
through normalization layers. Following the final cleaning and normalizing of the data 
we configured and fit our models to compare accuracy of our mechanistic vs. DNN 
model using a variation of activation functions.

RMSE=0.29

RMSE=0.30 RMSE=0.31

Figure 2. Activation Functions

Figure 5. Linear Regression Accuracy 

Figure 6. Model Accuracy with DNN of Different Activation Functions  

RMSE=0.32

Figure 4. Mechanistic Model Accuracy
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Methodology
This project utilizes data-driven modeling through development of a 
multi-layered artificial neural network, also known as a deep neural 
network (DNN). Neural networks use simple connections between 
inputs and outputs (Figure 1), but complex intermediate functions (i.e., 
activation functions), to map complex relationships. For the purposes 
of our project, we trained our DNN model using 80% of our compiled 
data for training and the remaining 20% for testing our model 
accuracy. Four different activation functions were tested and 
compared to a mechanistic model (Figure 2).

Offline Lab Data

Flowrate CT Contact 
Time

Log 
Removal Alkalinity NO3+

NO2

Ortho 
Phos-
phate

Soluble 
Phos-
phorus

TIN TKN

Units MGD mg/L∙
min min - mg/L as 

CaCO3
mg/L as 

N
mg/L as 

P
mg/L 
as P

mg/L as 
N

mg/L as 
N

Mean 75.07 37.71 32.63 2.28 109.3 4.57 0.04 0.20 5.62 2.94
Std. 
Dev. 6.65 9.42 7.89 0.40 4.32 0.24 0.02 0.02 0.26 0.27

Offline Lab Data Online Sensor Data

TN TP TSS Pre-Dis. 
E.Coli NH3 NO3

Ortho 
Phos-
phate

NO2 MLSS Temp.

Units mg/L as 
N

mg/L as 
P mg/L CFU/

100 mL mg/L mg/L mg/L mg/L mg/L deg. F

Mean 7.48 0.31 8.76 15749 1.53 3.61 0.06 0.52 3506.3
7 67.67

Std. 
Dev. 0.23 0.05 2.22 4083 0.85 1.56 0.02 0.23 179.45 2.26

Accuracy Measure
Root mean squared error (RMSE) was utilized to analyze model testing 
prediction accuracy:

𝑅𝑅𝐸𝐸𝑅𝑅𝐸𝐸 = 𝑆𝑆𝑆𝑆𝑆𝑆
𝑛𝑛

𝑅𝑅𝑅𝑅𝐸𝐸 = ∑𝑖𝑖=1𝑛𝑛 𝑦𝑦𝑖𝑖 − �𝑦𝑦𝑖𝑖 2

RMSE=0.30

Figure 3. Disinfection Mechanistic Model


	Prediction of Disinfection Kinetics Using Machine Learning for a Novel Disinfectant��Author: CDT Chloe Foster        Faculty Advisor: Dr. Kathryn Newhart

