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Abstract
To optimize the fed-batch processes of glycerol fermentation in different

reactor states, typical bioreactors including 500-mL shaking flask, 600-mL
and 15-L airlift loop reactor, and 5-L stirred vessel were investigated. It was
found that by reestimating the values of only two variable kinetic parameters
associated with physical transport phenomena in a reactor, the macrokinetic
model of glycerol fermentation proposed in previous work could describe
well the batch processes in different reactor states. This variable kinetic
parameter (VKP) approach was further applied to model-based optimiza-
tion of discrete-pulse feed (DPF) strategies of both glucose and corn steep
slurry for glycerol fed-batch fermentation. The experimental results showed
that, compared with the feed strategies determined just by limited experi-
mental optimization in previous work, the DPF strategies with VKPs adjusted
could improve glycerol productivity at least by 27% in the scale-down and
scale-up reactor states. The approach proposed appeared promising for fur-
ther modeling and optimization of glycerol fermentation or the similar
bioprocesses in larger scales.

Index Entries: Macrokinetic model; variable kinetic parameter; glycerol
production; fed-batch fermentation; discrete-pulse feed strategy; reactor state.

Introduction
Glycerol production by fermentation using osmophilic yeast has been

studied for decades in China to meet the great commercial demand (1).
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Considering that high glucose concentration leads to inhibition in the fer-
mentation whereas low concentration reduces glycerol productivity, the
fed-batch fermentation seems more efficient than the batch mode (2).
In addition, the high concentration ratio of the final glycerol to residual
glucose in fed-batch process makes the process more attractive since it is
more advantageous for glycerol recovery during the downstream distilla-
tion process (3).

For optimization of glycerol fed-batch fermentation, the first diffi-
culty is to optimize two kinds of feed operation at the same time since the
key limited nutrients to be fed include both glucose and corn steep slurry
(4,5). Some previous works (4–6) have investigated the fed-batch process
for glycerol production, in which both nutrients were fed in pulse form at
certain time intervals to maintain glucose and/or cell concentration within
a certain range and the feed schemes were obtained just by comparison of
finite batches of experiments. However, these feed strategies were deter-
mined neither by analysis of biochemical mechanism nor by optimization
strategy, and thus it was difficult to ensure that an optimal state was
approached. To obtain more reliable feed strategies, both a physiologic
model approach and a dynamic optimization were widely adopted (7).
The former needs precise description of the metabolic mechanisms, and,
thus, is difficult to apply in many fermentation processes, while the latter
generally comes down to a singular optimal control problem, which is
difficult to solveby general numerical methods especially for glycerol fed-
batch fermentation with two feed rates to be optimized (2,8,9). To conve-
niently solve the optimization problem and apply the optimized feed
schemes to practical process, recent work (10) proposed that the fed-batch
process be divided into multiple equal subintervals and the nutrients be
fed in pulse form at the start of each subinterval. The multipulse feed strat-
egies were optimized by a steady-state nonlinear optimization approach.
The strategies were verified by experiments in a 600-mL airlift loop reactor
(ALR), and a higher glycerol productivity than suggested by Sun (4) and
Yang (5) was achieved.

However, when the form, scale, and/or the operation mode of the
reactor (i.e., reactor state) are significantly changed, the fermentation pro-
cess usually becomes much different since the biochemical reaction relies
so much on the physical transport characteristics in the reactor. Therefore,
the new challenge is how to adjust the optimized feed strategies accord-
ing to different reactor states. In fact, if a flexible kinetic model were devel-
oped to describe the bioprocesses in different reactor states, then the
problem should be conveniently solved by model-based optimization.

In the present study, few of the kinetic parameters of the macrokinetic
model proposed in ref. 2, which reflected the physical transport character-
istics in the reactor, were identified as variable ones. By adjusting values of
the variable kinetic parameters (VKPs), the macrokinetic model was first
attempted to simulate glycerol batch fermentation in 500-mL shaking flask,
and 600-mL and 15-L ALRs, respectively. Based on the simulation results,
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the VKP approach was further applied to optimize discrete-pulse feed
(DPF) strategies proposed in a previous study (10) for glycerol fed-batch
fermentation and verified experimentally in a scale-down process in a
500-mL shaking flask and a scale-up process in a 5-L stirred vessel.

Macrokinetic Model of Glycerol Fermentation

General Model Equations

In previous work (2), a kinetic model for glycerol production by batch
fermentation with the osmophilic yeast Candida krusei at constant 35°C was
investigated. The growth model was represented by Eq. 1, in which the key
culture factors, including cell viability attenuation with culture time, oxy-
gen promotion to growth, limitation of both glucose and phosphorus con-
tent, and inhibition of glucose were considered:

dX
dt

 = µ max · exp – t
k t

 · 1 + 
KO

1 + X/Kdo1

 · S

(KS1X + S) (1 + S2/KIS)
 · Ph

KPh1 + Ph
 · X (1)

in which X, S, and Ph are the concentrations of cell, glucose, and phospho-
rus, respectively; t is the culture time; Kt, KO, Kdo1, KS1, KIS, and KPh1 are the
kinetic parameters for the growth equation.

By modifying the traditional kinetic models of nutrient uptake and
product accumulation (11), Eqs. 2 and 3 were applied to describe kinetics
of glucose uptake and glycerol production, respectively:

– dS
dt

 = 

1
YX/S

· dX
dt

 + 
mtS

KSPP + S
· Ph
KPh2 + Ph

X + 1
YP/S

· dP
dt

; t ≥ td

0; t < td

(2)

dP
dt

 = αdX
dt

 + β
S0

(1 + X/Kdo2)
2

· Ph
KPh3 + Ph

X –
KSPP

KSPP + S
· Ph
KPh2 + Ph

mtX (3)

in which P is the glycerol concentration; t
d
 is the delay time for glucose

uptake; YX/S, mt, KSP, YP/S, α, β, Kdo2, KPh2, and KPh3 are the kinetic parameters.
Phosphorous limitation of both glucose uptake and glycerol production,
energy maintenance supplied by both glucose and glycerol, and oxygen
promotion to glycerol production were also considered in Eqs. 2 and 3.

Considering that the phosphorous content is decreased mainly during the
growth stage and that higher glucose concentrations lead to greater phospho-
rous uptake rate, a model for the phosphorous uptake was suggested by Eq. 4:

– dPh
dt

 = 1
YX/Ph

· S2

KS2 + S2

dX
dt

(4)
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in which YX/Ph is the yield coefficient of cell production based on phospho-
rus consumed, and K

S2
 is the saturation constant for glucose for phospho-

rous uptake.

Variable and Invariable Parameters of Macrokinetic Model

The biokinetics may be expressed at five different system levels (11):
molecular level model, single-cell model, population model, bioreactor
model (bioprocess kinetics), and bioplant model. Generally, in the former
three types of kinetics, all parameters of the mathematical model are strictly
determined by biochemical mechanism or other biologic characteristics
and thus are invariable and of exact values. However, the model applied
herein belongs to the bioreactor model of macrokinetics; when the form,
scale, or operation mode of the reactor (reactor state) is greatly changed,
mass transfer processes of oxygen and nutrients and consequently the fer-
mentation process may also be changed. To fit the new bioprocess curves,
it is necessary to adjust the values of some kinetic parameters, but it is not
necessary that all parameters be reestimated.

It was also assumed that parameters of the macrokinetic models could
be classified into two groups. One group is associated basically with the
inherent biochemical mechanism. It reflects the microscopic characteristics
of the microbial reaction and cannot be influenced by the macroscopic
physical transport process; thus, it can be called an invariable kinetic param-
eter. Another group is dependent not only on the microbial reaction mecha-
nism, but also on the transport phenomena in the reactor, which must be
influenced by the change of the reactor state; therefore, it can be called
variable kinetic parameter (VKP). This means only VKPs of the macrokinetic
model should be adjusted as the reactor state is significantly changed.

For the macrokinetic model of glycerol fermentation discussed here,
the parameters Kdo1 and Kdo2 reflect the oxygen transfer state and may be
changed with the variation in reactor state; therefore, they should be con-
sidered as variable parameters. In addition, Kdo1 and Kdo2, according to ref. 2,
reflected in essence the same oxygen transfer process; thus, the ratio of
(Kdo1/Kdo2) was proposed constant no matter how the two parameters were
changed:

(Kdo2/Kdo1)Reactor State (1) = (Kdo2/Kdo1)Reactor State (2) (5)

In addition, corn steep slurry, as the main source of phosphorus, can-
not be dissolved immediately or completely like glucose and is dispersed
into microparticles or small lumps in the fermentation broth. When the
reactor state was changed significantly, the mass transfer rate of phospho-
rus, from small particle or lump to the yeast cell, should also be changed.
Therefore, even if the macroscopic phosphorous content in the fermenta-
tion liquor was kept at the same level, the effects of phosphorus on the
fermentation should also be changed with the variation in reactor state and
embodied in the variations of values of KPh1, KPh2, and KPh3 in Eqs. 1–3. Then,
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KPh1, KPh2, and KPh3 were considered as the other variable parameters. Further-
more, the ratios of (K

Ph1
/K

Ph2
) and (K

Ph1
/K

Ph3
) were also assumed constant at

any reactor state:

(KPh2/KPh1)Reactor State (1) = (KPh2/KPh1)Reactor State (2) (6)

(KPh3/KPh1)Reactor State (1) = (KPh3/KPh1)Reactor State (2) (7)

Then, by only reestimating the variable parameters of K
do1

 and K
Ph1

 (K
do2

, K
Ph2

,
and KPh3 are adjusted according to Eqs. 5–7), the model Eqs. 1–4 could
be flexibly used to simulate the new fermentation process in a different
reactor state.

Formulation of Fed-Batch Optimization Problem

The problem discussed here is to plan the pulse-feeding amounts in all
subintervals as a whole to maximize the final glycerol yield while control-
ling the residual glucose at a low concentration so that glycerol can be
efficiently separated from the reaction mixture during the downstream
distillation process. Different from the dynamic optimal control strategy,
here the control problem will be converted to a static optimization and
solved by a general constrained global optimization approach. It must
contain the following key factors.

State Equations (Bioprocess Model)
The state equations should be the kinetic model, Eqs. 1–4. For discrete-

pulse fed-batch fermentation discussed here, the following mass balance
should be considered between any two closest subintervals:

V0,i = Vf,i – 1 +VFS,i + VFPh,i

X0,i = Xf,i – 1 · (Vf,i – 1/V0,i)

S0,i = (Vf,i – 1 · Sf,i – 1 + VFS,i · SFS)/V0,i (8)

P0,i = Pf,i – 1 · (Vf,i – 1/V0,i)

Ph0,i = (Vf,i – 1 · Phf,i – 1 + VFS,i · PhFS + VFPh,i · PhFPh/V0,i)

in which the subscript i is the sequence number of the subinterval (1 ≤ i ≤ N);
SFS and PhFS are, respectively, the concentrations of glucose and phospho-
rus in the glucose feed tank; PhFPh is the phosphorous concentration in
the feed tank of corn steep slurry (phosphorous source); and VFS and VFPh
are feed volumes of glucose and corn steep slurry, respectively. Then by the
Runge-Kutta method, the final glycerol and glucose concentration (P

f
, S

f
)

can be obtained by integrating Eqs. 1–4 in sequence of the subintervals
combined with Eqs. 8, and Pf = Pf,N; Sf = Sf,N.

Variables to Be Optimized
If the process is divided into N subintervals, then total 2N variables,

including the feeding volumes of glucose (V
FS,1

, V
FS,2

, …, V
FS,N

) and corn
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steep slurry (VFPh,1, VFPh,2, …, VFPh,N) at the start of all subintervals, should be
optimized.

Constraint Conditions
First, the working volume should be limited within the maximum

reactor capacity mainly by controlling the total feed amount of glucose
(VFS,max); therefore,

0 ≤ ΣVFS,i ≤ VFS,max        (1 ≤ i ≤ N) (9)

in which V
FS,i

 is the feed volume of glucose at the start of the ith subinterval.
Second, since high glucose concentration in the final reaction mixture

must lead to difficulty in the downstream glycerol recovery process, a fur-
ther end point constraint (10) is suggested so that the concentration of
residual glucose can be controlled under an upper limit, Send, which was set
as 2% (w/v) in this study:

Sf ≤ Send (10)

Finally, to avoid significant inhibition, the process concentration of
glucose (S) should be constrained below an upper limit (Sup); thus, accord-
ing to ref. 2, another path constraint should be adopted:

0 ≤ S ≤ Sup = 40 (11)

Objective Function
The objective is to maximize the final glycerol yield subject to con-

straints (Eqs. 9–11). The constraint conditions may be satisfied indirectly by
adding a penalty function into the objective function (12,13). Thus, the
following objective functions (Eq. 12) should be minimized:

J[(VFS,1, VFS,2, …, VFS,N), (VFPh,1, VFPh,2, …, VFPh,N)]
(12)

= –Vf · Pf + fpen(VFS) + fpen(Sf) + fpen(S) · dt
0

tf

in which fpen(VFS), fpen(S), and fpen(Sf) are the penalty functions, respec-
tively, for constraint conditions (Eqs. 9–11). They can be determined,
respectively, by:

fpen(VFS) = 

penVFS · (VFS,i) – VFS,max∑
i = 1

N
2

0 (VFS,i) < VFS,max∑
i = 1

N
    

(VFS,i) > VFS,max∑
i = 1

N

(13)
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fpen(Sf) = 
pensf · (Sf – Send)

2 Sf > Send

0 Sf ≤ Send

(14)

fpen(S) = 
pens · (S – Sup)

2 S > Sup  or S < 0

0          0 ≤ S ≤ Sup

(15)

In Eqs. 13–15, penVFS, penSf, and penS are coefficients for corresponding pen-
alty functions; they were set as 0.1, 1, and 1, respectively, since at these
values the numerical experiences showed that the maximum positive rela-
tive deviations from the set points of V

FS
, S

f
, and S

up
 could be ensured less

than 1, 5, and 5%, respectively, which are sufficient in practical control
processes.

Numerical Method
A constrained global optimization approach, Complex method of Box

(12,14,15), was performed to determine the DPF schemes. Based on previ-
ous experience (2,10), a value >6 for total number of subintervals (N) is
generally suitable for this kind of optimization problem, since at this value
the numerical solution by the Complex method is relatively timesaving,
and the final glycerol yield (Pf) obtained by this method is decreased by 5%
at most compared with that by dynamic optimization with a conjugate
gradient method. Therefore, the DPF strategy obtained by the constrained
global optimization approach can be considered as a suboptimal fed-
batch control.

Materials and Methods

Microorganism and Media

The osmophilic yeast C. krusei (ICM-Y-05), mainly producing glycerol
during aerobic cultivation, was obtained from State Key Lab of Biochemical
Engineering, Institute of Chemical Metallurgy, Academia Sinica. The com-
position of the media for seed culture was (analytical grade, Beijing Chemi-
cal) 10% (w/v) glucose; 0.3% (w/v) urea (analytical grade, Beijing
Chemical); 0.3% (w/v) corn steep slurry (Yiyang Biochemical, Hunan Prov-
ince, China); and for batch and fed-batch fermentation, 20–40% (w/v) glu-
cose, 0.3% (w/v) urea, and 0.15–0.45% (w/v) corn steep slurry. All kinds of
media were sterilized at 120°C for 20 min before any culture process.

Batch and Fed-Batch Fermentation in Four Reactor States

Seed was precultured aerobically for 12 h and then was inoculated into
the culture media at a ratio of 10% (v/v). To investigate the effects of the
form, scale, and operation mode of the bioreactor on the macrokinetics,
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four typical reactor states were applied to batch and fed-batch experiments
of glycerol fermentation (see Table 1). Since a pH within 3.0–5.0 had no
significant effect on glycerol fermentation (3,16), only the initial pH was
adjusted to 4.5 by the addition of 1 N HCl. The pH in later processes could
be kept by the yeast within 3.0–4.0 without the addition of any alkali or acid
solution. During fed-batch fermentation, dry glucose powder and solu-
tion of corn steep slurry (10% [w/v]), based on the numerical results
obtained by constrained global optimization, were fed instantly in pulse
form at the start of each subinterval. The culture temperature was con-
trolled at (35 ± 1)°C.

Additionally, all comparative experiments under certain culture con-
ditions were performed in duplicate and in parallel. Since most of the errors
in the data between any duplicate experiments were <5% and the maxi-
mum error was <10%, only the average values of the duplicate experiments
were used.

Analytical Methods

More than 3 mL of fermentation broth was sampled during each sam-
pling operation. First, 1 mL of fresh sample was diluted to 5–100 mL so that
the cell number in the diluted sample could be controlled within (0.5–2) ×
107cells/mL, which is convenient for cell numeration analysis. The total cell
number was determined by microscopic observation using a hemacytom-
eter. Second, another 1-mL fresh sample was diluted to 50 mL, about 10 mL
of the diluted sample was centrifuged at 2000 rpm (g-force > 4 kgf) for
5 min, and then 5 mL of centrifuged diluted sample was used for glycerol
analysis and 4 mL for glucose analysis. Glycerol concentration was deter-
mined by the periodate-chromotropic acid analysis, and glucose concen-
tration was obtained by Fehling’s test (17,18). Finally, the rest of the fresh
sample was centrifuged at 3000 rpm (g-force > 2 kgf) for 5 min to separate
the yeast for phosphorous analysis. Phosphorus (mainly in organic
form) was converted into inorganic form at first by adding concentrated
sulfuric acid and perhydrol, and then its concentration was determined
by ammonium molybdophosphate analysis (19).

Results and Discussion

Model Fitting of Glycerol Batch Fermentation
in Different Reactor States

In a previous study (2), three batch experiments at 35°C were con-
ducted in a 600-mL ALR (i.e., reactor state [1] in Table 1) to verify the
macrokinetic model (Eqs. 1–4). To broaden the applicability of the model in
different compositions of culture media, initial glucose was investigated
within 20–40% (w/v) while phosphorous content was changed within 40–
120 µg/mL by controlling the concentration of corn steep slurry at a range
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Table 2
Values of Invariable Kinetic Parameters

in Eqs. 1–4

Parameter Value

µmax (h
–1) 111.0

K
t
(h) 33.96

K
O
 (—) 2.174

K
S1 (g/1010 cells) 652.3

K
IS

(g/100 mL)2 93.20
Y

X/S
(1010 cells/g) 1.625

m
t
(g/1010 cells) 0.05924

K
SP

 (—) 0.192
Y

P/S
 (g/g) 0.4793

α (10–10 g/cell) 0.0231
β (10–8 mL/[cell·h]) 1.061E-03
Y

X/Ph
(108 cells/µg) 0.0545

K
S2 (g/100 mL)2 152.7

of 0.15–0.45% (w/v). All parameters were estimated by the Complex
method of Box (14,15) to minimize the residual sum of squares between all
experimental and simulated data. The estimated values of invariable kinetic
parameters are listed in Table 2, and those of VKPs are listed in the row of
reactor state (1) in Table 3. Comparison of the experimental data and cor-
responding model simulations is shown in Fig. 1, from which a good model
fitting can be found.

Three batches of experiments in a 500-mL shaking flask reactor (reac-
tor state [2] in Table 1) and one in a 15-L ALR (reactor state [3] in Table 1)
were used to test further the applicability or flexibility of the model in
different reactor states. Considering that the fermentation process usually
becomes much different when the reactor state is significantly changed,
here values of the VKPs, K

do1
, and K

Ph1
 in reactor states (2) and (3) were also

reestimated by the Complex method of Box (14) to minimize the residual
sum of squares between the experimental and simulated data, during which
K

do2
, K

Ph2
, and K

Ph3
 were adjusted by Eqs. 5–7. Figures 2 and 3 show that, in

the new reactor states (2) and (3), the model simulations with VKPs adjusted
still fit the experimental results very well. In addition, Fig. 3 shows that
this fitting situation was much better than that without this treatment
(i.e., K

do1
, K

do2
, K

Ph1
, K

Ph2
, and K

Ph3
 still took the values as in reactor state [1]).

This suggested that, by adjusting values of the VKPs, which are associated
closely with turbulence and physical transport processes in the bioreactor,
the macrokinetic model could describe well the new glycerol fermentation
processes when the form, scale, or operation state of the reactor was signifi-
cantly changed.
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Fig. 1. Comparison between experimental data (�, cell; �, glucose; �, glycerol;
�, phosphorus) and corresponding model simulations (solid lines) in 600-mL ALR
(450 mL, 2 vvm).

Fig. 2. (opposite page) Comparison between experimental data (�, cell; �, glucose;
�, glycerol; �, phosphorus) and corresponding model simulations with VKPs adjusted
(solid lines) in 500-mL shaking flask (50 mL, 160 rpm, and four layers of gauze).

Fig. 3. (opposite page) Comparison between experimental data (�, cell; �, glucose;
�, glycerol; �, phosphorus) and corresponding model simulations with VKPs adjusted
(solid lines) or without this treatment (dotted lines) in 15-L ALR (10 L, 1.5 vvm).
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Fig. 2

Fig. 3
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Optimization of Glycerol Fed-Batch Fermentation
in Different Reactor States

In a previous study (10), the DPF strategy (i.e., multipulse feed strat-
egy in ref. 10) in reactor state (1) optimized by the nonlinear approach was
compared experimentally with the strategies of Sun (4) and Yang (5), which
were determined just by comparisons of multiple batches of experiments
at various traditional feed schemes. In Sun’s strategy (4), dry glucose pow-
der was fed with 24 g every 24 h during h 24–144, and corn steep slurry was
fed with 0.14 mL every 24 h during h 24–144 and with 0.07 mL every 24 h
during h 144–216. In Yang’s strategy (5), glucose was fed after h 24 to
maintain the glucose concentration at 25–30%, and corn steep slurry was
fed with 0.14 mL every 24 h during h 72–168 and with 0.07 mL every 24 h
during h 168–216. It was found that, among the three kinds of feed opera-
tions, the DPF strategy determined by the model-based nonlinear optimi-
zation had the highest glycerol productivity, and the strategy of Yang (5)
had the second highest. Since the VKP approach discussed in the previous
section made the macrokinetic model exhibit a good applicability for glyc-
erol batch fermentation in various reactor states, it was further used to
optimize the DPF strategies in a scale-down process in reactor state (2) and
a scale-up process in reactor state (4).

For reactor state (1) discussed in Xie et al. (10) or for reactor state (2)
discussed herein, the VKPs still took the values as shown in Table 3. How-
ever, this does not mean that values of the VKPs in any new reactor state
must be known a priori or reestimated based on previous experiments before
any model-based application. In fact, if the reactor state could result in
relatively drastic turbulence and good oxygen transfer in broth, then the
glycerol fermentation process at such a reactor state must appear relatively
stable. It has always  been found that, when the reactor scale was larger than
5 L and the aeration rate was higher than 1.5 vvm, almost no deviations
>10% at dynamics of cell growth, substrate uptake, and product formation
could result from the reactor state variation (2,3). Therefore, in the present
study, we only used the VKP values in reactor state (3) to optimize the fed-
batch process in reactor state (4).

The numerical conditions for the optimizations were as follows: S0 =
30%; X0= 0.55 × 108 cells/mL; P0= 0%; Ph0= 60 µg/mL; SFS= 1.8 g/mL (glucose
was also fed in dry powder form in this study; therefore S

FS
 could be consid-

ered as the density of dry glucose); PhFS = 0 µg/mL; PhFPh = 2000 µg/mL
(i.e., phosphorous content in the feed tank containing 10% [w/v] corn steep
slurry). Based on previous experience (2), V0, td, tf, and N are set as follows:
50 mL, 2 h, 168 h, and 7 for reactor state (2), respectively, and 3000 mL, 6 h,
168 h, and 7 for reactor state (4), respectively. V

FS,max
 = 0.2V

0
 (i.e., the total feed

glucose is about 30% [w/v] based on the final culture volume).
After the optimizations introduced in the second section of this article,

the feed schemes of glucose and corn steep slurry (phosphorous source)
at the start of all subintervals were determined and are listed in Table 4.
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Fig. 4. Comparison between fed-batch process with DPF strategy obtained by con-
strained global optimization (N = 7) (�) and that with strategy of Yang (5) (�) in
500-mL shaking flask (50 mL, 160 rpm, and four layers of gauze).

The optimized strategies were compared with the feed strategy of Yang (5)
by experiments, and the comparisons of the experimental results are shown
in Figs. 4 and 5.

Generally, a relatively higher initial glucose concentration (S0 ≤ Sup) is
more favorable for glycerol formation since in Eq. 3 the second term is the
dominant during most of the fermentation process. Both Figs. 4 and 5 sug-
gested that a high pulse-feed operation of glucose should be performed at
the start of the fermentation to increase the initial glucose concentration up
to the maximum value, 40% (w/v). It was found that the average glycerol
yields at h 168 with the optimized strategies proposed were 13.2% (w/v) in
reactor state (2) (Fig. 4) and 18.2% (w/v) in reactor state (4) (Fig. 5). Com-
pared with those with the feed strategies of Yang (5), they were improved
by 27.0 and 28.2%, respectively. Here the results were just average values
of the duplicate experiments, between which most of the relative errors of
the experimental data were <5%. However, even if the maximum relative
error between the duplicate experiments were close to 10%, the compari-
sons still showed that the final yield of glycerol fed-batch fermentation
could be significantly improved by the suboptimal control strategy
employed.

Additionally, comparison of the experimental data and correspond-
ing model predictions are illustrated in Figs. 6 and 7; the experimental cell
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Fig. 5. Comparison between fed-batch process with DPF strategy by constrained
global optimization (N = 7) (�) and that with strategy of Yang (5) (�) in 5-L stirred
vessel (BioStat B5, BBI, Germany; 3–3.6 L; 400 rpm; 1.5 vvm).

Fig. 6. Comparison between experimental data (�, cell; �, glucose; �, glycerol) and
corresponding model predictions of fed-batch process with DPF strategy obtained by
constrained global optimization (N = 7) in 500-mL shaking flask (50 mL, 160 rpm, and
four layers of gauze).
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Fig. 7. Comparison between experimental data (�, cell; �, glucose; �, glycerol)
and corresponding model predictions of fed-batch process with DPF strategy obtained
by constrained global optimization (N = 7) in 5-L stirred vessel (BioStat B5, BBI;
3–3.6 L, 400 rpm, 1.5 vvm).

density and glycerol yield were found somewhat less than those of the
model predictions. The possible reason is that the significant and frequent
glucose pulse-feeding operation exerted an excess osmotic pressure shock
on the yeast, and then resulted in growth inhibition and a decrease in glyc-
erol production. However, the model employed for fed-batch optimization
was developed only on the basis of batch experiments, and thus could not
predict any changes in the dynamics caused by fed-batch operation.
Although the model should be further improved for wider application in
the future, the application examples in our study still suggested that the
VKP approach was an efficient and promising way to solve the optimiza-
tion problem in various reactor states or during scale-up processes.

Conclusion

To enable the macrokinetic model proposed in previous work (2) to
describe flexibly the variable aerobic glycerol fermentation process when
the form, scale, and/or operation state such as aeration rate of the reactor
(reactor state) are significantly changed, the kinetic parameters were classi-
fied into two groups. One group (µmax, Kt, KO, KS1, KIS, YX/S, mt, KSP, YP/S,
α, β, Y

X/Ph
, K

S2
) was associated basically with the inherent microscopic bio-
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chemical mechanism and cannot be influenced by the macroscopic physi-
cal transport process; thus, they are called invariable kinetic parameters.
The second group (Kdo1, Kdo2, KPh1, KPh2, and KPh3) was dependent not only on
the microbial reaction mechanism, but also on the physical transport phe-
nomena in reactor and are called VKPs. By reestimating the values of only
two key VKPs (Kdo1, KPh1), the macrokinetic model could describe well the
batch processes in different reactor states. This VKP approach was further
applied in model-based optimization of DPF strategies of glucose and corn
steep slurry in two scale-down and scale-up glycerol fed-batch processes.
The experimental results showed that, compared with the feed strategies
determined by experimental optimization in previous work (5), the DPF
strategies adjusted according to the VKPs’ improved glycerol productivity
at least by 27%. The approach proposed in our study also provided a good
reference for modeling and optimization of the similar microbial fermen-
tations during scale-up process.
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Nomenclature

DPF = Discrete-pulse feed
fpen = Penalty function, dimensionless

J = Objective function (g)
Kdo1 = Constant of dissolved oxygen for cell growth (108 cells/mL)
Kdo2 = Constant of dissolved oxygen for glycerol accumulation

(108 cells/mL)
KIS = Constant for inhibition of glucose in cell growth (g/100 mL)2

KO = Ratio of oxygen promotion to cell growth (dimensionless)
KPh1 = Saturation constant for phosphorus for cell growth (µg/mL)
KPh2 = Saturation constant for phosphorus for glucose consumption

(µg/mL)
KPh3 = Saturation constant for phosphorus for glycerol production

(µg/mL)
KS1 = Contois constant for glucose for cell growth (g/1010 cells)
KS2 = Saturation constant for glucose for phosphorous consumption

(g/100 mL)2

KSP = Coefficient of glycerol as a carbon source compared with glu-
cose (dimensionless)

Kt = Attenuation constant for culture time for cell growth (h)
mt = Total maintenance coefficient of both glycerol and glucose

(g/1010 cells)
N = Total number of the subintervals (dimensionless)
P = Mass concentration of glycerol (g/100 mL), i.e., (% [w/v])
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PenS = Penalty coefficient for constraint on glucose process concen-
tration (dimensionless)

PenSf = Penalty coefficient for constraint on final glucose concentra-
tion (dimensionless)

Pen
VF

= Penalty coefficient for constraint on total feeding volume
(dimensionless)

Ph = Concentration of phosphorus (µg/mL)
PhFPh = Phosphorous concentration in feed tank of corn steep slurry

(µg/mL)
Ph

FS
= Phosphorous concentration in glucose feed tank (µg/mL)

S = Mass concentration of glucose (g/100 mL), i.e., (% [w/v])
S

0
= Initial mass concentration of glucose (g/100 mL), i.e., (% [w/v])

SFS = Glucose concentration in glucose feed tank (g/100 mL), i.e.,
(% [w/v])

t = Culture time (h)
V = Culture volume (mL)

V
FPh

= Feed volume of corn steep slurry (mL)
VFS = Feed volume of glucose (mL)
WFS = Feed amount of dry glucose powder (g)

X = Cell numeration (108 cells/mL)
YP/S = Yield coefficient of glycerol production for glucose consump-

tion, glycerol per glucose (g/g)
YX/Ph = Yield coefficient of cell production for phosphorous consump-

tion, cell number per phosphorus (108 cells/µg)
YX/S = Yield coefficient of cell production for glucose consumption,

cell number per glucose (1010 cells/g)

Greek

α = Glycerol yield constant associated with cell growth (10–10 g/
cell)

β = Modified constant associated with cell concentration (10–8 mL/
[cell·h])

µ = Specific growth rate (h–1)
µmax = Maximum specific growth rate (h–1)

Subscripts

0 = Initial state of fed-batch fermentation
end = Final state of glucose concentration

f = Final state of fed-batch fermentation
i = Sequence number of subintervals (1 ≤ i ≤ N)

low = Lower limit
max = Maximum value or upper limit

up = Upper limit
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