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An adaptive parameter estimation algorithm for a class of biochemical processes
expressed by a nonlinearly parametrized Monod’s growth kinetics model is presented.
Contrary to conventional least-square or gradient-type identification techniques, the pro-
posed parameter estimation algorithm is developed based on Lyapunou’s stability theory.
A novel class of parameter-dependent Lyapunov functions is utilized to remove the
difficulty associated with estimating the unknown parameters that appear nonlinearly. A
persistence of excitation (PE) condition is investigated to guarantee the convergence of
the estimation scheme. Simulations are provided to verify the effectiveness of the new

approach and the theoretical discussion.

Introduction

Modeling and parameter identification are normally the
prerequisites for the development of optimization and con-
trol methods. The research on parameter estimation of linear
dynamic systems has been an active area over the last 30 years
(Astrom and Eykhoff, 1971; Boyd and Sastry, 1983; Goodwin
and Sin, 1984; Astrom and Wittenmark, 1989; Ioannou and
Sun, 1996). It has been shown that if system signals are per-
sistently exciting, that is, the signals contain sufficient fre-
quency contents, then the estimated parameters are guaran-
teed to converge to their true values. Recently, the parame-
ter convergence problem has been investigated for adaptive
control design of a class of nonlinear systems (Zhang et al.,
1996; Lin and Kanellakopoulos, 1998). A procedure has been
developed to determine whether a reference signal is suffi-
ciently rich for a given nonlinear plant a priori. An interest-
ing result obtained in the work (Lin and Kanellakopoulos,
1998) is that the presence of the nonlinearities in the plants
weakens the PE condition, and, thus enhances the parameter
convergence of nonlinear adaptive control systems. In the
references (Krstic, 1996; Li and Krstic, 1998; Krstic and Deng,
1998) invariant manifold theory is used to investigate param-
eter convergence issues in the presence of persistent excita-
tion, partial excitation, and the least excitation for a class of
parametric strict-feedback nonlinear adaptive systems. The
results show that, in the absence of PE, an adaptive stabiliza-
tion mechanism can result in the convergence of parameter
estimates to destabilizing values. In control systems, parame-
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ter convergence is important for overall system stability and
robustness. The search for PE conditions for different non-
linear systems has been an important and challenging topic in
the fields of parameter estimation and control.

During the last three decades, model identification and pa-
rameter estimation of chemical processes have been of great
interest to researchers and practitioners (Ray and Aris, 1965;
Spriet, 1982; Holmberg and Ranta, 1982; Holmberg, 1983;
Dochain and Bastin, 1984; Bastin and Dochain, 1986). In the
design of estimation algorithms, an appropriate parameteri-
zation of plants is important, since some models may be more
convenient than others. The most commonly encountered
models in the literature are linear (or affine) in the unknown
parameters. The main reason for this is that linearly parame-
terized plants lead to simpler design and analysis of parame-
ter estimation algorithms. Nevertheless, many modeling and
estimation problems encountered in practice involve nonlin-
early parameterized models. This is the situation in a number
of biochemical processes, such as microbial process (Holm-
berg and Ranta, 1982), bacterial growth systems (Dochain and
Bastin, 1984), biomethanization process (Bastin et al., 1983),
and fermentation processes (Boskovic, 1995). Research on
parameter estimation for dynamic systems with nonlinear
parametrization is a difficult and challenging area.

The parameter identification problem for microbial
growth-process systems has been actively pursued in the liter-
ature (Holmberg and Ranta, 1982). Two basic methods have
been developed to identify plant models described by
Michaelis—Menten-type expressions. The first is to estimate
the parameters of the aggregated model by manual curve fit-
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ting with the aid of sensitivity functions. The second is an
optimization-based statistical estimation method. The main
disadvantage of these techniques is that the estimated pa-
rameters are not necessarily unique, and therefore cannot be
considered as biological characteristic of the processes
(Holmberg and Ranta, 1982). In order to overcome the diffi-
culty associated with the nonlinearly parametrized coeffi-
cients in Monod and Michaelis—Menten-type nonlinearities
(Holmberg, 1983; Bastin et al., 1983; Dochain and Bastin,
1984), a different identification approach has been presented
in (Dochain and Bastin, 1984) by considering the specific
growth rate as a time-varying unknown parameter instead of
an analytical function of the states. A least-squares algorithm
has been developed to identify this time-varying growth rate.
The advantage of the scheme is that the estimated parame-
ters (namely the growth rate and a yield coefficient) have a
clear physical meaning and can give useful real-time informa-
tion about the plants. Although the parameter convergence
cannot be proven theoretically, the simulation results show
that the estimated parameter can follow the true time-vary-
ing growth rate effectively (Dochain and Bastin, 1984).

In this article, the adaptive parameter identification prob-
lem is considered for the nonlinearly parametrized chemical
processes studied in the literature (Holmberg and Ranta,
1982; Dochain and Bastin, 1984; Boskovic, 1995, 1998). With
the help of an integral-type Lyapunov function, an adaptive
parameter estimation approach is constructed using Lya-
punov’s stability theory. A persistence of excitation condition,
based on LaSalle’s invariance theorem (LaSalle, 1968), is in-
vestigated for the proposed algorithm. Asymptotic conver-
gence of the parameter estimation scheme is achieved when
the system states satisfy a certain PE condition. The article is
organized as follows. The following section describes the
chemical plants and the identification problem under study.
In the third section, an adaptive parameter estimation scheme
is developed by using a parameter-dependent Lyapunov func-
tion. Persistency of excitation for the system signals is studied
in the fourth section. Numerical simulations are included in
the fifth section, followed by a brief conclusion in the sixth
section.

System Description

We consider biochemical processes described by the dy-
namic model

M
@)

i=[ p(x,s)—ulx
1
§=- ?M(x,s)x + (59— s)u

where states x €[0+»*) and s €[0+ ) denote biomass and
substrate concentrations, respectively, u is the dilution rate,
s, denotes the concentration of the substrate in the feed, and
Y > 0 denotes the yield coefficient. The nonlinear function
u(x,s) denotes the growth rate of the process. The plants in
Egs. 1 and 2 can represent a large class of biochemical pro-
cesses depending on the choice of the growth rate u(x,s),
such as microbial process, bacterial growth systems, bioreac-
tor, distillation column, adsorption, and fermentation pro-
cesses (Spriet, 1982; Holmberg and Ranta, 1982; Bastin et al.,
1983; Boskovic, 1995).
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There are many different models for w(x,s) proposed in
the literature (Spriet, 1982; Dochain and Bastin, 1984;
Monod, 1942), for example

p(x, 8) = K” ”_fs (Monod) 3)
My S .
u(x, s)= m (Contois) 4
w,, Kys
m(x,s)= (Haldane) )

1+ K5+ K,s?

where u,, >0 is the maximum value of the specific growth
rate, and positive constants K, K., and K, to K, denote
the coefficients for different growth-rate models. It can be
seen that parameters K, K., K;, and K, appear in their
models nonlinearly, a major difficulty for parameter identifi-
cation based on standard techniques (Holmberg and Ranta,
1982; Bastin et al., 1983).

In this article, we investigate the parameter estimation
problem for the plants in Egs. 1 and 2 with growth rate u(x,s)
represented by Monod’s model (Eq. 3). Monod’s model is one
of the most commonly used models for growth kinetics. How-
ever, the scheme developed in this article is not limited to
this model and can be easily extended to the plants with other
growth-rate representations. Define the parameter vector 6
=[6, 6 6,1, with

0, = K> 0k =K

s

The plants in Egs. 1-3 can be expressed as

GMS
x= X —Xxu (6)
O +s
. Oys 7
§=— x+(sqg—5)u
R CRR) (M

Parameter Estimation Method

Let 6 denote an estimate of the true parameter 6. Let £
and § be estimates of x and s, respectively, by the dynamical
system

F=f(w)— xu

§=f,(w)+(so—s)u

]T

®)
©

where w=[x s £ § 6 u]” and the nonlinear functions f,(w)
and f(w) are to be assigned later. Define z, = x — £ and
z,= s — §. The error equations are

. BMS

Zy = 0K+s'x—fx(w) (10)
. Oys

Zg=— 0K+Sx_f:(w) (11)

As mentioned in the literature (Holmberg and Ranta, 1982;
Bastin et al., 1983), the major difficulty of this estimation
problem is that the unknown parameter 6, appears nonlin-
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early in Eqgs. 10 and 11. To overcome this difficulty, the fol-
lowing integral-type Lyapunov function candidate, developed
originally in Zhang et al. (2000), is used

Zx Zs A
VZ=/O (9K+s)o'do'+/0 (6x+o +38)odo (12)

Since s €[0+), we know that 6y + s> 6 > 0. Hence, the
parameter-dependent function, V7, is positive definite and ra-
dially unbounded, and satisfies 1/, —» 0 as z, z, — 0. The time
derivative of V) is

. z, zg
V.= z,(0 +5)2, +f0 Sodo +z,(0 +5)Z, +f0 $odo

Substituting Eqgs. 7, 9, 10, and 11 into the preceding equation,
we have

. 22 Oys
I/zzzx[o,usx_(ol(_'—s)fx(w)]_? o+

x—(sy— s)u}

1
- Zs[est +(9K + S)fs(W)]‘F Ezsz[fs(w)_F(SO - S)Ll]
1 0y sx )
= zx|:0”SX + E(SO —§)uz, _(GK + s)fx(w)} - mzx

1 s+5§
+ z, —Hysx+5(s0—s)uzs—(0K+T)fs(w) (13)
Now choose
f ! ) [1 k} 14
wW)=—-~—" sx+ | =(sg—s)ut+k, |z,
(R e U EICRD (14)

1
fv(w)= E(S()_S)u_l—ks]zx} (15)

A—{—éysx—}—
20 +s+5

where constant gains k., k,> 0, and éK, éﬂ, and éy are the
estimates of 6y, 6,, and 6y, respectively. Define

6,=6,— 0,

6'~1<=6'1<_91<r M Oy =0y — 6y

Using Eqgs. 14 and 15, we may reexpress Eq. 13 as
. 1 A
V,=2z,6,sx+ E(SO - S)uz, — (GK + 6, + s)fx(w)

0y sx 5 1
— 2(9[<—+S)ZX +z,| —Oysx+ E(SO — S)MZS

_(éK + 6 + %SA)fs(w)] = zx[éﬂsx - éKfX(w)]

0y -sx - -
- v |2 _ _ 5,2
[kx + 20, +9) z:+ zs[ 6y sx OKfS(w)] k,z:
0y sx ~ -
=k 4 ———— |22 — k22 + f,5xz, — By sxz,
2(0x +5) "

_éK[fx(W)Zx+fs(w)zs] (16)
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The next task is to find adaptive estimation laws to update
Ok, 9,, and 6. We choose an augmented Lyapunov function
candidate

s~ Yz E

with constant gains y;, y,, y3 > 0. Its time derivative is

1. 1.

. . 1 ~ A ~ A
V.=V, +—86,0, + — 0 6 + — 0,0,
Y2 Y3

s z (I
Y1

=—[kx+

~ éy ~ é'\K
—Oy|sxz,+— | = 0| f(W)z, + f(w)z, + —
Vs Y3

0y sx
O +s

i 9
22 —k.z2+ Gu(sxzx - V—”)
1

(7)

Consequently, the following parameter updating laws are
chosen

A

6, = v15%2, (18)
éY =T Y28z (19)
v L)z + ()2 ], if G > e
51( _ or O, = € and f,(w)z,
+ fi(w)z, <0
0, otherwise,
(20)

with initial value 6,(0)> e and a sufficiently small € > 0 sat-
isfying 6 > e. The tuning law (Eq. 20) is a projection algo-
rithm. It can be seen that for the case of éK > € or éK =€
and f(w)z, + f(w)z; <0, the projection algorithm (Eq. 20)

suggests that O, = — vl f.(w)z, + f,(w)z,], which leads to

) 0

91( fx(w)zx+fs(w)zs+_K =0 (21)
V3

For the case of § = € and LWz, + f(w)z; > 0, the learn-

ing algorithm (Eq. 20) leads to 6, = 0, which implies that

_ O
HK fx(w)zx + fs(w)zs + ,y_

= (b — [ f(w)z, + f(w)z,] >0 (22)

Combining Egs. 21 and 22, we know that Ol f(w)z, +
fiw)z, + éK/y3]zQ. It also can be seen from Egq. 20

that 6,(0)> € and 6 > 0 for §; = . We conclude that 6 >
€ for all times. Substituting updating laws (Eqs. 18-20) into
Eq. 17, we obtain

0y sx
O +s

8}

S

Vs—(kx+
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Noting that 6, 6 >0 and x, s >0, we have V, < — k, z>
— k,z2. By applying LaSalle—Yoshizawa’s Theorem (Krstlc et
al., 1995) it is concluded that all signals in the estimation
system (Egs. 8, 9, and 18-20) are bounded. In addition, the
state estimate errors z, and z, converge to zero as time goes
to infinity. It should be noticed that lim,_ ., z(1)=0 and
lim, _,..z(#) = 0 do not guarantee that the parameter estima-
tion errors 6 = [OK ). 9 1" go to zero as ¢ — . In the follow-
ing, we study the parameter convergence of the proposed
adaptive identification algorithm.

PE Condition for Parameter Convergence

By LaSalle’s Invariance Theorem (Krstic et al., 1995), the
error vector (z,, z,, 6) converges to the largest invariant set,
M, of the error system (Egs. 10, 11, and 18-20) contained in
the set

E={(zr

The purpose of the following is to study the invariant set,
M, to obtain the conditions under which parameter conver-
gence can be achieved. Since z, and z, converge to zero, we
know that

z,, 5) ERz,=0,z,= 0}

[ 2, dt = 2,(%) — 2,(0) = — 2,(0)

[ 2 di=2,() = 2,(0) = = 2,(0)

This implies that Z, and Z, are integrable. It follows from the
error equatlons (Eqs 10 and 11 that Z, and Z; are functions
of x, s, £ §, 6, u, and . Since 6, z, and z, are bounded,
then it follows that if x, s, u, and u are bounded Z, and Z
are bounded. This implies the uniform continuity of Z, and
z,. By Barbalat’s lemma (Ioannou and Sun, 1996), we con-
clude that z,, z, >0 as t >,

On the invariant set M, we have z, =z, =0and z, =2, =
0. Setting z,=z,=z,=2,=0, Egs. 10 and 11 lead to

A

li f( )= s Y(z,0)eM (23)
X = 1n1 w)= X, z,0)e
0K+ K+S ( )
lim f,(w) = Oys V(z, 0)eM (24)
x= 1m w)= X, z,0)€e
0K+S 0K+S ( )
Hence
0, sx 0 sx 0. — 0 )sx -
[ — AN =(N —:‘") , V(ZX,H)EM (25)
9K+S 0K+S GK—BK‘I‘S
6y sx 0 5x 0y — 0y )sx -
Uit 4 _ (o -Y) ., Y(z,.0)eM (26)
Ok +s  Ox+s O —0g+s

Through some manipulations, we have

o O +s - - Ok +s
[OMGK] Iia sx =0, [ng] fey sx =0,
(1
V(z,,z,,0)eM (27)
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Therefore, the largest invariant set, M, in E is

. L. O +s
M= (zx,zs,0)6R5|zx=zs=0,[GHGK] I sx =0,
W

It follows from Eq. 27 that

1

[0;L éK]ibM(x,s) ?’L =0, [@L éy]tby(x, s) Hl=o,
Ok Oy

V(zx, zg, é) eM (28)

where
2
O + 5 —6,(0c +s
D, (x,5)=s"x* (0 +5) a I; ) (29)
- 0”(0,{ +5) HM
2
O + 5 — 0y (0 +s
Dy (x,5)=sx? (i +5) 7+ 5) (30)
— 0y (6 +5) 02

If ®,(x, s) and ®y(x, s) are positive definite, then we can
conclude that 6 = 0. However, it is impossible to satisfy this
condition because the matrices ®,(x, s) and ®,(x, s) are
singular at any given time. We consider the integrals of
CDM(x, s) and @y (x, s) for t =, It follows from Eq. 27 that

llm—fHTo[M K]CD(x )| . é dr =0,

t—>® K
V(z,,0)eM (31)
with positive constant T,. By Egs. 18-20 and lim, _, ,, z,, z, =

Q, we know that lim, _, . 6 =0, which implies that 6, 6y, and
0y are constants when ¢ — . Therefore

V(z,.6)eM. (32)

We now are ready to present the persistence of excitation
condition for parameter convergence. If states x(¢) and s(¢)
satisfy the following inequality

lim —/ g (%, 8) dT = ¢l

> x

(33)

with some ¢, > 0, then the estimated parameter error éu and
0x converge to zero asymptotically. Similarly, if there exists a
positive constant ¢; such that

1
lim — [0y (x, 5) dr =i (34)
t
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then, the estimated parameters BAM and éy are guaranteed to
converge to their true values.

Theorem 4.1. Consider the parameter estimation system
consisting of the plants (given in Egs. 1 and 2, estimator Egs.
8 and 9), and updating laws Eqs. 18—20. If system variables x
and s, and input signal u are bounded, and the system states
satisfy PE conditions given in Eqs. 33 and 34, then

lim 6(t)=6.
t—>x®
Remark 4.1. In order to achieve the parameter conver-

gence, the PE conditions (given in Eqgs. 33 and 34) indicate
that the variations of system states x(¢) and s(¢) should make
the integrals of matrices CDM(x, s) and @y (x, s) positive defi-
nite. Let us check the PE condition for a special case, x = c,
and s = ¢, with constants c,, ¢, > 0. In this case, we have

1
lim —fH Toq)ﬂ(x, s)dr =
t

sa| (BeFe)” 0.6 +e)

T = 0,00k +¢y) 07
Clearly, the preceding matrix is not positive definite, since its
determinant is zero. Hence, the estimated parameters cannot
be guaranteed to converge to their true values for the regula-
tion case. A practical way to resolve the problem is to add an
excitation signal to the control input such that system states
contain sufficient excitation for the parameter convergence.

Remark 4.2.  Compared with the standard PE condition in

the literature (Ioannou and Sun, 1996), which requires

1
— [TTe(r)@T(r) drzcyl, V20
T, )

for the system regressor matrix ®(7), the proposed PE condi-
tions (Egs. 33 and 34) are weakened, since Egs. 33 and 34
need only hold for ¢ — . Accordingly, only an asymptotic pa-
rameter convergence is guaranteed by Theorem 4.1, instead
of the exponential convergence obtained in the references
(Narendra and Annaswamy, 1989; Ioannou and Sun, 1996).

Remark 4.3. It should be noticed that Monod’s growth
model used in this work is only one of many possible approxi-
mation models for an actual process under certain condi-
tions. Its parameters may not be intrinsic or even unique. In
some applications, an actual data set may fit Monod’s model
very well under different parameter sets. Hence, in the devel-
opment of parameter identification algorithms, additional
precautions should be taken to ensure the uniqueness of the
model parameters and the sensitivity of the model predic-
tions to its parameters. Although this article considers the
chemical processes represented by Monod’s growth model
only, the proposed design scheme can be easily extended to
other more dynamically rich models. For instance, if the
growth rate u(x, s) is expressed by Contois’ model given in
Eq. 4, we can choose the following Lyapunov function

Vz=fozx[KC(o- +8)+s]odo +‘I:“'(ch+ o+§odo
(3%)
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If it is expressed by the Haldane’s model shown in Eq. 5, the
following Lyapunov function can be utilized

z

V. =f02‘[1+1<1s+1<2s2]a do +[02‘[1+K1(a +§)
+Ky(o +8)| o do (36)

By using a similar design procedure proposed in this article,
parameter identification problems of the plants with Contois’
model and Haldane’s model are solvable.

Simulation Results

To show the effectiveness of the proposed design, simula-
tion studies are performed using the experimental conditions
provided in the work (Dochain and Bastin, 1984) for an
anaerobic digestion process. As discussed in the reference
(Dochain and Bastin, 1984), the model in Egs. 1 and 2 is
suitable for the description of the methanization stage in an
anaerobic digestion process in which the input u is the influ-
ent acetic acid concentration (that is, the input pollution
level), and the state s denotes the output pollution level. Fur-
ther details on the anaerobic digestion process can be found
in the literature (Bastin et al., 1983; Antunes and Installe,
1981). The following parameters and initial states are used in
the simulation experiments

K,=04, u=04,

x(0) = 0.069,

Y =1/0.3636

59 =2.0, 5(0) =0.13.

The state estimates £ and § are generated by

. A 1
X== Osx+ | =(sog—S)u+k, |z, }—xu 37
9K+S{” 5 (s0=9) } (37
S=—F—( —Oysx+|[-(5g—s)u+ K,z
20 +s+5§ Y 2

+(so—s)u (38)

with £(0) = §(0) = 0.5. The input signal u(¢) (see Figure 1a) is
chosen as a multilevel sequence filtered by a low-pass filter
1/0.25 + 1) (which smoothes the input signal for an easy ap-
plication).

Case 1: slow adaptive learning rates

The estimated parameters éK, éﬂ, and éy are updated by
Egs. 18-20, with € =0.01, 6,(0)=0.8, ,(0)= 6,(0) =0, and
v,=0.01,

v, =0.01, v3=0.04

The gains in Eqgs. 37 and 38 are k, = 0.05 and k, = 0.05. The
system states and their estimates are plotted in Figure 1b and
Ic, and the estimates 6, 6,, and 6, are shown in Figure
2a—2c, respectively. It can be seen that although the esti-
mated parameters are close to their true values at ¢ =200,
they have not converged. Parameter convergence is only ob-

Vol. 48, No. 3 611



o.4 T T Y T

0.3

o.25

o.2

o.

0.05

N N N N
120 140 160 180 200

40 80 80

N
100

(b)

N N N 2
120 140 180 180 200

20
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Figure 1. Input signal and system states for Case 1.
(a) Input signal u(1); (b) states x (—) and £ (-=-); (c) states s (—) and § (—-).

served for simulations performed over much larger time in-
tervals (+ =2000). To investigate this phenomenon, we plot
Monod growth rate u(x, s)=6,s/(0; +s) and its estimate
alx, s)=6,s/(0 + s) in Figure 2d. It can be seen that after
t =100, the error between u(x, s) and its estimate a(x, s) is
very small even if parameter estimation errors still exist. This
implies that the Monod growth model wu(x, s) is not sensitive
to parameter variations when the parameters and the states
are within certain ranges. One way to get a more accurate
estimation is to increase the level of excitation of the input
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signal. Another way is to find better operating points where
u(x, s) is sensitive to variations of model parameter values.

Case 2: fast adaptive learning rates

Next, we investigate the sensitivity of the estimation scheme
to the design parameters by increasing the learning rates to

v,=0.1, v,=0.1, v;=04

Vol. 48, No. 3 AIChE Journal



o 20 a0 ao B0 100 120 140 180 180 zoo

(d)
Figure 2. Parameter convergence of Case 1 (slow adaptation rates).

(a) Parameter estimate 6 (—) and its true value 0 (--); (b) parameter estimate 6y (—) and its true value 6y (--); (¢) parameter estimate
6, (—) and its true value 6, (=-); (d) growth rate u(x, s) (--) and its estimate a(x, s) (—).
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Figure 3. Parameter convergence of Case 2 (fast adaptation rates).

(a) Parameter estimate g (—) and its true value 6y (—-); (b) parameter estimates 6y (—) and its true value 6y (-=); (c) parameter

estimate 6, (—) and its true value 6, (=); (d) growth rate u(x, s) (——) and its estimate i(x, s) (—).
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Figure 4. Parameter identification of Case 3 (existence of measurement noises).

(a) Parameter estimate 6 (—) and its true value 6 (——); (b) parameter estimate 6y (—) and its true value 6y (——); (c) parameter
estimate 6, (—) and its true value 6, (—=); (d) growth rate u(x, s) (——) and its estimate A(x, s) (—).
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The gains in Eqs. 37 and 38 are set to k, =0.1 and k,=0.1.
Figures 3a—3d show the simulation results for the fast adap-
tation case. Comparing with the plots in Figures 2a-2d, we
see that faster parameter convergence is obtained as adaptive
learning rates increase. However, larger oscillations are ob-
served during 20 <t < 60 due to the high adaptation gains.

Case 3: noisy measurements

In practical applications, only noisy measurements of sys-
tem states are available. To investigate the effects of the
noises, we repeat the simulation given earlier by adding 5%
random noises to the state measurements. Figures 4a—4d
show the identification results. It is shown that the estimated
parameters approach the neighborhood of their true values.
The oscillations observed during 100 < ¢ < 200 indicate that
the algorithms with high adaptation gains are sensitive to
measurement noises. Decreasing parameter learning rates
may help to reduce the sensitivity of the algorithms and alle-
viate the oscillations of the estimated parameters.

Comparing with the experiment result of Dochain and
Basin (1984), we see that a faster parameter estimation con-
vergence is achieved using the proposed identification
scheme. Furthermore, the proposed algorithms guarantee the
convergence of the model parameters. Note that both biomass
and substrate measurements are assumed to be available in
the proposed approach. This may partially account for the
difference in performance.

Conclusion

An adaptive parameter identification algorithm has been
studied for a class of nonlinearly parametrized plants, which
covers a large class of biochemical processes. Lyapunov’s de-
sign technique has been used to construct the estimation al-
gorithm and develop the persistence of the excitation condi-
tion. A new feature of the proposed design is the use of a
novel Lyapunov function containing the unknown parameter,
which is instrumental in alleviating the difficulty associated
with the identification of Monod’s model coefficients. Simu-
lation studies show that the proposed approach can effi-
ciently identify the yield coefficient, the maximum value of
the growth rate, and Monod’s coefficient for the bacterial
growth systems.
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