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Abstract: The key feature of this paper is the development of a control strategy for the lactic acid 

production process from wheat flour in a continuous bioreactor. As lactic acid has inhibition effects on 

bacterial growth and its own production, the regulation of its concentration is required. In this paper, a 

control strategy is proposed in order to maximize the process productivity. First, the optimal setpoint is 

determined. Then, a controller based on a state-feedback linearizing control strategy is proposed to 

regulate the product concentration at its optimal value. The developed control law requires measurement 

or estimation of online state variables and a good knowledge of model parameters. In this paper the 

estimation of lactic acid production rate is proposed as an alternative to reduce the complexity of the 

control law. Different production rate estimators are studied and tested. Finally, the proposed control 

strategy results in a controller that involves the estimation of the production rate by a Kalman filter. The 

effectiveness of the developed strategy is illustrated by simulation results. 

Keywords: bioprocess, state feedback linearizing control, Kalman filtering. 



1. INTRODUCTION 

Lactic acid (LA) has recently received much attention as the 

main monomer for the production of PLA (Poly Lactic Acid). 

Nevertheless, as lactic acid is a relatively cheap product, one 

of the major challenges in its large-scale fermentative 

production is the raw material cost. Cereal products and 

wastes could then be promising nutrient sources for the 

production of this monomer. Wheat flour waste has been 

reported as suitable for LA production (Zhao et al. 2010).  

The process described in this work involves the starch 

liquefaction to reduce sugars (mainly maltose), a 

saccharification step to transform the maltose into glucose 

and the glucose fermentation to lactic acid. Two major 

factors then affect lactic acid production: nutrient limiting 

conditions and the inhibitory effect caused by lactic acid 

accumulation in the culture media (Olmos-Dichara et al. 

1997). Optimizing the lactic acid production in a bioreactor 

and more specifically in a reactor operating in continuous 

mode is challenging.  

The control design for most biotechnological processes is 

difficult due to large nonlinearities and poorly understood 

dynamics. Different control strategies have been proposed for 

fermentation processes and may provide satisfactory 

performances (Ben Youssef et al. 2000) (Van Impe et al. 

1995). However, the majority of them concerns batch and 

fed-batch cultures or simpler culture broths. 

This work presents the development of a control strategy that 

aims at improving lactic acid productivity in a continuous 

reactor. The control law regulates the lactic acid 

concentration at an optimal value, using the flow rate of the 

culture medium as the control variable. First, a controller 

based on a state-feedback linearizing control law combined 

with an upper level linear controller is proposed. However, as 

this control strategy is based on the state-feedback principle, 

all the system state variables must be measured or estimated 

online. In our process, the lactic acid concentration is the sole 

state measured online. Consequently, it becomes necessary to 

develop estimators of the non-measured states in order to use 

the proposed control law. In the state estimation, the quality 

of the estimate is not only related to the assumptions on 

uncertainty in the model and the parameters, but also to the 

convergence rate of the observers (Picó et al. 2009). 

Basically, it is possible to consider two main types of 

potential variables to be estimated: kinetic rates and species 

concentrations. In this paper, the chosen approach estimates 

the production rate directly from the measurement of lactic 

acid concentration. It can reduce estimator errors and the 

controller is less sensitive to model accuracy.  

The paper is organized as follows: in section 2 the studied 

bioprocess is discussed and its modelling is presented. In 

Section 3, the optimal operating conditions are determined 

and then a linearizing state feedback strategy to maintain the 

system at this optimal setpoint is developed. Then, the 



 

 

     

 

observer development for the lactic acid production rate 

estimation is presented in Section 4. Numerical simulations 

and a robustness analysis are given in Section 5. Conclusions 

and perspectives conclude the paper. 

2. PROBLEM FORMULATION 

2.1 Process description 

Conventional biotechnological production of lactic acid from 

starch materials  is relatively complex: pre-treatment of 

starch by gelatinisation and liquefaction, enzymatic 

saccharification of sugars to glucose and subsequent 

conversion of glucose to lactic acid by fermentation 

(Anuradha et al. 1999). In the first step, starch is degraded to 

maltose by an enzyme, alpha-amylase. Later, maltose is 

converted to glucose by another enzyme, amyloglucosidase, 

in the saccharification step. Finally, glucose is consumed by 

the cells for growth and lactic acid production.  

A schematic diagram of the maltose saccharification step 

until lactic acid production (a two-stage fermentation 

process) is depicted in Figure 1.  

 

Fig. 1. Representation of maltose hydrolysis (reactor 1) 

followed by fermentation (reactor 2). 

The final part of the saccharification step is combined with 

the fermentation. It means that maltose is partially hydrolysed 

in reactor 1 and then, the remaining maltose is hydrolysed 

simultaneously with the fermentation (in reactor 2). Mh 

represents the inlet maltose concentration to the 

saccharification step; M0 and S0 are maltose and glucose 

concentrations feeding the reactor 2, respectively. M, S, X and 

P are maltose, glucose, biomass and lactic acid 

concentrations (in g/L) in the fermenter, respectively. This 

paper only focuses on modelling and control of reactor 2.  

2.2 Model development 

As glucose in the second reactor is produced (by maltose 

saccharification) and consumed (by bacterial fermentation) 

simultaneously, the mathematical model for the process 

should take into account maltose contribution in glucose 

dynamics. A model is developed including four dynamical 

equations: biomass (cell, X) growth, substrate (glucose, S) 

consumption, product (lactic acid, P) formation and maltose 

(M) degradation. 

System dynamics are based on mass balance equations under 

the assumption of a continuous stirred tank reactor (CSTR) 

and are given by the following relations: 
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where  is the specific growth rate (in h
-1

), D is the dilution 

rate (h
-1

) defined as the ratio of the feed flow rate over the 

effective reactor volume. YP and YX are product and biomass 

yields with respect to glucose respectively (in g/g), kM is the 

maltose degradation constant (in h
1

). 

In the literature, it has been observed that product inhibition 

occurs in fermentations performed with the same bacterial 

strains as those used in this work. So in the present study, the 

cell growth rate including product inhibition is described by: 
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where 
m ax

  is the maximal specific growth rate (in h
-1

), kS is 

the half saturation constant (g/L), n the inhibiting power 

concerning lactic acid and Pmax the maximal lactic acid 

concentration (in g/L). The term in (2) involving the substrate 

concentration represents the growth limitation by the 

substrate according to the Monod model. The second term 

models the growth inhibition by the product (i.e. for high 

product concentration, the growth rate decreases). 

3. PROCESS CONTROL  

3.1 Optimal setpoint 

The aim of the control law will be to maintain the system at 

the optimal setpoint. The latter was determined for a 

modified model of the system (1a-d) in which the maltose 

concentration and dynamics are neglected. This assumption 

helps simplifying the mathematical developments and is 

justified by the fact that the maltose concentration does not 

have an important effect on variables dynamics. It is because 

the glucose concentration feeding the bioreactor is high 

enough to render the maltose contribution in the glucose 

dynamics low. The glucose dynamics is then described by: 
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The optimal setpoint is calculated to maximize lactic acid 

productivity defined as the product of the dilution rate by 

lactic acid concentration (DP). It can be formulated as a 

constrained optimization problem as follows: 
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where D  and P  are the steady state dilution rate and lactic 

acid concentration, respectively. 
m ax

D  is the maximal 

dilution rate allowed by the experimental setup. Figure 2 

gives the evolution of the criterion “productivity” for 

different values of steady state product concentrations. It can 
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be noticed that the objective function is concave and has only 

one maximum, which simplifies the optimization procedure.  
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Fig. 2. Evolution of lactic acid productivity with lactic acid 

concentration  

The numerical optimization of problem (4) is presented in 

(Gonzalez et al., 2014). Hereafter, the bioreactor will be 

maintained at this optimal setpoint by regulating the product 

concentration at its optimal value (here equal to 27 g/L). 

3.2. State-feedback controller 

The system (1) can be rewritten in the state-space formalism 

as follows: 
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with ( , , )
T

r
x X S P , u D  and y P .  

Due to restriction in the software for future experimental 

validation, a simple control strategy is preferred. Since, 

system (5) is a control-affine one, a state-feedback linearizing 

controller is implemented in an inner loop to track the 

setpoint. In addition, a Proportional controller is used in the 

outer loop (Fig. 3). For an initial approach, it will be assumed 

that all state variables are measured online. 
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Fig. 3. Control strategy architecture 

The application of the state-feedback linearization theory 

leads to the following control law (Gonzalez et al., 2014): 
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The control signal D̂  will be delivered by the outer-loop by 

means of a Proportional controller: 

1
ˆ ( )

ref
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where P
ref

is the reference product concentration., G1 is the 

controller gain, tuned to provide a desired closed-loop time 

response.  

3.3. Need for an observer 

The control law (6-7) needs the knowledge of state variables. 

However, only the product concentration is available online. 

A classical approach consists in reconstructing the 

unavailable state variables from the online measurement. 

This could be a difficult task because of the strong 

nonlinearity of the model.  

In this work, the production rate of lactic acid, defined as 

XP YXY /   (in g/L/h), is estimated instead of the state 

variables and is further introduced in (6), leading to: 

 ̂ˆ1
 D

P
D  (8) 

where D̂  is given by (7), ̂  is the estimated production rate. 

The advantage of this controller is that the estimation 

algorithm is simplified, and the controller (8) does not 

involve any growth model, leading to a more robust control 

strategy than the control law (6). This will be highlighted by 

simulation results in the following sections.  

The stability of the resulting closed-loop system is discussed 

in Appendix A. In the next section, different observers are 

proposed to calculate an estimate of the production rate  . 

4. ESTIMATION OF THE PRODUCTION RATE 

Three estimation strategies are developed and will be 

presented hereafter. Due to restriction in the software for 

future experimental validation, only observers with simple 

structures are considered. 

4.1. Numerical differentiation 

From (1c), a simple way to calculate an estimation of   is to 

use the product concentration and its first order derivative: 

ˆ P DP    (9) 

The first derivative P  could be calculated by a backward 

differentiation technique. However, in case of noisy 

measurements of P, this approach can lead to a very bad 

estimation. A classical approach to avoid this phenomenon 

consists in filtering the noisy signal. In this paper, the 

technique proposed in (Fliess et al., 2008) was considered. It 

uses a moving horizon time-integration of the noisy signal in 

order to reconstruct its first derivative. The first derivative of 

the product concentration is then calculated by: 
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where [0,T] is a quiet “short” time window and t is the time. 

4.2. The Kalman filter 

In the two following approaches, the production rate is 

estimated by means of a Kalman filter. The Kalman observer 

allows estimating the state of the system from its past control 

and measurement values. This approach minimizes the 

variance of the estimation error and has the advantage to use 

a feedback structure (Lewis et al., 2008). It consists of a 

prediction phase of the system state, and a correction phase of 

the predicted value taking into account measurements. The 

Kalman principle is applied in two cases: constant and linear 

production rate models. These two cases are presented 



 

 

     

 

hereafter. The tuning of these two estimators will be 

discussed in the results section. 

4.2.1. Constant production rate model 

First, the production rate is assumed to be constant. The 

system to be considered for the estimation problem is as 

follows: 

0

P D P
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This model is first discretized. Indeed, the control and 

estimation strategies will be implemented online in a discrete 

form. As system dynamics are slow enough, the Euler 

discretization scheme provides good approximation, at a 

sampling time Te. Stochastic signals are further included in 

the model: 
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where k in subscript represents the discrete time index, the 

dilution rate is discretized and assumed to be piecewise 

constant. v and w are the process and measurement noises 

respectively. They are assumed to be centred Gaussian white 

noises with covariance matrices Q and R respectively.  

The discrete Kalman filter theory (Lewis et al., 2008) is 

applied to the system (12-13) to reconstruct the product 

concentration and production rate from measurement of 

product concentration.  

4.2.2. Linear production rate model 

Another possibility to model the evolution of the production 

rate with time is to consider a linear behaviour. This 

assumption is more accurate in case of a batch culture or 

during transient phase of a continuous culture. The model is 

in this case given by: 
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As in the previous case, the model is discretized and additive 

noise signals are included to model uncertainties.  
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In this case, the state to be estimated includes also the first 

derivative of the production rate. As previously, a discrete 

Kalman filter will be used. 

5. NUMERICAL RESULTS 

In this section, the estimation and control strategies are 

validated in simulation. Model parameters were determined 

from experimental data, with the identification strategy 

proposed in (Gonzalez et al., 2013). Identified values are 

given in Table 1. The data used for simulation are given in 

Table 2. 

In a first step, the performances of the three developed 

estimation strategies were tested in simulation. Simulations 

lasted 30 hours, with a sampling time 5 min
e

T  . Two cases 

were considered: a constant (Figs. 4 and 5) and a time 

varying (Fig. 6) dilution rate.  

Table 1. Model parameters values 

Parameter 
Identified 

Value 

max
 (h-1) 0.21 

XY (g /g) 0.058 

PY  (g/g) 0.82 

kM (h-1) 0.03 

kS (g/L) 0.50 

Pmax (g/L) 108.18 

n 3 
 

Table 2. Simulation conditions 

Variable Value 

P(0) (g/L) 20 

X(0) (g/L) 0.2 

S(0) (g/L) 74 

M(0) (g/L) 50 

Dmax (h
-1) 0.4 

Pref(g/L) 27 

G1 6 

 

Results obtained for a constant dilution rate with the 

numerical differentiation approach, the Kalman filter with a 

constant model for   (referred to as Kalman 1 hereafter) and 

the Kalman filter with a linear model for   (referred to as 

Kalman 2) are presented in Fig. 4. The simulation started in 

batch mode (D = 0) and at 15 h and onwards, a dilution rate 

of 0.1 h
-1

 was applied. The initial value of   is calculated 

from the considered growth rate model (2). The lactic acid 

concentration online measurement is performed using the 

base solution injected for pH regulation. Experimental assays 

show that the lactic acid concentration is well estimated by 

this approach (good accuracy and very low measurement 

noise). The covariance matrices Q and R for Kalman filter are 

chosen diagonal as follows. Kalman filter 1: Q=diag([0.01; 

0.01]), R=0.01. Kalman filter 2: Q=diag([0.01; 0.01; 0.01]), 

R=0.01. The window for numerical differentiation is chosen 

equal to 20
e

T  (by a trial-and-error technique). 
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Fig. 4. Observer (production rate) performances for piecewise 

constant dilution rate.  



 

 

     

 

With the numerical differentiation method, a discontinuity is 

observed when the dilution rate changes. The two Kalman 

filters present a better performance than the numerical 

differentiation. The zoom on the production rate (Fig. 5) 

shows that the Kalman filter 1 performs well when the 

dilution rate is not zero, but an offset is present when D = 0. 

In the case of the Kalman filter 2, an overestimation of the 

production rate occurs for the first 2 hours of fermentation. 

Then, the estimated value of   is very close to the real one. 

In steady-state both filters lead to quite similar performances. 
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Fig. 5. Zoom on production rate estimation during the first 5 

hours (on the left) and at steady-state (on the right). 

Secondly, a sinusoidal time varying dilution rate is 

considered (Fig. 6), in order to test the performance of the 

three estimation strategies, even if this kind of variations is 

not necessarily realistic from the point of view of real 

operating conditions. It should be pointed out that in this 

case, systems (12) and (15) are time-varying, while they were 

stationary in the case of a constant dilution rate. In this case, 

no measurement noise was included to focus the study on the 

performance with respect to the dilution rate evolution. In 

addition, the estimators were initialized at 0 in order to study 

their performance with respect to initialization error. 

From Fig. 6, it can be noticed the bad performance of the 

numerical differentiation strategy. This behaviour is mainly 

due to the choice of the sampling time which is not small 

enough in comparison to the variation of D. Consequently, 

the finite difference presents a poor accuracy. The two 

Kalman filters reconstruct the production rate with a good 

accuracy. An error is however present but it remains small 

and bounded.  

As a conclusion, the estimation of the production rate by 

Kalman filtering leads to good performances. The Kalman 

filter 2 (with linear model for  ) shows the best perfor-

mance. Consequently, hereafter, the Kalman filter 2 was 

chosen to be implemented in the control law proposed in (8).  

In a second step, the control strategy is studied in simulation 

(referred to as Control 2 hereafter). Its performances are 

compared to those obtained by the classical state feedback 

control strategy given by (6), referred to as Control 1. In this 

case, the state variables are assumed to be available online. 

The control objective is the regulation of the lactic acid 

concentration at its optimal value, 27 g/L (Gonzalez et al., 

2014). The control law parameters are given in Table 2. 
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Fig. 6. Observer (production rate) performances for 

sinusoidal dilution rate.  

In order to test the robustness of the control laws with respect 

to model mismatch, a 30% non-correlated parameters 

mismatch is applied to the real system (i.e. parameters of the 

real process are different by 30% from those used in the 

model considered in the control law). The performance of 

both control laws is illustrated in Fig. 7. In both cases, at the 

beginning of the fermentation, the dilution rate is null: the 

fermenter operates in open-loop which corresponds to a batch 

operation. Once the product concentration reaches its 

reference value, the dilution rate is increased in order to 

maintain the lactic acid concentration constant and equal to 

its reference value. The setpoint is reached after 1.5 h of 

fermentation with a good transient behaviour. As shown in 

Fig. 7, a steady state error is obtained using the control 

strategy 1. This steady error can be corrected by the 

implementation of an integral action in the outer-loop 

(Gonzalez et al, 2014). This was not tested in this work as 

this action can lead to saturation problems due to the dilution 

rate limits. In the case of the control law 2, there is a slight 

steady error. It should be pointed out that this controller is 

robust with respect to model mismatch since it does not use 

growth model. 
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Fig. 7. Control law performances for reference tracking. 

Product concentration and dilution rate versus time. 

In conclusion, the proposed feedback linearizing controller 
shows equivalent (in the nominal case or slight model 
mismatch) or better performances than the feedback 
linearizing control with all states supposed to be measured 



 

 

     

 

(since, the uncertain variable   involved in the linearizing 
law is online estimated). In addition, including the estimation 
of state variables in the control 1 could lead to worse 
perfomances. The proposed control strategy presents a good 
transient response with good accuracy and robustness. 
Moreover, the control law strucutre is simple and can be used 
for experimental validation.  

6. CONCLUSIONS 

A control strategy to regulate lactic acid concentration at its 

optimal value was proposed. The control strategy using a 

feedback linearizing control law combined with an upper 

level linear proportional controller was studied. To 

implement the classical state-feedback control strategy, all 

state variables should be measured or estimated in real time. 

Consequently, in order to reduce the control law complexity, 

the controller is developed including only an additional 

estimation of the production rate. Three different approaches 

were considered. Among them, a Kalman filter with a linear 

model for the production rate dynamics was chosen to be 

implemented in the control law. Simulations showed the 

accuracy and robustness of the proposed control strategy.  

Further work will consider the design of states estimators for 

the process monitoring as the Extended Kalman Filter or 

Unscented Kalman Filter. Additionally, the experimental 

validation of the control strategy will be carried out on a lab-

scale reactor. Furthermore, a control law for the two reactors 

will be developed. 
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APPENDIX A. CONTROL LAW STABILITY 

Recalling the demonstration of (Gonzalez et al., 2001) with 

the following assumptions: 1. All concentrations have finite 

values; 2. Only on-line measurements of the lactic acid 

concentration are available 3. The functions for the model 

coefficients are bounded and unknown; 4. The Kalman filter 

used for production rate estimation leads to estimation 

bounded error and 5. The stability analysis is performed for 

the continuous operation, D>0. The linearizing controller is: 

1
ˆ( )

ref
D G P P P    

 
 (A.1) 

Renaming the regulation error as: .
ref

P P P  The 

dynamics for the regulation error is (from (1.c, A.1)): 

1
P G P     (A.2) 

where ~  is the estimation error ( ˆ    ). Solving (A.2) 

leads to:  

1 1
0

( ) (0) exp( ) exp( ( )) ( )
t

P t P G t G t d        (A.3) 

where (0)P  is the initial condition for ( )P t . Taking the 

absolute value of (A.3) we obtain:  

1 1
0

( ) (0) exp( ) exp( ( )) ( )
t

P t P G t G t d       (A.4) 

When t : 

1
0

lim ( ) lim exp( ( )) ( )
t

P t G t d

t t

     

   
  (A.5) 

Let  max ( )m    be the maximum value of )(
~

t  

(this maximum value exists from Assumption 4), then:  

1
0

1

lim exp( ( ))
t

m
m G t d

Gt


     

 
  (A.6) 

Leading to: 

1

lim ( )
m

P t
Gt




 

 (A.7) 

Thus, the steady error of the proposed controller is bounded. 

This error could be reduced by increasing the value of G1.  


