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Abstract: This paper deals with the parameter identification of a microbial batch process of glycerol
to 1,3-propanediol (1,3-PD). We first present a parameter identification model for the excess kinetics
of a microbial batch process of glycerol to 1,3-PD. This model is a nonlinear dynamic optimization
problem that minimizes the sum of the least-square and slope errors of biomass, glycerol, 1,3-PD,
acetic acid, and ethanol. Then, a two-stage method is proposed to efficiently solve the presented
dynamic optimization problem. In this method, two nonlinear programming problems are required
to be solved by a genetic algorithm. To calculate the slope of the experimental concentration data,
an integral equation of the first kind is solved by using the Tikhonov regularization. The proposed
two-stage method could not only optimally identify the model parameters of the biological process,
but could also yield a smaller error between the measured and computed concentrations than
the single-stage method could, with a decrease of about 52.79%. A comparative study showed
that the proposed two-stage method could obtain better identification results than the single-stage
method could.

Keywords: microbial batch process; parameter identification; optimization problem; nonlinear
programming; numerical differentiation; genetic algorithm

1. Introduction

There are widespread applications for 1,3-propanediol (1,3-PD) [1]. In the microbial production
of 1,3-PD, the bio-dissimilation of glycerol to 1,3-PD has attracted the interest of researchers since the
1980s because it possesses a relatively high yield and productivity [2]. In recent years, much research
has been conducted to improve the dissimilation process of glycerol from mathematical modeling,
biochemical analysis, process optimization, etc. [2-24]. For example, to describe the cell growth
kinetics of multiple-inhibitions and product formation in a continuous bio-dissimilation process, a
quantitative description has been given by Xiu et al. [3], Zeng and Deckwer [4], and Zeng and Biebl [5].
Lama et al. [6] addressed the metabolic engineering of Klebsiella pneumoniae J2B for the production
of 1,3-PD from glucose. Lee et al. [7] and Sun et al. [8] reviewed the advances in biological and
chemical methods for the conversion of glycerol into 1,3-PD. Vivek et al. [9] carried out a comparative
evaluation of the metabolite fluxes in 1,3-PD production of cell recycling, simple batch, and continuous
fermentation processes by using the Lactobacillus brevis N1E9.3.3 strain. Rodriguez et al. [10] addressed
the kinetic modeling of raw glycerol to 1,3-PD production by Shimwellia blattae. This kinetic model can
describe the influence of the initial glycerol concentration on 1,3-PD production. Liu et al. [11] presented
the bi-objective dynamic optimization of a nonlinear time-delay system to optimize 1,3-PD production
in a microbial batch process. Yuan et al. [12] gave an optimal control strategy of a nonlinear batch
system with a time delay to maximize 1,3-PD production. Hirokawa et al. [13] used the engineered
cyanobacterium Synechococcus elongatus to improve the production of 1,3-PD by optimizing the gene
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expression level of a metabolic pathway and operation conditions. Narisetty et al. [14] improved
1,3-PD production by maintaining physical conditions and optimizing media composition. To address
the multi-objective optimization of the continuous culture process of glycerol to 1,3-PD, Xu et al. [15]
proposed four optimization models and solved them with the normal-boundary intersection (NBI)
and weighted-sum (WS) methods. Xu and Li [16] proposed a multilevel programming method to
infer the common metabolic objective function for glycerol bio-dissimilation to 1,3-PD by Klebsiella
pneumoniae. This approach is more feasible and has a better prediction performance than the existing
method [16]. Xu and Wang [17] presented three parameter identification models of a microbial batch
process of glycerol to 1,3-PD to identify the parameter values of the nonlinear biological system
by considering three different error criteria of biomass, glycerol, 1,3-PD, acetic acid, and ethanol.
These parameter identification models are dynamic optimization problems. They can be solved by
transforming the original dynamic optimization problems into corresponding nonlinear programming
problems. However, the transformed nonlinear programming problems are difficult to solve for global
optimality. To deal with this difficulty, in this study, a two-stage method is proposed to efficiently
handle the parameter identification of the microbial batch process of glycerol to 1,3-PD.

In the following, we first present a parameter identification model for the excess kinetics of the
microbial batch process of glycerol to 1,3-PD by Klebsiella pneumoniae. Then, a two-stage method is
proposed to efficiently solve the presented dynamic optimization problem. Section 4 presents the
parameter identification results obtained by the proposed two-stage method. A comparative study is
also given to show that the proposed two-stage method can obtain better identification results than the
single-stage method. Finally, some brief conclusions of the present work are given in Section 5.

2. Parameter Identification Model for the Microbial Batch Process

2.1. Microbial Batch Process

Based on previous work [2], the material balance relationships of the microbial batch process of
glycerol to 1,3-PD by Klebsiella pneumoniae can be expressed as follows:

dX
—— —yX 1
dC
Tﬁ = 7qSXr (2)
dCpp
= X
dar qrp &, 3)
ClCHAc
ar qHAX, 4)
dC
%OH = grronX, 5)
te [to, tN}, (6)
X(tg) = Xo,Cs(to) = Cso, Cpp(to) = Cppo, CHac(to) = Craco, Cetori(to) = CrtoHo, ()
Cs Cs Crp CHAc Ceron
= 0.67 1-— 1-— 1-— 1-—
=067 Gy ( 2039) ( 939.5) ( 1026 3609 )’ ®
H m CS
—mg+ L+ A , 9
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qeton = MewoH + HYEion + AdEon Cis* (12)
Cs + Kgion
where t denotes the culture time (h); tg > 0 and ¢ty > 0 are the initial and terminal times of the
culture process, respectively (h); X denotes the biomass (g/L); Cs denotes the substrate (glycerol)
concentration (mmol/L); Cpp denotes the concentration of product 1,3-PD (mmol/L); Ca. denotes
the concentration of product acetic acid (mmol/L); Cgon denotes the concentration of product
ethanol (mmol/L); Xy, Cso, Crpo, Craaco, and Cgiono are the initial values of X, Cs, Cpp, CHac,
and Cgiop, respectively; p denotes the specific growth rate of cells (1/h); gs denotes the specific
consumption rate of substrate glycerol (mmol/(g-h)); gpp, gHAC, gEt0H denote the specific formation
rates of products 1,3-PD, acetic acid, and ethanol, respectively (mmol/(g-h)); mg is the maintenance
term of glycerol consumption under substrate-limited conditions (mmol/(g-h)); mpp, mpac, and
mgion denote the maintenance terms of corresponding product formation under substrate-limited
conditions, respectively (mmol/(g-h)); Y¢' denotes the maximum growth yield (g/mmol); Y75, Yi{scs
and Y{ioy are the product yield of the correspondmg products (mmol/g); Agg' is the maximum
increment of the glycerol consumption rate under substrate-sufficient conditions (mmol/(g-h)); Agpp,
Aqiia., and Agfl ~;; are the maximum increments of the corresponding product formation rate under
substrate-sufficient conditions (mmol/(g-h)); and K¢, Kpp, Kfja., and Kf, o denote the saturation
constants of glycerol and corresponding products in the excess terms, respectively (mmol/L).

By introducing Equations (8)—(12) into Equations (1)—(5), Equations (1)-(7) have the following

formulations:
dx XCg _ G _ S _ Cua _ CEtOH
= 0.675255c5 (1 2039) (1 o305 ) (1 — Fo5e ) (1 — 5609
dGs _ _ _ 067 GCoX Gs _ Cpp _ Cuac ,CEtOH g CsX
a — —msX Yo" 0.281Cs (1 2039 ) (1 — 9305 ) (1 — 7006 ) (1 Aqg Co+KE
dCPD _ 067YI¥’DCSX CS CPD C
ar> = mppX + —5ogPc— (1= 2089 ) (1 — 9395 ) (1 — Toge + Adpp ik cs+1<* ’
dChac _ 0.67Y{1 CsX D CHa, OH _ GCsX
4P = miacX + ~gmae™ (1 268 05 ) (1= 1026 09 ) T Aiiaccs ik
EtOH

dCrion _ 067YgonCsX (1 Cg D CHA CEtO sX
ar = meonX + o876 (1~ 2039 ) (1 — 9395 1026 +A‘7Et0HCS+I<

X(to) = Xo,Cs(to) = Cso, Cpp(to) = Cppo, Crac(to) = Craco, Crron(fo) = Crtomo-
2.2. Parameter Identification Model

To identify the values of the parameters ms, mpp, myac, Mmeon, Y Ypp, Yiiae Yeiomr Ds AGpp,
Adiiaer Baton KS, Kpps Kijaer and Ki, o in Equations (1)—(12), we propose the following parameter
identification model for the microbial batch process of glycerol to 1,3-PD:
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j=1 j=1
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+ﬁg1{(CHAc( ) — CHace(t})) /CHAcmax} +%£1 (Crac(t ti) — Chace(t )) /CHAcmax ,
j= j=
|
=1

+
Z=
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subject to satisfying

dX XCg Cs Crp CHAc CetoH
dt‘awa%+c51_mw)0’9w5 1= 3026 J\1 ™ 3609 )/ (14
dc 67 CsX C c Chiac c CsX
=X - o (1) (1) (- (- S -2 S, (1)
dc 0.67Y2 Cs X c c Chiac c CsX
G = mepX + 25 (1 o) (1— o) (1— S ) (1 - 32*0‘*) + AR, (16)
dChac 0.67Y{{2.Cs X C. C C
A = muacX + —Hhe? (1 - ﬁ) (1 - 935].35) (1 ~ 0% ) ( ) + Affiac ok cs+1< (17)
dc 0.67Y1 . Cs X C CsX
TR = mponX + — et (1 - m) (1 %) (1 ~ 0% ) ( ) + AEoncerkgy  (18)
te [to, tN}, (19)
X(to) = Xo,Cs(to) = Cso, Cpp(to) = Cppo, CHac(to) = CHaco, Crton(f0) = Criomo,  (20)
Cs Cs Crp. CHAc _ Cgion
= 0.67 >0, 21
=06 OZS—I—CS( 2039 ( 939.5 1026 3609 ) = @)
C c c
s = Ms + Ygzozsics ( 2039) (1 931335) ( ( ) + 0 o7z 20 (22)

qpp = MMpD + 006;;/1(:2:; ( 2039) (1 9395) (1 - %ﬁk) (1 - C3E6t(?5[) + Aqucsfi?q,D >0, (23
THAc = MHAc + Oggﬁ%s ( 2039) (1 ) (1 - CHAC) (1 ) + AqHAcCSJr% >0, (29
qeron = Meon X + Oégyz%i}égsx ( ) ( 9%5]35) (1 - CHA ) (1 CE@H) + AthOH% >0, (25)
s < mg < s, (26)

titpp < mpp < Tipp, (27)

fiigac < Muac < MHAC (28)

figtoH < MEtoH < MEOH, (29)

Y& < Y& <Y, (30)

Vi < Yfh < Yoo, (31)

VHiae < Wiae < Yiiac (32)

Yiion < Yion < Yeom (33)

Ajg' < Aqg’ < Agg, (34)

Adpp < Aqpp < Agpp, (35)

Adfiac < Adtiac < Affiac (36)

Adgion < Aeron < Afgon: (37)

R§ <K§ <K, (38)

Kpp < Kpp < Kpp, (39)

Kiiae < Kfiac < Kiiae (40)

Rion < Kion < Keon- (41)

In Equations (13)-(41), the objective function F is the sum of the least-square and slope errors
of biomass (X), glycerol (Cs), 1,3-PD (Cpp), acetic acid (Cuac), and ethanol (Cgion); Xe(t;), Cse(t;),
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Cppe(tj), CHAce(tj), and Cgione(f;) are the measured data for biomass, glycerol, 1,3-PD, acetic acid,
and ethanol at the sampling time ¢; (j = 1,2,---,N), respectively; X(¢;), Cs(t;), Cpp(tj), Crac(t}),
and Cgion(t;) denote the computed concentrations for biomass, glycerol 1,3- PD acetic acid, and
ethanol at ¢;, respectively; Xmax, Csmax, CPDmax, CHAcmax, @0d CEtOHmax are the maximum measured
concentrations of biomass, glycerol, 1,3-PD, acetic acid, and ethanol in [ty, ty], respectively; N is the
number of sampled data points; Xe(tj), CSe(tj), CPDe(t]‘), CHace (t;),and CrioHe (t;) are the approximate
experimental slopes for biomass, glycerol, 1,3-PD, acetic acid, and ethanol at ¢, respectively; X(t i)
Cs(t ti), Crp (t ti), Chiac(t t;), and Crton (t t;) are the computed slopes for biomass, glycerol, 1,3-PD, acetic

acid, and ethanol at ¢;, respectively; Xmax, CSmaxr CpoaX, CH Acmax, and CEtOHmaX are the maximum
experimental slopes of biomass, glycerol, 1,3-PD, acetic acid, and ethanol in [ty, tn], respectively; 7itg,
fitep, triac Meon, Y8 Vib, Yiae Yion: AGE. Adpp, Adfiac MEion, KS, Kip, Kijac and Kiyoy are the
lower bounds of parameters ms, mpp, Mmyuac, MeoH, Y&, Ypp, Yiiacr Y}%OH;”AqS , AqPD, Aq{iae Doy
K¢S, Kip, K and KEtOH, respectlvely, and g, Mpp, Myac, MEtoH, Ys , YpD, YH Acs YEtOH, AGS, AGpp,
AG{iaer DT8O Ks, Kpp, Kijae, and Kgiop are the upper bounds of parameters mg, mpp, MyAc, MEOH,

Ys', Yop, Yiiae YEtons A48 A7pp, Afiac AEions Ks, Kpp, Kijae and Kgiop, respectively.
For the parameter identification model in Equations (13)—(41), we have the following remarks:

1.  The inequality constraints in Equations (21)-(25) keep the specific growth rate u, specific
consumption rate gs, and specific formation rates gpp, grac, and ggropr within certain physically
and chemically feasible limits;

2. Obviously, the parameter identification model in Equations (13)—(41) is a nonlinear dynamic
optimization problem with complex constraints. Therefore, it is difficult to solve for
global optimality.

3. Two-Stage Method for the Parameter Identification Model

In this work, we propose a two-stage method to efficiently solve the presented parameter
identification model in Equations (13)—(41). This method addresses the parameter identification
problem in Equations (13)-(41) through a two-stage procedure instead of directly solving it.

3.1. Two-Stage Method

We first rewrite the parameter identification problem in Equations (13)—(41) as

N 5
. Z Z[ xl@ t]))z/x?max}/ (42)

i=1

min F = Z Z[ xi(t;) — xie( t]))z zmax} + 5

] li= J:

—_

subject to satisfying

dx
5 = M), (43)
dx
dtz 7q5(x1 )xl/ (44)
dx
dit3 == qPD(x/P)xl/ (45)
dx
(T;l = quaAc(x, p)x1, (46)
dx
ditS = thOH(x/ p)xlr (47)
te [tO/ tN}/ (48)

x(to) = xo, (49)
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wop) = a5 (1= 3080) (1= 355) (1= 136) (1= 305) 20 60

i) =11+ ooz ey (U 2039) (1 3395) (1 038) (1 30) + 2t g 20 O
o) = pe+ 5o 5 (1= 5035) (1= 5305) (1 1326) (1 3i09) + 6y 20 @2
aisctop) = pac+ gagt o (1= 5085 (1 305) (1= 1036) (1= 358) + it g 20 ©9
amonep) = pic+ gt (1= 3055) (1= 5395) (1~ 1036) (1 305) + g 2% 9
P <p<p’, (55)

where x € R%, xy € R?, x, € R®, xpax € R?, pE R, pl € R, and p' e R have the following formulations:
T T
x = (x1,x2,%3,%4,%5) = (X,Cs,Cpp, CHAc, CEtOH)

T T
xo = (¥10, X20, ¥30, X40, ¥50) = (X0, Cs0, Crpo, CHAc0, CEtOHO)

T T
Xe = (X1¢, X2¢, X3¢, X4¢, X5¢) " = (Xe, Cse, CpDe, CHAces CEtOHe )
T

T
Xmax = (xlmaX/ X2maxs X3maxs X4max, X5max = (XmaX/ CSmaX/ CPDmaxz C'HAcmax/ CEtOHmax) ’

P = (P P2, P3, P4, PS5, Pe, P7, Ps, P9, P10, P11, P12, P13, P1ds P1s, Ple)
= (s, Y§", 6gg, Kg, me, Yo, Mg, Kop, mitac Yiiae Mfiac Kitae meon, Yeion Ao Kion)
Pl = (P Pl P Pl P Pl 5 b o, Phos Phas Pl Pl Pl Phs o)
= (s, Yén /A, KE, 1pp, Yg’D/ Adpp, Kip, ritrac, ?IT—?AC' Adfiac KﬁAc/ MEOH, YéntOH' Ao KEtOH)T/
= (P P8 P8 P PR P 1 P 1 P P P P P P P) .
= (ms, Y5, 848, Ks, pp, Yop, AGgn, Kpp, Miriac, Yiae Afiac Ktiae Teon, Yetor, Afion, Keon) -
The general method for solving a dynamic optimization problem depends on the discretization of
dynamic system equations within the framework of the direct transcription [25-27]. By using a certain
discretization technique, one can convert an infinite-dimensional dynamic optimization problem into
a finite-dimensional, large-scale, nonlinear programming problem. To discretize the dynamic system
equations, a collocation method should be used. For example, we can use the first-order Runge-Kutta
(RK) method and higher-order RK methods, such as the implicit trapezoidal method, to discretize the
dynamic system equations.
The implicit trapezoidal method is applied here to discretize the dynamic system in Equations (43)-(47).

The discretized equations are written as

x1(tj) = x1(tj-1) + 0.57;[u(x(t;), p)x1(tj) + p(x(tj-1), p)x1(tji-1)], (56)
x2(t) = x2(tj—1) + 0.51;[—qs(x(t;), p)x1(t;) — qs(x(tj-1), p)x1(tj-1)], (57)
x3(t;) = x3(tj—1) + 0.57;[qep (x(t;), p)x1(t;) + gpp (x(tj-1), p)x1(tj-1)], (58)

x4(tj) = xa(tj-1) + 0.57[quac(x(t;), p)x1(t)) + quac(*(tj-1), p)x1(tj-1)], (59)
x5(tj) = x5(tj—1) + 0.57;[ge0on (x(t), p)x1(t)) + qrion (x(tj—1), p)x1(tj-1)], (60)

where nj=tj—ti1,j=12---,N.
The implicit trapezoidal equations (56)-(60) help reduce the dimension of the dynamic
optimization problem in Equations (42)—(55), but they still involve a large-scale nonlinear programming
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problem. To reduce the computation time, we use the following modified formulations of the implicit
trapezoidal method by applying experimental data to Equations (56)—(60):

w1 (t) = x10(tj1) + 059 [p(xe (1)), p)x1 () + p(xe(tj1), p)x1(t1)], (61)
x2(tj) = x2.(tj—1) +0.51;[—qs(xe(t;), p)x1e(t}) — qs(xe(tji—1), p)x1e(tj-1)], (62)
x3(t) = x3¢(tj—1) + 0.51;[qpp (xe(t)), p)x16(t;) + qrD(¥e(tj—1), P) %16 (tj-1)], (63)

x4(tj) = x40 (tji—1) +0.51;[qrAc(xe (), P)X1e(t)) + qHAC (¥ (tj-1), P) X16(tj-1)], (64)
x5(tj) = x5e(tj—1) + 0.51;[qriom (e (), p)x16(t) + qrron (¥e (tj-1), P)x16(tj-1)], (65)

wherej=1,2,---,N.
Replacing Equations (43)—(47) with Equations (61)—(65), we can convert the dynamic optimization
problem in Equations (42)-(55) into the following nonlinear programming problem:

Z

5 N 5
min F = <3 3 [(xi(t) — xie(1)2/ o] + 3030 2 [Get) — ) o], (68)

j=1i=1 j=1i=1
subject to satisfying

x1(8) = x10(tj-1) +0.57;[u(xe (£), P)¥1e () + B(xe(tj-1), p)x1e (1)), j=1,2,--- N, (67)

N
xXp(tj) = xe(tj—1) + 0.50;[—gs(xe(t;), p)x1e(t)) — gs(xe(tj-1), p)x1c(tj-1)], j=1,2,--- N, (68)

x3(tj) = x3e(tj—1) + 0.51j[qpp (%e (t)), P)X1e(¢}) + qpD (% (tj—1), p) X1 (tj-1)], fj=1,2,--- N, (69)
x4(tj) = xae(tj—1) + 0.57;[qHAc (¥ (), P)X1e () + qrAC(Xe (tj-1), P)X1e(tj-1)], j=1,2,--- N, (70)
x5(tj) = x5¢(tj—1) + 0.57;[qeion (*e (), p) X16(t]) + qEron (Xe (tj-1), P)¥1e(tj-1)], j=1,2,--- ,N, (71)

x(to) = xo, (72)
Hap) = oggﬁci@ (1 - 23§9> (1 - 9;693.5) (1 - 1336) (1 - 3268‘9) =0 (73)

Islx,p) = p1+ ((? S;xj ) ( 23:259) (1 - 9;5.5) (1 - 18(;6) (1 - 3239) * XQPixiﬂlg, 20, (74)
0. 67P6x2 (
0.28 4+ xp

- 2039)(1 9395)( 1026>( 3609) xflix;MZO, (75)
<

gep(x,p) = P2 +

Trac(xp) = (()) 263; ﬁ:z (1 2039) (1 939. 5) ( 1026) 1= 3. 9) xfljlux;w 20, (76)
qEoH (X, ) = (()) 26£Z chzz (1 2(3)639) (1 939. 5) ( 1026) (1 360. 9) xflix;m 20, (77)
P <p<p’ (78)

To efficiently solve the nonlinear programming problem in Equations (66)—(78), we first regard
y(t]-)(j =0,1,---,N), qs( ), qep(t ) guac(t ) and thOH(tj) as the identified parameters and rewrite
it as

. 1
min F = Z Z[ xl — Xie t]))z/xizmax} +
] li= N]

™M=
Il

[Gi(t) = %) Fman] . 79)

Il
MR

i=1

subject to satisfying

xl(t]) - xle(] l) +0577][.u( )xle( )+l‘(] l)xle(] 1)] ]_ 0,1,---,N, (80)
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xo(tj) = xe(tj—1) + 0.51;[—qs(t;)x1¢(t;) — gs(tj-1)x1¢(tj-1)], j=0,1,---, N, (81)
x3(tj) = Xae(tj—1) + 057j{qpp (t)x1¢ (1)) + qpD(tj-1)¥16(tj1)), j = 0,1,-++, N, (82)

x4(tj) = x4e(tj—1) +0.57;[quAc(t)) X1 (t;) + quAC(tj—1)X1(tj-1)], j=0,1,--- N, (83)
x5(t]-) = x5e(t]-_1) + 0.517j[thoH(t])xle(t ) + geton (t i 1)x16( 1),j=01,---,N, (84)
x(tg) = xo, (85)

pp < plt) <pj, j=01,---,N, (86)

9s; < gs(tj) < qs, j=0,1,--- N, (87)

depj < arp(t) < 4bpy j=0,1,--- N, (88)

‘ﬁ{ch < guac(ty) < dfiac =01+, N, (89)

fromj < qeon(ty) < dfagy j=0,1,--- N, (90)

where y;-, qlsj, q{)D]-, quch' and qétOHj are the lower bounds of (t;), qs(t;), 9pp(t;), qHAC(tj), and
qeton(tj), respectively; and pf, 4s;, qpp; diiaci and qgop; are the upper bounds of u(t;), qs(tj),

grp(t ) qHAC( /), and thOH(t) respectively.

For the parameter identification problem in Equations (79)-(90), we have the following remarks:

1. In the computation of the optimization problem in Equations (79)~(90), the slopes x;(t;)
(i =1,2,---,5) in the objective function of Equation (79) can be computed by the following

formulations:
x1(t;) = u(tp)xie(t)),
x2(tj) = —qs(tj)x1e(t;),
i),

xy(t )—QHAc( )xle(t])

(
(

x3(t;) = gpp(t;)x1e

x5(t;) = qeion(t))x1e(t))-

The slopes x;,(t)(i = 1,2, - - - ,5) of experimental data can be estimated by the method given in

Section 3.2;

2. The optimization problem in Equations (79)—(90) is a relatively simple quadratic programming

problem compared to the nonlinear programming problem in Equations (66)—(78). Thus, it is easy
to obtain the globally optimal solution of the problem in Equations (79)—(90) with the available
quadratic programming algorithms.

Let the optimal values of (¢ )(ij 1,---,N),gs(t ) gpp (¢ ) grac(t ) and ggion (f )be Wt )

q5(t), app(ti), fiac(tj), and thOH( i), respect1vely Subst1tut1ngy (t) q5(ti), app(t] ) Triac(ti),
and thOH(t ) into u(x,p), gs(x,p), qu(x P), quac(x,p), and geion(x, p), respectlvely, we have the

following 4(N + 1) nonlinear equations:

w(t)  poxoe(t;)

n - =01, ,N, 91
P s x2¢(tj) + p13 = asltj) 1= Ol
pat pap () + P02y im0, N, (92)
xX20(tj) + p1a
. p11x2e(t;) . .
ps+p7i(t) + —F~——— = qrac(t), j=01--- N, (93)

xX2e(t) + p1s
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p12x2¢ ()
x2¢(tj) + P16
After solving the nonlinear Equations (91)—(94), we can obtain the values of the identified parameters
pk(j =1,2,---,16). This goal can be achieved by solving the following optimization problem:

pa+ psp”(t)) + = qron(t), j=0,1,---,N. (94)

N
min F = Y [F2(t) + F5 (1) + F2(t) + F§ (1)), (95)
j=0

subject to satisfying
P <p<p" (96)

In this problem, Fy(¢;), F2(t;), F3(t;), and Fy(t;) have the following formulations

wi(t)  poxoe(t)) g
ps  xa(t) +piz O

Fl(t]):pl+ (t])ljzolll/N/

P1ox2e(t;) .

BE(t) =pa+pep” () + ———~—2— — t),j=0,1,---,N,
2(t) = p2 + pe” () %2e(l) + P 9pp(t); ]

p11x2e () . .
_peemeeNyy t),i=0,1,---,N,
x2e(tj) + P15 qHAc( ]) )

F(tj) = ps + pru(t) +
P12%2¢(t})

Ey(t;) = pg + psp* (t;) + ———L—
4(t) = pa+ psp” (1) x2e(5) + Prs

—4qron(ty), j=0,1,---,N.
The optimal values of the identified parameters pi(k = 1,2, - - - ,16) can be obtained by solving
the problem in Equations (95) and (96) with the available optimization solver.

3.2. Computing the Slopes of Experimental Data

As stated in the optimization problem in Equations (79)—(90), the objective of Equation (79)
involves the slopes x;.(t;) of 5N experimental data. These experimental slopes can be estimated
by some numerical methods, such as the artificial neural network method [28] and the cubic spline
interpolation algorithm [29]. In this work, based on the Tikhonov regularization method [30], we
present the following procedures to estimate the experimental slopes x;,(f;).

We first divide the time interval [ty, fy] into Nx — 1 equidistant subintervals [to, to + 1], - -, [to +
rl, tg + (7” + l)l],- . ',[to + (NK — 2)1, tN}(l = (tN — to)/(NK — 1), r=20,1,2,---,Ng — 2), such that
t]' S {to,t0+l,t0+2l,~ < totrl g+ (F+1)l, - Lt + (NK —Z)I,tN}(j =01,--- ,N) Then, we
compute the slopes (denoting them as dj;, s = 1,2,--- ,Ng)atto+rl(r =0,1,2,--- ,Ng — 2) by the
following equations:

ei = (BTB+04887B) 'BTy,i=1,2,-,5,

where
e; = (dpn,dip, -+~ ,diNK,xz'(fo))Tr

y; = (xie(to), Xie(t1), - - /xie(tN))T/

1 -2 1 0 O 00

o 1 -2 1 0 00
B= ’

o -~ 0 1 -2 1 00

B=[A E]
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Here, both the matrix A = and vector E = (1,1, -, 1)T € RN are obtained by

(Ajs)(N+l)xNK
Nk

the numerical integral x;; = Y, Ajsd;s + x;(to), i = 1,2,---,5,j = 0,1,---, N of integral equations
s=1

xi(t) = [y di(t)d¥ + xi(t0), i = 1,2, 5.

4. Optimization Results and Discussion

In this work, we applied the Tikhonov regularization method given in Section 3.2 to estimate the
experimental slopes xje(¢;) and used the genetic algorithm in MATLAB™ software to solve both the
optimization problems of Equations (79)-(90) and of Equations (95) and (96). In the implementation
of the genetic algorithm, we set all the algorithm parameters to be the default values. Experimental
concentration data x,'e(t]«)(i =1,2,---,5) were drawn from Feng and Xiu [31] and Xu and Wang [17].
The initial point xp of the studied system was selected as (0.1905,400.043, 0,0, O)T. The parameter Nk
used in the Tikhonov regularization method was set to be 502. The lower and upper bounds for the
optimized variables p(t;)(j = 0,1, -+, N), gs(t;), gpp(t;), quAc(t;), and ggion(tj) and the identified
parameters pi(k =1,2,- - -, 16) are given in Tables 1 and 2, respectively.

Table 1. The lower and upper bounds in the optimization problem of Equations (79)-(90).

Parameter Lower Bound Upper Bound
uto) 0 0.67
u(ty) 0 0.67
u(tz) 0 0.67
u(ts) 0 0.67
u(ts) 0 0.67
qs(to) 0 100
gs(t1) 0 100
gs(t2) 0 100
gs(ts) 0 100
qgs(ts) 0 100

grp(to) 0 100
grp(t1) 0 100
grp(t2) 0 100
grp(t3) 0 100
gpp(ts) 0 100
guAc(to) 0 100
guAc(t1) 0 100
JHAC(t2) 0 100
JHAC(t3) 0 100

ggtoH (fo) 0 100

getoH(t1) 0 100

getoH(f2) 0 100

getoH(t3) 0 100

getoH(ta) 0 100

Figure 1 presents the optimal values of the variables j(t;)(j = 0,1,- - -, N), gs(¢;), qpp(t;), qrAc(¢}),
and ggion(#;), obtained by solving the optimization problem in Equations (79)(90) in the first stage of
the two-stage method. Applying these optimal values to the optimization problem in Equations (95)
and (96) and then solving it in the second stage of the two-stage method, we could obtain the optimal
values of 16 identified parameters py(k = 1,2, ---,16). These results are shown in Table 2. Table 2
also gives the lower and upper bounds for identified parameters py(k = 1,2, - - ,16). Table 3 shows
the comparison between the proposed two-stage method and the single-stage method applied in
Reference [17]. As can be seen in the total error function F value, the proposed two-stage method in
this work could yield a smaller error between the measured and computed concentrations than the
single-stage method applied in Reference [17], with a decrease of about 52.79%. This conclusion clearly
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shows the tractability and effectiveness of the proposed two-stage method in handling the parameter
identification of the microbial batch process of glycerol to 1,3-PD.

Table 2. The lower bounds, upper bounds, and optimal values of the identified parameters.

Parameter Lower Bound Optimal Value Upper Bound
1 1 4.945 5
P2 0.0001 0.024 2
P3 10 10.075 50
Pa 1 20.427 30
Ps -5 —4.823 ~1
123 10 34.755 100
Py 1 4246 50
s 1 23.830 100
P -2 —0.285 —0.01
P10 10 19.235 50
P11 1 1.113 10
P12 10 86.994 100
P13 -10 —4.554 —0.01
Pia 2 20.192 50
p15 1 2.370 20
P16 10 95.515 100
0.8 70 3
° = 60" ¢
=
= 0.6 8
= E 50 ¢
= o o
=04 . E 4!
3 > o A
0.2 30+
’ [o]
20 :
0 1 2 3 4 5 6 0 1 2 3 4 5 6
tj/(h) tj/(h)
(a) (b)
60 30 T
=50 ’E 250
=]
< 40| o < 20
— =]
£ ° E
£ 30 g 15
f—zo b 9:10 - °
10! ° o 5 o
0 0
0 1 2 3 4 5 6 0 1 2 3 4 5
t/(h) t/(h)
(c) (d)

Figure 1. Cont.



Appl. Sci. 2019, 9, 337 120f 16

Qg (t)/Immol/(g-h)|
[
9]

o

0 1 2 3 4 5 6
t,/(h)
(e)
Figure 1. The optimal values ;f(t]f), s (), app(t)), diiac(t)), and g o (t) of the variables pu(t)), gs(t;),

qu(tj), I Ac(tj), and thOH(t]-), obtained by solving the optimization problem in Equations (79)—(90) in
the first stage of the two-stage method: (a) y*(tj); (b) q5(t); (c) gpp(t); (d) Gi1acty); (@) dEon(t))-

Table 3. Comparison between the proposed two-stage method and the single-stage approach from
Reference [17].

Method Proposed Two-Stage Method Single-Stage Method from Reference [17]
F 0.245 0.519

Figures 2 and 3 present the comparisons of biomass, glycerol, 1,3-PD, acetic acid, and ethanol
between the experimental data and the computed values for the parameter identification of the
microbial batch process. From Figures 2 and 3, we can see that the calculated concentrations with
the proposed two-stage method were better fitted to the experimental data than with the single-stage
method. To further measure the goodness-of-fit of the model, the coefficient of determination in
statistical analysis was used as a metric. The coefficient of determination of the presented study was
0.9994 (0.9994 is closer to 1), and was larger than the coefficient of determination (0.9243) obtained by
the single-stage method, with an improvement of about 8.13%. This concludes that the biological model
obtained by the two-stage method provided better goodness-of-fit for the experimental concentration

data than the single-stage method did.
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400 o xze 1

[9)

(%]
>
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S

[
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=

>

=
—
(5]
w -
BN
9]
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Figure 2. Cont.
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Figure 2. Comparison between the computed values and the experimental data in the proposed
two-stage method: (a) biomass; (b) substrate glycerol; (c) 1,3-propanediol (1,3-PD); (d) acetic acid;
(e) ethanol.
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Figure 3. Comparison between the computed values and the experimental data in the single-stage
method: (a) biomass; (b) substrate glycerol; (c) 1,3-PD; (d) acetic acid; (e) ethanol.

5. Conclusions

This paper addressed the problem of parameter identification for a microbial batch process of
glycerol to 1,3-PD. A two-stage method was proposed to efficiently solve the presented parameter
identification problem. In the first stage of this method, a simple quadratic programming problem is
first required to be solved. The optimized variables of this quadratic programming problem are the
specific growth rate i, specific consumption rate gs, and specific formation rates gpp, qrac, and ggion
attime t;(j = 0,1,-- -, N). Applying the optimization results of the quadratic programming problem
to the second stage of the proposed two-stage method, we can obtain the values of the 16 identified
parameters. A comparative study was conducted and showed that the proposed two-stage method
could obtain better identification results than the single-stage method could. Although the two-stage
method was proposed here to identify the parameters of a microbial batch process of glycerol to 1,3-PD,
it can also be applied to the parameter identification of other biological systems.

Author Contributions: G.X., D.L., and W.T. contributed to the design and implementation of the research, to the
analysis of the results, and to the writing of the manuscript.

Funding: This research was funded by the National Natural Science Foundation of China (Grant number
11101051), the Liaoning Provincial Natural Science Foundation of China (Grant number 20180550839), and the
Basic Research Fund of Liaoning Education Department (Grant number LF2017002).

Conflicts of Interest: The authors declare no conflict of interest.

References

1. Biebl, H.; Menzel, K.; Zeng, A.-P; Deckwer, W.-D. Microbial production of 1,3-propanediol. Appl. Microbiol.
Biotechnol. 1999, 52, 289-297. [CrossRef] [PubMed]

2. Xiu, Z.; Song, B.; Wang, Z.; Sun, L.; Feng, E.; Zeng, A.-P. Optimization of dissimilation of glycerol to
1,3-propanediol by Klebsiella pneumoniae in one- and two-stage anaerobic cultures. Biochem. Eng. ]. 2004, 19,
189-197. [CrossRef]

3. Xiu, Z.; Zeng, A.-P,; Deckwer, W.-D. Multiplicity and stability analysis of microorganisms in continuous
culture: Effects of metabolic overflow and growth inhibition. Biotechnol. Bioeng. 1998, 57, 251-261. [CrossRef]

4. Zeng, A.-P; Deckwer, W.-D. A kinetic model for substrate and energy consumption of microbial growth
under substrate-sufficient conditions. Biotechnol. Prog. 1995, 11, 71-79. [CrossRef] [PubMed]

5. Zeng, A.-P,; Biebl, H. Bulk-chemicals from biotechnology: The case of microbial production of 1,3-propanediol
and the new trends. In Tools and Applications of Biochemical Engineering Science; Schiiger, K., Zeng, A.-P., Eds.;
Springer: Berlin/Heidelberg, Germany, 2002; Volume 74, pp. 239-259, ISBN 978-3-540-45736-7.

6. Lama, S.; Seol, E.; Park, S. Metabolic engineering of Klebsiella pneumoniae J2B for the production of
1,3-propanediol from glucose. Bioresour. Technol. 2017, 245, 1542-1550. [CrossRef]


http://dx.doi.org/10.1007/s002530051523
http://www.ncbi.nlm.nih.gov/pubmed/10531640
http://dx.doi.org/10.1016/j.bej.2003.12.005
http://dx.doi.org/10.1002/(SICI)1097-0290(19980205)57:3&lt;251::AID-BIT1&gt;3.0.CO;2-G
http://dx.doi.org/10.1021/bp00031a010
http://www.ncbi.nlm.nih.gov/pubmed/7765990
http://dx.doi.org/10.1016/j.biortech.2017.05.052

Appl. Sci. 2019, 9, 337 150f 16

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

Lee, C.S.; Aroua, M.K,; Daud, WM.A.W.; Cognet, P; Péres-Lucchese, Y.; Fabre, P.-L.; Reynes, O.; Latapie, L.
A review: Conversion of bioglycerol into 1,3-propanediol via biological and chemical method. Renew. Sustain.
Energy Rev. 2015, 42, 963-972. [CrossRef]

Sun, Y.; Shen, J.; Yan, L.; Zhou, J.; Jiang, L.; Chen, Y.; Yuan, J.; Feng, E.; Xiu, Z. Advances in bioconversion of
glycerol to 1,3-propanediol: Prospects and challenges. Process Biochem. 2018, 71, 134-146. [CrossRef]
Vivek, N.; Aswathi, T.V,; Sven, P.R.; Pandey, A.; Binod, P. Self-cycling fermentation for 1,3-propanediol
production: Comparative evaluation of metabolite flux in cell recycling, simple batch and continuous
processes using Lactobacillus brevis N1E9.3.3 strain. ]. Biotechnol. 2017, 259, 110-119. [CrossRef]

Rodriguez, A.; Wojtusik, M.; Masca, F.; Santos, V.E.; Garcia-Ochoa, F. Kinetic modeling of 1,3-propanediol
production from raw glycerol by Shimwellia blattae: Influence of the initial substrate concentration.
Biochem. Eng. ]. 2017, 117, 57-65. [CrossRef]

Liu, C,; Gong, Z.; Teo, K.L.; Loxton, R.; Feng, E. Bi-objective dynamic optimization of a nonlinear time-delay
system in microbial batch process. Optim. Lett. 2018, 12, 1249-1264. [CrossRef]

Yuan, J.; Liu, C.; Zhang, X; Xie, J.; Feng, E.; Yin, H.; Xiu, Z. Optimal control of a batch fermentation process
with nonlinear time-delay and free terminal time and cost sensitivity constraint. J. Process Control 2016, 44,
41-52. [CrossRef]

Hirokawa, Y.; Maki, Y.; Hanai, T. Improvement of 1,3-propanediol production using an engineered
cyanobacterium, Synechococcus elongatus by optimization of the gene expression level of a synthetic metabolic
pathway and production conditions. Metab. Eng. 2017, 39, 192-199. [CrossRef] [PubMed]

Narisetty, V.; Astray, G.; Gullon, B.; Castro, E.; Parameswaran, B.; Pandey, A. Improved 1,3-propanediol
production with maintained physical conditions and optimized media composition: Validation with
statistical and neural approach. Biochem. Eng. J. 2017, 126, 109-117. [CrossRef]

Xu, G,; Liu, Y.; Gao, Q. Multi-objective optimization of a continuous bio-dissimilation process of glycerol to
1,3-propanediol. ]. Biotechnol. 2016, 219, 59-71. [CrossRef] [PubMed]

Xu, G.; Li, C. Identifying the shared metabolic objectives of glycerol bioconversion in Klebsiella pneumoniae
under different culture conditions. J. Biotechnol. 2017, 248, 59-68. [CrossRef] [PubMed]

Xu, G.; Wang, M. Parameter identification of a biological process: A comparative study. In Proceedings of
the 2016 3rd International Conference on Information Science and Control Engineering (ICISCE), Beijing,
China, 8-10 July 2016; IEEE Computer Society: Los Alamitos, CA, USA, 2016; pp. 1034-1038.

Xu, G.; Wang, D.; Li, C. Optimization of continuous bioconversion process of glycerol to 1,3-propanediol.
Int. ]. Bioautomation 2018, 22, 199-212. [CrossRef]

Wischral, D.; Zhang, J.; Cheng, C.; Lin, M.; De Souza, LM.G.; Pessoa, FEL.P; Pereira, N., Jr.; Yang, S.
Production of 1,3-propanediol by Clostridium beijerinckii DSM 791 from crude glycerol and corn steep liquor:
Process optimization and metabolic engineering. Bioresour. Technol. 2016, 212, 100-110. [CrossRef] [PubMed]
Silva, J.P.; Almeida, Y.B.; Pinheiro, I.O.; Knoelchelmann, A.; Silva, ]. M.E. Multiplicity of steady states in a
bioreactor during the production of 1,3-propanediol by Clostridium butyricum. Bioprocess Biosyst. Eng. 2015,
38, 229-235. [CrossRef] [PubMed]

Wang, L.; Lin, Q.; Loxton, R.; Teo, K.L.; Cheng, G. Optimal 1,3-propanediol production: Exploring the
trade-off between process yield and feeding rate variation. J. Process Control 2015, 32, 1-9. [CrossRef]
Kumar, V.; Durgapal, M.; Sankaranarayanan, M.; Somasundar, A.; Rathnasingh, C.; Song, H.; Seung, D.;
Park, S. Effects of mutation of 2,3-butanediol formation pathway on glycerol metabolism and 1,3-propanediol
production by Kiebsiella pneumoniae J2B. Bioresour. Technol. 2016, 214, 432—440. [CrossRef]

Hirokawa, Y.; Maki, Y.; Tatsuke, T.; Hanai, T. Cyanobacterial production of 1,3-propanediol directly from
carbon dioxide using a synthetic metabolic pathway. Metab. Eng. 2016, 34, 97-103. [CrossRef] [PubMed]
Celiniska, E. Klebsiella spp. as a 1,3-propanediol producer-the metabolic engineering approach. Crit. Rev.
Biotechnol. 2012, 32, 274-288. [CrossRef]

Biegler, L.T. Nonlinear Programming: Concepts, Algorithm, and Applications to Chemical Processes; SIAM:
Philadelphia, PA, USA, 2010; pp. 287-324, ISBN 978-0-898717-02-0.

Betts, ].T. Practical Methods for Optimal Control and Estimation Using Nonlinear Programming; SIAM:
Philadelphia, PA, USA, 2010; pp. 91-149, ISBN 978-0-898716-88-7.

Guo, T.; Allison, J.T. On the use of mathematical programs with complementarity constraints in combined
topological and parametric design of biochemical enzyme networks. Eng. Optim. 2017, 49, 345-364.
[CrossRef]


http://dx.doi.org/10.1016/j.rser.2014.10.033
http://dx.doi.org/10.1016/j.procbio.2018.05.009
http://dx.doi.org/10.1016/j.jbiotec.2017.07.033
http://dx.doi.org/10.1016/j.bej.2016.09.018
http://dx.doi.org/10.1007/s11590-016-1105-6
http://dx.doi.org/10.1016/j.jprocont.2016.05.001
http://dx.doi.org/10.1016/j.ymben.2016.12.001
http://www.ncbi.nlm.nih.gov/pubmed/27998670
http://dx.doi.org/10.1016/j.bej.2017.07.003
http://dx.doi.org/10.1016/j.jbiotec.2015.12.014
http://www.ncbi.nlm.nih.gov/pubmed/26704728
http://dx.doi.org/10.1016/j.jbiotec.2017.03.014
http://www.ncbi.nlm.nih.gov/pubmed/28323016
http://dx.doi.org/10.7546/ijba.2018.22.3.199-212
http://dx.doi.org/10.1016/j.biortech.2016.04.020
http://www.ncbi.nlm.nih.gov/pubmed/27085150
http://dx.doi.org/10.1007/s00449-014-1262-x
http://www.ncbi.nlm.nih.gov/pubmed/25090981
http://dx.doi.org/10.1016/j.jprocont.2015.04.011
http://dx.doi.org/10.1016/j.biortech.2016.04.032
http://dx.doi.org/10.1016/j.ymben.2015.12.008
http://www.ncbi.nlm.nih.gov/pubmed/26769097
http://dx.doi.org/10.3109/07388551.2011.616859
http://dx.doi.org/10.1080/0305215X.2016.1188091

Appl. Sci. 2019, 9, 337 16 of 16

28. Almeida, J.S.; Voit, E.O. Neural-network-based parameter estimation in S-system models of biological
networks. Genome Inform. 2003, 14, 114-123. [CrossRef] [PubMed]

29. Deng, Z; Tian, T. A continuous optimization approach for inferring parameters in mathematical models of
regulatory networks. BMC Bioinform. 2014, 15, 256. [CrossRef]

30. Lubansky, A.S.; Yeow, Y.L.; Leong, Y.-K.; Wickramasinghe, S.R.; Han, B. A general method of computing the
derivative of experimental data. AICKE J. 2006, 52, 323-332. [CrossRef]

31. Feng, E.; Xiu, Z. Nonlinear Fermentation Dynamic System: Identification, Control and Parallel Optimization;
Science Press: Beijing, China, 2012; ISBN 978-7-03-034959-0.

@ © 2019 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access
@ article distributed under the terms and conditions of the Creative Commons Attribution

(CC BY) license (http:/ /creativecommons.org/licenses/by/4.0/).



http://dx.doi.org/10.11234/gi1990.14.114
http://www.ncbi.nlm.nih.gov/pubmed/15706526
http://dx.doi.org/10.1186/1471-2105-15-256
http://dx.doi.org/10.1002/aic.10583
http://creativecommons.org/
http://creativecommons.org/licenses/by/4.0/.

	Introduction 
	Parameter Identification Model for the Microbial Batch Process 
	Microbial Batch Process 
	Parameter Identification Model 

	Two-Stage Method for the Parameter Identification Model 
	Two-Stage Method 
	Computing the Slopes of Experimental Data 

	Optimization Results and Discussion 
	Conclusions 
	References

