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Abstract 

Software sensors are a potent tool to improve biotechnological real time 
process monitoring and control. In the current project, algorithms for six 
partly novel, software sensors were established and tested in a microbial 
reactor system. Eight batch and two fed-batch runs were carried out with a 
recombinant Escherichia coli to investigate the suitability of the different 
software sensor models in diverse cultivation stages. Special respect was 
given to effects on the sensors after recombinant protein expression was 
initiated by addition of an inducer molecule. It was an objective to figure out 
influences of excessive recombinant protein expression on the software sensor 
signals. 

Two of the developed algorithms calculated the biomass on-line and 
estimated furthermore, the specific growth rate by integration of the biomass 
changes with the time. The principle of the first was the application of a near 
infrared probe to obtain on-line readings of the optical density. The other 
algorithm was founded on the titration of ammonia as only available nitrogen 
source. The other two sensors analyzed for the specific consumption of 
glucose and the specific production of acetate and are predicted on an in-line 
HPLC system. 

The results showed that all software sensors worked as expected and are 
rather powerful to estimate important state parameters in real time. In some 
stages, restrictions may occur due to different limitation affects in the models 
or the physiology of the culture. However, the results were very convincing 
and suggested the development of further and more advanced software 
sensor models in the future. 
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1. Introduction  

1.1 Aim 

The aim of the current project was to develop software sensors which probe 
for important state parameters in batch and fed-batch cultivations and which 
enable to control processes in a more advanced and effective way. In 
particular, their usefulness for detecting effects related to the expression of a 
recombinant protein was investigated. Thereby, the objective should be to 
optimize the process and thus increase its efficiency and yield. The developed 
sensors should assess the biomass concentration, specific growth rate, specific 
glucose uptake and specific acetate production. 

1.2 Approach 

The developed software sensors were programmed and applied in an 
operating software and tested in eight batch and two fed-batch cultivations. 
Even if some of the applied sensors were described earlier, they were never 
tested at the same time to find correlations with stress impacts to optimize a 
process. The recombinant protein of choice was the green fluorescence protein 
(GFP) under control of the strong T7 vector.  

The used methods were typical standard bioreactor measurement devices 
(SBM), in-line HPLC, NIR-monitoring and the off-line determination of 
fluorescence and dry weight.  

1.3 Background 

1.3.1 General background 

Successful bioprocess operation requires optimized process monitoring and 
control. Especially during recombinant protein production, it is crucial to get 
information about the physiological state of the production organism. 
However, there is still a great lack of adequate sensors and methods and 
therefore many protein production processes are still inadequately optimized 
(Nemecek et al, 2008). Gnoth et al marked in 2008 that most control systems 
in industrial scale bioreactors are still insufficiently developed and that a lot 
of already existing data could be analyzed to gain more and better knowledge 
about processing. The review criticized current control models since they are 
too simple and require development of more advanced models. 
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1.3.2 Software sensors 

For improving real time decision making, software sensors can be a potent 
tool. This rather new type of measurement facility is based on the principle 
that variables, complicated to measure, are calculated indirect from standard 
on-line data, which is transformed through a mathematical model. 

There are two conditions to ensure that the measurements are valid. First, it 
is important that the signals contain the desired information. Second, a 
relationship between the measured and the calculated variables must be 
known. In its most simple version, this method has been in use in 
engineering for a long time, described as engineering correlations (Gnoth et 
al, 2008; Kiviharju et al, 2008). With software sensors a more sophisticated 
model lies behind the correlations. Already presented approaches for some 
state parameters are briefly reviewed in the following paragraphs: 

Biomass and specific growth rate estimation 

The biomass is one of the most important parameters in an industrial 
biotechnological process, hence the on-line state estimation is rather 
fundamental. Many different approaches for the in-situ determination have 
been presented (cf. Kiviharju et al, 2008). Since the biomass is such a crucial 
state parameter, most of the presented software sensors have been in this 
application field. In a recent review about biomass on-line measurements, 
Kiviharju et al (2008) mentioned them as an economic tool, since they are 
based mostly on PCs without any expensive upgrades and common bioreactor 
measurements, which are used anyhow. They conclude that software sensors 
and correlation methods especially can be useful in well-known industrial 
processes, which always show a similar behavior and where a lot of 
knowledge is given. The usefulness of software sensors for on-line biomass 
estimation has been known for about 15 years and different methods have 
been reported: 

Off-gas analysis  

The most common approach is to relate the biomass to the analyzed amounts 
of oxygen and carbon dioxide in the off-gas. One example is the study of Claes 
& Van Impe (2000), which showed that the accordance of the biomass 
between the calculated and the off-line analysis is good. Concurrently the 
estimation of the specific growth rate, based on the same algorithm, displays 
frequent variations, which could not be explained. Other examples for the use 
of off-gas analyzing are referred in the review by Kiviharju et al (2008). 
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Chemical properties  

Another approach is to use chemical properties of microorganisms, for 
instance conductivity or the way they affect the pH value. Wang et al (1998) 
estimated the biomass in anaerobic Zymomonas mobilis cultures from the 
acid production. Hoffmann et al (2000) showed that the biomass can be 
estimated in real-time through on-line recording of the base consumption if 
the ammonia provides the only nitrogen source in a reactor. A reason behind 
this approach was the fact that the biomass determination through optical 
properties (optical density) shows good correlations only if no inclusion bodies 
are formed. Because recombinant protein production often causes the 
formation of inclusion bodies, new ways have been entered. Since acetic acid 
also requires ammonia for neutralization, a correction with a simple 
conductivity probe was tested. The results showed that the estimation of 
biomass and specific growth rate work out rather well and that the 
conductivity measurement is a potent tool to show the acetate concentration. 
What has to be considered when using the base consumption is to be aware of 
the varying yield constant (YX/NH3) when cultivating different E. coli strains.  

Also, Sundström & Enfors (2008) demonstrated recently that the on-line 
calculation of the biomass and specific growth rate work well through a base 
titration algorithm. 

Physical properties  

The suitability of physical properties of a bacterial culture was also 
investigated as a tool to estimate the biomass in real-time. To measure the 
biomass of a penicillin G producing Penicillium chrysogenum, the broth 
viscosity was determined with a bypass slit-viscometer (Benfer et al, 1991). It 
was found that the correlation between biomass and viscosity only fits if the 
stirrer velocity is rather low due to a high shear stress and much cell damage 
at higher stirrer speed. Another rather well-known way is to correlate heat 
balances with biomass. One example with cultured mammalian cells is 
described in Kemp (2001) and shows that the rate of heat production 
correlates closely with the measured process values. 

Metabolic burden - Stress 

To estimate the physiological state and the metabolic exposure of a bacterial 
culture is a crucial element when it comes to process optimization. Since the 
complexity of a microbial culture is so great and unique, it is only possible to 
search for preferably good approximations. Hoffmann & Rinas (2001) 
presented an approach to determine the metabolic burden coming from 
recombinant gene expression on-line based on a simplified energy balance. 
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Another idea from Sundström & Enfors (2008) demonstrated recently the on-
line calculation of the metabolic burden. As a sensor for stress (metabolic 
burden respectively), the ratio of oxygen per energy substrate consumption 
(RO/S) was determined. This coefficient indicates the efficiency of the energy 
metabolism and can therefore be correlated with stress influences. 

Substrate and metabolite determination 

To measure the concentrations of substrates, like glucose and key metabolites 
like acetate or ethanol during a process, is a routine method even if no 
calculations to specific rates are reported yet. One example is the on-line 
monitoring of glucose consumption and acetate production described in 
Cimander & Mandenius (2002), where analysis was performed every 20 min. 

In addition, other software sensor models were described in different fields of 
science, e.g. algorithms for state estimation in water treatment plants 
(Valentin & Denoeux, 2001) or in food science (Picque et al, 2004). 

1.3.3 Industrial Application 

Today a lot of recombinant therapeutic proteins are produced in genetically 
modified E. coli strains. Since their efficiency can be influenced by changes or 
interferences in the production process, these complex molecules have to be 
cultivated during stable processes. This requires the greatest possible process 
control because even a single batch lost is costly and the regulations by 
authorities are quite rigorous. In addition, only a few on-line measurements 
are available and these can be expensive to maintain and also increase the 
contamination risk. Software sensors do not require any additional 
instrumentation but do have the power to gain a lot of extra information, so 
they seem to be the perfect tool for a typical pharmaceutical production 
process. 

These sensors can be effective and very economical tools to gain new 
information about different state parameters and the physiological state of 
the culture. The installation, qualification and validation are rather simple 
and the time to develop the algorithms is minor due to the fact that no 
instruments except a computer are required. The economical advantage is not 
only obtained during establishment but also in the long run since they do not 
need any expensive calibrations or manpower.  

Since an industrial process is always done in a certain way and has nearly 
equal culture conditions in every run, software sensors can easily be adapted 
in the right way. They often require the same culture conditions since a lot of 
calculation factors are process dependent. Therefore the production of 
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recombinant therapeutic proteins is a potent application area for this kind of 
measurement facility.  

In this study, special attention was given to the influences of extensive 
recombinant protein production on the tested sensors. The purpose was to 
find correlations between the software sensor signals and the effects of the 
pulse induction with IPTG. Thereby it should not only be possible to control 
the whole process in a more advanced way, but also to be able to follow and 
regulate the effects of a strong protein induction. This results in higher 
yields, lower developing costs and a tighter control of the recombinant protein 
expression. 

1.4 Organisms and metabolites 

1.4.1 Escherichia coli 

The organism of choice for our experiment was the Escherichia coli K12 
derivate HMS 174 (DE3). The gram negative bacterium was first described 
by the German bacteriologist Escherich (1885) and is part of the 
Enterobacteriaceae family, which also includes well known pathogens like 
Salmonella, Shigella, and Yersinia. E. coli is commonly found in the lower 
intestine of warm-blooded vertebrates and it is the predominant facultative 
anaerobe in the bowel (Conway, 1995). Most E. coli strains are harmless, but 
some can cause serious diseases as gastroenteritis, urinary tract infections 
and neonatal meningitis (Todar, 2008).  

The bacterium was used in the groundbreaking experiments of Cohen and 
Boyer in the early 1970’s and in 1997 its whole genome was sequenced by the 
group of F Blattner. Hence, the knowledge about this species is enormous and 
in addition, E. coli growth is fast and uncomplicated. Its genetics are 
comparatively simple and easy to manipulate (Blattner et al, 1997; Madigan 
et al, 2000; Miesfeld, 1999). 

The pathogenic strains, produced endotoxins, even by non-pathogenic strains 
as well as potential difficulties during isolation and purification, can be a 
disadvantage of this prominent research and production organism. However, 
the advantages are predominant and, through genetic modifications, the 
negative aspects can be overcome. Due to this, E. coli is still the most popular 
organism in the field of biosciences (Madigan et al, 2000). 



1. Introduction 
____________________________________________________________________________________________________________ 

 

- 6 - 

1.4.2 Green Fluorescence protein 

The green fluorescent protein 
(GFP) is a well-known protein 
with a beta barrel structure 
(Figure 1) and was first 
described by Shimomura et al 
(1962). Originally it was 
isolated from the jellyfish 
Aequorea victoria, which is a 
northwestern pacific fauna 
element. The wild type of the 
protein has a major excitation 
peak at a wavelength of 395 
nm and a minor one at 475 nm, the emission maximum is at 509 nm which is 
in the lower green portion of the visible spectrum. Numerous mutants of the 
GFP were developed as well as variants which emit in the blue, yellow and 
other wavelength region. In its different variants it is used in a lot of 
different areas, whereby the reporting of gene expression is currently the 
most prominent one (Phillips, 2001; Chalfie et al, 1994).  

In our experiments, the GFP is used as example of a typical recombinant 
protein production system in E. coli. The expression of green fluorescence 
protein in E. coli was investigated by Reischer et al (2003) to develop new 
ways of on-line bioprocess monitoring. GFP can be used as a reporter of stress 
associated promoter regulation. Nevertheless no special application has been 
reported yet. An advantage in comparison to other potential reporter proteins 
is that the GFP does not need any cofactors, substrates or additional 
stabilization to give a detectable signal (Chalfie et al, 1994; Cha et al, 1999). 
The GFPmut3.1 shows a high fluorescence yield as well as a good signal-to-
noise ratio and its detection limit is rather low. The resulting advantage is 
the well-known detection, which can also be performed on-line (Reischer et al, 
2003). 

1.4.3 Vector system and induction strategy  

The lac operon is one of the most well characterized bacterial operons, which 
has been used to develop and illustrate molecular genetically methods. It has 
received special attention because the operon model was the first proposed 
control of prokaryotic gene expression (Walker & Rapley, 2000). It encodes 
the three enzymes lacZ, lacY and lacA, which are part of the lactose 
metabolism in E. coli. The operon is regulated by the lac repressor, a 38kDa 
protein, which binds to the lac operator site extremely tight (Kd =10-13M) and 

Fig. 1: Beta 
barrel structure 
of the GFP, a 27 
kDa protein 
derived from 
the jellyfish 
Aequorea victoria. 
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specific (Kdnon-spec. bind. =10-6M). 
Isopropylthiogalactoside (IPTG) is an 
artificial, non metabolizable 
allolactose analogue, which binds to 
the repressor molecule and thereby 
induces the transcription of the 
operon (Fig. 2). A common 
combination to maximize the 
induction system is to combine over 
expression of the lac repressor by lacIq 
mutation on one hand and increasing 
promoter activity through a lacUV5 
promoter mutation on the other hand 
(Miesfeld, 1999; Walker & Rapley, 
2000). 

The expression plasmid 
pET30aGFPmut3.1 described by 
Nemecek et al (2008) was used over 
the whole experiment. The reporter 
gene GFPmut3.1 is under the control 
of the T7/lac promoter, which 
contains a 25bp lac operator sequence. 
This results in a tight control of the strong expression system (Moffatt and 
Studier, 1988).  

1.4.4 Stress mediated proteins 

If a strong host/vector system is used to achieve the maximum yield of any 
recombinant protein, the cells will rapidly become overburdened. Over-
expression appears if a cell has to produce a too high amount of foreign 
protein, what results in a changed energy metabolism. Today a typical 
recombinant protein in E. coli is produced through over-expression, thereby it 
is accepted that the cell collapses after a certain time. The difference between 
overburdened and non-overburdened cells can be seen in Figure 3. If the cells 
need most of the substrate for their energy metabolism (protein production), 
the cell anabolism is neglected: 

Fig. 2: IPTG induceable expression system 
in E. coli. The repressor protein blocks the 
transcription of the operon but is 
inactivated through addition of IPTG. 
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Fig. 3: Overburdened metabolism requires most of the substrate to maintain the energy 
metabolism (qS en), while non-overburdened cells give more energy to the anabolism (qS an), 
if maintenance (qS m) is constant (cf. Enfors & Häggström, 2000). 

If overburdened, cells need most of their energy resources and their protein 
production machinery to express foreign protein. Therefore, over-expression 
of recombinant protein such as GFPmut3.1 leads to a heat shock-like 
response involving a lot of relevant proteins. Generally genes involved in 
osmotic, pH, temperature, SOS and starvation stress change their expression 
levels when it comes to metabolic burden (Dürrschmid et al, 2007). The 
imbalance between the cellular and the foreign proteins as well as any 
interactions of the recombinant protein can be the reason for the formation of 
global stress response molecules like guanosine tetraphosphate (ppGpp) 
which provokes a change in the whole protein expression pattern (Hoffmann 
& Rinas, 2004). These molecules trigger reactions such as the expression of 
heat shock proteins, chaperones and proteases, which are proteins 
characteristically expressed during stress conditions and therefore are 
generally called stress proteins. Whereas some are constitutive, others have 
to be induced in response to a variety of cellular stresses including the ones 
due to metabolic overburden. Stress proteins are involved in a number of 
different cell actions e.g. cell death, oncogenic transformation or protein 
folding (Morimoto et al, 1997). 

Dürrschmid et al. (2007) examined the effects of IPTG induction in the same 
host organism on the molecular protein expression level. The inducer 
addition itself had no influence on the stress level if the same host contained 
a blank plasmid. The effect on the host metabolism was little, 56 genes 
showed an altered expression level and rehabilitated their previous 
conditions rather soon. When the induced plasmid contained the GFPmut3.1, 
the expression profiles of 88 proteins during cultivation were significantly 
affected. Over half of genes involved in the main metabolic pathways were 
down regulated, while genes which are involved in macromolecule 
degradation, chaperoning and adaptation to stress were strongly increased.  
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1.5 Limitations of software sensing 

Software sensors open up new ways of on-line monitoring and can be a 
powerful tool to gain more information from already-known data. 
Nevertheless are there some limitations which must be considered. The 
unique complexity of bioprocesses, in comparison to other fields of process 
engineering, leads to problems like significant uncertainty in models, 
nonlinear and time varying nature of a processes as well as slow responses to 
cell and metabolic concentrations (Chen et al, 2004). 

Every software sensor is limited by the parameters included in the 
calculations. The more parameters, the bigger the resulting uncertainty due 
to error amplification.  In addition, larger relative errors occur e.g. at low cell 
densities since the difference in the measured values is smaller (Sundström 
& Enfors, 2008). 

Finally, software models should only be used in the range the justified data 
was taken from and not extrapolated outside, as it is also the case with all 
other black box models which are fitted to experimental data. Furthermore, 
they have to be cross validated with additional data not used during the 
adjustment (Gnoth et al, 2008). 
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2. Material and Methods 

2.1 Strain 

During the whole experiment, the genetically modified Escherichia coli strain 
HMS 174(DE3) (Novagen, Madison, WI, US) and the expression plasmid 
pET30a (Novagen) were used. GFPmut3.1 (Clontech, US) worked as the 
reporter gene. The cloned plasmid was under the tight control of the T7/lac 
promoter, which contained a 25bp lac operator sequence. The strain was 
obtained from the Department of Biotechnology, University of Natural 
Resources and Applied Life Sciences, Vienna.  

2.2 Medium 

The semi-synthetic medium described in Nemecek et al (2008) was used for 
working cell bank cultivation as well as in all other experiments. All 
chemicals were purchased from Merck, if not otherwise stated. KH2PO4 and 
K2HPO4 were added in relation to the working volume to act as K- and P-
sources as well as to provide buffer capacity. All other components 
(C6H5Na3O7 × 2 H2O, MgSO4 × 7 H2O, CaCl2 × 2 H2O, (NH4)2SO4, NH4Cl, 
trace element solution, yeast extract and glucose × H2O) were calculated in 
relation to the target biomass according to Table I. The composition of the 
trace element solution can be seen in Table II.  

Table I: Ingredients of the medium. The first two components are added in relation to the 
working volume, the others in relation to the target BDW. 

Compound Concentration 

KH2PO4 3.00 g/L 
K2HPO4 × 3 H2O 6.00 g/L 
C6H5Na3O7 × 2 H2O 0.25 g/g BDM 
MgSO4 × 7 H2O 0.10 g/g BDM 
CaCl2 × 2 H2O 0.01 g/g BDM 
(NH4)2SO4 0.45 g/g BDM  
NH4Cl 0.37 g/g BDM 
glucose × H2O 3.30 g/g BDM 
Yeast extract  0.05 g/g BDM 
Trace element solution 50.0 µL/g BDM 
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Table II: Composition of the trace element solution. All chemicals are dissolved in 5N HCl.

Compound Concentration 

FeSO4 × 7 H2O 40.0 g/L  
MnSO4 × H2O 10.0 g/L 
AlCl3 × 6 H2O 10.0 g/L 
CoCl2 4.0 g/L 
ZnSO4 × 7 H2O 2.0 g/L 
Na2MoO2 × 2 H2O 2.0 g/L 
CuCl2 × 2 H2O 1.0 g/L 
H3BO3 0.50 g/L 

2.3 Cultivation conditions 

Preparation of working cell bank 

The E. coli strain [HMS 174(DE3) (pET30aGFPmut3.1)] was transported on 
dry ice and stored on a filter pad at 4 °C. For working cell bank preparation, 
a shake flash cultivation was performed in a 500 mL flask with 200 mL semi-
synthetic medium at 37 °C overnight. The aeration rate was set to 200 rpm. 
The aspired cell concentration during the shake flash cultivation was 2 g 
bacterial dry matter per liter. Kanamycin was added to the media after 
sterilization in a concentration of 50 µg/L to avoid growth of bacteria not 
carrying the plasmid and microbial contaminations. 

The resulting OD600 after 19 h was approximately 4. In the laminar flow 
working bank 100 WCB-vials with 1.2 mL cell suspension and 0.6 mL 
glycerol (60%) were prepared. The working cell bank was stored at -70 °C. 

Batch cultivations 

For all batch and fed-batch cultivations, a 10 L computer controlled 
bioreactor (Model LMS 2002, Belach, Sweden) was applied. The used 
software BioPhantom was adapted in a special way to satisfy the additional 
requirements of the tested, novel software sensors. Before batch processing, 
an overnight culture was grown through aseptically inoculation of one vial 
WCB into a 500 mL shake flask containing 200 mL media. In the morning, 
the overnight culture with an OD-value around 8 was inoculated into the 
reactor. The working volume during the batch cultivations was 5 L. The 
media was composed to reach a bacterial dry matter of 10 g/L, but during 
sterilization the volume decreased, due to a leaking valve, around 10-15%. 
Hence, the medium was more concentrated than it should have been. The pH 
range was set between 6.95 and 7.05 and regulated by the addition of 1 M 
sulfuric acid and 20% ammonia. The aeration rate was 1 vvm (5 L per min) 
and the temperature was set to 37 °C. Dissolved oxygen was controlled by the 
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stirrer speed (from 500 up to 1200 rpm) when dropping below 20%, and 
foaming was decremented by addition of 10% antifoam solution (Dow 
Corning, BDH, Germany). 

The pulse induction with 1 mM IPTG (Sigma) per liter was launched after 6 h 
through inoculation of the ultra filtrated inducer through a membrane. 
Samples for the fluorescence measurement were taken every 30 min, starting 
directly before induction to obtain a blank value for the fermentation broth 
without recombinant protein production and rapidly frozen at -20 °C. The 
total time of the processes was between 10 and 11 h when cells entered the 
stationary state and stopped growing. 

 
Fig. 4: Typical output window of a batch process in the BioPhantom software. The biomass 
line (red) changes the behavior after IPTG induction (6 h). The scale of the base consumption 
is 100 s, what explains the up and downs. It can be seen that the stirrer speed correlates 
with the DO.  

Fed-Batch cultivations 

Distinct from the batch runs, no pre-culture was bred during the fed-batch 
processes, but two vials WCB were injected directly into the reactor. The 
media was calculated to reach a biomass concentration of 5 g/L at the end of 
the batch and 25 g/L after the feeding phase. The initial volume was 4 L and 
during feeding 2 L medium were added. The regulation of pH, aeration rate, 
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temperature and anti foam solution was the same as described above, DO 
regulation was set up to 40%. To avoid strong foam formation especially 
during fed-batch, in addition 2 mL antifoam solution (100%; 1 mL/L) were 
added to the feed medium. 

After a batch phase between 10.5 and 11.5 h, exponential feeding was started 
when the culture entered the stationary phase over three doubling times. The 
specific growth rate was set to a constant value of 0.1 h-1 by the feed profile, 
which resulted in a generation time of approximately 7 h. The exponential 
feed profile was guided by the software through the increasing speed of a 
calibrated, peristaltic pump (P4 U1-MXV, Alitea, Sweden). In addition, the 
fed weight was detected by a scale (XL-3100, Denver Instrument) to confirm 
the right pump speed. 

The pulse induction with 20 µM IPTG per gram dry matter was launched 
after the first doubling time (7 h after feed start) through inoculation of the 
ultra filtrated inducer through a membrane. Samples for the fluorescence 
measurement were taken in the same time intervals as described for the 
batch runs and also rapidly frozen at -20 °C to analyze them off-line. The 
time of the batch phase varied so that the whole process lasted around 31.5 
and 32.5 h. 

 
Fig. 5: Typical image of a fed-batch process in the BioPhantom software. Feed was started 
after 11.25 h and the induction launched after 18.25 h by adding IPTG. 
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2.4 Analyses 

2.4.1 On-line measurements 

Standard bioreactor measurements (SBM) 

The reactor was equipped with standard DO and pH electrodes as well as 
probes for the temperature and the level measurements. Furthermore, the 
pressure was monitored (dTrans p31, Jumo, Germany). Measurements were 
performed every second. 

On-line HPLC 

Continuous sampling through an in-situ filtration membrane probe (PP-19, 
Advanced Biotechnology Corporation, Germany) has been shown to provide 
good filtration opportunities when applied in physiological growth studies 
(Graf & Schügerl, 1991). In this case, it is interfaced with an on-line HPLC 
system to be able to measure the concentrations of glucose and acetate in-
situ. The hydrophobic polypropylene membrane (Advanced Biotechnology 
Corporation, Germany), with the dimensions 135x5.5x1.5 mm, was inserted 
after hydrophilizing in 2-propanol before first usage. Between two runs, the 
filter always has to be cleaned and stored in distilled water. Before 
implementing it to the reactor, a test run with 2-propanol first and then 
distilled water should be done in order to ensure the function of the filter. In 
the current experiments, it has been a problem that the filter was 
impermeable for the fermentation broth sometimes. This may be prevented 
by purging it regularly as described and putting a light overpressure of 0.01 
MPa to the reactor to support the pumping. 

To perform the in-line readings of glucose and acetate a HPLC system of 
Shimadzu was applied. It consisted of the pump LC-20AD, the column oven 
CTO-20A and the refractive index detector RID-10A. Measurements were 
performed every 10 minutes by sampling from the bioreactor through the 
membrane probe. The peristaltic pump (Alitea, C8/2-XV, Sweden) as well as 
the automatic injection valve (Rheodyne, US) with a 20µl loop (TPMV, 
Rheodyne, US) were controlled by the software LCSolution (Shimadzu, 
Japan). 

The used ion-exclusion column (Aminex®HPX-87H, 300x7.8mm; BioRad, US) 
works on a resin-based principle and separate organic acids, alcohols and 
carbohydrates. The guard column (Guard Cardridge 125-0129, BioRad, US) 
protects the analytical column from impurities and carry out a first pre-
separation. It has to be changed frequently since the filtration probe does not 
exclude proteins and other macromolecules, which may lead to a slight 
clogging in the injection valve as well as in the guard column. This caused 
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some problems in the ongoing experiments since the clogging resulted in a 
steadily increasing pressure and, after a certain time, to the automatic shut 
down of the system. 

The validity of the system was proved by an organic acid standard (BioRad, 
US) as well as through standard solutions of glucose, acetate and ethanol. 
The column was applied at 60 °C with degassed 5 mM sulfuric acid as mobile 
phase and a flow rate of 1.0 mL/min. Detection of glucose and acetate were 
carried out by the RI detector after retention times of 5.79 and 9.45 min. 

NIR-monitoring 

To measure the cell density on-line, a near infrared probe (Cell Growth 
Monitor Model 650; Wedgewood Technology, CA) with a path length of 5 mm 
was established. This CIP and SIP sterilizable probe provides in-situ 
measurements of the OD-value at 560 nm. To get the correlation between the 
output reading and the current biomass concentration, a factor was 
calculated and established through measuring a known cell concentration. To 
achieve a linear correlation, a first order linearization of the instrument was 
realized by selecting the second linear power set position. The selected range 
was 0-1 and the aeration suppression, which suspends noise, was switched 
on. The probe was implemented to the reactor from the side next to the 
stirrer, to ensure an appropriate agitation and to minimize distribution 
varieties. The qualification procedure can be seen in 4.1. 

Base consumption 

For determination of the base consumption, the titrated ammonia volume 
was measured. The software recorded the run time of the base pump and 
through the adjusted speed of the base pump (CP 400, Alitea, Sweden), the 
consumption was calculated on-line. 
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2.4.2 Off-line measurements 

Samples for the optical density and the dry matter of the biomass were taken 
every hour through batch and every second hour during fed-batch from the 
fermentation broth through a steam sterilize able pipe. For determination of 
recombinant protein production, fluorescence measurements were performed 
every 30 min after IPTG induction over 2.5 h in the batch and over one 
doubling time (7 h) during fed-batch process.  

OD600 

For determination of the optical density, the fermentation broth was diluted 
with deionised water to reach an absorbance within the linear region (≤ 0.8). 
In a UV-spectrometer (Ultraspec 1000, Pharmacia Biotech, GB), the 
absorbance at λ=600 nm was measured with a path length of 1 cm. 

Biomass dry matter (BDM) 

For determination of dry matter, 5 mL fermentation broth were centrifuged 
for 5 min at 4 °C in a pre-weighted tube. The supernatant was discarded, the 
cell pellet re-suspended in 5 mL ice cooled PBS buffer to be centrifuged again. 
The washed cell pellet was dried to constant weight over night at 105 °C. All 
sampling was performed as repeat determination. 

Fluorescence 

Albano et al. (1996) demonstrated that the fluorescence of GFP can be used 
as quantitative reporter of the protein concentration in E. coli since the ratio 
of fluorescence signal to protein concentration correlates. To measure the 
fluorescence, 1 mL rough fermentation broth was taken and frozen at -20 °C. 
Samples were taken every 30 min. One sample was taken as blank directly 
before induction to obtain the culture fluorescence, which is mainly due to 
NAD(P)H. After unfreezing, the samples were diluted 1:1000 in two steps and 
measured in a spectro-fluorometer. The increasing progress is shown in 4.5.  
For plotting a specific fluorescence concentration per time point, the average 
absorption between 510 and 520 nm was calculated to minimize 
measurement fluctuations. The resulting increasing fluorescence devolution 
with the time is shown in the following Figure: 
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Fig. 6: Increasing fluorescence intensity after induction due to GFP production. The time 
interval between the measurements is 30 min in the beginning and 2 h during the third cell 
generation.
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3. Modeling and Theoretical Aspects  

3.1 Nomenclature and definition of parameters 

Table III: List of symbols, description and units used in the model equations.  

Symbol Description Unit 
Software 

range 

OD_Pv signal from IR Probe converted to 0-100% OD 
value 

% 0-100 

X_OD Biomass concentration (calculated from OD_Pv)  g/L 0-100 
OD_BC_Factor factor for OD signal (0-100%) -to-Biomass 

concentration  
g/L / % 0-100 

r_X_OD Biomass (OD) growth rate  g/L /h 0-100 
q_X_OD Biomass (OD) specific growth rate  g/g/h 0-100 
    
X_Base Biomass-base concentration  g/L 0-100 
X0_Base Biomass concentration at start of base titration  g/L 0-100 
DeltaM_Cell 
(∆MCell )   

cellmass produced g 0-100 

Y_Base Yield coefficient (cell/base)  g/g 0-10 
RT_Basepump Runtime Base pump (calculated by program) h 0-100 
Factor_BaseVol factor for Base pump runtime � base volume 

calculation 
L/h 0-100 

c_Base Base concentration  g/L 0-500 
VOL Culture volume calculated L 0-10 
VOL0 Initial Culture volume at start of base titration L 0-10 
FE2_FeedRateA (Pump A) Feed-rate actual value  g/h 0-400 
VolumeFeed (Pump A) Volume of substrate feed calculated 

from SumFeed 
L 0-100 

SumFeed (Pump A) Accumulated feed resets at start of 
base titration 

g 0-2000 

Density_Feed Density of substrate feed  g/L 0-2000 
r_X_Base Biomass (base) growth rate  g/L/h 0-100 
q_X_Base Biomass (base) specific growth rate   g/g/h 0-100 
    
c_Glucose_Pv Glucose concentration  g/L 0-100 
r_ Glucose Glucose uptake rate  g/L/h 0-100 
q_Glucose specific Glucose uptake rate  g/g/h 0-100 
q_fedbatch_Glu
cose 

specific Glucose uptake rate in fed-batch 
process 

g/g/h 0-100 

c_Acetate_Pv Acetate concentration  g/L 0-100 
r_ Acetate Acetate uptake rate  g/L/h 0-100 
q_Acetate specific Acetate uptake rate  g/g/h 0-100 
c_Glucfeed Glucose concentration in feed  g/L 0-500 
D Dilution rate  1/h 0-100 

High highlight: Constants set by operator 
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3.2 Estimation of biomass  

Based on on-line OD readings 

This model is based on the well-known correlation between the optical 
density of a cell suspension and the biomass, described by the Lambert Beers 
law. Hence, it depends on the optical properties of the fermentation broth and 
proteins are included in the readings.  

The computer system reads the IR probe and converts the signal to 0-100% 
OD_Pv. Consequently, the system provides a “factor” (OD_BC_Factor) for OD 
signal [0-100%] to biomass conversion in [g/L / %]. The adjusted factor was 
calculated and verified as shown in 4.1, and the on-line output was calculated 
by the formula: 

X_OD = OD_BC_Factor * OD_Pv  (1) 

Based on base titration 

This is an already-known approach to use metabolic characteristics of E. coli 
to estimate growth and concentration of the biomass. Hoffmann et al (2000) 
and Sundström & Enfors (2007 and 2008) demonstrated the valid correlation 
between the ammonia consumption and the growth of biomass. If ammonia is 
the only nitrogen source in the media, one proton is excreted for one 
consumed nitrogen ion (Sundström & Enfors, 2008): 

a(CH2O) + bO2 + cNH4+ → dCαHβOγNδ + eCO2 + fH2O + cH+ (2) 

Although the concept is not novel, we examined the theses once more in order 
to see the behaviour even in comparison to other approaches. The biomass is 
calculated from added base amount and the culture volume, which changes 
due to added base and feed, respectively. The base pump must be calibrated 
to determine the factor Factor_BaseVol. The on-line calculation needs to be 
enabled by operator, if the program shall reset the variables RT_Basepump 
and SumFeed. Y_Base is the yield of biomass per ammonia [g/g] from 
equation (2), which is needed to neutralize the pH. 

X_Base = X0_Base + ∆MCell / VOL  (3) 

Whereof: 

∆MCell = Y_Base * RT_Basepump * Factor_BaseVol * c_Base  (4) 
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VOL = VOL0 + VolumeBase + VolumeFeed  (5) 

VolumeBase = RT_Basepump * Factor_BaseVol  (6)   

VolumeFeed = SumFeed / Density_Feed   (7) 

Sumfeed = ∫ FE2_FeedRateA dt   (8) 

3.3 Specific growth rate estimation 

Based on on-line OD readings 

The specific growth rate µ is defined as the ratio between cell formation per 
cell unit: 

µ = (d{V*X}/dt) * 1/(V*X) (9) 

To calculate the current specific growth rate in the culture, the X_OD values 
calculated through the algorithm shown in (1) were compared in a 
determined interval to detect the changes with the time.  

To define this interval, two digital filters were provided. The “Short” filter 
provides the filtered actual value and the “Long” filter provides the value a 
defined period earlier. The filter times are set by operator, e.g. “Short” filter 5 
s and “Long” filter 65 s. Different intervals were tested and are presented in 
4.2 to optimize the signal and reduce the signal noise. The program first 
calculates the rate r_X_OD and then the specific rate by a division through 
the actual X_OD value (X_OD_Shortfilter): 

Rate r_X_OD (g/L/h): 

r_X_OD = (“X_OD_Longfilter” – “X_OD_Shortfilter”) / (Longfiltertime – 
Shortfiltertime)/3600  (10) 

Specific Rate q_X_OD (g/g/h): 

theory:       q_X_OD = r_X_OD / X_OD   (11) 

practice:    q_X_OD = r_X_OD / “X_OD_Shortfilter” (12) 
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Based on base titration 

To obtain the specific growth rate by the base consumption, the same filter 
principle is used as for the q_X_OD evaluation. Also here different filter 
times were tested to optimize the sensor and a non-specific rate was 
calculated first:  

Rate r_X_Base (g/L/h):        

r_X_Base = (“X_Base_Longfilter” – “X_Base_Shortfilter”) / 
(Longfiltertime – Shortfiltertime)/3600 (13) 

Specific Rate q_X_Base (g/g/h): 

theory:       q_X_Base = r_X_Base / X_Base (14) 

practice:    q_X_Base = r_X_Base / X_Base_ Shortfilter (15) 

3.4 Specific glucose consumption  

The concentration of glucose was analyzed every 10 min by the HPLC system 
described in 2.4.1, and directly transferred to the operating software. The 
basics of the specific uptake calculations are given by the equation  

qS = (dcS/dt) * 1/X  (16) 

Since glucose is added during the feed, this is considered as follows in fed-
batch processes:  

qS = [D*(cSf-cS)-(dcS/dt)] * 1/X  (17) 

The system was programmed to read data files generated by LCSolution 
HPLC software by a shared folder network in a certain time schedule. Files 
were generated every 10 min and the file data included the Conc [g/L] values 
for glucose as well as for acetate. When a new file was generated, the values 
were transferred straight away and the concentrations were read by the 
BioPhantom software. Consequently, rates and specific rates were calculated 
compared to the “last” file, read 10 min earlier. Due to that, the results were 
“stepwise.” In our applications, the steps were set to the 10 min HPLC run 
time. The mechanism of the file transfer and rate calculation was carried out 
as following: 

The generated file names of the HPLC “LabSolution” were:  
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HPLC_XXXX_001.TXT 

HPLC_XXXX_002.TXT 

HPLC_XXXX_003.TXT 

The user entered XXXX experiment ID and “enabled” file processing. When 
file processing was enabled: FileNo shall have been set to 001 and system 
started checking every 10 s for file HPLC_XXXX_001.TXT. 

If the searched file existed, the file data was read. The last glucose 
concentration (c_Glucose_Last) was stored as c_Glucose_Pv and the new 
concentration replaced the old one (c_Glucose_Pv). Simultaneously, the time 
of the old value (Time_Last) was stored and the updated time was written 
into Time_Actual. The rates were calculated as: 

r_Glucose = (c_Glucose_Pv - c_Glucose_Last) / 
 (Time_Actual - Time_Last)  (18) 

q_Glucose = r_Glucose / X_OD  (19) 

q_fedbatch_Glucose = [D * (c_Glucfeed - c_Glucose_Pv) - 
r_Glucose] / X_OD (20) 

3.5 Specific production of acetate 

The accumulation of acetate during E. coli cultivations is considered as a sign 
for either overflow metabolism or anaerobic conditions (Sharmaa et al, 2007). 
Overflow metabolism appears, if a high glucose concentration results in an 
imbalanced carbon flux through the TCA-cycle in comparison to the glycolysis 
(Enfors & Häggström, 2000). It can be a potent marker for the condition of a 
growing culture.  

The specific acetate formation rate can be written as: 

qAc = (dcAc/dt) * 1/X  (21) 

The concentration of acetate is analyzed like glucose every 10 min. Even so, 
the mechanism of the data handling and the rate calculation is the same: 

r_Acetate = (c_ Acetate _Pv - c_ Acetate_Last) / 
(Time_Actual - Time_Last) (22) 

q_ Acetate = r_ Acetate / X_OD  (23) 
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3.6 Presentation and distribution of data 

The gathered data can be used for real time estimations as well as for 
calculations and other applications afterwards. The following parameters are 
evaluated and displayed over the whole process: 

Table IV: List of output parameters in the BioPhantom software. 

Symbol Description  Unit 

X_OD Biomass concentration (calculated from 
OD_Pv)  

g/L 

q_X_OD Biomass (OD) specific growth rate  g/g/h 
X_Base Biomass-base concentration  g/L 
q_X_Base Biomass (base) specific growth rate   g/g/h 
q_Glucose specific Glucose uptake rate  g/g/h 
q_fedbatch_Glucose specific Glucose uptake rate in fed-batch 

process 
g/g/h 

c_Glucose_Pv Glucose concentration  g/L 
q_Acetate specific Acetate uptake rate  g/g/h 
c_Acetate_Pv Acetate concentration  g/L 

 

It is possible to plot the variables in the history window to get a visual 
impression of the parameters during the cultivation. For saving and 
processing the data, it can be exported to Excel or other programs to apply 
further tools. 
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4. Results and Discussion 

4.1 Estimation of biomass  

Based on on-line OD readings 

To find the right correlation between the output of the OD probe and the 
biomass concentration, a plotting of OD values against dry weight 
concentrations was performed after a test fed-batch run: 
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Fig. 7: The off-line measured BDM plotted against the best-possible linearized output signal 
of the NIR probe. 

It is obvious that no perfect fitting was found, especially during exponential 
state. The OD value was too high, which results in an overestimated biomass. 
The resulting conversion factor was set to 0.209 to have a better fitting in the 
feed phase of a process. Nevertheless, the results show a good matching over 
the whole process and a rather stable behavior.  

Additionally, three batch runs are plotted in Figure 8, to demonstrate the 
accuracy in the different physiological stages of a fermentation process: 
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BDW vs. OD-probe output during batch processing
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Fig. 8: To verify the good fitting of the OD_BC_factor of 0.209 in batch processes, three 
different runs are plotted. The behavior was not always the same but very linear, what 
demonstrated the validity of the factor in this process. 

Qualification 

For the qualification of the sensor algorithm, constant increasing amounts of 
cell suspension were added to distilled water. Cells were taken from the end 
of a batch process and the corresponding dry matter was determined by the 
method described in 2.4.2. The results showed that the X_OD sensor 
responded in a stable way to the increasing cell density and can be seen in 
Figure 9. The slight decline after five minutes can be explained by a lack of 
mixing and did not have a negative influence on the reliability of the sensor 
in a well-mixed reactor system. 
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Fig. 9: Output signal of the new X_OD sensor while adding the same amount of cells every 20 
min. The ebbing after five minutes can be explained by a lack of mixing during testing and 
do not appear in a well-mixed reactor system. 
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It was found that the X_OD software sensor provided a stable and reliable 
signal, which underestimated the biomass a little in the lower cell 
concentrations. 

Performance during batch processing 

The sensor was tested in 8 batch runs and the results showed good and stable 
behavior over most processes. As already mentioned above, the estimated 
biomass was a little too high during the exponential growth phase and little 
too low in the lower cell concentration during the first two hours. The results 
are plotted in comparison to the off-line determined BDM: 
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Fig. 10: The on-line readings of the software sensor X_OD (A) compared with the off-line 
determined BDM (B) in 5 batch runs. The curves show good fitting, especially in the first 
hours of the process.  

However, the results looked rather good and convincing. During the test 
runs, the sensor was a potent tool when problems and unsteadiness 
appeared, so the usefulness could be seen in well-working cultivations, as 
well as in runs with different kinds of problems.  

Performance during fed-batch processing 

The sensor was tested in two fed-batch runs and the results were reliable and 
stable. The exponential characteristic was too strong during the batch stage, 
while the increase was a little underestimated in the first generation after 
feed start. The induction through IPTG was launched 7 h after feed start at 
the end of the first doubling time. As a reaction the biomass increased first 
for some time, followed by a decline and an additional enhancement at the 
end of the third generation. The biomass top at the end of the second 
doubling time could not be seen in the X_OD readings since the decline in the 
optical properties appeared already earlier. That could also be seen in the off-
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line OD measurements (data not shown). Hence, in this state of cultivation 
the optical properties were less potent to correlate with the biomass. 
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Fig. 11: The on-line readings of the new software sensor X_OD in 2 fed-batch runs compared 
with the off-line determined BDM. The signals show stable behavior and the typical 
exponential curve during the batch phase as well as a very linear biomass increase during 
the first 10 h after feed start. 

Limitations 

Some limitation factors which had a rather strong influence on the signal 
were found. As mentioned earlier, the linearization was not perfectly fitting 
through all growth phases, especially in the exponential growth phase as the 
calculated values were too high.  

Also, the influence of quick changes in the stirrer speed had a strong 
influence on the dissolved oxygen supply and therefore, the resulting signal. 
That was caused by the effect of air bubbles on the probe. In fact, the 
activated bubble compensation should have prevented this, but the 
experiments showed that there still was a negative effect. In order to get a 
stable signal, it was necessary to have a stable DO - stirrer feedback control, 
which was not always the case.  

Furthermore, it could be seen through a malfunction of the base pump, that a 
basic pH value had a strong negative effect, up to a complete deletion, on the 
signal. The reason can be assumed in the effects on the absorptive 
characteristics.  
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Based on base titration 

Performance during batch processing 

This metabolism dependent sensor showed great results and a reliable signal. 
An advantage was that there were no interferences if the DO/stirrer 
correlation made much noise. It is obvious that ammonia has to be the only 
nitrogen source if this principle is used and therefore the ammonia salts 
(NH4)2SO4 and NH4Cl has to be considered in the beginning until they are 
exhausted. In our example, approximately 9.7 g nitrogen were provided from 
the salts, what resulted in an additional growth of roughly 0.39 g BDM/L. In 
addition, is it necessary to be aware of the fact that the pre-culture has an 
acid pH, due to accumulated acetate, built overnight. Therefore, the base 
consumption in the first minutes after inoculation was too high. 
Furthermore, the biomass of the pre-culture was not, or underestimated, 
included in the estimation. The estimated values are plotted against the 
BDM: 
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 Fig. 12: The output of the software sensor X_base (A) in comparison to the off-line 
determined BDM (B). The curves show good fitting. In the end the values were a little 
overestimated and diverse.  

Performance during fed-batch processing 

The X_base biomass estimation was also stable and reliable during the two 
fed-batch processes. Their signals were nearly identical, what ratified the 
stability in the different growth states. The fitting during the batch phase 
was rather good, notably in the end. In the time interval of the first two 
doubling times, the biomass was underestimated due to a lack of base 
addition for approximately 2 h after batch end. An explanation could be that 
a physiological shift occurred, when the cells entered the stationary phase. To 
make any further assumptions, more proteomic or genetic data would be 
required to see if any genes/ enzymes were strongly affected. Without this 
interruption the fitting as well as the slope would have been rather exact. 
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The biomass increase calculated in the last generation was invalid. The dry 
weight determinations as well as the on- and off-line OD readings ensured a 
decline after the second doubling time. That was an error which perhaps was 
also caused by physiological changes due to the excessive recombinant 
protein production.  
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Fig. 13: The output of the software sensor X_base in comparison to the off-line determined 
BDM during 2 fed-batch runs. The curves show rather good fitting up to the third generation. 
The short lag phase, which caused the lift down, was due to physiological changes after 
growth stop. 

Limitations 

As mentioned above, ammonia has to be the only nitrogen source. Therefore 
the ammonia salts (NH4)2SO4 and NH4Cl has to be considered in the 
calculation in the beginning until they are exhausted. This can be done by 
calculation of the pure nitrogen weight and the corresponding biomass to 
grow. The determined biomass value may be entered into the box X0_Base 
(biomass concentration at start of base titration; equation (3)) and is 
considered as starting value. The fact that the biomass of the pre-culture is 
not, or only underestimated, included in the estimation, can also be corrected 
by this feature of the algorithm. 

To ensure the accuracy of this kind of sensor, it is necessary that no other 
acids or bases are involved in the metabolic pathways. This usually is the 
case in a standard aerobic fed-batch culture, but not during batch processing, 
if acetic acid is produced (Sundström & Enfors, 2008). Therefore the 
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estimated X_base values were overestimated in the states where acetate was 
produced (cf. 4.4). 

Another precondition was a tight and reliable pH control. The cycle time of 
the base control loop has to be appropriate, otherwise quick changes in the 
metabolism can not be detected. In the actual experiments a cycle time of 5 s 
was used, since a longer interval resulted in a linear signal during the whole 
exponential growth phase when the cells consumed most nitrogen.  

Other problems which emerged were a broken pH electrode and the 
breakdown of a relay, controlling the base pump. Both events resulted in a 
wrong pH range and therefore, in dead cultures. Physiological limitations at 
the end of a fed-batch are already described above. 

Comparison of the two biomass sensors 

The diverse possibilities and limitations of the two different calculation 
models during batch and fed-batch fermentations are discussed in the 
following paragraph, based on two representative process pictures: 
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Fig. 14 A: The biomass sensors X_OD and X_base compared with the bacterial dry matter in 
batch cultivation (batch 17). In the first 5 h, the models worked very precisely, but towards 
the end they overestimated the real value slightly. After the addition of IPTG, a change in 
the growth behavior could be seen in both software sensor signals. 
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Comparison of X_OD & X_base with BDM during the feed phase
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Fig. 14 B: The biomass sensors X_OD and X_base compared with the BDM in fed-batch 
cultivation (batch 19) after feed initiation. The signals were stable and linear until the end of 
the second generation. A while after IPTG addition, a change in the growth behavior can be 
seen in both software sensor signals what fits to the results of Clementschitsch et al (2005). 

As it is possible to see in the Figures 14 A & B, both sensors gave a reliable 
signal, which was mostly close to the real value, determined by BDM 
measurements. Hence, both facilities were a very effective way to determine 
the concentration of the most important state parameter in a bacterial 
fermentation processes.  

Since two different principles lay behind the algorithms, the significance was 
even higher. However, if problems appeared which disturbed one of the 
signals, there was still another possibility to base decisions on. This was a 
really powerful tool, as we could see during different incidents in our 
experiments. E.g. the lowered pH value, due to a broken pH electrode, 
resulted in a much too high X_OD estimation. Through the X_base sensor 
and additional knowledge of the process, it was still possible to estimate the 
state of the culture and be able to control the process in an effective manner. 

An advantage of the X_OD estimation was the fact that quick changes could 
be detected better than with the other method. Furthermore, reductions of 
the cell density could be detected if it came to a decrease of the cell mass 
during cultivation. This could not be detected with the X_base sensor since it 
only reacted to addition of cell mass, ammonia respective.  

The X_base software sensor benefited from its non-dependency on the pH 
value, which the X_OD sensor was quite sensitive to. It did not differ between 



4. Results and Discussion 
____________________________________________________________________________________________________________ 

 

- 32 - 

the optical properties of a cell, what was an advantage when it came to 
inclusion body formation and cell breakdown because it did not differ 
between living and dead cells. Moreover, it was important to be aware that 
the yield coefficient of the ammonia to the cell formation was just an 
approximation for a special substrate and could be changed during a 
fermentation.  

4.2 Specific growth rate estimation 

Based on on-line OD readings 

Qualification 

For the qualification of the sensor algorithm, the same procedure was 
performed as explained in 4.1. The ideal X_OD_Longfilter time was 305 s; the 
time of the X_OD_Shortfilter  was 5 s. To reach the optimum of the sensor, 
also Long filter times of 65 and 125 s were tested and are shown in Figure 17. 

The results showed that the q_X_OD sensor responded in a stable way to the 
constant increasing cell density in the liquid and can be seen in Figure 16.  
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Fig. 15: Output signal of the new q_X_OD sensor while adding the same amount of cells 
every 20 min. The relative decrease of the specific growth rate was due to the fact that a 
constant cell amount was added what caused a decrease of the growth rate. 
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Fig. 16: Influence of three different long filter times were tested to figure out the ideal 
integration interval for the q_X_OD software sensor. The 305 s time interval gave the most 
reliable signal. In a reactor test even 605 s and 905 s were tested. 

Performance during batch processing 

Different filter times were tested to see the effect on the signal. It was found 
that the optimal long filter time was 605 s, since the noise was repressed in 
the most efficient manner. Even if the sensor responded in a quite noisy 
manner in the first 5 h, the trend that could be seen after IPTG induction (6 
h), seemed to be correct and clear. It can be a fingerprint of a process and the 
influence of the induction even if it is still noisy. 
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Fig. 17: Behavior of the q_X_OD sensor during batch processing (batch 17). In the first 2 h, 
the signal had too much noise due to quick relative changes in the biomass and was therefore 
useless. After IPTG induction (6 h), a clear decline in the specific growth rate was detected. 
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Performance during fed-batch processing 

The q_X_OD sensor was tested in two fed-batch runs and provided stable and 
useful information. The applied filter times were set to 905 s (long filter) and 
65 s (short filter) and resulted in a low noise level. In the batch state, similar 
growth rates up to 0.8 g/g/L were obtained as in the batch fermentations 
illustrated above. 

The exponential feed profile was set to provide a growth rate of 0.1 g/g/L. As 
it can be seen in Figure 18, the on-line calculated values were very stable and 
quite close to the aspired ones. At the end of the second doubling time the cell 
mass started to decrease, what obviously resulted in a growth rate of zero. 
The terminal growth resulted in a specific rate of 0.1 to 0.2 g/g/L. All values 
and trends seemed to be reasonable and suggest that this algorithm is a 
rather good model for the on-line calculation of the specific growth rate 
during feed phase. 

q_X_OD during fed-batch processing
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Fig. 18: Behavior of the q_X_OD sensor during fed-batch processing (batch 19). In the first 
hours the signal had too much noise due to quick relative changes in the biomass. The feed 
rate was calculated to provide medium for a specific growth rate of 0.1 g/g/L.  

Limitations  

Even with a reasonable filter time, it was hard to get a reliable signal if any 
irritations appeared during processing. Since the sensor was depending on 
the X_OD signal, it was also quite sensible to the limitation factors described 
for this sensor. Short integration time especially resulted in much noise. 
Furthermore, big variations in the stirrer speed or temporary pH shifts led to 
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not reliable information. Therefore, the addition of antifoam solution had a 
negative influence on the noise level. 

Anyhow, since the X_OD sensor self provided a stable signal, noise problems 
indicated a malfunction in the calculation algorithm. A solution approach 
would be to introduce an additional filter, which deletes extreme, 
unreasonable values to repress noise. 

Based on the base titration 

Performance during batch processing 

The specific growth rate estimated by the base consumption was a stable 
signal after a little initiation time in the beginning of a process. In the 
beginning of a batch run, the estimated µ was around 0.5 and decreased after 
approximately 6 h. It showed a decrease circa half an hour after IPTG 
induction, what fits to the theory and refers to the good quality and 
application possibilities. 
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Fig. 19: Behavior of the q_X_base sensor during batch processing (batch 17). The first two 
hours were not valid due to a system error. A decline can be seen after IPTG launching (6 h).  
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Performance during fed-batch processing 

The q_X_base sensor was tested in two fed-batch runs and provided a reliable 
signal. The exponential feed profile was set to serve a growth rate of 0.1 
g/g/L. The ammonia salts in the medium provided enough nitrogen in the 
first hours, so base titration started after 5 h. That resulted in an 
overestimated and quick changing growth rate for approximately 2 h. In the 
end of batch processing, the sensor detected a stable value between 0.5 and 
0.7 g/g/L. A strong decline, followed by a stable growth rate, could be seen 
after feed start. The estimated growth rate was a little lower than the 
calculated value. The IPTG induction had no influence on the specific growth 
rate. At the end of the second doubling time the real cell mass (BDM) started 
to decrease, but the cells still consumed nitrogen in contrast to the 
expectations. During the terminal growth state, the specific rate went back to 
circa 0.1 g/g/L like before the increase. 

q_X_base during fed-batch processing
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Fig. 20: Behavior of the q_X_base sensor during fed-batch processing (batch 19). Feed was 
started after 11.25 h over three doubling times (21 h). Base titration started after 5 h and 
resulted in an overestimated and quick changing growth rate for approximately 2 h. In the 
end of batch processing the sensor detected a stable value between 0.5 and 0.7 g/g/L. A strong 
decline, followed by a stable growth rate, could be seen after feed start. The IPTG induction 
(18.25 h) had no influence on the specific growth rate. 

Limitations  

In general the sensor was sensitive to all influences described for its mother 
signal X_base. As mentioned earlier, it was most important, that the base 
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pump interval was not too long, because it would prevent to see quick and 
spontaneity changes in the growth rate. 

During fermentations with a low initial biomass (cf. fed-batches) and 
ammonia salts in the medium, it was not possible to follow the growth rate 
until all nitrogen was exhausted.  

Another problem appeared if excessive recombinant protein production was 
done since the cells consume ammonia, even if they already stopped to grow 
(cf. fed-batches). 

Comparison of the two specific growth rate sensors 

Both models worked well and had a good fitting with each other in some 
stages. In the Figures 21 A & B the two different sensors are compared. The 
range of the q_X_base was much smaller during batch processing and 
therefore better, mostly because the signal was not so sensitive against 
variations in the stirrer speed. The OD-based model had much more noise 
which had to be filtered when interferences appeared. 

Comparison of q_X_OD and q_X_base
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Fig. 21 A: Comparison of the two specific growth rate estimation models during batch 
processing (batch 17). Both signals had the same behavior although the q_X_base was more 
stable. The q_X_OD sensor was more dependent on properties like stirrer speed, dissolved 
oxygen or pH and had therefore more variations. After IPTG induction (6 h) a decreasing 
growth rate was obvious in both models what amplified their dependability.  
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Comparison of q_X_OD & q_X_base during feeding
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Fig. 21 B: Comparison of the two specific growth rate estimation models during fed-batch 
processing. Feed was started after 11.25 h over three doubling times (21 h). Both signals had 
a similar behavior in the first stage of feeding. In contrast, they followed paradox directions 
from the end of the second generation. During the terminal phase they fitted together again. 

4.3 Specific glucose consumption 

Performance during batch processing 

The in-line HPLC system provided stable and reliable values for the glucose 
concentration. To get a useful specific uptake rate, it is obvious that a stable 
behavior of the actual cell mass (X_OD) was necessary. Out of that reason 
and the fact that the error multiplication was rather high in the beginning, 
the signal was not very useful in the first two to three hours since the cell 
density was very low which made the measurement uncertainty of the system 
quite big. Because the uncertainty was relatively seen very high, the 
resulting concentrations were useless. When a certain cell density was 
reached, the system generated very stable and sinful outputs. 

The results showed glucose consumption between 0.4 and 0.8 g/g/L, with the 
top directly after induction. This maximum was followed by a decline down to 
a stable uptake of 0.45 g/g/L during recombinant protein production. That 
seems reasonable since the growth of the cells was much slower after 
induction, but there still was a great glucose demand, because it is rather 
energy consuming to over-produce foreign protein.  
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Effects of IPTG
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Fig. 22: The concentration and the specific uptake of glucose during a typical batch process 
(batch 16). The delay time of the signal was app. 13 min (10 min analysis + 3 min filtration) 
and is already considered in the graph. The variations of the q_Glc were high during the first 
5 h due to the measurement uncertainty amplification of the little biomass concentration. 
The glucose was consumed in a stable behavior; the interruptions were caused by a column 
malfunction. IPTG was added after 6 h and caused a decrease of the specific glucose uptake 
after a short lift as well as a decline of the specific growth rate (q_X_base).  

Performance during fed-batch processing 

In the feeding phase of the process, very stable glucose consumption could be 
obtained. The calculation algorithm (19) was different to the one used during 
batch processing (18) to give respect to the glucose supply through the feed 
medium. The varying behavior of the two models can be seen in Figure 23, 
where a whole process is plotted: 
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Glc uptake batch & fed-batch
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Fig. 23: The concentration and the specific uptake of glucose during a whole fed-batch 
process (batch 19). Feed was started after 11.25 h. The glucose uptake was calculated 
through two different algorithms (cp. Equations (18) and (19)) in the batch and fed-batch 
stage since glucose was added. In the first hours, nearly no glucose was consumed what 
resulted in a useless signal until hour 5. Towards batch end the specific glucose uptake was 
decreasing, while it increased through out the whole feed phase. IPTG was added after 18.25 
h and seemed not to cause clear changes in the uptake characteristics. 

The addition of IPTG had no immediate effect on the signals, but after some 
hours it could be seen that the excessive recombinant protein production 
started to cause a decline of biomass and an enhancement of glucose demand. 
This suggested that the stress effects started to influence the metabolic 
balances after circa 5 h. 

Limitations  

The most important point was to get a reliable system and signals regularly 
due to different problems. E.g. the filter did not work well sometimes due to 
clogging problems. In addition, usually the pressure increased during a 
process, since the filtration probe did not exclude proteins and other 
macromolecules, and therefore, the maximum pressure of the HPLC system 
was reached sometimes. This resulted in the shutdown of the pump. 
Furthermore, the column worked poorly after some month so that the 
separation properties and the resolution were poor. Due to this huge amount 
of malfunction sources it was hard to establish a reliable system throughout a 
whole process. 
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4.4 Specific production of acetate 

Performance during batch processing 

As it was the case for glucose, the in-line HPLC system also provided a stable 
and reliable signal for the acetate concentration. Stepwise increase could be 
seen in the first hours, followed by a short plateau phase of some hours until 
it was used as substrate. To get a specific production (0-5 h) or uptake (5-10 
h) rate, the same issues had to be taken into account as it was the case for 
glucose.  
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Fig. 24: The concentration and the specific production of acetate during a typical batch 
process (batch 14). The delay of the signal was app. 13 min (10 min analysis + 3 min 
filtration). 

Performance during fed-batch processing 

In the two carried out fed-batches, a similar behavior was observed. Acetate 
was produced over a period around 6-7 h in a decreasing manner, even if the 
estimated rates were much bigger in the batch processes. The maximum 
amount of accumulated acetate in the fed-batches was about 0.25 g/g/L in the 
terminal batch state. During the whole time of feeding, no acetate was built 
what implies that no interferences with the induction could be observed. In 
other E. coli strains, an IPTG induction had also no significant influence on 
the acetate accumulation (Sharmaa et al, 2007). 
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Fig. 25: The concentration and the specific production of acetate during fed-batch processing 
(batch 18). Acetate was produced until the batch phase stops (11 h). The specific production 
rate lain between 0.1 and 0.7 g/g/L and followed the same reduction as it was the case during 
the batch processes. 

Limitations  

The limitation factors were the same as for the glucose uptake. The most 
important point in the same manner was to get a reliable system due to 
different problems with the filter probe and the HPLC column.  

4.5 Effects of IPTG pulse induction 

One purpose has been to investigate, if there were any correlations between 
the effects of an IPTG induction and the developed software sensor models. In 
the batch cultures the inducer was added after 6 h, in the fed-batches one 
generation time after batch end. The effects of IPTG on the same organism 
were examined by Dürrschmid et al. (2007) and are referred to 1.4.4. 

Batch processing 

The effects on the two biomass sensors were rather similar. In both cases the 
slope of the growth curve changed after induction. The reason can be found in 
changed metabolic patterns caused by the new protein expression behavior. 
Özkan et al (2005) investigated through metabolic flux analysis in IPTG 
induced E. coli XL1 that the metabolism changed from anabolic to catabolic 
pathways due to increasing energy requirements. Beside the recombinant 
protein transcription and maintenance, most energy was consumed for the 
synthesis of stress response proteins. 
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The behavior of the biomass sensors causeed decreasing specific growth rates 
since they were calculated from the biomass values. The q_X_OD as well as 
the q_X_base sensor showed a strong decline directly after the induction. 
Before IPTG addition, the values were around 0.5 g/g/L and after between 0.1 
and 0.2 g/g/L what fitted well to the expected decrease.  

In addition, the glucose consumption q_Glc went down when the inducer was 
launched. That can be explained through the slower growth but it stands in 
contrast to the changed energy metabolism. It was expected that more 
glucose is consumed, when recombinant protein production was induced. The 
acetate production stoped when IPTG was added, but the time point also 
fitted to the results of Sharma (2006) and does not necessarily have to be 
caused by the inducer. 

Fed-batch processing 

The effects on the two biomass sensors were inconsistent since the slope of 
the growth curve changed a little from linear for the X_OD sensor, while 
there was no immediate change in the X_base signal. That suggested a 
change in optical, but not in the nitrogen-metabolic behavior of the culture. 
However, the specific growth rates were unaffected and stable (around 0.08 
g/g/L) until the end of the second cell generation due to the applied filters. 

The glucose consumption was increasing lightly over the first 16 h of the feed 
phase, but it could not be determined if there was any direct effect of IPTG as 
it was the case in the studies of Özkan et al (2005). A phase of a strong 
consumption increase was detected after the first 16 h, what suggests that 
the cells started to require more glucose due to advanced stress effects. No 
interferences with the acetate production could be found since there was no 
significant acetate metabolism during feeding. 
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5. Conclusions 

The objective of the current study was to develop software sensors which 
probe for important state parameters and opens up for new and useful 
information. Six models were designed and successfully tested in batch and 
fed-batch processes. Most of the gained information was rather reliable and 
authentic in the majority of runs and stages. Anyhow, most sensors have 
room for improvement and may need little adjustments to fit over all culture 
phases.  

Special attention was given to the effects of recombinant protein induction 
and expression in order to investigate if stress effects can be seen in the novel 
sensors. It was found that there are some detectable variations in the signals 
which allow searching for further model facilities for stress effects. 

The results clearly demonstrate the usefulness and easy implementation of 
the developed sensor algorithms into a microbial cultivation device. Thereby, 
they highlight their great application potential in already existing, as well as 
in completely new, industrial fermentation processes to improve real-time 
decision-making.
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