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Abstract

A novel model-based control strategy is developed for filamentous fungal fed-batch fermentation
processes. The system of interest is a pilot scale (550L) filamentous fungus process operating at
Novozymes A/S. In such processes, it is desirable to maximize the total product achieved in a batch
in a defined process time. In order to achieve this goal, it is important to maximize both the product
concentration, and also the total final mass in the fed-batch system. To this end, we describe the
development of a control strategy which aims to achieve maximum tank fill, whilst avoiding
oxygen limited conditions. This requires a two stage approach: (1) Calculation of the tank start fill
and, (2) On-line control in order to maximize fill subject to oxygen transfer limitations. Firstly, a
mechanistic model is applied off-line in order to determine the appropriate start fill for processes
with four different sets of process operating conditions for the stirrer speed, headspace pressure and
aeration rate. The start fills are tested with eight pilot scale experiments using a reference process
operation. An on-line control strategy is then developed, utilising the mechanistic model which is
recursively updated using on-line measurements. The model is applied in order to predict the
current system states, including the biomass concentration, and to simulate the expected future
trajectory of the system until a specified end time. In this way, the desired feed rate is updated along
the progress of the batch taking into account the oxygen mass transfer conditions and the expected
future trajectory of the mass. The final results show that the target fill is achieved to within 5%
under the maximum fill when tested using eight pilot scale batches, and over filling was avoided.
The results were reproducible, unlike the reference experiments which show over 10% variation in
the final tank fill, and this also includes over filling. The variance of the final tank fill is reduced by
over 74%, meaning that it is possible to target the final maximum fill reproducibly. The product
concentration achieved at a given set of process conditions is unaffected by the control strategy. This
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Introduction

Industrial fermentation processes
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Fermentation processes are applied for production of a wide range of industrial products including
alcohols, amino acids, vitamins and enzymes (Doran, 2013). A majority of industrial fermentation
products are produced by fed-batch strategies (Bodizs et al., 2007; Woodley et al., 2013), where the
aim is to regulate the rate of feed addition to the process in order to meet the metabolic demand for
substrate without over feeding (Stocks, 2013). Overfeeding is detrimental to the process, as it may
cause by-product formation (Henes and Sonnleitner, 2007; Villadsen et al., 2011), or in highly
viscous processes may lead to oxygen limitation (Bodizs et al., 2007; Posch et al., 2013). It is
therefore desirable to regulate the feed addition in coordination with the biomass concentration, the
metabolic rates, and the oxygen availability; however this is challenging as these three variables are
constantly changing over the process duration.

The method of feed rate regulation has traditionally been by applying a predetermined feed rate
profile in an open loop operation, as many are still operated today (Oliveira et al., 2004). It is also
possible to manipulate the feed rate in closed loop feed-back control using, for example, the
dissolved oxygen as a control variable (Albaek et al., 2011; Bodizs et al., 2007; Lee et al., 1999). A
wide range of more advanced control strategies are also developed in literature, although there is
limited application to industrial processes.

Control objective

The control objective for the fermentation process is to maximize the total product produced per
batch, given a scheduled batch time. In order to maximize the product mass, it is possible to either
increase the product concentration or to increase the mass in the system. There are many control
strategies which specifically aim to increase the product concentration obtained from a fed-batch
fermentation process (Chang et al., 2016; Kovarova-Kovar et al., 2000; Peng et al., 2013).
Increasing the product concentration is often focused on reducing by-product formation, which is a

waste of substrate, and a burden for the process. However, in industrial fermentation processes, the
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host strains are highly engineered and optimized, and many of the pathways associated with by-
product formation are removed to optimize productivity (Cherry and Fidantsef, 2003; Lee and Kim,
2015). This is the situation with the industrial strain of interest in this work where we assume the
host strain is optimized to maximize the product yield. For this reason, it is considered that the final
mass in the system is the factor which can most greatly impact the total product mass in the

production phase.

Maximizing the fill of a fed-batch process is not a trivial problem. The system must be initiated at a
level which means the target is reachable, given the changing oxygen transfer conditions of the
system. For example in the work of Albaek et al. (2012) the oxygen mass transfer coefficient is seen
to reduce by over 75% over the process time (Albaek et al., 2012). The oxygen transfer rate in the
system at a given time, limits the feed rate which may be applied, in order to maintain aerobic
process conditions. This rate is constantly changing, as the biomass concentration increases and
fungal morphology changes, and therefore the viscosity increases, meaning a reduction in the
oxygen availability. This is especially relevant for filamentous fungus processes, which can form a
highly viscous broth, meaning that the oxygen transfer rate reduces significantly over the process
time. This means that if the start fill of the batch is too low, it will not be possible to achieve the
target in a fixed batch time. This dependence on the rheological properties of the broth, as well as
the specific substrate uptake rates, means that the optimal start fill is therefore strain specific. For a
given strain, the start fill is also dependent on the process operating conditions for the batch. This is
for example with respect to the headspace pressure, the agitation rate, aeration rate, and temperature
all of which affect the oxygen transfer to the broth. This means that the start fill is not only strain

specific, but also dependent on the process operating conditions.

The start fill is also dependent on the equipment used. Different tank dimensions, and different

impeller types, number and configurations will result in a system with different oxygen transfer
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rates. It is therefore not correct to assume the optimal start fill is equivalent between equipment,
without first an assessment of the physical conditions in each system. Similarly, it is not possible to
apply the same relative start fill to two different scales of tank. This is related to the well
documented issues of process scale up, as described in detail in Stocks (2013). If a start fill is
defined for a pilot scale process, the same relative fill is not directly applicable to a larger scale
process, as the physical conditions do not scale linearly with size. For example, the additional
hydrostatic pressure in a large process increases the oxygen solubility, and improves oxygen
transfer. The Reynolds number is also greater at scale, due to the proportionality to the square of the
agitator diameter, resulting in turbulent mixing at lower stirrer speeds (Stocks, 2013). Overall, it is
clear that the start fill is dependent on the strain, the process conditions, the scale of operation, and

the equipment used.

Assuming an appropriate start fill is identified for a fermentation process, there are then many
process disturbances which mean that the same final fill is not achieved for a fixed start fill. This is

due to many batch-to-batch uncertainties which may be experienced:

e The batch phase of a fed-batch process may vary in length due to different initial biomass
concentration, age of the inoculum culture, or other batch-to-batch variations. This means
that the feeding time may not be equal in every batch, even if the full batch time is equal.

e The feed concentration is subject to batch-to-batch variation, meaning the total mass added
for a given mass of substrate is not equal in every batch

e Physiological differences between batches, for example mean growth rates, yields and
maintenance requirements are slightly different, resulting in different metabolic rates

e Evaporation rates are dependent on the outside air conditions which are not constant

Therefore, for a given process, it is expected that even with the same start fill, there will be a
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considerable variation in the final fill. This variation may be reduced by means of a control strategy

which aims to target a maximum batch fill.

The concept of this work is to reduce the variance in the final batch fill and consistently achieve
maximum tank capacity, i.e. increase reproducibility. Due to the batch-to-batch variations however,
if we reduce the variance in one process parameter (tank fill) it must then allow for variation in
another process parameter. By analysing the relationships between the process variables it is seen
that this may be achieved by allowing increased variation in the dissolved oxygen concentration in
the system. Although it is important to avoid absolute oxygen limitation, it is considered in this
work, to allow for a variation in the dissolved oxygen level as a trade-off for achieving a maximum
tank fill. An additional benefit of achieving a reproducible maximum tank fill is also that it has

benefits for planning and scheduling of downstream operations, and resource allocation.

In this work a control strategy and two implementation configurations (direct model-based control
and a cascade configuration with regulatory layer) are described for controlling a fed-batch process
to achieve maximum fill capacity subject to the oxygen transfer limitations of the system. The
strategy also includes a batch planning step where an appropriate start fill is calculated by use of a
mechanistic process model. The strategy is comprehensively tested at industrially relevant pilot
scale studies (16 experiments in total) by testing also at different process operating conditions for
headspace pressure, aeration rate and agitator speed. We consider this a novel approach, as to the

best of our knowledge there is no similar control algorithm described in the literature.

Materials and Methods

The following section describes the Materials and Methods for this work, which includes the

fermentation process description, model description, and the control algorithm description.

Fermentation process
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The fermentation process is a pilot scale (550 L) fed-batch operation using a proprietary
filamentous fungus strain, operated at Novozymes A/S. The process begins with a batch phase,
where the operating conditions for stirrer speed, headspace pressure and aeration rate are set to
minimal values. Once the batch phase of substrate is consumed, feeding begins, and the operating
conditions are ramped to their designated set points over a fixed time period. Four different sets of
operating conditions are tested, as shown in Table 1. Table 1 also shows the tank numbers
representing the different operating conditions and the plot colors for future reference in the text.
Four fermentation processes are run in parallel, where the four different operating conditions are
applied. This is referred to as one experiment consisting of four tanks. Four experiments were
conducted in this work; two utilising a DO controller as described by Albaek et al. (2011) as a
reference, and two utilising the model-based controller described in this work. Other controlled

variables include pH and temperature, which are controlled to fixed set points.

Mechanistic process model

A mechanistic process model has been developed and validated for on-line application, as described
in Mears et al. (2016). In this work, measurement data is used for parameter estimation in order to
update formation rates of biomass and product by a stoichiometric balance approach. The required
measurements are carbon evolution rate (CER), oxygen uptake rate (OUR) and ammonia flow rate.
For off-line batch planning however, measurement data is not available, and therefore it is not
possible to solve the formation rates. In this case, the biomass growth rate term, maintenance terms,
and product yield terms are used, as described in Albaek et al. (2011). Model parameters are also re-
fitted using a least squares approach in order to fit the model states. The physical process model

remains the same, it is the metabolic rates which are replaced for off-line applications.

Model-based batch planning for initial conditions
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The mechanistic model is applied in order to optimize the initial conditions for processes operated
at four different operating conditions for stirrer speed, headspace pressure, and aeration rate, as
shown in Table 1. It is important to test the methods at different process operating conditions as this
strategy must be relevant for industrial application, where different equipment at different locations
may have different limitations for the operating conditions achievable. For this initial study it also
allows for robustness testing as it challenges the physical process model. The dynamic model is
implemented as a non-linear optimization problem, in order to calculate the feed rate required to
achieve a given DO profile. Based on the different oxygen transfer conditions, the batches will have
different capacities for feed. The non-linear model predicts the batch mass, due to feed addition and
evaporation rate (Mears et al., 2016). It is therefore possible to obtain the desired starting fill for the
batch, considering the maximum tank fill and the oxygen transfer conditions. The maximum tank
fill is defined as 410 kg, and the batch time is fixed for all tanks and all experiments. Maximum

feed rate constraints are also applied.

Mode- based control strategy

The concept of the controller is to simulate the process model until the end of the batch time in
order to identify if the current batch fill is expected to be above or below the fill target. The target
fill is defined as 410 kg, which allows for sufficient headspace in the vessel. Adjustments are then
made to the feed rate to drive the process towards a desired tank fill in a set process time. When the
regulatory layer is also added, the calculated feed rate is adjusted by a proportional controller, in
order to avoid oxygen limitation. This regulatory layer is only applied in a specified dead band, as it
IS not necessary to strictly regulate the oxygen profile, but just to avoid over and under feeding.
This may occur due to process model mismatch, but should be avoided in order to maintain a

productive process.

The control strategy is best described in Figures 1 and 2. The controller is implemented in Matlab

This article is protected by copyright. All rights reserved



(The MathWorks Inc., 2013), and consists of timers which run scripts for the measurement data
collection, supervisory layer model simulation, and the regulatory layer. In Experiment 3, only the
supervisory layer is implemented and this feed is applied directly to the process. In Experiment 4,
the supervisory layer and the regulatory layer is implemented, as shown in Figure 1. The algorithm
for the controller implementation is described in detail in Figure 2. There is a Matlab connection to
the OPC server in order to access on-line measurement data, and also to write set points which are

then applied to the system via the distributed control system (DCS).

Results and Discussion

In the following results section, the experiments are described by an experiment number as follows:

1. DO controller trial (reference)
2. DO controller trial (reference)
3. Model-based control

4. Model-based control with regulatory layer

The first two DO controlled experiments were run in order to assess the suitability of the calculated
start fill. This is important as a reference for the performance of the model controlled batches.
Experiment 3 was controlled using the model-based controller, where the supervisory layer feed
rate was applied directly. Experiment 4 employed the model-based controller algorithm, with an

additional regulatory layer, as described in the Materials and Methods section.

Model-based batch planning

In order to target the final batch fill it is necessary to identify also a suitable batch start fill,

depending on the given process limitations in terms of operating conditions. Table 1 shows the
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results of the start fill calculation which is obtained by simulating the full process using the different
operating conditions. It is seen that the difference in the stirrer speed has the greatest impact on the
start fill, as it has the greatest impact on the oxygen transfer. Of course, without absolute values of
the process parameters, this is of limited value to the reader, however it will be important to identify
if this trend is also represented in the experimental data. For example, if the lowest start fill is also
the lowest end fill, then it is likely that the start fill was not appropriately determined. The start fill
ranges from 39% to 77% depending on the processing conditions. In order to validate if this
difference is of correct magnitude, it is necessary to run experiments utilising the different start fills.
It is not desirable to run the model-based controller for this purpose, as we wish to identify the
variation in final fill for the given start fills. Therefore dissolved oxygen control is applied, as a

reference controller, using the feed rate as manipulated variable using a Pl controller.

The results for the DO controlled batches (experiments 1 and 2) are shown in Figure 3. The start fill
and final fill is shown for the two experiments, each run with the four different operating
conditions, as described in Table 1. It is seen that the fill of Experiment 2 is noticeably lower for all
conditions than Experiment 1, despite the very similar start fills. This emphasizes the relevance of

the evaporation rate, in the long running aerated processes (Mears et al., 2016).

The two experiments were operated three months apart, and it therefore would be expected that they
are subject to different air humidity and temperatures. In order to assess the difference in the
evaporation rates at the two experiments, it is possible to look at the batch phase of the experiment,
and see the difference in mass change over this period of the operation. In this phase there is no
mass addition, and all experiments have the same operating conditions; it is only after the feed start
that the process conditions are adjusted for the different tank numbers. Figure 4 shows the batch
phase mass change for the two experiments and for all batches. Experiment 2 has a greater mass

change than Experiment 1. This explains the deviation in final mass between the experiments in
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Figure 3. It is important to ensure that the model is able to capture this difference. When the actual
air temperature and humidity was used as input to the evaporation model, the rate of evaporation
from Experiment 2 is around 10% greater than Experiment 3 due to the air conditions, so the model

is seen to reproduce the trend seen in the data.

Due to the high fill levels seen in Experiment 1, some manual interventions were made to ensure
that the tanks would not in fact over fill, which is a serious problem in a production facility where
biological material must be contained at all times. For this reason, tanks 2 and 3 had small
reductions in their stirrer speeds in Experiment 1, since they reached the point where they were 10%
over the target fill. This was done as a safety precaution. This also highlights the need for control of

the fill in a tank, as it can be hazardous to allow the tank to become over full.

Overall, the results from Experiment 1 and Experiment 2 show that the calculated start fills are of
suitable magnitude given the different operating conditions. Focussing on Experiment 2, where no
changes were made to the operating conditions specified, the difference in start fill of 156 kg was
reduced to a difference of only 24 kg in the final fill. This large reduction in variance shows that
there is indeed a robust process model which is applicable to defining an appropriate start fill given
a set of operating conditions. However these two experiments have also emphasized that the
evaporation rate is of significance and must be considered as a variable for the process operation,
not as a constant. For this reason also, the start fill is not fixed at an optimum, but will be dependent

on the relative humidity and temperature of the outside air.

A final observation from the DO controlled batches is in fact that the dissolved oxygen is not able to
be controlled for the full process time in the experiments with poor oxygen transfer. It is seen in
Figure 5, that the dissolved oxygen profiles for the two experiments and for all tanks are able to

follow the set point trajectory for around three quarters of the operation time, however in the final
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stages the oxygen transfer in tanks 3 and 4 is insufficient to maintain the DO at the set point. In
Experiment 1 the minimum feed rate was not zero but a minimum feed rate value, so in Experiment
2 the minimum feed rate was changed to zero to see if the dissolved oxygen could be controlled to
set point, but the same trend is seen. This is a result of the extreme conditions which are being
tested in experiments 3 and 4, as shown in Table 1, where the oxygen transfer is too low at the end
of the batch where the viscosity of the fermentation broth is high and therefore the oxygen
concentration falls rapidly. This is not desirable, however this is also the purpose of running the DO
batches as a reference case, so that it is possible to identify limitations in the operation. It is not
expected that any other control operation should be able to maintain aerobic conditions at this late

stage in the process for tanks 3 and 4.

Model-based control

Now that the start fill calculation has been verified by experiments, and we also have a reference
operation performance for the controller, it is possible to test the model-based control strategy. Two
experiments were conducted using the model-based control strategy as described in the Materials
and Methods section. The difference between Experiment 3 and 4 is the addition of a regulatory

layer to the control strategy implemented in Experiment 4.

The results for the final batch fill are shown in Figure 6. Experiment 3, Tank 1 is not shown, as this
batch was lost due to technical issues, not related to the controller implementation. It is seen that the
variation in final fill is reduced to within 5% of the target, and only under filling occurs. In the DO
controlled batches, both over and under filling of around 10% of the target is seen, and as
previously described, the level of over filling would have been greater if there was not manual
intervention. This shows that the combination of the calculated start fill and the model-based
control is successful to reliably target a desired tank fill. There is a difference in the results for the

model-based control (Experiment 3) compared to the model-based control with regulatory layer
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(Experiment 4). The target fill is achieved in the designated batch time with an accuracy of 2 kg in
Experiment 3, whereas there is under filling of around 5% in Experiment 4. This is due to the trade-
off between the target fill and the oxygen limitations, which the controller accounts for as the batch

IS progressing.

Figure 7 shows the dissolved oxygen profiles for the two different controller types in comparison to
the profiles for the dissolved oxygen controlled batches. Beneath this are the corresponding feed
rate profiles. Tank 2 is chosen as comparison as there was good performance of the DO controller.
It is seen that the model derived feed rate which is applied directly to the system in Experiment 3, is
too high for the system, resulting in dissolved oxygen limitations. The feed rate calculated is
significantly higher than that applied when using the dissolved oxygen controller. As previously
explained, the aim is not to achieve a certain oxygen profile, but to avoid oxygen limitation, and
therefore the feed rate should be close to that of the DO controller. When the regulatory layer is
incorporated into the controller algorithm, the feed rate is successfully reduced at the end of the
batch in order to avoid oxygen limitation. It is possible to adjust the DOmax and DOmin ramps in
order to adjust at which point the regulatory layer will be activated. It is also possible to tune the
controller gain, in order to respond faster and more aggressively to a value outside of the DOmax and
DOnmin ramps. Based on the aims of this work however, it is considered that Experiment 4
successfully achieves both the desired target fill, and with an acceptable dissolved oxygen profile,
and that the controller was tuned suitably. Both the mass target is met to within 5%, and oxygen

limitation is avoided.

Figure 8 shows the conclusion for this work, where the dissolved oxygen control is compared to the
model-based controller with regulatory layer. It is seen that the mass target is reached with a low
variance in Experiment 4 in comparison to the variance seen when using the dissolved oxygen

controller. This means that the controller accurately targets the desired final mass target with high
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reproducibility with the four different operating conditions tested. This means that there is a more
reliable and consistent fill in each batch. In addition, the variance seen in the dissolved oxygen
concentration is lower than when using the dissolved oxygen controller, due to overfeeding issues
as previously described. In fact, the concept of the controller was to shift the variance from fill to
dissolved oxygen, but using the model-based strategy with regulatory layer it is possible to have a
reproducible final mass, whilst maintaining a desirable profile for the dissolved oxygen

concentration in the system.

The overall objective for the control strategy is to maximize the total product mass from the system,
so it is important to ensure that the model-based control does not have a detrimental effect on the
product concentration. Figure 9 shows that there is no significant affect, either positive or negative,

on the product concentration between the control strategies applied in this work.

Conclusions

In this work a novel control strategy is developed in order to maximize the fill in fed-batch
fermentation processes. The target fill was achieved accurately, and with high reproducibility when
tested with different process operating conditions, and different meteorological conditions. This is
achieved by targeting a desired tank fill in a specified time, whilst avoiding oxygen transfer

limitations during progression of batch operation. This is a novel control concept.

The control strategy has been rigorously and successfully tested in pilot scale (550 L) studies by
performing in total 16 runs, including the reference control strategy, under four different
industrially relevant process operating conditions. The results for the model-based control strategy
with regulatory layer has been shown to meet this objective, with the target mass reached to within
5% under the target, and hence avoiding over filling. The reduction in variance of the final fill of

over 74% is not only beneficial for the final product mass, but also for planning and scheduling in a
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multi-product facility, where downstream operations must also be scheduled. With a reliable

product mass flow to recovery, resource allocation is more predictable.

In conclusion, focussing on final batch fill is a highly valuable control objective, especially in
industry where highly optimized strains are applied. In the fermentation control literature, there are
often references to control methods to obtain high product concentration, however in highly
engineered industrial hosts we feel there are greater benefits in optimising total mass, than
optimising product mass fraction. In this way it is not only possible to achieve maximum product
mass in a batch operation, but it allows for predictable product mass to the downstream operations,

which allows for improved scheduling and capacity planning.

Future work for this project includes a consideration of gas hold up in the fermentation system, to

determine the optimal maximum fill, which in this work has been fixed based on prior experience.
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Nomenclature

CER
DO
DOprofile
DOnmax
DOnmin

F

FOiimit
Fprofile

Fsupervisory

HSP
Ke

M
Mend
Mtarget
Mi=o
NH3
N
OUR
Q

Ox
Steed

tend

Carbon dioxide evolution rate
Dissolved oxygen concentration
Dissolved oxygen profile
Maximum DO profile
Minimum DO profile

Feed rate

Maximum F/OUR

Feed rate model trajectory

Feed rate from supervisory layer
Headspace pressure

Controller proportional gain
Mass

End mass prediction from model trajectory
Target end mass

Starting mass

Ammonia addition

Stirrer speed

Oxygen uptake rate

Air flowrate

Biomass formation rate
Concentration of feed

End time
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mol/h
mol/kg
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L/h
L/mol
L/h
L/h
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kg

kg

kg

kg
mol/h
rpm
mol/h
NL/min
mol/h
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FIGURE CAPTION:

Figurel: Diagram showing the control structure for the model based controller (top)
and the model based controller with regulatory layer (bottom).

Figure 2: Controller algorithm, described in terms of the timers which are
implemented in Matlab R2013b. The values of the controller parameters FOlimit and
Kc are not provided for confidentiality reasons. They were determined based on
experience with the process.

Figure 3: Start mass and end mass for experiments 1 and 2 and tanks 1-4. Solid line
shows the target mass, and the dashed lines show the 5% and 10% deviation from
this target mass.

Figure 4: Batch phase mass change (kg) for Experiment 1 (solid lines) and 2 (dashed
lines) due to evaporation. In the batch phase of the operation all the tanks have the
same operating conditions and no feed is added so mass change is only due to
evaporation. The rate of evaporation from Experiment 2 is greater than Experiment 1,
due to external air conditions. Time not shown for confidentiality reasons.

Figure 5: Dissolved oxygen profile for experiment 1 and 2. Tanks 3 and 4 have poor
oxygen transfer conditions (shown in Table 1), which is shown to cause oxygen
limitation in the final hours of the fermentation despite the use of dissolved oxygen
control. Time not shown for confidentiality reasons.

Figure 6: End weight of the four experiments conducted. The target fill is shown as a
solid red line, and 5% and 10% deviations from the target are shown as dashed lines.

Figure 7: Dissolved oxygen (top) and feed rate profiles (bottom) for model based
control strategy (experiment 3, left) and the model based control strategy with
regulatory layer (experiment 4, right). The results show that the addition of the
regulatory layer successfully adjusts the model-calculated feed rate in order to avoid
oxygen limited conditions.

Figure 8: Dissolved oxygen (top) and mass profiles (bottom) for dissolved oxygen
control (experiments 1 and 2, left) and the model based control strategy with
regulatory layer (experiment 4, right). The results show that the target mass is
reached with low variance in experiment 4 and the dissolved oxygen profiles

are also quite reproducible between the tanks. There is a high variance in both the
dissolved oxygen profile and the final mass in the dissolved oxygen controlled
batches.
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Figure 9: The end product concentration for experiments 1-4 and tanks 1-4 where
the results are arranged by the tank number for easier comparison. The standard
deviation on the mean for the final product concentrations is 4.1%, 7.8%, 1.0% and
5.0% for tanks 1, 2, 3 and 4 respectively. This shows that the product concentration
is not significantly affected either positively or negatively by the model based control
strategy.
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Start controller:
Establish OPC server connection
Initialise MATLAB® timer objects
Load batch conditions (HSPax. Quax- Ninax)
Load model parameters
=l Pre-allocate size of array for data storage
Define DO, =ff), DOmin,. =f{t). DOmax,., =f{t). t.,g and M.
Start timers
> 0 Everv 5 minutes: Read data timer
Read and save OUR (mol'h)
Read and save CER (mol/h)
Read and save ammonia flowrate (g'h)
Read and save mass (kg)
Read and save feed flowrate (L/h)
Read and save pH (-)
Read and save DO (%)
—= O Everv 1 hour: Supervisory layer
U Once feed start criteria are met
Take average of past 1 hour of online rate data (q, q. q,)
Update parameter estimation (q. q; q)
Define initial condition for state estimate, X, P,; G,
Solve state estimate, X; P. Gy
Take average of ten minutes DO data { DOneasured )
Define initial conditions for model prediction (DOumeasured. Mumeasured. 1)
Solve dynamic model from t = t_,4 st. DOy 5.
Determine F; 5 tend and M, tend
Error = Miepg —M targe
Fapervisory™ Fy— EITON (L -t)
O If t5(1e-40). F, <=F.; (To avoid overfeeding at end)
Implement pressure control (Pressure step change increments)
O DO,pses < DO,y & HSP, < HSP,,. HSP,=HSP, ;+0.03
O Write HSP; to OPC server
—> 1 Everv 5 minutes: Regulatory laver
U Once feed start criteria are met
O If DO>=DO04y,,.0r DO<=DOpacs. F=F apervicers
U [ DO=<DOpn:. F = Fapervisory T Kc(DO-DO..)
O F limits:
U F==0UR*FOj: (To avoid overfeeding at start)
U F>F,, (Minimum feed rate)
W F=Fou, (Maximum feed rate)
4 Feedrate after target time
U Ifte=t,4 F=Fy
O If =19 & Error = 5, F=0
J Write F,to OPC server
J Manually stop timers at end of batch and save dataset
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Figure 2
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Batch phase mass change

Figure 4
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Experiment 4:

M-:-Ed:f::sf;n cf:i:;rui Model based control
with regulatory layer
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Figure 7
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Experiment 4:
riments 1 & 2:
EKP':)D {::.11-01 Model-based control
with regulatory layer

DOT (%)

Time
Mnss (kg

Figure 8
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End product concentration [g/kg ]

1.1 2.1 41 1.2 22 32 42 13 23 33 43 14 24 34 44

Figure 9
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Plot colour  Tank Stirrer speed  Aeration rate Pressure Start fill

1 + + + 39%
2 + - - 49%
3 - + - 7%
4 - - + 67%

Table 1: Start fill calculation using mechanistic process model for different processing conditions.

Process conditions are not shown for confidentiality reasons. Start fill is relative to the target mass.
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