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Multivariable decoupling control based on fuzzy-neural network

ath-order inverse system in fermentation process
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Abstract: This paper proposes a nonlinear multivariable decoupling control strategy based on fuzzy-neural network
ath-order inverse method that combines inverse system theory with fuzzy-neural network for fermentation process. A
nonlinear inverse model is developed based on the reversibility analysis of the process model. A fuzzy-neural network
ath-order inverse system is then constructed, which is cascaded with this process to transform the original nonlinear system
to a pseudo-linear system. Finally, an expert controller is used to closed-loop synthesis. The effectiveness of the presented
method is illustrated by a simulation experiment.
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1 Introduction

Bioprocess is a nonlinear multivariable coupling
system for involving complex factors such as micro-
bial cells growth, metabolism and so on!*. Decou-
pling control of this nonlinear multivariable system is
a research topic of both theoretical and practical im-
portance. Among these nonlinear system theories, the
inverse system method is verified to be powerful3.
Unfortunately, this method is based on an exact mathe-
matical model of the plant, which is impossible to ob-
tain in bioprocess. To adopt the inverse system method
in bioprocess, it is required to identify the structure
of the ath-order inverse system without exact knowl-
edge of mathematical model of the system model*"!.
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Among these identification methods, fuzzy-neural net-
work, which possesses merits of both fuzzy logic and
neural network, has proved to be more powerful and has
been widely used in practical engineering!®:7].

This paper presents a multivariable decoupling con-
trol method based on fuzzy-neural network ath-order
inverse system for fermentation process. Through an-
alyzing the reversibility of the system model, a fuzzy-
neural network ath-order inverse system is built, which
is placed in series with the original fermentation system
to transform it to three pseudo-linear composite subsys-
tems. Finally, an expert PID controller strategy is given
for closed-loop synthesis. An experiment is preformed
to verify the effectiveness of our method.

Foundation item: supported by the National High-Tech Research and Development Program under grant 2007AA04Z179; the Research Found for
the Doctoral Program of Higher Education of China under grant 20070299010; the Professional Research Foundation for Advanced
Talents of Jiangsu University under grant 07JDGO037; the Open Project of the National Key Laboratory of Industrial Control

Technology in Zhejiang University under grant ICT0910.



SUN Yu-kun, et al: Multivariable decoupling control based on fuzzy-neural network

No.2 ath-order inverse system in fermentation process 189

2 Mathematical model and reversibility
analysis
The mathematical model of the fermentation pro-
cess can be described as!!!

dX Xdv
@ vk v "
= font fet fo

where: X, S and P are mycelia concentration, sub-
strate concentration and chemical potency [g/L], V is
the volume of cultivation broth in bioreactor [L], fyn,
fc and f,, are the flow rate of ammonia, glucose and ni-
trogen source, respectively [I/h], ¢ is time [h]; k; # 0
(i = 1,2,3) are constant scalars, ¢, ¢, o are analytic
functions of state variables.

Let ¢ = (z1,22,23,24)" = (X,S,P, V)" be
state vector, u = (uy, U, u3)" = (fon, fe; fu)® be
input vector. Then system (1) can be rewritten in the
following state-space form:
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:'54 = U1 + U + Us.
The output vector is
Yy= (y17y27y3)T = (m17x27x3)T' (3)

To use fuzzy-neural network ath-order inverse sys-
tem method, the reversibility of this system should be
verified first. The integrity mathematical description of
this system is

Yy= (Z/l:@/zvys)T = ($1;952,373)T7
Ty = Uy + us + us.
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Direct computation gives the following expression
for y:
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which explicitly contains u, and the rank of Jacobean

matrix is
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In practical fermentation process, x; # 0(i =

1,2,3), k; # 0(i = 1,2, 3) and then
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The relative degree of system (4) is a =
(g, a,a3)™ = (1,1,1)7T satisfying oy + g + a3 =
1+1+1 =3 < 4 = n, which indicates the re-
versibility of systems (4)(3). By implicit function exis-
tence theorem, the inverse system of system (4), (3) can
be expressed by

u = [Ul,umus] = @Z)(%yl»yl’yz,?)mys,ys)- (8

3  Nonlinear system identification theory
and method of fuzzy-neural network
For an MISO nonlinear system y = f(x) withx =
(x1,29, - ,x,,) € X CR", y €Y CR. For input-
output sample data (x1,y1), (Z2,¥2) - (Tn,Yn), a
model of fuzzy rules can be built as[s],
R’ : if -y is A} and 25 is A, and --- and x,, is A! |

then,yis B', [ =1,2,--- |, W. )

Where: W is the number of fuzzy rules, A! is
the fuzzy set in the universe of x;, p!y (2;)(i = 1,
2,-++,m) is the membership function of z;, B' is the
fuzzy set in the output universe of y.

Note that nonlinear system f is expressed by
W fuzzy rules with singleton, product operator and
weighted average of anti-fuzzy as (9). The output y can
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be given as l the first order gradient algorithm and error back propa-
w m T, —a, : [10,11] 7 i
l_zl wi 1:[1 exp(—(— 4 )2)] gjml;)ln method are used to identify free parameters
y=f(x)= =" — . (10 @I
; 11 exp(—(—%)ﬂ] 4 Fuzzy-neural network ath-order inverse

Pt ’ system decoupling control method
As shown'in Fig. 1is the top ology.structure of feed- By the inverse system theory, the implementation of
forward fuzzy-neural network, where input-output rela- . ce

inverse system method must meet two preconditions:
tions are as follows": .
) ) 1) Plant model is accurately known;
Input layer: Input node is z; , output node is O; * = . . .
. E 2) Analytic expression of the inverse system can be
zi(i=1,2,---,m); .

obtained from the plant model.
Fuzzy layer: Input nodes are (x; — a;.) and

o i L9 ) ot node is OF Unfortunately, neither of these conditions is sat-
k(= -+ ,m), output node is O, = . . . .
Zk ( ’a ’)2 ’ P ik isfied in the actual bioprocess. Noting that fuzzy-
— P k: . .
exp( : b271 ); neural network can approximate any continuous non-
ik

Rule layer: Input nodes are o0® 0B ... ’ o® (j = linear mapping, we use it to approach the inverse sys-

@ &’ @ tem (8). With the knowledge of relative rank o =
1,2,--- ,w), outputnode is O;” = Oy} x Oy x- - - X T T
@, (a1, g, a3)" = (1,1,1)", the fuzzy-neural network
Oy @ ath-order inverse system can be comprised with three
Output layer: Input nodes are O; ><4wl-(z = fuzzy-neural networks and three integrators, where
1,2,---,m), output node is y = OW = S0P x  fuzzy-neural networks and integrators characterize the
=1

nonlinear mapping relationship and inverse system dy-
namics respectively. Placing this fuzzy-neural network
ath-order inverse system in series with the fermenta-
tion model results in three decoupling pseudo-linear
subsystems with transform functions G, (s) = s %,
Gs(s) = s7'and G,(s) = s~*. In this way, the
complex multivariable nonlinear system (4) is compen-
sated to three simple SISO first-order integral systems
and thus expert PID controllers can be used in closed-
loop synthesis.

Figure 2 shows the configuration of an expert PID
controller, where the knowledge base stores specialized
experiences, common sense and knowledge obtained

from the fermentation expert, inference engine is es-

[A] [B] [C] D] sentially a set of computer programs used to coordi-
i nate the work of expert controllers. Inference engine
Fig. 1 Topology structure of fuzzy-neural network . .

gives the optimal controller parameters based on the
For this fuzzy neural network, initial values a’(0), current input data, knowledge base and certain reason-

b(0), w(0) are determined by clustering method while  ing strategies!'?.

Knowledge base

Inference engine

K T| T
X .S .P P : 2 5
refref > ref [ Composite pseudo- | X S, P
| PID controller I—:—» lifzear systern
| Expert controller .

Fig. 2 Principle of expert controller
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Figure 3 shows the closed-loop setup of this decoupling control strategy.

Actual mycelia concentration
:'"l_—"_""_""""""'"""::' """"""""""""""""" P B
meﬁo Mycelia concentration |1 LY X
! controller i i
1 1 S . H
S, O i Substrate concentration| ! Static P S
Y- controller I = Fuzzif‘;,nelliral :
H " s! networ! 1
P Chemical potency ]! P Lif
i+ controller E | ;
1 S I
! ! 1 x>~
L) .. Slosed-loop controller]; Fuzey-nouml network ath inverse system;  Fermentation
. rocess
Actual chemical potency P
Actual substrate concentration

Fig. 3 Closed-loop structure of bioprocess using fuzzy-neural

network ath-order inverse decoupling control

5 Experiment research

In the experiment, sample data sets are {X , X,
S, S, P, P} and {uy,ug,us}, which respectively are
the input and output of fuzzy-neural networks. u =
(fons for fa)T and z = (X, S, P, V)T are taken from
bioprocess database. Data set { X, S, P} is computed
offline using seven decimal numerical algorithm.

The sample data sets are divided into five batches,
each of which contains 70 samples. The former four
batches are used to train the fuzzy-neural network and
the last batch is used to verify the identification re-
sults. Fig. 4 shows the identification results.
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Fig. 4 Identification results of fuzzy-neural network

inverse model

Placing the identified fuzzy-neural network ath-
order inverse system in cascade with the biprocess
and constructing closed-loop expert PID controllers
result in three decoupled SISO systems. The track-
ing performance of the closed-loop system is illus-
trated in Fig. 5, which shows the effectiveness of our

method.
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Fig. 5 Response of the pseudo-linear composite system

6 Conclusion

This paper proposed a fuzzy-neural network ath-
order inverse method for such complex systems. In
the design procedure, sample data set is used to train
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a fuzzy-neural network to obtain the inverse system,
and exact knowledge of mathematical model is not
required. Placing the trained fuzzy-neutral network
inverse model in series with the plant results in three
decoupled integral system which can be easily syn-
thesized using linear control theory. An experiment
shows that our method is effective.
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