environments

Article

Statistical Characterization of Full-Scale Thermophilic Biological
Systems to Inform Process Optimization

Maria Cristina Collivignarelli 1-2(0, Stefano Bellazzi "*, Francesca Maria Caccamo ', Marco Sordi ®, Barbara Crotti 3,

Alessandro Abba 4

check for
updates

Citation: Collivignarelli, M.C.;
Bellazzi, S.; Caccamo, EM.; Sordi, M.;
Crotti, B.; Abba, A.; Baldi, M.
Statistical Characterization of
Full-Scale Thermophilic Biological
Systems to Inform Process
Optimization. Environments 2024, 11,
36. https://doi.org/10.3390/
environments11020036

Academic Editor: Naresh Singhal

Received: 1 December 2023
Revised: 26 January 2024
Accepted: 12 February 2024
Published: 17 February 2024

Copyright: © 2024 by the authors.
Licensee MDPI, Basel, Switzerland.
This article is an open access article
distributed under the terms and
conditions of the Creative Commons
Attribution (CC BY) license (https://
creativecommons.org/licenses /by /
4.0/).

and Marco Baldi 3*

Department of Civil Engineering and Architecture, University of Pavia, Via Ferrata 3, 27100 Pavia, Italy;
mcristina.collivignarelli@unipv.it (M.C.C.); francescamaria.caccamo0l@universitadipavia.it (FM.C.)
Interdepartmental Centre for Water Research, University of Pavia, 27100 Pavia, Italy

3 ASMia S.R.L., Mortara, Via Tiziano Vecellio 540, 27036 Mortara, Italy; m.sordi@asmortara.eu (M.S.);
b.crotti@asmortara.eu (B.C.)

Department of Civil, Environmental, Architectural Engineering and Mathematics, University of Brescia,
Via Branze 43, 25123 Brescia, Italy; alessandro.abba@unibs.it

Department of Chemistry, University of Pavia, Via Puccini 66, 27011 Belgioioso, Italy

*  Correspondence: stefano.bellazzi0l@universitadipavia.it (S.B.); marco.carlo.baldi@gmail.com (M.B.);
Tel.: +39-0382-985314 (S.B.)

Abstract: This paper focuses on using a novel approach to assess the statistical variability of manage-
ment data from an aerobic thermophilic biological plant (AWTP) utilizing a fluidized bed biological
reactor. A proper statistical characterization of full-scale thermophilic biological systems, in fact, may
inform process optimization in the light of a future automation of treatment plants. We present a
case study that spans the period from 2018 to 2023 and encompasses various high-strength aqueous
waste (AW) in continuous mode. Key aspects of the proposed analytical approach include: (i) uti-
lizing advanced descriptive statistics, such as violin graphs, to depict the variability of monitored
parameters over five years; (ii) conducting correlation analyses (Spearman and Pearson correlation
matrices) specifically focusing on nitrogenous forms within the AW; (iii) applying multivariate statis-
tical analysis to assess the correlation between pollutants released and the plant’s energy and oxygen
consumption; and (iv) reconstructing parameter trends by considering periodic and random compo-
nents, thus enhancing the understanding of the system’s behavior over time. The findings presented
in this paper offer valuable insights into the performance and optimization of AWTPs, potentially
leading to a proper planning of the loads and consequent feeding of the plants. If properly enacted,
our approach may provide a significant contribution to the field of aqueous waste management.

Keywords: environmental engineering; WWTPs; thermophilic; aqueous waste

1. Introduction

The treatment of aqueous waste (AW) represents a critical issue due to the high
variability of their physical-chemical characteristics and the possible presence of emerging
conservative micro-pollutants, such as perfluoroalkyl substances [1], absorbable organic
halogens (AOX) and clorides. Conventional biological activated sludge (CAS) processes
are not able to achieve a sufficient performance to remove some types of conservative
pollutants; in some cases the biota of the plant may even need to be purged since it is no
longer active [2,3].

In today’s landscape, numerous additional treatments are available to increase the
acceptance of conventional biological processes, reducing the effects of acute or chronic
toxicity due to the presence of highly refractory organic compounds. The treatments
proposed are usually of a physico-chemical nature and therefore often involve the use of
various chemical reagents [4,5].
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Despite their widespread use, physical-chemical treatments present several drawbacks,
such as high operating costs linked to chemical reagents, the need for highly specialized
personnel in their management, and finally the high carbon dioxide emission factors for
production processes and for the reactions of the reagents themselves [6,7]. For these
reasons, biological processes are preferable given their lower environmental impact. They
have these advantages with respect to physical-chemical treatments: easy of management,
lower costs, and lower CO, emission factors [8].

Among biological treatments, the scientific community agrees that thermophilic ones
can have high removal yields even in the case of recalcitrant pollutants [9,10]. Considering
to the high performance and bio-resistance to some recalcitrant pollutants, the scientific
community has identified thermophilic biomasses as those suitable for the treatment of
aqueous waste [11]. The main issues with thermophilic treatment are poor biomass settling
and the potential absence or inhibition of nitrification. These challenges can be addressed by
using membranes for better solid separation and implementing post-treatment processes
to encourage nitrification under more favorable conditions. Despite these drawbacks,
thermophilic treatment offers advantages such as faster sludge digestion and pathogen
destruction, requiring careful management for effective waste treatment [12].

Mesophilic bacteria are used in the conventional wastewater treatment plants (WWTPs);
their working range is between 15 and 30 °C. Thermophilic biota are usually exploited for
the treatment of AW; they provide optimal working conditions at temperatures between
50-60 °C [13]. For example, in previous works, a thermophilic biological process combined
with a membrane ultrafiltration system (TMR—Thermophilic Membrane Reactor) has
been used for both the treatment of aqueous wastes and the minimization of biological
sludge produced by the WWTPs [14,15]. The great elasticity of this treatment makes it
suitable to be applied to different substrates in terms of both chemical and rheological
characteristics [16]. This technology has demonstrated resistance to some conservative
parameters and micropollutants and it has been applied in two full-scale plants [17]. As
a matter of fact, TMR combines the robustness of physico-chemical treatments with the
advantages of biological ones, thus allowing a production of equivalent CO, lower than
standard physico-chemical treatments [18].

So far, the statistical-based characterization of aerobic thermophilic biological plant
(AWTP) has received relatively poor attention in the literature. Aguado et al. [19] applied a
multivariate statistical approach to derive alerts conditions in the management of the plant.
The same strategy has been presented in Liu et al. [20], after variable reduction based on
the principal component analysis (PCA). Wang et al. [21] reported a statistical study based
on the dynamic simulation to achieve model predictive control. O’Brien and Teather [22]
developed a predictive model successfully applied to estimate the pollutant concentrations
in a biological system (activated sludge).

In this paper an approach to evaluate the statistical variability of management data of
an AWTP at full-scale is proposed. The main novelty stands in the increase of the number
of environmental variables that we consider characterizing a newly developed plant, based
on a thermophilic fluidized bed biological reactor. The approach is designed to inform
process optimization in the light of a future automation of treatment plants, by potentially
leading to a proper planning of the loads and consequent feeding of the plants.

The main points of interest of this analysis are:

e The application of advanced descriptive statistics (violin graphs) to describe the
variability of each parameter monitored over the five years; this allowed reporting
univariate probability distributions of the values observed based on the density profile
kernel estimation;

e  Correlation analysis (Spearman and Pearson correlation matrices) of the nitrogenous
forms;

e  The application of multivariate statistical analysis to evaluate the correlation between
the different pollutants released and the energy and oxygen consumption of the plant
to provide a useful tool to optimize TMR;
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e  The reconstruction of the trends of the parameters studied taking into account periodic
and random components [23].

e In this work, we present a case-study that analyzes the data coming from monitoring
a full-scale aerobic thermophilic biological plant in the period 2018 (last trimester)—
2023 (first trimester); along this period the plant treated different high-strength AW in
continuous mode.

2. Materials and Methods
2.1. TMR Configuration

The monitored TMR plant was usually fed with a wide range of AW such as landfill
leachate, wastewater with high contents of organic content, salts, solvents, pharmaceutical
compounds and with very different pH values (strong acid or alkaline wastewater). The
water line is composed by both physico-chemical and biological treatments (Figure 1). This
article focuses only on the thermophilic system composed of a thermophilic biological
reactor (IBR) followed by ultrafiltration (UF) membranes placed upstream of a traditional
CAS for municipal sewerage treatment.
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Figure 1. Scheme of the TMR and sampling points (X). TBR: Thermophilic biological reactor;
UF: Ultrafiltration.

As seen from the plant scheme, AW have two treatment options based on their char-
acteristics. Waste is pre-treated in batches in two physico-chemical compartments to
safeguard the thermophilic biomass (T = 48 °C). The TBR has a volume of 1400 m? and is
characterized by an average inlet flow rate Qin = 170 m3d~!, with a hydraulic retention
time HRT of almost 8.0 d, as reported by Collivignarelli et al. the hydraulic retention time
was studied in an experimental work using a pilot plant [9]. To improve the performance
of the sludge and obtain a more compact biomass, a dissolved oxygen concentration of
1.5-2 mg L~! is guaranteed in the reactor by injecting pure oxygen. Inside the biological
tank, different areas have different concentrations of oxygen; this management strategy
allows for both the aerobic removal of organic substance in the zone of high oxygen concen-
tration (2 mgO, L~1) and denitrification in the anoxic zone (<1 mgO, L~1). As mentioned
previously, the TBR is coupled to an ultrafiltration system due to the poor settleability of
the thermophilic biomass probably caused by its carbohydrate content [24]. The platform is
therefore equipped with two parallel UF units. The UF unit is composed of 6 vessels with
99 ceramic membranes (cut-off 300 kDa) with an operating pressure between 3 and 5 bar.
As shown in Figure 1, the UF retentate is recirculated into the biological reservoir thus
ensuring low excess sludge extraction.



Environments 2024, 11, 36

40f12

2.2. Monitoring Plan

Monitoring activity focused on TMR from 2018 to 2023, sampling the inlet substrate
and ultrafiltration permeate (Figure 1) once a week for five years. Analyzes of COD,
nitrogen forms (TN-total nitrogen, N-NOy—sum of nitrite nitrogen and nitrate nitrogen, N-
NH4*-ammonia, and Norg—organic nitrogen), total phosphorus (TP), non-ionic surfactants
(TAS) and anionic surfactants (MBAS) were measured according to standard methods [25].
The flow rates ingoing and outgoing the plant, the consumption of pure oxygen necessary
for the degradation of the organic matter (O,), and the energy consumption (kWh) were
weekly monitored.

2.3. Data Processing

It was decided to evaluate the statistical variability through violin graphs for all of the
input parameters of the plant. Violin graphs are an evolution of box plots, reporting the
density profile of the observed values for a univariate distribution in the form of a kernel
density plot. The kernel density plot [26] of the data is reported symmetrically by both
sides of the distribution and this explains the typical shape of the graphs, which gives them
their name [27].

To determine the removal efficiency of COD, nitrogen and total phosphorus, mass
balances were performed weekly based on fed and extracted loads.

To obtain reliable modeling, the data were normalized by the maximum value of
the series to obtain a series of homogeneous values between 0 and 1 [17]. Pearson and
Spearman rank correlations were used to calculate the binary correlations between the
nitrogenous forms monitored within the plant.

To evaluate energy and oxygen consumptions during the aerobic process, all input
parameters were studied using a multiple linear regression analysis.

A stepwise regression method has been performed with the MATLAB function step-
wisefit [28]; this method selects the variables that are most strongly correlated jointly with
the reagent (pure oxygen input) and energy consumption of the system. Given the i-th
parameter xi, it is described with the model:

Xp = a;+ ) Bijxj 1)
J#i

If m parameters are measured, the stepwise procedure allows selecting the m; < m — 1
parameters that are more statistically significant to predict each x;.

To evaluate the presence of a random component and a periodic component in the
parameters loaded to the aqueous waste treatment platform an algorithm called STL
(“Seasonal and Trend decomposition using Loess”) has been applied [29]. STL is a technique
used for time series analysis and forecasting [30]. The objective was therefore to decompose
a time series into easy-to-interpret components such as trends, seasonality, and noise. We
will look for monthly seasonal components based on the variability of the influential loads
and the trend in the five years of interest.

3. Results and Discussion
3.1. Monitoring of the Biological Thermophilic System-Violin Plot

To evaluate the distribution of the parameters entering the TBR industrial reactor, it
was decided to create violin plot that show a boxplot divided for each parameter and the
Kernel distribution reported symmetrically within it.

As can be seen in Figure 2, the association between the two numerical calculations
shown (boxplot and Kernel distribution) effectively schematizes the great variability of the 8
pollutants in going to TMR. As well depicted in the trend of the distributions, the variability
in terms of input parameters increased from 2018 to 2023 for polluting parameters such
as N-NO;3~, TAS and Norg. However, by observing the graph relating to TP it is possible
to deduce the loading mode of the reactor with the presence of some peaks uniformly
distributed over the various years as shown by the relative violin graphs; in the last quarter
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analyzed this aspect is less evident. However, with respect to the measurement of COD,
an effort can be seen by the plant manager to homogenize the organic load entering the
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Figure 2. Violin Plot of the loads [kg/week] fed to the TMR relating to the following pollutants: COD,
Ntot, N-NO3~, N-NHy*, Norg, TP, TAS, MBAS.
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In Figure 3 it is possible to appreciate through the violin plots relating to the out-
puts from TMR the treatment effectiveness of this process which combines thermophilic
biodegradation with an ultrafiltration treatment [31]. By observing the value in kg/week of
each parameter output from the TMR it is possible to note the high removal yields shown
subsequently in Table 1. The only parameter which has an output load value higher than
the input is ammonia due of the strong ammonification process of organic nitrogen in ther-
mophilic conditions [17]. The trend of the distribution of outgoing loads divided into the 6
years shown is instead useful for showing a second strong point of this technology [32]. The
input loads presented a large variability at the input as demonstrated by the distributions
in Figure 2, the outputs instead present a very low variability value, thus underlining
on the one hand the great elasticity and resilience of the thermophilic system and on the
other the very good applicability of this system placed in series with a CAS which requires
homogeneity of the polluting parameters at input [33].
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Figure 3. Violin Plot of the loads in output to the TBR relating to the parameters COD, Ntot, N-NOy,
N-NH,4*, Norg, Ptot, TAS, MBAS [kg/week].
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Table 1 shows the pollutant loads introduced and the performance of the thermophilic
biological process. This analyzed biomass can treat high COD loads [13], the performance
slightly dropped after 2019, reaching an average value over the 5 years of 71.8%. Nitrites
and nitrates represent a particularly important parameter for the plant which aims to
treat aqueous waste [34], the performance value obtained increased after an initial ac-
climatization phase reaching a value of 81.3%. The removal yield relating to ammonia is
negative. This is due to the fact that, as already known by the scientific community, under



Environments 2024, 11, 36 6 of 12

thermophilic conditions a strong process of ammonification of organic nitrogen occurs.
As already described by observing the graphs of the distributions at the entrance to the
biological reactor, the TP presents a high variability value, despite this an average value of
55.3% was obtained over the five years, the accumulation of phosphorus in the sludge in
inorganic form occurs mainly thanks to the formation of hydroxyapatite in pure oxygen
aeration conditions [35]. The capacity of TMR therefore allows it to accumulate phosphorus
within the sludge in the solid phase, facilitating possible recovery in agriculture depending
on their content of persistent pollutants such as heavy-metals.

The effect on the removal of TAS and MBAS was also evaluated. The analyzed process
allowed obtaining removal yields of 77.4% and 84.0%, respectively, demonstrating the
good biodegradability of these types of surfactants in thermophilic conditions. Yields
related to MBAS are generally higher due to their structure being more easily attacked by
microorganisms [36]. The removal can be attributed to thermophilic biological degradation
in the TAR reactor and not to filtration on the subsequent UF membrane, typical molecular
weights of surfactants ranged from 0.2-0.4 kDa, depending on their molecular structure,
and that the molecular weight limit of the UF membrane used in this study was 30 kDa,
most of the surfactants (TAS and MBAS) could pass the pores of the UF membranes [37].

Table 1. Fed pollutants, loads and performance and other operational parameters of thermophilic
system; n stands for the amount of data. The values are report plus or minus the standard deviation.
The parameters read as follows: Chemical Oxygen Demand (COD), Nitric and Nitrous Nitrogen
(N-NOX), Ammoniacal Nitrogen (N-NH,4"), Organic Nitrogen (Norg), Total Nitrogen (TN), Total
Phosphorus (TP), Non-ionic surfactants (TAS), Anionic surfactants (MBAS).

Parameter 2018 2019 2020 2021 2022 2023 2018-2023
[n =20] [n=52] [n =48] [n=52] [n=52] [n=13] [n =237]
cob E\Il[}(g 20,842 +3332 19,174+ 1756 20,038 + 1671 2573542508 26502 +2531 25484 +2971 22,928 + 1061
wee 78.8 £ 43 80.9 4+ 2.3 734429 66.2 4 3.0 63.1+3.1 741419 71.8
1 COD [%]
N'NOXkI_I\f][kg 138.8 + 72.8 235.0 4 64.3 277941417  849.6+157.6  5754+1877  789.7 +330.8 469 + 73
weex 1 7324103 794+ 69 76.6 £ 9.5 89.1 434 81.0 + 86 793+ 7.0 81.3
H N-NOX [ /o]
_ +
[IE I\‘E‘é kfl}]] 208.3 4 53.7 141.9 + 346 111.7 + 36.8 123.6 + 47.8 132.9 +24.7 260.7 & 63.7 140 £ 17.1
& . ~51.3+83 —585+7.3 —66.3 + 6.7 —51.5+93 —52.5 + 8.1 ~16.7 +32 —55.8
K N-NH4
N“/’vfg E\Il[]kg 688.5 + 190.9 564.5 + 88.4 749.6 +160.1 8948 +137.0  989.3+182.0  989.3  182.0 776 + 69
ces 4324136 54.0 +5.9 39.8 + 8.6 309 + 6.7 328 +5.7 29.0 + 4.4 405
u Norg [%]
N HE_[}‘]g 10201 £210.7  950.8 41275 11663 +£2229 18346 +£2072  1662.8 +2050  1624.5 + 250.4 1376 + 96
weex 247 +10.7 3446462 427 +82 412+ 6.0 39.145.1 230492 375
1 Ntot [%]
Tvl:eli,“f]g 62.1427.9 103.2 £ 20.9 65.7 + 18.2 729 + 142 769 £ 152 17.5 + 14.9 75+ 8
. 61.9 + 12.1 652+ 6.7 58.8 + 8.1 499 +82 459+ 6.8 229+92 553
u Ptot [%]
TAiII,I\f][kg 246.3 + 66.9 4757 + 813 402.9 + 60.5 605.6 + 82.7 639.5 + 100.5 101.1 + 40.3 486 + 41
y 852452 912 432 84.6 £ 6.1 69.4 +5.9 54.9 + 6.4 408 +3.9 774
1 TAS [%]
Mliiig ][kg 115.0 + 633 252.0 + 75.4 311.9 + 67.9 325.0 + 74.8 279.3 +52.1 52.8 +24.8 267 + 32
821493 912 4 3.0 89.2 439 76.6 & 6.0 80.6 & 4.4 70.9 £ 9.8 84.0

1t MBAS [%]

3.2. Data Analysis

The Pearson moment correlation coefficient and the Spearman rank correlation coeffi-
cient were calculated to evaluate a possible correlation between the monitored nitrogenous
forms in thermophilic biological process input (Table 2).

This analysis allows us to have an indication of the composition of the total nitrogen
loaded and the possible relationship between the various forms of nitrogen. The analysis
of Pearson’s correlation index highlighted a positive correlation between Norg introduced
into the plant and TN (0.57). The correlation between the value of nitric and nitrous
nitrogen and the total nitrogen entering the plant was 0.66 while the correlation between
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ammoniacal nitrogen and the monitored total was only 0.2. From the Person index it can
therefore be deduced that the most significant amount of nitrogen in terms of total nitrogen
was that attributed to nitric and nitrous nitrogen. It is also possible to note some negative
correlations between the monitored nitrogenous forms (NH4-NO) and organic nitrogen,
suggesting a treatment upstream of the biological process and a possible interference in the
measurement method [38].

Table 2. Pearson correlation matrix.

Norg IN TN IN N-NH4* IN N-NOy IN
Norg IN 1.00 \ \ \
TN IN 0.57 1.00 \ \
N-NH;* IN —0.06 0.20 1.00 \
N-NOy IN -0.17 0.66 0.10 1.00

The Spearman correlation matrix shows very similar results (Table 3). A strong positive
correlation can be observed between nitrates input into the system and total nitrogen input.
This correlation can be explained by considering that nitrates constitute the largest share of
the forms of nitrogen treated by the thermophilic biological system.

Table 3. Spearman correlation matrix.

Norg IN TN IN N-NH4* IN N-NOy IN
Norg IN 1.00 \ \ \
TN IN 0.45 1.00 \ \
N-NH4* IN —0.12 0.25 1.00 \
N-NOy IN —0.19 0.69 0.24 1.00

From the analysis of the two correlation matrices, a positive correlation emerges
between all of the non-organic nitrogenous forms entering the biological reactor with the
total nitrogen value. This analysis suggests the possibility of estimating the composition
of the nitrogenous forms entering the plant based on the measurement of total nitrogen,
usually simpler than that relating to nitrates.

According to Correlation Matrixes, Pearson (P) and Spearman (S) is interesting since if
you have S > P, it means you have a monotonic but non-linear correlation [39]. The results
could help in the future in the correct modeling of the observed parameters, providing
information on the type of correlation between the data, whether linear or monotonic.

3.3. Multivariate Linear Regressions

Table 4 shows the matrix of the coefficients of the best multiple linear regressions able
to describe the possible relationship between the parameters of the substrates entering the
biological reactor and the chemical, pure oxygen, and energy consumption. The regressions
are obtained by means of a stepwise search, as implemented in the MATLAB Statistics and
Machine Learning toolbox [40].

As shown in Table 4, it was found that the value of oxygen needed by the system
is linearly correlated with the input of organic nitrogen (B = 0.1382), i.e., around 7 kg of
organic nitrogen correspond to 1 kg of oxygen consumption. As reported by Table 1, the
analysis shows that the oxidation process of organic nitrogen corresponds to the highest
rate of oxygen consumption, thus leading to an increase of the ammoniacal nitrogen. This
regression has a low Pval value (0.0175) and a root mean square deviation (Rmse) value
of 0.1226, i.e., well below the maximum value. This demonstrates a good applicability of
the model as well as for forecasting purposes. The same approach was used to study the
value of electricity consumption. The parameters selected by the model were total nitrogen
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and anionic surfactant. In this case the Pval value was very low (around 10~7) showing
excellent statistical significance of the model, with a Rmse value of 0.1042.

Table 4. Coefficients of multivariate linear regressions. N corresponds to the parameter selected
by the model, being 1 equal to yes and 0 to no; Bare the linear regression coefficients; Pvals are the
P-values, i.e., the probability of obtaining a result equal to or more extreme than the observed one,
assuming that the null hypothesis is true (Pvals are computed using the F-statistic); finally Root Mean
Square Error (Rmse) evaluates the performance of a forecasting model by comparing the prediction
to the observed or actual data.

COD, in Norg, in TN, in N—-NH4, in N—-NO3, in TP, in TAS, in MBAS, in KgO; in
[kg/week] [kg/week] [kg/week] [kg/week] [kg/week] [kg/week] [kg/week] [kg/week]  [kgOs/week]
N 0 1 0 0 0 0 0 0
B \ 0.1382 \ \ \ \ \ \
Pval 0.0175
Rmse 0.1226
COD, in N—Org, in N—tot, in N—NH4, in N—NO3, in P in TAS, in MBAS, in kWh in
[kg/week] [kg/week] [kg/week] [kg/week] [kg/week] [kg/week] [kg/week] [kg/week]  [kWh/week]
N 0 0 1 0 0 0 0 1
B \ \ 0.1297 \ \ \ \ 0.2643
Pval 7116% 7><
Rmse 0.1042

This type of analysis allows the AW utilities manager to be able to forecast the electrical
and oxygen consumption values of the system based on the input parameters.

The proposal involves utilizing future linear regression analysis to establish a connec-
tion between oxygen consumption and removal efficiencies. This aims to set a minimum
operational threshold for plant performance or adherence to discharge limits. Let us note
that flow rate is an important determinant of the energy consumption of all MBR systems.
In our experimental setting, however, the variability of the flow rate between output data
was quite low, and therefore it was not included in the regression. In case of a different
experimental setting, one may consider modeling as a first regression the relationships
between energy consumption and flow rate, and then perform a new regression study,
as we did, on the residuals between the first regression and the data. The suggestion to
enlarge the number of regressors extends to exploring also other variables such as tempera-
ture, pH, or operational factors influencing oxygen consumption and pollutant removal.
The suggested approach of correlating oxygen consumption with removal efficiencies
offers a comprehensive perspective on plant performance, facilitating the establishment of
minimum operational objectives.

3.4. Time Series Decomposition

Time series decomposition is a data analysis technique used to extract trend and
seasonal components of a time series. Its main purpose is thus to highlight and separate
long-term effects from periodical ones. This strategy is often used to break down, analyze,
filter, and interpret complex data in a meaningful way for research, forecasting, or decision-
making purposes. In detail, we have performed the following analysis:

1.  Decomposition of time series: we have assumed an additive decomposition model,
which assumes that a time series Y can be written as follows: Y =T +S + R, where T
is a trend component, S is a seasonal component and R is a random component. For
finding the components we have exploited the algorithm called STL (“Seasonal and
Trend decomposition using Loess”) [29] a robust approach able to deal with handle
any type of seasonality, and capable of handling outliers and non-linear trends. In
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our case, we looked for yearly seasonality (i.e., we wanted to highlight if there were
regularities in the loadings of the same month over different years).

2. Data visualization: STL decomposition was used to visualize data by plotting long
term trends and monthly seasonality.

The results helped to identify regularities that can be effectively exploited by the
plant managers to plan the input loads to the biological reactor, forecasting and therefore
minimizing fluctuations of the input loads [41].

To explain the practical impact of this analysis, we can concentrate our attention to the
panel related to N-NOj in Figure 4. We can see that the original time series is quite noisy.
However, the trend analysis clearly shows an increase starting on July 2020, with a peak
in January 2022 and a following decrease in the last year. Moreover, the cyclic component
highlights a low value in June (as it happens also for other pollutants) and a higher values
in February and November. The combination of these aspects can be used to optimize the
plant configuration at large, from the plants settings to the personnel shifts.

Looking at the results shown in Figure 4, it is possible to note that COD, TN, N-
NO3, Norg and TAS show a long-term increasing trend. Moreover, there is high long-term
variability for N-NH;*, as well as for MBAS. The analysis of the seasonal components
highlights that February and July are high loading months in terms of all input quantities,
while August has low loadings for several inputs: COD, TN, MBAS, and Norg.
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Figure 4. Time series decomposition of the loads fed to the TBR relating to the parameters COD, Ntot,
Ptot, MBAS, N—NH,*, Norg, N—NO3, TAS [kg/week]. Each subplot shows the original data (upper
plot), the long-term trend (middle plot) and monthly boxplot over the years, where the blue line
shows the boxplots and the red lines the average value (lower plot).

4. Future Outlooks and Conclusions

A full-scale TMR has a great elasticity in the examined AWTP throughout the five
years of the research. An approach to evaluate the statistical variability of management
data was investigated to derive alerts conditions in the management of the plant. Advanced
descriptive statistics (violin graphs) highlight the treatment effectiveness of this process
which combines thermophilic biodegradation with an ultrafiltration treatment; the loading
mode of the reactor with the presence of some peaks uniformly distributed over the various
years. Correlation matrixes (Pearson (P) and Spearman (S)) help in the future in the correct
modeling of the observed parameters, providing information on the type of correlation
between the data, whether linear or monotonic. Multiple linear regressions allow the AW
utilities manager to be able to forecast the electrical and oxygen consumption values of
the system based on the input parameters. Time series decomposition helped to identify
regularities that can be effectively exploited by the plant managers to plan the input loads
to the biological reactor, forecasting and therefore minimizing fluctuations of the input
loads. Clearly, the approach presented in the paper needs to be further applied to other
systems, to assess its potentials in different contexts. New analysis may provide insights
about the methodological choices and suggest different statistical methods to highlight the
main plant characteristics.

For future work, we will explore the different ways for effectively optimizing the
treatment plant by looking both at the “loading” and “feeding” aspects. First, an important
action is to try to reduce the variability of the loads in terms of physico-chemical properties
and volumetric quantity. This may be possible by planning ex-ante the load based on
the analysis of the historical loads of the plants. Second, a proper calibration of the
feeding of pollutants may minimize oxygen and energy consumption during the oxidation
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process. Again, a proper statistical analysis of the monitoring data is essential to achieve
the optimization goals.
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