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Abstract

In this work, a mechanistic dynamic model of continuous flow peracetic acid (PAA) disinfection
was developed, calibrated and validated, assuming E. coli as indicator microorganism. The model
was conceived as a 1-dimensional dispersion model integrating PAA first order decay and E. coli
inactivation rate. Lab-scale batch experiments of PAA decay and E. coli inactivation experiments
were performed to calibrate corresponding kinetic models. In each sample, conventional wastewater
quality parameters were monitored. A PAA pilot reactor was set up to perform both tracer studies,
for dispersion model calibration, and continuous flow disinfection experiments, to validate the
integration of hydraulics and kinetics models, under both stationary and dynamic conditions. Linear
regression models were calibrated to predict hydrodynamic dispersion, given the flow rate, and
PAA decay parameters, given effluent quality and PAA dosage.

Successful validation of the PAA disinfection model proved the importance of (i) considering
the disinfection process as a dynamic system and (ii) integrating real-time estimation of process
disturbances, being the initial E. coli concentration and the impact of effluent quality and PAA
dosage on PAA decay kinetics. Importantly, novel inactivation models were proposed, as two
different modifications of a literature model for thermal inactivation. These models are suitable for
dynamic simulation of Eulerian models and can describe the typical triphasic behavior of

inactivation kinetics.
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1 Introduction

Chemical disinfection is one of the most widespread solutions for pathogen removal from
wastewater, guaranteeing high inactivation efficiencies for bacteria, viruses and protozoa, while
requiring simple and cheap facilities and equipment which are easy to be managed (White, 2010).
Main drawbacks of most of chemical disinfectants are the formation of toxic disinfection by-
products (DBPs) and a relevant ecotoxicological impact on natural waters due to both residual
disinfectant and DBPs (inter alia: Yang et al., 2013, Du et al., 2017, How et al., 2017). Therefore,
disinfectant dosage has to be optimized in order to guarantee the required pathogen reduction while
minimizing residual concentration of disinfectant and process cost. In wastewater treatment, this
goal is challenged by fluctuations in quality and flow rate of wastewater streams to be disinfected,
which affect process efficiency. This variability is mainly due to the daily variability of raw
wastewater quality and flow rate, and of the efficiency of upstream treatments. The change of
wastewater quality impacts on decay kinetics of disinfectants (Wang et al., 2019, Dominguez
Henao et al., 2018, Dominguez Henao et al., 2018), while flow rate variations cause different
hydrodynamics in the disinfection contact tank. These dynamic conditions impact the two
fundamental operating parameters in determining process efficiency: the concentration of
disinfectant and contact time. Design, optimization and control of chemical disinfection require
then a model of the process, which account for the impact of changing wastewater quality and flow
rate when estimating pathogen inactivation.

One of the first systematic approaches to disinfection modeling was the Surface Water
Treatment Rule (SWTR) and it was conceived for a highly conservative design of disinfectant
dosage (USEPA, 2006). The SWTR assumes that the “dose” (CT), defined as the product of
disinfectant concentration and residence time in the contact tank and expressed as mg L' min, is the
primary factor determining disinfection efficiency, and reported CT tables for a variety of

disinfectants, linking CT values to inactivation levels. The assumption on the importance of the
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dose is the basis of most of the following modeling approaches to disinfection, but still the SWTR
is too conservative in the way the dose was estimated. The SWTR assumes that the retention time at
which 10% of the water passes through the contact tank (Ti0) and the residual concentration of
disinfectant after the average hydraulic retention time have to be considered to compute the CT
value, without accounting for specific characteristics of hydraulics and kinetics of the case study.
This is the consequence of a single-objective approach, which look for a high safety factor when
considering pathogen inactivation, while neglecting the environmental and economic impact of
unnecessary overdosage. The modeling approach introduced by the Integrated Disinfection Design
Framework (IDDF) (Ducoste et al., 2001) represented a fundamental shift towards a site-specific
modeling of continuous flow disinfection. IDDF integrates sub-models of contact tank hydraulics,
disinfectant decay, DBPs formation and microbial inactivation kinetics, which are all calibrated on
the case study of interest, allowing to optimize dosage while considering the specificity of
disinfectant, wastewater and reactor characteristics. However, IDDF was primarily developed for
drinking water and considers disinfection as a stationary process, with constant water quality and
flow rate, which makes it very approximate for realistic wastewater applications.

More recently, variability of disturbances and model uncertainty were included in wastewater
disinfection modeling, leading to more accurate and robust predictions of process efficiency. A first
group of studies proposes stochastic models, which characterize the variability of process inputs
and parameters as probability distributions (infer alia: Neumann et al., 2007; Santoro et al., 2015).
This kind of approaches provide useful tools to deal with disturbances variability and model
uncertainty, but they do not explicitly explain how time variability of wastewater quality and flow
rate impact on the dynamic behavior of the disinfection process. In fact, variability and uncertainty
are described as static probability distributions and propagated onto disinfection efficiency
predictions by Monte Carlo simulations of the disinfection reactor under stationary conditions.
Manoli et al. (2019) made a fundamental step forward in predicting the temporal dynamics of

chemical disinfection, by modeling the process over time as succession of stationary conditions.
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The contact tank was modeled as a Tank-in-Series (TIS) model (Levenspiel, 1999), a series of ideal
continuously stirred tank reactors. At each time step, residual peracetic acid (PAA) and E. coli
concentrations were estimated with the Segregated Flow Model (Crittenden et al., 2017), using the
current value of flow rate and PAA concentration at the reactor inlet. Elhalwagy et al. (2021)
developed a disinfection model based on computational fluid dynamics to describe contact tank
hydraulics and adding the description of the impact of solid settling on disinfectant decay and
microbial inactivation. Despite these recent advances, wastewater disinfection was rarely modeled
as a dynamic process and still a dynamic model of disinfection needs to be validated.

Statistical regression models represent an effective alternative to previously described
mechanistic approaches whenever lack of knowledge on specific phenomena affecting disinfection
can be compensated by directly capturing input-output relationships in data. For example,
regularized linear models (inter alia: Kadoya et al., 2020, Kadoya et al., 2021) and neural networks
(Newhart et al., 2021) were used to predict process efficiency and/or residual concentration of
disinfectant. Moreover, data driven models, like neural networks, were used to build surrogate
models of their mechanistic counterparts (Wei et al., 2020), with much lower computational time,
unlocking applications in optimization and control.

This work aims at conceiving, calibrating and validating a mechanistic dynamic model of PAA
disinfection. The process was described by a 1-dimensional advection-diffusion-reaction model,
integrating PAA decay and inactivation kinetics. Impact of varying wastewater quality and flow
rate on kinetic and hydraulic parameters was estimated by means of regression models. PAA decay
and inactivation kinetic models were calibrated in lab-scale batch experiments. E. coli was used as
indicator microorganism. A statistical regression model was calibrated to predict the impact of
changing wastewater quality on PAA decay kinetics. The 1-dimensional advection-diffusion
transport model was calibrated over tracer studies carried out on a pilot reactor. Finally, the overall

1-dimensional advection-diffusion-reaction model, integrating kinetic and hydraulic models, was
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validated over pilot-scale continuous flow disinfection experiments, both in stationary and dynamic

conditions.
2  Materials and Methods
2.1 Model development

A mechanistic model of PAA disinfection was developed, integrating the description of contact
tank hydraulics (paragraph 2.1.1), kinetics of PAA decay (paragraph 2.1.2) and kinetics of E. coli
inactivation by PAA (paragraph 2.1.3). The PAA disinfection model was then calibrated and
validated at pilot-scale under both stationary flow rate conditions (paragraph 2.1.4), and dynamic

conditions (paragraph 2.1.5).

2.1.1 Contact tank hydraulics
A 1-dimensional advection-diffusion-reaction model, also known as dispersion model
(Levenspiel, 1999), was used to describe fate and transport of reactive substances through the

contact tank:

ds ds dzs ds
E——Ua'l'l)ﬁﬁ'(z)r (Eq 2.1)

where S (mg L) is the concentration of a generic reactive substance, x (m) is the spatial

coordinate indicating the distance from the inlet of the contact tank, v (m min™) is the flow velocity
. . . . . d . .
along x and D (m? min) is the dispersion coefficient. (d—i) (mg L' min!) is the rate of the
T

reaction involving S. The model assumes that S is constant over the cross-sectional area of the
reactor. The model does not explicitly describe the flow inversions due to the chicane of the contact
tank and considers it as a linear channel. The additional mixing and dispersion due to flow
inversions is then incorporated in D.

Two models were compared for contact tank hydraulics, being: (i) a single dispersion model

(SDM) (Figure 1.a), describing the contact tank as a single linear channel, and (ii) the parallel
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connection of two dispersion models (PDM), describing the tank as two parallel linear channels
with a final blend of flow rates (Figure 1.b). In this second case, total flow rate and cross-sectional
area are split between the two dispersion models according to two parameters a and f3, respectively,
with a, § € [0,1].

Equations describing the response of the dispersion model to an impulse of a non-reactive
substance under open-channel boundary conditions were used to calibrate D on tracer studies data

(Crittenden et al., 2017):

(1-6)?

e wd , d>0.01

1% Vard
E(®) = - Cpuise = 4”1 T e (Eq.2.2)
me «d , d<0.01
D
d= - (Eq. 2.3)
t

where M is the mass of the injected tracer, V (m?) is the contact tank volume, Cpuise 1s the

concentration of tracer leaving the contact tank at time t (min), d is the dispersion number (-),
which measure the axial dispersion of the contact tank, HRT (min) is the average hydraulic
retention time in the contact tank, L (m) is the length of the path along x from the inlet to the outlet
of the contact tank. E(9) is a dimensionless function known as residence time distribution
(Levenspiel, 1999). The SDM impulse response is directly described by Eq. 2.2, the PDM impulse
response is the result of the combination of the two channels:

E®) =aE,(9) + (1 —a)E,(9) (Eq. 2.5)

E(9) function was calibrated on tracer experiments (see paragraph 2.2) at different flow rates,
considering one at a time datasets from each tracer experiment and getting a different
parametrization for each flow rate value. Empirical models of D, @ and f as linear, power and

exponential functions of flow rate were then calibrated.
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Figure 1 — Schemes of the two options for the hydraulic model of the pilot contact tank.

2.1.2 PAA decay
PAA decay was modeled with the Haas and Finch model (Haas and Finch, 2001), which implies

first order decay rate (k) and instantaneous oxidative demand (OD) after dosage:

d% = —kPAA (Eq. 2.6)

PAA(t) = (PAA — OD)e™*t (Eq. 2.7)

with PAA (mg L") as PAA concentration, PAA, (mg L) as PAA dosage, and k (min!) and OD
(mg L") as model parameters to be calibrated.

Least Absolute Shrinkage and Selection Operator (LASSO) (Tibshirani, 1996) was used to
identify and calibrate linear models to predict k and OD in the effluent, given monitored
conventional wastewater quality parameters as potential predictors (see paragraph 2.2). In LASSO
regression, optimal coefficients of a linear model are found by minimizing a penalized residual sum

of squares plus a penalty proportional to the sum of the absolute values of coefficients:
SSESS0 = ¥iLi (vi — 9% + AL}, 1Bl (Eq. 2.8)

where y; are the observations, J; are the predicted values, N is the size of the sample and ; are

model parameters. LASSO has the advantage of shrinking continuously towards zero coefficients of

irrelevant predictors during SSEX4559 minimization, thus leading to a sparse model with a reduced

7
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number of predictors. The value of 1 was tuned by minimizing Mean Squared Error (MSE) within a
Leave-one-out Cross-validation (LOOCV) procedure (Hastie, 2009). Then, the final model was

calibrated on the whole dataset by LASSO using the optimal value of A.

2.1.3 E. coliinactivation

Four models were compared for E. coli inactivation: (i) Dose Model (DM) (Dominguez Henao et
al., 2018b); (ii) Double Exponential Model (DEM) (Santoro et al., 2015); (iii) and (iv) two modified
versions of the Geeraerd inactivation model (MGM1 and MGM?2) (Geeraerd et al., 2000).

The DM describes inactivation by PAA in batch conditions as:

N k'D™
logN—0 = — T ohD (Eq. 2.9)
d(t) = [y cdt = (“=22) (1 — e7*0) (Eq. 2.10)

where Ny and N (CFU/100 mL) are the initial concentration of bacteria and the concentration at
time ¢, and k', n and h are model parameters. D(t) (mg L*' min) is the disinfectant dose at time t,
i.e. the integral of PAA concentration up to time t. This definition of the dose synthesizes the
combined variation of PAA concentration and contact time, while accounting for the progressive
loss of PAA concentration due to decay. DM can effectively describe with only 3 parameters the
triphasic behavior of PAA inactivation kinetics, made of a first /ag, followed by a sequence of a
log-linear phase with high inactivation rate and, finally, by a sharp decrease of inactivation rate
phase (tailing).

The DEM postulates that the high-rate log-linear phase of inactivation is mainly due to the rapid
inactivation of dispersed free-swimming bacteria, while the final tailing with slower rate is caused
by the shielding effect that protects bacteria which aggregate on suspended solid particles. The total
population of bacteria in the undisinfected effluent is then assumed to be divided in free-swimming

and particle-associated bacteria and the inactivation kinetics is described by:

dN ¢
dtf = —aNpsPAA (Eq. 2.11)
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dNpq
dt

= —bN,,PAA (Eq. 2.12)
N = N¢g + Npg = Nge ™ + (1 — §)Nye ™4 (Eq. 2.13)
where Ngg (CFU/100mL) is the concentration of free-swimming bacteria, N,, (CFU/100mL) is

the concentration of particle-associated bacteria, § is the percentage of Nys in the total

concentration of initial bacteria (N,). The model parameters are a, b and 6.

As for MGM1 and MGM2, the first one is based on the same assumption as DEM on the
presence of free-swimming and particle-associated bacteria, but it assumes a different inactivation
kinetics for the first group, that can describe the initial lag, under the hypothesis that the lag is due
to the presence of components (C) protecting bacteria from inactivation (Geeraerd et al., 2000).

Here it is then assumed that C undergoes a second order inactivation dependent on PAA

concentration. MGM1 is then formulated as:

deS _

o = MNgsPAA (Eq. 2.14)
(o 1
N = Nmax (1 - H) = Nmax o5 (Eq. 2.15)
C
X=-- (Eq. 2.16)
ax
= = “NMmaxPAAX (Eq. 2.17)

where the Michaelis-Menten based kinetics 7 is introduced in the inactivation rate of bacteria. K
(units cell™!) stands for the value of C (units cell’!) where 1 equals half of its final value, which is 1.
X can be interpreted as a measure of the physiological state of the population (Geeraerd et al.,

2000). The integral form of Eq. 2.14 and of the MGMI1 kinetics are given respectively by:

Nfs  Xo+1

Nfso - X0+eTImaxd (Eq 218)

N =R 4 (1— §)Npe ™ (Eq. 2.19)
Xo+ellmaxd 0 g. <.

MGM2 was defined as MGM1, except for the decay of X (and, consequently, C), which was

described as a first order decay, not depending on PAA concentration:
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dx
s —NmaxX (Eq. 2.20)

MGM2 cannot be integrated analytically and was then solved numerically.

2.1.4 Prediction of residual E. coli and PAA concentrations under stationary flow rate conditions

Residual E. coli and PAA concentration at the outlet of the pilot contact tank during continuous
flow disinfection at constant flow rate were predicted with the SFM (Levenspiel, 1999). The SFM
works under the assumption that all the fluid elements are segregated, namely they do not mix or
interact with each other. Therefore, the amount of any reaction that takes place in each fluid
element is estimated and then the elements are mixed at the end of the reactor. Usually, every
fraction of fluid is approximated by a batch reactor with the same contact time of that fluid fraction
retention time, identified by the E(¥9) function. The prediction of residual bacteria and PAA

concentrations by SFM can be then formalized as a convolution integral:

PAA gy = PAA, []° PAApgecn (DE(t)dt (2.21)
Nout = Ny J; Npaeen (E (£)dt (2.22)
E(t) = tE(9) (2.23)

where E(t) is the RTD function defined over time and t (min) is the average contact time.
PAApqecn(t) and Npgecn(t) are PAA and bacteria concentration trends, respectively, in batch

conditions, defined by models described in paragraphs 2.1.2 and 2.1.3.

2.1.5 Prediction of residual E. coli and PAA concentrations under dynamic flow rate conditions

Residual E. coli and PAA concentration at the outlet of the pilot contact tank during continuous
flow disinfection at variable effluent flow rate and water quality was simulated by numerical
solution of the dispersion model in its derivative form. Fate and transport of bacteria and PAA
through the contact tank were described as:

dNgs _ngfs dszS
dt A dx +D(Q) dx?

— N;sPAA (Eq. 2.24)

10
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ANpa _ _ QANpa d’Npa

2 = 4 ax TPQ@ 5 —bNpPAA (Eq. 2.25)
dPAA _  QdPAA d*pPAA

w = " aa TP@— 7 —k(@PAA (Eq. 2.26)

Equations are reported assuming MGMI1 as inactivation model, but can be straightforwardly
derived for DEM or MGM2 by replacing the reaction term in equations 2.17 and 2.18. Dispersion
parameter D is dependent on flow rate (Q), while PAA decay parameter k depends on wastewater
quality parameters (q) at time t. g corresponds to the group of water quality parameters which were
selected as good predictors of k by LASSO regression (paragraph 2.1.2). In the case of PDM, Eq.
2.24-2.26 were solved for the two channels and concentrations flowing out the contact tank were
computed as the final blend.

E. coli concentration at the inlet of the contact tank was predicted by a linear regression model,
calibrated according to LASSO and LOOCV (paragraph 2.1.2), considering wastewater quality

parameters as predictors (paragraph 2.2).

2.1.6  Model uncertainty

Model uncertainty was assessed by non-parametric bootstrap (Efron & Hastie, 2016).
Parameters of each model were repeatedly tuned on n bootstrap samples with replacement
independently drawn from the original data, resulting in n different estimates p; of each parameter
p;. Probability distribution and confidence interval of p; were then approximated by the observed
distribution of p;.

Model uncertainty was propagated on the predictions of the continuous flow disinfection model
(paragraph 2.1.6) with Monte Carlo simulation of size n. Confidence intervals were estimated as
delimited by 5" and 95™ percentiles of model outputs simulation, while point estimates were
computed as the median of model outputs simulations, according to the bragging approach
(Bithlmann, 2003). Results from the combination of bootstrap resampling and Monte Carlo
simulations were compared with deterministic simulations, where model parameters were tuned

without bootstrap resampling.
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2.1.7 Experimental plan

The experimental plan was designed to calibrate kinetic models of PAA decay and inactivation
of E. coli and the hydraulic model of the contact tank, and to validate the integration of such models
to predict PAA and E. coli residual concentration in a continuous flow disinfection process, both in
stationary and dynamic flow rate conditions.

PAA decay and disinfection experiments in batch conditions were carried out in the laboratory
on grab samples of the undisinfected effluent collected in Peschiera Borromeo municipal
wastewater treatment plant (WWTP) in Milan urban area (Italy), between 02/09/2019 and
28/01/2020, during random moments of day and week. The WWTP (440.000 PE) includes a
primary sedimentation stage, followed by a suspended biomass nitrification/oxidation and
phosphorous removal by aluminium chloride. The stream quality is then refined by a double stage
biofilter (BIOFOR®, Suez) performing nitrification, denitrification and suspended solids filtration.

Each collected sample was characterized by pH, conductivity (CND), temperature (T), total
suspended solids (TSS), turbidity (TRB), chemical oxygen demand (COD), ultraviolet absorbance
at 254 nm (UV254), total nitrogen (TN), ammonia (NH4") and nitrate (NO3").

Tracer experiments were carried out on the pilot contact tank at 5 flow rates (35, 60, 80, 100, 130
L min™"). An impulse of 0.1 kg of NaCl was pumped at the inlet of the contact tank and conductivity
was monitored over time at the outlet.

PAA disinfection experiments in continuous flow conditions were carried out at pilot-scale in
between 14/11/2019 and 10/12/2021, under both stationary and dynamic flow rate conditions.

Experiments are summarized in Table 1, including details about data use in model calibration or

validation.
Table 1 — Summary of the experimental plan. Sampling points refer to Figure 2.
D Typ‘e of Condition Scale Flow Measuf'ed N umper of Samplmg Modeling
experiment rate quantity experiments points phase
Tracer calibration
continuous  pilot stationary - conductivity 5 P1 of hydraulic model
study (par.2.1.1)

12



311

312

313

314

315

316

317

318

319

320

321

322

323

PAA - PAA calibration
decay batch lab - - wastewater 27 P1 of PAA decay
quality (par. 2.1.2)
E coli - E. coli calibration
Lo batch lab - — wastewater 7 P2 of PAA inactivation
1nactivation .
quality (par. 2.1.3)
- PAA validation
disiig:?tion continuous  pilot stationary gai?éévater 9 P1; P2 of dﬁgggtlon
quality (par. 2.1.5)
- PAA
- E. coli validation
PAA . . . — turbidi of disinfection
disinfection continuous  pilot  dynamic conduc;[t};vity 2 PL; P2 model
- pH (par. 2.1.6)
- UV254

2.1.8 Pilot plant

A pilot-scale disinfection plant was set up in the WWTP. It is a 2.2 m® open channel chicane

and outlet (P2) of the contact tank, as highlighted in Figure 2.

13

type reactor, whose horizontal and vertical sections are reported and detailed in Figure 2. The plant
inlet is equipped with an online propeller flow meter (Digiten FL-1608), a motor valve (Burkert
3285) and a peristaltic dosing pump (SEKO) for PAA dosage. All devices are connected to an
Arduino UNO programmable board for flow rate readings, control of valve opening and dosing
pump flow rate. The contact tank was fed on the undisinfected tertiary effluent of the WWTP, by a
centrifugal pump (DAB) withdrawing from the inlet of the full-scale disinfection contact tank. The
pilot plant enabled continuous flow disinfection experiments under constant flow rate or arbitrary
flow rate patterns and real-time wastewater quality variations. Samples for batch (lab-scale) and

continuous flow (pilot-scale) disinfection experiments and tracer studies were collected at inlet (P1)
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Figure 2 — Scheme of the disinfection pilot plant (not in scale).

2.1.9 Lab-scale decay and disinfection experiments

1-h PAA decay tests on effluent samples were performed in completely mixed batch reactors
(CMBR) mixed by magnetic stirrer at room temperature (20 £ 1 °C). In each experiment, PAA
commercial solution was added to the effluent to obtain the given PAA initial concentration.
Sample aliquots were collected at five contact times (2, 5, 10, 30 and 60 min) to measure residual
PAA concentration. Decay experiments were carried out on 9 samples collected at an initial PAA
concentration of 1, 2 and 5 mg L, for a total of 27 experiments, evaluating PAA residual
concentration.

In disinfection experiments, carried out in the same setup of PAA decay tests, 7 undisinfected
effluent samples were exposed to different combinations of PAA concentration (1 to 5 mg L) and

contact time (1 to 60 minutes), resulting in monotonically increasing disinfectant doses (1 to 270

14
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mg L' min). E. coli concentration was measured in each sample before and after the exposure to

each dose level.

2.1.10 Pilot-scale disinfection experiments

Continuous flow disinfection experiments were performed on the pilot contact tank, fed with the
real WWTP undisinfected tertiary effluent and thus with variable effluent quality conditions. PAA
was continuously dosed at constant concentration.

In stationary conditions experiments, flow rate was kept constant, while PAA and E. coli
concentration was measured at the outlet after 4 times the average HRT. At the same time, a sample
was collected at the inlet, where pH, CND, T, TSS, TRB, COD, UV254, TN, NHs" and NO3™ were
measured. Stationary flow rate experiments were carried out in 9 combinations of PAA dosage (1.5,
3 and 4.5 mg L) and flow rate (50, 70 and 100 L min™!). PAA and flow rate values were chosen to
be different from the calibration phase, but still avoiding extrapolation.

In dynamic conditions experiments, flow rate varied according to fluctuating patterns (40 to 140
L min’!, with HRT ranging between 17 and 55 min), while PAA concentration was kept constant at
1 mg L (1% experiment) and 3 mg L' (2" experiment). PAA concentration at the outlet of the
contact tank was measured every 10 minutes. E. coli were measured both at the inlet, every 60
minutes, and at the outlet of the contact tank, every 20 minutes. TRB, pH, CND and UV254 were

measured each 10 minutes at the inlet. Experiments lasted 5 hours each.

2.2 Chemical and microbiological analyses

PAA residual concentration was measured by the DPD method according to Dominguez-Henao
et al. (2018). 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
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turbidimeter (VELP Scientifica) and 1-cm optical path laboratory spectrophotometer (Hach
DR6000). pH and conductivity were measured with a multiparameter probe (HACH HQ40d).

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. Inoculated plates were incubated at 37 °C for 24 h. E. coli and TC were expressed

as CFU in 100 mL volume.

2.3 Data processing

Models described in paragraphs from 2.1.1 to 2.1.4 were calibrated with the software R (version
4.0.1). Package nls 0.2 was used for nonlinear regression and package glmnet 4.0 was used for
LASSO. Mathworks Matlab R2021b was used for simulations described in paragraphs 2.1.4 and
2.1.6. Matlab Partial Differential Equation Toolbox was used for numerical solution of ordinary
differential equations for simulations of disinfection according to the dispersion model (Eq. 2.24 to

2.26).

3 Results and Discussion

Firstly, the three sub-models constituting the mechanistic model were calibrated (paragraphs 3.1
to 3.3) on data derived from tracer study and batch decay/inactivation tests. The calibrated models
were then used to predict E. coli and PAA concentration at the outlet of the pilot reactor during
continuous flow disinfection (paragraphs 3.4 and 3.6). For dynamic simulations, considering the
time-varying flow rate and wastewater quality, the concentration of E. coli at the inlet of the pilot

reactor was estimated in real-time.
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3.1 Calibration of the hydraulic model

Model parameters of SDM and PDM (paragraph 2.1.1) were estimated by nonlinear regression
using tracer tests data performed at different HRT, ranging between 17 and 56 minutes. Results of
model calibrations are reported in Table S1. The PDM fitted experimental data much better
(adjusted R%: 0.861 to 0.961) than the SDM (adjusted R%: 0.462 to 0.946), suggesting that the flow
through the contact tank could be described as two parallel non-mixing fluxes with different
longitudinal dispersion. PDM fit of experimental tracer data is reported in Figure 3a. This result is
consistent with previous studies on the effectiveness of compartment models in describing
hydrodynamics of chemical disinfection reactor, which highlighted that most of contact tanks are
best described by two TIS models (Gorzalski et al., 2018), which can be considered as equivalent of
dispersion models (Levenspiel, 1999). PDM parameters suggest that the model is defined by a main
“low-dispersion” flux (D;=0.24-0.56) and a secondary “high-dispersion” flux (D;=0.93-10.88). The
lower the total flow rate, the higher the importance of the “low-dispersion” flux, as can be argued
by values of parameter a (0.51-0.87) and £ (0.40-0.89). Interestingly, dispersion in the “high
dispersion” flux decreases with flow rate, while the opposite happens for the other flux. The
variation of the estimated parameters with flow rate evidenced how velocity in the contact tank
impacts on its overall hydrodynamic behavior, determining the degree of the shift from the ideal
plug-flow model (Furman et al., 2005, Zheng & Mackley, 2008). Empirical linear models were
calibrated to describe the relationships between flow rate and each PDM parameter. Model
equations, coefficients of determination and statistical significances are reported in Table 2, while
models fits are reported in Figures 3b-e The integration of these equations in the PDM makes it able
to account in real-time for changes in hydrodynamic behavior of the contact tank due to flow rate

fluctuations.

Table 2 — Equations, coefficients of determination and significance of the empirical models of the dispersion model parameters

Parameter Equation R? p-value
D, D; = —0.003Q + 0.71 0.965 0.003
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Figure 3 — Fitting of PDM on tracer experiments at different flow rates (a) and fitting of empirical models predicting PDM

parameters at given flow rate (b).

3.2 Calibration of the PAA decay model

Data from PAA decay experiments evidenced high variability of both first order decay rate and
oxidative demand. A single parametrization of the Haas and Finch model was not adequate for a
sufficiently accurate prediction of residual PAA, as reported in Figure S1. Haas and Finch model
was then calibrated on each out of 27 decay experiments. k and OD model fits are illustrated in
Figure 4 and model coefficients and performances are reported in Table 3. LASSO regression
revealed that part of this variability can be explained by two linear models using PAA dosage and
conventional effluent quality parameters as predictors of k and OD. As a result of the LOOCV
procedure, 4 variables (initial PAA dosage, TRB, UV254, TN and NO3") were selected as predictors
of k, as reported in Figure 4a, where MSE reaches its minimum when A is such that only 4 predictor
coefficients are non-zero. This result is consistent with recent findings on PAA. Higher PAA
concentrations imply higher stability of the compound in water and lower decay, while

concentration of suspended solids and soluble organics, which are well correlated to TRB and
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UV254, increase k (Santoro et al., 2015, Dominguez Henao al., 2018a, 2018b, Elhalwagy et al.,
2021). A physical relationship between TN and NO3™ and PAA decay has not been documented and
these two parameters probably work here as proxies of the upstream activated sludge treatment
operating conditions. As for OD, only PAA dosage was selected as predictor (Figure 4c). Despite
some limitations, as the poor performance in OD prediction, both models were integrated in the
disinfection model, in order to estimate in real-time the impact of changing wastewater quality and

dosage on PAA decay.

Table 3 — Results of calibration and LOOCYV for regression models predicting PAA first order decay rate (k), PAA oxidative
demand (OD) and E. coli concentration at the inlet of the pilot reactor. “cal.” (calibration): performances obtained by LASSO

regression on the whole dataset at optimal A. “CV” (cross-validation): performances by LASSO regression from LOOCV.

logqok oD log,oE.coli
PAAy -0.041 0.073 -
pH - - 0.049
CND - - -
T - _ -
TSS - - -
TRB 0.161 - 0.415
COD - - -
UVv254 0.029 - -
TN -0.039 - -
NH* - - -
NO* -0.034 - -0.189
Intercept -2.159 0.164 4.699
cal. Cv cal. CvV cal. Cv
R2 0.67 0.45 029 0.10 0.67  0.58
MAE 0.003 0.004 0.135 0.149 0.385 0.502
MAPE 38% 49% 8.5% 9.3% 8.4% 11.2%
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Figure 4 — Results of LASSO regression and LOOCYV for models of PAA decay kinetic parameters (k and OD).

3.3 Calibration of the E. coli inactivation model

Data collected in lab-scale batch disinfection experiments, reported in Figure 5, revealed the
typical triphasic trend of bacteria inactivation by PAA (inter alia: Rossi et al., 2007, Antonelli et al.,
2013, Santoro et al., 2005, McFadden et al., 2017, Dominguez Henao et al., 2018). Experimental
data suggest an initial lag phase with low inactivation rate for doses lower than approximately 10
mg L' min. Inactivation followed a log-linear trend with a high inactivation rate, between
approximately 10 and 50 mg L' min. Then, for higher doses, there is a tailing phase, with a drastic
decrease of the inactivation rate.

DM, DEM, MGM1 and MGM2 were calibrated on collected data and coefficients, statistical

significance and predictive performance indicators are reported in Table 4.

20



446

447

448

449

450

451

452

453

454

455

456

457

458

459

460

461

462

463

464

465

466

467

468

469

470

471

R?.qj, Akaike Information Criterion (AIC) and Bayesian Information Criterion (BIC) results
suggest that MGMI1 is the best performing model in terms of prediction. MGM1 was formulated
starting from the model presented by Geeraerd et al. (2000). This model was modified in MGM1 by
introducing PAA concentration in the inactivation rate equations, as described in paragraph 2.1.3
(Eq. 2.14-2.17), which makes MGM1 suitable for inactivation by disinfectants. The good fit of the
model suggests that this hypothesis, originally formulated for thermal inactivation, could be
extended to chemical disinfection, where C could work as an aggregated parameter accounting, as
an example, for the presence of several reactive sites to be oxidized on bacteria cell membranes and
of the presence of external polymeric substances (EPS) protecting the cell membrane (inter alia:
Kitis, 2004, Xue et al., 2013). MGM1 was conceived to find a triphasic inactivation model, which
can be used in a Eulerian model in dynamic simulations, like for the dispersion model used in this
work. Inactivation rates defined so far in the literature, which can describe both lag, log-linear and
tailing inactivation phases, are explicitly dependent on time or dose. Examples are the well-known
Hom Model (Gyiirek & Finch, 1998) or the recent inactivation rate developed by Elhalwagy et al.
(2021). This kind of inactivation rates would require a Lagrangian approach, where the time spent
by each simulated bacteria particle in the reactor is known. Differently, a Eulerian model needs an
inactivation rate which only depends on model state variables, like the MGM1. Moreover, the
integral of the MGMI1 for batch conditions has an analytical solution (Eq. 2.19) which depends only
on the PAA dose, being consistent with the assumption on the primary importance of the dose
usually made in disinfection modeling and providing a useful simplified representation of the
inactivation phenomena.

MGM2 shares most of the characteristics of MGM1, except for the definition of C decay rate,
which is a first order not depending on PAA concentration. This assumption implies that the decay
of all the components, which protect bacteria cells from inactivation determining a lag, depends
only on time, whatever is the concentration of PAA. MGM2 can catch a first lag phase with lower

inactivation rate, but lag is less sharp and the transition to the loglinear phase is smoother than for
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MGMI (Figure 5b). This is the main cause of lower predictive performance with respect to MGMI1.
MGM2 still has the advantage of being suitable for a Eulerian model, although the analytical
solution of its integral in batch boundary conditions is not available.

The DM proved lower but similar performance to MGMI, but it needs only 3 instead of 4
parameters. Moreover, all DM parameters are statistically significant, while parameter X, of
MGM1 (as for MGM2) results as not statistically significant. The fundamental drawback of DM is
that it was derived directly in its integral form to describe disinfection in batch conditions
(Dominguez Henao et al., 2018b) and a derivative form of the inactivation rate is not available.

Finally, predictive performances of DEM were the lowest, since it cannot account for the
presence of the initial lag. Due to its limited flexibility in describing the lag phase, performance of
MGM2 were only slightly higher than DEM.

Overall, the comparison of those four inactivation models evidenced how different choices
dramatically impact predicted inactivation for doses corresponding to lag and log-linear phases,
which in this case study are lower than approximately 50 mg L' min. Differently, all models are
approximately equal for higher doses. These considerations are evident in Figure 5b.

DM, as the model with the lowest number of parameters and the highest predictive performance
(as MGM1), was used to model continuous flow disinfection in stationary conditions, according to
the SFM approach (paragraph 3.4). Since DM does not have a derivative form, DEM, MGM1 and
MGM2 were used and compared to model continuous flow disinfection in dynamic conditions

(paragraph 3.6).

;
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Figure 5 — Fit of experimental data by all the considered inactivation model. a) reports model fit and observations over the

complete explored dose range (1-270 mg L' min). b) reports same model fit and observations between 0 and 50 mg L' min.
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Table 4 — Results of inactivation models calibration.

Model Coefficients p-value R AIC BIC n
D k' =1.091 <0.05
(;jz n =0.221 <0.05 0.79 956 104.6
h =15.59 <0.05
Double 6 =0.996 <0.05
Exponential a =0.196 <0.05 0.70 121.4 130.4
(DEM) b =0.013 <0.05
Modified ~ Tmayx = 0.564 <0.05 76
Geeraerd X, =287 0.526
Version 1 6 =0.994 <0.05 0.80 933 104.8
(MGM1) b =0.015 <0.05

Modified Nmax = 0.346 <0.05
Geeraerd Xy =2.534 0.264
Version 2 ) =0.995 <0.05
(MGM?2) b =0.014 <0.05

0.71 119.3 130.6

3.4 Prediction of PAA and E. coli residuals in stationary conditions

The use of the SFM to predict PAA and E. coli concentrations at the outlet of the pilot reactor
was validated in experiments under stationary PAA dosage and flow rate conditions. Plots of
observed against estimated PAA and E. coli concentrations are reported in Figure 6. Two modes of
use of the SFM were compared. In the first case, PAA and E. coli were estimated considering PAA
decay as stationary and independent from wastewater quality: k and OD calibrated on the pooled
data coming from all PAA decay batch experiments were used. In the second mode, PAA decay
parameters k and OD were estimated from current effluent quality parameters using the regression
model described in paragraph 3.2. Results evidenced how accounting for the impact of varying
wastewater quality improved predictive performance. R? increased from -0.22 to 0.28 for PAA
concentration and from 0.86 to 0.88 for E. coli prediction. Despite the improvement, predictive
performance of PAA residual is still globally poor, while prediction accuracy of E. coli remains low
in higher concentration cases, as can be observed in Figure 6b. This was probably because
wastewater quality was not stationary throughout the pilot disinfection experiments, which is not

accounted by SFM, and suggesting the importance of modeling the disinfection reactor as a
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dynamic system, where fluctuations in wastewater quality have to be considered when predicting

disinfectant and bacteria residuals at given time.
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Figure 6 — Results of Segregated Flow Model (SFM) approach under stationary conditions.

3.5 Calibration of the initial E. coli concentration model

E. coli concentration observed in the 19 undisinfected samples of the WWTP effluent were
highly variable, ranging between 1,300 and 730,000 CFU 100 ml'. Since such variability can
drastically impact disinfection efficiency, a regression model was calibrated on collected data to
predict E. coli concentration using monitored effluent quality parameters as predictors, according to
a “soft-sensor” approach which was already explored in similar applications (Foschi et al., 2021).
As a result of LASSO regression and LOOCV procedure, 3 variables were selected as predictors
(Figure 4a), being pH, TRB and NOs", whose coefficients are reported in Table 3. As can be argued
by the absolute value of coefficients, TRB is the most important predictor. As supposed in Foschi et
al. (2021), the increase in TRB could determine a higher contribution of the particle-associated

bacteria fraction in the effluent, due to temporary decrease of upstream treatments efficiencies.

3.6 Prediction of PAA and E. coli residuals in dynamic conditions

The model of PAA disinfection was validated on continuous flow experiments in the pilot
reactor with variable effluent flow rate and quality (paragraph 2.1.5). Time trends of flow rate and

turbidity, as most relevant effluent quality parameter in determining both PAA decay and initial E.
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coli concentration, are reported in Figure 7a-b. The disinfection model proved good prediction
accuracy both for initial £. coli and PAA concentration at the outlet of the pilot reactor.

As reported in Figure 7e-f, PAA concentration was well approximated (R? = 0.84), but some
fluctuations were not caught by the model. Results were compared to predictions of PAA residuals
when neglecting the impact of effluent quality on PAA decay and assuming constant k and OD,
calibrated on pooled lab experiments. As shown in Figure 7e-f, this simplification decreased
prediction accuracy of PAA residual (R?>= 0.57). Most of the worsening is due to predictions in case
of higher dosage, as expected since PAA follows a first order decay rate. Real-time update of PAA
decay according to effluent quality avoided underestimation of PAA residual.

Predictions of E. coli residuals using DEM, MGM1 and MGM2 as inactivation rates were
compared and MGM2 resulted the best option in terms of predictive performance (R? = 0.58). As
reported in Figure 7c-d, the model can reproduce E. coli and PAA dynamics, accounting for the
impact of fluctuations in flow rate and wastewater quality. As can be seen in Figure 7c, MGM2 is
the best option since it better predicts E. coli fluctuations both at 1 and 3 mg L. As already argued
from inactivation models in batch conditions, the choice of the inactivation rate model impacted
mainly the prediction at low dosage, while predictions at higher dosage were approximately
equivalent (Figure 7d). At low PAA dosage, even small variations of contact time or decay rate can
significantly affect the inactivation rate, which can shift among the lag, log-linear and tailing phase.
Differently, higher dosage moves the inactivation rate in the tailing phase, with lower impact of
dose variations. Importantly, E. coli final concentrations were predicted correctly also thanks to

accurate predictions of initial £. coli concentration (Figure 7c-d).
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Figure 7 — Validation of the PAA disinfection model on continuous flow pilot-scale disinfection experiments. a-b) flow rate and
turbidity trends during pilot experiments. c-d) deterministic validation of prediction of E. coli concentration at the inlet and the outlet
of the pilot reactor. e-f) deterministic validation of the predictions of PAA concentration at the outlet of the reactor. g-1) validation of

predictions of E. coli and PAA concentration with Monte Carlo simulation.

Monte Carlo simulations propagated model uncertainty onto predictions, as reported in Figure
7g-1, providing more robust estimate of disinfection outputs. Particularly, confidence interval
comprises most of E. coli concentration data. Differently, still some fluctuations in PAA

concentrations do not fall inside Monte Carlo confidence intervals.
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Conclusions

In this work, a mechanistic model for continuous flow PAA disinfection was developed,

calibrated and validated. The model proved good performances both in stationary and dynamic

effluent flow rate and quality. The model was conceived from some well-established models, but it

introduces some key innovations to improve wastewater chemical disinfection:

Reactor hydraulics was described as two 1-dimensional dispersion model in parallel, with
flow rate-varying dispersion parameters, which estimate in real-time how flow rate variations
impact contact tank hydrodynamics.

Impact of dosage and varying effluent quality on PAA decay kinetics was estimated by a
linear regression model, which was used to update in real-time PAA decay parameters.
Several E. coli inactivation kinetics models were compared. Different models lead to
significantly different predictions at low PAA dosages, when the triphasic behavior of the
kinetics is impacting.

Two new inactivation kinetic models (MGM1 and MGM2) were proposed, which were
developed from the model developed by Geeraerd et al. (2000) for thermal inactivation. Both
models can be integrated in Eulerian models, like dispersion models, and can describe the
triphasic behavior of inactivation by chemicals like PAA.

The developed disinfection model was used in dynamic numerical simulations and validated
on pilot-scale experiments. Successful validations highlighted the importance of modeling the
disinfection process as a dynamic system, while integrating regression models to real-time
update model inputs and parameters, being initial bacteria concentration, disinfectant decay

and hydraulics parameters.

In light of these innovations and advantages, the developed disinfection model could be very

useful for off-line optimization or on-line control of chemical disinfection, to face the always

increasing need of minimization of both environmental impact and cost.
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35 1 Additional results on hydraulic model calibration

36 Table S1 — Results of the calibration of dispersion models SDM and PDM over tracer experiments
SDM PDM
Flow HRT - -
rate D Radj D1 DZ [44 ﬁ Radj

40 56 215 0462|056 093 051 040 0.861
66 34 1.19 0.736 | 0.50 090 0.65 0.55 0.988
80 29 073 0.748 | 0.39 292 0.81 0.74 0.981
90 25 050 0.699 | 036 4.02 0.88 0.80 00972
130 17 029 0946 | 024 10.88 0.87 0.89 0.961

37

38 2 Additional results on peracetic acid decay batch experiments

X observation g
= model ) !
0.0°
0 20 40 60
39 time [minutes]
40 Figure S1 — Pooled data from lab scale batch PAA decay experiments and Haas and Finch model fit.

41

42  2.1.1 Additional details on model uncertainty

43 Model uncertainty was assessed by non-parametric bootstrap (Efron & Hastie, 2016).
44  Parameters of each model were repeatedly tuned on n bootstrap samples with replacement
45  independently drawn from the original data, resulting in n different estimates p; of each parameter
46  p;. Probability distribution and confidence interval of p; were then approximated by the observed
47  distribution of p;.

48 Model uncertainty was propagated on the predictions of the continuous flow disinfection model
49  (paragraph 2.1.6) with Monte Carlo simulation of size n. Confidence intervals were estimated as
50  delimited by 5" and 95" percentiles of model outputs simulation, while point estimates were
51 computed as the median of model outputs simulations, according to the bragging approach
52 (Biihlmann, 2003). Results from the combination of bootstrap resampling and Monte Carlo
53  simulations were compared with deterministic simulations, where model parameters were tuned

54  without bootstrap resampling.
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2.2 Additional details on calibration of the initial E. coli concentration model

E. coli concentration observed in the 19 undisinfected samples of the WWTP effluent were
highly variable, ranging between 1,300 and 730,000 CFU 100 ml!. Since such variability can
drastically impact disinfection efficiency, a regression model was calibrated on collected data to
predict E. coli concentration using monitored effluent quality parameters as predictors, according to
a “soft-sensor” approach which was already explored in similar applications (Foschi et al., 2021).
As a result of LASSO regression and LOOCV procedure, 3 variables were selected as predictors
(Figure 4a), being pH, TRB and NOs3", whose coefficients are reported in Table 3. As can be argued
by the absolute value of coefficients, TRB is the most important predictor. As supposed in Foschi et
al. (2021), the increase in TRB could determine a higher contribution of the particle-associated

bacteria fraction in the effluent, due to temporary decrease of upstream treatments efficiencies.
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