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Abstract

Bioethanol production from fermentation of a sub-
strate using biomass as catalyst is considered.
Four alternative reaction rate models with differ-
ent levels of details are derived and implemented
in Modelica. The problem of parameter estima-
tion of models using state/parameter estimation
techniques in a Modelica-Dymola/Matlab setup is
discussed. Practical aspects concerning the differ-
ent implementations of nonlinear estimators are
analyzed (EKF, UKF, and EnKF). The use of
Modelica-Dymola for “on-line” applications such
as state estimation poses the additional problem
of the efficiency of the code; this will also be dis-
cussed. The four reaction rate models are fitted
using fictitious experimental data generated from
one of the models to illustrate the parameter esti-
mation procedure.

Keywords: bioethanol fermentation, parameter es-
timation, nonlinear estimators

1 Introduction

Alcoholic fermentation is an important bio-
chemical process which has been known for some
5000 years. FEthyl alcohol, or more commonly
ethanol, has chemical formulae Co HsOH, and
finds uses as (i) alcoholic beverage (beer, wine,
spirits), (ii) solvent, (iii) raw material in chemical
synthesis, and (iv) fuel.

With the current focus on CO2 release and global
warming, there is a considerable interest in pro-
ducing fuel from biomass. Production of ethanol
from fermentation typically involves a two step
process: (a) the main process where substrate
(glucose) is converted to ethanol and non-fossil
COz2 in an enzymatic process, and (b) the aero-

bic yeast growth through the consumption of sub-
strate and oxygen.

In continuous reactors, yeast is contiuously
washed out, leading to a less efficient use of the
yeast. The use of immobilized yeast increases
the efficiency of the process, as less substrate is
“wasted” for yeast production. In fermentation,
salts are involved as co-enzymes. The resulting
ions affect the oxygen uptake in the reaction mix-
ture.

The produced (bio-) ethanol can be used as fuel
after some additional processing —filter yeast, re-
move water by distillation, etc. Alternatively, the
ethanol can be converted to methane by microor-
ganism.

The efficient production of ethanol in a fermenta-
tion reactor requires quantitative analysis of how
raw materials are converted to products. Static
models are often used for design purposes for con-
tinuous reactors, while dynamic models are re-
quired for batch reactors (e.g. beer production)
and for control analysis and design in continuous
reactors. A simple numeric dynamic model for
the continuous fermentation of glucose using the
yeast saccharomyces cerevisae is given in [1]. The
model is somewhat simplified in that the dynam-
ics of the overall reactor volume is neglected, the
role of the salts as co-enzymes is neglected, and
somewhat simple kinetic reaction rates are used.
A more systematic development of reaction rates
for the continuous ethanol fermentation process is
presented in [2]. In [1], the effect of ions on the
oxygen uptake in the reactor mixture is included,
but the effect of glucose is neglected; expressions
for the effect of ions and sugars are given in [3].
Most of the parameters of the model of [1] are
given in their publication; however there is one
or two typos, and the effect of salt ions on the
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oxygen uptake is as if the salinity of the reaction
mixture was similar to that of sea water (due to
some mole-to-gram conversion problem).

It is of interest to study the parameter estima-
tion problem of the fermentation model for the
different rates of reaction models with the pur-
poses of control and identification. Online pa-
rameter identification can be achieved using re-
cursive state/parameter estimators. For linear
systems with normally distributed process and
measurement noise, the optimal recursive estima-
tor is the Kalman filter. Estimation for non-
linear systems is considerably more difficult and
admits a wider variety of suboptimal solutions.
The extended Kalman filter (EKF), unscented
Kalman filter (UKF), and the ensemble Kalman
filter (EnKF) are implemented using Modelica-
Dymosim and Matlab. The fermentation with the
different reaction rates is implemented in Model-
ica and compiled into Dymosim. The parameters
are directly estimated using the parameter state-
augmented approach and the discrete version of
the estimators are implemented in Matlab.

The paper is organized as follows. In the next
section, an overview of the fermentation process
and its implementation is given. Different kinetic
reaction rates for the fermentation process are pre-
sented in accordance with biochemical engineering
principles. We give a brief introduction of the im-
plementation of the proposed models in Modelica.
In section 3, we discuss the problem of parame-
ter estimation of models using recursive nonlinear
state/parameter estimation techniques in a Mod-
elica/Matlab setup. The traditional use of the
Extended Kalman Filter poses some questions re-
garding the computation of the Jacobians of the
system. In more modern techniques such as the
Unscented Kalman Filter, and Monte Carlo tech-
niques such as the Ensemble Kalman Filter, the
computation of Jacobians is avoided. Also, these
more modern techniques handle nonlinearities in a
better way than the Extended Kalman Filter. In
particular when these estimation techniques are
used for parameter estimation, some of the fil-
ter constants need to be carefully tuned, and we
discuss this problem. Also, the use of Modelica
for ”on-line” application such as state estimation
poses some particular problems with regards to
the efficiency of Modelica implementations; this
will be discussed. Finally, we assume that the
model of [1] has been fitted well to experimen-

tal data. We then generate fictitious experimental
data from the model of Agachi et al., and we illus-
trate the parameter estimation procedure by fit-
ting the new models to the generated experimental
data.

2 Fermentation model

2.1 Description

The nutrients in biochemical reactions are known
as substrates. The substrate for the ethanol pro-
duction process is thus glucose. For the yeast
growth process, the substrates are glucose and
oxygen. In the sequel we will use symbol S do de-
note glucose. Since oxygen has a relatively simple
chemical formulae, we will not introduce a partic-
ular notation for oxygen. Furthermore, we will use
symbol P for the main product, which is ethanol,
and symbol X for the yeast.

The original reaction kinetics given by [1] can be
seen in Table 3 with the superscript o for every
specie 7"3?.

The fermentation reactor for the production of
ethanol is sketched in Fig. 1. Glucose (substrate
S, sugar) in a water solution is continuously fed
to the well stirred reactor; the volumetric feed
flow is V; [volume/time]. The reactor contains
yeast (microorganisms X), which reacts with sub-
strate to produce ethanol (product P). We con-
sider this reaction 1, with kinetic reaction rate

71 [mass/(volume time)] !.

sBp (1)

Simultaneously, in a second reaction (2), the mi-
croorganism breed under the consumption of oxy-
gen to produce more yeast; the kinetic reaction
rate is 72 [mass/(volume time)].

S+02 B X 2)

The relationships between the rates of generation
r; [mass/(volume time)] with j € {P,X,S,O2}
can be seen in Table 3. All reaction rates have
dimension mass/(volume time). It follows that
r1 = 7p is the mass of ethanol produced per vol-
ume and time, etc. Factor Ygp has the meaning
of mass of ethanol (product) produced per mass of
glucose (substrate) consumed. Similar interpreta-
tions are valid for Ysx and Ypx.

!The CO; specie is not considered in the expression.
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Fig. 1: Sketch of fermentation reactor.

Both in the inlet stream and in the reaction
medium, water is dominant such that the density
p of the mixture can be assumed to be constant.
For oxygen, there is an input flow g, q in that
oxygen is transported from air to dissolved oxygen
in the reaction medium,

(3)

where ky, [1/time] depends on the temperature,
V' is the volume of the reaction medium, pg, is
the mass based concentration [mass/volume], and
Po, 1s the equilibrium concentration of oxygen in
water. pg, depends on salts in the mixture. It
is assumed that there is no Qg in the feed water
stream. In both reactions 1 and 2, COs is released
as a byproduct; here we do not model the carbon
dioxide production.

The total mass, species balances, and energy bal-
ance for the reactor and the water jacket models
are presented in Table 1. The fermentation bound-
ary conditions defined as inputs and outputs are
defined in this table. The fermentation model pa-
rameters of the original model developed in [1] are
shown in Table 2.

mOg,a = k@a (PBQ - Po2) ‘/7

2.1.1 Fermentation reaction and rates

The elementary reaction rate r{ for the ethanol
production is developed considering the substrate-
enzyme interactions, the resulting rate is given by
the Michaelis-Menten kinetics. Additionally, the
presence of ethanol inhibits the ethanol produc-

Tab. 1: Fermentation model.
Reactor total mass and species balances:
L = 1 — 1,
Dy = 1y, — 1, + 1k, with j € {P,X,S, 02}
Reactor rates of generation:
Mg = er with j € {P,X,S, 02}
Reactor outputs:
me = kvV'V
1o = Vop; with j € {P,X,S, 02}
Reactor inputs:

m; = pV;
mPJ‘ =0
’f.rLX’l' =0

mg; = ps,iVi

mOQ = m027a

Oxygen interface transport:

10,0 = kta (05, = Po,) V

POy = Pog0 (T)exp (=32, In = >, Sm)

with n € {Na™,Cl~,Ca®® CO52 Mg Ht,OH }
I, = %sz?cj

2om Sm =S5 = Kgcg

£05,0 (T) = ag + oy T + axT? + azT?

Reactor energy balance:

pep VAL = pe, Vi (T; — T) + AH, 2Vl — Qneatex
Water jacket mass balance:

mys +mge =0

Water jacket energy balance:

PJép,JVJdd% = pJép,JVJ (Ty:—Ty)+ Qneatex
Water jacket-reactor heat transfer:

Qneatex = U Az (T —T))

tion rate (inactive enzymes), this effect is also in-
cluded in this reaction rate. The combined effect
is shown in Table 3.

A common simplified model for the effect of com-
petition for active sites yields the simplified rate
r{, where a specie that competes for an active
site and participate in the reaction has the form
pg/(Kg1+pg), while a specie that competes for an
active site and does not participate in the reaction
has the form 1/(1 + kp 1pp).

Another possible model for ethanol produc-
tion with ethanol inhibition is to notice that
exp (—kp,1pp) ~ 1/ (1 + kp1pp) . This exponen-
tial term can be explained by assuming inhibition
by ethanol may be caused by intracellular mech-
anisms.

A similar analysis can be done for the reaction
rate for the yeast production for the different ap-
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Tab. 2: Parameters for the fermentation reactor with Tab. 3: Parameters for the fermentation reactor with

original reaction rates.

original reaction rates.

p=1080g/1
p;=1000g/1
¢,=4.181/(g°C)
¢y =4.18J/(g°C)

py=1.79h~!
fto,= 0.507"
A;=95E8h!

Ay=2.55E33 h™!
Eq.1/R=6.6185E3 K
Eu.2/R =26.474E3 K

Kg1=1.68g/1
2Nat+= F1
Zg-= —1
Zoate= +2
Zoo;2= -2
2\gte= 12
zp+= +1
Zog-= —1

Hy,+= —0.551/ mol
He-=0.841/ mol
HOH—: 0941/ mol

Reactor/Water jacket parameters:

AH, o,= —518kJ/molg,
V=501
U,A,=3.6E5J/(h°C)
(Ka)g= 380"

Rate of generation parameters:

Kgo=103g/1
Ko,=8.86mg/1
kepa=0.0701/ g
kp.o=0.1391/ g
Ysx=0.607gy/ gg
Ysp= 0.435g,/ gg
Yox=0.970gy/ g¢,

Oxygen interface transport parameters:

Hyjg+2= —0.3141/ mol
Hego+2= —0.3031/ mol
Kg=0.1191/ mol
Myaci= 58.44 g
Mygct, = 95.21 g/ mol
Mcaco,= 100.09 g/ mol
Mo,= 32g/mol
Mg=180.15 g/ mol
ap= 14.16 mg/1

a1= —0.394mg/(1°C)

ap=T.71E —3mg/(1°C?)
as= —6.4F —5mg/(1°C?)

Hep 2= 048 1/ mol
Hy+= —0.771/ mol

proximations.

The original rates are closely related to the devel-
oped rates where product inhibition is explained
via intracellular transport. The original model
neglects the oxygen dependence of the intracellu-
lar model and neglects the substrate dependence
and the product inhibition. Clearly, when the ki-
netic rates change their functional form, the para-
meter /temperature functions change. The differ-
ent rate reaction rates are shown in Table 3.

2.2 Implementation

In Modelica it is important to implement a good
structure to enable easy modification of the mod-
els. The core model of the fermentation reactor is
the basic volume model, there is where the total
mass, species mass balances, and energy balance
are defined. This model exchanges heat with the
water jacket model through an MSL heat port. It

Reaction rates 1:

9= pPx 75 s @XP (—kpapp)

_ Ps

r{=

1= MPX g (Tkpipp ) +os
s__ Ps 1

1= H1Px Ksi+tps 1+kp1pp

1= i px g exp (—ke,1pp)
Reaction rates 2:

o__ Ps _
T2= H2PX Ky 5 pg OXP ( kP72PP)
PsPooy

e

Te=
27 Ha2Px KS,2K02+<1+kP,EPp)+KOQPs+pspOQ
s Ps Poy 1

7‘2 /J’2pX KS,2+KJS K02+p02 1+kP,2/’p

i Ps Pos _
T2= H2PX &5 2t pg Koy +tho, exXp ( kPQPP)

Rates of reactions for P, X, S, O2
rk=r} ,
rb= vk ,
rhe — gL Lok ,
6=~ Yéx s i

~ Vo 0 PX Ty o

k={o,e,s,i}
k={o,e,s,i}
k={o,e,s,i}
k*={e,s,i}

also has a chemical port (i.e. intensive variables:
temperature and mass concentration vector; and
extensive variables: mass flow rates vector and
heat flow rate) that connects with the rate of gen-
eration replaceable model and the oxygen trans-
port model, and two thermofluid ports (i.e. in-
tensive variables: pressure, specific enthalpy, and
mass fraction vector; and extensive variables: en-
thalpy flow rate vector, mass flow rate vector, and
total mass flow rate) to connect the basic volume
with the incoming mass flow rate in and the out-
coming mass flow rate out of the model. The ba-
sic volume is then connected to the water jacket
model, to the oxygen transport model, to the rate
of generation replaceable model as shown in Fig.
2.

The four different reaction kinetic rates (i.e. orig-
inal, elementary, simplified, and intracellular) are
implemented using a replaceable component. A
common set of parameters and equations are de-
fined in a partial model called rate of generation.
Specifics of every reaction rate model are defined
separately in each model that inherits the rate of
generation partial model. The heat of reaction is
also defined in these models. The water jacket
model uses two MSL flow ports.
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Fig. 2: Dymola diagram layout of the fermentation re-
actor component.

3 Nonlinear estimators

3.1 Description

The ethanol fermentation reactor model can be
written in the general discrete nonlinear state
space form:

T = fr-1(Th-1, uk-1, Wk-1)
e = hy(ok, vk) (4)
where fr_1 : RteTutne _ R jg the discrete
state function, xy € R™ is the discrete state vec-
tor, uxp_1 € R™ is the discrete input, wy_; € R™»
is the discrete process noise vector, hy, : R —
R"™= is the discrete output function, vy, € R™ is the
discrete measurement noise vector, y; € R™ is the
output vector, and k is the time index. The noise
vector sequences {wyp_1} and {v;} are assumed
Gaussian, white, zero-mean, uncorrelated, and
have the known covariance matrices Q) € R™=*"w
and Ry € R *"v,

3.2 Augmented states

The augmented state space approach can be di-
rectly used to simultaneously solve the state and
the parameter estimation problem (e.g. see [4]).
An augmented state space representation is for-
mulated by adding the vector of parameters to be
estimated 05, € R™*! as new states:

Tab. 4: EKF algorithm.

Initialization:

&%0|0 ~ N(i‘m Po)
Pojo =P
fork=1,2,...
Propagation step:

(a priori covariance estimate)

Ofr—
L1 = fr—1

Tr_1|k—1 Owp—1 Tr_1k—1
Pii—1 = Fec1Po_qjp1 FiE )+ Le—1 Q1 LY
(a priori state-output estimate)

Tpjk—1 = fe—1(Tp—1)k—1,Uk—1,0)

Jrik—1 = by (Zjr—1,0)

Measurement update:

(Kalman gain calculation)

— Ohp — Ohy
Hk — Oup & Mk’  Ovy |-
klk—1 Thlk—1

K = Pk\kle]zﬂ(HkPk\kleg + MkRkMg)_l
(a posteriori state-covariance estimate)

Tk = Trjp—1 + Kr(Ye — Jrjp—1)

Py = (I — Ky Hy,) Pyji—1

()
(6)

where T is the sampling time step, wligi)l € R”“(j)
is the process noise vector that affects the original
states, and w,(f_)l € ]Rm(f ) is the process noise vec-
tor that affects the added parameter states. The
noise vector sequences {wi_1} and {v;} are as-
sumed Gaussian, white, zero-mean, uncorrelated,

and have the known covariance matrices Qp €
(), (6)
) and Ry, € R™wxmw

[xk] _ [fk—l (SUk-LUk—lawz(f—)l)]

Hk 91@*1 + Tsw;(f,)l

Yy = hi(Tk, vk)

R(nz +n0) X (n’w +nay

wp ~ N(0,blkdg(Q, Q"))
Vi ~ N(()?Rk)

During the propagation step, the augmented
states corresponding to parameters 6 are consid-
ered equal to the previous time step 6j_; with
some additive process noise w,(i)l. If it is assumed
that the parameters do not chan(%)e at all, then

there is no process noise vector w;_,, but for the
more general case of time-varying parameters (e.g.

fouling, etc.), the value of fo) will be given by
the admissible range of variation of 6. During
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the measurement update step the parameter val-
ues are corrected.

For notational simplicity in the estimators algo-
rithms that follow, the augmented state vector is
referred to as zy, the state augmented function (5)
is referred to as fr_1, and the augmented process
noise vector is referred to as wy_1.

Tab. 5: UKF algorithm.

Initialization:

L=ng+ny+n, \=a?(L+r)—L

y=VL+X A, =)\ (\+1L)

AN =XN/A+L)+(1—-a%+p)
fori=1,2,...,2L
Al = (2 + L)1, AL = AL,

.’)30|0 NN(.TQ,PO)

Pyo=5F

fork=1,2,...

Propagation step:

(sigma points propagation)

Py_1j5—1 = blkdiag(P_1jx—1, Qk, Ry

552_1%_1 = [(ik—l\k—l)Talenw701xm,]T
fori=1,2,...,L
Ty 11 = Tqppor + v chol(Py_y -1, %)
j;.ctLukq = i”2—1\16—1 - ’YChOl(pk—llk—l’i +1L)
571271111 = fkfl(jl(;i)ll\k71juk*17ingcui)llmq)
g;’qkq = hk(j/(j\cz)j_pj;ﬁzuk—1)

(a priori state-output estimate)

Tpp—1 = Z?io Ainfg;)f,l

ko1 = 20k AT

(a priori state covariance estimate)
é;,k|k—1 = (571(:\:1111 - iklk'—l)

Prje—1 = Z?io Af:(é;,k\k—l)(é;,kw—JT
Measurement update:

(Kalman gain caleulation)

é;7k|k_1 = (ijiqk_l - Z)k\k—l)

P, = Z?ﬁo Ai(é;,k\kq)(éz,mkq)ip
Py = E?io Az(éi,k\k—l)(é;,Mk—l)T
Ki = Poy Pyt

(a posteriori state-covariance estimate)
Tk = Thip—1 + Ke(Yr — Jrjp—1)

Py = Pyjp—1 — K Py K}

3.3 Nonlinear Recursive Estimators

The nonlinear estimation problem can be formu-
lated as a recursive Bayesian estimation problem
with a propagation and a measurement update

step. This is the optimal way of predicting a state
probability density function (pdf) p(zx) for any
system in state space representation with process

and measurement DOiSG2.

Tab. 6: EnKF algorithm.

Initialization:

(initial ensemble)
fori=1,2,...,N
x(ino ~ N(Zo, o)
for k=1,2,...
Propagation step:
(ensemble propagation)
fori=1,2,...,N
x2|k—1 = fk—1($2—1|k—1v“k—1:w1if1)
yi\kq = hk(a:};‘kfl,v,i_l)
(estimated state-output propagation)
Tl—1 = (V)1 Zfil $Z|k—1
ek = (N) 7V iy
(covariance calculation)
ei:,k|k71 = (x?qkq — Bpjp-1)
Py = (N —=1)7" Zilil(ei,Mk—l)(e;,k\k—l)T
Measurement update:
(Kalman gain calculation)
e;,k|k—1 = (yi|k—1 L)
Py=(N-1)" Zfio(eé,mkq)(e;,mkﬂﬂ
Ppy=(N-1)"" Zﬁio(ei,k\k—l)(e;,klk—l)T
K, = P/chyPy_1
(state-out-covariance update)
Ty = Thpeor T Ke((We +07) = yhp_y)
By = (V)20 g
Pijk = Prjp—1 — KpPyKL

Assuming that the initial state pdf p(zo), the
process noise pdf p (wg_1), and the measurement
noise pdf p (vy) are known, a recursive solution of
the estimation problem can be found using first
the Chapman-Kolmogorov equation to calculate
the a prior: pdf for the state z; based on the pre-
vious measurement y;_1 (propagation step)

p(er|ye—1)=)p(zr|zr—1)p(Tp—1|yp—1)drr—1 (7)

where p (zg|zr—1) can be calculated from the state
function fi_1 and the pdf of the process noise wy.

Secondly, the Bayes rule to update the pdf of
the state zj with the new measurement y; (mea-
surement update) is

2Markov process of order one.
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— p(yklze) p (Tk|yk—1)
PR =Ty elan) p (anlye ) dze )

where p (yx|zr) is available from our knowledge
of the output function h; and the pdf of vg, and
P (k|yk—1) is known from (7). Although the initial
state pdf p(zp), the process noise pdf p (wg—_1),
and the measurement noise pdf p (v) are needed
to solve the recursive Bayesian estimation, no spe-
cific statistical distribution is required.

The recursive relations (7) and (8) used to cal-
culate the a posteriori pdf p(xp|yx) are a con-
ceptual solution and only for very specific cases
can these be solved analytically. In general, ap-
proximations are required for practical problems.
Three main groups of suboptimal techniques with
significant performance and computational cost
differences are used to approximate the recursive
Bayesian estimation problem: the classical non-
linear extension of the Kalman filter (EKF), the
Unscented Kalman filter (UKF), and the Ensem-
ble Kalman filter (EnKF) approaches.

3.4 Extended Kalman Filter (EKF)

The discrete EKF is probably the most used se-
quential nonlinear estimator nowadays. It was
originally developed as a nonlinear extension by
Schmidt [5] of the seminal work of Kalman [6].
Based on the Kalman filter, it assumes that the
statistical distribution of the state vector remains
Gaussian after every time step® so it is only nec-
essary to propagate and update the mean and co-
variance of the state random variable xj. The
main concept is that the estimated state (i.e. es-
timated mean of xj) is sufficiently close to the
true state (i.e. true mean of xj) so the nonlinear
state/output model equations can be linearized
by a truncated first-order Taylor series expansion
around the previously estimated state.

The discrete algorithm is given in table 4. In
general, this algorithm works for many practical
problems, but no general convergence or stability
conditions can be established? and its final per-
formance will depend on the specific case study.
For highly nonlinear models with unknown initial
conditions, the EKF assumptions may prove to
be poor and the filter may fail or have a poor per-

3this assumption is in general not true for nonlinear sys-
tems.
texcept for some special cases [7].

-Experiment description:

T - Optional file _start time
su.mat to define i ;
-stop time
dsu.txt trajectories of finiv‘;l. (opt) dsin.txt | ..... )
input signals -parameters,etc
-Stand-alone dymosim -i generates a
program that ] default dsin.txt file
-s simulate

dymosim.exe
-l linearize J
-tinival. calc.

dsres.mat )
dslog.txt . dsfinal.txt
9 dsres.txt
;hStat_istitl:st_of _ Results of the - FinaltstaIe
; Stlnmu _aflon. simulation (samzs_ rL;cture
-bebuginio i - Binary or text as dsin.txt)

’ formats
dymosim -
dslin.mat - linearize model
at initial values
-Jacobians

Fig. 3: Dymosim and related input and output files.

formance. The main tuning parameters are the

estimator covariance matrices @ and Rj.

3.5 Unscented Kalman Filter (UKF)

The unscented Kalman filter was originally devel-
oped by Julier and Uhlman [8, 9, 10, 11].

In the unscented Kalman filters, instead of ap-
proximating the nonlinear state/output functions,
it is the probability distribution that is approx-
imated. Basically, a set of points, called sigma
points, are generated to match the state mean and
state covariance of the probability distribution of
the previously estimated state, then they are prop-
agated through the nonlinear function. The pro-
jected points are used to approximate the first two
moments (i.e. the a priori estimated state and
state covariance) that are necessary during the
measurement update step. This filter normally
outperforms the previously presented EKF. Its
more general form has a higher computational cost
but it does not require the calculation of any Ja-
cobian matrices (i.e. derivatives). The algorithm
is given in table 5.

The tuning parameters of the UKF are also the
estimator process and measurement noise covari-
ance matrices, and the scalar parameters {a, k, 5 }:
«a determines the spread of the sigma points
around the previous estimate, and the 5 value
depends on the type of distribution assumed (for
more details about their values see [11]).

3.6 Ensemble Kalman Filter (EnKF)

The EnKF uses an ensemble (i.e. particle set) dur-
ing the propagation step, but the classical Kalman
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measurement update equations (instead of using
the resampling with replacement approach of the
particle filters) during the measurement update
step. The covariances matrices P, and P, ob-
tained from the propagation of the ensemble ele-
ments through the nonlinear state-space are used
to calculate the Kalman gain K. The a posteri-
ori ensemble is calculated from the Kalman gain
matrix and an artificially generated measurement
particle set that is normally distributed with mean
equal to the current measurement y; and covari-
ance equal to Rg. The a posteriori ensemble is
used to calculate the a posteriori state and co-
variance estimate, and it is used for the next filter
iteration of the algorithm. For details about the
algorithm, see table 6. The EnKF was originally
developed in [12] to overcome the curse of dimen-
sionality in large scale problems (i.e. weather data
assimilation). It is suggested in the literature [13]
that ensembles (i.e. particle sets) of 50 to 100
are often adequate for systems with thousands of
states, but no conclusive work has been done on
this.

Besides the estimator process and measurement
noise covariance matrices, the other tuning para-
meter for this filter is the number of ensemble el-
ements.

3.7 Implementation

The fermentation model is written in Modelica
and compiled in Dymola into a stand-alone ex-
ecutable file called Dymosim. The different es-
timators are implemented in Matlab from where
Dymosim is sequentially called during the prop-
agation step to project the state vector (i.e. in-
tegrate over the sampling time) in the estimator
algorithms. The parameter state vector 6 is di-
rectly propagated within the Matlab code so the
original model does not need to be modified to
include the parameter dynamic equations.

Within the Modelica model the input vector wuy,
the process noise input vector wg, and the para-
meter input vector 8, must be defined. This can
be done in the following way at the top level of
the model:

nodel fermentation

i nput Real u_ul;
i nput Real u_wi;

/1 define nodel inputs
/] define noise inputs

input Real u_pl; // define param inputs
paraneter Real p_ul;

paraneter Real p_wil;

paraneter Real p_pl;

paraneter Real p_il;

equati on

flui dBCv. u[ 1] =u_ul+p_ul;

react or. basi cVol . w[ 1] =u_wl+p_wi;
reactor.RG p_nul=u_pl+p_p1;
reactor.i_rho[1]=p_i1;

end fernentation;

Additionaly, the discrete EKF estimator re-
quires the calculation of the discrete Jacobians
Fy_1,Lj_1,Hy, M. This can be done calculat-
ing a linearized model around the previous state
estimate defined by the operating point op =
[T ul |0, 0L |7 with the following Matlab
code:

eval ( ['! dynmpsim', "-1 '",'"dsin.txt'] );

In the file “dsin.txt” (see Fig. 3) the operating
point is defined using parameters and the initial
state for every iteration. The calculated linearized
model is written in the file “dslin.mat” and then it
can be loaded into Matlab using the Dymola add-
on function tloadlin which loads the matrices
A,B,C,D and the string vectors uname, yname, and
xname. These matrices correspond to

_  9f(zuw)
A - ox op
B - |Yeww| deuw) | dfeuw)
- ou op’ ow ’ op’ 00 op
_ Oh(=,
c = ougn
op
Oh(z,
b - ot
op

The parameter augmented state space discrete ja-
cobians are approximated from the A, B, C, D ma-
trices

[ A B n n en
A¢ = (:3nu 4y +1:end)

_Onpxnz Onpxnp
F; —  Ofus ~ ACAL

k=1 = gp o exp ( )

Be _ B(:,nu+1:cnd) Onzxnp

L Onpxnz 1np><np
Lisi = goct

S .

[IAt + HAAE? + £ AN + .. |B°
Hy, = [C 04, xn.]
Mk = D
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where n,, is the input vector dimension, n,, is the
process noise vector dimension, and so on. For
notation simplicity, the matrices in the previous
equations use Matlab notation.

4 Results

Due to the lack of experimental measurements,
simulated data sets from the model with the orig-
inal kinetic reaction rates are generated. The sys-
tem model is simulated for 1000h and data sam-
ples are collected every 1h. Because the transient
response is relevant to parameter identification,
step-like input sequences with high frequency con-
tent are used (see Fig.4). The initial state vector
for the fermentation model is .
Ty = [Vypp,px,psmoz,T,TJ]
= [1000,12.9,0.9,28.6,3.9, 30.4, 26.9]

The system model process and measurement noise
vector sequences {wy_1} and {v;} are Gaussian,
white, zero-mean, uncorrelated, and have constant
covariance matrices

Qn = blkdiag ( (@) ,@)
=) —  diag ([1000, 15, 2,100, 5, 35, 30]) * 1 E —7
@~ diag([1,1,1,1,1,1,1,1]) «x LE -7
R, = diag([15,2,100,5,35,30]) 2 —3
A subset of 8 parameters 0 =
(11, Ks1, Ks2, kp1, kp 2, Ysp, Ysx, Yox|” is

estimated for every estimator (i.e., the EKF,
the UKF, and the EnKF) using every reaction
rate model (i.e., the original, the elementary,
the simple, and the intracellular reaction kinetic
models). The initial parameter values for every
reaction rate model are adjusted to ensure that
all simulation results give the same steady state
values at initial time ¢ = 0. The estimators
inputs are equal to the system model inputs
u = [VM,pS’i]T, and the measured outputs are
Y = [pps Px> Pgs POy T T7]" (see Fig.4). The esti-
mators are simulated for 1000h with a sampling
time of 1h.

The estimators’ initial state vectors are drawn
from a normal distribution with mean and covari-
ance equal to

G0~ Nk, 00)7, bikdiag (RS, A”))
o = [990,13.9,0.8,27.6,4.9,27.4,24.9]T
6o = [1.49,1.48,1.23,7.3,1.19,5.07,4.55,9.3]7
P® diag((0.125 * Zo)0) ."2)
P = diag((0.125  6gp) ."2)
The UKF parameters are {o,k,[} =

{1E-3,0,0}, and the EnKF is evaluated
for an ensemble of N = 100 elements. The esti-
mators process and measurement noise sequences
are Gaussian, white, zero-mean, uncorrelated,
and have constant covariance matrices equal to
the system model.

Water jacket volume flow rate in mass concentration of glucose in V;

12
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= ¢ 40
20|

0 500 1000 0
Mass concentration of ethanol

ps,i(k)[g/1]

T

500 1000
__Mass concentration of yeast

pr(k)lg/l]
%
px (K)lg/l]

0 200 400 600 800 1000 ~0
Mass concentration of glucose

500 1000

Mass concentration of oxygen

ps (k)lg/1]

0 500
Reactor Temperature

[
o

00 500

Jacket Temperature

1000

0 500
time [h]

1000 0 500

time [h]

1000

Fig. 4: Process inputs (VJ’i,pS’i), and measured out-
puts (pp, Px, P PO, 1 T;) with measurement noise
(grey line) and without it (black line).

Every different reaction rate is evaluated for
every estimator using 50 Monte Carlo simula-
tions. As a general notation, consider an ensem-
ble {xz (k)} where i indicates the realization, j the
state/parameter, and k the time index. The en-
semble average (over the realizations) is denoted
(x5 (k)):
(a5 () & Z

where Ngimy 1S the number of realizations.

For every estimator with the different reaction
rates two performance values (averaged over the
number of Monte Carlo simulations) are calcu-
lated for each estimated parameter j: the averaged
estimated parameter for every time index k that
is used to evaluate the parameter estimation bias

wrt. the true parameter value (93 (k)), and the
averaged absolute estimated parameter error de-
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4 Y .
fined as <|626j (k)[) = (16;-(0; (k))|) for every time
index k. This second performance value is used to
evaluate the convergence and consistency of every

estimator.

The Monte Carlo averaged performance of the es-
timators using the original reaction rate model is
shown in Fig. 5. The averaged estimated parame-
ters (9 (k)) converge to the true parameters for
all the parameters except for the shghtly biased
ng estimate and the more biased YSX estimate.
In Fig. 5 column (b), the averaged estimated pa-
rameter errors for the parameters {kp 5, Ysp, YO2}
converge at a faster rate than for the other esti-
mated parameters {ﬂl,KSJ,KSQ,l%P’l,YAéX}. The
EKF and the UKF have comparable averaged es-
timated parameters, while the EnKF has slightly
biased averaged estimated parameters. The best
performance wrt. the averaged absolute estimated
parameter error <\69 (k) |) is achieved for the EKF
followed by the UKF and the EnKF.

The Monte Carlo averaged performance of the es-
timators using the elementary reaction rate model
is shown in Fig. 6. It can be seen that the av-
eraged estimated parameters no longer converge
to the true parameters of the original rate model
used in the system model simulations. It is to
be expected that some of the parameters will be
time-varying to compensate for the different ki-
netic rates (between the system and the estimator
kinetic rate models) and, in this way, keep a good
state estimation performance besides their differ-
ences. For this case, the averaged estimated para-
meters (0 (k)) are considered as an unbiased esti-
mate of the true (possibly time-varying) parame-
ters. The averaged estimated parameters (6; (k))
take different shapes over time depending on the
specific estimator evaluated. In Fig. 6 column (b),
the averaged absolute estimated parameter errors
<|eé~,j (k)|) for the parameters {kp 1, kp 2, Ysx, Ysp }
and the EKF diverge while the UKF achieves the
best performance followed by the EnKF. It is then
reasonable to consider that the averaged estimated
parameters <9] (k)) that correspond to the UKF
are the best estimate of the true parameters ; (k)
for this estimator reaction rate model.

The Monte Carlo averaged performance of the es-
timators using the simplified reaction rate model
is shown in Fig. 7. As for the elementary case, the
averaged estimated parameters <@] (k)) are con-
sidered as an unbiased estimate of the true (possi-
bly time-varying) parameters. The averaged es-

timated parameters <9J (k)) have similar values
for the EKF and the UKF and slightly different
for the EnKF. In Fig. 7 column (b), the low-
est averaged absolute estimated parameter errors
<|eéj (k)|) are achieved for the EKF, closely fol-
lowed by the UKF performance. For all the esti-
mators the averaged absolute estimated parameter
errors decrease over time.
The Monte Carlo averaged performance of the
estimators using the intracellular reaction rate
model is shown in Fig. 8. As for the elementary
and stmplified cases, the averaged estimated para-
meters (0; (k)) are considered as an unbiased esti-
mate of the true (possibly time-varying) parame-
ters. The averaged estimated parameters (9] (k))
have similar values for the EKF and the UKF and
slightly different for the EnKF. In Fig. 8 column
(b), the averaged absolute estimated parameter
errors <|eé~,j (k)|) decrease over time for all the pa-
rameters and estimators, except for the estimated
parameter YSX with the EnKF.
In Table 7 the different reaction rate models are
evaluated for each filter using the normalized
mean RMSE defined as

et 32 (e

RMSE(z) = "

J max( ;““‘) min(.t;.r“e)

Tab. 7: Normalized mean RMSE for the estimated
state z and parameter 6 vectors .The best results for
every case is indicated by parentheses.

RMSE (.) EKF UKF EnKF
Original x 9.11E-2 9.13E-2  (8.44E-2)
0 (1.22) 1.74 1.95
Elementary =  2.09E-1 1.00E-1  (9.35E-2)
0 5.57E-1  (2.73E-1)  7.54E-1
Simplified = 8.36E-2  (8.05E-2)  8.77E-2
0 (3.21E-1)  3.56E-1 3.28E-1
Intracellular = 8.94E-2 1.05E-1  (8.60E-2)
0 (3.98E-1)  5.69E-1 4.71E-1

5 Conclusions

The recursive parameter estimation problem is an-
alyzed for an ethanol fermentation process with
different reaction rate models. The model is im-
plemented in Modelica and three nonlinear esti-
mators are evaluated using the compiled Modelica
model (Dymosim) with Matlab. Implementation
details (e.g. how to calculate Jacobians, defined
noise inputs, etc.) are presented.

Some relevant model parameters are estimated us-
ing the EKF, the UKF, and the EnKF from sim-
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Fig. 5: Original kinetic rate model parameter estimation results, averaged over 50 Monte Carlo simulations for
the EKF (black solid line), the UKF (black dash line), and the EnKF (black dotted line): (a) mean parameter
estimates (0;(k)) for every time index k and true parameters 6; (grey solid line); (b) mean absolute estimated
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ulated data sets over 50 Monte Carlo simulations.
Four different reaction rate models are used by the
estimators while the simulated data sets are gen-
erated assuming that the original reaction rate
parameters have been estimated experimentally.
When using the original reaction rate model in
the estimator, the best parameter estimation is
achieved by the EKF with slightly poorer perfor-
mances for the UKF and the EnKF. The lower
performance of the UKF can be explained by the
lack of tunig of its parameters. For the estimator
using the elementary reaction rate model, the best
parameter estimation corresponds to the UKF,
while the EnKF has a poorer performance and the
EKF diverges for some of the parameters. For the
estimator with the simplified reaction rate model
similar performances are achieved for the 3 esti-
mators; the UKF slightly outperforms the other
two. For the estimator with the intracellular re-
action rate model, the best parameter estimation
performance corresponds to the EKF.

The EnKF has a poor parameter estimation per-
formance for most of the cases but when consid-
ering the mean RMSE of the estimated states it
outperforms the other estimators for three of the
four cases (see Table 7).

The computational cost of the estimators increases
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