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Abstract

The mathematical optimization of a continuous alcoholic fermentation
process combined with a flash column under vacuum was studied. The
objective was to maximize % yield and productivity in the fermentor. The
results using surface response analysis combined with modeling and simu-
lation were compared withy those obtained when the problem was written
as a nonlinear programming problem and was solved with a successive
quadratic programming (SQP) technique. Two process models were evalu-
ated when the process was optimized using the SQP technique. The first one
is a deterministic model, whose kinetic parameters were experimentally
determined as functions of the temperature, and the second is a statistical
model obtained using the factorial design technique combined with simu-
lation. Although the best result was the one obtained using the rigorous
model, the values for productivity and % yield obtained using the simpli-
fied model are acceptable, and these models can be used when the develop-
ment of a rigorous model is excessively difficult, slow, or expensive.

Index Entries: Extractive alcoholic fermentation; optimization; succes-
sive quadratic programming; factorial design; response surface methodol-
ogy; productivity.

Introduction

Despite many advantages of using ethanol produced from biomass as
afuel (itisa high-energy, clean-burning, and totally renewable liquid fuel),
it will only substitute gasoline if it is economically competitive. Thus, there
is an increased interest in the optimization of all the steps of ethanol pro-
duction.

*Author to whom all correspondence and reprint requests should be addressed.
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Many aspects related to optimization of the ethanol production pro-
cess have been addressed in previous works. A key to the optimization of
aprocessisathorough understanding of the system’s dynamics, which can
be obtained using an accurate model of the process. Atala et al. (1) devel-
oped a mathematical model for the alcoholic fermentation based on funda-
mental mass balances. The kinetic parameters were determined from
experimental data and were described as functions of the temperature. The
experiments were conducted with high biomass concentration and sugar-
cane molasses as substrate to simulate the real conditions in industrial
units.

Although deterministic models are important to enhance the knowl-
edge of the process, for many bioprocesses they are only valid in specific
conditions. Changes in medium composition, process disturbances, or the
use of different strains may nullify the modeling predictions. All these
changes happen commonly in an industrial unit, and frequent reestimation
of the model parameters is usually difficult and time-consuming. Hybrid
neural models are a good alternative to deal with this problem. Harada et al.
(2) proposed a hybrid model for the alcoholic fermentation combining mass
balance equations with neural networks that described the kinetics. They
proposed the use of functional link networks (FLNs) and obtained an accu-
rate model that can be updated frequently without much effort. Because
estimation of the FLN parameters is a linear problem, the training of these
neural networksisrapid, requires low computational effort, and the conver-
gence is guaranteed. These characteristics give the FLN a significant poten-
tial to be used for on-line control and optimization implementation.

Because ethanol fermentation is inhibited by product, the selective
extraction of ethanol during fermentation is also important to improve pro-
cess performance. Silva et al. (3) have reported that the scheme that com-
bines a fermentor with a vacuum flash vessel presents many positive features
and good performance when compared to a conventional process (4).

Another important consideration is the development of an efficient
control strategy, because this minimizes the costs by maintaining the pro-
cess in its optimal conditions. Costa et al. (5) determined the best control
structures and studied the control of the process proposed by Silvaetal. (3)
using a linear predictive controller. Later, a nonlinear predictive controller
using FLNs as the internal model was developed and implemented with
the same process with promising results (6).

The main objective of the present work was to verify the potential of
one of the proposed approaches to optimization: the use of a successive
quadratic programming (SQP) technique combined with a statistical model
instead of a rigorous model. The results were compared with those obtained
by Costa etal. (5) using response surface methodology (RSM). In the present
work the optimization of the extractive fermentation process proposed by
Silvaetal. (3) is addressed. The objective is to maximize productivity while
maintaining high yield. Costa et al. (5) optimized the same process using
response surface analysis combined with modeling and simulation.
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Fig. 1. Extractive alcoholic fermentation.

Although this methodology has the advantage of not requiring model sim-
plifications, it is extremely time-consuming and cannot be used in a real-
time optimization scheme.

In the present study, the problem is written as a nonlinear program-
ming problem and is solved with SQP technique. Two process models are
evaluated when the process is optimized using the SQP technique. The first
one is a deterministic model with the kinetic parameters determined by
Atala et al. (1), and the second one is a statistical model obtained using the
factorial design technique combined with simulation.

Material and Methods

Extractive Alcoholic Fermentation

A general scheme of the extractive alcoholic fermentation proposed
by Silvaetal. (3)isshownin Fig. 1. The process consists of four interlinked
units: the fermentor (ethanol production unit), the centrifuge (cell sepa-
ration unit), the cell treatment unit, and the vacuum flash vessel (ethanol-
water separation unit). A detailed description of the process and
mathematical model can be found in ref. 5.

Assuming constant volume, the mass and energy balance equations
for the fermentor using the intrinsic model (7,8) are as follows:

ax F

Viable cells: dtv =TTy (XU_XUF) @)
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ax, r
Dead cells: TRl a7 (Xg=X4r) (2)
X,
d 1—? SV
Substrate: — =F(Sp-S)-Vr, 3)
X, X,
a||1- St PV + Sty
Product: i =Vr,+F (Pr—P) 4)
T _ o, AHT
E_D(TF T)+mep (5)

p and yin Eqgs. 3 and 4 are the ratio of dry cell weight to wet cell volume
and the ratio of concentration of intracellular to extracellular ethanol,
respectively.

The values of the constants in the energy balance equation (Eq. 5) are
given by (3): AH = 51.76 kcal / (kg of total reducing sugars [TRS]); p,, =1000
kg/m?3, and Cp = 1 kcal/(kg-°C).

The kinetic rates of growth, death, ethanol formation and substrate
consumption are as follows:

m
_ S X, P \"
"= Mmax T +Sexp(—KiS)(1—X ) (1—P ) X, (6)
S max max
= [KdT exp (- KdPP)] X, (7)
1y =Yt m, X, (8)
rx
ro= Y—+mva 9)

X

The parameters were adjusted as functions of the temperature from
the experimental data and are given in Table 1. The proposed model de-
scribed the dynamic behavior of the alcoholic fermentation (1).

Results

The variables considered for optimization were the same as those used
in the work of Costa et al. (5): inlet substrate concentration (S,), cell recycle
rate (R), residence time (t,), and flash recycle rate (7). They were determined
by Silva et al. (3) as the relevant variables.

The objective of the optimization problem is to maximize productivity
while maintaining a high yield. Productivity and % yield were defined as
follows:

Prod = FoPo* FrsPir +\f s 1x (10)
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Table 1
Kinetic Parameters as Functions of Temperature (°C)
Parameter Expression or value
" 1.57 exp (%) ~129-10" exp(—4§r1 ‘4)
Xinax -0.3279-T% + 18.484-T - 191.06
P -0.4421T*+26.41-T -279.75
Y, 2.704 exp (-0.1225-T)
Y. 0.2556 exp (0.1086 - T)
K, 4.1
K; 1.393-10™* exp (0.1004 - T)
m, 0.1
m, 0.2
m 1.0
n 1.5
K;p 7.421-10°-7*-0.4654-T + 7.69
Kar 410" exp 1.987-?”}9j7273.15)
p 390
Y 0.78
F.P +F, P
%Yield = W (11)

Conversion was defined as follows:

S,-S
Conv = 2

(12)
0
Optimization Using SQP Technique and Deterministic Model

Optimization was conducted with the deterministic steady-state
model of the process. It consists of the steady-state mass and energy bal-
ances for the fermentor and all the other process units (see Fig. 1).
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The optimization problem can be written as follows:
Maximize Prod (13)

subject to the equality constraints described by the steady-state mass
and energy balances for the fermentor and to the following inequality con-
straints:

% Yield > 0.82 (14)
28 < T < 40°C (15)

80 < S, < 280 kg/m? (16)
02<R<0.5 (17)
1.0<t,<25h (18)
02<r<0.6 (19)

Productivity and % yield are calculated by Eqgs. 10 and 11. The con-
straints for the optimization variables are the same as those used by Costa
etal. (5). The balance equations for the other process units were not consid-
ered explicitly as constraints but were used to calculate the flow rate and
concentrations at the input of the fermentor. The optimization problem was
solved by SQP implementation using the routine DNCONF of the IMSL
math library of FORTRAN.

When the optimization problem is solved using the SQP technique
and the deterministic model, the values of temperature and concentrations
in the fermentor have to be considered as optimization variables, so the
number of the optimization variables is higher than using RSM. The opti-
mization variables are concentrations of viable cells (X,), dead cells (X,),
substrate (S), product (P), temperature (T); as well as the variables used by
Costaetal. (5): S, R, t,, and r.

The values of the optimization variables calculated by Costa et al. (5)
were S, =130kg/m? t,=1.3h, R=0.3, and r = 0.25, which leads to produc-
tivity of 21 kg /(m>-h), % yield of 0.82, and conversion of 0.96. Costa et al. (5)
analyzed 16 surfaces to determine the values of the four optimization vari-
ables and they cited that it was difficult to determine the best combination
of optimization variable values without taking advantage of previous
knowledge of the process.

Using the SQP method, solving the optimization problem was straight-
forward. The calculated values were S, =180 kg/m?,t,=1h, R =0.35, and
r = 0.4. The values of productivity, % yield, and conversion were 22.7 kg /
(m>-h), 0.82, and 0.96, respectively.

The productivity for the same % yield calculated by the SQP technique
was higher than that calculated using the RSM. The RSM calculates the
ranges of the optimization variables and not exact values, so it is difficult
to determine the exact global maximum point. In addition, the RSM uses
statistical models for productivity and % yield and these are simplified
models, while the SQP technique uses a rigorous process model.
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The conversion values corresponding to optimal conditions calcu-
lated may be considered low for industrial units. If one includes a con-
straint in conversion (conversion > 0.99) and solves the optimization
problem using the SQP technique again, the following values are calcu-
lated: S;=180kg/m? t,=1h, R=0.42, and r = 0.52. Productivity is 13 kg /
(m*h), conversion is 0.99, and % yield is 0.89. In this case, the extractive
process has productivity only a little higher than the optimized conven-
tional process. Kalil et al. (9) optimized the conventional process of
Andrietta and Maugeri (4) and obtained productivity of 12 kg/(m?h),
conversion of 0.99, and % yield of 0.86.

Although the productivity calculated using the SQP technique was
higher and the result seemed easier to be obtained than using RSM, the
results obtained using the SQP technique are highly dependent on the ini-
tial guess. For some values of the initial guess, the SQP technique may reach
alocal maximum or doesnot converge. In the present work, the initial guess
used was X, =30kg/m? X, =0kg/m? S=2kg/m3, P=40kg/m? T =30°C,
S,=120kg/m?t,=1.3h,R=0.3,and r=0.6. However, when the initial guess
X,=30kg/m? X, =0kg/m? S =2kg/m’, P=40kg/m? T =30°C, S, =120
kg/m? t,=1h, R=0.2, and r = 0.2, was used, there was no convergence.

Another point to be discussed is the use of the rigorous model com-
pared with the use of simplified models as the statistical models deter-
mined by factorial design and used with RSM. Although rigorous models
are more realistic and probably lead to better results, for many processes
they can be excessively complex, which hinders determination of the opti-
mal result.

Optimization Using SQP Technique
and a Simplified Model of the Process

The statistical models determined by factorial design can be used as
simplified models with the SQP technique. In this work the results obtained
through this approach are compared with the results obtained using a rig-
orous model of the process. Costa et al. (5) determined quadratic models for
productivity and % yield as functions of the significant input variables.
These equations evaluated productivity and % yield and the SQP technique
to determine the optimal values for S, ¢,, R, and r. The optimization prob-
lem is postulated as follows:

Maximum Prod (20)
% Yield > 0.82 (21)
28 < T < 40°C (22)

80 < S, < 280 kg/m? (23)
02<R<0.5 (24)
1.0<t,<25h (25)
02<r<0.6 (26)
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Productivity and % yield are described by the statistical models, which are
written as functions of the optimization variables (S, t,, R, and r).

The optimization variables valuesare S,=118.3kg/m?,t,=1h,R=0.2,
and r = 0.2. The values for % yield and productivity calculated by the sta-
tistical models are 0.82 and 26.73 kg /(m>-h), respectively. Using the values
calculated for S, t,, R, and r in the rigorous model, however, the % yield
calculated was 0.69 and productivity was 26.39 kg/(m*h). Note that al-
though the statistical model for yield developed by Costaetal. (5) hasahigh
correlation coefficient and passed the F-test with 99% confidence, at the
calculated optimal conditions, it presents a great deviation from the rigor-
ous model.

We also tested the influence of the initial guess on the optimal values
calculated. The results shown above were obtained with the following ini-
tial guess: S, =130 kg/m? t,=2h, R = 0.2, and r = 0.6. Many other values
were tested and the optimal result was almost always obtained. The excep-
tion was when we used a high initial value for S,. For example, the initial
guess S,=230kg/m?,¢t,=2h, R=0.2,and r = 0.6 led to the following values
calculated for the optimization variables: S, =280 kg/m?®,t,=2.5h, R=0.2,
and r=0.597.Yield and productivity calculated by the statistical models are
0.82and 20.63 kg/(m*h), respectively. These results show one of the disad-
vantages of the SQP technique: the optimization algorithm can reach alocal
maximum. The values for % yield and productivity calculated using the
rigorous model are 0.77 and 16.20 kg /(m®h), respectively. In this case, the
statistical model for productivity also presents a high deviation from the
result calculated from the rigorous model.

The statistical models developed by Costa et al. (5) were functions
only of the inputs considered statistically significant by a test performed
with the software Statistica (Statsoft, v. 5.0). Since the results obtained by
these models presented deviations from the rigorous model, complete
models were tested. The following models were developed using the soft-
ware Statistica:

Rend =
7210 -0.405, - 6.56 - 10 'S + 23.83t —4.76t> + 53.55R ~ 47.73R” + 33.497 - 38.83r>  (27)
+7.09-1072S ¢, + 0.425 R +0.59S 7 — 11.42t R - 22.64t r — 64.85Rr

Prod =
27.44 40,148~ 2.84 - 10'S] —~23.04t_ + 3.77¢ + 20.50R — 48.18R” + 13.63r—41.61r> (28)
~7.75-10 7S +9.58 - 10 'S R +9.44 - 1078 1+ 7.34t R + 3.22t r — 78.49Rr

Table 2 depicts the analysis of variance for % yield and productivity.
Both responses present a high correlation coefficient, and the model can
be considered statistically significant according to the F-test with 99%
confidence. As a practical rule, a model has statistical significance if the
calculated F value is at least three to five times greater than the listed
value (9).
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Table 2
Analysis of Variance
Sum of squares Mean square  Degrees F-value
Source of variation Rend Prod Rend Prod offreedom Rend Prod
Regression 2326.5 726.3 166.2 51.9 14 35.8 28.1
Residual 46.4 185 464 1.85 10
Total 23729 744.8 24
Correlation 0.980 0.975
coefffecient

F listed value 4.56 < Fiy10 =471 (99%)

Table 3

Results Using RSM, SQP Technique + Rigorous Model,
and SQP Technique + Simplified Model

RSM SQP + rigorous model ~ SQP + simplified model

S, (kg/m?) 130.00 180.00 103.00
t, (h) 1.30 1.00 1.00
R 0.30 0.35 0.34
r 0.25 0.40 0.20
Prod (kg/[m*h]) 21.00° 22.70 21.60°
% yield 0.82¢ 0.82 0.83¢

“Calculated using the rigorous model.

The optimization problem described by Egs. 20-26 was solved using
Egs. 27 and 28 to calculate % yield and productivity. At the low S, initial
guess (S, =130 kg/m? t, =2 h, R = 0.2, and r = 0.6) the optimal values
calculated are S, = 103 kg/m? ¢, =1h, R = 0.344, and r = 0.2. Yield and
productivity calculated by the statistical models are 0.82 and 21.63 kg/
(m?-h), respectively, and calculated using the rigorous model are 0.83 and
21.62 kg/(m?-h), respectively. If the high S, initial guess is used (S, = 230
kg/m3,t,.=2h, R=0.2,and r = 0.6), the optimization variables calculated
are S,=186 kg/m? t,=1h, R =0.247, and r = 0.6, resulting in % yield and
productivity of 0.82 and 21.57 kg/(m?-h), respectively, calculated by the
statistical model, and 0.82 and 21.01 kg/(m?®h), respectively, calculated
by the rigorous model. Note that when the complete statistical models
were used, the results for % yield and productivity are very close to those
calculated by the rigorous model. It can also be observed that different
initial guesses can lead to different results. A comparison of the optimi-
zation variables and responses calculated by the three approaches is
shown in Table 3.
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Discussion

Comparison of the performance of the three approaches (RSM, SQP
+ rigorous model, and SQP + statistical model) shows that the SQP +
rigorous model approach led to the highest productivity (22.7 kg /[m?-h]),
while maintaining a high % yield (at least 0.82). Comparison of the two
approaches with the simplified model demonstrates that the one using
the SQP technique led to the highest productivity value (21.6 kg /[m®h]).
Using the RSM, the productivity was 21 kg/m?®h. In this case, many sur-
faces are analyzed at the same time and the determination of the global
maximum is more difficult.

Note that although the productivity and % yield values are similar
using the three approaches, the optimization variables values calculated
are different, which shows that there are many combinations of values of
the optimization variables that lead to high productivity and % yield.
This conclusion had already been drawn in the work of Costa et al. (5) by
analysis of the response surfaces. One of the advantages of the RSM is that
it is possible to picture the behavior of the optimization variables in the
region of interest.

Although the best result was the one obtained using the rigorous
model, the values for productivity and % yield obtained using the simpli-
fied model are acceptable, and these models can be used when the devel-
opment of a rigorous model is excessively difficult, slow, or expensive.
Several simulations were carried out with the SPQ optimizer, which was
shown to be very robust despite some initial condition dependence.

Another situation when the use of the statistical model can be a good
choice over the RSM is when the deterministic model is excessively com-
plex. For example, when the process is described by a distributed para-
meters model, the steady-state mass and energy balances are differential
equations. The use of differential equations as constraints in an optimiza-
tion problem makes its solution difficult and increases the incidence of
convergence problems. In this case, solving the optimization problem
using the statistical model is much simpler. The statistical model can also
be used when the computational effort to solve the optimization problem
using the deterministic model is too high, as can be the case for real-time
optimization problems.

The simulations were performed using a mathematical model vali-
dated experimentally (5), and their results can be said to have physical
meaning. The next step is to perform experiments using the optimal con-
ditions determined using the three methods shown in Table 3. In fact, a
simulation study and analysis is a good tool to discriminate among pos-
sible techniques as well as to determine the possible operating range to be
tested in an experimental apparatus.

Nomenclature

Cp heat capacity (kcal/[kg-°C])
D=F/V dilution rate, (h™)
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feed stream flow rate (m3/h)

fresh medium flow rate (m3/h)

liquid outflow from vacuum flash tank (m*/h)
liquid phase recycling flow rate (m?®/h)

liquid phase flow to rectification column (m?®/h)
cell recycling flow rate (m?/h)

vapor outflow from the vacuum flash tank (m?®/h)
coefficient of death by ethanol (m*/kg)

coefficient of death by temperature (h™)
equilibrium constant

substrate inhibition constant (m?/kg)

substrate saturation constant (kg/m?)

constant in Eq. 6

ethanol production associated to growth (kg/[kg-h])
maintenance coefficient (kg/[kg-h])

constant in Eq. 6

= product concentration in fermentor (kg/m?)

feed product concentration (kg/m?)

product concentration in light phase from centrifuge
(kg /m?)

product concentration when cell growth ceases (kg/m?)
product concentration in vapor phase from flash tank
(kg/m?)

flash recycle rate

kinetic rate of death (kg/[m?®h])

kinetic rate of product formation (kg/[m?h])

= kinetic rate of substrate consumption (kg/[m?-h])

kinetic rate of growth (kg/[m?*h])

= cells recycle rate

substrate concentration in fermentor (kg/m?)

inlet substrate concentration (kg/m?)

feed substrate concentration (kg/m?)

temperature in fermentor (°C)

feed temperature (°C)

residence time (h)

reactor volume (m?)

dead biomass concentration in fermentor (kg/m?)
dead biomass concentration in feed stream (kg/m?)
feed biomass concentration (kg/m?)

biomass concentration when cell growth ceases (kg/m?)
total biomass concentration in fermentor (kg/m?)
viable biomass concentration in fermentor (kg/m?)
viable biomass concentration in feed stream (kg/m?)
% yield of product based on cell growth (kg/kg)
limit cellular yield (kg/kg)

reaction heat (kcal/[kg TRS])
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Y = ratio of concentration of intracellular to extracellular
ethanol (kg/m?)
Minax = maximum specific growth rate (h™)
p = ratio of dry cell weight per wet cell volume (kg/m?)
P = density (kg/m?)
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