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ABSTRACT

Monitoring wastewater for the presence of SARS-CoV-2 proved to be a useful tool during COVID-
19 pandemic and it is in place, until today, at many Wastewater Treatment Plants (WWTPs) in Greece
and elsewhere. Identification of virus in wastewater can be a valuable indicator for the early detection
of the virus’s upsurges or the evaluation of the disease’s spread. Since this practice might become
common in the future, for inspection of SARS-CoV-2 or other viruses, it is important to develop
methodologies for identifying the optimum sampling sites, which can provide the most reliable
information for the virus’s transmission. In the present study, an optimization procedure is proposed
for selecting monitoring points, in terms of number and location across the sewer system.
Optimization is based on entropy and total correlation, as well as on supervised population. Four
sampling points, well distributed across the sewer system, appear to be a well-balanced solution for
wastewater surveillance, while more than seven sampling points do not add significant information

content.
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1. Introduction

Wastewater surveillance for the presence of SARS-CoV-2 was widely applied during the COVID-19
pandemic and continues until today. The usefulness of this practice, as a supportive tool to clinical
detection of infected population, has been proved valuable during the pandemic. Even though the
virus becomes rapidly unviable in wastewater, its genetic fragment remains detectable (Maal-Bared
et al., 2021). It is found that there is a strong correlation between the viral concentration detected in
wastewater and the reported infections from the clinical tests (Fahrenfeld et al., 2022; Gonzalez et
al., 2020; Koureas et al., 2021). Additionally, it is reported that SARS-CoV-2 RNA can be detected
in wastewater before the rise of infections and hospitalizations and even before the clinical detection
of the first case (D’Aoust et al., 2021; Galani et al., 2022; Hernandez-Terrones et al., 2023; Randazzo
et al., 2020). Wastewater monitoring for the presence of viruses has multiple intentions. For instance,
some of them are the identification of asymptomatic carriers of a disease or those carriers with mild
symptoms, an alternative way of monitoring, in case where clinical tests are in deficit or an early-
warning tool for predicting diseases’ outbreaks. Furthermore, it can offer an insight into disease
prevalence within the catchment of the collection system and WWTP.

Wastewater-based surveillance of viruses is not a new tool. It has been in use for decades in order to
track presence of viruses of interest in wastewater (Kilaru et al., 2023). Norovirus and hepatitis A
virus can be found in wastewater some weeks before an increase in diagnosed cases (Hellmér et al.,
2014). Additionally, wastewater is found to be a sensitive indicator for poliovirus circulation in the
community (Lago et al., 2003). Also, respiratory viruses such as influenza A virus and respiratory
syncytial virus (RSV) can be detected in wastewater, and its concentration presents positive
correlation with data from clinical tests (Ahmed et al., 2023). Similarly, SARS-CoV virus was
detected in wastewater from hospitals that treat SARS patients, during the virus’s outbreak (Wang et
al., 2005).

The most common practice among the aforementioned studies and until nowadays amid SARS-CoV-

2 surveillance, is to sample untreated wastewater from the influent to the WWTPs, after screening
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and grit removal. During the following treatment stages, especially after secondary treatment, viruses’
genetic markers are very low or undetectable (Carine & Pagilla, 2024), thus they are not appropriate
for surveillance. The benefit of sampling at the entrance of the WWTP is that there is usually an
already established sampling equipment and that the entire population of the sewershed can be
detected for viruses. However, there are certain drawbacks, such as the effect of several in-sewer
processes, i.e. dilution, adsorption onto solids and decay of the virus’ fragments (Gundy et al., 2009;
Kostoglou et al., 2021), which is more intense at the end of the sewer system and this can lead to
underestimation of the presence of the virus. In addition, the monitoring of separate regions of the
catchment is not possible. To alleviate these drawbacks, more samples should be taken from more
upstream points across the sewer system, for example in manholes, interceptors or pumping stations,
as proposed in a few studies (Baldovin et al., 2021; Hasan et al., 2021). Word Health Organization
(WHO, 2023) general guidance recommends the prioritization of sampling points being
representative for larger population, in order to obtain general trend of the viral concentration and
release early-warnings, followed by spatially distributed sampling points, such as those located in
major sewers or drainage points.

An optimization procedure can be employed for the determination of the optimum number and
combination of sampling points. Optimization approaches are widely applied in water and hydraulic
engineering problems (Bakanos & Katsifarakis, 2019) (Panagoulia et al., 2017). However, only a few
studies apply optimization methods in wastewater-based epidemiology field in order to select
monitoring points. Domokos et al. (2021), aimed to find the best combination of monitoring points
in a way that each of them can monitor a certain part of the sewer network, engaging a GIS-based
application. Larson et al. (2020) and Calle et al. (2021) proposed methodologies for consecutive
measurements to a series of nodes, in order to identify the source of the virus or the hot spot of the
infections, using the optimization coupled with graph-theory. Calle et al. (2021) proposed an
additional optimization algorithm for maximizing observed population and avoiding overlapping of

observed areas, in order to select an optimum number of sampling points for surveillance of SARS-
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CoV-2. Similarly, Kim et al. (2022) developed a methodology for selecting monitoring points for
wastewater based epidemiology, that each of them can monitor a different part of the sewer network
with similar area sizes, using a genetic optimization algorithm, as well as a special bisection method.
Nevertheless, all the aforementioned studies used a graphical representation of the sewer system and
did not take into consideration the fate of the viral particles. The only two studies that account, to
some extent, for the viral RNA loss across the sewer system are the one by Yao et al. (2024) and Wang
et al. (2020). Both these studies proposed optimization algorithms to determine optimal sampling
points based on detection likelihood of each node. Specifically for SARS-CoV-2 the first study and
for Salmonella Typhi the second one. Yao et al. assumed a constant flow velocity and constant travel
time in the sewer system, for the computation of viral RNA loss. While Wang et al. adjusted
parameters, such as travel time and percentage loss of viral RNA, based on probability distributions.
However, neither of them used a hydraulic simulation of the sewer system or a simulation of the viral
particles fate as a step before optimization procedure. Thus, the structure of the sewer system was not
considered nor the hydraulic conditions and in-sewer processes that possibly affect the fate and
transport of viral particles.

This study considers sampling from two or more points across the sewer system. A four-step
methodology is proposed in order to find the best number and combination of sampling points. It
involves the hydraulic modeling of the sewer system and the simulation of the fate and transport of
the viral particles, followed by an optimization procedure, the application of decision making tools
and the validation of the procedure. The aim of the study is to select an optimum number along with
the optimum locations of monitoring points, for detecting viral traces in the wastewater. The finally
selected set of sampling points should be adequately informative for the presence or not of viral RNA.
It is important the wastewater-based surveillance of viruses to be able to serve as a useful tool for
early detection of viruses’ upsurges, allowing the prompt employment of measures to prevent the
wider spread of diseases. In addition, the proposed method aims to aid the community in the

assessment of viruses’ circulation and better control of a pandemic situation.
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2. Materials and methods
The proposed four-step optimization procedure is depicted in Figure 1. Initially, the hydraulic
modelling of the sewer system, with the simulation of fate and transport of SARS-CoV-2 RNA in the
sewer system is employed. Data extracted from the hydraulic simulation, is utilized in the calculation
of objective functions’ values required for the optimization algorithm. The optimization algorithm is
then executed and a pareto-front containing the non-dominated solutions is generated. Following that,
a decision making process is carried out for picking certain well-balanced solutions among the non-

dominated solutions. Finally, a validation of the results is carried out.

B ow oas o=

Figure 1: Schematic presentation of the proposed four-step optimization methodology

2.1.  Hydraulic model for the sewer system

The United States Environmental Protection Agency’s Storm Water Management Model (EPA’s
SWMM) is used for the hydraulic simulation of the sewer system and for the virus’ fate and transport.
SWMM is a dynamic rainfall runoff simulation model; it can simulate both wastewater quantity and
quality, of the runoff and routing through the sewer system (Rossman, 2015).

The collection system of the city of Kozani, in Greece, is used as a study area, for the application of
the proposed methodology. The collection system of Kozani is a combined system, which carries
stormwater and wastewater to the nearby Wastewater Treatment Plant (WWTP). Kozani’s WWTP
treats urban wastewater of an equivalent population of 48,000 (43,000 from the city of Kozani and
5,000 from the village of Krokos). Local water supply and collection system services company
(D.E.Y.A.K.) provided all the data of the collection system and wastewater inflows to WWTP. Due
to lack of some data about the collection system, only the main pipeline system is used for further
analysis (Figure 2). WWTP’s inflow data is used for calibration of the model, in terms of wastewater

inflows at each node. Dry weather conditions are taken into account and no sub-catchments are



included in the model. Simulation of 48-hours is applied, with kinematic wave as the flow rooting

method. Discharge of the virus into the collection system starts with the start of the simulation.

Figure 2: Sewer system of the Kzani city and the main part of he system (with red line) that is considered

First order decay is considered for SARS-CoV-2 RNA, as proposed by (Bivins et al., 2020) and
(Hokajarvi et al., 2021). Mean first-order decay rate constant (k) of SARS-CoV-2 found to be in the
range of 0.08-3.4 day !, based on the literature review (Ahmed et al., 2020; Bivins et al., 2020;
Hokajarvi et al., 2021; Weidhaas et al., 2021; Yang et al., 2022). For the current study, the higher
reported value of 3.4 day ! is adopted. This value is considered as the least favourable scenario, since
it causes rapid reduction of viral particles concentration. On the other hand, there is no available data
of initial concentration, since it depends on the number of infected persons, and there are large
uncertainties in estimation of the exact extracted rate of SARS-CoV-2 RNA per infected person (Li
etal., 2021). As a result, for the present study, the relative low value of 3 x 10* gene copies/L (GC/L)
is assumed for initial concentration. Moreover, it is presumed that initial concentration is inserted into
the collection system from one node at a time, in order to consider an early stage of the disease spread
with low number of infected persons. More detailed description of the hydraulic model, the results as
well as a sensitivity analysis for different scenarios of initial concentration and decay rates can be
found in Gkatzioura & Zafeirakou (2023). Sixteen different scenarios are run, with a different
entrance point of the viral concentration for each one of them and twenty-one possible sampling
points are examined. The nodes with the higher number of connected population are chosen as
candidate entrance points, since these points have higher possibility of including the first infected

persons. Central nodes and junctions of more than two pipes are chosen as candidate sampling points,



also taking into consideration their accessibility according to our communication with the responsible
company (D.E.Y.A.K.). Furthermore, 24h composite samples of 100 mL of wastewater, collected
every hour are considered, and data is extracted from the second day of the simulation, when the
concentration values are stabilized. Simulation data is extracted from SWMM model by a code

written using the pyswmm Python package (McDonnell et al., 2020).

2.2.  Optimization procedure

For the optimization procedure, concentration data is extracted from SWMM model at each node of
the sewer system and are utilized for the calculation of parameters that are required for the objective
functions estimation. Two different optimization concepts, Ol and O2, are examined in order to
choose the best number and combination of sampling points across the sewer system. The objective
functions under evaluation are joint entropy and total correlation of each combination of sampling
points in order to find the most informative solutions, in addition to population that can be inspected
from each group of sampling points. Information Theory is developed by Shannon (1948) and
introduced Entropy as a measure of information content of an independent variable, Joint Entropy as
a measure of the amount of information content between two or more random variables and 7otal
Correlation as the amount of information shared by two or more variables. These parameters have
been used in the past for optimal design of water quality and quantity monitoring systems (Alfonso
et al., 2014; Banik et al., 2017; Brentan et al., 2021; Chen et al., 2022; Jafari et al., 2022). Joint
Entropy is used as a measure of the information content of a combination of sampling points, and it
is calculated based on the viral particles’ concentration at each node of the collection system. 7otal
Correlation is a metric regarding the information shared between the nodes or dependency of a
combination of sampling points. In addition, it serves as a limiter for the redundant information.
Observed population is proposed from WHO as a criterion for choosing sampling points.

Entropy (H), Joint Entropy (JH) and Total Correlation (TC) are calculated with the formulas (1), (2)

and (3) as shown below:



HX) = =X p(x) - logp(x) (1)

where, H(X): the entropy of the discrete random variable X, X1, X2,....Xa: discrete values of variable
X and p(xi): probabilities of values X1, X2,....Xa of variable X.

JH(X1, X3, . Xy) = — 2?11=1 71-122=1 ---Z?nnﬂ P(Xi1, Xiz, - Xin) * 108 D(Xi1, Xi2, oo Xin) (2
where, JH(X1,Xo,...Xy): joint entropy of the independent random variables Xi, Xo,.....Xn, p(Xit,
Xi2,...Xin): joint probability of Xi,X5,... X, variables.

Entropy and joint entropy measurement units depend on logarithm’s base. If base e is used, then the
measurement units are nats. If base 2 is used, then the measurement units are bits. For this study,
logarithm with base 2 is used and thus, H, JH and TC values are presented in bits.

TC(X1, X2, . Xn) = Xieg HX) — JH(Xy, X3, ... Xp) (3)

where, TC(X1,X2,...Xu): total correlation of the variables X1, Xo,.....Xn.

In this research, variables X; are the concentration values at each candidate sampling point.
Population (Ps) is the upstream population that can be observed from a particular node. Maximum
population, that can be observed from a certain combination of sampling points is considered:

P, =maxP, (X;), i=1...N 4)

where Ps (X) is the population that can be observed from the sampling point (node) Xi.

The two optimization concepts (O1 and O2) that are applied and the objective functions f; for each
one of them, are described herein:

O1: f; = maxJH, £> = minTC

02: fi = maxJH, £ = minTC, f3 = maxP;

The aforementioned optimization procedure is executed, with respect to the samples acquired from a
set of 2 to 10 sampling points each time (Ns = [2,3,...10]).

For the realization of the optimization procedures, the Nondominated Sorting Genetic Algorithm
(NSGA-II), an elitist multi-objective evolutionary algorithm proposed by Deb et al. (2002), is
selected. The NSGA-II algorithm introduces a fast nondominated sorting procedure that reduces the

computational complexity. It also includes elitism, since the mating pool is created by combining the

10



parent and offspring populations. Furthermore, the main functions of the algorithm are the calculation
of non-domination and crowding-distance, as well as the sorting of solutions based on the fitness and
spread. Thus, the selection of diverse solutions is reassured. The optimization algorithm is ran with
the Python’s package, pymoo 0.5.0 (Blank & Deb, 2020).
2.3.  Decision making techniques

Multi-objective optimization procedure concludes to a pareto front, which frequently is comprised of
a large number of non-dominated solutions. These solutions are the best trade-offs between the
objective functions. Decision makers have to pick one or more of these solutions and the final decision
should also be based on criteria such as accessibility of nodes and cost. However, due to numerous
pareto optimal solutions, decision making tools can be applied supportively. Herein, Pseudo-Weight
Vector proposed by Deb (2001) and Simple Additive Weighting (SAW) (Zionts & Wallenius, 1983)
methods are applied for the decision-making step. For applying the Pseudo-Weight Vector method
(PW), the relative distance of each solution from the worst value in each objective function is
calculated. This value is called pseudo-weight vector, which is a metric of the solutions’ location
across the pareto-front. For example, the boundary solutions that favour one objective function over
the rest, will have values of pseudo-weight vector equal to 1 for the favoured objective and equal to
0 for all the others. Then, the desired location of the solution or pseudo-weights are set by the user
and the solutions with the greatest proximity to these values are chosen. For the application of SAW
method a “score” for each solution is calculated. The “score” is the sum of the products of each
objective function’s normalized values and the weights that are assigned, by the user, to each of them.
The solutions are then ranked based on the highest score. In all cases, equal weighs are considered
for all objective functions. Furthermore, a decision based on “other criteria” (OC) is explored. More
specifically, OC refers to selecting solutions that include WWTP as one of the sampling points and at
the same time being ranked high at one or at both the applied decision making methods.

2.4 Validation of the proposed procedure
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For validation, 4 extra scenarios are ran with the SWMM model. For each of these scenarios, a
different node, different from the nodes considered during the application of the optimization
methodology, is considered as the point where the initial concentration of SARS-CoV-2 enters the
sewer system. This modelling results are used in order to evaluate the ability of the proposed solutions

to detect the virus.

3. Results and discussion

3.1 Optimization results

Results of the optimization procedure are presented and discussed hereafter. Figure 3 depicts the
pareto optimal solutions of optimization concept O1 and for Ns =2 — 10 number of sampling points.
The optimal solutions are those that are located at the upper, right part of the chart. Total correlation
(TC), as expected, is increased (deteriorated) with the increased number of sampling points, because
of the increase of redundant information between selected sampling points. On the other hand, joint
entropy (JH) is increased (improved) while the number of sampling points is increased, since the
information content is also increased. However, after 4 sampling points the ascent rate is limited. The
maximum, the mean and the 3™ quartile values of JH rise, equal to 30%, 41% and 49% from 2 to 4
sampling points respectively. Similarly, they equal to 13%, 26%, 11% from 4 to 7 sampling points
respectively. And finally, they equal to 0%, 6 %, 3% from 7 to 10 sampling points accordingly. It
appears that a set of 4 to 7 sampling points can perform well with respect to the information content
(maximizing joint entropy). Considering that the total correlation should be as low as possible and
that not too many samples can be analyzed simultaneously, since the analysis is conducted in the lab,
which is time consuming and expensive, it can be concluded that 4 sampling points is a well-balanced

and feasible solution.
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Figure 3: Pareto-optimal solutions derived from optimization concept O1

Similar outcomes can be drawn from optimization concept O2, which consists of three optimization
objectives. Figure 4 depicts resulting pareto fronts for this optimization procedure. JH and TC are
increased with larger number of sampling points. The inspection of the whole population can be
achieved as well with less sampling points, especially for more than 3. Thus, JH appears to be the
objective function that the final selection should be based on. The maximum, the mean and the 3™
quartile values of JH rise, equal to 30%, 42%, 44% from 2 to 4 sampling points respectively. Similarly,
they equal to 13%, 23% and 9% from 4 to 7 sampling points respectively. And finally, they equal to
0%, 10%, 4% from 7 to 10 sampling points accordingly. It appears that 4 to 7 sampling points are
capable of achieving balanced values from all objectives. Similarly with optimization concept O1, 4

sampling points appeared to be the most appropriate alternative, in O2 concept.
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Figure 4: Pareto-optimal solutions derived from optimization concept O2

The Entropy and Joint Entropy values are case-dependant, they depend on the x; values of X
variables, x; values’ discretization method and on the number of bins used for probabilities’
calculations; similar is the case for the TC values. The observed population is also network-
dependant. However, a comparison with other studies can be made only based on the number of
selected inspection points. Available studies also propose similar number of sampling points for
reliable wastewater quality parameters monitoring. Domokos et al. (2021) chose 6 nodes for SARS-
CoV-2 inspection and Calle et al. (2021) also selected 5-7 points for SARS-Co V-2 inspection, whereas
Lee (2013) concluded to 7 nodes for water quality monitoring.

3.2 Decision making results

After carefull examination of the results obtained from the optimization procedure, it is concluded

that 4 sampling points are adequate to monitor SARS-CoV-2 in wastewater. Sampling from more than
14



4 points is costly for the utility companies that operate collection systems, thus the proposed 4-
sampling points solutions may be considered as a realistic scenario. Still, a large number of non-
dominated solutions of 4 sampling points exists and it is necessary to choose some particular solutions
among them. The number of solutions that are found by the NSGA-II algorithm is equal to the initial
population size, unless a special technique is applied during the algorithm to reduce them, such as a
threshold or a filtering technique. Alternatively a multiple criteria decision making technique can be
applied after the completion of the optimization algorithm (Deb, 2001; Wang & Rangaiah, 2017). The
latter is applied in this research. The solutions selected after application of decision making tools and
the respective objective functions’ values, for each optimization concept and decision making method
are displayed in Table 1. Results from Pseudo-weight vector (PW) and Simple additive weighting
(SAW) decision making methods are compared with Other Criteria (OC) in terms of JH, TC and Ps.
Furthermore, the objective functions’ values, when samples are taken only at the entrance of the

WWTP, are also shown for comparison. The selected solutions are depicted in Figure 5.

Table 1: Solutions derived from decision-making (DM) techniques (Pseudo-weight vector (PW), Simple additive weigh (SAW),
other criteria (OC)), for O1 and O2 optimization concepts and WWTP as the only sampling point.

Optimization DM Ns Solutions JH TC Ps
PW (0.5,0.5) 4 1263, 1937, 2185, WWTP 2.2 4.6 (43,000)
PW (0.8,0.2)
(0] & 4 1290, 1714, 1835, 2185 2.7 6.1 (43,000)
SAW
oC 4 1263, 1937,2185, WWTP 2.2 4.6 (43,000)
PW
(0.333.0.333.0.333) 4 128, 1263, 1872, 2185 1,9 4,5 27,200
02 PW (0.6,0.2,0.2)
& 4 1290, 1714, 1835, 2185 2.7 6.1 43,000
SAW
oC 4 1263, 1835,2128, WWTP 2.2 4.6 43,000
WWTP 1 WWTP H=0.7 - 43,000

The two methods, PW and SAW, select solutions in a different way. PW method finds the location of
a solution in the pareto-front, while SAW method ranks the solutions based on a score emphasizing
solutions closer to the best solutions for each objective function. It is worth mentioning that for each
application of the decision making methods, not single, but groups of 5-8 solutions are selected. This

happens due to the fact that a number of different solutions have similar values for certain objectives,

15



and thus it is more intricate for the decision making tools to pick a distinct solution. Only certain of
these solutions are shown in Table 1. Here, for the PW method, we choose the solutions located in
the middle, with weightages w;=0.5 and w>=0.5 for O1 and w;=0.333, w>=0.333, w3=0.333 for O2.
However, for the O2 optimization concept, the solution set of sampling points is not representative
for the whole population, thus it is not eligible. The two methods conclude to the same solutions if
pseudo-weights values equal to w;=0.80 and w>=0.20 for O1 and w;=0.60, w>=0.20, w3=0.20 for O2
respectively are targeted by PW method in order to pick a solution closer to JH’s best value. SAW
method appears to emphasize maximization objectives and has better performance for these
objectives (JH, PS), while chosen solutions have worse values for the single minimization objective
(TC). Nonetheless, selected sets of sampling points are well allocated across the sewer system for all
decision making tools. The decision based on OC considers only solutions that include WWTP as a
sampling point and it picks solutions which are ranked high simultaneously for the other two decision
making methods. These solutions under both Ol and O2 optimization concepts have good overall
performance. However, they exhibit lower values for JH, compared to the other selected solutions
from either PW or SAW. Therefore, they can be representative of the whole population (Ps) and they
achieve average values of JH, TC. The inclusion of the entrance to the WWTP as a sampling point is
an efficient alternative, since regular sampling points are usually there and the required equipment

and capacity are already in place.

® 01-PW(0.50.5)&0C
01-PW(0.8,0.2) & SAW
02 - PW(0.6,0.2,0.2) & SAW

@) 02 - PW(0.333,0.333,0.333) T
02-0C 1

4
¢wwrp

Figure 5: Solutions’s location after the decision making step
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If the samples are taken only from the entrance to the WWTP, all the population can be monitored,
though entropy is low, lower than the ordinary joint entropy’s values achieved from the solutions
derived from the proposed optimization methodology. Additionally, the probability of detecting virus
traces at the entrance to the WWTP is equal to 25%, while the maximum detection probability of the
whole system is equal to 56%. This means that there is a higher possibility to fail to detect the viral
traces, especially at the begging of a virus surge where the infected persons are fewer, viral load is
low and the effect of in-sewer reduction of viral concentration is more intense. This is a critical point,
because the early detection can help in taking measures on time and prevent the spread of the virus
more effectively. Therefore, this research provides evidence that more upstream sampling points have
to be included in SARS-CoV-2 monitoring programmes.

3.3 Validation results

Validation is performed for the solutions included in Table 1. They are evaluated for their ability to
detect the virus under validation scenarios. The evaluation results are presented in Table 2, for the 2
optimization concepts, 3 decision making tools and 4 entrance points. Detection is achieved in 59%
of the whole examined cases, for the rest of them the concentration are very low and maybe not
detectable. This percentage is in agreement with the maximum detection probability of the system,
which equals to 56%. Overall successfulness rate of both optimization concepts are similar, detection
is achieved at 8 out of 16 cases. Similarly, solutions identified from the PW method with equal
weights, as well as with the PW with unequal weights the SAW method and other criteria, are able to
detect the virus at 6 out of 8 cases. Under all validation scenarios the WWTP as the only sampling

point has very low concentration of viral particles and thus probably undetectable.

Table 2: Validation’s results, for 2 optimization concepts (O1 &02), 3 decision making tools (PW, SAW, OC) and 4 entrance
nodes (1713, 1391, 1849, 1260).

Entrance nodes 1713 1391 1849 1260
Optimizatio DM
n
PW (0.5,0.5) Low Conc. Detected Detected Detected
PW (0.8,0.2)
(0] & Detected Detected Detected Low Conc.

SAW

oC Low Conc. Detected Detected Detected
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PW

(0.333.0.333.0.333) Low Conc. Detected Detected Detected
02 PW (0.6,0.2,0.2)
& Detected Detected Detected Low Conc.
SAW
ocC Low Conc. Detected Detected Detected
WWTP Low Conc. Low Conc. Low Conc. Low Conc.

3.4 Limitations of the study

Some limitations of the study are the assumption that has to be made for the initial concentration and
the fate of the virus in the sewer system due to the lack of an increased amount of data for robust
calibration of the model. Another limitation is the consideration only of the main part of the sewer
system, due to the lack of reliable data for the rest of the system. If the whole data is available and a
bigger part of the sewer system is simulated, more possible entrance points can be considered and a
part of them can be used for validation of the optimization’s results. Also, the travel time of the viral
load will be larger and this will affect the viral concentration at nodes. In the present study, 16 nodes
are considered for the discharge of the initial concentration and 4 nodes for validation. Additionally,
only dry weather conditions are considered in the present study. Under wet weather conditions,
dilution effect may be more intense and can cause reduction of SARS-CoV-2 RNA concentration at
nodes. On the other hand increase flow rates may cause the detachment of viral particles from
suspended solids or biofilm and its resuspension in the wastewater phase (Maere et al, 2021).
Despite the limitations, the proposed methodology was implemented successfully and yielded
acceptable results. The lack of data for calibration is alleviated by comparison with other studies and
the similar order of magnitude results for viral concentration at the entrance to the WWTP are noticed.
In the scenario with initial concentration equal to 3 x 10* GC/L and decay rate equal to 3.4 day ',
maximum concentration values at the entrance of the WWTP are found between 1,300-2,000 GC/L
(capacity of the WWTP: 16,500 m*/day). The simulated data of the study are in the low side of the
reported data from other studies which are in the range of 750-34,000 GC/L (capacity 5,200-241,000
m?3/day) (Hasan et al., 2021), 100-100,000 GC/L (capacity 57,000-200,000 m>*/day) (Gonzalez et al.,

2020), 12-22,000 GC/L (Medema et al., 2020) and 3,000-20,000 GC/L (capacity 13,400—-1,100,000
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m?>/day) (Westhaus et al., 2021). The WWTP of the Kozani city is a small plant and has lower capacity
than other reported WWTPs. The initial concentration is considered to enter the sewer system from
one node at a time and the decay rate is assumed equal to the highest from the reported values. Thus,
the low values of concentration found herein are reasonable and comparable with other studies.
Furthermore, the results in terms of the optimal number of monitoring points are in accordance to
other studies as already have been mentioned and validation results are satisfactory.

4. Conclusions

The present study proposes an optimization methodology for selecting the optimum sampling points
for wastewater surveillance for SARS-CoV-2. The proposed methodology comprises a four-step
procedure; hydraulic simulation - optimization - decision making - validation. In similar studies, the
selection of the optimum sapling points for wastewater based epidemiology is based on graphical
representation of the collection system. In the present study, hydraulic simulation of the sewer system
with fate and transport simulation of viral particles are implemented. The simulation resulted viral
concentrations are used as the input to calculate the optimization parameters. Subsequently, a decision
making step is applied as a supportive tool for selecting the most suitable set of sampling points
among the pareto-optimal solutions.

Summarizing, the main conclusions of the study are the following:

e It was determined that 4-7 sampling points, well distributed across the collection system, are
sufficient for monitoring the SARS-CoV-2 in wastewater. In addition, it was found that more
sampling points do not improve the monitoring efficiency.

e 4 sampling points, including the entrance to the WWTP, are proposed herein as a well-
balanced solution. The proposed solution is based on the results from the optimization
methodology and other criteria as well, such as time, cost and convenience.

e The entrance to WWTP as the only sampling point, show higher possibility of failing to detect
the viral traces. This fact is based on the in-sewer reduction of the viral particles concentration,
that may render them undetectable at the end of the collection system.
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e The two optimization concepts end up in non-dominated sets that have many solutions in
common.

e For optimization O1 with the two objectives, all the high ranked solutions from decision
making tools also achieve the observation of all the population. This means that JH and TC
may be sufficient objectives and no more objectives, that increase computation complexity,
need to be included.

e [t is important to mention that the user’s preferences are significantly affecting the results of
the decision making methods. For the application of the SAW method, the normalization
methodology and the appointed weightage are the critical parameters. Whereas for the PW
method, is the desirable place (or desirable pseudo-weights) of the solution across the pareto
front. In the present study, normalization of the values using the best values of each objective
and equal weights for the SAW method concludes to the same best solutions with PW, with
desirable placement the one that favors JH.

Finally, there is the need for more data for better calibration and validation of the model. Initial

concentration of virus depends on number of infected persons and the virus’s excretion rate per

person. The data about these parameters is sparce and with high uncertainty. Similarly, sparse is
the data about the fate and transport of the viral particles across the sewer system. More data of
the geometry and flow parameters of the sewer system is also necessary, but unfortunately is not
always available in Greece, especially in smaller cities. The aforementioned limitations constitute
the basis for future work on the research area of virus fate and transport in sewer systems. The
effect of flow regimes, temperature and adsorption of viral particles on solids, organic compounds

and biofilms are aspects that should be studied in depth.
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