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This work proposes an automatic control solution for the operation of conventional wastewater treatment plants
(WWTPs) as energy-autonomous water resource recovery facilities. We first conceptualize a classification of the
quality of treated water for three resource recovery applications (environmental, industrial, and agricultural
water reuse). We then present an output-feedback model predictive controller (Output MPC) that operates a
plant to produce water of a specific quality class, while also producing sufficient biogas to ensure nonpositive
energy costs. Using well-established simulation models, we analyze the controller performance on the long-term
operation of a biological WWTP subjected to typical influent loads and periodically changing quality targets.
Our experiments show that conventional WWTPs are flexible enough to transition from pollution abatement to
resource recovery. The plant is also shown to have an energy-positive operating regime, that is, it can recover
more energy than needed for its operation. Under closed-loop operation, the WWTP achieves the nutrient re-
covery targets while producing 83 GWh/year of surplus energy, with an average throughput of 2 385kWh/day.
The results provide a proof-of-concept for the energy-autonomous operation of existing wastewater treatment
infrastructure with control strategies that are general enough to accommodate different resource recovery tasks.

1. Introduction

A paradigm shift in the management of water resources is taking
place: Wastewater, traditionally seen as a pollutant, is now recognized
as a sustainable source of clean water, energy, and nutrients (Guest
et al., 2009; Kundu et al., 2022; Ricart & Rico, 2019; Verstraete &
Vlaeminck, 2011; United Nations, 2017). The potential to commodify
these resources, together with increasing water demands and environ-
mental concerns, is driving the wastewater sector to rethink wastewater
treatment plants (WWTPs) as water resource recovery facilities (WRRFs)
(Kehrein et al., 2020; Sarpong & Gude, 2020). Recovering nutrients di-
rectly to effluent streams, thus producing reused water of tailored qual-
ity, has become a particularly attractive process goal: Aside from pro-
moting a circular economy and zero-waste principles, such a practice
alleviates water stress by conserving freshwater resources for the pro-
vision of potable water. Moreover, a balanced water-energy nexus can
be achieved by harvesting the excess sludge from this process for heat
and electrical energy. A technology able to produce reused water of tai-
lored quality while still having net-zero (or even net-negative) energy
balance costs thus contributes an essential step in the transition from
wastewater treatment to water resource recovery.
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Current research efforts focus on redesigning and upgrading treat-
ment plants with new dedicated process units. Novel nutrient recov-
ery processes include crystallizers for struvite precipitation (Peng et al.,
2018), membrane-based processes for concentrating nitrogen via for-
ward osmosis and ultrafiltration (Wu, 2019; Xie et al., 2016), and biore-
actors promoting micro-algae cultivation (Li et al., 2019; Valverde-Pérez
etal., 2015). Energy recovery is commonly proposed by integrating com-
bined heat and power (CHP) systems to treatment plants and rearrang-
ing their units to maximize the production of biofuels from waste (Sar-
pong & Gude, 2020; Solon et al., 2019; Wan et al., 2016). In the afore-
mentioned processes, source-separating systems for splitting domestic
wastewater into urine, greywater, and blackwater are often a relevant
pre-treatment step. While promising, the costs of building and operating
such technologies (Chen & Wang, 2009; Farago et al., 2021) have unde-
niably slowed their implementation. In contrast, little has been investi-
gated on the potential for repurposing the already in-place infrastruc-
ture by reprogramming its operation for water resource recovery goals.
In this direction, biological treatment of wastewater (Henze et al., 2008)
offers a promising platform: Such a treatment infrastructure is common
to most urban centers, has a recognized potential for energy recovery
through the production of biogas, and is centred on controlling the
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nitrogen and phosphorus content of wastewater-two major nutrients
lost by conventional treatment. Finally, these bioprocesses are increas-
ingly instrumented and digitalized, thus facilitating the design and de-
ployment of new operation policies.

Biological WWTPs are large-scale dynamical systems of notorious
complexity. Their real-time operation thus requires control solutions ca-
pable of automatically driving actuators using data from in situ sensors.
Traditionally, this was achieved by low-level regulators that controlled
key process variables to match operational targets set during process
design (Amand et al., 2013; Olsson et al., 2013). Model predictive con-
trol (MPC, Rawlings et al., 2020) soon emerged as a promising approach
for optimizing the performance of biological WWTPs performing pollu-
tion abatement. For the specific tasks of dissolved oxygen and nitrogen
control, setpoint tracking MPC outperforms low-level regulators (Fosco-
liano et al., 2016; Han et al., 2012; Holenda et al., 2008; Mulas et al.,
2015; O’brien et al., 2011; Santin et al., 2016). The existing solutions
cover different types of biological WWTPs, using either first-principles
or black-box models to represent their dynamics, and are mostly based
on classical MPC algorithms. In the same direction, Shen et al. (2008)
proposed a MPC for enforcing regulation-type limits on the plant’s efflu-
ent quality. For the higher-level task of enforcing effluent quality limits
while simultaneously minimizing the plant’s energy costs, different MPC
strategies were proposed: these include multi-level (Brdys et al., 2008;
Francisco et al., 2015; Vega et al., 2014), multi-objective (Han et al.,
2014), and economic (Stentoft et al., 2020; Zeng & Liu, 2015; Zhang
et al., 2019) MPC formulations. In general, such controllers either di-
rectly optimize the effluent quality and operating cost indices achieved
by the closed-loop system, or explicitly constrain the effluent concen-
tration of pollutants. The technological scope has also been extended to
include model-based state estimation, for both monitoring and control
purposes (Busch et al., 2013; Yin et al., 2018; Yin & Liu, 2019). Finally,
the latest developments consider learning-based methods, such as Koop-
man operators (Han et al., 2024) and neural networks (Bernardelli et al.,
2020; Han et al., 2022; Wang et al., 2023), to improve existing MPC
strategies and produce more accurate (and numerically convenient) pro-
cess models.

The research on the predictive control of biological WWTPs, while
active, has remained limited to ad-hoc designs tailored to nutrient re-
moval. Despite the aforementioned large pool of control solutions, there
are still no results on operating conventional WWTPs for resource re-
covery. In previous work, we addressed this research gap by proposing
a general control framework for biological WWTPs (Neto et al., 2024).
The framework is centred on an output-feedback MPC for reference-
tracking, with the references designed to reflect higher-level environ-
mental and/or economic objectives. In this work, we specialize this con-
trol framework and investigate its performance in operating full-scale
biological WWTPs as self-sufficient WRRFs. Specifically, we

(i) classify the quality of treated water in terms of its biochemical pro-
file, based on three target applications (environmental, industrial,
and agricultural reuse);

(ii) design an output-feedback MPC to operate a conventional WWTP
to produce water of different quality classes, while enforcing non-
positive energy costs;

(iii) demonstrate this controller on the long-term operation of a WWTP
subjected to typical influent loads.

The predictive controller is a digital solution whose functioning depends
on a dynamic model of the process and its operation relies on the ex-
change of data with the plant’s actuators (the control actions) and sen-
sors (the measurements). We design its main components such that it
achieves energy-autonomous resource recovery by tracking a desired
water quality grade, while still enforcing that the operation has nonpos-
itive energy costs. The controller is configured under the assumption
that the targeted water quality changes periodically to supply alternat-
ing clients with reclaimed water. While this setup is specific, the con-
troller architecture is general enough to accommodate a wider range of
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Reject water

Fig. 1. Process layout of a WWTP. The solid balloons refer to quantities mea-
surable through online sensors, while the dashed balloons refer to quantities
measurable only through laboratory analysis.

treatment processes and resource recovery objectives. Our experiments
are carried out at a simulation level and the results contribute a proof-
of-concept on the flexibility of conventional wastewater treatment in-
frastructures.

The rest of the paper is organized as follows: Section 2 overviews
biological WWTPs, provides a classification of reused water quality,
and then presents the benchmark model used to represent and simulate
real-world facilities. Section 3 overviews the output-feedback predictive
controller, its individual components, and their specific configuration
for the energy-autonomous operation of WWTPs as WRRFs. Section 4
presents and discusses the simulation results of operating a conventional
WWTP using our predictive controller. Finally, Section 5 provides con-
cluding remarks. For the model equations and additional technical de-
tails, we refer to the Supplementary Material.

2. The water resource recovery facility: Process layout, water
quality classes, and simulation setup

We consider a conventional biological wastewater treatment plant
(WWTP, Henze et al., 2008) comprised of two main processes:

— The activated sludge process, in the water line, based on nitrification-
denitrification processes, in which microorganisms reduce ammonia
present in the wastewater into nitrate, which is then further reduced
into nitrogen gas and released into the atmosphere;

— The anaerobic digestion process, in the sludge line, in which organic
material present in the excess sludge produced by the plant is con-
verted into biogas, which is used as fuel for heat and energy gener-
ation.

In a typical process (Fig. 1), the water line comprises two reacting sec-
tions and a settling tank. Each reacting section may consist of several
zones for the oxidation of organic matter. The settler clarifies the treated
water from suspended solids and flocculated particles before it is further
processed or disposed. The sludge line typically comprises a thickener
unit, an anaerobic digester, and a dewatering unit. The thickener and
dewatering units are solid-separation processes that reduce the volume
of the sludge fed to and disposed from the digester, respectively.

In general, a WWTP can be understood as a process that converts
influent wastewater into three main products: treated (or reclaimed)
water, biogas, and disposed sludge. When no further processes exist
downstream, any quality requirements must be applied directly to these
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effluents. The quality of the treated water is characterized by its concen-
trations of total suspended solids (TSS), organic matter (quantified as
biochemical oxygen demand, BOD), and total nitrogen (TN, the sum of
organic nitrogen, ammonia, and nitrates/nitrites). The quality of the bio-
gas is characterized by its concentration of methane (CH,). The quality
of the disposed sludge is indirectly characterized by the concentrations
of total suspended solids (TSS) in the outflow of the digester. During
operation, these quantities are routinely monitored through instrumen-
tation consisting of both analyzers and online sensors. Additional sen-
sors (e.g., flow-rate, temperature, volume) are often deployed to further
observe the operating conditions of the process.

Remark 1. The quality of the treated water can include additional
metrics such as its concentrations of phosphorus and pathogens. As these
are treated by external or tertiary processes, they are not considered in
our study. Regardless, our control framework (Section 3) can still be
configured to incorporate such processes in the plant’s layout—provided
that a model of their dynamics is available.

A modern treatment plant might employ different solutions from
control engineering to automate its operation (Olsson et al., 2013). This
is required to ensure effluents of consistent quality despite the variability
of the influent. Many control strategies are built upon two conventional
feedback loops:

— Nitrate nitrogen (NO;-N) in the anoxic section is controlled by ma-
nipulating the internal recirculation;

— Dissolved oxygen (O,) in the aerated section is controlled by manip-
ulating the air flow-rate.

Using low-level regulators (Seborg et al., 2016), those measurable quan-
tities are driven towards set-points provided manually by the plant’s op-
erators to achieve a specified effluent quality. In more advanced strate-
gies, these set-points are instead determined by higher-level control
systems to optimally achieve a given objective under operational con-
straints. To operate a WWTP as an energy-autonomous WRRF (that is,
to produce reused water of tailored quality with net-zero energy costs),
such advanced solutions become necessary.

In the following, we define control objectives for this class of treat-
ment plants when operated for resource recovery. For the task of pro-
ducing reused water with net-zero energy costs, we characterize three
water quality classes based on environmental, industrial, and agricul-
tural demands, and we present a quantitative metric of the energy be-
ing consumed (or generated) by the plant’s operation. We conclude the
section by describing the model and data used to simulate a WWTP for
validating our proposed control system (Section 3) given these newly
established targets.

2.1. Water quality classes and control objectives

The primary control objective of an energy-autonomous WRRF con-
sists of targeting different qualities for its effluent water. Considering
three major applications of reclaimed water (environmental, industrial,
and agricultural reuse), the plant should be able to switch between pro-
ducing:

Class A) water suitable for sustaining and/or augmenting natural wa-
ter bodies;

Class B) water suitable for urban (e.g., toilet flushing) and industrial
(e.g., cooling systems) activities;

Class C) water suitable for crop irrigation.

The classification is defined via upper limits on the effluent quality met-
rics (that is, concentrations of suspended solids, organic matter, and
nitrogen), such that, would the treated water be used for the afore-
mentioned purposes, no harmful side effects are expected. We con-
sider the limits reported in Table 1, based on existing regulations and
well-established standards (Alcalde-Sanz, 2017; EU, 2020; EPA, 2012;
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Table 1

Water quality classes and their characterization in
terms of the effluent concentrations of total sus-
pended solids (TSS), biochemical oxygen demand
(BOD), and total nitrogen (TN).

Water class  Biochemical profile

TSS BOD TN
A <30g/m* <10g/m* <15g/m’
B <30g/m?® <15g/m’ <30g/m’
C <30 g/m’ <20 g/m’ <45 g/m’

Shoushtarian & Negahban-Azar, 2020). In practice, solids and organic
matter must always be kept at low levels to avoid bacterial growth and
accumulation of inert matter. Conversely, being a nutrient, nitrogen has
less stringent limits depending on the application: While not critical for
industry, it is a valuable resource for agriculture. The limit on the nitro-
gen content of fertigation water (Class C) is then only meant to avoid
issues related to the oversupply of nutrients (Albornoz, 2016).

The real-time operation of the WWTP to produce effluents of either
quality requires an external (time-varying) demand for that specific wa-
ter. In the absence of explicit clients, we instead assume the control
objective to change periodically. Specifically, we assume that the plant
alternates between producing water of Class A and Class B on a monthly
basis. In this case, the plant compensates for an energy-intensive task
(targeting Class A) with a less expensive operation (targeting Class B).
Exceptionally, Class C is the targeted quality during cold seasons: This
is to exploit the performance of the plant during winter, considering
that nitrogen removal is especially difficult at low temperatures and
that greenhouse farming would still create demands for irrigation water
during this period.

Remark 2. The scenario used for this study is specific but not restric-
tive. Our control strategy is also valid when the quality targets are given
in real-time by external clients.

The secondary control objective of an energy-autonomous WRRF
consists of adjusting its biogas production to recover the energetic costs
incurred by its operation. For this class of WWTPs, we quantify the net
demand of electricity and heating using the energy cost index (ECI, in
kWh/d),

ECI = AE + PE + ME — 5z MP + max(0, HE — n,;MP) (€D)]

given the aeration (AE, kWh/d), pumping (PE, kWh/d), mixing (ME,
kWh/d), and heating (HE, kWh/d) energy required for operation. En-
ergy generated from effluent biogas is expressed as methane production
(MP, in kg CH,/d) converted to electricity (with efficiency #; > 0) and
heat (with efficiency 55 > 0). At any given time, these metrics are de-
termined from the value of the process state and of the control actions
requested to its actuators. A WWTP is then characterized as energy-
autonomous when its ECI, averaged over a specified period, is nonposi-
tive.

2.2. Model and simulation data

The Benchmark Simulation Model no. 2 (BSM2, Gernaey et al., 2014)
is used in this work to represent a large-scale treatment plant. The BSM
is the de facto platform for control design and simulation of biologi-
cal treatment plants subject to typical municipal influents (Brdys et al.,
2008; Busch et al., 2013; Foscoliano et al., 2016; Francisco et al., 2015;
Han et al., 2022, 2014, 2012, 2024; Neto et al., 2024; Olsson et al.,
2013; Santin et al., 2016; Shen et al., 2008; Stentoft et al., 2020; Vega
et al., 2014; Wang et al., 2023; Yin et al., 2018; Yin & Liu, 2019; Zeng
& Liu, 2015; Zhang et al., 2019). It consists of a description of a plant’s
layout, a model of its dynamics and measurement process, and influent
data for its simulation.
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Fig. 2. Process actuation and instrumentation layout for the Benchmark Simulation Model no. 2 (BSM2).

The benchmark describes a conventional biological WWTP (Fig. 2)
whose water line is comprised of

— a series of 5 bioreactors (denoted A, ..., A5), with dynamics by the
Activated Sludge Model no. 1 (Henze et al., 2000). For each rth re-
actor, the inflow of air (K;a%r) and carbon (Qgé) can be manipu-
lated, and we monitor its temperature (74-) and concentrations of
dissolved oxygen (Sg’) and nitrate-plus-nitrite nitrogen (SS(’)). The
outflow concentrations of total suspended solids from the water line
(TSS45) are also monitored;

— a non-reactive settler represented by 10 vertical layers (S|, ..., S}q)
with dynamics by Takécs et al. (1991). From its topmost layer (S;),
the concentrations of suspended solids (TSSS10), soluble ammonia
(SI”\?I]_? ), and nitrate-plus-nitrite nitrogen (Sgg] ), are monitored. The

chemical profile in S, characterizes the effluent water quality;

and the sludge line is comprised of

- a thickener (D,,,) and a dewatering (D,,,,) unit, both described as
ideal solid separation processes;

— an anaerobic digester (D), with dynamics by the Anaerobic Digestion
Model no. 1 (Batstone et al., 2002). This unit is monitored through

its effluent gas flow-rate (Qé’as) and methane composition (GgH4)’

and through its outflow concentrations of suspended solids (TSS?);

— anon-reactive storage tank for reject water (R), with basic mass flow
dynamics. Its liquid volume (V'®) and concentrations of ammonia
(SI{I‘H) are monitored.

The primary clarifier (P) has dynamics described by Otterpohl (1995).
As in the settler, its overflow (P.g, fed to the water line) is monitored by
its concentrations of total suspended solids (TSSFefr), ammonia (S;;f
and nitrate-plus-nitrite (Slggf) nitrogen. Finally, water and sludge can
be recirculated in the plant through the internal (Q,), external (Qy),
excess sludge (Qy,) and reject water (Qg) recycle flow-rates.

The benchmark WWTP consists of a process with a total of N, = 14
actionable inputs and N, = 27 measurable outputs. Under this layout,
the BSM2 provides a unified dynamical model describing the plant in
terms of N, = 225 state variables (the chemical concentrations and tem-
perature in all units), how they evolve in response to external inputs

Table 2
Actionable inputs, measurable outputs, and KPIs, for the Bench-
mark Simulation Model no. 2 (BSM2).

Description [Units] Location
Input
[ Internal recycle flow-rate [m3/d] -
Qg External recycle flow-rate [m?/d] -
Oy Excess sludge flow-rate [m?/d] -
Ox Reject water flow-rate [m3/d] -
K, a Oxygen transfer coefficient [1/d] As
Oxc External carbon flow-rate [m*/d] Aps
Output
TSS Total suspended solids [g/m?] Pegy, As, S19, D
Sy NH +NH, nitrogen [g/m’] Peg, Sy, R
Syo NF); +NO; nitrogen [g/m?] Py, AjLs, Sio
S, Dissolved oxygen [g/m?’] As
T Temperature [°C] Al.s
GCH4 Methane [kg/m?] D
[ Gas flow-rate [m*/d] D
4 Volume [m?] R
KPI
TSseft Effluent total suspended solids [g/m?] -
BOD;Eff Effluent 5-days measured BOD [g/m?] -
TNeft Effluent total nitrogen [g/m’] -
ECI Energy cost index [kWh/d] -

(the influent wastewater and control actions), and how they are emit-
ted in the measurements. The model also describes how the state de-
termines the instantaneous value of the N, = 4 key performance indi-
cators (KPIs): The effluent total suspended solids (TSSef), 5-days mea-
sured biochemical oxygen demand (BODgff), total nitrogen (TNeff), and
the plant’s energy cost index (ECI). We refer to Table 2 for a sum-
mary of the input-output variables for this process. The complete de-
scription of the state-space model is provided in the Supplementary
Material.

The actuation and instrumentation setup in this plant extends
the typical WWTP layout (Fig. 1). Here, all bioreactors are equally
equipped and both the primary and secondary effluents are moni-
tored. This setup assumes that all the control handles (described by the
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BSM2) are actionable and can be used for designing control policies
(Gernaey et al., 2014). Under this assumption, we have the flexibility
to dynamically adjust the anoxic/aerated volumes in the water line be-
yond the canonical schemes tailored for nitrogen removal-thus having
a finer control of the nitrification-denitrification process. Specifically,
it allows for the automatic adjustment of air (K; a) or external carbon
(Ogc) flow-rates based on whether the current resource recovery objec-
tive requires the plant to perform nitrification or carbon-assisted deni-
trification. Monitoring primary effluent gives direct information on the
wastewater entering the water line, aiding controllers in this planning.
Despite extensive, such a layout is still realistic and comprised of com-
mercially available sensors and actuators (Olsson et al., 2005). A formal
analysis of the most cost-efficient control layout is beyond the scope of
this paper.

Characterization of the influent wastewater

The BSM2 is accompanied by wastewater data (Fig. 3) describing
the influent flow-rate, its temperature, and its biochemical profile in
terms of 13 chemical concentrations. The data is based on observa-
tions from real plants and adapted to represent a 80 000 population-
equivalent influent load, as described in Gernaey et al. (2011). It con-
sists of N, =1 + 1+ 13 = 15 time series sampled every 15min (~ 0.01
days) over a period of 609 days. The sampling period is sufficient to cap-
ture the dynamics of the whole treatment process (Gernaey et al., 2014,
89.5). The influent is always of the municipal kind and non-actionable:
it is treated as an unmeasured disturbance. Exceptionally, as is com-
mon practice, the influent flow-rate and its temperature are measured
in real-time (Olsson et al., 2005). We remark that this partial monitor-
ing of the influent benefits the design of state estimators, as it reduces
the dimensionality of the estimation problem (Rawlings et al., 2020).

We focus on controlling the WWTP when subjected to the first 365
days of this influent scenario. In Fig. 3, we summarize the influent
wastewater during this period in terms of its flow-rate (Q;,), temper-
ature (T'M), concentrations of total suspended solids (TSSIM), biochemi-
cal oxygen demand (BODiS“) and total nitrogen (TNIM). For the latter, we
highlight that most influent nitrogen occurs in the form of either organic
or ammonium nitrogen. In addition to the seasonality (as per the tem-
perature changes), we remark on the storm and rain events occurring
over this scenario: They are characterized by sudden increases in the
influent flow-rate and simultaneous dilution of its solids and nitrogen
content. Since deviating noticeably from the average conditions, these
are considered extreme events from the perspective of designing control
strategies.

3. The predictive controller: Overview and specific setup for
resource recovery tasks

Output model predictive control (Output MPC, Neto et al., 2024;
Rawlings et al., 2020) is a systematic approach to design and execute
controllers to operate physical systems according to practical objectives
while subject to operational and technological restrictions. For oper-
ating WWTPs as energy-autonomous WRRFs, our Output MPC (Fig. 4)
comprises three main computational units: an operating point optimizer
(OPO); a model predictive controller (MPC); and a moving horizon esti-
mator (MHE). Formally, these units compute solutions to optimization
problems based on a predictive model of the system’s response to exter-
nal inputs. The OPO prepares an operating point that, if enforced, leads
to some desired values for the process’ KPIs (the water quality metrics
and energy cost index). Using this operating point as a reference, the
MHE and MPC respectively determine the process’ current state and the
sequence of control actions that would stabilize it around the desired
set-point.

The Output MPC operates in cycles of duration At > 0, the control
period, each starting at time 7, = kAt (k = 1,2,...). The computation of
the control actions must be amenable to a digital implementation: This
is achieved by adopting a discretize-then-optimize strategy (Betts, 2010),
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according to which the predictive model (Section 3.1) and the MPC and
MHE optimizations (Sections 3.3 and 3.4) are discretized in time and
then solved numerically. Although state-related constraints are com-
monly softened using slack variables (Rawlings et al., 2020), we for-
mulate them as hard constraints, as the careful tuning of our controller
parameters can guarantee feasibility. The reader is referred to our work
(Neto et al., 2024) and to the Supplementary Material for the full details.
In the following, we overview the main components of this controller
and present their configuration for operating our benchmark WWTP
(Section 2.2) for energy-autonomous water resource recovery.

3.1. The predictive model

The predictive controller is based on a representation in state-space
form of the wastewater treatment process,

%X(t) = f(x@), u(@®), w®) | 6,); (2a)
y(@) = g(x(n),u(®) | 6,); (2b)
2(t) = h(x(@®), u(®) | 6,). (29

The state Eq. (2a) models how the N, state variables evolve given their
value x(r) € RNx, the value u(f) € RV« of the N, actionable input (or
control variables), and the value w(r) € RMw of the N, disturbances, at
time 7 > 0. The output Eq. (2b) models how the N, measured outputs
y(t) € Ry are formed as emissions of the state x(r) and actions u(z). The
performance Eq. (2¢) models how the N, key performance indicators
z(t) € RNz are computed from the value of the state x(¢) and actions u(t).
The vectors 6,, 6,, and 6, collect the constant parameters in the functions
f, &, and h, respectively. Since the process has no input feedthrough, we
hereafter write y(r) = g(x(1)|6)).

Remark 3. During operation, only the measurement data need to be
collected from the instruments in real-time. While the KPIs could be
monitored (e.g., to assess the efficacy of the controller), the Output MPC
operates by computing these quantities using its predictive model.

The predictive model is assumed to be that provided by the Bench-
mark Simulation Model no. 2 (Section 2.2)-as such, the controller has
knowledge of the true dynamics of the system being controlled. While
this assumption is rather strict, it enables our proof-of-concept to high-
light the capabilities of automatic control of WRRFs without the addi-
tional problem of plant-model mismatch. Naturally, the same design can
be applied when only a surrogate model of the dynamics is available.
Regardless, we remark that the controller has no knowledge of the in-
coming disturbances and thus its predictions are still imperfect and must
rely on accurate estimations of the plant’s state from data.

3.2. The operating point optimizer (OPO)

The OPO prepares an operating point that achieves the desired per-
formance while satisfying the constraints. Here, optimality is quantified
by the closeness between the plant’s KPIs and some reference profile set
by the plant’s management to reflect their economic and environmental
targets. An optimal operating point thus consists of state, input, and dis-
turbance vectors at which the plant is in steady-state and its KPIs match
the desired profile. The task of computing operating points includes real-
time optimization (Seborg et al., 2016) and steady-state target calculation
(Rawlings et al., 2020) approaches, with our formulation inspired by
the latter.

For a cycle starting at ¢;, the OPO solves the problem

minimize  |W(z =20l + W a3 (3a)
subject to 0= f(x;.ug, i | 6,), (3b)
x, € Xy e, 2 ez (30)

to obtain an operating point (xief, ufff) € RNx x RNu that produces the

optimal KPI values szf = h(xfff, uff). The vectors (if(ef, aff, u‘szf) are the
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Fig. 3. Wastewater, 1-year period: Influent flow-rate (Q;,) and temperature (T™), and its quality in terms of total suspended solids (TSS™), biochemical oxygen
demand (BODiS") and total nitrogen (TN™). The ternary plot shows the composition of TN™ at each time-step in terms of inorganic (nitrate, nitrite, and ammonium)

and total organic nitrogen.
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Fig. 4. Main components of the Output MPC.

desired KPIs, actuator configuration, and disturbance profile, respec-
tively, for the kth cycle. The objective function (Eq. (3a)) is defined by
the weighting matrices Wzref, Wu“’f > 0. As customary practice, we con-
sider diagonal matrices (leading to N, + N, tuning parameters) with
W;ef > WMrEf to prioritize matching the desired KPIs rather than the ref-
erence actuator setup. The requirement that (x, u,, u‘)ief) be a steady-
state (Eq. (3b)) enables the MPC to stabilize the system around the ref-
erences (consequently, achieving Zief). Finally, the constraint sets x™f,
Uef, and z'f, (Eq. (3¢)) define which pairs (x;,u,) are feasible based
on restrictions to be satisfied during the operation of the process. Here,

they are taken to describe bound constraints:

Xl = (x e RN 1 xof < x < xof); (4a)

U-ref _ {u = RN“ . uref <u< uref}‘ (4b)
= s SH =y S

Z¥f = {zeRN: @ 8 <z < 77}, (40)

given the collections of lower {xfgf, uf]ff, zf,ff } and upper {xlr‘ff, ufjf, zﬁf
bounds of appropriate dimensions.

We configure the OPO to implement energy-autonomous resource re-
covery by having (i) the references z'®f enforce a desired water quality,
while (ii) the constraints Zf enforce nonpositive energy costs. Specif-
ically, we consider the references (z'f,a®f, v*¢f), bound constraints
(xref, urref, zref), and weighting factors (W, W) as in Table 3. This
setup is based on extensive experimental campaigns. The weighting for
ECI (z,) removes this variable from the objective function; it is not re-
quired to match a specific value, but only to be nonpositive. The desired
actuator setup uff and expected disturbances wief are set constant and
equal to the values provided by the BSM2: They correspond to the de-
fault open-loop controls (#"¢f) when the plant performs nitrogen removal
under average influent conditions (i0"ef).

Remark 4. Problem (3) belongs to the class of nonconvex optimization
problems and, as such, its solution is computationally demanding. How-
ever, the OPO needs to be executed only when changes occur for either
the references, the operational constraints, or the expected disturbance
profile. As such, its computational burden is not critical.

3.3. The model predictive controller (MPC)

The MPC is a state-of-the-art approach to the control of multivari-
able systems under hard constraints on their state and inputs (Rawlings
et al., 2020). This unit computes a sequence of control actions which op-
timally evolve the system from its current state x(r), at time 7, to the
reference state xfcef, with minimal deviation from the reference input uff.
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Table 3

Tuning of the OPO for energy-autonomous resource recovery.
The references for the KPIs z, ,, depend on the targeted water
quality class (A, B, or C). We refer to Table 2 for the units of
each variable.

Variable Reference Bounds Weight
A B C
TSS (z,) 10 10 10 [0, 00) 1
BODS! (z,) 4 4 4 [0, o) 1
TNeft (z3) 7.5 22.5 37.5 [0, c0) 1
ECI (z,) 0 0 0 (—0,0] 0
Q, (1) 61944 [0,92230] 6e-5
05 W) 20648 [0,36892]  6e-4
0y (u3) 300 [0, 1844] 6e-4
O () 100 [0,500] 6e-3
Kpa (us) 0 [0,360] 6e-3
K, a" (ug) 0 [0,360] 6e-3
K a* (u;) 120 [0,360] 6e-3
Kpa® (ug) 120 [0,360] 6e-3
Ky a%s (ug) 60 [0,360] 6e-3
04 (ygry) O [0,5] 2e-1
(wWy.15) See the Supplementary Material
(x1.225) See the Supplementary Material

The planning is done for a period of time of duration H, > 0, the control
horizon, under the assumption that (i) the system evolves as the model
predicts and that (ii) the disturbances remain constant throughout the
control horizon. Accounting for disturbance and model uncertainties,
only the first optimal action u(z,) is deployed to the system then held
constant until the next cycle starting at 7, | =1, + At.

For a cycle starting at 7, the sequence of optimal actions is the func-
tion (of time) u* : [t,,t,+H.] - R« solving

1 +Hc
mi?)irrgi)ze / ! LE(x(t), u(t))dt + LY (x(t,+H.,)) (52)
u(-),x(- rk
subject to %x(t) = f(x(®),u(), 0(1})), (5b)
telty .t +H,]
x(t) € X, u(t) e U, (5¢0)
x(ty) = X(ty). (5d)

The controller is designed to achieve optimal tracking by minimizing
the (squared) distance of the states (x(r)) and inputs (u(¢)) through the
control horizon (1 € [t;,7,+H,]) to the desired reference (xfff, ufff) ob-
tained by the OPO. Formally, this is expressed in Eq. (5a) by the cost
functions

LG,y = W, (x(0) = XE) 13 + W, (u) = ) 153:

L) = Wy (x(t,+H,) — x0) |12,

parametrized by the weighting matrices W,, W, > 0 and W, > 0. We
consider diagonal matrices (leading to N, + N,, tuning parameters) with
W, > W, to prioritize correcting deviations from the reference state. The
reader is referred to the Supplementary Material for their explicit values.

The performance of the predictive controller depends on a frequent
and consistent deployment of control actions. In its current formula-
tion, however, the problem (5) is nonconvex and thus computationally
demanding. We substantially reduce this computational load by convert-
ing the dynamic constraints (Eq. (5b)) into linear equalities: Specifically,
at the kth cycle, we consider the linearization of the plant’s dynamics
around the operating point p, = (xief, uief, u‘}jff),
FROEFICONTONT(N)

& A (x(O—XI) + By (u()—ul®) + G (1)~ i),

with 4, € RN~*Nx, B, € RN~*Nu, and G, € RN~*Nw being the first-order
variations of f(-) evaluated at p,,

A= f /0%, B=0f [ou)l,, . Gx=(0f [ow)l,,.
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This is an accurate approximation of the nonlinear dynamics provided
that the controller maintains the plant’s state and inputs close to the
fixed-point p,; a valid assumption aside from extreme events. Impor-
tantly, the Jacobian matrices (A, By, G,) can be computed efficiently
and with high accuracy even for large-scale processes (Rawlings et al.,
2020).

The design of our MPC is concluded by having the static sets U'¢ and
X¢ (Eq. 5¢) describe bound constraints (that is, minimum and maximum
values for the control and state variables). The input signal is enforced
to satisfy the actuator limits reported in Table 3 (thus, V¢ = vref), while
the state signal is only constrained to satisfy volume limits for the reject
water tank (thus, X¢ = {x : 0 < x,;; < 320}).

Finally, we remark that the closed-loop stability of linear-quadratic
MPCs depends directly on the constraints (X, U"°) and terminal weight-
ing matrix w; (Rawlings et al., 2020, §2.5). Here, w; is chosen from
the solution to the algebraic Riccati equation associated with the uncon-
strained version of Problem (5). We refer to the Supplementary Material
for the full details. Under this setup, our MPC is stabilizing.

3.4. The moving horizon estimator (MHE)

A dual to the MPC, the MHE is a state-of-the-art approach to the con-
strained estimation of (large-scale) systems (Rawlings et al., 2020). This
unit is responsible for determining the state X(r;) and disturbance vec-
tors i(t,) used in the MPC (Problem 5): They are the terminal values
of the state and disturbance trajectories that solve an optimal state es-
timation problem, over a past estimation horizon of duration H,. Again,
the problem is solved under the assumption that the system evolves as
the model predicts. In this case, optimality is defined in terms of close-
ness between the past model outputs and plant’s measurements under the
controls deployed to the plant over the estimation-horizon.

For a cycle starting at ¢,, the state and disturbance estimates are
the functions (of time) X : [t,—H,,t,] —» RN~ and & : [t,—H,,t;] —» RNw
solving the problem

1
minimize L'(x(t,—H,)) + / ' L(x(2), w(t))dt (6a)
w(-),x(-) 1—H,
subject to %x(t)= SO, u* (1), w(®)), (6b)
te[ty—H, .ty ]
x(t) € X¢, w(t) € W°. (6¢)

The estimator is designed to determine the state and disturbance that
best explain the plant’s data by minimizing the (squared) distance of
the model output (y(r) = g(x(1))) to the actual measurements (y42%2(r))
obtained over the past estimation horizon (r € [t,—H,,;]). This is ex-
pressed in Eq. (6a) by the stage and initial cost functions

L) = [1W, (y(0) = y220) 13 + |, (w(r) — 0) |12:

L) = [|W;(x(t,—H,) - £)113,

parametrized by the weighting matrices W, W,,,W; > 0. Under this
setup, the MHE can be interpreted as a maximum a posteriori estimator
in which the weighting matrices quantify the uncertainty arising from
measurement and process noise (the latter also covering model inaccu-
racies) (Rao & Rawlings, 2002). We consider diagonal matrices (leading
to N, + N, parameters) with W, > W, to prioritize matching the mea-
surement data y32a(r) instead of the expected disturbances u‘szf. The
reader is referred to the Supplementary Material for the explicit tuning.
The initial state reference is defined recursively as ?;ef = X(t,—H,+At)
with %(-) being the estimates from the previous MHE cycle.

The computational load of the estimator is reduced by approximating
the plant’s model with the linearization,

Lx(0) = f(x(0,u(), (D)
~ Ax(O=X) + Buu)=u) + Gr(w(®) =i,
) = g(x(0)
~ g(X8h) + Cp (x(0)—xIF),
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with the same Jacobian matrices (A;, B, G;) as defined in Section 3.3
and Cy = (9g/0x)|,, € R"»*Nx being the first-order variations of g(-)
evaluated at p; = (xfff, uff, u‘;fff).

The design of our MHE is concluded by having the static constraints
sets, W* and X*¢ (Eq. (6¢)), to describe bound constraints (that is, min-
imum and maximum values that disturbance and state variables can
take). In our case, the disturbances are known to be nonnegative (thus,
we set W¢ = R;’é"), while the state signal is only constrained by the lin-
earized dynamics (X°¢ = RNx),

Finally, we remark that the convergence of linear-quadratic MHEs
depends directly on the constraints (X¢, W¢) and prior weighting matrix
W; (Rawlings et al., 2020, §4.3). Again, W; is chosen from the solution
to the algebraic Riccati equation associated with the unconstrained ver-
sion of Problem (6). Under the assumption that the estimation error is
bounded, our combined MHE/MPC is then robust asymptotically stable.

4. Simulation results and discussion

This section presents the results obtained by the benchmark WWTP
(Section 2.2) when operated by our Output MPC (Section 3) for energy-
autonomous resource recovery (Section 2.1). For a realistic simulation,
the measurement data (y92t2) is corrupted with a random process rep-
resenting real-occurring sensor noise (see the Supplementary Material).
We first show how the automatic operation of the plant achieves our
primary objective (production of reused water), then we show how it
simultaneously achieves our secondary objective (energy-autonomous
operation).

4.1. Primary objective: Reused water of tailored quality

The results (Fig. 5) show that the Output MPC can operate the WWTP
to provide the requested quality class consistently, despite the influent
disturbances. The effluent flow-rate Q¢ and temperature T are shown
to follow closely their influent counterpart: This is expected, as the water
line has a constant volume and its reactions are modelled as isothermal.
The biochemical profile of the treated water (in terms of TSS®ff, BODgff,
and TNeff) shows that the controller can regulate its quality with satis-
factory performance except for the sporadic rain and storm events. For
the solids and organic matter:

— The effluent total suspended solids (TSS) are kept slightly above
the 10 g/m? reference throughout this 1-year period. The root mean
square tracking error is 3.72 g/m?. Aside from the occasional storm,
when TSS*f increases abruptly, we remark on the extreme events
occurring at the 15t month (¢ € [0,31) days) and 10™ month (r €
[273,304) days). During these events, TSSeff varies notably from the
reference and stays uncorrected for a long period. However, the
daily-average signal is always below the 30 g/m? limit, and thus this
KPI complies with the requirements for all quality classes (A, B, and
Q).

— The effluent 5-days measured biochemical oxygen demand (BODgff)
is kept around the 4 g/m?> reference throughout this 1-year period.
The root mean square tracking error is 1.23 g/m?3. As with TSSef,
the performance is less satisfactory only during extreme events. Be-
cause we set a constant BODgff reference for all quality classes (see
Table 3), the values of this KPI remain consistent throughout the
year. Consequently, the daily-average signal is always below the 10
g/m? limit, and thus complies with the requirements for all the qual-
ity classes (A, B, and C).

The effluent total nitrogen (TNeff), being the nutrient we are inter-
ested in recovering, is controlled to change periodically according to the
targeted water quality class:

- During odd months, the controller targets quality Class A by regu-
lating TN®ff around 7.5 g/m?. The performance is mostly consistent,
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with a noticeable but small decline in the 1%t month (¢ € [0, 31)): In
addition to the rain event, the task is more demanding at this period
as the lower temperature conditions affect the nitrogen removal ef-
ficiency. In contrast, the nitrogen removal efficiency is noticeably
higher in the latter months, when temperatures increase. The daily-
average signal during odd months is always below the 15 g/m? limit,
and thus complies with the requirements for reused water of Class
A.

— During even months, the controller targets quality Class B by reg-
ulating TN®ff around 22.5g/m3. In this case, performance is less
consistent but still satisfactory. The controller struggles to track the
reference during the 8™ month (¢ € [212,243)) and the 10 month
(t € [273,304)). Again, this is because higher temperature conditions
amplify the nitrogen removal efficiency of this treatment process.
Regardless, the daily-average signal during even months is within
the (15,30] g/m? limits and thus complies with the requirements for
reused water of Class B.

— During the cold season (months 3-5), the controller targets qual-
ity Class C by regulating TN around 37.5g/m?>. The reference is
tracked consistently, except for a few isolated events. Specifically,
the effluent concentrations of this nutrient decrease abruptly at days
t ~ 65, t ~ 95, and t ~ 145. These periods align with the occurrence
of rain events, indicating that this operational regime is more sensi-
tive to extreme influent disturbances. Regardless, the daily-average
signal during this period is mostly within the (30,45] g/m? limits and
thus complies with the requirements for reused water of Class C.

The root mean square tracking error for TN is 3.17 g/m3. In Fig. 5,
we also visualize the composition of TN®f at each time-step based on
the achieved quality class. The results show that the stricter the qual-
ity limits, the higher the focus on recovering nitrogen in the form of
ammonium. This is not surprising, as the influent nitrogen (Fig. 3) is
mostly comprised of organic and ammonium nitrogen: While the former
must be removed to avoid violating the quality limits on organic matter
(BODs), the latter can be recovered by relaxing the nitrogen removal
efficiency of the process. The fact that inorganic nitrogen is preferred
for crop fertigation, together with the known toxicity of nitrite, makes
this chemical profile ideal for clients requesting water of quality Class C
(agricultural reuse). Interestingly, this behavior was not explicitly pro-
grammed into the controller, but resulted from its planning given the
process model and the expected influent profile.

In summary, the results demonstrate the efficacy of this Output MPC
strategy and highlight some facts on wastewater treatment and nitro-
gen recovery. Firstly, it reinforces the well-known fact that nitrogen re-
moval via biological treatment is reduced and amplified, respectively,
by low and high temperature conditions. The conjecture is that conven-
tional WWTPs operated as WRRFs should be scheduled to recover nu-
trients during cold seasons, when producing nitrogen-rich reused water
is shown to be a less demanding task. Similarly, the plant can be sched-
uled to focus on producing cleaner water during warm seasons. Finally,
the results show that conventional WWTPs can effectively remove solids
and organic matter while simultaneously adjusting the chemical profile
of their water effluents.

To understand how the nutrient recovery is achieved, we analyze a
selection of the control actions deployed by the Output MPC (Fig. 6). We
recall that the controller has been configured to produce control actions
that enforce an operation regime with nonpositive energy costs. We fo-
cus on the first three months, each corresponding to a distinct quality
target, and on the evolution of inorganic nitrogen within the water line.
The controller operates this section by manipulating the aeration (K; a)
and addition of carbon (Qgc) in all reactors A, (r = 1, ..., 5) to optimally
adjust the nitrification-denitrification process:

— When targeting Class A (15t month), the controller increases and
decreases, respectively, the aeration to reactors A, and A, with re-
spect to the nominal values (Table 3). Simultaneously, the controller
requests extra carbon to all reactors, with A, being supplied the
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Fig. 5. Simulation, 1-year period: Effluent flow-rate (Q.¢) and temperature (7°f), and its quality in terms of total suspended solids (TSS®ff), biochemical oxygen
demand (BODgff) and total nitrogen (TNff). The shaded regions indicate the different water quality classes (A, B, and C). The ternary plot shows the composition of

TNeff at each time-step in terms of inorganic and organic nitrogen forms.

most. Under this configuration, the water line implements a anoxic-
aerated-anoxic-aerated scheme with denitrification happening in re-
actors {A;, A,} and nitrification happening in reactors {A,, A3, As}.
The state-responses show that nitrate-plus-nitrite nitrogen (Sy,) in-
creases while ammonium nitrogen (Sy) is greatly reduced in all
reactors, leading to small levels of effluent total nitrogen TNeff,

— When targeting Class B (2" month), the controller decreases the aer-
ation and slightly increases the carbon addition to all reactors A, (r =
1,...,5) with respect to the nominal values (Table 3). This leads to
the conventional anoxic-aerated scheme for activated sludge plants,
but with a more conservative aeration profile. The state-responses
show that nitrate-plus-nitrite nitrogen (SNO) increases while ammo-
nium (Sy,) is only moderately reduced in all reactors, leading to
medium levels of effluent total nitrogen TN®ff,

— When targeting Class C (3" month), the controller decreases the
aeration to all reactors A, (r=1,...,5) with respect to the nom-
inal values (Table 3). As a result, the reactor A5 is operated un-
der near-anoxic conditions. Simultaneously, the controller requests
a small supplement of carbon to all reactors, with emphasis on As.
This leads to a anoxic-aerated-anoxic scheme with only {A;, A,} be-
ing constantly aerated. The state-responses show that nitrate-plus-
nitrite nitrogen (SNO) is hardly produced while ammonium (Syy) is
kept close to influent levels. Thus, the plant produces high levels of
effluent total nitrogen TNeff,

These control actions are strictly inside their feasible sets (see Table 3),
with input saturation observed only for the external carbon flow-rates
(QEC) during extreme events.

Adjusting the anoxic/aerated volume of the water line is a well-
established strategy for operating biological WWTPs. The Output
MPC autonomously finds this strategy and utilizes it to switch be-
tween operational modes, while also exploiting the external carbon
sources in anoxic zones to compensate for the organic matter con-
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Fig. 6. Simulation, 1 € [0,90]: Air (K, a) and external carbon (Qgc) flow-rates,
top panels, and nitrate-plus-nitrite (SNO) and ammonium (SNH) nitrogen, bottom
panels, for each A, (r = 1,...,5). Only the daily-average values are displayed.

sumed in the aerated zones. The degrees-of-freedom enabled by the
external carbon sources seemingly led the controller to discover an
unconventional treatment scheme (anoxic-aerated-anoxic-aerated) for a
conventional task (targeting Class A). Formally, the implication is that
(according to the predictive model) this is an optimal configuration
for efficient nitrogen removal under energy-autonomous restrictions. Fi-
nally, we remark on how relaxing the quality limits leads the controller
to discover ever-cheaper control strategies— an expected benefit of tran-
sitioning WWTPs into WRRFs.
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Fig. 7. Simulation, 1-year period: Energy cost index (ECI) during operation.
Negative values imply that the process is recovering more heat and electrical
energy than needed for driving the plant.

4.2. Secondary objective: Nonpositive energy costs

The results (Fig. 7) show that the operation implemented by the Out-
put MPC is energy-autonomous: Except for two short periods (at days
t ~ 15 and ¢ ~ 150), the energy cost index (ECI) indicates that the plant
can recover more heat and electrical energy daily than needed for its
operation. The violations of the energy-autonomy constraints align with
the occurrence of rain events, highlighting the effect of extreme influ-
ent disturbances. For this experiment, the treatment produced a total
of 83 GWh, with an average output of 2385 kWh/d of surplus energy.
We conjecture that the plant can eliminate the need for buying external
electricity (and even benefit from selling its production) by incorporat-
ing energy-storage systems into its infrastructure. The achieved energy
recovery is also shown to depend on the water quality being targeted:

— When targeting Class A, the output is 2022 kWh/d, on average. On a
monthly-basis, this ranges from producing 1607 kWh/d (1%* month,
t € [0,31) days) to 2178 kWh/d (7t month, 7 € [181,212) days).

— When targeting Class B, the output is 2534 kWh/d, on average. On a
monthly-basis, this ranges from producing 1877 kWh/d (6™ month,
t € [151,181) days) to 2933 kWh/d (224 month, € [31,59) days).

— When targeting Class C, the output is 2635 kWh/d, on average. This
production is consistent throughout the cold season, with little vari-
ability.

The changes in the energy recovery performance concur with the con-
clusions from the nutrient recovery task: It is more advantageous to pro-
duce water of Class A during warm seasons, whereas producing water of
Class B or C benefits from low-temperature conditions. In addition, the
results show that set-point changes have a noticeable effect on the ECIL.
Specifically, switching the reference from Class B to Class A causes a
short burst in the energy costs, whereas switching from Class A to Class
B causes a sudden decrease. Such an effect is expected considering how
quickly the controller changes the aeration regimes when switching the
targeted water quality (see Fig. 6).

To understand how the energy recovery is achieved, we again an-
alyze a selection of the control actions deployed by the Output MPC
(Fig. 8). We focus on the excess sludge (Qy/) and reject water (Qg)
recycles—the control handles more directly related to the sludge line-,
and on the methane production (MP) from the anaerobic digester. Since
it comprises most of the costs, we also show the aeration energy (AE)
demanded by the water line.

— The results show that the methane production is consistent through-
out most of the year, with a noticeable decrease only during the
11t month. The controller adjusts this production by increasing
the wastage flow-rate Oy, when more organic matter needs to be
supplied for the anaerobic digester. We remark on the 10" month
(r € [273,304) days), when this control handle is saturated while try-
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Fig. 8. Simulation, 1-year period: The excess sludge (Qy,) and reject water (Qz)
recycle flow-rates, top panels, and the methane production (MP) and aeration
energy (AE), bottom panels. Only the daily-average values are displayed.

ing to compensate for the decreased influx of organic matter in this
period.

— The aeration energy costs are lower the more relaxed the quality
limits, as already discussed in Fig. 6. The reject water storage tank,
rich in organic matter, is used as a buffer: When energy costs increase
(e.g., during set-point changes), the recycle flow-rate Q is used to
send reject water into the primary clarifier, whose underflow is then
sent back to the digester.

While the reject water recycle (Qy) is always strictly inside its feasible
set (see Table 3), note that input saturation occurs for the excess sludge
recycle flow-rate (Qy, ). Specifically, this control handle saturates when
the plant is requested to produce water of Class B under high temper-
ature conditions, evidencing how demanding it is to perform energy-
autonomous nutrient recovery in warm seasons.

In summary, the controller enforces an energy-autonomous opera-
tion not by boosting biogas production but instead by implementing a
regular methane production alongside cheaper aeration schemes. Such
a strategy reflects the fact that the controller was explicitly programmed
not to minimize energy costs but only to ensure they are nonpositive.
Under an alternative tuning, the controller would be able to prioritize
energy production, likely at the expense of worsened nutrient recovery.
Since our configuration achieves both the primary (resource recovery)
and secondary (energy recovery) goals, it contributes a solution to the
operation of conventional WWTPs as energy-autonomous WRRFs.

The energy-positive operation of conventional WWTPs implies that
such processes can act as prosumers (Liu et al., 2022; Zafar et al., 2018).
In principle, this (already-existing) infrastructure could be connected
to the power grid and, consequently, integrated to the energy market.
The plant’s management can then choose to buy, sell, or store energy
based on its real-time energy demands and on current energy prices. The
benefits are bidirectional: The economic costs of operating the plant are
alleviated, and the power grid is expanded with a new energy source,
strengthening its resilience. The potential to integrate WWTPs into the
power grid further illustrates the benefits of transitioning their control
objectives from pollution abatement to resource recovery.

5. Concluding remarks

This work presented an automatic control solution for the opera-
tion of conventional WWTPs as energy-autonomous WRRFs. We first
formalize the task as the production of reused water of different qual-
ities (for either environmental, industrial, or agricultural reuse), while
having such an operation result in net-zero energy costs. The effluent
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water quality is described in terms of its concentrations of total sus-
pended solids (TSS¢), biochemical oxygen demand (BODgff), and total
nitrogen (TNef), and quality classes are defined by upper limits on these
metrics. Once the task was formalized, we proposed and configured an
output-feedback model predictive controller (Output MPC) comprised
of three main computational units: (i) The OPO, which determines an
operating point that achieves the desired performance; (ii) the MHE,
which estimates the current state of the process based on measurement
data; and (iii) the MPC, which computes the control actions that steer
the process state to the optimal operating point.

Experimental results demonstrated that such a control strategy is
capable of operating a full-scale conventional WWTP as an energy-
autonomous WRREF. Specifically, we showed that the controller manipu-
lates the actionable inputs (mainly, the influx of air and supplementary
carbon to the water line) to adjust the effluent water quality according
to the desired class. The control actions determined by the Output MPC
enforce an energy-autonomous operational regime by maintaining a reg-
ular production of biogas while decreasing aeration energy costs. The
controller performs consistently throughout a year of operation, with a
slight decrease in performance observed only during extreme influent
events. These results contribute a proof-of-concept on the transition-
ing of conventional wastewater treatment infrastructure into WRRFs by
means of adapting their operation using automation solutions.

In this experimental study, the well-established Benchmark Simula-
tion Model no. 2 (BSM2) is taken as representative of a real-world large-
scale treatment plant. This is a pragmatic, but not restrictive, choice. In
real-world practice, process engineers would first equip their treatment
plants with the necessary actuators/instruments, develop a state-space
model of their dynamics, and then follow the steps described here to
configure and deploy the controller. While obtaining a first-principles
model of such processes might pose a challenge, there exists evidence
that black-box models obtained through data-based approaches are suf-
ficiently accurate for control purposes (Bernardelli et al., 2020; Foscol-
iano et al., 2016; Han et al., 2022). We remark that, under the avail-
ability of a predictive model for the process of interest, our control
strategy is general enough to accommodate different resource recov-
ery tasks (e.g., phosphorus recovery), influent conditions, and treatment
technologies (e.g., membrane bioreactors). In future work, we plan to
investigate interconnected treatment-reuse chains in which resource de-
mands arise from the real-time operation of higher-level systems (e.g.,
crop irrigation systems). Finally, we also plan to expand our control
strategy to cover multi-objective tasks (e.g., simultaneously maximizing
nutrient and energy recovery) and to achieve offset-free performance by
incorporating predictive models for the disturbances.
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