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Abstract
Due to the continuous growth of soap, detergent, and biodiesel industries, glycerol production as a byproduct has increased
substantially, resulting in a signi�cant reduction of its price. Glycerol can be fermented with many bacterial strains to produce
several valuable chemicals like 1,3-propanediol (1,3-PD). This organic compound is highly versatile, useful for producing a wide
range of polymers such as polyesters, polyester, polyurethane, and trimethylene terephthalate; hence, the industrial production
of 1,3-PD is highly appealing. The fed-batch cultivation of Clostridium butyricum, using glycerol as substrate, was simulated
using Matlab-Simulink and an Orthogonal Collocations on Finite Elements procedure (OCFE) was implemented, using AMPL
software, to �nd the optimal path of substrate concentration in the reactor that could maximize the production of 1,3-PD. Then
a Model Predictive Control (MPC) was applied to follow the optimal setpoints, given by AMPL, of substrate concentration and
temperature reactor. Finally, the performance achieved in 40 hours of simulation, with a �nal concentration and productivity of
74.94 g/L and 1.874 g/L/h respectively, gave similar results of 1,3-PD production by other microorganisms like C. diolis and K.
pneumoniae.
Keywords: Fed-batch, Clostridium butyricum, Model Predictive Control, Optimum Path, Orthogonal Collocations on Finite
Elements, OCFE, AMPL, Matlab Simulink.

1. Introduction

Glycerol is generated as a byproduct of the soap anddetergent industries but is also the main byproduct ofthe biodiesel industry (Kanjilal, 2015; Santibáñez et al.,2011). The biodiesel industry’s growth has generateda dramatic surplus of crude glycerol, resulting in a 10-fold decrease in its price in recent years (Santibáñezet al., 2011). Currently, glycerol is used in fermenta-tion processes to obtain 1,3 propanediol (1,3-PD), bymeans of several bacteria such as Citrobacter, Enter-

obacter, and Clostridium. In these cases, the bioreactorsoperate under physiological culture conditions, avoid-ing the production of harmful residues (Kaur et al.,2012b). 1,3-PD is a biodegradable and versatile organiccompound. Its production is of high interest for the tex-tile and thermoplastic industries, as it has a wide rangeof applications as a monomer for polyesters, polyether,polyurethane, and trimethylene terephthalate (PTT)(Kaur et al., 2012b).
Clostridium butyricum is a suitable microorganism to
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produce 1,3-PD from glycerol. This is a strict anaero-bic mesophile strain that can metabolize complex sub-strates and tolerates higher glycerol concentrationsthan Clostridium diolis and K. pneumoniae (see Table 1)(Colin et al., 2001). A model of Clostridium butyricumfedbatch cultivation was used to optimize the processwith the Rosenbrock algorithm (Kaur et al., 2013); a�nal 1,3-PD concentration of 64 g/L was obtained in47 h of cultivation. Applying a nonlinear on/o� con-trol, a �nal 1,3-PD concentration of 108 g/L in 39 h ofoperation has been achieved (Niu et al., 2018). Withthe microorganism K.pneumoniae, a control tuned withparticle swarm optimization (PSO) was able to achieve78 g/L of 1,3-PD in 24 h of cultivation (Liu et al., 2013),while a fermentation process modelled with a nonlinearswitched time-delay system yielded 57 g/L of 1,3-PDin 20 h (Liu et al., 2017).
Table 1. Final concentration (q) and volumetric productivity (p) of 1,3-PD reported in literature.

Reference P [g/L] Microorganism q [g/L/h]
Kaur et al. (2013) 64 C. diolis 1.36
Liu et al. (2013) 78 K. pneumoniae 3.25
Niu et al. (2018) 108 K. pneumoniae 2.77
Liu et al. (2017) 57 K. pneumoniae 2.85
This study 75 C. butyricum 1.87

In this work, the optimal control strategy that max-imizes the production of 1,3-PD was determined usingAMPL in a fedbatch cultivation of Clostridium butyricumusing crude glycerol as substrate. The controlled vari-ables in the bioreactor were glycerol concentration andreactor temperature using a Model Predictive Control.

2. Materials and Methods

2.1. Control objectives

The main control objective is the maximization of 1,3-PD production. This maximization requires manipulat-ing the glycerol feed rate to control its concentration inthe bioreactor. Growth of Clostridium butyricum and pro-duction of 1,3-PD are sensitive to the culture’s glycerollevels. The secondary control objective is to ensure thatthe culture temperature is optimal for bacterial growth.A speci�ed culture temperature can be kept through-out the fermentation by manipulating the bioreactorjacket’s hot and cold water �ow rates.
2.2. P&ID

The P&ID of the controlled system is shown in Fig. 1.The model considers that cultivations are carried outin a 5 L jacketed bioreactor (R-001). Crude glycerol(stream 1) is fed into the system through a peristalticpump P-001. A water stream coming from two sources

circulates through the jacket, one at 20 °C (stream 2)and another at 80 °C (stream 3); these streams weredriven by pumps P-002 and P-003, respectively. Fi-nally, the model considers a level alarmwhere an on/o�switch manipulates the bioreactor feed. When a de�nedmaximum level is reached, the alarm turns o� the feedpump ending the process.

Figure 1. P&ID diagram of the bioreactor.

2.3. Mathematical model

The model was derived from mass and energy balancesassuming the following:
• Perfectly agitated bioreactor and jacket.• No heat losses to the environment.• Constant physical properties.
2.3.1. Variables
The input variables to the bioreactor are the glycerolinlet concentration, jacket inlet temperature, glycerol�ow rate and jacket inlet �ow, the last three are the ma-nipulated variables. The model consider two measuredexternal disturbances, the �rst one over the make-up waters temperature due to the di�erence betweenthose and the ambient temperature, and the secondone over the concentration of glycerol. There are 7state variables, volume of bioreactor, concentration ofbiomass, concentration of 1,3-Propanodiol, concentra-tion of acetic acid, temperature of the jacket, concen-tration of glycerol and temperature of the reactor, thelast two are also the measured outputs used for thecontrol loops.
2.3.2. Mass balances
The equations modeling the fedbatch bioreactor werederived based on di�erent existing models in the lit-erature (Kaur et al. (2012b) and Silva et al. (2015)) andas an innovative factor, a temperature dependence wasadded to maximize 1,3-PD production. The biomassevolution is determined by its speci�c growth rate µ
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and the bioreactor’s dilution rate D:
dX
dt = µX – DX (1)

Where X corresponds to the biomass concentration inthe reactor in g/L. For glycerol (S), the mass balanceinvolves its concentration in the inlet stream and itsspeci�c consumption rate qS multiplied by the biomassconcentration:
dS
dt = –qSX + D(Sin – S) (2)

Both product (P) and acid (A) concentrations are de-termined by their speci�c production rate (qP and qA)multiplied by X plus the dilution term:
dP
dt = qPX – DP (3)

dA
dt = qAX – DA (4)

Finally, the reactor volume (V) is determined by theglycerol inlet feed rate (F):
dV
dt = F (5)

2.3.3. Energy balances
For the energy balance of the cultivation media withinthe bioreactor, we consider: i) the temperature of theinlet streams (glycerol and cooling water), ii) the heatreaction term associated to 1,3-PD production, and iii)the heat exchange with the cooling jacket:
dTr
dt = D(Tin – Tr) +

qPX∆Hr32ρrCheat,r –
KTAT(Tr – Tj)
VρrCheat,r (6)

Tin and Tj correspond to the inlet temperatures of thefeed stream and cooling water, respectively, and Tr tothe cultivation media temperature. Hr is the productenthalpy of formation, and ρr and Cheat,r are the den-sity and the speci�c heat of the the cultivation media,respectively. KT and AT are the overall heat transfercoe�cient and the heat transfer area between the cul-tivation media and the cooling water, respectively. Thejacket energy balance considers the temperature dif-ference between the inlet and outlet temperature ofthe cooling water, and the heat exchanged with thecultivation media,
dTj
dt =

(
Fj
Vj

)
(Tj,in – Tj) + KTAT(Tr – Tj)VjρjCheat,j (7)

Fj and Tj,in correspond to the �ow rate and inlet

temperature of the cooling water, respectively, Vj is thejacket volume.
2.3.4. Constitutive equations
The speci�c growth rate (µ) is described by an Arrheniustemperature dependant model:

µ = µ∗
(
kgexp

(– Eg
R((Tr+θ)+273.15)

)–kdexp(– Ed
R((Tr+θ)+273.15)

))
ω (8)

θ and ω are constants that shift the Arrhenius func-tion so that its maximum growth is at 37 °C as reportedin Junghare et al. (2012). R is the gas constant, and Egand Ed are the activation energies for growth and death,respectively. Besides, µ is determined by a growth in-hibitory term (µ∗), which indicates that after a certainthreshold, de�ned for S, P, and A, biomass generationis inhibited.
µ∗ = S·µmaxS+KS

(
1 – ( SSm )a

)(
1 – ( PPm )b

)(1 – A
Am

) (9)
The parameter KS corresponds to the saturation con-stant for the substrate, a and b are dimensionless pa-rameters of the model, and Zm with Z = S,P,A corre-sponds to the maximum inhibitory growth thresholdfor each compound. The consumption and generationrates have both growth and non-growth (maintenance)associated terms,

qS =
( 1
YmS

)
µ +mS (10)

qP = K1µ + K2 (11)

qA =
( 1
YmA

)
µ +mA (12)

K1 and K2 are growth constants, YmS and YmA correspondto maximum yield rates with respect to the substrate,and �nally mS and mA are maintenance energy con-stants. The dilution factor D is de�ned as:
D = FV (13)

For the cooling water stream, which comes from a hotand a cold source, a simple energy balance yields:
Fj = Fcold + Fhot (14)

Tj,in = FcoldTcold + FhotThotFj
(15)
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Fcold and Tcold correspond to the �ow rate and tempera-ture of the cold source, and Fhot and Thot correspond tothe �ow rate and temperature of the hot source.
2.3.5. Initial Conditions
The initial conditions of the simulation are: X0 = 2 g/L,
S0 = 1 g/L, P0 = 0 g/L, A0 = 0 g/L, V0 = 1.5 L, Tr0 = 25°Cand Tj = 25°C.

2.4. Optimum path for the process

In order to maximize the concentration of 1,3-PD inthe reactor, the Orthogonal Collocations on Finite Ele-ments (OCFE) procedure by Carey and Finlayson (1975)was implemented, which allows us to calculate optimaltrajectories for the manipulated variables.
This method allows the di�erential algebraic equa-tion (DAE) system to be completely discretized, ap-proximating the control variables and the states (x) bypolynomial functions (Ω) at each time interval (�niteelement).
The states are de�ned as:

x(t) = xi–1 + hi
cp∑
j=1
Ωj

(
t – ti–1
hi

)
dx
dt i,j

xi = xi–1 + hi
cp∑
j=1
Ωj(1)dxdt i,j


t ∈ [ti–1, ti]

(16)
ti–1 and ti represent the begining and end of the timeinterval (hi) of �nite element i. Three Radau colloca-tion points (τj) where used, 0.155051, 0.644949 and1 respectively. With this process it was able the dis-cretization of the states and the control variables.
The formulation of the dynamic optimization prob-lem is the following:

max
u

P(tf)
dx
dt = f(x,y,u,t)
x(t0) = x0
y = g(x,u,t)

(17)

Where P(tf) is the concentration of 1,3-PD in the biore-actor at the �nal time, x is the di�erential state vari-ables vector, y the algebraic state variables vector and uthe input (control) variables vector which are the sub-strate �ow-rate and hot and cold water �ow-rate. Tosolve this dynamic optimization problem, the softwareAMPL was used where an optimum substrate trajec-tory is obtained in the reactor, which will be used as aset-point to control the process.

2.5. Multi-Variable Model Predictive Control

The Model Predictive Control Toolbox from MATLABR2021a was used to design the MPC controller, wherethe transfer functions used on the design were the onesdetermined previously. The considered cost functionwas,

J =
Np+d∑
j=1+d

δ(j) [ŷ(t + j | t) –w(t + j | t)]2

+ Nc∑
j=1
λ(j) [∆u(t + j – 1)]2

(18)

Np and Nc represent the prediction and control horizon,which were 20 and 10 respectively. The sample timewas set to 0.025 h. δ and λ represent the weights for thereference and control action, which were set to 6.82 and0.48, respectively. The weight of the control action ratewas set to 0.048. The control action indicates howmanyrevolutions per minute at which each pump operates,and it has a range of 0-600 RPM. Themaximum rate forthe hot water pump was restricted to 20 RPM per hourin order to avoid a large overshoot in the temperatureset point. These values were obtained by trial anderror to achieve a good controller performance. Theminimization problem is represented by,
min
u

J

u ≥ 0
S,P,A,X ≥ 0

(19)

Where u is the control action that corresponds to therevolutions per minute at which each pump operates(F, Fcold, Fhot). On the other hand, S, P, A and X are theconcentration of substrate, product, acid, and biomass,respectively.
2.6. Results

A simulation was performed using Simulink, using theMPC to control both the substrate and the reactor tem-perature. The following �gures show the obtained re-sults for the controlled and manipulated variables ofthe system.
2.7. Discussion

The optimal trajectory obtained by AMPL (Fig. 2) isconsistent with the behavior of the microorganism. Inthe initial phase of the culture, a high glycerol value isobtained due to the necessity of increasing the biomassconcentration as fast as possible, followed by a pro-gressive decrease in the substrate concentration sinceis also inhibitory for the growth of the organism. After25 hours the substrate is kept close to zero to maximize
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Figure 2. Controller behavior with variable substrate setpoint

Figure 3. Substrate pump behavior

Figure 4. Controller behavior with given temperature setpoint

Figure 5. Inlet Flowrate and temperature of Coolant

Figure 6. Complete dynamics of relevant system state variables

the production of 1,3-PD.
The predictive model controller was able to accu-rately follow the optimal trajectory obtained with theoptimization using AMPL. Despite the disturbances,the MPC manages to control successfully. Fig. 3 showsthe behavior of the substrate pump, where the pumpreaches its saturation value in the �rst hour due to theneed to increase the substrate concentration quickly.After 6 hours the pump activity is kept to a minimumto allow the microorganism to consume the substrate.Finally, after 25 hours the pump operates feeding amin-imum amount of substrate so that the microorganismcontinues to produce 1,3-PD without being inhibitedby its concentration.
Figure 4 shows the reactor temperature over time,where the rapid increase in temperature from the initialtemperature to the setpoint can be seen. An overshootis obtained when the temperature reaches the desiredvalue, which was minimized using the Model PredictiveControl Toolbox of MATLAB. It can be seen that thecontroller is able to maintain the reactor temperatureclose to 37 ◦C despite disturbances in the coolant sinks.
The coolant �ow and its temperature can be seen inFigure 5, where a peak in the �ow can be seen due tothe need to decrease the reactor temperature to avoidan overshoot. Due to this, there is a sharp drop inthe inlet temperature. After this, the controller keepsvarying the �ow and temperature according to the per-turbations and the heat released by the reactor.
The complete dynamics of the reactor state variablesis shown in Fig. 6. Where a value of approximately 75g/L of the desired product is reached (this being themajor compound produced), while the concentrationof acetic acid, substrate and biomass remain relativelylow.

3. Conclusions

In this work the implementation of a predictive con-trol model for the production of 1,3-Propanediol fromglycerol by Clostridium butyricum was simulated us-ing Simulink. Since the fermentation substrate is also
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inhibitory for the microorganism, an optimal feedingstrategy was proposed, which served as a variable set-point for the MPC. The implemented controller wasable to successfully maintain both the substrate andthe reactor temperature at the desired values, resultingin a �nal concentration of 74.94 g/L of 1,3-PD. It shouldbe noted that although the control strategy with opti-mized variable setpoint obtained higher product valuescompared to the use of a �xed optimized setpoint usedin a previous work, this gain does not constitute asigni�cant increase. This is mainly due to the yieldparameters of the mathematical model that prevent ob-taining a higher concentration. However, the techniquedeveloped in this work could be extremely valuable forincreasing the productivity of other inhibitory growthfermentation processes.
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