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1 Abstract

Bioprocesses require efficient monitoring and control of the respective process parameters. In order
to achieve defined states to produce a product in high quantities and required quality, the respective
time-dependent biomass concentration as a catalytic converter is a key variable. However, several
offline measurements such as the optical density or dry weight measurements exist but repeatedly do
not satisfy the requirements for modern bioprocess development. Therefore, hard sensor types based
on permittivity measurements and dielectric spectroscopy were used to determine the biomass online.
However, these measurements come with different challenges and disadvantages.

An alternative to these hard-type sensors are soft-type sensors, which indirectly estimate the biomass
produced by existing measurements with a bioreaction system in real-time. Therefore, the known
inlet, outlet and feed streams were quantified to calculate rates. These rates are used to develop a
balance system according the law of mass conservation for carbon, nitrogen and degree of reduction.

This overdetermined model system of equations can be solved with calculated rates or reconciled rates
for the best possible estimation of the biomass. The estimated biomass amount is used for different
specific substrate uptake rates during the experiment. For a trustworthy estimate of the biomass, a
statistical test has been introduced which can distinguish whether a systematic error exists or whether
the deviations of the rates can be explained with random errors. In this context, the error propagation
of the measurements was considered in real-time as a novel approach. The investigation of the soft
sensor concept shows that in the case of a valid model, the degree of reduction balance with the
calculated rates of the measured quantities and the C-balance with the reconciled rates best describe
the bioreaction. There were achieved accuracies below 10% for the estimation for the biomass relative
to reference measurements such as optical density and dry weight measurements demonstrated with
a Saccharomyces cerevisiae cultivation. A workflow was developed which should guarantee a
successful fermentation using this robust soft sensor concept.
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3 List of Symbols

Symbols Description Unit
Fs feed of substrate I/h
qs specific substrate uptake rate g/(g-h)
Cs substrate concentration g/l

Xstp current biomass setpoint g
Tx biomass rate c-mol/h
Ts substrate rate c-mol/h
To, oxygen uptake rate mol/h
Tco, carbon dioxide evolution rate mol/h
TN nitrogen consumption rate mol/h
Tin measured rates vector -
E Elemental Matrix -
En measurement Elemental Matrix -
E; calculation Elemental Matrix -
E* pseudo inverse calculation Elemental Matrix -
R Redundancy matrix -
Tmb best estimates of ,, -

measured error vector -

R, reduced redundancy matrix -
€ residue vector -
u-s-v Singular value decomposition Matrix -
g measurement error vector -
em relative error vector of 7, -
F variance covariance matrix of , -

covariance matrix of the residuals -

h statistical index value h -
Tin reconciled measurement vector -
Vin input volume stream mol/h
Cijin input volume stream concentration mol/m3
Vout output volume stream mol/h

Ciout output volume stream concentration mol/m3

Vk reactor volume m3

T rates i mol/(m3-h)
Ny in input mol stream i mol/h

N our output mol stream i mol/h
Ngas gas amount in reactor mol
Pnorm pressure under normal conditions 101325 Pa
V) innorm inlet volume stream j under normal conditions m?3
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Tnorm

Ié)as
Ve

MRg(t)

Mpo

VRO
Pr
Tg
Ninert
TR
yinert,off
Yo,0ff
Yco,off
YH,0,0ff
Yo, wet
yoz,air
Vin, inert,norm
Vin,Nz,norm
Vin,air,norm
TRL‘nert
flout
ﬁout,inert
€abs,i

€noise,i

Afy

Universal gas constant

temperature under normal conditions
volume of gas in system

reactor total volume

current reactor volume

measured reactor weight

initial measured reactor weight

density of broth

initial reactor volume

reactor pressure

reactor temperature

inert gas in reactor

transport rate

inert gas fraction in offgas

oxygen fraction in offgas

carbon dioxide fraction in offgas

water fraction in offgas

oxygen fraction in wet offgas

oxygen fraction in air

inert volume stream under normal condition
Nz inlet volume stream under normal condition
air inlet volume stream under normal condition
transport rate of inert gas

outlet stream

outlet stream of inert gas

absolute error of rate i

absolute noise error of rate i

propagation of uncertainty of rate i
substrate weight signal

concentration of feed

c-mol fraction of glucose

density of feed

molar mass of glucose

absolute error of substrate feed weight signal
absolute error of feed concentration
ammonia weight signal

concentration of ammonia

density of ammonia feed

molar mass of ammonia

absolute error of ammonia feed weight signal

absolute error of ammonia feed concentration

8,314 J/(mol-K)
273,15 °K

m3

m3

m3

kg
kg
kg/m?3

Pa

°K
mol
mol/h

m3/h
m3/h
m3/h
mol/h
mol/h
mol/h
mol/h
mol/h
mol/h

kg/m3

kg/m3
g/mol

kg/m3

kg/m3
kg/m3
g/mol

kg/m3
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Farrin air inlet stream variable NI/min
Fozin oxygen inlet stream variable NI/min

Aer, pin error of air inlet stream variable NI/min

Aeryyim error of oxygen inlet stream variable NI/min

Aeyq, orf error of oxygen fraction in offgas -

Aey o, oy error of carbon dioxide fraction in offgas -

Y02,er.0ff oxygen fraction in wet offgas -

X biomass g

Hmax maximum specific growth rate 1/h

S substrate g

Ks saturation constant of substrate g/l

Yz yield biomass/substrate g/g

OTR oxygen transfer rate g/(I-h)

kla volumetric mass transfer coefficient 1/h

¢ saturation concentration g/l

Co, current oxygen concentration g/l

ecrei(t) current relative error of carbon balance %

€c,abs(t) absolute error of carbon balance mol

€poRrel(t) current relative error of degree of reduction balance %

€DoR,abs(t) current absolute error of degree of reduction balance mol

en,rel(t) current relative error of nitrogen balance %

eN,abs(t) current absolute error of nitrogen balance mol

€, conerel(t) current relative error of carbon balance after rates %
reconciliation

€¢yconc,abs(t) absolute error of carbon balance after rates reconciliation mol

€DoRconcrel(t) current relative error of degree of reduction balance after rates %
reconciliation

€DORycone,abs(t) current absolute error of degree of reduction balance after mol

rates reconciliation

EN, conerel(t) current relative error of nitrogen balance after rates %
reconciliation

N, concabs(t) current absolute error of nitrogen balance after rates mol

reconciliation
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4 Introduction

4.1 Motivation

All bioprocesses involve microorganisms that use nutrients to form a product of interest. Furthermore,
a fundamental goal of bioprocesses is to produce a product corresponding with a required quality. This
requirement involves continuous process control and monitoring. Differential typical process
parameters such as temperature, pH, O, and CO; in the offgas, biomass etc. can be measured offline
and online measured and provide fundamental information about the state of bioprocesses.
Moreover, the data collected online and offline form the basis for a better monitoring and controlling
process, as well as for model development based on cell specific characteristics. A defined quality and
high yield of the product referring to the broth volume can be achieved by advantageous cultivation
conditions and a defined physiological state of the culture. In this regard, Fed batch processes are the
method of choice to control the cell metabolism by a substrate limiting feed profile and further
parameters such as temperature, pH and the dissolved O, concentration. In order to ensure a
consistent limited substrate supply for the growing biomass, the feed is regulated as a function of the
biomass quantity. In this context, a key variable is the biomass concentration.

Differential online and offline methods for the biomass concentration determination exists [1]. In
general, offline measurement methods are time-consuming and come with high operator-dependent
measurement errors. The current biomass concentration of the bioprocess, which can be detected by
online sensors, can be classified in hard-type and soft type sensors [2]. Several hard type sensors exists
based on different methods (residual transmission, microscope, fluorescence, infra-red absorption,
capacitance, impedance) which are able to do an in-line quantification of the biomass concentration
[1] [3] [4] [5]. It is common that challenges occur in these measurements concerning: calibrations,
dynamicrange, interferences due to different process modes, physiological states of the culture, media
composition in the process. Moreover, the dry weight measurements as reference for the calibrations
can also vary depending on changing process characteristics [6] [7]. In this regard, hard type sensors
do not often meet the required accuracy in determining the biomass concentration due to the
changing process conditions and challenges that focus on the calibration.

Another approach to indirectly quantify the biomass concentration online is to use the accessible
measurements such as the quantified feed, gas inlet and outlet streams with its oxygen and carbon
dioxide concentrations to determine the biomass via mass conservation. This indirect determination
can be summarized as soft type sensors. Several works were done which demonstrate the functionality
of so called soft sensors for the biomass estimation.[8] [9] [10] [11].

However, in process development time is a limiting factor so a reasonable strategy is to use available
measurements in combination with an overall bioreaction describing model based on mass
conservation. This balance system can be solved for the variable of interest, in this case the biomass
concentration. In this context, the soft sensor technology needs easily accessible measurements,
models and estimation algorithms to work. Previous works investigated the calculability and balance-
ability including diagnostics and error handling of such biochemical networks [12] [13] [14] [15] [16].

If a soft sensor concept for estimating the biomass is implemented, the operator must consider the
physiological characteristics, technical limits and model assumptions of the system to have reliable
biomass estimation results. A successful run can be expected when the process is performed in the
intersection of all three circles shown in Fig. 1.

page 10 of 73
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Model Assumptions

ideally mxedgas phase
fed-batch

constant pH

constant density

no overflow metabolism
negletable response behaviour

Terter=0
§' Technical Limits

setup desgn

max transport rates
analze ranges
measurement precision

Physiological
Considerations

Nutrients

Biomass compostion
T, pH, dO2 influences
metabolic Pathways
shifts

overflow metabolism

. PCS challenges

Fig. 1 Venn diagram for successful microbial fermenting
considerations. In the hatched space, felicitous controlled
processes meet the model assumptions, do not cross technical
limits and deal with the physiology of the used strain.

The reasons for setting up soft sensor concepts today lies in the simple fact that direct measurements
of the variables of interest are frequently too expensive, difficult to install or simply not reliable or
accurate enough. A soft sensor provides continuous estimates of the variable instead of expensive,
periodically performed measurements. Furthermore, the direct instrumentation for the direct
measurement could make the process more difficult to control. It could be also possible that no
instrumentation exists that can directly measure the process variable such as biomass concentration
due to harsh conditions or simply lack of space in the bioreactor. In this case, a soft sensor concept is
a suitable way to estimate the variable of interest. Moreover, with implementing a soft sensor, a model
exists which is fed with measured data of the system. Additionally, the errors on each measurement
can be considered for the calculation. This could also be used for a simple method to improve the
reliability accuracy and fault detection of the model and data acquisition. Similarly, combining of
information from different sensors allows us to combine the strength of each technology and reduce
the weaknesses of the estimation. In this view, redundancy can be introduced in the measurement
model system to provides precise estimates of the unmeasured variable.

Derived from these advantageous aspects, this master thesis shows a general introduction on
implementing a soft senor concept with its important considerations for various microbial cultivation
processes.

page 11 of 73
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4.2 Problem statement and goals of the work

A brief overview about pervious cultivations and process behaviours lead to the following challenges.

Challenge 1

Soft sensor concepts for the estimation of variables of interest are widespread in industrial
applications. This technology is not popular in laboratory scale cultivation experiments.

Goal I: The first goal of this work is to find the problems as to why it is uncommon to use a soft sensor
technology for estimating the biomass during cultivation runs. Furthermore, an identification of the
“issues” in the technical, handling and software section should provide necessary information. In this
context, a developed strategy should avoid the “issues”. This should be a basis for a successful soft
sensor development.

Challenge 11

Specific feeding profiles are related to the biomass concentration in the reactor. The amount of
biomass is not available in real-time due to the lack of reliable and accurate biomass quantification
results from online direct determinations.

Goal II: A soft sensor concept should be developed to estimate the biomass amount with easily
accessible measurements. The provided biomass determination should satisfy the accuracy of a
specific substrate uptake rate control strategy. This concept should be developed in a multi-paradigm
numerical computing environment. Finally, a proof of this novel soft sensor approach must be done.

Challenge 111

A soft sensor concept should be reliable, robust and easily adaptable to other processes in a bioprocess
development environment. In this context, no works investigate the behaviour of the applied soft
sensor with the in real-time considered measurement errors.

Goal III: A detailed analysis of error propagation should be done for a powerful reconciliation
procedure, a robust estimation of the biomass and a meaningful statistical test. Finally, a workflow
should be established for a successful biomass estimation via this robust soft sensor concept.

page 12 of 73
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5 Materials & Methods

5.1 Cultivation

A yeast strain, Saccharomyces cerevisiae, CBS 8340-Wild type, was used in a defined media according
to Table 1 to Table 3. The shake flask culture for the batch phase inoculation were maintained in 200 ml
H>0 solution. It contained 20 g/I glucose, 10 g/l yeast extract and 20 g/ peptone under pH 4.8, 200
rpm and 30 °C in laboratory incubator.

Table 1: Medium composition for the batch and fed-batch

Medium quantity unit  Annotation
Glucose 200 g/l Fed Batch; 2 Liter
20 g/l Batch, 3 Liter

(NH4)2504 5 g/|

KH2PO4 3 g/l

MgS04*7H20 0,5 g/l

Struktol J 650 0,1 g/l

Trace Elements (750x) 1,33 g/l

Vitamines (750x) 1,33 g/l

Table 2: Trace elements for the batch and fed-batch medium.

Trace elements (750x) pH 4 quantity unit  Annotation
EDTA 15 g/
ZnS04*7H20 4,5 g/l
MnCI2*4H20 1 g/l
CoCI2*6H20 0,3 g/l
CuS0O4*5H20 0,3 g/l
Na2Mo0O4*2H20 0,4 g/l
CaCl2*2H20 4,5 g/l
FeSO4*7H20 3 g/l
H3BO3 1 g/l
KI 0,1 g/l

Table 3: Vitamins for the batch and fed-batch medium.

Vitamins (750x) pH 6,5 guantity unit  Annotation
Biotin 0,05 g/l
Ca pentothenate 1 g/l
Nicotinic acid 1 g/l
m-inositol 25 g/l
Thiamin hydrochloride (B1) 1 g/l
Pyridoxine hydrochloride(B6) 1 g/l
Para-amino benoic acid (PABA) 0,2 g/l
FeSO4*7H20 3 g/l
H3BO3 1 g/l
KI 0,1 g/l

page 13 of 73
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In the batch and fed batch phase, the set points of temperature (30°C), pH (4,8), dissolved oxygen
concentration (35 %), initial aeration (1,5 |/(I-min)) and initial stirrer speed were chosen in compliance
to the supplied information from previous experiments with this Saccharomyces cerevisiae yeast
strain. As the growing biomass amount will be available online in this approach, a gs (specific substrate
uptake rate) control feed strategy is the method of choice. The fed batch run was realised with
different constant gs. The pH control was performed with a 6,25 w% NHj3 solution as base and 6,25 w%
HsPO, solution as acid.

5.2 Offline and Online Analytics

Several sampling routings were made to compare and validate the results with other biomass
estimation methods as demonstrated here by OD (optical density) measurement and DW (dry weight)
measurement. The biomass was determined with an OD —three-fold determination and a DW-five-fold
determination. The sampling interval was chosen to be increased at higher gs and reduced at lower gs
to follow a trend of biomass growth behaviour. The glucose and NHs concentrations during the
experiment were analysed for each sample routine by an automated analyser (Cedex BioHT
Biochemical analyzer, Roche, Mannheim, Germany). In order to have an online biomass determination
tool, an online microscope (Ovizio Imaging Systems, Brussels, Belgium) was added to compare the
estimated biomass via the microscope result.

5.3 Hardware

A glass bioreactor with a total volume of 7,5| and a working volume of 5| was used (Infors 3,
Bottmingen, Switzerland). The controlled parameters, pH and temperature and cooling system were
regulated with an internal controller unit on the bioreactor system. The base and acid were observed
by using attached peristaltic pumps.

The following devices in Table 4 have been installed to calculate the input and output streams. Scales
were used to define the input flow stream of glucose and the NHs solution as base. In addition, the
reactor vessel was also weighted by a scale to determine the reactor volume. Two mass flow
controllers were used to quantify the gas inlet flow streams of air and pure oxygen. Moreover, the
oxygen and carbon dioxide concentration were measured by an offgas analysator.

Table 1 lists the measured process variables including the used devices and necessary general features
such as range and accuracy/readability for considering the measurement errors.

5.4 Software

The process control system Lucullus PIMS (Securecell, Switzerland) was used for controlling the
temperature, pH, dissolved oxygen and substrate feed controlling. MATLAB (MathWorks, USA) as a
multi-paradigm numerical computing environment was used for enabling the soft-sensor concept. A
link from Lucullus to a database phyton server via OPC interface and afterwards a Matlab connection
to this database enables an online computing source for controlling and data analysis. Fig. 2 shows the
schematic setup of this connection.

page 14 of 73
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Table 4: Measured process variables including the used devices and necessary general features
. . . . Accuracy /
Variables labelling Principle Device Range y
Readability
Kern & Sohn ITS
mpg 103.3 Scale 35 K1IP max. 35 kg +0.1g,
Tg 103.5 - PT 100 80°C -
Hamilton
57to 59 mV /pH
pH 103.7 - Easyferm Plus HB  Oto 14 at 22 o mv/p
K8 425
Hamilton
- 0-100% +0.2%
0z 101.3 VISIFerm DO 425 ’ °
rpm 101.5 - - 80 - 1400 rpm ;
Yo,0ff 102.4 Zro; BluelnOne Ferm 0~ >0% 10.02%
Yeooff 102.5 R BluelnOne Ferm ~ 0-25% <%
Vogtlin
Vairinnorm 101.1 MFC Instruments GSC 5 NL/min +1%F.S
B5SA BB26
. Brooks 4800 .
VOZ,in, norm 101.2 MFC Series 10 NL/min +/-3,0% of F.S
Sarturius Signum B
s 102.1 Scale X max. 35 kg +£0,1g, d=0,1g
Sarturius CPA
Mn 103.1 Scale 340015 max. 34 kg +0,1g d=0,1g
Process Database Computational power

Reactors

MATLAB < |
Pumps v

Balances

Mass flow e
controllers <: Python

pH, DO, Temp Server 51
sensors ~~

ﬁﬁ
Spectroscopy S

backend middleware frontend

4

Fig. 2: Schematic structure of the online connection from local process control system via OPC-
Python Server to Matlab.

page 15 of 73



Master-Thesis

Felix Pilz

The entire process flow diagram designed for the experiment is shown in Fig. 3.

-
101.6 NO01.5,

*
|
|
|

(u

Pt

E
3
-3
@
W

B1

&
cw
> A
A8 Online

QIR Microscope

A1: MFCVogtlin Instruments GSC BSSA BB26
A2: MFCBrooks 4800 Series

A3: Sartorius Signum 1

A4: Sartorius CPA 340015

AS: Sartorius Signum 1

A6: Kem&Sohn IST 35 KIIP

A7: Bluesens BluelnOne

A8: Online Microscope

B1: Bioreactor Infors 3

: 2L Feed bottle

: 1L Base bottle

B2

B3

B4: 500 mLA cid bottle

BS: Sample flask

P1: Feed LAMBOA PRECIFLOW Peristaltic Pump
P2: Base Peristaltic Pump

P3: AcidPeristaltic Pump

F1.F5: steril filters

Fig. 3: Process-flow-Diagram with all basic equipment for measuring and controlling culture
parameters. The dissolved O, is a closed loop controlled via Lucullus Software (UC 101.6). pH value is
controlled via internal Infors software tool with peristaltic pumps. The qs control feed strategy is
controlled via OPC server with the Bioprocess Technology Tool (BPTT) in Matlab 2017b. The red lines
represent gas streams and the green lines fluid streams.
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5.5 Control strategy

In general, for successful cultivations, a well-working process control strategy is indispensable.
Principally, microorganisms need defined process conditions to develop their optimal performance. If
the regulation of the real values parameters such as pH, dissolved O,, temperature, feeding profile is
not satisfying the desired conditions, arbitrary pathway switching, limitations and finally cell death can
be possible. Hence targeted cultivations, and high productivities are not achievable. Based on previous
literary work, a cascade control subfunction for three steps O, control [17] [18] has been built, which
is described in more detail, see subsection 5.5.1. The gs control strategy is realized as closed loop
subfunction which is explained in subsection 5.5.2. These subfunctions were implemented in the
process information management system Lucullus. The closed loop controllers are schematic shown
in Fig. 4.

i 0 G e G W R B RSN S
= A s .
I
. Initializiation I | nitializiation _ .
: . Initializiation [[&— *
| Air i 02
| | ICLoB=1&
i Start=1 4 M__03 =1 Start=1
e I
| Aeration rate | PIbO2 . Feed rate
i calculator M . Calculation
g I ICI_08 =0or 2
I PO2<pO2_set | (PIDY_02=0& § T2=1
i 5 pQ2 > pO2_set) '
: PID ! . B
| Stirrerspeed I Reset .
§ Stop . Controller
' I :
| pO2 < p02_set I 2 T3=1
' T . - - - _' ‘
¥ ) PID . . PID
! Stirrerspeed | : Controller
| | ;
i pm =rpmmin rpm:rpmmax i . T4=1
| . | .
. PID Aeration . s Pump
| ] . Setpoint
' Air_in_set > Air_in max . o . ' .
& p02 < p02_set @ @ Air_in_set < Air_in min .
i ' A 0 Start=0
i PID Aeration PID Aeration ‘ :
. Stop max Stop min s
| |
1 | po>poz_set& ¢ pO2 > pO2_set @ @ pO2 > p02_set &
! M_03!=10riCI_08 =1 T + * |

Fig. 4: Sequential control of pO; regulation and gs setpoint control unit.

A: cascade control function unit with primarily stirrer speed regulation and as second
step controlling the air gassing. B: Step function for constant volume flow with chancing
air/O, ratio. B is enabled if A is not satisfying the required dissolved oxygen
concentration. C: Step function for PID controlled feed pump setpoint dependent on gs.
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5.5.1 O3 control

Due to the fact, that cultivations should not be restricted to oxygen, the concentration of dissolved
oxygen should be regulated to a certain level to ensure the oxygen uptake. Therefore, two
subfunctions were established for robust versatile cultivation applications. The subfunction A shown
in Fig. 4 uses at first the agitator speed and as second step the aeration rate to regulate the O,
concentration. Each actuating variable is a closed loop controlled via a PID controller subdevice in
which the derivative term is zero. The limits for the stirrer speed, aeration rate and the initial gassing
rate in vwm (I/(lvoume:min) are set in the initialization step. The subfunction is enabled if the O,
concentration is under the critical chosen value. In this phase the stirrer speed is regulates the
dissolved oxygen. If the maximum stirrer speed is reached and is not able to hold the dissolved O; on
the setpoint, the PID controller for the aeration rate is enabled. The stirrer speed at the so called PID
Aeration steps is still at the maximum. Steps with a Stop in the labelling are for stopping the PID internal
calculating algorithm. The aim is to avoid overflows and in addition to make it resistant against handling
errors.

If the controller of subfunction A cannot get the dissolved oxygen level, the extend subfunction B will
be activated. This controller strategy is based on a constant gassing flow with changing air/pure oxygen
ratio and maximum stirrer speed. The PID controller is changing the gas composition to hold the O,
concentration on the setpoint. The limits of the O, mass flow controller and setpoint of the constant
flow throw the reactor can be adjusted in the initial step.

This cascade strategy with subfunction A and B can be run in both directions. Adjustments of the values
for the proportional and integral terms in the PID controller subdevices depends primarily on the
actuating variable size units and the calculating intervals. As an approximate initial adjustment, the
proportional term is 1% of the lower limits from each actuating variable entered in the initial step. The
integral term is approximately a tenth of the proportional term.

5.5.2 Feed control

The controlled gs constant strategy was realized with a PID and Flow controller app sub device in
Lucullus which is shown in Fig. 4.

C. The flow controller app returns the real feed rate calculated by the changing feed weight signal. This
calculated real feed rate is the controlled process variable for the PID controller subdevice. Step Pump
setpoint calculates the setpoint for the feed pump. The current biomass setpoint X;,,, was received by
Python Server and OPC link from Matlab. g, and the substrate concentration ¢, of the feed are set in
the initialization step. Equation Egs. 5-1 shows the relation for the feed flow.

_ s Xstp Egs. 5-1
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5.6 Conditions for application

The created program presents a soft sensor for microorganism in fed-batch dynamic process
conditions to indirectly determine the amount of biomass. The biomass estimation and reconciliation
with this soft-sensor tool was possible with known elemental composition of the biomass in (C, H, N,
0) and quantified inlet flows with defined media content. The shown application is a base for one
substrate and a nitrogen source.

Furthermore, the balance equation system is constructed for the carbon-, degree of reduction- and
nitrogen balance. In this contrast, it must be stated that the balances only describe the overall
bioreaction and that there are a lot of other reactions beside this basic specification. Data input
reconciliation cannot be performed without redundancy. That means the system of equations must be
overdetermined. If needed, gross error detection is only feasible by using all three stated balances. In
order to execute the calculations as precise as possible, the measurement frequency shall be high as
possible. Furthermore, the linear regression window size for the calculated input rates should be
chosen as low as possible to reduce the impact of average values.

The defined equation system for describing the overall bioreaction use various assumptions as follows:

e fluids are ideally mixed

e no pH changes during the cultivation

e constant density and temperature of the cultivation broth
e neglectable sensor response behaviour

e neglectable transport rate of inert gas

e no change of biomass composition

e product formation is not considered

e no accumulation of substrate

e no accumulation of nitrogen
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5.7 Soft sensor concept

It is a good choice to use a soft sensor to estimate the unmeasured biomass concentration during a
culture run. For this purpose, a model will be created according to the conservation law and its physical
limitations to describe the bioreaction. Assuming oxidative metabolism, the bioreaction can be
described according Eqgs. 5-2 for the growth of Saccharomyces cerevisiae [19]. It should be noted that
many different chemical reactions are running in a living cell. For this reason, the equation Egs. 5-2
applies only to a general bioreaction formulation.

Ts CHpHOpO + 1"02 . 02 + Ty NH3 - Ty CHzHOZN + rCOZ . COZ Eqs 5-2

In order to estimate unmeasured variables at a given set of independent system constraints, a
minimum number of measurements are required to calculate the estimates. In this case the system is
determined. If there are more measurements than the minimum, redundancy exists in the
measurements which can be exploited for data reconciliation. The overall bioreaction can be split and
written as elemental balances for carbon and nitrogen, according to Egs. 5-3. For donating and
receiving electrons of each molecule, the degree of reduction (DoR) balance describes the electrons
exchange. The elemental balances can be summarized to an elemental matrix and a rate vector
analogous to the procedure in previous works [19] [20] [21] [22]. The elemental matrix and the rate
vector are constructed as follows in Egs. 5-4 and Eqgs. 5-5.

Input — Output + conversation = accumulation Egs. 5-3
e N
Bal. X S 02 COz NH3
c 1 1 0 1 0
E= Egs. 5-4

DoR 4,18 4 1 —4 0 0

N 0,176 i O 0 0 1

- J
r - 3\
_____1; _____
r=| Egs. 5-5
S
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The matrix is defined by means of known information of the biomass and substrate composition. For
general purpose, the elemental matrix system (Egs. 5-4) with its carbon containing sources is
standardized on c-mol. Besides the rate ry, the remaining rates (s, 19,, Tco,, Tw) are calculated by
measured variables illustrated in subchapter 5.7.1. In this context, the rates are positive donated if
production or negative donated in the case of consumption.

The matrix structure of the balance system enables math calculation operations. Several insightful
literature[19] [20] [21] [23] exists for solving the system to estimate the unmeasured rates in over
determined systems. Therefore, a full treatment of their foundations was not the subject of this work.
Following operations and brief descriptions explain the strategy based on that.

Assuming the balance model satisfies the overall bioreaction without faulty data by convention, the
system can be summarized according Egs. 5-6.

k
2:1’L-~E“=ef 0 Egs. 5-6

i=1

It is possible to partition the elemental matrix E and the rate vector r; in measured and calculating
components in Eqgs. 5-7. The biomass production quantified by the production rate 7y is member of
the unknown vector r, which can be determined with Egs. 5-8 by using the pseudo-inverse of of E..

ot Egs. 5-7
Tm Em+ Ec- .20

r.=—ES E, 1y Egs. 5-8

The redundancy matrix R defined by Eqgs. 5-9 expresses the relations between all measured rates and
inform about balance ability and redundancy. The rank of R (Degree of Redundancy) equals the
independent balances and must be greater than one for gross error detection.

R=E,—E  E* E, Egs. 5-9

As another requirement, the rank of R must be greater or equal to the number of tested balances
minus the number of calculated components for the full calculability of non-measured rates. The
remaining number of equations for reconciliation alignment, called degree of freedom S is the number
of tested balances minus the rank of the redundancy matrix R.

The goal of rates reconciliation is to obtain the best estimates rm, of measured variables rm via least
square minimization procedure in Eqgs. 5-10 with the unknown measured error vector g.

Tmp =Tm + B Egs. 5-10
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It is obvious that the Egs. 5-6 is not exactly met due to measurement noise. Therefore, the residue
vector ¢ is calculated according Eqgs. 5-11.

Egs. 5-11
=R, -1y

For further calculations, a reduced redundancy matrix R, is needed because the inverse of the variance-
covariance matrix of the residues ¢ does not exist or lead to incorrect results. Therefore, singular value
decomposition (SVD) was executed on R to find the non-singular values of R according Egs. 5-12.

The reduced redundancy matrix is computed from the right-hand singular vector V. Using j columns

(1<j<s, S..degreeoffreedom)of vector v, the reduced redundancy matrix R, is generated (Egs.
5-13).

R=U-S-V Egs. 5-12

R.=(v;) 1<i<s Egs. 5-13

The measurement error vector § contains information on the error in measured rates created by Egs.
5-14. Further, a variance covariance matrix F of the measured rates is formed in Egs. 5-15. This matrix
is only diagonal, assuming that the variance-covariance matrix is uncorrelated.

5=ep 1y Egs. 5-14
F=E(-6T) Egs. 5-15

The covariance matrix of the residuals ¢ is calculated in Egs. 5-16.
©=R,.-F-R,T Egs. 5-16

With this information, the consistency index h according Eqgs. 5-17 can be determined. The index his a
suitable value to test the significance of errors caused by errors either the measurement set or in the
system description. In this case the residual vector differs significantly from zero.

e Egs. 5-17
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It has been shown that the h value follows a X2 distribution with the degrees of freedom equals the
rank of R [24]. Moreover, the residuals are weighted according to their accuracy. If the h value is higher
than the level of significance at the appropriate degree of freedom an error is significant.

Back to the data reconciliation to find a solution for the unknown measured error vector g in Egs. 5-10.
This problem can be solved according to [25]. The reconciled measurement vector #,, can be calculated
by Egs. 5-18.

fm=(I—F-RT- @71 R,) 1y Egs. 5-18

The reconciled measurement vector Egs. 5-18 can be used in Egs. 5-8 to calculate an improved biomass
estimate.
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5.7.1 Rates Calculators

The measured velocity vector is fundamental to a soft sensor design in addition to the element matrix.
Furthermore, the errors on the rates by error propagation of measurement inaccuracy are taken into
account as a novelty in this paper. The following calculated rates are set according to Fig. 5. The
expressions in the following equations are described in chapter 3.

Viin norm

=

Substrate ﬁ

Faed

o f

FwirRY
g ]

(WIRY

Fig. 5: Balance space for rates calculation.
Directly measured process variables have font
colour red, indirectly calculated major variables
are green highlighted.

The general material balance for component i is formulated in Egs. 5-19 is balanced as input minus
output plus reaction expression and corresponds to the accumulation.

R Egs. 5-19
at 9

. . aCi
VinCiin = VoutCiout + Vati = Vi t +¢

at
The Egs. 5-19 applies to all substances of the system such as substrate, nitrogen, oxygen, carbon
dioxide and biomass [26] [27]. Applying of Egs. 5-19 for calculating 1; with i = § for substrate rate and
i = N for the nitrogen rate leads to Eqs. 5-20. Furthermore, one can assume that the accumulation

term and the output mol current are zero according to Egs. 5-21 The rates can be calculated by a
difference quotient (Egs. 5-22) from the measured signals according to Eqgs. 5-23.

dni

E = ﬁi,in - fli,out + T Egs. 5-20
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dn; .
d—tl =0, Niout = 0 Egs. 5-21
. An; niq—ny
= ni,in = A_tl = # Eqs 5-22
Am; my —my
My in = Atl = 7”1& - Egs. 5-23

The outlet molar stream n,,, must be determined before it is possible the calculate the gaseous rates
7o, and 1¢p,. The outlet molar stream r,,, is calculated from Egs. 5-24 to Egs. 5-37.

dngas
dt

= flin - flout +TR Egs. 5-24

noT
- Pnorm * Zj:l Vj,in,norm
" R Tuorm

Egs. 5-25

Voas = Vre — Vg Egs. 5-26

The current reactor volume V; is calculated from the measured balance signal mp(, and the assumed
constant broth density p.

m -m Egs. 5-27
Ve = VRo + R(t) RO q

_Pr- Vgas dngas Angas

n = = = Egs. 5-28
945 R-Tg dt At a
dNinert . . Egs. 5-29
% = Nin,inert — Nout, inert + TRinert
Aninert Angas
At = Yinertoff * At Egs. 5-30
Yinert,off = 1 = Yo,0ff — Yco,off — YH,0,0ff Egs. 5-31

The water content is calculated in Egs. 5-32 with the measured y,, .. in the wet outlet stream,
provided there is no bioreaction in the reactor.

Yo, wet

Yu,0,05f =1 — Egs. 5-32

Yo0,,air
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Vin, inertnorm = Vin,Nz,norm + (1 ~ Yo,,air — .VCOZ,air) ' Vin,air,norm Egs. 5-33
. Prnorm * Vin, inert,norm
Nin, inert = R-T Egs. 5-34
norm

The transport rate TR,,... Of the inert gas can be supposed to be zero.

TRinert = 0 mol/h Egs. 5-35

Aninert

Nout,inert = Ninjinert T T Rinere — At Egs. 5-36

Finally, the output stream can be calculated with Egs. 5-37.

n .
flout — out,inert Eqs. 5.37
yinert,off

The application of Eqgs. 5-38 to Eqgs. 5-44, leads to the calculation of 7; with i = O, for the oxygen the
uptake rate and i = CO, for the carbon evolution rate. The accumulation term can be formed
according Egs. 5-39 by means of a difference quotient.

dni

E = fli,in - fli,out + TRl Egs. 5-38
dn; An; Angas
v def v = Yioff A_t Egs. 5-39

Niin = Yiin *Min Egs. 5-40

Vi,in, norm + Vi air Vair,in,norm

Yijin = - Egs. 5-41
Z;‘l=1 Vj,in,norm
Nyin = Yiin * Min Egs. 5-42
Ny our = Yiorf " Noue Egs. 5-43
An;
=1 =TR; =Nm = Niout = A_tl Egs. 5-44
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A glance on the equations Eqgs. 5-23 Eqgs. 5-36 and Egs. 5-44 shows the dependence of the rates on the
selected time interval At. This influence on the method of finite difference approximation has been
studied[28]. As a new approach, the traditional method of finite difference approximation was
replaced by a linear regression function. The Matlab function regress is performed on a certain amount
of rate datapoints, which are adjusted by a moving window with the selected windowsize.
[b,bint] =regress(y,X) returns a vector b where the first line represents the gradient corresponding to
the current rate.

5.7.1.1 Propagation of uncertainty and noise error

The total absolute error e, of the rates according [29] corresponds to the sum of the noise error e,y ;
and the propagated uncertainty error Af,,, which is determined by the measured uncertainty according
Egs. 5-45.

€abs,i = Cnoise,i T Aﬁri Egs. 5-45

[b,bint] = regress(y,X) also returns a p-by-2 matrix bint of 95% confidence intervals for the coefficient
estimates. The first column of bint contains lower confidence bounds for each of the p coefficient
estimates. The noise error e,,;.; of the rates is computed with this information and always the first
datapoint of the moving window was taken for the calculation.

The absolute propagated uncertainty error Af,. of the substrate rate r; as function of the weight signal
and feed concentration can be calculated according Eqgs. 5-46 to Egs. 5-48.

Ofrs _ 1 Cpeed " Cmot

=—: Egs. 5-46
aWS dt Preed * Mreea
d dw c
frs =— . mol Egs. 5-47
aCFeed dt Preed * Mreea
Afrs g 2 Afrs 2 2 _
Afry = \/ (m) - (Bey,)” + <a CFeed> “(Becry,q) Eqs. 5-48

The absolute propagated uncertainty erroraf,, of the nitrogen rate ry as function of the weight signal
and ammonia concentration can be calculated according Egs. 5-49 to Egs. 5-51.

a 1 ¢ * Cmot * 14
er - . NH3 mol Eqs. 549
Ownpz  dt 17 - pypz - Myps
d dw 14
frn _ YWnhs | Egs. 5-50
aCNH3 dt 17'MNH3
aer 2 2 afTN 2 2 Egs. 5-51
AfTN = ( ) ' (AeWNﬁa) + ( ) . (AeCNH3) gs.
OWnH3 dcyn3
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The absolute propagated uncertainty error Af,. = of the oxygen uptake rate 7, as function of the gas
inlet streams AIRin and O2in, measured yo, off and Yco, off CONCentrations in the offgas are calculated
according Egs. 5-52 to Eqgs. 5-56.

d 0,7804 - 0,2096 - y,
o, _ —0,2096 + 2071 Egs. 5-52
0F41rin Yo,wet — 0,2096 - (YOZ,off + ycoz,off)
of
= -1 Egs. 5-53
aFOZin
9f,  Famin~0,7804-0,2096 - (yoz,wet = 0,2096 - (yo, ofs + ywz}off)) +0,2096 - Fprpin - 0,7804 - 0,2096 - Yo, off Fas. 5-54
= 2 . -
9Y0,0r (yoz,wet —0,2096 - (yozvoff + y{:Dz,aff))
0fp, 02096 Fypin - 0,7804-02096 -y,
o, - 2 Egs. 5-55
COz.0ff (yoz,wet —0,2096 - (yoz,gff + ywzloff))
af = |(Ye ’ A 2, (o, A z %o, \' A : %o, \' A : Egs. 5-56
froz - 0Frin : ( eFAIRin) + m : ( eFoz;n) + m : ( eJ’Oz,aff) + aYCDZ,aff ’ ( eyCOzerf) gs.

The absolute propagated uncertainty error Af,. . of the carbon evolution rate r¢,, as function of the
gas inlet stream AIRin, measured Yo, off and Yco,,orf CONcentration in the offgas are calculated
according Egs. 5-57 to Egs. 5-60.

F 0,7804 - 0,2096 -
Oeor _ _4.000407 + Yeozors Egs. 5-57
aFAlRin Yozyer — 0,2096 - (}’OZ,Off + }’Coz,aff)
0fco, _ Farmin® 0780402096 - (Yoo, 007 — 02096  (Vo,077 + Yeouors)) + 0,209 Farnin - 0.7804 - 0,2096 - Yo, 07 Egs. 5-58
= z . )
ycon,.. (Y2 — 02096 - (vo, 075 + Yeo,0r7))
0fco, 02096 - Fypin - 0,7804 - 0,2096 - yco, off
g _ > Egs. 5-59
Yo, off (yozwetvoff —0,2096 - (yoz‘gff + YCOZ,off))
9fco, ’ 2 feor \° 2 oz \' 2 Egs. 5-60
o, = =) (Bep,) + o) (AeYCOz,a . f) + orrr) (Aeyoz,off) gs. 5-
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5.8 Quantification of Setup

The experiment must be performed within the technical limits of the setup. Therefore, a kinetic model
for the simulation of the critical system variables process-time, biomass and reactor volume as function
of the specific substrate rate gs with different volumetric mass transfer coefficients is created.
Whether or not the experiment with the online biomass estimation setup is ready it is necessary to
provide a basic decision tool.

5.8.1 Fed Batch Model

A fed batch model was established according Egs. 5-61 - Eqs. 5-63 to quantify the change in biomass,
substrate concentration and volume of the system.

ax_ S x Egs. 5-61
dt = Hmax Kg+S gs. o-
S
ds (tmax K5 X )
[ Ui C o B Egs. 5-62
dt s X Yx a
S
v_ X Egs. 5-63
dt - Cf qs. B

5.8.2 Simulation study

The previously in Egs. 5-4 and Egs. 5-5 described Fed Batch model is used to quantify the substrate and
nitrogen consumption for the biomass production. In addition, the respective volumetric mass
coefficient kia was calculated with the knowledge of ro,, which can be considered to correspond to the
OTR (oxygen transfer rate) according Eqs. 5-64. For each gs phase, the k.a was compared with the k.a
max of 121 h™ given from a previous k,a determination experiment.

OTR
Ha= Egs. 5-64
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6 Results and Discussion

The chapter six presents the results of the performed Saccharomyces cerevisiae cultivation starting
with the evaluation of historical data, including a user story to study general application requirements
and regulatory requirements. Furthermore, the results of the setup quantification and the simulation
study provide an overview of the boundaries and behaviour of the designed cultivation run. The
following subsections 6.4.1 to 6.4.3 show and discuss the results of the estimated biomass with
calculated and reconciled rates for different model types.

6.1 Historical Data Evaluation

A user story was added to identify the issues and challenges to implement the online biomass
estimation soft sensor concept. A metabolic balance analyser tool for estimating the biomass already
exists in the process control system Lucullus, but was not applied in the cultivations. It was found out
that an internal function has an error and returns wrong results. Furthermore, there is no possibility
to fix this problem without updating the library packages, so this instrument is not available for
biomass estimations.

Focusing on the challenges for process control strategies, physiological assumptions and technical
limits, it was observed that following process parameters were exceeded:

e The oxygen uptake rate, OUR is higher than the oxygen transport rate OUR. That means that
the volumetric mass transfer coefficient is too small in the selected setup.

e Usage of pure oxygen instead of air leads to be out of the offgas analyser ranges.

e Secondary metabolites due to insufficient feeding strategy.

e Inadequate control of the dissolved oxygen caused by the back pressure of the offgas analysis.

The acquired knowledge of the user story emphasises the general goal to control the cultivation under
defined conditions, such as a suitable feeding profile. This feeding profile depended on the amount of
biomass which can be computed with this soft sensor concept. Table 5 lists the significant cultivation
parameters with its initial values and desired accuracy. In this context, the existing pH and temperature
control is satisfying the demands.

Table 5: significant cultivation parameters

State variable Priciple Setpoint Accuray
do, direct measured 30% +5%

pH direct measured 7 6,8-7.2

T direct measured 37°C +1°C

s indirect measured - +0,03 g/g/h
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6.2 Quantification of Setup

By using the Fed batch model and the initial parameter inputs shown in Table 6, the critical system
parameters such as critical process time, maximum generated biomass amount and critical broth
volume can be calculated. It depends on the specific uptake rate gs. and the respective system-
dependent maximum volumetric mass transport of oxygen shown in Fig. 6.

Table 6 Parameters of Fed batch model

Parameters Description Initial Values Unit
X initial biomass 23 g
Vv initial volume 3 I
S substrate 0 g
Mmax specific growth rate of X 0,2 ht
Yis yield biomass/substrate 0,35 g/g
Ct glucose concentration 200 g/l
H Henry constant oxygen 1,3*1073 mol/l/atm
Yo2 0, fraction of aeration 0,21 -
doz dissolved O, concentration 35 %
‘ ka- 10 ka—30 k a— 60 k a— 100 ‘ Annotation:
(1) ethanol formation
‘ kLiI =150 k_L_el =200 k_L‘d =250 l(.Ld =300 ‘ (2) technical limit
A 8 C (3) technical limit + ethanof formation
100 200
751
150
S 50| ¢
# E
g 3
2 & 100
25 -
50t
| {1)
D = L 1 1 1 1 1 1

0 02 04 08 08 0 02 04 06 08
gs [g/(g¥ i)} gs (g (g h)]

02 04 086 08
gs [gig*hif

Fig. 6: A: The critical process time, B: critical biomass and C: critical volume for different volumetric mass

transfer coefficients k.a dependent of gs.
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As described in 5.6 there are limitations for the utilization of the created equation system model.
Assumed physiological behaviours and technical limitations should not be exceeded for a successful
application of the soft sensor. In this context, it should be noted that the cultivation run should not
reach areas (1) - (3). Area (1) shows the area with the ethanol formation. It should be to be assumed,
started with a specific rate of qs = 0,233 g/(g-h) according [30]. The technical limit (2) is caused by
oxygen transfer limitations described by the volumetric mass transfer coefficient kia. In area (3),
ethanol is formed and the technical design space exceeded.

The obtained maximum volumetric mass transfer coefficient klagesign 121 h™* from a previous k.a
determination, including a safety of 0,8* kiadesign = 100 h! is the basis of designing the experiment. The
experiment is designed with a specific uptake rate of gs =0,1 and 0,2 g/(g-h), which satisfies the
assumptions and is below the technical limits. Moreover, a qs =0,3 g/(g-h) it is chosen to interpret the
behaviour if the thresholds were exceeded.

It can be observed that a cultivation with a constant specific rate of gs = 0.1 g/(g-h) is only limited by
the maximum working volume of 51 and is able to run approximately 70 h. Furthermore, a cultivation
with a constant specific rate gs = 0,2 g/(g-h) is limited in the oxygen transfer, which can be interpreted
by the violet line (kia =100 h) as a threshold. In this case the maximum grown biomass is
approximately 140 g and the runtime which is limited up to 28 hours.

The last part of the experiment at a specific uptake rate gs = 0.3 g/(g-h) is initially located in the region
that represents ethanol formation and which is also limited by the oxygen transfer. Under these
conditions, the cultivation is complete after 12 hours and a biomass of 75 g. The setup was constructed
according to Fig. 9.

Fig. 9: Setup of Fermenter 1
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6.3 Simulation study

The setup quantification information shows the maximum amount of biomass that can be achieved
using the selected substrate uptake rates qs and gives an indication of the maximum possible run time.
The distribution of the different chosen gs as 0,1 0,2 0,3 in g/(g-h) leads to the overall simulated
experiment shown in Fig. 10. The estimated biomass, consumed substrate glucose and nitrogen is
shown in subplot A. Subplot B shows the simulated k.a and the increasing broth volume as a function
of time associated with the threshold values of these parameters.

In this context the performance of such cultivations also includes shaping the length of time periods
for each gs in a manner to optimally quantify the biomass increase alternatively with the measurement
of optical density and dry weight. Consequently, the sampling interval of the low specific gs rate
gs = 0.1 g/(g-h) and an additional rate, gs = 0,05 g/ g/(g-h), is lower and these experimental periods are
also run overnight.

A
500 T T 35
/
400 - Biomass X + ,/'/7 28
= Substrate S « g ser = 008 [0/tg1)] o
300 - - - = Nitrogen N — U550t = // R
! 02fMgh) - &
200 + Igeer ~OTlOAGM] T = 414
100 | ’_,.;‘:':ﬂ‘ ‘. /% 7
P = 0.3
O Dommrmeme=r=t == I | I 0
0 10 20 30 40 50
process time [h]
B
200 T T 6
150 |-
A
o~ 100 kLa mecessary < ] ( C 13
b: - s- -kl,amax -~
Volume — / 14
50 |-——---- Volume  — 4.7
0 | | | | 3
0 10 20 30 40 50

process time [h]

Fig. 10: A: Simulation of consuming substrate(glucose), nitrogen and produced biomass in g. B: Trends
of kia and broth volume increase various qs periods as a function of time. The threshold for k.a max is
100 h* and for the maximum working volume 5 |.

The simulation of the required volumatric mass coefficient of oxygen and the increase in the broth
volume shows that the thresholds are exceeded in the period gs = 0,3 g/(g*h). This period should show
the behaviour of the cultivation outside the technical limits and the additional ethanol formation.
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6.4 Process data results

Following subchapters shows the results of two different model types starting with the equation
system with 3 balances (C, DoR, N) in subchapter K351 and second model with 2 balances (C, DoR) in
subchapter K2S1. An additional run shown in subchapter K2S1 2 was performed with a feed
concentration of 400 g/l instead of 200 g/| to investigate the performance of higher gs rates.

The evaluation of the results for the various equation models runs K351, K251, K2S1_2 followed the
workflow starting with checking the consistency of the data using the statistical X2 test. Subsequently,
the results of each input rate were displayed in contrast to the adjusted rate. In addition, the
time - dependent relative errors of the calculated rates are shown. As a next investigating step, the
calculated biomass from each mass balance including the estimated biomass with calculated and
reconciled rates were illustrated. Moreover, the discrepancies of the estimated biomass with
calculated and reconciled rates were shown and investigated. A comparison of the estimated biomass
with calculated and reconciled rates in contrast to the dry weight (DW) and optical density (OD)
measurements completed the examination of the used soft sensor concept. In this context, it should
be noted that the online microscope was not available as an online tool for determining the biomass
due to the increased cell density.

6.4.1 K3S1

Several statistical tests are available in literature to investigate the quality of the results [31], [32] and
[33]. In this thesis, the consistency check for the K3S1 model was performed using the statistical global
X2 test, which was also proposed in [34] [35]. The result is shown in Fig. 11. Subplot A represents the
calculated consistency index value h with a bar interval of 1 hour against the levels of significance
a = (0,10,05 0,025 0,01) with the degree of freedom of 2 equal to the rank of the redundancy matrix
R. It can be observed that the consistency index value h is exceeding the thresholds, respectively all
levels of significance. This means a significant error has been detected. The classification of the errors
can be done according [21] as noted:

l. At any rate, on one of the primary measurements exists a significant (gross) error.
Il.  The equations system is incorrect.

a. asignificant component is not considered in the equation system or

b. acomponent has a different composition from the specified one.

. The variances of the rates are too small resulting in a too sensitive X? test.

Identifying the gross error measurements when the original complete data set does not pass the
hypothesis test can be determined by deleting a measurement and calculating the consistency test
again[24]. If the model does not describe the bioreaction, it is possible to remove an equation from
the model and recalculate the consistency test to identify the error containing equation.
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Fig. 11: K351 A: Statistical Chi-quadrat test in 60 min intervals for model validation. The straight lines represent
the levels of significance for the statistical test. B: Time-dependent variances of the K351 model input rates.

Subplot B shows the variances of each rate as a function of time and set g rates. In this context, the
time course result of the ry variance is significantly manipulated by Savitzky-Golay filtering to prepare
the outcome in a vivid depiction. The variance values higher than 1 (mol/h)? were caused by the
discontinuous working nitrogen pump resulting in a low to zero nitrogen rate leading to a relative error
that goes towards the infinite and culminate to a very high variance. In contrast to that, the other
variances of the rates were very low all the time. Moreover, the ryvariance was lowest when the
nitrogen feed was on.

Furthermore, it can be observed that in the phase gss: = 0.2 g/(g-h), the h value decreased
exponentially. Decreasing in the direction of threshold values and the consistency value increased
again with a smaller gsset = 0.05 g/(g-h) and got about 2 magnitudes higher. This suggests that there
can be an error in the model, or the variances of the rates are too small resulting in a too sensitive X2
test assuming there is no gross error on the calculated rates. Investigating the rates, including
examining each balance gives more information about this behaviour and was studied subsequently.

Nevertheless, the results for the K351 were shown without passing the global statistical X? test to
demonstrate and observe the behaviour of estimating the biomass via measured and reconciled rates.

The calculated substrate rate of glucose (red line), the confidence intervals with a level of significance
of (a= 0.05) and the reconciled rate in c-mol are shown in Fig. 12. It could be observed that the
calculated and the reconciled rate is similar in the low gs phases (qs = 0,1; 0,05 g/(g-h)). The
gs =0,2 g/(g-h) phase represented a distinction of the reconciled rate and the calculated rate at the
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beginning of the phase. Moreover, they are completely different in the phase of gs = Feed max. In this
context, it must be stated that the planed gs = 0,3 g/(g-h) could not be performed the whole time in

this phase caused by the upper pump rate limitation. A supplementary experiment of higher gs rates
was realized in subchapter 6.4.3.

qS,ser =
Feed max
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Fig. 12: K351 substrate consumption rate rs. The red line, including grey confidence intervals
(a= 0.05) represents the online calculated rs. The reconciled rate rs is shown as black trend.

Fig. 13 shows the relativ error in the substrate rate as the sum of the propagation and noise error. The
window size of the linear regression was set to 10 which corresponds to the accounted data points.
These 10 data points represent a time-interval of 5 minutes, accorrding to a signal receiving interval of
30 seconds from the Python Server. It could be observed that the relative propagation error and noise
error are significantly higher in the low gs phases caused by the poor signal to noise ratio (SNR) which
was also observed in [28]. Moreover, the noise error has less impact of the time-dependent error.
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Fig. 13: K3S1 time-dependent relative error (red) separated in noise (grey) and
propagation error (blue) of substrate consumption rate rs.
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The results of the calculated nitrogen input rate ry, including the 95% confidence intervals and the
reconciled rate are shown in in Fig. 14. It is interesting that the reconciled rate was completely equal
to the calculated rate, especially at the beginning, in phase gs =0,2 g/(g-h) and in the phase g = Feed

max in contrast to the results of the substrate rate before.
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Fig. 14: K351 nitrogen consumption rate ry. The red line, including grey confidence intervals (a= 0.05)

40

represents the online calculated ry. The reconciled rate ry is shown as black trend.

The results of the relative error by means of the scale calculated ry rate (Fig. 15) shows throughout
different trends in contrast to the relative error of the rs error shown in Fig. 13. The propagation error
has a significantly higher impact of the total relative error in contrast to the error results of rs.
Furthermore, there were outliers caused by extremely low to zero rate calculations, especially in the

phases with low g rates.
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Fig. 15: K3S1 time-dependent relative error (red) separated in noise (grey) and propagation

error (blue) of the nitrogen consumption rate ry.
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The calculated gas rates, including the 95% confidence intervals are shown as following, beginning with
the results of the oxygen uptake rate ro2 in mol/h as a function of time. It must be stated that the O;
mass flow controller is not considered in K351 which otherwise leads to higher confidence intervals. It
could be observed that the calculated and reconciled rate were similar in low gs phases and there were
mismatches at the beginning of the phase gs = 0,2 g/(g-h) and in the phase gs = Feed max phase. The
reconciled ro; rate is underrated in contrast to the calculated rate in these parts.
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Fig. 18: K351 oxygen uptake rate ro,. The red line, including grey confidence intervals (o= 0.05)
represents the online calculated ro. The reconciled rate ro; is shown as black trend.

The outcome of the relative ro; rate error is represented in Fig. 19. It could be detected that the relative
error on roz is mainly dependent on the error propagation results. The noise error was at least
approximately three magnitudes smaller than the propagated error. The outliers in the noise error and
propagated error results were caused by the sampling procedure during the run. It could be identified
that the calculated relative error on ro, was higher in contrast to rs and ry calculated with scale signals.
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Fig. 19: K3S1 time-dependent relative error (red) separated in noise (grey) and
propagation error (blue) of the oxygen uptake rate ro;.
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The behaviour of the carbon evolution rate rcoz in mol/h is revealed in Fig. 20. As similar to the ro; rate
the calculated and reconciled rate were just the same in the low gs phases. Moreover, the reconciled
rate was also underrated at the beginning of phase gs = 0,2 g/(g-h) and the phase gs = Feed max.
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Fig. 20: K351 carbon dioxide evolution rate rco,. The red line, including grey confidence intervals
(a=0.05) represents the online calculated rco,. The reconciled rate rco; is shown as black trend.

The trend of the relative error on rco; during the trial is shown in Fig. 21. The error characteristic was
similar to the ro; error. The outliers in the noise signal was caused by the sample procedure. The time-

dependent relative error was mainly driven by error propagation. As seen the noise error was at least
4 magnitudes smaller than the propagated error.
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Fig. 21: K351 time-dependent relative error (red) separated in noise (grey) and propagation error (blue)
of the carbon dioxide uptake rate rco,.
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The results of the dissolved O, concentration control strategy are shown in Fig. 22. The setpoint of 35%
and the control of it is given in subplot A for all phases. The actuating variables agitator speed and the
air flow are revealed in subplot B. Most of the time the varying agitator speed was sufficient to control
the O, concentration setpoint. The change of the specific uptake rate gs led to the singular overshoot
at the point of 22 hours. Moreover, a good control behaviour is observed when qs is decreased to

0,05 g/(g-h).

A different manner was detected in the gs rate of Feed max. Here the O, concentration was not only
reached by manipulating the stirrer speed. In this phase the air flow regulation entered the control
loop and strong overshoots could be discovered. This behaviour could be primarily caused by the high
gs change from gs = 0,05 g/(g-h) to the maximum feed pump rate and also by switching the metabolic
mode depending of the glucose levels[36] [37].
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Fig. 22: A: closed loop controlled dissolved O, on 35%. B: Subplot shows the actuating variables

agitator speed and aeration rate of the cascade control system.
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To examine the results more closely, each mass balance is shown in Fig. 23. Subplot A shows the
calculated biomass, which was calculated independently from each mass balance, including the
estimated biomass result, which is displayed as a red line.

In the gs =0,1 g/(g-h) phase, the calculated biomass amount of each balance was reasonably similar
and distinguish with the beginning of the gs = 0,2 g/(g-h) phase. The DoR balance predicted the biomass
amount result best in contrast to the C-balance and N-balance determined biomass quantity. An
interesting aspect accounted the fact that the estimated biomass amount is nearly similar to the
determined biomass, according the DoR balance. So it could be justified by a low error of this balance.

The relative and cumulative absolute error with the estimated biomass rate was examined on the
different mass balances shown in subplot B-D. The relative error was related to the overall conversion
of each balance according Egs. 6-1 to Egs. 6-3.

€c,abs(t) Egs. 6-1
1- rX(t) + 1 rS(t) | +1- rwz(t)

€crel(t) = 100 -

€DoR,abs(t) Egs. 6-2
4,159 - 1yey + 4| T5ey | +4-1 1o |

€poRrel(t) = 100 -

€N,abs(t) Egs. 6-3
0,176 - rx(t) + 1 N(t) |

enreiry = 100 -

Subplot B shows the absolute and relative error of the C-balance as a function of time. After solving
the equation system according to Egs. 5-8, it could be observed that the biomass was underestimated
with regards to the C-balance and led to a cumulated error by 0,4 mol of biomass.

Investigating the cumulative and relative error of the DoR-balance as a function of time, it was found
out that the relative error in terms of the C and N-balance was lowest. This low error is consistent to
the estimated biomass, which was near to the calculated biomass from the DoR-balance revealed in
subplot A. It could be seen in subplot C the cumulative error was increased to approximately 0,13 mol.
This can be also interpreted that the biomass is overestimated.

The relative and cumulative error of the N-balance for the chosen time interval is shown in subplot C.
A look on the relative error a much higher error on this balance in contrast to the C and DoR balance
was identified. In addition, the cumulative error was almost minus 0,3 moles, which can be interpreted
that 0,3 moles of nitrogen were not available for the estimated biomass, since it can be assumed that
all the nitrogen input is used to produce biomass. In conclusion, these results of the N balance made
this balance to be a candidate of a systematic balance error, which could cause the overall not passing
consistency test and was further discussed after the same procedure with reconciled rates.

Nevertheless, the estimated biomass calculated according Eqs. 5-8 for the K351 model (C, DoR, N-
balance) with glucose as substrate (S1) showed that the DoR-balance is describing the mass transfer
of the overall bioreaction most suitable.
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Fig. 23: K351 A: Calculated biomass from C, DoR and N balance with additional estimated biomass
result as a function of the time. B: C-balance cumulative error in mol. The relative error relates to the
total carbon across the balance space. C: DoR-balance cumulative error in mol. The relative error
relates to the total electron’s actions across the balance space. D: N-balance cumulative error in mol.
The relative error of N-balance relates to the total nitrogen across the balance space.

The results shown in Fig. 23. revealed discrepancies in the balances, especially in the N and C balance
in general. As a next step, it is possible to alter the measured rates having regard to their accuracies
guantified by their standard deviations of the rates according Egs. 5-18.
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The biomass estimation results with the reconciled rates are shown in the subplots A-D in Fig. 24. The
estimated biomass with the reconciled rates represents the blue line in subplot A. In contrast to the
results in Fig. 23, the estimated biomass was well predicted from the N-balance. Subplot B shows each
balance residue. The residue of the nitrogen balance was here also significantly higher than the
residues of the C- and DoR-balance and was contributing the conclusion that this nitrogen balance
does not characterize the bioreaction in terms of nitrogen with this discontinuous ry feeding profile.

The relative errors were performed according Eqs. 6-4 to Egs. 6-6, to investigate the shown cumulative
errors in subplot B in another context. The cumulative errors in the balances were related to the
cumulative sum of the absolute input rates plus absolute output rates and estimated biomass
generation as a function of time for each balance.

t
fo €crconcabs(t) Egs. 6-4

ecrconc:rel(t) = t
Jy e H sy | 1oz

t
fo €DOR,concabs(t) Egs. 6-5
Jo 41590 - 1y + 4| Tsey | +4 -1 Toaqey |

eDachunc-"'el ® =

t
fo eNrcanc:abS(t) Eqs 6-6
Jy 0,176 Ty + 11 Ty |

eNrEunc-Tel ® =

Subplot C shows the outcomes of this interpretation. In this view, it could be observed that the
nitrogen balance fits most suitable related to the cumulative sum of the nitrogen input and nitrogen
amount in the generated estimated biomass.

The results show that the N-balance after the reconciliation of the calculated rates is more significant
for the biomass estimation. This fact can be explained by the statistical basis of data reconciliation. It
arises from the properties that are assumed for the random errors on the rates. It is assumed that the
random errors follow a normal distribution with zero mean and a known variance covariance matrix F
generated according Egs. 5-15. By convention, the matrix F is diagonal respectively the rates are
independent from each other, the variances on each rate can be interpreted as a weighting factor.
That means, a higher value of the variance implies that the calculated current rate is less accurate, so
the more accurate rates have larger weights. Moreover, the variances in a balance can be simply
summed up due to this independence and give a suitable information of the weighting of each balance
according its weighting for the estimation.

Returning to Fig. 11, the variance of ry was lowest as opposed to the other rates when the NH; feed
pump operates. In the N balance, only the ry variance occurs and the overall sum of the variances in
this balance is lower than all other balances, so it is evident that the estimated biomass is predicted to
the N-balance after the reconciliation procedure.
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Fig. 24: K351 A: Calculated biomass from C, DoR and N balance with additional estimated and
reconciled biomass results as a function of time. B: Cumulative error of C, DoR and N balance after
reconciliation. C: Relative balance errors related to total C, electron actions (DoR) and N usage across

the balance space.
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As described in subchapter Materials and Methods, alternative biomass determinations with optical
density measurements and dry weight measurements were done to compare the results of these
common procedures with the estimated biomass on calculated and reconciled rates. Fig. 27 shows in
subplot A the estimated biomasses with the calculated rates (green) and the reconciled rates (blue),
including alternative offline biomass determinations with the confidence intervals of 95%.

Subplot B reveals the absolute error of the estimated biomasses in comparison to the optical density
measurements at the respective time points. Subplot C shows the absolute error of the estimated
biomasses in comparison to the dry weight results at the respective time points. The absolute mean
errors of the biomasses with respect to the OD respectively DW measurements are also shown in
subplot B and C.
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Fig. 27: K351 Independent biomass content comparison and validation, 13 samples were under
consideration. A: Estimated and reconciled biomass trend as functions of time in different qs phases,
including optical density (OD) and dry weight (DW) measurements. B: Absolute errors of estimated
and reconciled biomass related to optical density (OD) measurement method. In addition, the mean
error over all different qs process phases. C: Absolute errors of estimated and reconciled biomass
related to dry weight (DW) measurement method. In addition, mean error over all different g
process phases.
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A view on the subplot A shows that the estimated biomass with the reconciled rates was overrated
and the estimated biomass by the calculated rates was underrated most of the time. This phenomenon
takes place, especially at higher gs rates (gs = 0,2 g/(g-h)).

It could be observed that the mean error of the estimated biomasses (Xrconc, Xest) with and without
reconciling data in terms of the optical density measurements yielded in 8,6 or rather 10,9 g. This fact
shows that, the data reconciliation does not generally improve the performance of the estimation.
That is, if the equation model does not pass the consistency test, it is possible that the biomass
estimate is not optimal. The mean error on the estimated biomasses related to the dry weight biomass
determination yielded in 10,3 respectively 7,9 g. Reconciling the rates in this case improves the
biomass estimation compared to the OD measurements in contrast to the DW measurements. Back to
subplot A, the best estimation is between the dotted green line and the blue curve. Moreover, the
results of the offline methods for biomass determination are also afflicted with errors concerning
washing procedure and error propagation on DW and calibration, dynamic range and attachment of
cells or antifoam on OD measurements[38].

It could be stated that best accordance was given by the estimated biomass with reconciled rates in
comparison to the dry weight measurement, which led to an error of approximately 7%, related to the
generated biomass.

Back to the initial situation, it was observed that the equation model did not meet the global
consistency criteria explained before. Using small gs rates (qs = 0,1 / 0,05 g/(g-h)), small variances led
to a too sensitive consistency test. This also confirmed by the observation of an exponential decrease
of the consistency value h in the gs = 0,2 g/(g-h) phase.

Nevertheless, the model does not fulfil the quantification of the global consistency criteria. This
suggests that some constraints of the equation model are incorrect. It has been observed that the
relative error in the N-balance was significantly higher in the intervals seen in subplot D in Fig. 23 in
comparison to the C- and DoR-balance relative error after the estimation without reconciled rates. The
glucose and NH; amounts were measured from the samples and are shown Fig. 30 in subplot A.
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Fig. 30: K351 A: Glucose and and NHs; amount in mmol during the fed batch run in different qs phases.
Instead of Glucose, the ammonium content during the process does not meet the assumption to be zero.
B: Pre-defined gs setpoints and calculated specific rate gs as a function time.
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The assumption that all glucose is metabolised is fulfilled. There is no glucose accumulation at the
overall run. Another assumption which concerns that all nitrogen input is used for the biomass
generation by holding the pH constant cannot be accepted after the changing NHs concentration
demonstrated in subplot A. The change is significantly high at the end of the run in the phase
gs = Feed max.

Subplot B in Fig. 30 shows the real calculated specific uptake rate gs in comparison to the gs setpoint.
The real calculated gs was similar to the gs setpoint at low gs setpoint rates. In the part of the
gs = 0,2 g/(g-h) phase, the real calculated g, differed from the qgs setpoint. This could be interpreted
that the integral term of the Pl -Controller must be higher for further runs. The technical limit of the
pump in the gs max phase was reached, so the gs of 0,3 g/(g-h) was not performed.

In conclusion, the estimation of the biomass with calculated and reconciled rates. It can be summarized
that the significance of the balances on the biomass results differed after the reconciliation procedure.
If the N-balance would satisfy the assumptions, it would be the most significant balance after the
reconciliation procedure in this experimental case. The valuation of each balance in relation to the OD
and DW measurements are assessed by their weighting on the estimated biomass results and classified
in calculated and reconciled rates input according Table 7.

Table 7: K351 Performance of each balance with calculated and reconciled rates input

Balances Rank with calculated rates Rank with reconciled rates
N-Balance less satisfying best

Degree of Reduction Balance best satisfactory

C-Balance satisfactory less satisfying
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6.4.2 K281

A suitable approach is to investigate the run without the used nitrogen balance. The model decreases
to two equations (C- and DoR-balance) and one substrate (Glucose). K251 is also an over-determined
system, where only one (biomass) rate is unknown. Therefore, the reconciliation of the rates is also
possible. As a first consequence, the consistency test should be improved in comparison to the K3S1
model. The analysis of the K251 model is equally structured such as the previous investigation.

The statistical global X2-test for the K251 equation system is shown in Fig. 31. Firstly, it could be
observed that the consistency index h is one magnitude smaller in comparison to the consistency test
of the K351 model in Fig. 11. Furthermore, the model passed the test at a specific uptake rate of
gs = 0,2 g/(g-h) as an opposite to the K351 model. This means, that the K251 model is trustful in this
phase and describes the overall bioreaction. It can be said that we have a representative biomass
estimation. However, the calculated h value exceeded the thresholds in the low gs phases. This could
be a result of switching the mode of the metabolism detected by a lower respiratory quotient RQ of
approximately 0,8 instead of 1 in these phases. Furthermore, the maintenance also had a large
proportion on the metabolism in these low gs phases. Otherwise, this high consistency value h could
be also from the very low variances resulting in a very sensitive test. It is obvious, that the most
accurate rate is rs followed by rco, and ro; in contrast to Fig. 11 subplot B.
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Fig. 31 K251 A: Statistical Chi-quadrat test in 60 min intervals for model validation. The straight lines
represent the levels of significance for the statistical test. B: Time-dependent variances of the K251
model input rates.
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The calculated substrate rate of glucose (red line), the confidence intervals with a level of significance
(a=0.05) and the reconciled rate in c-mol are shown in Fig. 32. It could be observed that the calculated
and the reconciled rate was exactly equal in all gs phases in contrast to the similar plot of the K351
model. The reconciliation procedure did not significantly modify the calculated rate.
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Fig. 32: K251 substrate consumption rate rs. The red line including grey confidence intervals (a= 0.05)
represents the online calculated rs. The reconciled rate rs is shown as black trend.

The calculated oxygen uptake rate ro; (red line), the confidence intervals with a level of significance
o = 0.05 (grey line) and the reconciled rate (black line) in mol are shown in Fig. 33. It could be observed
that the reconciled rate was slightly lower than the calculated rate in the phases gs = 0 g/(g-h) and
gs = 0,05 g/(g-h). There were mismatches at the beginning of phase s = 0,2 g/(g-h) and phase feed max.
The reconciled ro; rate in these parts were underrated in contrast to the calculated rate. It could be
observed that the mismatches were significantly smaller after the reconciliation procedure in
comparison to the ro; analysis in K351 shown in Fig. 18.

The calculated carbon dioxide evolution rate rcoz (red line), the confidence intervals with a level of
significance a = 0.05 (grey line) and the reconciled rate (black line) in mol are shown in Fig. 34. It was
found out that the calculated rate was similar to the reconciled rate over wide gs phases. Slight
distinctions were also observed at the beginning of the qs = 0,2 g/(g-h) phase and at the beginning of
the maximal feed phase. These distinctions were not so pronounced in contrast to the reconciled rate
of the K3S1 model shown in Fig. 20.The errors of the rates rs, ro2 and rco; were the same as in the K351
model shown in subchapter 6.4.1.
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Fig. 33: K251 oxygen uptake rate ro,. The red line, including grey confidence intervals (a= 0.05)
represents the online calculated ro,. The reconciled rate ro; is shown as black trend.
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Fig. 34: K251 carbon dioxide evolution rate rcoz. The red line including grey confidence intervals
(o= 0.05) represents the online calculated rco,. The reconciled rate rcoz is shown as black trend.

The biomass estimation results with the K251 model of each balance (C and DoR) demonstrated in Fig.
35 were consistent in comparison to the K3S1 model. The estimated biomass with the calculated rates
was also located in the determined biomass of the DoR balance shown in Fig. 35 in subplot A.
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The results of the reconciliation procedure of the K251 model differs from the previous K351 model.
Here, the estimated biomass was located in the determined biomass of the C-balance in contrast to
model K3S1. A look on subplot B shows the cumulative absolute balance errors of the C and DoR
balance. The cumulative absolute errors are 12 magnitudes lower in comparison to the absolute
balance errors of the K3S1 model after the reconciliation procedure.

The critical examination according Egs. 6-4 to Eqgs. 6-6 revealed in subplot C led also to different results
in contrast to the K351 evaluation. Here, the C-balance is more significant for the biomass estimation
than the DoR balance. The sum of the rate variances in the C-balance is lower than in the DoR balance,
that means that the C-balance is more accurate and has more influence on the reconciliation. As a
general statement, it can be said that the K251 equation model system describes the overall

bioreaction well with higher gs rates such as 0,2 g/(g-h). This circumstance led to a small discrepancy
of the estimated biomass with calculated and reconciled rates.
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Fig. 35: K251 A: Calculated biomass from C, DoR and N balance with additional estimated and
reconciled biomass results as a function of time. B: Cumulative error of C and DoR balance after

reconciliation. C: Relative balance errors related to total C or rather electron actions (DoR) across
the balance space.
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The comparison of the estimated biomass with the OD and DW measurements according Fig. 36 shows
an improvement in contrast to the K351 model. Subplot A shows the absolute estimated biomass with
calculated and reconciled rates, including the OD and DW results. The discrepancies between the two
different estimated biomasses are low in the first two gs phases and in the last gs phase.

Subplot B reveals the absolute error of the estimated biomasses in comparison to the optical density
measurements at the respective time points. Subplot C shows the absolute error of the estimated
biomasses in comparison to the dry weight results at the respective time points. The absolute mean
errors of the estimated biomasses with respect to the OD respectively DW measurement are also
shown in subplot B and C.

It could be observed that the mean error of the estimated biomasses (Xrconc, Xest) with and without
reconciled rates in terms of the optical density measurements yielded in 8,88 or rather 4,3g. This fact
shows in this case that, the rates reconciliation improves the performance of the estimation. This
happens, if the equation model (K251) passes the consistency test or if the failed consistency test is
only caused by too small variances. The mean error on the estimated biomasses compared to the dry
weight biomass determination yielded in 10,63 g respectively 6 g. Reconciling the rates also improved
the biomass estimation compared to the OD measurements. It could be stated that the best
accordance is given by the estimated biomass with reconciled data in comparison to the OD
measurement. In this context, a biomass estimation with a relative error of 5 % based on the biomass
produced could be obtained.

The valuation of the balances in relation to the OD and DW measurements was assessed by their
weighting on the estimated biomass results. Furthermore, balances are classified in calculated and
reconciled rates input according Table 8.

Table 8: K251 Performance of each balance with calculated and reconciled rates input

Balances Rank with calculated rates Rank with reconciled rates
Degree of Reduction Balance best satisfactory
C-Balance satisfactory best
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Fig. 36: K3S1 Independent biomass content comparison

and validation. 13 samples were under

consideration. A: Estimated and reconciled biomass trend as a functions time in different qs phases,
including optical density (OD) and dry weight (DW) measurements. B: Absolute errors of estimated
and reconciled biomass related to the optical density (OD) measurement method. OD mean error over
all different qs process phases. C: Absolute errors of estimated and reconciled biomass related to the
dry weight (DW) measurement method. DW mean error over all different qs process phases.
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6.43 K251 2

The following analysis is similarly structured such as subchapter 6.4.1. The assumptions are equal to
the run before. This additional run with the K2S1 model was performed with a feed concentration of
400 g/l instead of 200 g/l to investigate the behaviour of higher gs rates. In this task, the run was
executed at a specific substrate uptake rate of g = 0,3 g/(g-h) and gs = 0,4 g/(g-h). Fig. 37 shows the
calculated specific uptake rate, including their setpoints as a function of time. A good feeding control
performance is at the first third of the phase gs = 0,3 g/(g-h). The integral term in the PI controller has
not had the required control power which was caused by the exponential biomass growth. Especially,
this effect is shown in the phase gs=0,4 g/(g-h). Further optimizations can be done in this field in
prospective works. Furthermore, the whole glucose was metabolised as a result of the samples
investigation.
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Fig. 37: Specific calculated glucose uptake rate with qs setpoints.

The application of the global consistency test on the K251 model with higher rate values leads to
different results in contrast to Fig. 31. Here, the behaviour shown in Fig. 38 is caused by the higher
setpoints of the specific uptake rates and a higher starting biomass amount of 93 g. Subplot A shows
the calculated consistency index h also as a bar plot with a bar width of 10 minutes. The threshold
values represent the levels of significance with a = (0,1 0,05 0,025 0,01). Contrary to the findings of
the previous K251 investigation, here the K251 model fits in combination with the executed gs feeding
setpoints. That means, that the biomass estimation is successful. It is also obvious that the consistency
index h increases if there is no feeding phase or a possible ethanol metabolism.

The variances of the rates are shown in subplot B. The variances of all rates are significantly higher in
contradiction to the variances of the previous run. This means, the risk of a too sensitive global
consistency test caused by very low variances is minimal.

A higher ro; variance related to the other variances in contrast to the ro; variance results in Fig. 31
subplot B was also identified. This behaviour is caused by the considered pure O, mass flow controller
and its accuracy allowance.
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Fig. 38 K251_2 A: Statistical Chi-quadrat test in 60 min intervals for model validation. The straight
lines represent the levels of significance for the statistical test. B: Time-dependent variances of the
K251_2 model input rates.

The calculated substrate rate of glucose (red line), the confidence intervals with a level of significance
(o= 0.05) and the reconciled rate in c-mol is shown in Fig. 39 on the next side. It could be observed that
the calculated and the reconciled rate is exactly equal in all gs phases. Moreover, the reconciliation
procedure does not significantly modify the calculated rate.
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Fig. 39: K251_2 substrate consumption rate rs. The red line, including the grey confidence intervals
(o = 0.05) represents the online calculated rs. The reconciled rate rs is shown as black trend.

Fig. 40 shows the relative error of the substrate rate as the sum of the propagation and noise error.
The relative error is approximately 5% during the feeding phase. It is obvious that the relative error

goes to infinite if the rate goes to zero. This behaviour can be seen before the feed switch on and after
the feed switch off timepoints.
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Fig. 40: K251_2 time-dependent relative error (red) separated in noise (grey) and propagation error
(blue) of the substrate consumption rate rs.
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The calculated oxygen uptake rate (red line), the confidence intervals with a level of significance
(a=0.05) and the reconciled rate in mol is shown in Fig. 41. The O, mass flow controller is here
considered, in contrast to the K351 and K2S1 evaluation. This circumstance leads to bigger confidence
intervals in contrast to the results in Fig. 33. It could be observed that the calculated and reconciled
rate is almost similar in the two thirds of the experiment. The discrepancy increases when the O, mass

flow controller entered in the dissolved O, control system. Which shows the noise at the end of the
gs = 0,3 g/(g-h) phase.
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Fig. 41: K251_2 oxygen uptake rate ro,. The red line, including the grey confidence intervals (a= 0.05)
represents the online calculated ro,. The reconciled rate ro; is shown as black graph.

Fig. 42 shows the relative error on the substrate rate as the sum of the propagation and noise error.

The relative error is higher in constrast to the K251 and K3S1 evalution because of the considered
additional O, massflow controller.
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Fig. 42: K251_2 time-dependent relative error (red) separated in noise (grey) and propagation error
(blue) of the oxygen uptake rate ro;.
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The calculated carbon evolution rate (red line), the confidence intervals with a level of significance
(a0 =0.05) and the reconciled rate in c-mol is shown in Fig. 43. It could be observed that the calculated

and the reconciled rate is exactly equal in all gs phases. In this context, the reconciliation procedure
did not significantly modify the calculated rate.
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Fig. 43: K251 _2 carbon dioxide evolution rate rcoz. The red line, including grey confidence

intervals (a= 0.05) represents the online calculated rco,. The reconciled rate rco, is shown
as black graph.

Fig. 44 shows the relative error of the carbon evolution rate as the sum of the propagation and noise.

The relative error is significantly lower in the feeding phases as in contrast to the previous K3S1 run.
Here, the mean relative error remains around 5%.
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Fig. 44: K251_2 time-dependent relative error (red) separated in noise (grey) and
propagation error (blue) of the carbon dioxide evolution rate rco;.
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The jagged course in all rates plots at the end of the gs =0,3 g/(g-h) phase was caused by the high
minimum flow rate of the O, mass flow controller. The discrete turn on and turn off of this device in
combination with the minimum flow rate of 0,2 I/min led to a reduced O, control stability. This reduced
stability is strong when the air mass flow controller could not really hold the O, concentration on the
setpoint. Consequently, this behaviour led to a higher calculated consistency value at a process time
of 4 hours, shown in Fig. 38 subplot A. This behaviour can be avoided by a more convenient mass flow
controller.

Fig. 47 shows the O, concentration control with the agitator speed and oxygen input stream as the
actuating parameters. The O, concentration broke in at the start of feeding (gs = 0,3 g/(g-h)). The
control system required approximately one hour to reach the setpoint of 35 %. That is not uncommon
with approximately 30 g/l biomass and an initial specific substrate uptake rate of 0,3 g/(g-h). The
cascade control can be explained by the actuating variables in subplot B. When the agitator speed
reaches the maximum, then the air mass flow controller enters the control system. If the mass flow
controller reaches the maximum, then the additional O, mass flow controller enters the control
system. The activation of the O, controller can be identified at a time point of 3,5 hours.

As a result of this plot, it can be said that the implemented O, control provides the required
performance also with higher qgs rates. Furthermore, the additional pure oxygen control function
extends the existing design space. In this context and for this specific case, a solid oxygen supply must
be guaranteed. In conclusion, the oxygen supply could not be provided after approximately 5 hours,
which caused the termination of the experiment.
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Fig. 47: K251_2 A: closed loop controlled dissolved O,on 35%. B: Subplot shows the actuating variables
agitator speed and aeration rate of the cascade control system.
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The results of the biomass estimation with the K251 model are revealed in Fig. 48. Subplot A shows
the calculated biomass from each balance, including the estimated biomass with the measurements
calculated rates.The estimated biomass coincided with the result of the DoR balance. The following
subplots B and C represents the relative and cumulative errors of each balance after the estimation.
The DoR-balance also describes the overall bioreaction more precise than in contrast to the C-balance.
Moreover, the cumulative error of the C-balance is approximatly 40 times higher than the cumulative
error of the DoR balance. In an another interpretation, it can be said that the biomass production is
overrated in the C-balance and slightly underated in the DoR-balance.
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Fig. 48: K251_2 A: Calculated biomass from C and DoR balance with additional estimated biomass result
as a function of time. B: C-balance cumulative error in mol. The relative error relates to the total carbon
across the balance space. C: DoR-balance cumulative error in mol. The relative error relates to the total
electron’s actions across the balance space.
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The results of the estimated biomass with the reconciled rates are shown in Fig. 49. The estimated
biomass is also predicted on the C-balance. This behaviour can be explainted with the variances of the
different rates. The variances shown in Fig. 38 reveals that variances of the rs rate and the rco; rate are
smaller than the variance of ro,. The sum of the variances in the C balance is significantly lower than
the sum of the variances in the DoR balance. This fact is caused by the high variance of the ro; rate.

Futhermore, this suggest that the C-balance is more significant for the reconciliation prodecure than
the DoR balance.

Subplot B shows the cumulated error of each balance after the reconciliation procedure. The results
are near to zero. In conclusion, the equation model also fits with higher g, rates. Subplot C shows the
relative error of the balance explained in more detail in subchapter K3S1. It can be summarized that

the relative error related to the sum of the input, output and accumulation amount is higher on the
DoR balance with the reconciled rates.
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Fig. 49 K2S1_2 A: Calculated biomass from C and DoR balance with additional estimated and
reconciled biomass results as a function of time. B: Cumulated error of the C and DoR balance after

reconciliation. C: Relative balance errors related to total C and electron actions (DoR) across the
balance space.
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The comparsion of the estimated biomass with calculated and reconciled rates in contrast to the OD
and DW measurements is shown in Fig. 50. Only 3 samples were done in this run. The first sample was
to initialize the calculation with the biomass content of 93 g. It has been observed that the OD and DW
measurements differ singnificantly in the gs = 0,3 g/(g-h) phase.

In subplot B, it can be observed that the mean error of the estimated biomasses with calculated and
with reconciled rates in comparison to the optical density measurements yielded in same value of
5,4 g. This fact demonstrates that the reconciliation did not improve the performance in this run.

In subplot C, the mean error of the estimated biomasses is represented with calculated and with
reconciled rates in comparison to the dry weight measurements. The mean errors related to the DW
measurements yielded in 8,8 g respectively 9,2g. This also suggests that the reconciliation procedure
rather impair the estimation related to the DW measurements. The better estimation results in
relation to the OD measurements are caused by the initial biomass value for the calculation in contrast
to the DW comparison.The results of the mean errors related to the alternative measurements can be
also related to the generated biomass. The results in this view yielded in a relative error of
approximatly 10 % compared to the OD and approximatly 18% compared to the DW measurements. It
can be generally stated that the offline biomass measurements are obviously less accurate than the
estimated biomass.

In conclusion, the additional run with the K251 model and higher gs rates is fitting the overall
bioreaction checked by the consistency test. The formation of ethanol with higher qs rates of
0,233 g/(g-h) did not lead to an not passing consistency test. Furhtermore, the higher rates, including
the higher variances avoid a too sensitive consistency test in contrast to the results in subchapter 6.4.2.
It can be stated the general performance of this run was satisfying the demands for the estimation of
the biomass via this robust soft sensor concept. Also the balances can be weighted according Table 8.
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Fig. 50: K251_2 Independent biomass content comparison and validation, 3 samples were under
consideration. A: Estimated and reconciled biomass trends as a function of time in different qs phases,
including optical density (OD) and dry weight (DW) measurements. B: Absolute errors of the estimated
and reconciled biomass related to the optical density (OD) measurement method. C: Absolute errors
of the estimated and reconciled biomass related to dry weight (DW) measurement method.
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6.5 Workflow for a successful performance of microbial fermentations

Based on [23], a general strategy to run a successful cultivation with a robust biomass soft sensor can
be summarized in a workflow shown in Fig. 51.

The reasons for the advantages of such this workflow is at first demonstrated by the first step of
defining assumptions for the bioreaction network. The operator is encouraged to think about possible
assumptions then to develop a simple bioreaction network that can describe the overall bioreaction
with simple accessible measurements or derived quantities.

In the next step, the stochiometric matrix for various species and different reactions (C, DoR, N) is
formulated. This reaction network is the basis for a basic experimental simulation. The practical benefit
of a general fed batch simulation study, such as in this thesis, is that the setup can be constructed for
the experiment without any knowledge from previous similar cultivations. Any problems, especially
regarding to limitations especially of oxygen transfer, maximum volume and feeding profile can be
prevented.

Subsequently after the setup of the reactor system, a “water” run should be conducted to test the
control systems and the connection link to the process control system also via python server to
MATLAB and in reverse direction. It needs to be stated at this point that a fermenting run should be
performed under stable conditions without malfunctioning dissolved O,, pH, temperature, and feed
strategy controls that disturb the whole soft sensor system.

The initial biomass concentration after the batch phase must be known as initial biomass concentration
for the biomass estimation calculator. In contrast to previous works [22] [39] [19] [28],this calculator
takes the changing variances of the inputs during the run into account, which makes the biomass
estimation with reconciled rates robust.

After the calculation of the reduced redundancy matrix and the covariance matrix of the residuals, it
can be computed the constency value h. This value is also highly dependent on the variance from the
rates as function of the time. If a gross error is detected, the gross error can be identified by sub
sequential elimination of the measured rates. If there is no identified error on the measured rates,
then the error must be in the model. The normal procedure is to modify the assumptions or bioreaction
network. The input rate can be adjusted afterwards in the case of a gross error on a measured rate
and the calculation procedure repeated. If the consistency test does not detect a gross error, then the
measured rates can be readily reconciled. An improved biomass result can be computed with the
reconciled rates.

Checking the control system, especially in the first 5 steps from the assumption involves a lot of work.
These steps are time consuming, especially setting the system up in the “water” run and is a
disadvantage of this workflow. Moreover, the concept requires a certain amount of expert knowledge,
which could represent a barrier to the use of the workflow.

Nonetheless, the showed soft sensor concept for the biomass estimation represents a robust soft
sensor concept and due to the modular setup in MATLAB a slight adaption and extensible platform for
other cultivations. The general concept can be also correlated with other online sensors to use MATLAB
for advanced mathematical requirements.
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Fig. 51 Workflow for successful performance of microbial fermentations including estimating the biomass
via soft-sensor. The green box represents the goal of the soft sensor concept.
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/7 Summary

The investigation of pervious cultivation runs showed that robust control strategies in combination
with a successful soft sensor for the biomass estimation were not applied. Therefore, it is
recommended to make a simulation of the experiment to avoid to be out of the design space. A general
aspect of all sub - evaluations from K3S1 to the extended K2S1_2 run shows the importance of the
statistical consistency test. The test verifies the model and the measured input rates. If the consistency
test is not performed, wrong estimations can occur. This fact is demonstrated in the analysis with the
K3S1 model, were the faulty nitrogen balance seems to be the most significant balance for the overall
bioreaction after the rates reconciliation procedure. This is caused by the time-dependent
consideration of the measurement errors.

The key novelty in this soft sensor concept is the real-time consideration of the measurement errors
from the devices, including their propagation and measurement noise of the rates. This information
was used for the consistency test and the reconciliation procedure during the run to estimate the best
biomass result related to the current process conditions. This circumstance makes the concept robust
against changing process conditions. This is the key improvement in contrast to a traditional soft sensor
in previous works [19] [22] [28] [39] were the error of the rates was assumed by a constant value.
Furthermore, [29] only investigated the behaviour of a biomass estimating soft sensor with a
considered error propagation by Monte Carlo simulation with in silico generated data. In contrast to
[29] this thesis investigates the behaviour in a real-time application. Therefore, following statements
can be done for this robust soft sensor concept.

The results of the K351 subchapter show that small rates are linked with high relative errors which lead
to very small variances. In further consequence, this can lead to a too sensitive consistency test
whereby the informative value is reduced. A model error was detected and led to a reduced model
without the nitrogen balance. The system passed the consistency test with the reduced K251 model
with a specific feed rate of gs=0,2 g/(g-h). An additional run was performed to investigate the soft
sensor concept with higher rates. It has been shown that the concept becomes stronger due to the
decreased relative errors of the higher rates. This improved accuracy of the calculated rates can be
impaired by poorly selected measurement devices. In this context, a suitable equipment is a
mandatory for a successful soft sensor application. Moreover, it has been shown that the most
significant balance for the biomass estimation result is the DoR-balance with calculated rates and the
C - balance with the reconciled rates. This statement can be done with this setup, a Saccharomyces
cerevisiae cultivation and a passed consistency test.

The estimated biomass results were compared with optical density and dry weight measurements at
certain time points. It can be shown that these reference measurements are more inaccurate at higher
biomass concentrations. The best results for the biomass estimation were achieved with the K251
model in comparison to the dry weight measurements. The mean relative errors of the estimated
biomass are less than 10 % compared to the reference measurements. The investigation of the control
strategies for a pre - defined run shows different results. The dissolved O; concentration control with
the extended pure oxygen function provides the requirements for a smooth run. The control for the
specific feeding profile has the necessary accuracy in low feed flows but declined with higher specific
uptake rates. This was caused by the not considered changing requirements for an optimal setting of
the PID controller.

A workflow for a successful performance of microbial cultivations based on these results is developed.
It shows the requirements for a successful soft sensor application. It can be concluded that this novel
soft sensor concept provides a precise biomass estimation in real — time.
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8 Outlook

The biomass amount as a catalytic converter to develop a product of interest is one of the key variables
in any microbial cultivation processes. In this thesis a Saccharomyces cerevisiae cultivation was only
performed as an example to investigate the behaviour with this novel error consideration approach.
The prospective aim of this work should be the implementation of this concept in different cultivations
with similar initial process conditions as a first step. The slight implementation is provided due to the
modaular setup of the created calculator functions. In contrast to that, robust data transfer should be
improved in terms of easy use and stability. A centralized approach for monitoring and control in
combination with a decentral data management could reduce the susceptibility to errors.

Another improvement can be achieved with the workflow of [29]. This paper provides a workflow for
an optimized pre-selection of the measurement devices for improved estimation results. From this
point of view, it is interesting to compare the predicted results to a real-time application. Chapter K351
and K2S1 showed non-passing consistency tests behaviours. A suitable approach could be to enlarge
the constant parameter windowsize for the rates calculation. This reduces the relative errors of the
rates and enlarge the variances. In this context, a too sensitive consistency test can be avoided. A next
approach could be done to control this parameter windowsize in relation to pre-defined maximum
relative errors.

As shown in this thesis, 3 different balances were initially used to characterize the overall bioreaction
for the biomass estimation. The nitrogen balance did not quantify this overall bioreaction system due
to wrong assumptions. Further works can be done to make the nitrogen or other balances accessible
to describe a wide range of bioreaction systems. In this context, useful literature was found [20] [25]
[40] [41] [42]. Various specific uptake rates can cause temporary metabolites which are not considered
with a statically C-balance. The advantage of the nitrogen balance consideration lies in the fact that
possible carbon containing temporary metabolites without nitrogen such as ethanol do not disturb the
nitrogen balance. An implementation of the N-balance needs a precise online determination of the
nitrogen concentration in the broth. NIR and MIR spectroscopy can be used for online ammonia
measurements, although this is an expensive method [43]. In this context, the behaviour of the setup
can be investigated when the nitrogen is the limited nutrient [44].

A steady-state model was used in this approach. Innovative improvements can be done in the model
development to characterize the bioreaction. One idea could be to create a more sophisticated
adaptive soft sensor where the performance is improved by a change or adaption of the model in real-
time. Furthermore, a dynamic structured balance model can be implemented in combination with
kinetics to describe rate expressions as a function of the state variables. Literature was found
concerning to [45] [46] [47]. It is also possible to use different models in a parallel mode.

Finally, this soft sensor concept can be used for the calibration of other direct online measurement
methods or as an additional reference measurement for an improved biomass amount determination.
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9 Conclusion

Challenge 1

Soft sensor concepts for the estimation of variables of interest are widespread in industrial
applications. This technology is rarely in laboratory scale cultivation experiments.

Goal I: The first goal of this work is to find the problems as to why it is uncommon to use a soft sensor
technology for estimating the biomass during cultivation runs. Furthermore, an identification of the
“issues” in the technical, handling and software section should provide necessary information. In this
context, a developed strategy should avoid the “issues”. This should be a basis for a successful soft
sensor development.

Conclusion I: The use of soft sensor technologies in laboratory environments requires some expertise
and can be an inhibitor for an application. Research has shown that processes are often performed
outside a design space. The problem is now avoided by a developed fed batch simulation tool. This
tool is designed for a pre-estimation of the design space of an existing setup and process.

Challenge 11

Specific feeding profiles are related to the biomass concentration in the reactor. The amount of
biomass is not available in real-time due to the lack of reliable and accurate biomass quantification
results from online direct determinations.

Goal II: A soft sensor concept should be developed to estimate the biomass amount with easily
accessible measurements. The provided biomass determination should satisfy the accuracy of a
specific substrate uptake rate control strategy. This concept should be developed in a multi-paradigm
numerical computing environment. Finally, a proof of this novel soft sensor approach must be done.

Conclusion II: Control concepts for the dissolved oxygen concentration and feeding profile have been
developed to ensure a stable fermentation. These shareable tools are implemented in Lucullus PIMS
to increase the process robustness. Based on the real-time communication to MATLAB, a novel soft
sensor for a robust biomass estimation was implemented. This novel approach is based on the
real - time consideration of the measurement device errors. The error propagation consideration only
then provides a robust rate reconciliation procedure. The implementation is based on modular
functions, which allow fast adaptions to other processes. The soft sensor was validated according to
the pre-defined acceptance criteria. Biomass estimation errors around 5 % were reached.
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Challenge 111

A soft sensor concept should be reliable, robust and easily adaptable to other processes in a bioprocess
development environment. In this context, no works investigate the behaviour of the applied soft
sensor with the in real-time considered measurement errors.

Goal III: A detailed analysis of the error propagation should be done for a powerful reconciliation
procedure, a robust estimation of the biomass and a meaningful statistical test. Finally, a workflow
should be established for a successful biomass estimation via this robust soft sensor concept.

Conclusion III: The key novelty of this thesis is the real-time consideration of the changing errors on
the rates. The errors on the rates were taken into account by an error propagation and noise error
consideration of the measurements for a powerful reconciliation procedure. Furthermore, the rates
were calculated with a regression analysis. This led to a very sensitive statistical test at low rates. The
used N-balance could be identified as non-representative in this approach. A robust estimation of the
biomass could be achieved with the K251 model (C and DoR balance). It was found out that the C-
balance is the most significant balance for the biomass estimation after the reconciliation procedure.
In general, a stable process is essential for a proper biomass estimation. The developed workflow for
the biomass estimation therefore forms a basis for improved process developments.
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10 Appendix

The program parts in addition with the generated source code of the soft sensor concept and further
technical documents are enclosed in digital form.
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