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Received 18 December 2019; Revised 7 July 2020; Accepted 14 July 2020; Published 30 July 2020

Academic Editor: Marco Spadini
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-e purpose of this paper is to present an observer-based control design with application to continuous bioreactors. For this
purpose, phenomenological bioreactor models were represented by identified linear models plus unknownmodelling error terms.
-erefore, an uncertainty-based observer with a polynomial structure capable of estimating the unknown modelling error of the
reactor representation is coupled to a linear input-output controller. -e proposed methodology was evaluated in a sulphate
reduction bioprocess and an acetone-butanol-ethanol (ABE) fermentation process for butanol (biofuel) production, under
continuous regimes. Experimentally validated mathematical models were considered for this purpose. A theoretical framework is
presented to demonstrate the corresponding closed-loop stability of the systems, and numerical simulations were carried out to
corroborate the satisfactory performance of the proposed methodology.

1. Introduction

Biochemical reactors (BRs) are important process equip-
ment in the transformation industry, which are currently
employed in biomedical, food, fuel, and waste industries
with great success [1–3]. However, despite the great progress
of bioprocess engineering, several operating problems
persist due to the high complex behaviour of these types of
systems. From the above, processes design, operation
analysis, optimization, and process control are important
research issues, which can help to assure satisfactory per-
formance of the bioreactor behaviour. Nonlinear behaviour
is inherent in BR, where the state multiplicity, instabilities,
and multiplicity of input, among others, make the operation
of this process equipment a real challenge for process en-
gineers [4–6]. -is situation has led to intensive research in
nonlinear dynamic analysis and consequently to the design
of well performing nonlinear control techniques, such as

predictive control, adaptive control, sliding-mode control,
and neural control, among others [7–9]. -e proposal of
nonlinear control techniques has been very important to
study the closed-loop response of BR under a theoretical
framework, but unfortunately the complexity of these
techniques makes difficult the real-time implementation for
industrial plants. However, despite the aforementioned
problems, BRs are generally controlled employing linear
control designs. Among these, proportional-integral (PI)
and proportional-integral-derivative (PID) controllers are
widely accepted for industrial applications due to their
ability to compensate most practical industrial processes. In
addition, some robustness properties can be achieved with
an adequate choice of controller gains [10, 11]. In particular,
these controllers perform well for processes with benign
dynamics and modest performance requirements [12]. From
the above, it is important to consider the practical impor-
tance of developing a robust controller design to achieve
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high process performance while maintaining, as much as
possible, simple mathematical structures that allow potential
implementation in industrial applications. In this work, the
control design is composed of an uncertainty estimator
coupled to a reverse dynamic feedback function to provide
robustness against uncertain and neglected nonlinear dy-
namics. -e control approach is based on simple step re-
sponse models.

2. Input-Output Identified Model

An alternative modelling approach is to use simple input/
output models, which conserve the main dynamic charac-
teristics of the process for control purposes in a narrow
region of the state space [13]. In the classical linear control
design, the feedback control design is based on the input-
output model, which is determined from the reaction curve
process, via a step disturbance of the corresponding input
[13]. In particular, for chemical reactors, it is observed that
the step responses are smooth, almost monotonous, and
convergent in narrow stable operating regions such that it is
reasonable to model the input-output response with a simple
stable first-order model:

G(s) �
Y(s)

U(s)
�

K

τs + 1
, (1)

where K is the steady-state gain and τ is a process time
constant. A state space in time domain representation of (1)
can be expressed as

τ _y + y � Ku. (2)

However, as is known, this linear model is only able to
reproduce the system dynamic behaviour in a narrow region
where the system was identified. From this, if a general-
ization of (2) is obtained to reproduce a wider operating
region, the corresponding modelling errors of (2) must be
considered to compensate the model uncertainties, as
follows:

τ _y + y + ζ � Ku, (3)

_ζ � f(y, u), (4)

where ζ represents a class of uncertain modelling error
terms, which are assumed to be unknown, with an uncertain
dynamic given by (4). It is assumed to be bounded, i.e.,
f(y, u)≤Ω.

3. Control Design

-e main objective of the considered control law is to
regulate the dynamic behaviour of the original nonlinear
systems by employing representations (3) and (4). In this
case, an I/O linearizing feedback approach via plant in-
version is considered, so the I/O linearizing feedback is able
to provide exponentially and asymptotic closed-loop sta-
bility [14, 15].

-e control input (5) is a linearizing controller for
systems (3) and (4):

u � K
− 1

(τ _y + y + ζ), (5)

where the desired closed-loop dynamics is suggested as a
stable first-order system as follows:

_y � − g1 y − ysp . (6)

-erefore, the final structure of the named ideal con-
troller is

u � K
− 1

− τg1 y − ysp  + y + ζ . (7)

Again, note that the control law (7) is not realizable
because the term ζ is unknown.

However, as mentioned above, when nonideal condi-
tions and uncertain terms are present, this control approach
is not realizable. From this, a strategy must be proposed in
order to compensate the uncertain terms and reach a re-
alizable control design. With this purpose, an uncertainty
observer-based controller must be considered.

-erefore, to avoid the above drawback, the following
uncertainty observer for systems (3) and (4) is now
considered:

τ _y + y + ζ � Ku + g11(y − y) + g12(y − y)
n

+ g13, (8)

_ζ � g21(y − y) + g22(y − y)
n

+ g23. (9)

To analyse the convergence of the proposed observer, let
us consider (3), (4), (8), and (9) to perform the dynamic
equation of the estimation error E, by considering the
Cauchy–Schwarz theorem to generate the following differ-
ential inequality:

_E ≤AE −
g12 0

g23 0
 E

n
, (10)

where E � [e1 e2]
T in which e1 � y − y; e2 � ζ − ζ and gij

are the gains of the observer, under the following
assumptions:

‖u(y, ζ) − u(y, ζ)‖≤L‖Ε, (11)

g13 � 0, (12)

g21 � Ω, (13)

where

A �
τ + K′ − g11 1

− g22 0
⎡⎣ ⎤⎦, (14)

K′ � KL. (15)

Note that the matrix A can become a stable Hurwitz
matrix by proper selection of the parameters g11 and g22.
Moreover, inequality (10) is a Bernoulli-type ordinary dif-
ferential inequality. To solve it, the following change of
variable is considered:

Σ � E
1− n

. (16)
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Equation (16) transforms inequality (10) to

‖ _Σ ‖ − (1 − n)A‖Σ‖ ≤ − (1 − n)K′. (17)

Now, the above inequality has been transformed into a
linear, first-order, differential inequality, which is solved by
employing the integrating factor ] � exp((n − 1)At).

Σ ≤ ]− 1����
����Σ0

����
���� + ]− 1

K′A− 1exp(n − 1)At, (18)

where Σ0 is the initial condition of (18). Analysing the as-
ymptotic behaviour of (18), i.e.,

lim
t⟶∞

‖Σ‖≤ K′A− 1
, (19)

or

lim
t⟶∞

‖E‖≤
������
K′A− 11− n


. (20)

From the above, the nonideal controller is now given by
(21), as follows:

u � K
− 1

− τg1 y − ysp  + y + ζ , (21)

where ζ is provided by observers (8) and (9).
Now, the closed-loop dynamics of systems (3) and (4)

under the proposed control is

_y � − g1 y − ysp  + τ− 1
(ζ − ζ). (22)

To demonstrate the closed-loop stability of the proposed
methodology and without loss of generality, assuming
ysp � 0, equation (21) is solved as

y � y0exp − g1t(  + exp − g1t(  

t

0

exp g1σ( τ− 1
g

− 1
1 (ζ − ζ)dσ.

(23)

Taking norms of both sides of equation (23) leads to an
inequality, which is limited after boundedness assumptions:

0≤ lim
t⟶∞

sup‖y ≤ lim
t⟶∞

sup y0
����

����exp − g1t(  + exp − g1t( 



t

0

exp g1σ( τ− 1
g

− 1
1 ‖ζ − ζ‖ dσ⎞⎟⎟⎠.

(24)

By solving the above inequality and from the previous
result, applying the convergence result for the term ζ − ζ, the
following is obtained:

0≤ lim
t⟶∞

sup‖y‖≤ lim
t⟶∞

sup τ− 1
g

− 1
1

������
K′A− 11− n


 . (25)

4. Application Examples

-e proposed control law was evaluated numerically in a
sulphate reduction bioprocess and an acetone-butanol-
ethanol (ABE) fermentation process for butanol production,
under continuous regimes. Experimentally validated
mathematical models were considered for this purpose. In
this regard, unstructured kinetic models were used to

describe the respective biosystems, due to the simplicity of
the model structures. -is type of model considers cells as
catalysts and therefore does not consider the bioreactions
that take place inside the cell. -is modelling framework
describes microbial growth as a function of limiting or
inhibiting substrates and product formation.

As a first application case, the sulphate-reducing reactor
model was based on the microbial activity of Desulfovibrio
alaskensis 6SR that is an anaerobic microorganism whose
growth is mainly limited by hydrogen sulphide and acetate,
which are produced from the oxidation of sulphate and
lactate, respectively [16]. Growth kinetics can be expressed
by a double substrate function with a product inhibition
term, which belongs to the kinetic model proposed by Han
and Levenspiel [17], as follows.

Sulphate (xs1) mass balance:
dxs1

dt
� D xs1,in − xs1  −

μmax
Y2

xs1

ks + xs1

xs4

klacx + xs4

xs3

1 + xs2( /kp

.

(26)

Sulphide (xs2) mass balance:
dxs2

dt
� − Dxs2 + rmaxsh

xs1

kssh + xs1

xs4

klacsh + xs4

1
1 + xs2( /kp

xs3.

(27)

Biomass (xs3) mass balance:
dxs3

dt
� − Dxs3 +

μmax
Y2

xs1

ks + xs1

xs4

klacx + xs4

1
1 + xs2( /kp

xs3.

(28)

Lactate (xs4) mass balance:
dxs4

dt
� D xs4,in − xs1  −

rmaxact

Y1

xs1

kactso + xs1

xs4

klacact + xs4
xs3.

(29)

Acetate (xs5) mass balance:
dxs5

dt
� − Dxs5 + rmaxact

xs1

kactco + xs1

xs4

klacct + xs4

1
1 + xs2( /kp

xs3,

(30)

where kd � 0.0084mg/L; kp � 129.77mg/L; ks � 4304.52mg/
L; kactso� 5038.001mg/L; klacact� 3718.69mg/L; klach� 36.3mg/
L; klacsh� 3577.92mg/L; klacx� 393.76mg/L; kssh� 134.12mg/L;
µmax� 0.55h− 1; kactco� 0.894; rmaxco� 0.132; klacco� 4535.21mg/
L; rmaxact� 0.628h− 1; rmaxh� 0.033h− 1; rmaxsh� 1.495h− 1;
Y1� 0.825; and Y2� 0.1395.

Here, X � [x1 x2 x3 x4 x5]
T ∈ R5

+ and F � [f1(X)f2(X)

f3(X)f4(X)f5(X)]T ∈ R5
+ is a nonlinear vector field whose

domain belongs to M � F ∈ R5
+/x1 ∈ R1, x2 ∈ R2, x3 ∈

R3, x4 ∈ R4, x5 ∈ R5}, where xi ∈ [0, xi,max] for i � 1, 2, . . . ,

5 with xi,max ∈ R+. Besides, the named specific growth rate
μ(·): x2⊗x3⊗x4 ∈ R+ is a positive definite function con-
tinuously differentiable bounded by tangents planes, defined
by its partial derivatives μ′ � max(zμ/zX)<∞.

-e second case of application relates to the production
of butanol through the acetone-butanol-ethanol (ABE)
fermentation process using Clostridium acetobutylicum. -e
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ABE industrial fermentation is one of the largest biotech-
nology processes ever known, and its importance lies in the
role of butanol as a valuable industrial solvent and its po-
tential as a better fuel extender than ethanol [3–5]. As usual,
the bioreactor model is based on the mass balance principle
to describe the temporal evolution of the main state variables
of the system. -e equations of the bioreactor model are
described as follows.

Biomass concentration:

_xb1 � − Dxb1 + μ1 xb2( μ2 xb3( 
2
xb1 − kdxb1. (31)

Glycerol Concentration:

_xb2 � D xb2in − xb2(  −
μ1 xb2( μ2 xb3( 

2
xb1

Y1
. (32)

Butanol concentration:

_xb3 � − Dxb3 −
μ1 xb2( μ2 xb3( 

2
xb1Y2

Y1
, (33)

where

μ1 xb2(  � μmax
xb2

ks + xb2
. (34)

μ2 xb3(  �
ki

ki + xb3
, (35)

in which μmax = 0.6 1/h, ks= 1.13 g/L, ki= 7.65 g/L, kd= 0.007
1/h, Y1= 0.57, and Y2= 3.56 are the kinetic parameters. Note
that the kinetic model considers a term of inhibition μ2
related to butanol concentration, as reported in the open
literature [18]. -is model has been experimentally validated
in both batch and continuous operation regimes.

Similar to the previous bioreactor model, the state vector
X � [x1 x2 x3]

T ∈ R3
+ and F � [f1(X)f2(X)f3(X)]T ∈ R3

+

correspond to a nonlinear vector field whose domain be-
longs to M � F ∈ R3

+/x1 ∈ R1, x2 ∈ R2, x3 ∈ R3 , where
xi ∈ [0, xi,max] for i � 1, 2, 3 with xi,max ∈ R+. Besides, the
named specific growth rate μ(·): x1⊗x2⊗x3 ∈ R+ is a
positive definite function continuously differentiable
bounded by tangents planes, defined by its partial derivatives
μ′ � max(zμ/zX)<∞.

All the numerical simulations were done on a PC
equipped with an Intel® Core© i5 processor and 8GB of
RAM. -e model was implemented in a script program of
the MATLAB® (R2016a) software. -e command ode23s
from the ODE Solver library was used to solve the set of
differential equations of the biochemical reactor models
considering the continuous regime.

5. Results and Discussion

-is section presents the corresponding results obtained
from the numerical experiments. -e continuous sulphate-
reducing bioreactor was simulated under the assumption of
perfect mixing conditions, using the following set of initial
conditions: xs1,0 � 6000mg/L, xs2,0 � 0.1mg/L, xs3,0 �155mg/
L, xs4,0 � 5250mg/L, and xs5,0 �1.5mg/L, which were con-
sidered as nominal operating conditions. In addition, to

simulate different operational scenarios, the following initial
conditions were also considered: xs1,0� 5550mg/L,
xs2,0� 0.1mg/L, xs3,0�115mg/L, xs4,0� 5150mg/L,
xs5,0�1.5mg/L and xs1,0� 5850mg/L, xs2,0� 0.1mg/L,
xs3,0�135mg/L, xs4,0� 5550mg/L, and xs5,0�1.5mg/L. -e
nominal value of the dilution rate was set at u�D� 0.035 1/h.
Furthermore, to include a realistic operational scenario, an
external disturbance in the sulphate inlet concentration is
considered as xs1,in � 5250 + 1 · sin(0.1 t)mg/L.

A single-input single-output (SISO) control scheme is
then considered, in which the sulphate mass concentration
was selected as a measured and controlled state variable.-is
is proposed due to the possibility of measuring the sulphate
concentration online using a colorimetric technique based
on spectrometric devices [19]. -e input flow (D) to the
bioreactor is considered as the control input [20].

-en, the specific structure of the proposed controller is
given by

D �
1

4.87
170g1 xs1 − xs1,sp  + xs1 + ζ , (36)

with the particular observer structure given by
dxs1

dt
�

1
170

− xs1 − ζ + 4.78D + 10g11 xs1 − xs1( 

+10g12 xs1 − xs1( 
n

+ 0.05g13,

(37)

dζ
dt

� − g21 xs1 − xs1(  + 0.01g22 xs1 − xs1( 
n

+ 0.01g23,

(38)

and considering the following initial conditions: xs10 �

5900mg/L and ζ0 � 10.
-e operation of the bioreactor was considered in an

open-loop regime of up to 100 hours, where the controller
was turned on. On the basis of the proposed methodology,
an identification process was carried out by means of an
input-output response, in which the parameters of the first-
order model are K� 4.857 (mg/L)/(m3 h) and τ � 170 hours.
-e selected values for the gains of the observer are
g11 � 100 h− 1; g12 � 1 h− 1 (mg/L)− 2; g13 � 0.1 h− 1mg/L;
g21 � 100 h− 1; g22 � 1 h− 1 (mg/L)− 2; and g23 � 0.1 h− 1mg/L,
with n� 3. -e control gain was selected as g1 � − 25 h− 1.
-en, to include additional disturbances in the operation of
the bioreactor, a change of set point is considered.-e initial
set point was set at xs1,sp � 4250mg/L, but at t� 150 h, the
set point was changed to xs1,sp � 4500mg/L.

Figure 1(a) shows the behaviour of the sulphate variable
in open- and closed-loop operations. -e controller was
turned on at t� 100 hours for the first set point. -e second
set point is activated at t� 150 h. -is figure also shows the
performance of the proposed uncertainty observer. At the
start-up of the operation, the observer has a different initial
condition of the considered real value. However, the un-
certainty observer was able to reach the corresponding
trajectory of the real value of the uncertain term almost
immediately. -is behaviour is also maintained when the
controller is activated. Figure 1(b) shows the dynamic be-
haviour of the other uncontrolled variables, referred to as
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zero or inner dynamics. As can be seen, these state variables
show a smooth and stable behaviour under the application of
the proposed control law. -e numerical results indicated
that the bioreactor is stabilizable (see Figure 1(b)).

Figures 1(c) and 1(d) show the control effort and the
uncertainty term of the proposed methodology. It can be
seen that the control input u increased from 0.035 h− 1 to
higher values due to the action of the controller which
increases the input flow to the reactor, which in turn de-
creases the residence time of the reactor and the corre-
sponding sulphate consumption until the selected set point
is reached. Note that the behaviour of the control input is
smooth with achievable numerical values.

Figure 2 shows a 3D phase portrait showing the be-
haviour of the sulphate, sulphide, and biomass variables with
and without the application of the proposed control law with
different initial conditions. -is figure shows the sudden
change of the corresponding trajectory when the closed-loop
regime acts.

-e second application example considers similar kind
of simulation conditions as the sulphate-reducing bioreac-
tor, with the following set of initial conditions:
xb10 � 0.05 (g/L); xb20 � 40 (g/L); andxb30 � 0.1 (g/L) ,
which were considered as nominal operating conditions. In

addition to simulating different operational scenarios, the
following initial conditions were also considered:
xb10 � 0.03 (g/L); xb20 � 45 (g/L); xb30 � 0.02 (g/L) and
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Figure 1: (a) Sulphate concentration as a function of time under open and closed loops. (b) Dynamics of all noncontrolled variables.
(c) Control input for the two set points tested. (d) Dynamics of the uncertainty observer. -e controller action is observed from t� 100 h.
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Figure 2: 3D phase portrait for the variables sulphate, sulphide,
and biomass in open- and closed-loop systems, with different initial
conditions.
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xb10 � 0.1 (g/L); xb20 � 40 (g/L); xb30 � 0.1 (g/L) . -e
nominal value of the dilution rate was set at D� 0.062 1/h.
Again, SISO control scheme was considered, where the
butanol mass concentration was selected as a measured and
controlled state variable, since the variable can be measured
online via the colorimetric technique.

-e particular structure of the proposed controller is
given by

D �
1

2.87
15g1 xb1 − xb1,sp  + xb1 + ζ , (39)

with the corresponding observer structure:

dxb1

dt
�

1
1.5

− xs1 − ζ + 0.48D + g11 xs1 − xs1( 

+0.1g12 xs1 − xs1( 
n

+ 0.1g13,

(40)

dζ
dt

� − g21 xs1 − xs1(  + 0.1g22 xs1 − xs1( 
n

+ 0.1g23.
(41)

Here, the corresponding tuning of the gains of the
observer are g11 � 100 h− 1; g12 � 1 h− 1 (g/L)− 2; g13 � 0.1 h− 1 g/
L; g21 � 100 h− 1 (g/L)− 2; g22 � 1 h− 1 (g/L)− 2; and
g23 � 0.1 h− 1 g/L, with n� 3. -e control gain was selected as

g1 � 10 h− 1. Furthermore, to include additional disturbances
in the operation of the bioreactor, a set point change was
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Figure 3: (a) Butanol concentration as a function of time under open and closed loops. (b) Dynamics of all noncontrolled variables.
(c) Control input for the two set points tested. (d) Dynamics of the uncertainty observer. -e controller action is observed from t� 50 h.
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butanol in open- and closed-loop systems, with different initial
conditions.
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considered. -e initial set point was selected as
xs1,sp � 20 (g/L), and at t� 100 h, the set point is changed to
xs1,sp � 25 (g/L). -e controller was turned on at t� 50 h.

Figure 3(a) shows the behaviour of the butanol variable
in open- and closed-loop operations. Once again, the un-
certainty observer was able to rapidly reach the trajectory of
the real value of the uncertain variable in open and closed
loops. Figure 3(b) depicts the dynamics of the biomass and
glycerol that are the noncontrolled variables, which showed
a stable behaviour under the application of the proposed
controller. Figures 3(c) and 3(d) show the control effort and
the uncertainty term for both set points. It can be observed
that the controller decreases the input flow to the reactor,
which in turn increases the residence time of the reactor,
allowing to increase the glycerol consumption and thus
obtaining higher butanol production until the selected set
point is reached. Once again, the control input showed
achievable numerical values. Figure 4 shows a 3D phase
portrait of the dynamics of the three variables with and
without the application of the proposed control law with
different initial conditions, where it is possible to observe the
trajectory changes when the controller was activated, taking
the process to different steady-state points.

6. Concluding Remarks

In this work, a class of uncertainty observer-based input-
output controller for regulation purposes with application to
continuous bioreactors is presented. -e proposed uncer-
tainty observer contains a polynomial structure of the
measured output injection.-e convergence of the proposed
observer is demonstrated via the analysis of the dynamic
equation of the estimation error, where an asymptotic
convergence is depicted around an open ball with radius
equal to R �

������
K′A− 11− n

√
. A satisfactory performance of the

observer was observed via numerical simulations both in
open-loop and closed-loop operational regimes. -e ob-
server was coupled with a linearizing I/O controller, where
the closed-loop stability is analysed by means of the dynamic
equation of the regulation error, predicting an asymptotic
convergence of the control output, which was also shown by
numerical simulations, where two application cases related
with continuous biochemical reactors are considered with
successful results.
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