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ABSTRACT 

An adaptive control scheme is developed for the optimization of a 
fed-batch ethanol production process. The fermentation process is mod- 
eled by an hybrid neural model combining mass balance equations and 
neural networks, used to represent the kinetic rates. The networks used, 
the functional link networks (FLN), allow the linear estimation of their 
parameters; this enables the re-estimation of the parameters at each sam- 
pling time, and thus the development of an adaptive optimal control 
scheme. 

Index Entries: Ethanol production; optimal control; hybrid neural 
modeling; adaptive control. 

INTRODUCTION 

Brazil is the main ethanol producer in the world. This position is the 
result of a political strategy initiated in 1975 by the Brazilian government 
to Cope with the sharp increase in petroleum oil prices at that time. The 
objective of the Brazilian National Program (PROALCOOL) was to encour- 
age the traditional alcohol industries to increase their ethanol production 
in order to replace gasoline with ethanol as a main automobile fuel. Be- 
cause the main objective was production, and not necessarily efficiency, 
a significant sector of this industry, mainly those companies with a family- 
based structure, have not been investing in technology. Currently, because 
of the stabilization of the petroleum prices at a low level and the necessity 
of increasing the efficiency of public administration, the government has 
withdrawn most of the incentives to the alcohol industry. With this new 
reality, only those industries that are technically efficient will continue in 
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the market. Therefore, there is an increased interest in optimizing all the 
steps of the ethanol production process. 

In the optimization of fed-batch processes, the objective is to deter- 
mine the substrate addition strategy that maximizes the product of interest 
at the end of the batch cycle. This is an optimal control problem and there 
are various methods proposed for its solution. Palanki et al. (1) used Pon- 
tryagin's maximum principle and the singular control theory. Cuthrell and 
Biegler (2) proposed a simultaneous optimization and solution strategy 
based on successive quadratic programming (SQP) and orthogonal colloca- 
tion on finite elements. Luus (3) utilized iterative dynamic programming 
to provide piecewise linear continuous control policies. Costa (4) proposed 
a methodology to obtain optimal trajectories analytically and in feedback 
mode. 

Once the optimization problem is solved off-line, the calculated pro- 
file of the control variable can be implemented in an open-loop fashion. 
This approach is appropriate in situations in which process model is accu- 
rately known and there are no external disturbances to the process. 

Because fed-batch processes are transient in nature and their variables 
undergo significant changes during the fermentation, it is desirable that 
the precalculated trajectories be corrected on-line. To this end, several au- 
thors have studied different approachs. Terwiesch and Agarwal (5) devel- 
oped a method for on-line correction of preoptimized input profiles. Lee 
and Ramirez (6) used an extended Kalman filter to estimate state variables 
and parameters, and implemented an on-line optimal control scheme in 
a process for induced foreign protein production. 

However, in most real-time applications, the on-line correction of pre- 
optimized profiles is infeasible because of prohibitive computing-power 
requirements (5). The great difficulty is usually associated with the on- 
line estimation of the kinetic parameters, because they lead to the nonline- 
arity of the model equations. 

In this work, an hybrid neural model of the process is developed. 
This model combines a priori knowledge of the process and neural net- 
works, which are used for the estimation of the kinetic rates. Psichogios 
and Ungar (7) were the first to investigate the application of this modeling 
procedure to a fed-batch bioreactor. More recently, Schubert et al. (8) ap- 
plied an improved technique of hybrid modeling to a fed-batch baker's 
yeast production process, and Fu and Barford (9) developed a hybrid neu- 
ral model for a complex simulation of hybridoma cell cultivation for mono- 
clonal antibody (Mab) production. 

The goal of the hybrid neural modeling in this case is to deal with 
the problem of the on-line estimation. Thus, the kind of neural networks 
chosen to describe the kinetic rates are the functional link networks (FLN), 
whose great advantage is that the estimation of the network parameters 
is linear and it ensures convergence (10). Besides, a modification is applied 
to these networks to increase the nonlinear approximation ability (11). 
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A method based on orthogonal least-squares is used to eliminate non- 
significant nodes during the training of the network. This method was 
originally used for the identification of a multivariable non-linear systems 
by Billings et al. (12). The use of this method significantly reduces the size 
and complexity of the network, and avoids overfitting of the data. 

The hybrid neural model  allied to the structure chosen for the neural 
networks make the on-line estimation of the kinetic rates very easy, and 
enables the development  of an adaptive optimal control scheme in which 
the trajectory of the control variable calculated off-line is corrected at each 
sampling time. 

The ethanol production via fementation in a fed-batch bioreactor is 
a typical example of a process in which the proposed strategy could be 
beneficial. The microorganism most used in this process is Sacharomyces 
cerevisae. However, ethanol production by Zymomonas mobilis can be con- 
sidered a good alternative, because of its advantages when compared to 
S. cerevisae, including higher ethanol yield (to 97% of theoretical value), 
higher ethanol productivity, and better tolerance to acid and high concen- 
trations of sugar and alcohol (13). 

This research is part of an effort to develop a new technology for 
ethanol production by Z. mobilis. At a first stage, the algorithm is tested 
on the best-known S. cerevisae process. However,  a more complex process 
will not modify the main results, but only require more involved details. 

METHODS 

Hybrid Neural Model 
The hybrid neural model  is a combination of the mass balance equa- 

tions and neural networks, used to calculate the kinetic rates. 

Mass Balance Equations 

The mass balance equations for a fed-batch ethanol fermentation are 

dX/d t  = (p~ - D)X 

dS /d t  = -o-X + D(SF - S) 

d P / d t  = ~rX - DP 

d V / d t  = DV 

(1) 

(2) 

(3) 

(4) 

where X, S, and P are the biomass, substrate, and ethanol concentrations; 
~, o-, and -rr are the specific rates of growth, substrate consumption, and 
ethanol formation, respectively; St is the feed substrate concentration, D 
is the dilution rate, defined as D = F/V; F is the volumetric substrate feed 
rate, V is the volume of the reactor mixture, and t is the elapsed time. 
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Functional Link Networks 
A neural network typically consists of many simple computational 

elements or nodes arranged in layers and operating in parallel. The 
weights, which define the strength of connection between the nodes, are 
estimated to yield good performance. Usually, in the training of neural 
networks, the inputs to a node are linearly weighted before the sum is 
passed through some nonlinear activation function that ultimately gives 
the network its nonlinear approximation ability. The same nonlinearity, 
however, creates problems in learning the network weights, because non- 
linear learning rules must be used. The learning rate is often unacceptably 
slow and local minima may cause problems (10). 

One way of avoiding nonlinear learning is the use of FLNs. In these 
networks, a nonlinear functional transform or expansion of the network 
inputs is initially performed, and then the resulting terms are combined 
linearly. The resulting structure has a good nonlinear approximation capa- 
bility, and the estimation of the network weights is linear. 

The general structure of a FLN is shown in Fig. 1, where xe is the 
input vector and yi(xe) is an output. The hidden layer performs a functional 
expansion on the inputs, in terms of nonlinear functions hj(xe), which maps 
the input space, of dimension nl, onto a new space of increased dimension, 
M (M > nl). The output layer consists of m nodes, and each node is, in 
fact, a linear combiner. The input-output relationship of the FLN is 

M 
yi(Xe) = ~ wijhj(xe), 1 -- i - m (5) 

j= l  

Henrique (11) proposed a modification in the structure of the FLNs, in 
which the output given by Eq. 5 is passed through an invertible nonlinear 
activation function. The new output is 

yi(Xe) = fi wijhj(xe , 1 ----- i -- m (6) 

where fi is an invertible nonlinear function, as for example: 

fi(yi) = tanh(yi)= ( 1 -  exp(-2yi))/(1 + exp(-2yi)) (7) 

The proposed modification increases the nonlinear approximation 
ability of the network, and yet the estimation of the parameters remains 
a linear problem. 

The network inputs(xe), in this case, are the biomass, substrate, and 
ethanol concentrations, which are supposed to be known in different sam- 
pling times. The network output (y), is the kinetic rate to be calculated. 
In order to obtain output values for the network training, a discrete model 
can be obtained from Eqs. 1-3: 
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where At is the time interval between two sampling times. 
After the functional expansion of the network inputs is performed, 

the orthogonal least squares estimator is used to calculate the network 
weights (wij) and eliminate nonsignificant nodes (11). 

Optimization Problem 
Once the process model is determined, Pontryagin's maximum princi- 

ple (14) and the singular control theory are used to solve the optimization 
problem. 

The first step for the solution of this problem is the choice of the 
control variable. In the literature, the control variable usually chosen is 
the volumetric feed rate. Alves (15), however, showed that the dilution 
rate is a more suitable choice. If written as a function of this variable, 
the mass balance equations for biomass, substrate, and ethanol (Eqs. 1-3) 
are not explicit functions of the volume of the reactor. Thus, although the 
global balance equation, Eq. 4, is used to calculate the volume of the reactor, 
it is not used in the solution of the optimization problem. The dimension 
of the system is reduced in one order and processes described by four or 
less mass balance equations can be solved analytically. 
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with 

Eqs. 1-3, written in a vectorial form, are 

d x / d t  = f(x) + g(x)u (11) 

[il i X]p x = ;f(x) = -o 'X ;g(x) = S F - - S  
L xJ 

a n d u  = D 

The following constraints are imposed on the dilution rate and the 
final (tf) fermenter volume 

0 - D - Fmax/V(t) (12) 

V(tf) = Vmax (13) 

The optimization problem consists of finding the optimal temporal 
profile of the dilution rate that leads the reactor from a given initial state 
to the final state that maximizes the performance index given below: 

J = p(tf) (14) 

This problem can be solved by using Pontryagin's maximum princi- 
ple. According to this principle, the optimal solution must  maximize the 
Hamiltonian, which is defined as 

H = kT(f(x) + g(x)u) 

where X(t) is the adjoint vector which satisfies 

(15) 

d h / d t  = - 3 H / O x  

The Hamiltonian can be rewritten as 

(16) 

where 

H = ~b(t)u + H0(t) (17) 

qb(t) = kTg(x) (18) 

H0(t) = xTf(x) (19) 

Since the Hamiltonian is linear in the control variable, it is easy to 
determine u(t) which maximizes this Hamiltonian by examining the sign 
of the function ~b(t). 

if qb(t) > 0 u = Uma x (20) 

if qb(t) < 0 u = U m i  n (21) 

However,  if qb(t) is equal to zero over a finite time interval (tl, t2), 
Pontryagin's maximum principle fails to give u(t) during this interval and 
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the  singular control theory has to be used. This is called the singular 
interval. 

The optimal temporal profile of the control variable has singular 
(u = using) and nonsingular (u = Umi~ or u = Umax) intervals. The complete 
solution of the optimization problem consists of the determination of the 
singular dilution rate expression, the switching times between the different 
values of this variable, and the sequence in which these values appear. 

Singular Dilution Rate 

During the singular interval, qb(t) is equal to zero, and hence its deriva- 
tives must also vanish. According to the singular control theory, the expres- 
sion of the control variable in the singular interval can be determined by 
deriving qb(t) until the control variable appears explicitly. In the cases stud- 
ied in this article, the singular dilution rate is determined by making the 
second derivative of (b(t) equal to zero. 

The following equations can be written in the singular interval: 

qb = 0 (22) 

dqb/dt = 0 (23) 

d2qb/dt 2 = 0 (24) 

In addition, if the fermentation time (tf) is not specified a priori, the 
Hamiltonian on the optimal trajectory is equal to zero. Then, during the 
singular interval, 

H0(t) = 0 (25) 

In this work, Lie brackets (16) are used to obtain the singular arc and 
the singular dilution rate expressions. By using this differential geometric 
tool, the first derivative of 6 can be written as 

d~b(t)/dt = ;kT[f,g](x) (26) 

where [f,g] is the Lie bracket, which is a vector field defined by 

(27) 

Its components are given by 

j=l  
(28) 
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The second derivative of q~(t) can be written as 

d 2 ~ /d t  2 = hT[f,[f,g]] + hT[g,[f,g]]u ---- hTad2g(x) + hTad~f(x) (29) 

where ad2g(x) and ad~f(x)  are the notations used for the iterated Lie brack- 
ets [f,[f,g]] and [g,[f,g], respectively. 

The singular control is then given by 

us = - KTad2g(x) / (KTad~f(x)) (30) 

For systems described by four mass balance equations, because the 
global balance equation is not used, the effective state variables vector, 
and thus the adjoint variables vector, are three-dimensional (the volume 
is not used as a state variable). In this case, it is possible to write two 
adjoint variables as a function of the third one and of the state variables. 
From Eq. 22 one can write 

And from Eq. 25 

Xl = A(x))~3 (31) 

K2 = B(x)K3 (32) 

The substitution of Eqs. 31 and 32 into Eq. 26 leads to 

dq~/dt = )~3G(x) (33) 

Then, from Eq. 23, it follows that, in the singular interval 

G(x) = 0 (34) 

Also, substituting Eqs. 31 and 32 into Eq. 29, the following equation is 
obtained: 

d2~/d t  2 = K3(a(x ) - b(x)u) (35) 

From Eq. 24 it follows that, in the singular interval 

us = a(x)/b(x) (36) 

which is the equation of the control variable acting during this interval as 
a function only of the state variables. 

In Eqs. 31-36, A(x), B(x), G(x), a(x), and b(x) are functions of the state 
variables. 
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Switching Times 
In the literature, the fermentation process studied in this work is con- 

sidered to present two switching times: The time at which the singular arc 
is reached (Eq. 34 is valid), and the time at which the maximum volume 
of the reactor is attained (17). 

In this work, the final time of the fermentation is free, and, in this 
case, at the end of the fermentation the Hamiltonian must  be equal to zero. 
Because at this stage, the reactor is operated in batch mode,  the final time 
is determined from the following equation: 

H0(tf) = 0 (37) 

Also, because in the problem studied, the terminal point is not fixed a 
priori, the final value of the adjoint variables is given by 

The substitution of Eq. 38 in Eq. 37 enables the determination of the final 
time of the fermentation. 

Control Variable Values Sequence 
The sequence in which the values of the control variable appear is 

determined by the initial conditions. If at the beginning of the fermentation 
qb(0) < 0, the sequence is (u = 0; u = Using; u = 0 ) ;  if ~b(0) > 0, it is 
(u = Urea• U = Using; U = 0) and if qb(0) = 0, the sequence is (u = using; 
u = 0). 

At this point, the optimal temporal profile of the control variable is 
completely determined. Initially, the dilution rate assumes the maximum 
or min imum value (depending on the initial conditions) until Eq. 34 is 
valid. Then, the fermenter is fed with the singular dilution rate until it is 
full, and after this point it is operated in batch mode until the final condi- 
tion, given by Eq. 37, is attained. 

Adaptive Optimal Control 
Once the optimization problem has been solved, the optimal temporal 

profile is known in terms of the state variables. Actually, the dilution rate 
expression is a function of the state variables, the specific kinetic rates, 
and their derivatives, which are functions of the state variables. Then, the 
following expression can be written: 

D = D(X, S, P, ~, o-, "rr, derivatives of ~, o-, "rr) (39) 

To implement  adaptive optimal control, this expression must  be recal- 
culated and the kinetic parameters re-estimated at each sampling time. If 
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experimental measures of the concentrations of biomass, substrate, and 
ethanol are available, Eqs. 8-10 can be used to determine the specific rates 
of growth, substrate consumption, and ethanol formation, and these values 
used to re-estimate the network parameters at each sampling time. Because 
the network is linear in the parameters, the re-estimation is easy and rapid. 
As for the kinetic rate derivatives, in this work they are approximated 
by the derivatives of the corresponding neural networks, with very good 
results. 

RESULTS 

Ethanol Production by S. cerevisae 
This process has been studied by Aiba et al. (18) and Modak and Lim 

(17). The proposed kinetic model is given below: 

p, = (0.408S/(0.22 + S)) exp(-0.028P) (40) 

cr = ~/0.1 (41) 

"rr = (S/0.44 + S))exp(-0.015P) (42) 

In this work, this model is used to generate data for the modified 
FLN training. 

Modified Functional Link Network 
A neural network will be trained to estimate the specific growth rate: 

y = [iz] (43) 

using the following input 

Xe = [X S p]T (44) 

Training is based on sets of values of the specific growth rate and biomass, 
substrate, and ethanol concentrations at different sampling times. 

The nonlinear functions hj(xe) are obtained through a functional ex- 
pansion of the inputs in the form of a polynomial expansion of degree six. 

The activation function used was 

f(y) = 1/y  (45) 

After the elimination of monomials with negligible effect, the result- 
ing neural network expression is 

IJ, F L N  = 1/(2.40 + 0.69/S + 0.082P 
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The neural network performance was measured by a coefficient 
denoted by "cor" and defined as follows (19): 

cor = (1 - SEE/S'r'r)100% (47) 

where SEE = ~kN=l(ye(k) -- y(k)) 2, S'r'r = ~kN=l(ye(k) -- }--~)2, ye(k)is the 
k experimental output, y(k) is the corresponding network output, ye is the 
mean value of the experimental Outputs, and N is the number of experi- 
mental data. 

The FLN described the experimental data with a correlation of 99.97%. 

Optimization Problem 
The results of the optimization problem for the conditions: X(0) = 

0.2 g /L,  S(0) = 100 g /L ,  P(0) = 0 g / L  and V(0) = 5 L, SF = 100 g / L  and 
Vma• = 20 L, are shown in Figs. 2 and 3. In Fig. 2, the temporal profiles 
of the dilution rate calculated using the kinetic model of Aiba et al. (18) 
and the FLN to describe the specific growth rate are shown. Figure 3 shows 
the temporal profiles of ethanol concentration. 

Initially, as ~b < 0, the fermenter is operated with the min imum dilu- 
tion rate (D = 0) until Eq. 34 is valid. At this point, the dilution rate 
assumes its singular value until the reactor is full. Then, the reactor is 
operated in batch mode until the final condition is attained, in this case, 
substrate concentration equal to zero. 

In Figs. 2 and 3, it can be seen that the result obtained using the 
modified neural network to estimate the specific growth rate is similar to 
the one obtained when this kinetic rate is expressed by the model equation. 
These results show that the derivative of the neural network can be used 
to describe the derivative of the model. 

Adaptive Optimal Control 
To show the applicability of the proposed adaptive optimal control 

strategy, its results are compared to the results of the open-loop implemen- 
tation of the precalculated temporal profile in situations in which there is 
a p lant -model  mismatch. 

Case 1 
In this case, it is considered that the ethanol inhibits the specific 

growth rate less than the model used to calculate the optimal dilution rate 
profile predicts. In other words, the neural network was trained based on 
Eq. 40, an imperfect model, but the equation that really describes the spe- 
cific growth rate is 

!* = (0.408S/(0.22 
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Fig. 2. Temporal profiles of the dilution rate obtained using Aiba et al. (18) kinetic 
model and the FLN to describe the specific growth rate. 
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Fig. 3. Temporal profiles of ethanol concentration obtained using Aiba et al. (18) 
kinetic model and the FLN to describe the specific growth rate. 

The results of the implementation of the open-loop, the adaptive con- 
trol, and that which would be obtained if the perfect model (Eq. 48) were 
used to solve the optimization problem are shown in the Figs. 4 and 5. 
Figure 4 shows the results in terms of the volumetric substrate feed rate, 
which is easily calculated from the dilution rate (F = D/V). 

Because the real inhibition of the specific growth rate by the ethanol 
is lower than calculated by the imperfect model, the real substrate con- 
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Fig. 4. Temporal profiles of the volumetric substrate feed rate for perfect model, 
open-loop implementation of the profile based on the imperfect model, and adaptive 
optimal control. Case 1. 
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Fig. 5. Temporal profiles of ethanol concentration for perfect model, open-loop 
implementation of the proffie based on the imperfect model, and adaptive optimal 
control. Case 1. 

sumption will be higher than this model predicts. In Fig. 4, it can be seen 
that the volumetric substrate feed rate calculated using the perfect model 
is the highest. When the profile calculated based on the imperfect model 
is implemented in an open-loop fashion, the resulting feed rate is much 
lower than necessary to obtain the optimal final ethanol concentration. 
However, when this profile is implemented in the adaptive optimal control 
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Fig. 6. Temporal profiles of the volumetric substrate feed rate for perfect model, 
open-loop implementation of the profile based on the imperfect model, and adaptive 
optimal control. Case 2. 

scheme, the resulting dilution rate is similar to the optimal because of the 
re-estimation of the network parameters. 

Figure 5 shows that the result obtained with the adaptive optimal 
"control scheme is the nearest to the optimal result, obtained by the use 
of the perfect model. The results obtained with the open-loop implementa- 
tion, the adaptive optimal scheme, and the perfect model are 22 g/L, 
26 g/L, and 26.6 g/L, respectively. 

Case 2 

In this case it was considered that the ethanol inhibits the specific 
growth rate more than the model used to calculate the optimal dilution 
rate profile predicts. The neural network was trained based on Eq. 40, an 
imperfect model, but the equation which really describes the specific 
growth rate is given below: 

= (0.408S/(0.22 + S)) exp(-0.033P) (49) 

In this case, the real substrate consumption is lower that the calculated 
by the model, and then the dilution rate, or the volumetric substrate feed 
rate, calculated based on the imperfect model, is higher than that re- 
quired to obtain the optimal final ethanol concentration. In Figs. 6 and 7, 
it can be seen that the profiles obtained by the adaptive optimal control 
are very similar to that obtained by the perfect model. The results of the 
open,loop implementation, the adaptive optimal scheme, and the perfect 
model are 32 g/L, 41.4 g/L, and 41.9 g/L, respectively. 
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Fig. 7. Temporal profiles of ethanol concentration for perfect model, open-loop 
implementation of the profile based on the imperfect model, and adaptive optimal 
control. Case 2. 

DISCUSSION 

In most cases, the models used to determine the optimal feed policy 
for fed-batch biochemical processes are developed based on steady state 
data and work only qualitatively under transient conditions. Besides, strain 
modification caused by microbial adaptation or a change in the quality of 
nutrient medium can cause large variations in the values of parameters 
used to model a system (20). Thus, the development of an adaptive scheme 
to the optimization of these systems is of extreme importance. 

In this work, an adaptive control scheme was developed for the op- 
timization of an ethanol fermentation process. It was based on the develop- 
ment of a hybrid neural model for the process to be optimized. The model, 
composed by the mass balance equations of the process and modified 
FLNs, which described the kinetic rates, was shown to reproduce the pro- 
cess dynamics accurately. 

The use of the FLNs enabled the re-estimation of the network param- 
eters at each sampling time without much computational effort, because, 
in these networks, the parameter estimation is linear. 

The results of the open-loop implementation when there is a 
plant-model mismatch showed that the final concentration of ethanol at- 
tained in the cases studied was very far from the optimal. However, the 
adaptive optimal control scheme led to better results. 
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