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LIST OF ACRONYMS

ANN Artificial neural network

ANNe Artificial neural network ensemble
BM Baseline model

BVSS Best variable subset selection
CFU Colony forming units

COoD Chemical oxygen demand
LOOCV Leave one out cross-validation
LOQ Limit of quantification

MAE Mean absolute average

MAPE Mearni absolute percentage average
MLR Multiple linear regression

MSE Mean squared error

OLS Ordinary least squares

PAA Peracetic acid

PCR Principal component regression
PCs Principal components

PE Population equivalent

PLS Partial least squares

RMSE Root mean squared error

RR Ridge regression

SA Sensitivity analysis

TSS Total suspended solids

uv254 Absorbance at 254 nm

VSA Variance based sensitivity analysis
WWTP Wastewater treatment plant
Highlights

e Soft sensor of E. coli in wastewater disinfection inflow was developed
e Conventional wastewater quality parameters were assessed as E. coli predictors
e Main predictors were: pH, conductivity, turbidity, TSS, COD and UV absorbance

e Artificial neural network was the best soft sensor model for E. coli concentration
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e Soft sensor deployment reduced disinfectant consumption and improved reliability
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ABSTRACT

Real-time acquisition of indicator bacteria concentration at the inlet of disinfection unit is a
fundamental support to the control of chemical and ultraviolet wastewater disinfection. Culture-
based enumeration methods need time-consuming laboratory analyses, which give results after
several hours or days, while newest biosensors rarely provide information about specific strains and
outputs are not directly comparable with regulatory limits as a consequence of measurement
principles.

In this work, a novel soft sensor approach for virtual real-time monitoring of E. coli
concentration is proposed. Conventional wastewater physical and chemical indicators (chemical
oxygen demand, total nitrogen, nitrate, ammonia, total suspended solids, conductivity, pH, turbidity
and absorbance at 254 nm) and flowrate were studied as potential predictors of E. coli concentration
relying on data collected from three full-scale wastewater treatment plants. Different methods were
compared: (i) linear modeling via ordinary least squares; (ii) ridge regression; (iii) principal
component regression and partial least squares; (iv) non-linear modeling through artificial neural
networks.

Linear soft sensors reached some degree of accuracy, but performances of the artificial neural

network based models were by far superior. Sensitivity analysis allowed to prioritize the importance
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of each predictor and to highlight the site-specific nature of the approach, because of the site-
specific nature of relationships between predictors and E. coli concentration. In one case study, pH
and conductivity worked as good proxy variables when the occurrence of intense rain events caused
sharp increases in E. coli concentration. Differently, in other case studies, chemical oxygen
demand, total suspended solids, turbidity and absorbance at 254 nm accounted for the positive
correlation between low wastewater quality and E. coli concentration. Moreover, sensitivity
analysis of artificial neural network models highlighted the importance of interactions among
predictors, contributing to 25 to 30% of the model output variance. This evidence, along with
performance results, supported the idea that nonlinear families of models should be preferred in the
estimation of E. coli concentration.

The artificial neural network based soft sensor deployment for control of peracetic acid
disinfectant dosage was simulated over a realistic scenario of wastewater quality recorded by on-
line sensors over 2 months. The scenario simulations highlighted the significant benefit of an E. coli
soft sensor, which provided up to 57% of disinfectant saving.

Keywords

Disinfection; soft sensor; artificial neural network; E. coli; peracetic acid; wastewater
1 Introduction

Chemical and ultraviolet (UV) disinfection are two effective solutions for wastewater treatment
(inter alia: Mezzanotte et al., 2007), while the concentration of chemical disinfectant, or UV
radiation intensity, and the contact time are the two fundamental process parameters in determining
pathogen inactivation. Proper control of the disinfectant dosage can compensate contact time
variations and preserve disinfection efficiency, as recently demonstrated by Manoli et al. (2019).
This issue is particularly important when wastewater is treated for reuse, which implies strict limits
on microbial indicators in the effluent. For example, the European Parliament recently approved the
new regulation for agricultural wastewater reuse (The European Parliament and the Council of the

European Union, 2020), where limits on E. coli concentration after treatments are 10 or 100
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CFU/100 mL depending on the type of crops and irrigation techniques. Nevertheless, the
disinfection process is strongly affected by many sources of uncertainty, which cause high
variability of the process efficiency with respect to the desired performance setpoint. Particularly,
the concentration of the indicator bacteria entering disinfection is highly variable, as a result of the
variability of raw wastewater characteristics, upstream treatment layout and deviation from nominal
conditions of wastewater treatment plants (WWTP). Moreover, intense rain events can cause
fluctuations of order of magnitudes in bacteria concentration. The first reason of inlet indicator
bacteria concentration importance on disinfection is straightforward: the higher the load, the higher
the required reduction, given a discharge limit to comply with. In addition, bacteria concentration
can significantly affect inactivation Kinetics (Haas & Kaymak, 2003; Kaymak & Haas, 2008) and,
thus, has an impact on the determination of the disinfectant dosage.

Traditional disinfection modeling approaches do not address the issue of indicator bacteria load
variability, and assume average, 95% percentile or maximum of available observations, as well as
literature reference values, as basis for process design and operation (Ducoste et al., 2001). More
recently, inlet bacteria concentration and disinfection kinetics parameters were described as
multivariate random variables (Santoro et al., 2015; Ahmed et al., 2019). In these non-deterministic
frameworks, E. coli variability was modeled according to observed concentrations in several real
WWTP effluents, accounting for stochastic dependency with inactivation Kinetics parameters.
These models give a realistic and reliable estimation of the indicator bacteria concentration
variability upon which optimizing the disinfectant dosage. However, they are still a static
description of the bacteria load, synthesizing the quantity fluctuations as a fixed probability
distribution, to be estimated once for all through a site-specific data collection campaign.

Differently, providing knowledge about indicator bacteria concentration trend in time and,
importantly, being able to get this information on-line, is still a challenge. Culture-based methods
for estimation of indicator bacteria require time-consuming laboratory work. E. coli, which is one of

the most widespread indicator bacteria for water and wastewater, requires at least 18 hours of
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incubation to be cultured (APHA, 1999). Measurement of indicator bacteria concentration is thus
usually limited to mandatory analyses of the effluent at the point of discharge. The disinfection
treatment is then designed and managed according to an approximate or partial knowledge about
inlet bacteria concentration and wide safety factors are assumed. Sensors for real-time monitoring
of bacteria concentration are under development, but mainly in the drinking water field (Skovhus &
Horjis, 2018). One of the major challenges in the implementation of these sensors is that they are
based on measurement principles, which are different from traditional culture-based methods. Thus,
they provide outputs which are not directly comparable to regulation limits, expressed as CFU
(Colony Forming Units) or MPN (Most Probable Number) values. Moreover, sensors rarely
measure concentration of specific indicator bacteria strains like E. coli (Skovhus and Hojris, 2018).

Soft sensors for regression applications are models that exploit “easy-to-measure” variables,
which can be monitored on-line at a reasonable cost, to predict target “hard-to-measure” variables
(Souza et al., 2016). In recent years many studies highlighted the potential of data-driven regression
models, as soft sensing tools, to predict non or hardly measurable variables in WWTPs.
Particularly, many applications focus on the prediction of organic matter content and nutrients, and
on treatment fault detection (Haimi et al., 2013; Corominas et al., 2018). However, wastewater
disinfection applications have not been explored yet. A soft sensor could be a cost-effective solution
to virtually monitor the concentration of indicator bacteria in wastewater and to optimize
disinfectant dosage accordingly. Actually, the use of predictive modeling to estimate E. coli
concentration proved promising performances in many environmental water matrices, where some
chemical, biological and physical characteristics effectively worked as predictors of E. coli
concentration (Christensen et al., 2002; Dwivedi et al., 2013, 2016; Malzer et al., 2016; Wang et al.,
2018; Rossi et al., 2020). However, a model for real-time estimation of indicator bacteria load has
not been still studied for disinfection process control and optimization.

In this study, the development of a soft sensor approach to virtually monitor E. coli concentration

at the inlet of real-scale disinfection units is presented. Conventional wastewater physical-chemical
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indicators, flowrate and E. coli were monitored in three large scale WWTPs in the Milan urban area
(Italy). Both linear and nonlinear models were explored, to identify the optimal family of models
and assess prediction performances. Sensitivity analysis was performed to identify negligible
factors, prioritize relevant predictors and use the regression model to explore the relationship
between the predictors and E. coli concentration. Finally, an example of the benefits of an E. coli
soft sensor is reported, simulating its deployment on a realistic scenario for the optimization of the
disinfectant dosage, focusing on the use of peracetic acid (PAA).

2 Materials and Methods

2.1 Data collection

Data collection was carried out at three large scale WWTPs in the Milan urban area: WWTP1
(1,250,000 PE), WWTP2 (600,000 PE) and WWTP3 (440,000 PE). Samples were collected at the
inlet of disinfection units and analyzed for E. coli concentration and wastewater quality
characteristics (pH, conductivity, temperature, TSS, turbidity, COD (chemical oxygen demand),
UV absorbance at 254 nm (UV254), total nitrogen, ammonia, nitrate) and flowrate.

As for WWTP1, 42 samples were collected between July 2018 and March 2019, in both dry and
wet weather conditions. Wastewater quality characteristics, listed in Table 1, were recorded by the
disinfection unit on-line sensors (10 minutes acquisition frequency), except for UV254, which was
measured in laboratory for each sample collected. As for WWTP2 and WWTP3, respectively 13
and 19 samples were collected in dry weather conditions between July 2019 and January 2020, and
wastewater characteristics in Table 1 were measured in laboratory. All WWTPs were monitored at
approximately weekly frequency.

Three datasets were created from the collected data, combining monitoring data from the three
WWTPs, as detailed in Table 1. Dataset 1 comprises only data from WWTP1, while dataset 2 is
composed grouping data from WWTP2 and WWTP3. In fact, WWTP1 is worth to be studied
independently, being the only case where also rainy conditions occurred and wastewater quality

was monitored with commercial on-line sensors. Finally, an additional dataset (dataset 3)
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combining all available data was considered, in order to explore potential general relationships
between predictors and E. coli concentration. Differences in terms of dataset variables are due to the
fact that total nitrogen and nitrate ion were monitored only in WWTP2 and WWTP3: for each

dataset, only variables which were monitored in all the samples were kept in the modeling step.
2.2 Description of WWTPs under study

The three WWTPs under study receive municipal wastewater from similar drainage basins, with
a limited contribution of industrial wastewater. All the WWTPs are based on activated sludge
processes for carbon and nitrogen removal. WWTP1 has a pre-denitrification stage followed by
nitrification. Phosphorous is then removed by chemical precipitation with ferric chloride and
removal of suspended solids is refined by sand filtration. The last stage is UV disinfection.

WWTP2 stream is firstly treated in a primary sedimernitation stage. Biological treatment is made
of a sequence of pre-denitrification, nitrification and post-denitrification, followed by chemical
removal of phosphorous by aluminium chiloride and disc filtration. Disinfection is carried out by
sodium hypochlorite dosage.

WWTP3 has a primary sedimentation stage, followed by a nitrification and phosphorous
removal by aluminium chioride. The stream quality is then refined by a double stage biofilter
(BIOFOR®, Suez) periorming nitrification, denitrification and suspended solids filtration.

Disinfection is then performed by peracetic acid.
2.3 Sampling procedure, microbiological and chemical analysis

All samples were collected in 1-L sterile bottles, transported to the laboratory in refrigerated
bags and analyzed within 12 h (conservation in refrigerated chamber at 4 °C). Putative E. coli were
enumerated by membrane filtration method according to Standard Methods (Section 9222,
APHA/AWWA/WEF, 2012), using 0.45- um pore size cellulose nitrate membranes (Whatman) and

chromogenic agar (Microinstant® Chromogenic Coliforms Agar, Scharlau) as culture medium.
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Inoculated plates were incubated at 37 °C for 24 h. E. coli were expressed as CFU in 100 mL
volume. For WWTP1, wastewater quality parameters were measured by a multiparameter
monitoring station (micro::station®, S:CAN), measuring pH, conductivity, temperature (measured
at sampling time, before refrigeration), COD, TSS and ammonia, and an on-line turbidimeter. For
WWTP2 and WWTP3, commercial test kits were used for measurement of COD (Hach LCI500,
ISO 15705), ammonia (Hach LCK303, ISO 7150-1), nitrate (Hach LCK339, EN38405 D-2) and
total nitrogen (Hach LCK238, EN ISO 11905-1). TSS, turbidity and UV254 were respectively
measured by 0.45-um membrane filtration (Standard Methods, section 2540B,
APHA/AWWA/WEF, 2012), portable turbidimeter (VELP Scientifica) and 1-cm optical path

laboratory spectrophotometer (Hach DR6000).
2.4 Soft sensor development

The soft sensor for E. coli concentration was developed following four main steps: (i) data
collection (paragraph 2.1) and pre-processing, (ii) variable selection, (iii) model selection and
calibration, (iv) model testing (Fortuna et al., 2007; Souza et al., 2016). The variable selection,
regression model selection and evaluation procedure were repeated for each dataset. Only 80% of
data (calibration subset) was used for variable and model selection and calibration; 20% of data
(test subset), randomly sampled, was used only to assess model performances in the testing step.
Resulting numbers of data in each subset for the three different datasets are reported in Table 1. In
detail, for dataset 1 test data corresponded to a randomly selected time window comprising 20% of
the whole dataset, in order to use the test subset to both evaluating model performances and
assessing the model deployment benefits over a continuous time span (10/10/2018 — 28/11/2018).
2.4.1 Data pre-processing

Input data were standardized to have null mean and standard deviation equal to 1, in order to
ensure they have equal importance in the training process. As output data, the logarithmic

transformation of E. coli concentration was taken, to properly manage the wide range of
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concentration variability, within order of magnitudes of 10° to 10° (Shu & Burn, 2004). Ammonia
data were excluded from the analysis, since in most cases they resulted lower than the LOQ (Level
of Quantification) and thus the parameter was not considered as a good candidate as predictor of E.
coli concentration.

2.4.2 Variable selection, model selection and calibration

Four kind of linear modeling options were evaluated: (i) ordinary least squares (OLS) multiple
linear regression (MLR) coupled to a best variable subset selection strategy (BVSS); (ii) ridge
regression (RR) (Hoerl & Kennard, 2018); (iii) principal component regression (PCR) (Massy,
1965); (iv) partial least squares (PLS) (Wold, 1975). All the four approaches perform variable and
model selection steps within the identification process itself, as following. More details about linear
modeling approaches are reported in Supplementary Material (Paragraph 1).

Each one of the listed linear regression techniques requires the tuning of one hyperparameter,
being the number of input variables for MLR (k), the value of the shrinking factor for RR (1) and
the number of components for PCR and PLS. Optimal hyperparameters were estimated via leave-
one-out cross-validation (LOOCV), which allows estimating the expected prediction error of a
specified model (Hastie et al., 2009).

As for nonlinear regression model, feed-forward backpropagation artificial neural network
(ANN) was calibrated and tested on the data. ANN model was chosen as nonlinear regressor
because it can reproduce any nonlinear relationship at the price of increasing its complexity (Hornik
et al., 1990), i.e. increasing the number of layers and neurons per hidden layer. In this work, the
“shallow” ANN model was adopted, being a network with a three-layer architecture, made by one
input, one hidden and one output layer. Even in single hidden layer network, the number of weight
parameters defining the model can be very high, being equal to p(n + 1), where n is the number of
hidden neurons. In small datasets, such as in this work, the number of weights of a shallow ANN
with a few hidden neurons can easily become comparable to the number of observations and

predictors, and even outnumber them. The consequence is to produce a model which easily overfits
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calibration data and provides very poor generalization capability. For this reason, in this work the
ANN model was trained using a weight decay approach, which applies the same penalty on the loss
function in the minimization algorithm as the ridge regression (Equation 2.1). The integration of the
penalty in the training algorithm shrinks towards zero unnecessary connections, removing the effect
of irrelevant predictors and input-response relationships. Moreover, the weight decay method
reduces the effect of collinearities. In this work, the ANN model had two hyperparameters to be
tuned: the number of hidden neurons and the weight decay rate. In order to find the optimal
hyperparameters, LOOCV was adopted. Early stopping technique was used to further avoiding
overfitting and improving generalization. Validation error was monitored during each training
process. Training and validation errors usually decrease together during the first training iterations.
At later stages of training, the network starts to overfit the data and the validation error typically
rises. Summing weight decay and early stopping produce some redundancy in the direction of
avoiding overfitting. However, the two methods tackle different issues. Weight decay shrinks
irrelevant parameters, performing a sort of variable selection, even if it does not produce a sparse
model. Early stopping performs regularization by looking at the validation data, which are an
additional information with respect to the training subset. ANN models with up to 15 neurons were
considered in the LOOCV process, representing the inner loop in the whole model selection
process. An outer LOOCV loop was performed for different values of the weight decay rate,
ranging between 0.0001 and 1. In each iteration of the LOOCV loop, ANN models were trained by
means of back-propagation algorithm, based on gradient descent for mean squared error
minimization. Details about the early stopping algorithm and other ANN training settings are
reported in detail in the Supplementary Material (Paragraph 2).

Linear regression analyses were performed on software R 3.6.3, using packages leaps 3.1 for
BVSS, glmnet 4.0 for RRand pls 2.7-2 for PLS and PCR. Training and CV of ANN models

were performed on Python 3.3.6, using PyTorch 1.3.1 and ScikitLearn 0.22.1 libraries.
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2.4.3 Model testing

All the identified regression models were evaluated on the test subset of the corresponding
dataset. Three performance metrics were used, being the Mean Absolute Error (MAE), the Mean
Absolute Percentage Error (MAPE) and the Coefficient of Determination (R?).

MAE and MAPE were chosen because of their easy interpretability. Differently from widely
used performance metrics, like mean squared error (MSE) and root mean squared error (RMSE),
MAE and MAPE are not influenced by squares and square roots, which emphasize the impact of
high errors, improving model training but preventing easy and direct interpretation. For the same
reason, MAE and MAPE were computed using E. coli concentration as CFU/100 mL. Differently,
R? was computed over logarithmic E. coli concentration, sifice R? values depend on the sum of
squares and can then overweight high values.

2.5 Sensitivity analysis

Sensitivity Analysis (SA) of identified. regression models was performed to prioritize the
importance of relevant predictors.

Variance-based sensitivity analysis (VSA) was chosen for predictor prioritization. VSA is an
“all-at-a-time” global SA method, where output variations are obtained by varying all the inputs
simultaneously, exploring their entire variability space (Saltelli et al., 2006; Pianosi et al., 2016).

The contribution of the input X; on the output Y variability is accounted by the term S; (first

order effect), defined as:

__ VAR[E[Y|X;]]

Si VAR[Y]

(2.2)

The larger S;, the larger the contribution of X; to the output Y. When the inputs are uncorrelated,
the total variance VAR[Y] is the sum of the contributions given by the variation of all the single
inputs X; plus the contribution given by the interaction among inputs. Conversely, if the inputs are

correlated, the sum of the variance contributions given by all the inputs might be higher than
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VAR[Y], because the conditional variance also carries over the effects of other predictors that could
be positively or negatively correlated to X; (Saltelli et al., 2006).

A critical step in VSA is the right definition of the variability space and probability distribution
for the inputs, which can significantly affect the SA results. In this work, input values for model
simulations in SA were sampled from independent uniform distributions between the minimum and
maximum observed values of each input, which is the most common and simple approach (Pianosi
et al., 2016). The correlation among predictors was not considered in this step, since the aim of the
analysis was primarily to understand how the models behave, “opening” the black-box, and then to
prioritize the predictors after the model selection step. Under the assumption of uncorrelation,
S; ranges between 0 and 1. Thanks to this property, results from SA application on linear models
and ANN (Marseguerra et al., 2003) can be directly compared and the effect of nonlinearity and
interactions can be studied. Under the hypothesis of uncorrelation of inputs, the contributions of all
the interactions among the inputs can be estimated as:

Sine =1—=X1_,5;(2.3)
2.6 Simulation of soft sensor deployment

In order to highlight the benefits of a soft sensor for virtual E. coli monitoring and disinfection
process control, E. coli concentration in WWTP1 undisinfected effluent was simulated by the ANN-
based soft sensor model derived from regression on dataset 1, during the time span comprising test
subset data (paragraph 2.1). UV254 was assumed as constant. Estimated E. coli concentrations were
used to compute optimal PAA dosage, relying on site-specific experimental results (see
Supplementary Material, Paragraph 4) about disinfectant decay and inactivation in WWTP1
wastewater entering full-scale disinfection unit. Since no immediate oxidative demand was
observed in the data (Rossi et al., 2007), PAA concentration needed to comply with a selected
discharge limit was calculated assuming a first order kinetic model for PAA decay. The model

described by Dominguez Henao et al. (2018) was used for E. coli inactivation. Assuming the kinetic

11
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parameters as constant over time, Equation 2.6 was used to compute the required exposure dose,
while Equation 2.5, being the integral over time of Equation 2.4, was used to compute the PAA
dosage needed to guarantee that dose. Results about the calibration of PAA Kinetics are reported in

detail in the Supplementary Material (Paragraph 4).

PAA(t) = PAAye ™" (Eq. 2.4)
D(t) = ZE(1—ek) (25)
In(N) _ —-k'D"

(2.6)

In(Ny)  1-eh-D

where t is time, k is the first order decay rate of PAA, PAA, is the PAA initial concentration, D
is the dose, N is E. coli concentration at time t, N, is E. coli initial concentration and k', n and h
are the inactivation Kkinetic parameters. t was assumed as equal to 30 minutes, being a typical
hydraulic residence time for chemical disinfection. The ANN-based soft sensor model used in this
scenario was re-calibrated (Haupt et al., 2008) on the calibration subset of dataset 1, according to
two approaches. Firstly, a single ANN model was calibrated. Moreover, an ensemble of 100 ANN
models (ANNe) was calibrated, according to the “bootstrap aggregation”, or “bagging”, approach
(Breiman, 1996). Bootstrap sampling consists in randomly drawing new datasets from the original
calibration data, each sample being a random sample with replacement the same size as the original
dataset. In some of the re-sampled datasets some observations can appear more than once, while in
other cases one or more observations can be absent. One model is fitted for each of the bootstrap
samples. The probability distribution of model parameters, due to the modeling uncertainty, was
approximated by the observed distribution of the parameters derived from each model training.
Similarly, given a set of observations of the predictors, the predictions given by ANNe provided
both a point estimate, by averaging the predictions, and a confidence interval, by taking the

observed percentiles of the predictions (Efron & Hastie, 2016).
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3 Results and Discussion
3.1 Wastewater characterization

Summary statistics of monitored wastewater physical and chemical characteristics and weather
conditions during sample collection are reported in Table 2. Rainfall data close to WWTP1 location
during the data collection campaign are reported in Supplementary Material (Figure S9). All the
three monitored WWTPs have good quality effluents, both in terms of solids, organic and nitrogen
(where monitored) content. One straightforward reason was the presence of tertiary treatments for
quality refinement. In fact, mean effluent constituents are close to typical literature values of
tertiary effluents after biological treatment for carbon and nitrogen removal and filtration for
residual solids removal (Metcalf & Eddy et al., 2013). Moreover, raw wastewater streams in the
Milan area are typically significantly diluted, due to integration of some canals in the sewer
network and frequent discharge of groundwater in the sewer to control water table level. Since data-
driven regression approaches were used to develop the soft sensor model for each dataset, it is
important to stress the fact that model validity is limited to observations ranges of variability which
were recorded during the collection campaign. Limitations could be related to period of the day
(e.g. night hours), the week (e.g. weekend) or the year (April, May and June, in this work) which

could be not well represented by collected datasets.
3.2 Model identification and performance evaluation

The model selection and calibration step aimed at identifying the best family of models and
predictors. Regularization techniques used in this work aims at removing non-relevant predictors or
shrinking their coefficients, thus reducing model complexity and improving the model
generalization capability. Both linear and nonlinear regression analyses were performed, in order to
understand to what extent nonlinear dependencies and interactions are important in estimating

input-output relationships. Since there is no model or framework in literature to estimate inlet

13
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bacteria concentration in disinfection, regression models here developed were compared to two
“baseline” models (BM) which are considered as representative of the general approach in
disinfection design and operation: (i) mean of the data on the calibration subset (BM1), (ii) 95"
percentile of the calibration subset (BM2). The performance metrics of BM1 on the test subset was
considered as the “base error rate” (Hastie et al., 2009), since observed mean can be seen as the
simplest possible model, while BM2 was included in the comparison as an example of more
precautionary alternative to the solution here proposed.

Test performances of all the regression options for each dataset are reported in Table 3. Details
about the calibration and cross-validation results are reported in the Supplementary Material
(Paragraph 3). Overall, nonlinear regression based on ANN shows the best performances and a
significant improvement with respect to BM1 and linear models, suggesting that nonlinearities and
interactions are fundamental to get satisfying performances from a soft sensor for E. coli. Regarding
BM2, as shown in Table 3, the price of guaranteeing a wide safety factor is a huge average error in
the test cases. Differently from linear models, the ANN model is hardly interpretable via direct

inspection of parameters (weights).
3.3 Sensitivity analysis: discussion on physical and chemical parameters relevance

Sensitivity analysis (SA) is of fundamental importance for model developers and users to
understand key features of the model and exploit the model at its highest potential. This kind of
analysis is particularly important in case of high mathematical complexity models, like ANNS,
whose parameters lack of direct interpretability and physical significance (Olden & Jackson, 2002).
Actually, data-driven regression models capture input-output relationships as they perceive them in
the available training data. After model identification, it is important in engineering applications to
interpret the predictive relationships derived from the data and to compare the regression analysis
results with a priori knowledge about phenomena. The use of VSA presents some advantages in

inspecting the model, as briefly detailed in the Supplementary Material (Paragraph 7).

14



Journal Pre-proof

Values of S; from the VSA are reported in Figure 1, computed both for the RR model, as an
example of a linear model, and the ANN model, for the three studied datasets. In many cases the
index is almost null, as a result of the shrinking effect on the model parameters produced by the
penalty on the loss function imposed both by RR and weight decay in ANN training. Results about
dataset 1 show that pH is the most relevant factor in determining the variance of the output, both for
the linear and the nonlinear model cases (30-40%). In the nonlinear case, conductivity resulted also
as an important factor, with about 10% contribution to the total variance. The relationship with E.
coli concentration is negative both for pH and conductivity. A possible interpretation is that the
most significant increase in E. coli concentration occurs during intense rain events, when the
contribution of stormwater lowers pH and conductivity. Stormwater can actually determine sharp
increase in E. coli concentration, due to urban runoff and sediment re-suspension in the sewer
(McCarthy, 2009; Hathaway & Hunt, 2011; McKergow et al., 2010). The use of pH and
conductivity as proxies of the incoming of stormwater, instead of directly using the rainfall data as a
predictor, avoids the critical issues of modeling the delay between the occurrence of rain events and
the incoming of stormwater in the WWTP, which implies the description of the corrivation
phenomena and the choice of optimal rainfall monitoring sites. Moreover, acquisition of pH and
conductivity data from on-line sensors is a much more practical solution than implementing the
real-time transmission of rainfall data from monitoring sites. The WWTP1 case study is then a clear
example of how a soft sensor can exploit available monitoring data in order to catch proxy
relationships which work as surrogates of the real physical cause-effect laws of the target
phenomena: changes in conductivity or pH are not the physical cause of E. coli increase, but they
are indirectly correlated to that. The importance of pH and conductivity stands only for this dataset.
In the other two cases, their contribution to the output variance is almost negligible. Since no rain
events occurred during data collection, pH and conductivity lose their role of proxies of wet
weather conditions. Unexpectedly, temperature did not result as an important predictor for the case

of dataset 1: probably, temperature in the effluent varied in a too narrow range to determine
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significant changes in E. coli concentration. However, since a relationship between temperature and
bacteria vitality exists, the role of temperature should be further studied.

In models trained over dataset 2, most of the output variance (about 50%) is caused by turbidity.
Significant correlations between turbidity and E. coli concentration were found many times in
surface waters (Christensen et al., 2002; Jamieson et al., 2005; Money et al., 2009; Huey & Meyer,
2010; Wu et al., 2011), which can be explained by the tendency of E. coli to attach to particles
(Hipsey et al., 2006; Dickenson & Sansalone, 2012; Liu et al., 2013; Jiang et al., 2015). Association
of coliforms on suspended solids in wastewater is still poorly explored, but it has been highlighted
in some studies (Loge et al., 2002; Falsanisi et al., 2008; McKergow & Davies-Colley, 2010;
Chahal et al., 2016; Carré et al., 2018). It is then highly probable that increases in E. coli
concentration in WWTP2 and WWTP3 were determined by a higher contribution of the particle
associated fraction in the influent, due to temporary decrease of upstream treatments efficiencies or
higher suspended solids loads to the plant.

In the case of dataset 3, models were trained and validated on data coming from all the three
WWTPs considered in this study. Thus, corresponding sensitivity analysis results are better
candidates than the dataset 1 and 2 case to describe general relationships between physical and
chemical characteristics of wastewater and E. coli concentration. For dataset 3, UV254, COD,
turbidity and TSS resulted as most important predictors. For all the four predictors, the correlation
with E. coli is positive, thus in this general case, the soft sensor captures the increase in E. coli
concentration that is correlated with a global worsening in wastewater quality in terms of organic
content and suspended solids. Dependence of coliforms concentration on treatment efficiency of
organic matter and solids was already highlighted by George et al., 2002 and Koivunen et al., 2003.
The role of TSS and turbidity can be explained as for dataset 2, but in these cases both the two
aggregated indicators of suspended solids turned out to be important, which can be explained by the
difference in their measuring principles. Turbidity, which is an optical method, can be affected by

particle size (Gregory, 2009; He & Nan, 2012; Yao et al., 2014), with larger particles usually
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contributing more to the overall nephelometric turbidity units (NTUs). Since particle size was
pointed as a factor in determining particle association of coliform, with bacteria typically attaching
on larger particles (Falsanisi et al., 2008; Chahal et al., 2016), both turbidity and TSS were probably
kept by the model as predictors, in order to account both for total suspended solids mass and
particle size, as well as their interaction. The importance of COD was likely due in part to the fact
that a fraction of the residual organic matter in the effluent was in the form of suspended solids.
However, the almost equal relevance of ABS254 indicate that soluble organic matter is correlated to
E. coli concentration as well. A candidate reason behind this evidence is that lower efficiencies of
the activated sludge treatments in removing soluble organic carbon can be due to lower biological
activities and thus weaker “ecological barriers” for E. coli. It was in fact highlighted in literature by
long time how predation, especially by protozoa, is the main mechanism determining abatement of
fecal bacteria in biological treatments (van Der Drift et al., 1977; Loge et al., 2002). Non-optimal
conditions of activated sludge may also cause the formation of smaller and less settling flocs, thus
more difficultly removable by secondary settlers and filters. This could be another reason why
increase in SST and turbidity work as predictors of increases in E. coli concentration.

Overall, there are some big discrepancies among the results from the three different datasets that
worth to be discussed. First of all, as already mentioned, dataset 1 leads to models which are
completely different from the other two cases, because in WWTP1 occurrence of intense rain events
resulted as the only cause of sharp increases in E. coli concentration, determining variations of one
order of magnitude. Results coming from dataset 1 are then really site-specific and no general
interpretation of the phenomena can be inferred. The different ranges of variability of E. coli
concentration in the different datasets, highlighted in Figure 2 and 3, have to be considered as well.
Data from dataset 1 are mainly comprised between 1,000 and 10,000 CFU/100 mL, with a minor
portion of data regarding wet weather conditions, which reach about 60,000 CFU/100 mL.
Differently, data from dataset 2 range between 10,000 to 500,000 CFU/100 mL. Similarly, COD,

TSS, UV254 and turbidity data vary in different ranges in the three datasets. The three datasets
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complement each other and thus their combination allows to better explore their space of variability
and consequently reveal more relationships with E. coli concentration. This is one of the reasons
why predictors ranking changed completely from dataset 1 to dataset 2: in the latter case the wider
distribution of data in their variability space allows to the regression analysis to catch the role of
turbidity in predicting E. coli concentration. Since dataset 3 is the sum of all the collected data from
all the three studied WWTPs, it is the one having the most complete picture on E. coli concentration
and wastewater quality variability and thus, in addition to turbidity, it can capture the role of
additional predictors, being UV254, COD and TSS.

SA on ANN-based soft sensors revealed that interactions among predictors are responsible of an
important portion of the total variance (25-30%). This result, together with the significant increase
in performances with respect to the linear models, highlights that the relationship between E. coli
concentration and wastewater quality characteristics is mainly nonlinear and thus a family of
nonlinear models, like ANN, is the best candidate for soft sensor.

In conclusion, the coupling of model selection techniques and SA, revealed how wastewater
characteristics can be screened and prioritized in order to understand which are essential to build an

effective predictive model as an E. coli soft sensor.
3.4 Example of model deployment over a scenario

Figure 4 reports predictions during the time window of the ANN-based soft sensor calibrated on
dataset 1. The single ANN model predictions approximate well almost all the test measurements.
Importantly, the soft sensor catches the increase in E. coli concentration occurring around
01/11/2018, which coincided with intense rain events. Even if the model cannot explicitly
discriminate between dry and wet weather conditions, it captures the sharp increase in E. coli
concentration thanks to the wastewater quality variables which are real-time monitored and can
work as proxies of a higher contribution of stormwater to the overall flow rate. Thus, the model

testing support the interpretation of SA results previously reported.

18



Journal Pre-proof

Predictions from bootstrap averaging of the ANNe are also reported in Figure 4. Average
predictions are similar to the single ANN model, except for the wet weather condition cases. In this
period, average predictions of the ANNe are significantly lower than the single ANN, leading to a
dramatical underestimation of E. coli in a critical event. However, the bagging approach has the
advantage of producing an estimate of the confidence interval of the prediction: the 95% confidence
interval always contains all the observed concentrations of the test subset. The upper bound of the
ANNe is then a valuable reference to describe E. coli concentration when the goal is the
optimization of disinfectant dosage, since it both provides an adequate safety factor and catches the
main fluctuation in E. coli load occurring in the considered time window.

Table 4 reports PAA consumption that would be required during the whole time window
considering the different approaches for E. coli concentration estimation. Consumptions data were
computed for discharge limits equal to 5,000 and 10 CFU/100 mL, which are respectively the limits
for surface water discharge and agricultural reuse in Italy. The BM1 approach was totally
inadequate for the discharge limit into surface water, since the average E. coli concentration
observed in the calibration subset was lower than the discharge limit itself. Considering E. coli as a
constant equal to the observed average leads to a critical underestimation which even leads to
conclude that no PAA dosage would be needed. Considering all the other approaches, as expected
the BM2 brings to the highest PAA consumption, guaranteeing a good safety factor, since only the
most critical E. coli concentration is underestimated. When the single ANN model is used, a PAA
mass saving is obtained, being, respectively, 57% for the discharge limit in surface water and 55%
for the reuse limit. Moreover, even if E. coli concentration is often underestimated, the error is quite
small (Table 3). Lastly, when the ANNe is used, considering the upper bound of the 95%
confidence interval, a reduction in PAA consumption of 12% and 25% and a wide enough safety

factor, in order to never underestimate E. coli concentration, were obtained.
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4  Conclusions

In this study an innovative soft sensor based on “black-box” regression models is proposed for
real-time virtual monitoring of E. coli concentration at the inlet of full-scale disinfection units.
Relying on data from three WWTPs, soft sensor regressors using different physical and chemical
characteristics as predictors were calibrated and gave satisfying performances. Performances of the
ANN-based soft sensors were significantly higher than any linear model tested, highlighting the
importance of nonlinearities and interactions in the relationships between wastewater physical and
chemical characteristics and E. coli concentration.

Based on the results of the sensitivity analysis, in one case study, the soft sensor was able to
capture E. coli concentration variations due to intense rain events by exploiting pH and conductivity
as proxy variables of the presence of stormwater in the flow rate. Differently, when data coming
from all the case studies are considered, variables describing a general worsening of the upstream
treatment efficiency, being COD, UV absorbance, TSS and turbidity, resulted as the driving
predictors. Discrepancies of the results among the datasets underlined how this kind of black-box
regressor can have strongly site-specific validity when data from just one case study are considered.
The combinations of data from three WWTPs effluents allows to develop a model which was likely
more generalizable. Then, this work could be additionally developed by collecting a bigger dataset
with data coming from a higher number of WWTPs, which could more robustly substantiate general
conclusions on the physical cause-effect relationships describing the phenomena.

The ANN-based soft sensor was tested over a scenario of wastewater quality and the model
predictions of E. coli concentration were used to simulate the control of the dosage of a PAA
disinfection treatment. The simulation highlighted the significant benefits of the deployment of an
E. coli soft sensor both in terms of PAA saving (up to 57%) and process reliability.

This study highlighted the potential of the soft sensor solution to unlock a new dynamic

approach in optimization and control of disinfection which accounts for the indicator bacteria load
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dynamics, by-passing the drawbacks of laboratory culture methods and new on-line bacteria
sensors. Different regularization techniques were compared, in order to deal with a limited dataset.
Establishing a monitoring routine of indicator bacteria at the inlet of WWTPs disinfection by plant
managers could help in building big enough datasets to improve the soft sensor robustness before
deployment. Particularly, other important parameters could be monitored and studied, such as
dissolved oxygen concentration, which could affect microbial vitality. After an initial intensive data
collection, the monitoring protocol should include a periodical data collection in order to perform
proper model maintenance, since black-box regression models could be biased by unexpected
modifications in the underlying physical system.
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Table 1 Datasets used for soft sensor development: predictor variables, number of data available and source WWTPs.

Predictors Dataset 1 Dataset 2 Dataset 3
pH ° . °
Conductivity o o .
Temperature °

Turbidity o o .

TSS o o .
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COD

UV absorbance

N °
NO:,) °
NHI ° ° °
Flow rate o
Dataset size 42 32 74
Calibration  subset | 33 26 62
size
Test subset size 9 6 12
Source WWTP1 WWTP2+WWTP3 WWTP1+WWTP2+WWTP3
Table 2 — Physical/chemical characteristics of sampled wastewater streams
WWTP1 WWTP2 WWTP3
pH 6.84+0.13 7.31+0.27 7.7940.32
(6.64; 7.03) (6.94; 7.95) (7.33; 8.77)
Conductivity 777.52+89.6 807.23+26.38 604+108
(599.4; 865) (735; 836) (458; 800)
Temperature 20.2+2.9 - -
(16.4; 24.5)
Turbidity 1.964-0.84 3.09+1.34 4.95+1.92
(1.21; 3.98) (1.44; 6.35) (2.25; 9.27)
Total 2.8+2.5 6.11+4.49 8.81+8.32
suspended (0.1; 8.8) (0.93; 16.4) (2.95; 29)
solids
Chemical 9.96+4.56 15.85+1.71 29.47+14.51
oxygen demand | (4.71; 20.50) (13.5;18.9) (9.59; 52.50)
UV absorbance | 0.071+0.018 0.12140.022 0.080+0.025
at 254 nm (0.04; 0.115) (0.099; 0.171) (0.051; 0.150)
Total nitrogen - 8.45+2.68 10.00+3.31
(4.19; 12.8) (6.37;16.80)
Nitrates - 6.2442.53 23.544+11.74
(2.829; 12.06) (12.80; 41.50)
E. coli 7892+11888 27000+12000 177377+230441
(1010; 57000) (7900; 44000) (3000; 730000)
Flow rate 1.5+0.59 - -
(0.72; 2.93)
Rainfall 0.5+0.8 - -
(0.2;9.0)
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Table 3 — R?>, MAE (mean absolute error) and MAPE (mean absolute percentage error) computed on test data subsets for the

developed soft sensor regressors.

Model Dataset 1 Dataset 2 Dataset 3

R? MAE MAPE | R? MAE | MAPE | R? MAE | MAPE
BM1 -base | - 7728 55% | - 193130 | 290% | - 29894 | 198%
error rate
BM2 - 22133 495% | - 291983 | 3300% | - 55123 | 1820%
MLR 0.25 7420 40% | 0.39 142420 | 215% | 0.4 22633 | 103%
RR 0.31 7289 42% | 0.22 161827 | 261% | 0.32 23515 | 177%
PCR 0.41 6980 40% | 0.24 152422 | 206% | 0.30 22765 | 195%
PLS 0.41 6995 41% | 0.18 155602 | 253% | 0.33 22659 | 185%
ANN 0.60 2337 29% | 0.71 114515 | 130% | 0.79 11686 | 47%

Table 4 — Mass of consumed PAA (peracetic acid) and number of under-estimation cases for every modeling approach estimating

E. coli concentration entering the disinfection unit (No).

PAA (kg) N, > N, cases
Discharge limit (E. coli, CFU/100 mL) 5,000 10
BM1 0 1,084 6/9
BM2 798 4,589 1/9
ANN 140 2,050 719
ANNe (97.5%) 703 3,433 0/9
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