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Abstract
In this paper, a new control technique for nonlinear control based on hybrid neural modeling is proposed. For neural network training, a
variant of the well-known gradient steepest descent method is employed where the learning rate is adapted in each iteration step in order to
accelerate the speed of convergence. It is shown that appropriate selection of the learning rate results in stable training in Lyapunov sense.
The closed-loop control system consists of two neural networks. The first one is a feedforward neural network that is employed as a predictive
hybrid model of the controlled plant. The second network is a neural PID-like controller, which has been pre-trained off-line as an inverse
black-box model of the controlled process. To ensure offset-free performance, additional on-line tuning of the neural controller is required,
especially in the presence of process uncertainties and time-varying parameters. Advantages of the proposed technique are demonstrated
through simulation experiments for a case study, investigating the control of a continuous flow stirred biochemical reactor.
© 2003 Elsevier Ltd. All rights reserved.
Keywords: Neural control; Hybrid modeling; Fermentation process

1. Introduction
Many industrially important fermentation processes exhibit nonlinear and time-varying behavior. Moreover, since
the cultivation medium contains living microorganisms, the
application of modern control techniques is often hampered
by such effects as substrate inhibition, catabolite repression,
product inhibition, glucose effect and auto-trophic mutation.
Therefore, design of a control strategy that should provide
a required control performance of key variables, such as
biomass concentration, may be a difficult task.
Successful control requires good knowledge of the controlled process in form of an adequate mathematical model.
A considerable amount of both mechanistic and empirical
mathematical models describing fermentation processes has
been proposed in past decades (e.g. Enfors, Hedenberg, &
Olsson, 1990; Castrillo & Ugalde, 1994; Pham, Larsson, &
Enfors, 1998). The main disadvantage of these models is
their complexity, especially when kinetic, thermodynamic
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and physical mechanisms are described. Moreover, applications of these models are limited to certain neighborhood of
operation point, corresponding to specific fermentation conditions. Application of empirical mathematical models may
be further limited by technical factors such as lack of on-line
sensors for substrates, biomass and products.
Methods of artificial intelligence have offered new, effective tools of system modeling. Methods based on artificial
neural networks (ANN) have strongly established themselves in this field, during the past decade. It has been
shown that any continuous function can be approximated
as precisely as required by a neural network having enough
neurons, at least one hidden layer, and an appropriate set of
weights using data samples since they are universal function
approximators (Hornik, Stinchcombe, & White, 1989). Neural black-box models have been successfully used in chemical and biochemical applications (Thibault, van Breusegem,
& Cheruy, 1990). However, since there is no process knowledge incorporated in the neural model, these methods may
lead to predictions which may conflict with fundamental
constraints represented by the conservation principles, particularly when outside the domain of training (de Azevedo,
Dahm, & Oliveira, 1997). One way to overcome this problem is to include all available knowledge of the process into a
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Nomenclature
C
D
E
fic
G
h
J
k
KL a
L
m
N
O
q
Q
S
t
T
u
V
X
y
Yij

carbon dioxide concentration (mol l−1 )
dilution rate (h−1 )
ethanol concentration (mol l−1 )
induction or repression factor
gas phase oxygen concentration (mol l−1 )
nonlinear function
sum squared error
saturation constant (mol l−1 )
volumetric mass transfer coefficient based
on the liquid volume (h−1 )
Lyapunov function
gas liquid distribution coefficient
(mol mol−1 )
number of patterns
dissolved oxygen concentration (mol l−1 )
flow rate (l h−1 )
specific consumption or production rate
(mol C mol DW−1 h−1 )
substrate concentration (mol l−1 )
time (h)
time constant for the induction of the
production of consumption capacity (h)
system input vector
volume (l)
biomass concentration (mol l−1 )
system output vector
yield of component j on i (mol mol−1 )

Greek letters
α
learning rate
µ
specific biomass growth rate (l h−1 )
Subscripts
c
carbon dioxide
e
ethanol
g
gas phase
i
component i
in
input
I
inhibition
k
iteration step
l
liquid phase
lim limited capacity
max maximum
n
glucose
o
oxygen
ox
oxidative
pr
production
red reductive
Superscripts
M
model
ox
oxidative
red reductive

hybrid model, where unknown process parameters are modeled using artificial neural networks (Psichogios & Ungar,
1992).
Having the appropriate model enables to develop a controller based on neural networks. There are two main approaches to neural control design that can be termed as direct
and indirect methods. In the direct control scheme, a neural
network is incorporated into the control system such that
the system results in identity mapping between reference
input and system output (e.g. Ordónez & Passino, 2001;
Chan & Rad, 2000). The indirect scheme utilizes a model
of the plant in order to identify the dynamics of the system
and, then, generate a control input according to predefined
optimization calculation (e.g. Lizarraga & Etxebarria, 1999;
Wang, Oh, & Yoon, 1998). A good review of modeling and
control strategies using neural networks has been carried
out in (Hunt, Sbarbaro, Zbikowski, & Gawthrop, 1992).
During the nineties further progress has been made in the
field (Najim, Rusnák, Mészáros, & Fikar, 1997; Mészáros,
Andrášik, & Rusnák, 2000), concerning, e.g. predictive
control employing in some form ANN based modeling.
The design of most neural control schemes is based on
gradient optimization, such as back-propagation, for training. Although some control problems can be well treated
using this approach, it may fail for systems with strong
non-linearities and large uncertainties.
Herein, we present a new ANN control strategy based
on indirect adaptive control, where the controlled process
is represented by a hybrid model consisting of a physical
part and a neural network black box. In this strategy, three
adjustable parameters of the neural controller are adapted
on-line using a special training algorithm designed to be stable in the sense of Lyapunov. To demonstrate the feasibility
and the performance of this scheme, simulation studies have
been carried out on the control of a continuous-flow stirred
biochemical reactor. The main goal of the control system is
to maintain a desired profile of biomass concentration in the
fermentor by manipulating the substrate flow rate. Simulation results demonstrate the usefulness and the robustness
of the control system proposed.

2. Neural network based hybrid modeling
Combining black box techniques with physical equations
has been receiving significant attention since the early 1990s.
There are several approaches to hybrid modeling discussed
in literature (Schubert, Simutis, Dors, Havlik, & Lübbert,
1994). In Thompson and Kramer (1994), a hybrid model of a
fed-batch bioreactor is developed, in which an artificial neural network augments the performance of a parametric model
that describes the specific kinetic rates, such as biomass
growth and substrate consumption. The combined output of
the parametric model and the ANN is processed by an output model that calculates the system state. Thus, a new type
of model is created—a hybrid model using neural networks.
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This model combines a partial first principles model—which
incorporates the available prior knowledge about the process being modeled—with a neural network which serves
as an estimator of unmeasured process parameters that are
difficult to model from first principles. In comparison with
conventional approaches, ANN based hybrid modeling is
a powerful tool for process modeling, particularly when
highly nonlinear behavior over a large operating domain
has to be described and limited theoretical knowledge of the
process is available. Examples are models of batch or fedbatch processes, cyclic processes or distributed parameter
processes.
However, in majority of cases, in neural network based
hybrid modeling, target outputs are not directly available.
One possibility how to overcome this problem is to use the
so called sensitivity approach proposed by Schubert et al.
(1994). The general idea of this approach is to express the
overall model, including the neural network part, as a single differential equation. In general terms, the known partial process model can be used to calculate a suitable error
signal that can be used to update the network’s weights.
The observer error between the structured model’s predictions and the actual state variable measurements can be
“back-propagated” through the known set of equations and
translated into an error signal for the neural network component.
Let us consider a process described by differential equation
dy
= h(y(t), u(t), w)
(1)
dt
where h is a nonlinear vector function of the system inputs,
u(t), the system outputs, y(t) and some parameters, w (which
we assume to be represented by means of a neural network).
In order to train the neural network (black-box part of the
hybrid model), pairs of input/output data vectors (u, y) must
be available, e.g., as a set of past measurements. The training
consists in adaptation of network’s weights, w, in such a way
that the sum of the squared deviations between the output
data predicted by the network, yi , and the corresponding
target data, yi∗ , becomes minimal,
J=

1
2

N

i=1

(yi − yi∗ )2

(2)

where N stands for dimension of the data vector. The usual
way to minimize J is to use gradient procedures, like the
steepest-descent algorithm. Weights in the kth step of this
iterative process are changed in the direction of gradient,
∂J
wk+1 = wk − α
(3)
∂wk
Considering Eq. (2), the derivation of J with respect to wk
gives

N 

∂J
∂yi
(4)
=
(yi − yi∗ )
∂wk
∂wk
i=1
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Thus, the problem consists in determining the derivatives
∂y/∂w. During the training phase, differential Eq. (1) must
be solved for fixed u(t). Differentiation of this equation with
respect to weights gives,
 
∂h∂y
∂h
d ∂y
=
+
(5)
dt ∂w
∂y∂w ∂w
with initial condition

∂y 
=0
∂w 

(6)

t=0

In comparison with conventional techniques, hybrid modeling usually gives results with significantly higher level of
accuracy. Since generalization is related only to uncertain
parts of the process, the hybrid modeling method gives satisfactory predictions using even a limited dimension of training data sets and the results are only slightly influenced by
the number of weights in the network part of the hybrid
model (de Azevedo et al., 1997). Furthermore, to obtain the
same mapping quality as that in the case of conventional
neural network model, less data are needed to train the network and, eventually, it provides a more general process
representation (Schubert et al., 1994).

3. Hybrid model of the controlled process
The non-linear model describing the response of Saccharomyces cerevisiae, known as baker’s yeast, has been used
for simulation of the process dynamics. This mathematical
model, adopted partly from work of (Sweere, 1988) and extended to the present dynamical structure (Mészáros, Brdys’,
Tatjewski, & Lednický, 1995) is based on limited oxidation
capacity of yeast leading to a switch-over from oxidative
to oxido-reductive metabolism. Regarding the law of conservation of mass, the model for continuous process can be
expressed by the following set of ordinary differential equations.
Cell mass concentration


dX
q
= µ−
X
dt
Vl
Substrate concentration
dS
q
= (Sin − S) − Qs X
dt
Vl
Ethanol (product) concentration
dE
q
= (Ein − E) + (Qe,pr − Qe )X
dt
Vl
Carbon dioxide concentration
dC
= Dg (Cin − C) − Qc X
dt
Dissolved oxygen concentration
dO
q
= (Oin − O) + Na − Qo X
dt
Vl

(7)

(8)

(9)

(10)

(11)

1502
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Gas phase oxygen concentration
dG
Vl
= Dg (Gin − G) − Na
dt
Vg

(12)

Mathematical description of the kinetic model mechanisms is arranged in the following table:
Mechanism
Glucose uptake
Oxidation
capacity
Oxidative
glucose
metabolism
Reductive
glucose
metabolism

Description

Qs,red = Qs − Qs,ox
E
kI
ke + E kI + S

Qe
= min
(Qo,lim − Qs,ox Yso )Yoe

Ethanol uptake

Qe = Qe,max

Oxidative
ethanol
metabolism
Ethanol
production
Growth

Qe,ox

Qe,pr = Yse Qs,red
ox Q
red
µ = Ysx
s,ox + Ysx Qs,red + Yex Qe

Carbon dioxide
production
Oxygen
consumption

Qc =

Oxygen transfer

Na = KL a

Maximum
consumption
rates where
induction or
repression
factors are as
follows

Fig. 1. Hybrid model structure for the fermentation process.

S
Qs = Qs,max
ks + S
O
Qo,lim = Qo,max
ko + O

Qs
Qs,ox = min
Yos Qo,lim

ox Q
Ysc
s,ox

red Q
+ Ysc
s,red

+ Yec Qe

Qo = Yso Qs,ox + Yeo Qe,ox


dQi,max
dt
foc


G
−O
m
1  p
Qi,max fic − Qi,max
=
Ti

O
2S + E
=
ko + O ks + 2S + E

fsc =

S
kn + S

fec =

E
kI
O
ke + E kI + S k o + O

The first principle model, expressed by Eqs. (7)–(12),
is well behaved for description of cell growth on glucose as substrate and is suitable for control simulation
experiments. For the purposes of this work, it takes the
role of the controlled plant and serves for acquisition of
data needed for training the neural module of the hybrid
model.
The crucial step in modeling of biochemical processes is
to identify quantities of specific growth rates. The problem

is on the lack of accurate kinetic mechanism description relating to mass balance of biotransformations. Although a fair
number of analytical models describing growth rates have
been published, each case seems to need a specific approach.
A momentum of generalization, in this subject, can be offered by black-box techniques using neural networks. Combining ANN modules for prediction of the biomass growth
rate, µ, from Eq. (7) and a structured mass balance module
(selected differential equations from Eqs. (7)–(12)), results
in a hybrid model. The structure of the proposed hybrid
model, consisting of a neural network and a first principles
part, is depicted in Fig. 1.
Let us carry out now the mathematical analysis for hybrid
model training for our case study, in relation to Eqs. (1)–(6)).
Since our aim is to control only the biomass concentration
at the outlet, X, the sensitivity approach is only carried out
for the following differential equation:
dX
q
= µX − X
dt
Vl

(13)

As X will be chosen as the output controlled variable, with
respect to Eq. (1), we can formally rewrite the model as,
q
(14)
h = µX − X
Vl
and gradient ∂h/∂y takes the form,
∂h
∂µ
q
∂h
=
=µ+X
−
∂y
∂X
∂X Vl

(15)

When determining gradient ∂h/∂w with respect to Eq. (14),
one has to realize that in (14) only µ, as the result of the
ANN training (see Fig. 1), is dependent on w. It gives,
∂µ
∂h
=X
∂w
∂w

(16)

These two terms are inserted into the sensitivity Eq. (5),
leading to
  

∂µ
q ∂X
∂µ
d ∂X
= µ+X
−
+X
(17)
dt ∂w
∂X Vl ∂w
∂w
where in gradient ∂X/∂w, X refers to the prediction of output.
Thus, we have a differential equation which computes
gradients ∂X/∂w, necessary for optimization of weights during iteration steps: Eqs. (3) and (4). The unknown partial
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Fig. 2. Hybrid model performance in the presence of noise.

derivatives, ∂µ/∂X and ∂µ/∂w in sensitivity equation depend on the neural net structure and can be evaluated using
the back-propagation method.
The mathematical model of the biochemical process
(Eqs. (7)–(12)) was used to generate data sets for training
ANN of the hybrid model as well as the neural controller.
The substrate flow rate, q, was chosen as a manipulated
variable for generating data. The hybrid model network of
structure introduced in Fig. 1 with 7 hidden neurons was fed
with training data set and was trained using the sensitivity
approach proposed. To demonstrate the performance of the
hybrid model in the presence of noise, a white noise-like
disturbance was applied to the process in form of variations
in inlet substrate concentration, Sin , with a dispersion of
20% about the mean value. The comparison of perturbed
target data and hybrid model predictions is depicted in
Fig. 2.

4. The control system
The objective of this work is to propose a control system
using two feedforward ANN models: one incorporated in
the hybrid model of the process, providing values for the
plant output; the other, performing the task of feedback
controller in the form of plant dynamic inverse. Identification of process inverse dynamics is defined as finding
the inverse mapping of a system (Pham & Oh, 1999). It is
useful to know the inverse dynamics of a plant in order to
control it. Then, in an ideal situation, the dynamics of the
controller could simply take the form of the plant inverse
dynamics.
For our case we shall consider an approach adopted by
Psaltis, Sideris, and Yamamura (1989) known as direct or

generalized inverse learning. The basic idea is to feed the
network with present and past plant outputs and get it trained
until it generates the right plant input which caused just
those output responses applied. Such a network structure is
shown in Fig. 3. The error between the desired and actual
output of the network is used to adjust the network weights.
However, inverse dynamic models are prone to give incorrect results especially when process nonlinearities are
modeled. To prevent the system from producing permanent control error, an additional controller term is proposed
herein to be incorporated into the neural controller. This
new controller, augmented by so-called PID neurons, as
shown in Fig. 4, is designed to ensure offset-free performance. The basic idea is to replace the common bias signal
by three additional nodes, where inputs to the neurons are
the control error, the sum of control error and the deviation
of control error, respectively. Connections between PID
neurons and the output of the neural network are evaluated
by weights designated wP , wI and wD . These weights are
trained on-line using the particular optimizing algorithm

Fig. 3. Architecture of the plant inverse model.
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where the setpoint error in the next sampling period is
estimated as


∂ek T
ek+1 = ek + &ek = ek +
&w

(20)
∂w

As we have to tune only the PID weight coefficients and,
with respect to linear activation function at the output neuron (see Fig. 4), the change of the manipulated variable in
the next sampling period is given by


∂uk T
 T &w
&uk+1 = &uk +
&w
 = &uk + B

(21)
∂w

Fig. 4. Neural controller augmented by PID term.

described in the following section. Then, the overall control
scheme takes the structure depicted in Fig. 5.
4.1. Convergence of the learning algorithm
The strategy of training consists of on-line tuning of the
PID weights of the neural controller in such a way that the
control error converges to zero. The principle of the proof is
adopted from (Hoo, Sinzinger, & Piovoso, 2002) where the
stability of neural predictor is based on proper selection of
learning rate. Finding the optimal interval for the learning
rate is accomplished by using Lyapunov function approach.
Let us consider a discrete Lyapunov function given by
L = 21 (e2 + λ &u2 ) = 21 [(r − yM )2 + λ(u − uold )2 ]

(18)

where r is setpoint, yM is predicted value of the controlled
variable (output of the hybrid model), u is estimated manipulated variable (output of the neural controller) and uold is the
last control action applied to the plant. The change in the discrete Lyapunov function at the kth iteration step is given by
&Lk = Lk+1 − Lk = 21 (e2k+1 − e2k ) + 21 λ(&u2k+1 − &u2k )
(19)

 is a vector of inputs to the PID neurons.
where B
The PID weights are adjusted in proportion to the negative
gradient of their contribution to the control error. Unlike
in the common “steepest descent” algorithm, the learning
rate in our case is not constant. The change of the weight
coefficients is given by


∂L
∂L ∂ek
∂L ∂uk
&w
 = −α
= −α
+
∂w

∂ek ∂w

∂uk ∂w



∂ek
∂uk
= −α ek
+ λuk
(22)
∂w

∂w

Let us start with Eq. (19). Substituting for ek+1 from
Eq. (20) and &uk+1 from Eq. (21) we have,

2


1
∂ek T
&L =
ek +
&w

2
∂w



 T &w)
− e2k + λ[(&uk + B
 2 − &u2k ]


= ek

∂ek
∂w


T

1
&w
+
2



∂ek
∂w


2

T
&w


1
 T &w
 T &w
 k + λ(B
 k )2
+ λ &uk B
2

Fig. 5. Block diagram of the proposed control system.

(23)
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Further, substitution of &w
 k from Eq. (22) into Eq. (23),
leads to



T
 ∂ek 2
 − αλ &uk ek ∂ek

&L = −αe2k 
B
 ∂w

∂w




T 2
 ∂ek 2
α2
∂e
k
 + λ &uk

+
ek 
B
 ∂w
2

∂w

∂e
 T k − αλ2 &u2k B
 2
− αλ &uk ek B
∂w


2
α2
T ∂ek
2


+ λ ek B
+ λ &uk B
2
∂w


(24)

After manipulation we get,



2

 ∂ek 2

∂e
α 2
k
 2−α 
 + λB
 2
&L = − ek 
 ∂w
2  ∂w





 ∂ek 2
αλ2
2  2
2
 + λB

−
&uk B 2 − α 
 ∂w
2



∂ek T
 k
− αλ &uk
Be
∂w




 ∂ek 2
2
 + λB

× 2−α 
(25)
 ∂w

which leads to,



 ∂ek 2
α
2
 + λB

2−α 
&L = −
 ∂w
2


2
∂ek

× ek
+ λ &uk B
∂w


Since the last term is always positive and α is a positive
number, we can conclude that difference of the Lyapunov
function is negative only in the case when



 ∂ek 2
 + λB
 2
>0
(27)
2−α 
 ∂w

α<

2
 2)
(∂ek /∂w
 2 + λB

find this gradient using the stochastic algorithm approach
(Kushner & Sanvicente, 1974). The algorithm is iterative
and it can be summarized in the following steps:
(1) perturbation of weight coefficient (wP ) in positive direction;
(2) computation of neural controller response: qt ;
(3) application of qt to the input of mass balance part of
the hybrid model;
(4) computation of hybrid model response Xt+1 , as prediction of the controlled variable at the next sample
period;
(5) repeating (2)–(4) for negative perturbation of weight;
(6) repeating (1)–(5) for the other two weight coefficients
(wI , wD );
(7) computation of the unknown gradient
+
X− − Xt+1
∂ek
= t+1
∂w
∆

where ∆ is the size of perturbation and +/− is an indication of positive and negative direction, respectively;
(8) computation of learning rate at present step
αk =

2c
 2)
(∂ek /∂w2 + λB

where c ∈ (0, 1);
(9) optimization of PID weight coefficients
w
k = w
 k−1 − α

(26)

(28)

4.2. On-line tuning of PID weights
In the relevant control implementation, it is necessary to
synchronize the following steps:
• data acquisition,
• tuning of PID weights,
• computation of new control action.
The crucial procedure is the on-line tuning of the PID
weight coefficients. The key task is to determine the learning
rate in order to speed up the optimization process. However
 Assuming
first, it is necessary to compute gradient ∂ek /∂w.
that the hybrid model of the plant is accurate enough, we can
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∂L
∂w


(10) evaluation of the objective function (Eq. (18)) at actual
iteration;
(11) if Lk < (acceptable error) or number of iterations k >
kmax ⇒ go to the next step; else k := k + 1 and go to
step (1);
(12) computation of new control action as a response of the
neural controller;
(13) application of new control action to the plant.
Note: If the hybrid model is not an accurate model of
the plant, the approximation method for the error derivative
may have problems due to noise presence in the error and
the use of Lyapunov function does not guarantee asymptotic
exponential stability.
Choice of c coefficient is a result of trade-off between the
speed and stability of training algorithm, for each specific
case. A lower value of c guarantees more stable adaptation
of weights. Since a possible hybrid model mismatch may
occur, it is convenient to set c coefficient “small enough”.

5. Results
Two different cases concerning the controller structure
have been tested for comparison. First, the inverse model of
the process was used as a non-adaptive controller, with corresponding control structure shown in Fig. 6. The training data
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Fig. 6. Block diagram of direct inverse control.

set generated by the mathematical model (Mészáros et al.,
1995) was used to obtain the inverse mapping of the process.
Inputs to the neural controller (see Fig. 3) were Xk+1 , Xk and
Xk−1 , respectively. The controlled process was simulated

by the same structured model as that of used for training the
network. Two simulation experiments were carried out for
this case study. The first one did not consider any disturbance
or parameter perturbation. The second experiment was to
demonstrate the control performance in presence of noise:
the inlet substrate concentration, Sin was considered to be
perturbed at each sampling period in the range up to 20%
of its steady state value. Simulation results for deterministic
and stochastic case are depicted in Fig. 7 and 8, respectively.
It is obvious, from simulation results, that a controller of
this structure is unable to control satisfactorily the process
because of imperfect inverse mapping. The performance is
poor especially when parameter perturbation occurs.

Fig. 7. Direct inverse control performance for deterministic case.

Fig. 8. Direct inverse control performance in presence of perturbation of Sin .
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Fig. 9. Performance of adaptive neural PID control—deterministic case.

Behavior of the adaptive neural controller proposed in
Section 4 was further demonstrated on the same biomass
concentration control, as another case study. The weights
of the neural controller were pre-trained off-line using
the structure introduced in Fig. 3 with three inputs and
five hidden neurons. For training the network, a modified back-propagation algorithm using conjugate gradients
was applied. During on-line control, the modified structure
shown in Fig. 4 was used, where one of inputs to the network, instead of unknown Xk+1 , was the setpoint. Bias PID
weight coefficients have been adapted only, while the other
weight coefficients remained constant, set on the values ob-

tained by off-line pretraining. New control action was optimized every 30 min on the basis of the proposed algorithm.
Results of control for both, deterministic and stochastic
cases are depicted in Figs. 9 and 10, respectively. For easy
comparison, setpoints applied were chosen the same as
those of the case of direct inverse controller. When comparing the two cases adopted, one can easily notice the
significant improvement in performance of the control system, augmented by adaptive PID terms, in both, regulatory
and tracking aspects.
The evolution profile of learning rate, in Fig. 11, as well
as adaptation courses of the tuned wP , wI and wD weight

Fig. 10. Performance of adaptive neural PID control—perturbation of Sin .
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Fig. 11. Evolution of learning rate coefficient.

Fig. 12. Evolution of wP , wI and wD weights during adaptive control.

coefficients, depicted in Fig. 12, show good convergence
properties of the optimization and adaptation procedures
involved.

6. Conclusions
A new method for adaptive nonlinear control based on
artificial neural networks has been presented in this contribution. The new control law incorporates the ability for
adaptation through adjustment of bias neurons and ensures
offset-free performance in the presence of unmeasured disturbances. A special control structure, incorporating the algorithm for on-line tuning of PID weight coefficients has

been developed, where the convergence was guaranteed by
proper selection of the learning rate.
The performance of the proposed adaptive neural control system has been assessed through the simulation of the
controlled operation of a nonlinear continuous biochemical
process. For prediction of process output, a hybrid model,
consisting of a mechanistic mass balance complemented by
neural black-box pretrained off-line for kinetic prediction,
has been utilized. The results of simulation experiments have
confirmed good regulatory and tracking performance of the
augmented adaptive neural controller implemented. The advantage is obvious especially in the presence of disturbances
or parameter uncertainties when it is not possible to obtain
a perfect inverse mapping of the controlled plant.
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