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Abstract — This work investigates the model calibration, state estimation, and control of an Up-flow Anaerobic Sludge
Blanket (UASB) reactor for the task of increasing its biogas production while complying with effluent quality require-
ments. We consider a dynamic model based on the Anaerobic Digestion Model No. 1 (ADM1), calibrated using exper-
imental data from a blackwater treatment plant located in Helsingborg, Sweden. Using this model, we design a control
solution composed of an operating point optimiser, defining the setpoints that achieve maximum biogas production, and
a feedback controller, that tracks these setpoints while rejecting disturbances. For the feedback controller, we consider
two alternative approaches: a multiloop Proportional-Integral-Derivate (PID) controller and an output-feedback Model
Predictive Controller (MPC). The control solution is showcased on simulated experiments of operating the UASB reactor
under different influent disturbance scenarios and compared with the nominal open-loop operation. Our results show that
the controlled system is able to increase biogas production, while also improving effluent quality. Both control approaches
have similar setpoint tracking performances, with the MPC being more economical and robust to influent disturbances.
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1 Introduction

In a global context where energy demand has steadily increased over recent decades and is expected to continue
growing [1H3]], Wastewater Treatment Plants (WWTPs) play a crucial role given their significant potential for resource
recovery [4]. In this sense, treatment units can rather be seen as Water Resource Recovery Facilities (WRRFs), since water,
nutrients, and energy can be obtained from treating wastewater [5]]. Anaerobic digestion, for instance, is a biological
process widely employed in WWTPs to treat organic matter in the absence of oxygen while simultaneously allowing
nutrient recovery and biogas production [6H8]]. The methane contained in the biogas can be seen as a green energy source
and utilised for heat and electricity generation, thereby supporting the plant’s energy demand [9]] and reducing the amount
of greenhouse gases in the atmosphere [6]. Up-flow Anaerobic Sludge Blanket (UASB) reactors are a particular class of
anaerobic digestion systems, characterised by being cost-effective and efficient technologies for organic matter removal,
particularly in warm-climate regions [10,|11]]. Given the potential for resource recovery, UASB reactors are also used in
lower temperatures regions, often integrated with heating systems to improve their operating conditions [12].

Automatic control has been proven to be an essential technology for maximising resource recovery in different types
of WWTPs, offering the precision necessary to balance operational efficiency with environmental compliance [13H16].
Proportional-Integral-Derivative (PID) controllers are the most common approach in industry [17,/18]. Conventionally,
PID control solutions for WWTPs focused on regulating individual process units based on pre-established targets [|19].
More recently, these solutions evolved to incorporate more complex architectures: Revollar et al. [20] proposed a cas-
cade Proportional-Integral (PI) structure to compute the setpoint of dissolved oxygen based on efficiency metrics. Du
et al. [21] investigated an event-triggered PID controller for the task of energy-efficient aeration control, while He et
al. [22] combined PID control and neural networks for balacing greenhouse gases emissions, operational costs and pollu-
tant discharges through multi-objective optimization. Model Predictive Control (MPC, [23]]) is a more advanced method
due to its systematic handling of multivariable constraints and the complex coupled dynamics which are commonplace
in industrial applications [24]. Because of such advantages, MPC strategies are being widely explored in the context of
WWTPs, with focus on energy saving [25]], nutrient removal [26H28]], disturbance rejection [29-31]] or a combination of
these objectives [16}32}33]]. For UASB reactors, feedback control has the potential of enhancing their biogas production,
while still ensuring effluents of consistent quality. To the best of the authors’ knowledge, [34}/35]] are among the few
works available studying the optimal control of a UASB reactor. Regrettably, the optimal operation of such processes is
yet to be investigated.
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In this work, we propose a control framework tailored for the optimal operation of UASB reactors. We consider a
blackwater treatment facility located in Helsingborg, Sweden, and propose a dynamic model based on the Anaerobic Di-
gestion Model No. 1 (ADM1) [36]. To ensure a realistic representation of the plant’s operational dynamics, the model is
calibrated through least-squares optimization using historical data. For its operation, we propose a control solution com-
prised of an Operating Point Optimiser (OPO) and a Feedback Controller (FC). The OPO is responsible for computing a
setpoint for maximising biogas production by solving a nonlinear optimization problem with steady-state constraints. The
FC tracks these setpoints while rejecting influent disturbances, and we consider two different approaches: a Proportional-
Integral-Derivate (PID) controller and an output-feedback Model Predictive Controller (MPC). The controllers are tuned
using an approximation of the nonlinear dynamics. The control solution is showcased on simulated experiments of operat-
ing the UASB reactor under different influent disturbance scenarios and compared with the nominal open-loop operation.
Our results demonstrate that the proposed structure successfully increases the biogas while simultaneously improving the
effluent quality.

The paper is structured as follows: Section [2] overviews the UASB reactor, describes its modelling and parameter
calibration. Section [3]presents the proposed control solution to operate the UASB reactor for resouce recovery. Section 4]
discusses the simulation results on the control of this UASB reactor. Finally, Section 3] provides concluding remarks.

2 The UASB Reactor: Process Layout, Dynamical Model, and Model Calibration

UASB reactors are wastewater treatment systems in which bacteria decompose organic matter in the absence of oxy-
gen, producing treated water, sludge, and biogas in the process [37]. The typical UASB reactor is fed with influent
wastewater sludge at its bottom (Figure[T). The lower zone, called the sludge bed, is characterised by a high amount of
solids, while a lower density of solids happens above the sludge bed, in the sludge blanket. Biogas bubbles follow an
upward direction as biochemical and physicochemical conversion processes occur in these zones, dragging solids to the
upper part of the reactor. A three-phase separator, located at the top of the reactor, ensures that the biogas bubbles and the
effluent maintain their respective paths. Heavy sludge particles carried up with the gas bubbles return to the lower zones
for further processing. A discharge system is used to remove the excess of sludge and maintain operational efficiency.

This work is based on a reactor located in Helsingborg, Sweden, designed to treat the blackwater generated in one of
the city districts, where the collection system separates blackwater, greywater, and food waste [12]. The process layout
is illustrated in Figure |1} The collected blackwater is conveyed to the treatment facility and initially stored in a 10 m3
collection tank. It is then pumped into a 50 m® UASB reactor for anaerobic treatment. Excess sludge is periodically
withdrawn from the reactor by a manually operated valve and sent to a 2 m? sludge tank. The influent flowrate, @, and
the biogas, (gas, produced in the reactor, are measured by online flowmeters. Excess sludge is removed from the reactor
twice a week with a waste flowrate, Q,, from 0.8 m3 to 1.5m? per removal. Influent and effluent quality measurements
are obtained from laboratory analyses performed on samples. Besides that, the reactor has sampling points for sludge
concentration measurements at every 1 m height intervals. We refer to the original report [[12] for the complete details.

@ 4 BIOGAS
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COLLECTION TANK UASB SLUDGE TANK

Figure 1: Blackwater treatment system. Blue circles represent biogas bubbles. Black circles are sludge particles. The
baloons represent measurable quantities. Adapted from [[12,37]).

A 13-week period (26 January 2022 to 20 April 2022) of 1-week averaged data, summarised in Table[T] is considered
for this work. The period is selected over a 130-week dataset based on outlier detection, on the absence of missing values,
and because it is representative of the system’s nominal operation. The data consist of the averaged online flowmeters and
the laboratory measurements, whose sampling locations are indicated in Figure [T] by triangles and squares, respectively.
During the analysed period, the plant treated on average 41.4 m? of blackwater per week. The content of Chemical Oxygen
Demand (COD) in the influent (COD;,) was 8.85 kgCOD/m3 on average. After treatment, the effluent COD (CODgg),
was 1.14 kgCOD/m? on average. This corresponds to a 87% COD removal efficiency for the organic compounds, which

47


https://doi.org/10.21528/lnlm-vol24-no1-art4

Learning and Nonlinear Models - Journal of the Brazilian Society on Artificial Intelligence (SBIA), Vol. 24, Iss. 1, pp. 46-59, 2026
https://doi.org/10.21528/1nlm-vol24-nol-art4 © Brazilian Society on Artificial Intelligence

Table 1: Blackwater characteristics.

Variable Description Min Avg Max  Std Unit
Qin Influent flowrate 367 414 459 2.8 m3/week
Qgas Biogas flowrate 98.9 111.1 123.2 7.0 m3/week

CODy,s  Influent Chemical Oxygen Demand 7.86 8.85 9.86 0.52 kg/m3
CODss  Effluent Chemical Oxygen Demand 0.91 1.14 1.83 025 kg/m?

TSSin Influent Total Suspended Solids 324 439 510 0.50 kg/m3
TSSesr Effluent Total Suspended Solids 0.10 0.20 0.70 0.16 kg/m3
NHy in Influent Ammonium 0.97 1.47 201 0.34 kg/m3
NHyer  Effluent Ammonium 1.08 1.60 230 045 kg/m3

is consistent with the observed biogas production of 111.1 m? of biogas per week and indicates stable anaerobic digestion
performance during the analysed period. The influent total suspended solids (TSS) averaged 4.39 kg/m?, whereas the
effluent presented a substantially lower average concentration of 0.205kg/m3. This indicates effective solids retention
within the reactor and satisfactory solid-liquid separation performance during operation. As expected, the influent and
effluent ammonium concentrations (NHy4 ;, and NHy ¢¢) remained at similar levels during the monitoring period, with
average values of 1.47 kgN/m? and 1.60 kgN/m3, respectively, indicating the limited nitrogen removal typically achieved
in UASB reactors.

2.1 Dynamical modelling

The dynamic behaviour of UASB reactors can be described using the model by [38]. The model accounts for the
density difference in the reactor due to sludge settling by determining different layers with transport of particles transport
between them. The reactor is divided into a zone A (Z 4, denoting the sludge bed) and a zone B (Zp, denoting the sludge
blanket), as depicted in Figure Each zone Z .y is described by its volume, V() and the quantities

20 = (88, 89, S8, 89, 8, s6h s, 83,85, SO, 80, 80, x0, X8 %9, x0,x0, X0, 0
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consisting of the concentrations of different soluble (S(")) and particulate (X (")) components in that zone. The dynamics
in each zone are based on the ADM1 [36], as described below. The sludge bed volume V2 evolves in time according with

. 1
VA - piA (QinXT,in + anX”? - ( lﬁ) + QW)XTA + VAT}A(T) @

where pA is the sludge density, Qi, is the influent flowrate (with Xr;, being the influent total concentration of solids), an
is the downwards flowrate of solids from Zg to Z, (with total concentration X?), {Qﬁg, Qv } are the upwards flowrate of
solids from Z to Zp and the wastage flowrate, respectively (with total concentration X4), and TQT is the sum of reaction
rates associated with solid matter in Z, as described by [36]]. The sludge blanket volume is VB = VAB — VA where VAB

is the liquid volume in the reactor, and thus V® = —VA_ The soluble components, S, have dynamics of the form
. 1 .
0=~ (0.59 — (0 0 (-)) 9
$O = 5 (@S = (Qu + V)SV) 40§ 3)

with S2 being the influent concentrations of that component, S5 = S%, and 7’(5') being the reaction rates as described
in [36]. In this model, note that the upwards flowrate of soluble matter from Z, to Zg is assumed equal to the influent

flowrate @y,. Finally, the particulate components, X (), evolve as
) 1 )
Xh= o (me{; — (QX+QuAVHXA + anXB) T @)
) 1 )
X0 = (Qj;XA —( §f,t+Q§n+VB)XB) B 5)

X

where Qﬁ, is the upwards flowrate of solids from Za to Zg, Q¢

and rg'() are the reaction rates described in [36]).

is the outflow of particulates leaving the UASB reactor,
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Qout

Figure 2: Movement of soluble (left) and particulate (right) components in the UASB model. Adapted from [38]].

In this model, we assume a sensor arrangement capable of producing real-time measurements of the quantities
y = (V*, Qgs, TSSeir, CODefr, NHyer, pH), (6)

with Qa5 being the flowrate of biogas leaving the reactor, and TSScsr, CODefr, NHy i, and pH, being the effluent total
suspended solids, chemical oxygen demand, concentrations of ammonium, and potential of hydrogen, respectively. The
system is assumed to be controlled using an actuation arrangement capable of directly manipulating the quantities

u=(Qin, Qu)- )

Finally, the dynamics of the UASB reactor are also affected by the unmeasurable disturbances w consisting of the influent
concentrations of the first 26 components defined in Eq. (T).
Summarising, the state-space model of the UASB is

#(t) = f(a(t), u(t), w(t) | 0); (8a)
y(t) = g(2(t), u(t), w(t) | ). (8b)

with states z(t) = (VA(t), 22(t), 2B(¢)) € RY=, inputs u(t) € RN+ and w(t) € RN«, and outputs (or measurements)
y(t) € RNv as defined in Eqs. (I)—(7). The functions f(-) and g(-) describe, respectively, the dynamic evolution of the
N, = 1+ 35 + 35 states and how they are emitted as the N, = 6 outputs, given the N, = 2 actionable inputs and the
N,, = 26 disturbances. The model depends on a set of constant parameters # € R'%3, to be calibrated to better represent
the physical system of interest. Hereafter, we assume no throughput of the inputs and simply write y = g(z | ).

2.2 Model calibration

In the following, we present the calibration of the model to better represent the UASB reactor located in Helsingborg,
Sweden. Based on literature, we select a subset of parameters, denoted 6y € R*S_ related to the geometry of the reactor
and its physicochemical processes, and then we optimise their values to better match the historical data collected from
the real system (Table[I). Furthermore, we fine-tune the model calibration by computing the column-wise sum of the
Jacobian matrix 0f(-)/08iq, selecting those parameters associated with the N,, = 6 largest values, and then reoptimise
them based on the same historical data. The remaining parameters are set to their nominal values as reported in [36].

The calibrated parameters ¢;j are obtained by solving, using the sequential quadratic programming (SQP) algo-
rithm [39], (constrained) nonlinear least-squares problems of the form

.. data red 2
> t) — yP™(t | 6, 9
mlelildlénelze teT”y (t) — y™(t | Oia) I} ®)

where 7 are the time instants of the samples being considered, {y%(¢), u%4(¢)} are the outputs and input data sampled
from the real plant at t € 7, and yP*(¢ | 6;4) are the corresponding outputs as predicted from the dynamical model
(Eq. , given the parameter values 6;4. In practice, the predictions yP™®4(-) are formed as

Pt | i) = g(a)
Dt ] G) = x0 + [ F((r),u (1), wh(7) | ),

where the state predictions, 2P™4, are computed using a variable-step variable-order integrator [40]. Finally, W = 0 (Eq. E[)
is a weighting matrix that can be used to normalize the data, and O is the set of admissible parameters; specifically,

e = {eid S [R46 | xpred(t ‘ 9id) >0, te T},
49


https://doi.org/10.21528/lnlm-vol24-no1-art4

Learning and Nonlinear Models - Journal of the Brazilian Society on Artificial Intelligence (SBIA), Vol. 24, Iss. 1, pp. 46-59, 2026
https://doi.org/10.21528/1nlm-vol24-nol-art4 © Brazilian Society on Artificial Intelligence

to ensure that the calibrated model is physically plausible.

The main model calibration results are shown in Figure[3] Despite some inaccuracies, the predicted biogas production
follows the trends of the data collected. The predictions of COD closely match the data during the first 50 days, and still
capture the general trend after that period. The calibrated model achieves a RMSE of 1.31 m?/d with respect to biogas and
a RMSE of 0.19 kg/m? with respect to CODe. As this model captures the general behaviour of the system, it provides a
suitable platform for control design.
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Figure 3: Calibration results for biogas ((gas), left, and effluent organic matter (CODy), right.

3 Control architecture: overview and feedback control strategies

In this section, we describe the control architecture designed to operate the UASB reactor (Section [2)) for the task
of treating blackwater while maximizing biogas production. Our proposal is centered on a feedback control strategy
(Figure ) comprised of two main modules: (i) an operating point optimiser, which determines an equilibrium point
(i.e., a steady-state) at which the process achieves the desired operational objective; and a (ii) feedback controller which
computes inputs to correct deviations caused by the disturbances and maintain the process around this desired equilibrium.
The controller operate in cycles of duration At = 0.5 [days], each starting at time t;, = kAt (k =1,2,...).

OPIE)S?I\ENG 7 UASB Y
OPTIMISER REACTOR

Figure 4: Architecture of the proposed feedback control solution.

3.1 Operating point optimizer (OPO)

At each kth cycle, the OPO determines an operating point that, if enforced, achieves the desired operational objective.
In this work, we focus on the task of maximising methane production (MP) while maintaining the effluent COD (COD.¢)
below some specified quality limit. Formally, this task can be expressed as the (static) optimization problem

maximize MP (10a)
subject to 0= f(z,u,w" | 0), (10b)
CODy <1, uel, (10c)

where w” € R™w is the expected influent profile. The quantities (MP, COD,) are computed according to

16})atmpgas CH
MP = 10 as (1)
RTOp Dgas,tot &
CODeir = S, + Say + Sk + S + Seu + SP + S + X5 + Xp + X + XP, (12)

where Py is the atmospheric pressure, pgasch, is the pressure of the methane gas produced, pgaso is the total gas
pressure, I? is the universal gas law constant, and T, is the operational temperature of the reactor [41]].
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A solution to Problem (I0) is referred to as an optimal operating point, 7 = (2", u",w"). The equality constraint
(Eq.[T0b) enforces these optimal operating points to be steady-states (that is, the process can be stabilized around them).
The inequality constraints (Eq. enforce that the operating point satisfy the effluent quality limits (COD < 1 kg/m?)
and lies within the actuators’ operational limits represented by the set

Ul 0 Uy 7.0
= < <
=Ll <[l <} @
The upper bounds for u; = Qj, and uy = @y, are chosen such that the maximum flow corresponds to 70% of the total
volumes per day of the collection tank and the sludge tank (Figure[)), respectively.

3.2 Feedback controller (FC)

At each kth cycle, the FC is designed to steer the process towards the optimal operating point r = (z",u",w") by
correcting deviations caused by the disturbances. In this work, we design controllers based on linear approximations of
the process dynamics around this operating point, which can be expressed as the state space

Ai(t) = AcAx(t) + B.Au(t) + G Aw(t) (14a)
Ay(t) = CAx(t) (14b)

with signals in deviation variables (e.g., Az = x — z"). Formally, the controller task is thus to implement a control policy
Au(t) = K(Ay(t)) <= u(t) =u" + K(y(t) —y") (15)

which drives the state(-deviation) to the origin, Ax — 0, thus tracking the optimal reference  — z”. In this direction,
we consider two alternative, well-established options for the control policy: the PID controller and the MPC policies.

Proportional-integral-derivative (PID) controller

A multiple-input-multiple-output PID controller (Figure[5) is based on the policy
t
Au(t) = Kp,Ay(t) + Ki/ Ay(r)dr + Ka%Ay(t) (16)
0

given the user-defined tuning matrices K,,, K;, K4 € RN«*Ny 1In practice, the control policy comprises a proportional,
integral, and derivative term, which must be adjusted by the corresponding tuning matrices to achieve a desired response
to the output error [18]. The proportional term represents the instantaneous reaction to the error, Ay, being the main
component of the control policy. The integral term accounts for the accumulated error until the current time ¢, thus allow-
ing for correcting any offset between the controlled variable and its reference caused by a constant (or slowly varying)
disturbance. The derivative term anticipates the process dynamics, allowing the control policy to improve performance
for low-noise systems. Finally, we note that the PID control policy (Eq.[I6) does not explicitly enforce actuator limits, so
it is common practice to connect a saturator to such a controller when designing its parameters.

CONTROLLER

Figure 5: Structure of the PID feedback controller.

In this work, based on process knowledge, we design a simplified PID by directly pairing the inputs (u; = Qji, and
uz = () with the two main outputs we wish to control (y2 = (Qgss and y4 = CODgg), according to the policy

-t ) Ji
Ausy koo | |Aya ki) | fo Aya(r)dr ka| [dAya/dt]
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In this setup, the control policy corresponds to two independent single-input-single-output (SISO) PIDs. The proportional
(kp1, kp2), integral (k;1, ki2), and derivative (kq1, kq2) control parameters are tuned as followsﬂ We first identify linear
models of the error responses (based on simulations of the nonlinear model), corresponding to the transfer functions

Aya(s) 14.44 Aya(s) 6.98(10.1s + 1)

M) - B0 t@os 0 M RO =306 T 0ooss tEes 1y (Y

Gl(S) =

obtained from step response data generated by simulating the nonlinear model around (Zyer, trer) With a perturbation of
0.1 ugs. The transfer functions were chosen to represent second-order responses, since these are sufficient to represent
the main dynamics. Then, we form the closed-loop transfer functions for each PID loop (Eq.[I7), and modify the tuning
parameters until the resulting response is satisfactory [42].

Model predictive controller (MPC)

The MPC (Figure @) is designed to steer the process towards the optimal operating point (z", ", w") by optimally cor-
recting deviations caused by the disturbances. At each kth cycle, the MPC control policy

u(t) = u" + Koep (Z(tk) —2"), t € [tr, ths1), (19)
where Kp(-) returns the first element of the optimal control(-deviation) sequence Au* = (Aug, ..., Auj_,) solving
the finite-horizon optimal control problem

N— T
« . Azn Q A'rﬂ
mg;lghze Z;J [Aun} [ R} [A + AxNQfoN (20a)
subject to Axz,4+1 = AAz, + BAu, (20b)
=0,..,N—1
! Az, € AX, Au, € AU, (200)
Az = Adiy,. (20d)

The objective function (Eq. is defined by the tuning matrices () >~ 0 and R > 0, which quantify the relative impor-
tance of correcting state deviations or input deviations from the operating point, respectively. The final-state weighting
matrix, Q¢ > 0, is particularly important, as its careful tuning can improve closed-loop stability. In this work, we set this
matrix as the solution of the discrete-time algebraic Riccati equation (DARE) 18]

Qr=ATQrA—(ATQsB)(R+B'Q;B) ' (B"QsA) + Q.

The dynamical constraints consider a linear dynamical model obtained by linearizing-then-discretizing the nonlinear
dynamics f(-) around (z",u", w"), that is, the matrices (A, B, G) can be obtained from the matrix exponential

A B G Ac Bc GC
0 I Ol=exp||0 0 o0]At 1)
0 0 I 0 0 O

with A, = (0f/0)|(zr ur wry» Be = (0.f/0u)|(ar ur wry> and G = (Of /Ow)|zr ur wr. The path constraints (Eq.
are defined by the state constraints set (AX) and the input constraints set (Alf) describing the feasible deviations around
the operating point; in this work, the states are constrained only by the dynamics (AX € R”=), while the input deviations
are constrained by the actuator’s operational limits (AU = U — u", given Eq. [I3)). Finally, the boundary condition (Eq.
20d) updates the initial condition of the MPC given a current estimate of the state deviation (AZy,).

Under the setup described above, due to Lyapunov’s Indirect Method [43|], this control policy (locally) stabilizes the
UASB reactor around the desired operating point maximizing biogas production; provided that the system does not escape
its region of attraction due to the disturbances.

Moving-horizon estimator: The conventional MPC is a state-feedback controller. In order to enable output feedback, we
proceed by including a moving-horizon estimator into the control architecture (Figure[6). At each kth cycle, it computes a
sequence of optimal state and disturbances deviations AX* = (AZg, ..., Ady ), AW = (Auyg, ..., AWy, ) solving
the finite-horizon optimal estimation problem / ‘

Ae, e Ae,
mAlnlréuze Aeo Qolegy + Z [ J [Q Re] [A } —|—AeN Q.Aen, (22a)
subject to  AZ,y41 = AAxn + BAu) + GAw, (22b)
n=0,...,N.—1
Az, € AX, Aw, € AW, (22¢)

The computations were all performed using the PID Tuner Toolbox from MATLABO.
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Figure 6: Structure of the MPC feedback controller.

with the auxiliary signal Ae,, = C#, — y%@ denoting the difference between the predicted outputs and the (historic)
measurement data, then setting the estimates as #(tx) = =" + Az}, and w(ty) = w" + Awy, ;. The matrix Q. = 0
quantify the error between the estimated outputs and the measurement data, whereas R, - 0 serves as a weighting factor
for the difference between the estimated and the reference disturbances. We define both matrices based on the precision
matrices of the measurement noise and process disturbance, respectively. The initial weighting matrix Q) is particularly
important, and chosen to be the solution to the discrete-time algebraic Riccati equation (DARE),

Q' =ATQy A - (AQG'CT)(Re + CQGICT)THCQAT) + Qe
The disturbances are constrained by a nonnegative lower bound given the reference disturbance values (AW = W —w").
4 Results and Discussion

In this section, we present the simulation results on the estimation and control of the UASB reactor for resource
recovery. We consider two scenarios: (i) a nominal scenario, in which the influent conditions are based on the experimental
data (Section; and an (ii) extreme scenario, in which we simulate episodes of extreme changes in the influent conditions.
We consider a period of 3 months (7" = 90 [days]) and discuss the performance of the controllers against the open-loop
operation of the process as outlined in [[12]. In both scenarios, a (Gaussian) random process to simulate measurement
noise, considering mean and covariance values that represent typical sensor precision. The performance of the controlled
system is assessed through its ability to enforce the desired operation (Section [3.1)), as well as its operational costs as
proportional to the average influent (Qi,) and waste (Qy) flow-rates. Additionally, we discuss the average methane
production and the effluent quality achieved by the controllers during the evaluation period.

4.1 Operating point optimization

The OPO (Section [3) produces an optimal reference point r = (z",u"”,w") at which the UASB reactor generates
s = 24.43 m?/d of biogas and CODJ; = 0.80 kg/m? of organic matter. This is achieved when the input references
are Q7 = 7m?3/d and Q%, = 1.12m?/d, under the average influent conditions w”. The optimal reference represents an
increase of 60.94% relative to the average biogas production rate of 15.18 m3/d in the nominal open-loop operation shown
in Figure 3] In terms of effluent quality, the reference represents a 40.74% reduction of the effluent’s organic matter when
compared with the average COD of 1.35 kg/m? achieved in open-loop. The results show that it is possible to increase the
biogas production of UASB reactors and improve their COD removal efficiency.

Analysing the reference inputs, we note that the influent flowrate reference ()7, saturates to its upper bound, while the
wastage flowrate reference @), stays between the limits (although still higher than its nominal value). The input saturation
is not surprising, given the linear objective of maximizing methane production from Section [3] We conjecture that the
biogas production can be further increased if the flowrate limits can be relaxed (e.g., by having a larger collection tank).

4.2 Closed-loop operation of the UASB reactor (nominal scenario)

The main simulation results for the closed-loop operation of the UASB are shown in Figure[7] For the period shown,
the average biogas production in open loop is 15.18 m?/d, while the closed-loop operation leads to an increased production
closer to the 24.43 m3/d reference. Specifically, the PID and MPC controllers produce 24.87 m3/d and 24.30 m3/d of
biogas, respectively, on average. Thus, the closed-loop operation leads to over 60% increase in the biogas production
when compared to the open-loop operation. Regarding effluent quality, we note that both controllers are capable of
maintaining COD,g concentrations close to the optimal reference, and below the desired limit: both achieve 0.77 kg/m3
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of COD, on average, representing a 43% reduction over the 1.35kg/m? of COD achieved by the open-loop operation.
Given the average CODy, of 8.65 kg/m?, the open-loop system demonstrates an 84.4% organic matter removal efficiency,
while the controlled system has a 91% efficiency. These result indicate that both controllers are capable of reacting to the
influent disturbances and maintain the UASB reactor around the desired operating point.

The control actions determined by the controllers are also shown in Figure[7) (left). In closed-loop operation, both Qjp
and @, are increased beyond their open-loop nominal values. Specifically, the influent flowrate @y, is kept close to the
7 m3/d reference during the whole simulation, with a drop observed at the end for the MPC configuration: the average
influent flowrates (Qinavg) are 6.92 m?3/d, for the PID, and 6.80 m®/d, for the MPC. Conversely, the waste flowrate Q)
deployed by the MPC is shown to oscillate around the 1.12 m?/d reference, whereas the PID deploys an almost constant
value for this control handle: the average waste flowrates (Qw,avg) are 1.28 m?3/d, for the PID, and 1.23 m3/d, for the MPC.
Therefore, although both controllers have similar performances, the MPC is slightly more economical.
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Figure 7: Nominal scenario: inputs (left) and a selection of outputs (right) of the UASB reactor under open-loop operation
and closed-loop operation. The dashed lines indicate the optimal reference values from the OPO.

In both configurations, the controlled system results in a more stable biogas production when compared to the open
loop system, despite being subject to noisy measurements and the same influent disturbances. Because the biogas pro-
duction is mostly from Zone B, and the volume VA of Zone A increases with the solids entering the UASB, the control
strategies implemented by these controllers are indirectly focused on removing sludge. Using this control strategy, the
volume VB of Zone B is balanced and directly leads to more biogas being produced. A higher biogas production indi-
cates that more organic matter is being consumed, thus explaining the improved COD. Finally, the methane production
achieved by the closed-loop systems are shown in Figure[8] The results indicate that both controllers are capable of in-
creasing the methane production: for the period shown, the PID and MPC achieve an average methane production (MP,ye)
of 5.85kg/d and 5.77 kg/d, respectively. This represent increases of 12.07% and 10.54%, respectively, over the 5.22kg/d
average production achieved by the open-loop configuration. Table [2] summarises the simulation results.

Table 2: Nominal scenario: performance metrics. Percentages are relative to the open-loop values.

ans,avg (mgld) CODeff,an (kg/mg) Qin,avg (mgld) Qw,avg (mB/d) MPavg (kg/d)

Open loop 15.18 1.35 5.92 0.43 5.22
PID control 24 .87 (+63%) 0.77 (-43%) 6.88 (+16%) 1.27 (+195%) 5.85 +12%)
MPC control 24.30 (+60%) 0.77 (-43%) 6.77 (+14%) 1.22 (+184%) 5.77 (+10%)

Moving-horizon estimator: The output-feedback MPC in this work is based on state estimates produced by a MHE;
thus, we briefly discuss its performance in the following. The results (Figure[J) show that the estimator is able to accurately
reconstruct the true value of the outputs, effectively filtering out the measurement noise. An exception occurs with biogas
Qgas: for this output signal, the MHE overfits the measurement data, thus producing slightly less accurate estimates.
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Figure 8: Nominal scenario: methane production (MP) from the UASB reactor under open-loop and close-loop operation.
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Figure 9: Nominal scenario: output estimates, their true values, and the (noisy) measurements filtered by the MHE.

4.3 Closed-loop operation of the UASB reactor (extreme scenario)

In the following, we present the results of operating the UASB reactor when subjected to extreme influent conditions.
The main results are shown in Figure [T0} with extreme events reflected by the sudden drops of effluent biogas and COD.
Under open-loop operation, the effluent biogas flowrate is 14.71 m3/d, on average, reaching a minimum of 6.18 m®/d
during the extreme events. The open-loop average COD.¢ improves over the nominal scenario, however reaching peaks
of up to 1.54 kg/m? in this case. Under closed-loop operation, the PID controller is able to maintain the biogas production
at an average of 23.33m?/d, keeping Qs at the reference or slightly above it for most of the simulation. The average
COD,¢; achieved by the PID is 0.88 kg/m?; higher than the OPO reference, although still 27.3% lower than the open-loop
configuration. The MPC controller produces 22.85 m3/d of biogas and keeps the COD, under the setpoint for most of
the evaluation period, with a 0.80kg/m? on average. The Q;, from the PID controller is kept at the upper bound for almost
the entire simulation, while the MPC tends to saturate the inputs only during the extreme events.

The simulation results are summarised in Table [3] where we also show the average methane production under the
different operations. While the extreme events clearly degrade open-loop performance, the results show that the closed-
loop performance is only slightly affected; thus demonstrating the capacity of feedback controllers to react to external
disturbances. Again, we conclude that both controllers are capable of reacting to the influent disturbances and maintain
the UASB reactor around the desired operating point, with the MPC being more economical.

5 Conclusions

This work presented a control strategy for maximising the methane production of a UASB reactor treating blackwater.
We developed a dynamic model based on the ADM1, which is then calibrated to better represent the dynamics of a real
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Figure 10: Extreme scenario: inputs (left) and a selection of outputs (right) of the UASB reactor under open-loop operation
and closed-loop operation. The dashed lines indicate the optimal reference values from the OPO.

Table 3: Extreme scenario: performance metrics. Percentages are relative to the open-loop values.

ans,avg (mS/d) CODeff,avg (kg/mg) Qin,avg (mgld) Qw,avg (mg/d) MPavg (kg/d)

Open loop 14.71 1.21 5.92 0.43 4.90
PID control 23.33 (+58%) 0.88 (-27%) 7.00 (+18%) 1.32 (+207%) 5.41 (+10%)
MPC control 22.85 (+55%) 0.80 (-33%) 6.75 (+14%) 1.26 (+193%) 5.36 (+09%)

treatment plant located in Helsingborg, Sweden. We investigated a control solution in which we first obtain optimal
setpoints that correspond to increased methane production, and then employ feedback control to regulate the system to
these setpoints. For the task, we consider two feedback control strategies: a PID and an output-feedback MPC. Finally,
we showcased the controllers in different simulation experiments.

The results show that the UASB reactor admits an operation that results in increased biogas production and organic
matter reduction when compared to its nominal open-loop operation. Specifically, our first simulation results show that the
controlled plant achieves more than 60% increase in the biogas production while achieving 43% reduction of effluent COD
when compared to the open-loop operation. The control solution is also capable of producing up to 12% more methane,
while reaching almost 91% of organic matter removal efficiency in both strategies. This demonstrates the potential of the
UASB reactor to produce methane efficiently, while maintaining effluent quality, by adjusting its influent and waste flows
in real-time. Both control approaches have similar setpoint tracking performances, with the MPC being slightly more
economical and robust to influent disturbances. The MPC strategy tends to use less pumping than the PID solution, while
also being able to achieve a more desirable effluent quality during the extreme event scenario. The MPC performance
relies on the state estimations of the MHE module. Therefore the better the estimates, the better efficiency results. Apart
from that, the MHE estimates can give insights of the internal behaviour of the reactor given the measurements.

In this sense, the controlled version of the reactor guarantees a consistent production of biogas and methane, together
with the effluent quality, allowing for the recovery of energy and other resources. The dynamical model, together with
the estimation and control platforms, represent an initial step towards integrated digital solutions for the monitoring and
automation of WRRFs, such as Digital Twins [4]. As future work, we plan to validate our results in different UASB
reactors and investigate alternative control strategies capable of simultaneously optimising the concentration of nutrients
on both the wastage and the effluent flows, thus allowing for further resource recovery.
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