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Abstract  An iterative optimization strategy for fed-batch fermentation process is presented by combining a 
run-to-run optimization with swarm energy conservation particle swarm optimization (SEC-PSO). SEC-PSO, which 
is designed with the concept of energy conservation, can solve the problem of premature convergence frequently 
appeared in standard PSO algorithm by partitioning its population into several sub-swarms according to the energy 
of the swarm and is used in the optimization strategy for parameter identification and operation condition optimiza-
tion. The run-to-run optimization exploits the repetitive nature of fed-batch processes in order to deal with the op-
timal problems of fed-batch fermentation process with inaccurate process model and unsteady process state. The 
kinetic model parameters, used in the operation condition optimization of the next run, are adjusted by calculating 
time-series data obtained from real fed-batch process in the run-to-run optimization. The simulation results show 
that the strategy can adjust its kinetic model dynamically and overcome the instability of fed-batch process effectively. 
Run-to-run strategy with SEC-PSO provides an effective method for optimization of fed-batch fermentation process. 
Keywords  run-to-run optimization, fed-batch process, particle swarm optimization, swarm energy conservation 
particle swarm optimization 

1  INTRODUCTION 

Fed-batch processes are suitable for manufacture 
of high value added products, such as special poly-
mers, special chemicals, and pharmaceuticals [1], 
since these processes allow the substrate concentration 
in the culture broth to be adjusted to a desired level in 
order to regulate the specific growth rate and product 
formation [2]. The optimal control strategy of a fer-
mentation process is to maximize the final product 
yield. Previous studies mostly concentrate on the de-
termination of an optimal operation strategy of 
fed-batch fermentation processes. Herrera and Zhang 
[3] presented an optimal control strategy for batch 
processes using PSO. Kawohl et al. [4] implemented a 
model based optimal control strategy. Ronen et al. [5] 
designed an optimal feeding profile by means of an 
evolutionary algorithm. Li et al. [6] described a strat-
egy of phosphorus feeding to improve the industrial 
fermentation of penicillin G. These strategies are lim-
ited to a single run of fed-batch process, so that the 
useful information from one fed-batch run is not made 
use of in the next run. It is logical to exploit the in-
formation from the previous run to improve the opera-
tion of current fed-batch run.  

The particle swarm optimization (PSO) is an 
evolutionary computation technique developed by 
Kennedy and Eberhart based on the simulation of a 
simplified social model [7]. Due to the simple concept, 
easy implementation and quick convergence, PSO has 
received much attention and has many applications in 
process control fields [3, 8]. However, the performance 
of standard PSO depends on its parameters and it of-
ten suffers the problem of being trapped in local opti-

mal solutions [9]. Many studies have been carried out 
to balance the exploration and exploitation so as to 
prevent premature convergence [10]. 

In this study, a run-to-run optimization strategy 
of fed-batch process with swarm energy conservation 
PSO (SEC-PSO) is presented. SEC-PSO is used in the 
run-to-run strategy to identify kinetic model parame-
ters and optimize operating conditions. The run-to-run 
optimization strategy exploits the repetitive nature of 
fed-batch processes to deal with the optimal problems 
of the process with inaccurate process model and un-
steady process state.  

2  SWARM ENERGY CONCERVATION PAR-
TICLE SWARM OPTIMIZATION 

2.1  Standard particle swarm optimization 

PSO is a population based optimization tool, 
where the system is initialized with a population of 
random particles and the algorithm searches for op-
tima by updating generations. If there are m particles 
located in the D-dimensional space to form a commu-
nity, the position of the ith particle is represented as 

T
1 2[ , , , ]i i i iDx x x= ⋅ ⋅ ⋅x , 1,2, ,i m= ⋅ ⋅ ⋅ , and its velocity is 

represented as T
1 2[ , , , ]i i i iDv v v= ⋅ ⋅ ⋅v . The best position 

in the searching history of the ith particle is repre-
sented as *

ix  and the best position of the particle 

among the population is *x . Put xi into the objective 
function and calculate the fitness value. In the 
(k + 1)th iteration each particle updates its velocity and 
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position according to the following equations 

( ) ( )1 * *
1 1 2 2

k k k k
i i i i ic r c rω+ = + − + −v v x x x x    (1) 

1 1k k k
i i i
+ += +x x v               (2) 

where ω is the inertia weight that determines how 
much a particle holds its current velocity in the next 
iteration. Suitable selection of inertia weight can pro-
vide the particles with a balance between the ability of 
exploitation and exploration. c1 and c2 are positive 
constants, named learning factors or acceleration co-
efficients, which control the maximum step size. r1 
and r2 are independently uniformly distributed random 
variables with range [0, 1]. 1k

i
+v  is the vector sum of 

k
iv , * k

i i−x x  and * k
i−x x . The implementing steps of 

PSO are similar to other evolutionary algorithms, which 
include initialization, fitness evaluation, update of 
velocity and position, and testing of stop criterion [11]. 

2.2  Swarm energy conservation particle swarm 
optimization 

In the standard PSO, a single particle gains ex-
perience and information not only from itself but also 
from the population during its motion. The two types 
of information are come from the best particle. We 
attempt to improve the velocity equation of the stan-
dard PSO and make use of failure experience of the 
worst particle. In other words, the worst positions of 
individual and population are put into the algorithm. 
In this way, the algorithm updates its velocity equation 
according to the best value and the worst value of in-
dividual and the population. Thus the particle may 
change its status with more information. 

Equtions (1) and (2) become 

( ) ( )
( ) ( )

1 * ο
1 1 1 1

* o
2 2 2 2

k k k k
i i i i i i

k k
i i

c r u r

c r u r

ω+ = + − − − +

− − −

v v x x x x

x x x x   (3) 

1 1k k k
i i i
+ += +x x v              (4) 

Compared with the standard PSO, the modified 
strategy has two additional parameters. They are im-
pact factors u1 and u2, reflecting the effect of the worst 
value of individual and population in the updating of 
the velocity. The worst position of individual is repre-
sented as o

ix  and the worst position of population is 
ox . Other parameters are the same as those in the 

standard PSO. 
With the worst value, the modified algorithm has 

some advantages, such as rapid convergence and good 
global convergence. First, when we analyze the algo-
rithm from the perspective of the amount of informa-
tion, each particle in the new algorithm is moving 
with the experience of the worst value of itself and the 
population, which makes it move to the opposite di-
rection of the worst position and speed up the conver-

gence. Second, the swarm searches for not only the 
best value but also the worst value. It is beneficial for 
the diversity and global convergence of the algorithm. 

In order to make the worst particle play greater 
role in the algorithm, we use a punitive measure on 
the worst particle to ensure the algorithm reliability. 
An initial velocity will be given to the particle in the 
initialization of the algorithm. During the motion, 
most of the particles will fall into local or global op-
timal solution. Their velocity will be zero or very low, 
which means that the particles will lose their energy. If 
we consider the particle swarm as a system, its energy 
will be conserved. The particles that does not fall into 
optimum will get much more kinetic energy. Then the 
probability of obtaining the optimal solutions will in-
crease. 

Since the velocity of the ith particle is repre-
sented as vi and the energy of a single particle is rep-
resented as T

i i ig = v v , the energy of the swarm is  

T

1 1

m m

i i i
i i

G g
= =

= =∑ ∑v v            (5) 

Suppose that the swarm energy is conserved dur-
ing the motion of particles. After some of the particles 
fall into optimum, most of the swarm energy concen-
trates on the bad particles. Then the swarm is divided 
into two sub-swarms: one contains good particles and 
the other contains bad particles. We consider the ve-
locity increase of bad particles as a punishment and 
call them penalty particles. This idea of swarm separa-
tion is different from previous literatures. First, the 
two sub-swarms do not move independently. They 
gain experience from each other when they update 
their velocity and positions. In other words, they are 
not separated essentially. Second, the swarm separa-
tion is a dynamic status. Some particles move from 
good sub-swarm to bad sub-swarm after each update, 
while some of bad particles become good ones. 

We set a swarming coefficient in the algorithm 
and represent it as [0,1]f ∈ . The number of good par-
ticles is defined as f m× , and that of bad particles is 
(1 )f m− × . The particles are arranged according to 
the fitness value by ascending order. f m×  particles 
in the front of the sequence form the good sub-swarm 
and the rest are in bad sub-swarm. 

In SEC-PSO, good particles update their velocity 
and position according to Eqs. (3) and (4). After the 
update, the energy of good sub-swarm is  

T
1

1

f m

i i
i

G
×

=

= ∑ v v               (6) 

Bad particles update their velocity and position ac-
cording to following equations 

( ) ( )1 * *
1 1 2 2

k k k k
i i i i ic r c rω+ = + − + −v v x x x x    (7) 

1 1k k k
i i iλ+ += +x x v               (8) 

T 1
1 1 (1 )i i

G G
m f

λ + +
−

=
−

v v              (9) 
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where λ is the penalty coefficient. It indicates the effect 
acting on the bad particles uniformly, which is gener-
ated by the difference between the swarm energy G 
and the good sub-swarm energy G1. 

In SEC-PSO, the swarm separation is a dynamic 
state. The velocity of the penalty particles will be zero, 
which become good particles when they find optimal 
position. Because of the constant energy of the swarm, 
some particles will keep moving in the search space. 
The aim of this improvement is to prevent the algo-
rithm from premature convergence. 

SEC-PSO can be implemented according to the 
following steps: 

Step 1  Initialize the impact factors (c1, c2, u1 
and u2), the inertia weight (ω) and the upper limit of 
evolutionary generations as MaxDT. Initialize popu-
lation with m particles randomly in the solution space. 
Initialize the velocity of each particle as v and com-
pute the swarm energy G. 

Step 2  Evaluate population xk and compute the 
fitness of each particle in each dimension. 

Step 3  Divide the swarm into two sub-swarms 
according to the order of the fitness value. 

Step 4  Operate to the good population. Update 
the velocity and the position of the particle according 
Eqs. (3) and (4). Generate new population 1k+x  and 
compute the swarm energy. Compare the fitness of the 
particle with its optimal value. If the present value is 
better than the optimal value of *

ix , set the optimal 

value as the present value and set *
ix  as the best posi-

tion. Compare the fitness of the particle with its worst 
value. If the present value is worse than the worst 
value of o

ix , set the worst value as the present value 

and set o
ix  as the worst position. 

Step 5  Compare the fitness value with the best 
and worst values of the population. If the present 
value is better than the global optimal value, set *x  as 
the present value. If the present value is worse than 
the global worst value, set ox  as the present value. 

Step 6  Operate to the bad population. Punish 
the bad particles according to the losing energy of good 
population and update them according to Eqs. (7)-(9). 

Step 7  Find the history optimal value and the 
global optimal value of the population. 

Step 8  Check the termination condition and end 
the loop if the condition is satisfied; or set 1k k= +  
and go to Step 2. The termination condition is the 
number of evolutionary generations reaches the upper 
limit of evolutionary generations (MaxDT), or the 
fitness value is less than the specified value e. 

3  RUN-TO-RUN OPTIMIZATION STRATEGY 

In a fed-batch process, the feeding of substrates 
makes it possible to maintain substrate concentrations 

at a desired level in order to regulate the specific 
growth rate and product formation. In general, the 
feeding is controlled by operating recipes. Such reci-
pes are often based on process knowledge and previ-
ous experience, but mathematical models may be ap-
plied in recipe development and adaptation [2]. Be-
cause of the complexity of fermentation processes, 
inaccuracy of process model and non-linearity of gov-
erning dynamic equations, it is difficult to determine 
the optimal feed rate to produce the maximum pro-
duction. Therefore, a dynamic and accurate optimiza-
tion strategy is needed to deal with this difficulty. 

3.1  Run-to-run optimization design  

In optimization of fed-batch process, there are 
two major approaches: optimization based on model 
refinement and optimization with direct input update 
[12]. Bonvin et al. [13] have further classified these 
optimization methods into four approaches: real-time 
explicit optimization, run-to-run explicit optimization, 
real-time implicit optimization, and run-to-run im-
plicit optimization. These strategies are classified ac-
cording to whether a process model is used for im-
plementation (horizontal division). A second dimen-
sion for classification is the type of adaptation, which 
is either online or run-to-run (vertical division). 

As shown in Fig. 1, the run-to-run strategy pre-
sented is to overcome the inaccuracy of process model 
and the instability of fed-batch process. In the strategy, 
there are two operation objects, which are fed-batch 
fermentation process (Object 1) and the process ki-
netic model (Object 2), and two optimizations, which 
are model parameter identification and operation con-
dition optimization.  

In the parameter identification, the kinetic model 
is optimized with SEC-PSO, and the model fitting 
curves will approach the real data curves. That is to 
say, the optimization objective is to minimize the in-
tegration of difference-values between real time-series 
data and fitted time-series data. The optimization ob-
jects are the identified parameters, which will be used 
in the operation condition optimization of current run. 
The optimization problem can be described as 

( )f 2 2
1 0

1
min ( ) ( ) d

subject to : ( ) 0; ( ) 0 ( 1,2, , )

kt
i i

i

i i

J R t M t t

R t M t i k
=

= −

= ⋅ ⋅ ⋅

∑∫
≥ ≥  (10) 

where J1 is the object to be optimized, k is the number 
of output types, t denotes the run time, tf denotes the 
final time, R(t) denotes the run-time outputs of real 
fed-batch process, and M(t) denotes the run-time out-
puts of model simulation process.  

The operation condition optimization is a model- 
based offline optimization method by using SEC-PSO, 
and the model is updated in the parameter identifica-
tion. The optimization objective is to maximize the 
integration of model simulation outputs, and the opti-
mization object is the control trajectory, which will be 
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used in the next run. The optimization problem can be 
described as 

f 2
2 0

max ( )d

subject to : ( ) 0

t
J M t t

M t

= ∫
≥           (11) 

where J2 is the object to be optimized.  

3.2  Run-to-run optimization implementation 

Run-to-run strategy can be described as follows: 
Step 1  Select a specific curve as the initial op-

eration condition. In order to obtain a group of 
time-series data, the fed-batch process (Object 1) is 
run with this curve.  

Step 2  Identify parameters of the kinetic model 
(Object 2) with time-series data obtained from Step 1. 
The operation condition of kinetic model is set the 
same as the initial operation condition in Step 1. 

Step 3  Update kinetic model with new parame-
ters obtained from Step 2.  

Step 4  Optimize the operation conditions with 
the updated kinetic model. 

Step 5  Update the operation conditions and go 
to Step 1. 

Because the optimization of conditions is exe-
cuted in every run, the strategy can adjust itself dy-
namically and overcome the instability of fed-batch 
process. Additionally, the model parameters are iden-
tified in every run, so that the problem of the inaccu-
racy of process model overcomes to some extent.  

4  SIMULATION AND DISCUSSION 

A group of simulation experiments are carried 
out to verify the effectiveness of the run-to-run opti-
mization strategy. Simulation 1 is model parameter 
identification with SEC-PSO. Simulation 2 is model- 
based optimization of operation conditions by using 
SEC-PSO. Simulation 3 is comprehensive simulation 
experiment of run-to-run optimization strategy. 

Additionally, we choose a process model to de-
scribe fed-batch process (Object 1). Meanwhile, we 
construct a simplified model as kinetic model (Object 
2) by considering the key state variables (i.e. culture 

volume, the concentrations of substrate, biomass, and 
product) and the key control variables (i.e. substrate 
feed) of the complete fed-batch process model (Object 
1). The simplified model maintains most dynamic 
characteristics of fermentation processes.  

4.1  Case studies 

Several considerations are involved in the selec-
tion of process model (Object 1). First, the model 
should be nonlinear enough for adequate testing of the 
methodology. Second, the process should be industri-
ally relevant to present the importance of this research. 
Third, enough process data are available to guarantee 
the calculation of the fitness value. Since the nonlin-
earity of model makes the minimization of the objec-
tive function more difficult, we must consider [14]: (1) 
the size of the parameter space, (2) the existence of 
local minima, (3) the continuity of the objective func-
tion, and (4) the sensitivity of the objective function to 
each of the model parameters. With these considera-
tions, we choose industrial yeast fermentation process 
as the study object.  

The dynamic model of industrial yeast fermenta-
tion process is based on mass balance equations de-
scribed by volume and concentrations, such as biomass, 
ethanol, glucose, oxygen and carbon dioxide concen-
trations. The model is constructed by completing the 
kinetics with substrate limitation and product inhibi-
tion. It comprises the following equations [15-18].  
Balance equations 

d
d
V F
t
=                  (12) 

X
X X

d
d
C FC C
t V

μ= −             (13) 

( )e
e,pr e,OX X e

d
d
C FQ Q C C
t V
= − −        (14) 

 ( ) e,prS
0 S m XOX

e/SX /S

d
d

QC F S C Q C
t V YY

μ⎛ ⎞
= − − + +⎜ ⎟

⎝ ⎠
  (15) 

( )*O
O X O O O O

d
d L
C FQ C k a C C C
t V

= − + − −    (16) 

 
Figure 1  Run-to-run optimization strategy based on SEC-PSO 
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( )*C
C X C C C C

d
d L
C FQ C k a C C C
t V
= + − −    (17) 

Glucose uptake rate 

( )/ 2S
S S,max

S S
1 e tC

Q Q
K C

−= −
+

      (18) 

Specific growth rate limit 
cr

S,lim OX
X /S

Q
Y
μ

=               (19) 

Oxidation capacity 
O i

O,lim O,max
O O i e

C KQ Q
K C K C

=
+ +

     (20) 

Oxidative glucose metabolism 

S

S,OX S,lim

O,lim O/S

min
/

Q
Q Q

Q Y

⎛ ⎞
⎜ ⎟= ⎜ ⎟
⎜ ⎟
⎝ ⎠

        (21) 

Reductive glucose metabolism 

S,red S S,OXQ Q Q= −            (22) 
Ethanol uptake rate 

e i
e,up e,max

e e i e

C KQ Q
K C K C

=
+ +

      (23) 

Oxidative ethanol metabolism 

( )
e,up

e,OX
O,lim S,OX O /S e / O

min
Q

Q
Q Q Y Y

⎛ ⎞
= ⎜ ⎟⎜ ⎟−⎝ ⎠

   (24) 

Total specific growth rate 
OX red

S,OX X /S S,red X /S e,OX X / eQ Y Q Y Q Yμ = + +     (25) 

Ethanol production rate 

e,pr S,red e /SQ Q Y=            (26) 

Oxygen consumption rate 

O S,OX O /S e,OX O / eQ Q Y Q Y= +       (27) 

Carbon dioxide production rate 
OX red

C S,OX C/S S,red C /S e,OX C / eQ Q Y Q Y Q Y= + +    (28) 

The total fermentation time for simulation is 16.5 
hours. The length of time interval is 10 minutes. Thus 
the samples during the total fermentation time are 100 
from 0 to 16.5 hours. The following nonlinear expo-
nential feed flow rate F is used for the data generation 

for the simulation. 
0.05

0( ) e tF t F=               (29) 
where F0 is the initial value of feed flow rate, 500 
L⋅h−1 for the simulation. The model parameters and 
initial conditions used for dynamic simulations are 
listed in Tables 1 and 2. 

Table 2  Initial conditions for dynamic simulation 

V/L CX/g·L−1 Ce/g·L−1 CS/g·L−1 CO/g·L−1 CC/g·L−1

50000 0.5 0 7 0.007712 0 

The kinetic model (Object 2) is simplified from 
the process model mentioned above. The simplified 
model includes 4 variables, volume of fermentation 
broth (V), biomass concentration (CX), ethanol con-
centration (Ce) and glucose concentration (CS).  

Balance equations are 

( )

X
X X X

e
p X e

pS X
0 S m X

X /S e /S

d
d
d
d

d
d

d
d

V F
t
C FC C
t V

C FC C
t V

C F S C Q C
t V Y Y

μ

μ

μμ

⎧ =⎪
⎪
⎪ = −⎪⎪
⎨
⎪ = −
⎪
⎪ ⎛ ⎞⎪ = − − + +⎜ ⎟
⎪ ⎝ ⎠⎩

 (30) 

In simulation experiment, the balance equations 
should be discretized. The discretization method adopted 
here is Euler method. Step length is set as s. Eq. (30) 
changes to  

( )

X X X X X

e e p X e

S S 0 S

pX
m X

X /S e /S

( ) ( 1)

( ) ( 1) ( 1) ( 1)

( ) ( 1) ( 1) ( 1)

( ) ( 1) ( 1)

( 1)

V k V k s F
FC k C k s C k C k
V

FC k C k s C k C k
V

FC k C k s S C k
V

Q C k
Y Y

μ

μ

μμ

= − + ×⎧
⎪

⎛ ⎞⎪ = − + × − − −⎜ ⎟⎪ ⎝ ⎠
⎪

⎛ ⎞⎪ = − + × − − −⎜ ⎟⎪ ⎝ ⎠⎨
⎪ ⎛= − + × − − −⎪ ⎜

⎝⎪
⎪ ⎞⎛ ⎞⎪ + + − ⎟⎜ ⎟ ⎟⎪ ⎝ ⎠ ⎠⎩

 

(31) 

Table 1  Values of parameters in the fed-batch yeast fermentation model 

Ke/g·L−1 KO/g·L−1 Ki/g·L−1 KS/g·L−1 OX
X / SY /g·g−1 red

X / SY /g·g−1 OX
C / SY /g·g−1 red

C / SY /g·g−1 YO/S/g·g−1 YO/e/g·g−1 Ye/O/g·g−1 Ke/S/g·g−1

0.1 9.6×10−5 3.5 0.612 0.585 0.05 0.5744 0.462 0.3857 0.8896 1.1236 0.4859 

YC/e/g·g−1 YX/e/g·g−1 
QS,max 

/g·g−1·h−1 
QO,max 

/g·g−1·h−1 
Qe,max 

/g·g−1·h−1 Qm/g·g−1·h−1 μcr/h−1 S0/g·h−1 *
OC /g·h−1 *

CC /g·h−1 kLaO/h−1 kLaC/h−1

0.645 0.7187 0.2943 0.255 0.238 0.03 0.21 325 0.007712 0.00044 600 470.4 
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where s = 10 (minutes). 
Rate equations are  

S
X X max

S S

S
p pmax 2

i S S e

( 1)
( 1)

( 1)
( 1) ( 1) /

C k
K C k

C k
K C k C k K

μ μ

μ μ

−⎧ =⎪ + −⎪
⎨ −⎪ =
⎪ + − + −⎩

  (32) 

4.2  Parameter identification 

The objective function of parameter identifica-
tion is calculated as variance according to the follow-
ing equation 

( ) ( )

( ) ( )

2 2
fitness 1

2 2
L L

n
i i i ii

i i i i

T X X S S

P P V V

=
⎡ ′ ′= − + − +⎣

⎤′ ′− + − ⎦

∑
   (33) 

where Xi is the actual measurement value and iX ′  is 
the model value of biomass concentration, Si is the 
measured value and iS ′  is the model value of substrate 
concentration, Pi is the measured value and iP′  is the 
model value of production concentration, LiV  is the 
measured value and LiV ′  is the model value of volume, 
and n is sample size. 

One popular choice for PSO parameters is ω =  
0.7298, 1 2c c= = 1.4962 [19]. The ratio between good 
particles and bad particles is decided by the swarming 
coefficient f. If the value of f is close to 0, the bad par-

ticles will be in the majority and the value of penalty 
coefficient λ will be small. The improvement for the 
standard PSO is not obvious. On the contrary, if the 
value of f is close to 1, the number of bad particles is 
limited and the value of λ will be large, which also 
leads to worse performance of SEC-PSO. The value of 
swarming coefficient f can be obtained from experi-
ences and experimental simulations. The effect of the 
worst particle of individual and population in the up-
dating of the velocity is controlled by the impact fac-
tors 1u  and 2u . If their values are overlarge, the worst 
information will disturb the effect of the best informa-
tion. However, if their values are very small, the effect 
of worst information will not be significant. The ap-
propriate setting for 1u  and 2u  is increasing their val-
ues linearly with the increase of iteration number k 
from 1 to MaxDT, where MaxDT is the maximum 
iteration number. According to the experimental 

simulations, we set f = 0.5 and 1 2
0.001
MaxDT

ku u= = .  

The sample size is set to n = 200. Fermentation 
period is set to t = 16.5 h. Initial conditions is set to 
[X(0), S(0), P(0), VL(0)] = [0.5, 7, 0, 50000]. Identify 
the simplified model parameters with SEC-PSO ac-
cording to Eqs. (31) and (32) and time-series data ob-
tained from the process model (Object 1). Table 3 
shows the results. Fig. 2 shows the comparison of ac-
tual data curves and model fitting curves. The model 

Table 3  Parameter identification results 

KS/g·L−1 Ke/g·L−1 Ki/g·L−1 μpmax/h −1 μmax/h−1 YX/S/g·g−1 Ye/S/g·g−1 Qm/g·g−1·h−1 

0.34075 1.0984 5.8948 6.0824 2.0235 0.2476 0.74314 0.070687 

          
(a) Volume                                   (b) Substrate 

          
(c) Biomass                                    (d) Ethanol 

Figure 2  Comparison of hybrid model values with simulator values for yeast fermentation 
● fitting curve;  original curve 
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fitting curves are very close to the actual data curves. 
The fermentation process can be described by kinetic 
model whose parameters are identified by using the 
improved PSO. Therefore, SEC-PSO is effective for 
parameter identification. 

4.3  Operation condition optimization 

The optimization objective is set as integration of 
time-series biomass concentration (Xi). The objective 
function of operation condition optimization is calcu-
lated according to the following equation 

2
fitness 1

n
ii

T X
=

= ∑             (34) 

Parameters of SEC-PSO are the same as those in Sec-
tion 4.2. Simplified model parameters are obtained 
from the results of parameter identification. Initial 
operation condition is set as F1 = 2000.  

In Fig. 3 (a), the operation curve F2 is obtained 
from the optimization. After the simulation of kinetic 
model (Object 2), we obtain biomass concentration 
curves shown in Fig. 3 (b). The biomass concentration 
curves with F1 and F2 show the improvement of 
fed-batch process production. Therefore, SEC-PSO is 
effective for operation condition optimization. 

 
(a) 

 F1; ——  F2 

 
(b) 

——   curve with F2;  curve with F1 
Figure 3  Feed rate and biomass concentration 

4.4  Run-to-run strategy simulation 

Two simulation experiments described above are 
prepared for the simulation experiment of run-to-run 
optimization strategy. Initial operation condition in the 
first run is set as a linear incremental curve. The 
fed-batch process is described by the process model 
(Object 1) and the kinetic model is described by sim-
plified model (Object 2). These models are mentioned 
in Section 4.1.  

The simulation is taken according to run-to-run 

optimization strategy. The value of Tfitness stops in-
creasing in the 35th runs. The experimental data from 
the first run to the 35th run are shown in Figs. 4-7. 
The dash lines show the changing trend of feed rate, 
biomass concentration, ethanol concentration and 
glucose concentration. Fig. 5 shows the improvement 
of biomass concentration from the first run to the 35th 
run obviously. These results verify the effectiveness of 
the run-to-run optimization strategy. 

 
Figure 4  Feed rate of run-to-run optimization 

 1st run;  35th run;  2nd-34th runs 

 
Figure 5  Biomass concentration of run-to-run optimization 

 1st run;  35th run;  2nd-34th runs 

 
Figure 6  Ethanol concentration of run-to-run optimization 

 1st run;  35th run;  2nd-34th runs 

 
Figure 7  Glucose concentration of run-to-run optimization 
——  1st run;  35th run;  2nd-34th runs 

5  CONCLUSIONS 

A run-to-run optimization strategy for fed-batch 
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process is introduced to optimize the feed rate of 
fed-batch process. An improved particle swarm opti-
mization algorithm, SEC-PSO, is used in the optimi-
zation strategy to deal with two optimization problems. 
One is parameter identification of the kinetic model 
and the other is operation condition optimization of 
fed-batch process. Simulation results show that the 
strategy can improve the productivity of fed-batch 
process. It is effective, feasible, easy to implement 
with low computational complexity. Therefore, this 
run-to-run optimization strategy with SEC-PSO pro-
vides an effective method for optimal control of 
fed-batch process. 

NOMENCLATURE 

Ci concentration of component i, g·L−1 
c1, c2 learning factor or acceleration coefficient of SEC-PSO 
F feed flow rate, L·h−1 
f swarming coefficient of SEC-PSO 
G energy of swarm of SEC-PSO 
gi energy of a single particle of SEC-PSO 
J1, J2 object to be optimized 
Ke saturation constant for ethanol, g·L−1 
Ki inhibition constant, g·L−1 
KO saturation constant for oxygen, g·L−1 
KS saturation constant for substrate (glucose), g·L−1 
kLaO volumetric mass transfer coefficient for oxygen, h−1 
kLaC volumetric mass transfer coefficient for carbon dioxide, h−1 
M(t) run-time outputs of model simulation process  
m population size of SEC-PSO 
Qi specific consumption or production rate, g·g−1·h−1 
Qm substrate maintenance coefficient, g·g−1·h−1 
Ri(t) run-time outputs of real fed-batch process 
r1, r2 independently uniformly distributed random variable 
S0 substrate concentration of feed, g·L−1 
Tfitness fitness value 
t time, h 
tf final time 
u1, u2 impact factors of SEC-PSO 
V volume, L 
vi velocity of the ith particle 
X biomass concentration 

*x  best position of particle among the population of SEC-PSO 
0x  worst position of population of SEC-PSO 

xi ith particle of SEC-PSO 
*
ix  best position in searching history of the ith particle of SEC-PSO 
0
ix  worst position of individual of SEC-PSO 

Yi/j yield of component i on j, g·g−1 
λ penalty coefficient of SEC-PSO 
μ specific growth rate, h−1 
μmax maximum specific growth rate, h−1 
μp specific rate of production, h−1 
μpmax maximum specific rate of production, h−1 
ω inertia weight of SEC-PSO 

Subscripts 
C carbon dioxide 
cr critic 
e ethanol 
lim limitation 

max maximum 
O dissolved oxygen 
OX oxidative 
pr production 
red reductive 
S substrate (glucose) 
up uptake 
X biomass 
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