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Abstract

This paper investigates the benefits that the partial least squares (PLS) modelling approach offers engineers involved in the

operation of fed-batch fermentation processes. It is shown that models developed using PLS can be used to provide accurate
inference of quality variables that are difficult to measure on-line, such as biomass concentration. It is further shown that this model
can be used to provide fault detection and isolation capabilities and that it can be integrated within a standard model predictive
control framework to regulate the growth of biomass within the fermenter. This model predictive controller is shown to provide its

own monitoring capabilities that can be used to identify faults within the process and also within the controller itself. Finally it is
demonstrated that the performance of the controller can be maintained in the presence of fault conditions within the process.
# 2003 Elsevier Ltd. All rights reserved.
Keywords: Partial least squares; Model predictive control; Fault detection
1. Introduction

Industrial fed-batch fermentation systems present a
very difficult challenge to systems engineers. The lack of
robust on-line sensors for key fermentation variables,
such as biomass concentration has proved to be a sig-
nificant obstacle for the implementation of advanced
control and optimisation solutions [1]. The sensors
which do exist for measuring these key variables, such
as optical density measuring devices, high-resolution
liquid chromatographs, nuclear magnetic resonance
meters and biosensors [2] are unfortunately both
expensive and have been shown to be unreliable when
applied to large-scale systems [3].
As a consequence the majority of industrial fermen-

tation control systems are based upon infrequent off-
line assays and process operator supervision [4]. Low
sampling frequencies and long delays in obtaining the
results from off-line assays means that this approach to
process supervision results in an inevitable compromise
in the resulting quality of control.
To improve the quality of information that operations
staff are presented with and to hence improve the qual-
ity of the resulting control, indirect measurement of
biomass concentration, through the use of soft-sensors,
has received considerable interest in recent years. Sev-
eral techniques have been proposed for on-line estima-
tion of conditions within fed-batch fermentation
reactors. These techniques, which appear to be very
promising, include mechanistic and data-based model-
ling techniques, such as neural networks [2]. A compre-
hensive review of these techniques is provided by [3].
In addition to providing operations staff with useful

information regarding the progress of a batch, it is pos-
sible to integrate the soft-sensor within a variety of
automatic control structures. The algorithms which
have been proposed for controlling biomass growth in
fed-batch fermentation systems tend to fall into three
categories; optimal control, feedback control and
hybrid control. The optimal control strategies typically
adjust substrate feed rates by means of an optimal pro-
file that is either determined online or offline [5,6]. The
objective functions for the optimal controllers are
usually formulated in order to maximise operating
profits or productivity. In feedback control strategies,
the regulation of the feed rate can be determined by
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standard control methods, such as PID controllers or
more advanced model-based adaptive schemes [7].
Hybrid control strategies typically involve both optimal
and feedback controllers with the former serving as the
primary controller and the latter the compensator [8].
To enable the controller to deal with the non-linear
features that are present within fed-batch fermentation
processes, recent work has focused on the integration of
neural network soft-sensors into non-linear model pre-
dictive control structures [9].

A further issue in the successful operation of fed-
batch fermentation processes is the early and accurate
detection of fault conditions, such as sensor failures or
drifts, that may occur. The early detection of fault con-
ditions is of great benefit in fed-batch fermentation
processes since the earlier that a fault can be detected
and acted upon, the lower its impact will be on the
process. In some situations this can be critical, for
example, a drift on a pH sensor could have catastrophic
results on biomass growth if this measurement is used
within a feedback control scheme.
In recent years condition monitoring tools have been

developed and successfully applied to industrial fer-
mentation processes. A particularly promising approach
is the application of multivariate statistical process
control techniques, such as Principal Component Ana-
lysis (PCA) and Partial Least Squares (PLS). The bene-
fits of using these approaches, rather than more
traditional methods, such as Statistical Process Control
have been demonstrated through their application to
fed-batch fermentation systems. These applications
have exploited PCA and PLS to accurately detect and
isolate several fault conditions, including a pH sensor
drift in an industrial fermentation process [10] and con-
tamination by foreign micro-organisms [11].
In previous studies monitoring and controlling of

fed-batch fermentation processes have been viewed as
independent problems. In this paper, however, these
problems are considered together and an integrated
fault detection and process control scheme is developed.
This scheme relies heavily on the successful development
of a PLS model to provide soft-sensing capabilities in a
fed-batch fermentation processes. It is demonstrated
that this PLS model can subsequently be used, not only
in a predictive control framework to regulate the growth
of biomass within the fermenter, but to also provide
fault detection and isolation capabilities. It is further
shown that the integration of the predictive controller
and fault detection capabilities provides a useful diag-
nostic tool for the control system.
An overview of the basic PLS algorithm is provided

in the following section along with a description of
how this linear modelling approach can be extended to
identify characteristics within a highly non-linear fed-
batch fermentation process. It is then demonstrated
how a PLS model can be integrated within a predictive
control algorithm and applied to the benchmark fed-batch
fermentation simulation developed by Birol et al. (2001).
Finally, the conclusions from this work are discussed.
2. Partial least squares

2.1. Basic algorithm

Partial least squares (PLS) is a regression tool that is
ideally suited for situations where high levels of corre-
lation exist between cause variables. The algorithm has
been applied extensively to industrial processes and its
ability to generate accurate regression models in the
presence of high levels of correlation is well documented
(Piovoso and Kosanovich, 1997). Due to space limi-
tations, the PLS algorithm is not reproduced here.
However, for those that are interested the tutorial paper
by Geladi [12] provides an excellent overview of the
algorithm.
In addition to providing a mechanism for develop-

ing regression models, PLS may also be used as a
method for detecting and isolating fault conditions. The
approach for achieving this is very similar to that
adopted when using Principal Component Analysis
(PCA) [13]. Rather than attempting to detect the pre-
sence of any fault condition by monitoring each process
variable independently, two statistics, referred to as the
SPE and T 2 statistics, are monitored. Control limits
can be placed around these statistics, which if violated
indicate deviations from the process conditions that
were recorded in the data used to develop the PLS
model. More information regarding the application of
PLS in the area of fault detection and isolation can be
found in Nomikos and MacGregor [14].
3. PLS for model based predictive control

3.1. Model predictive control

Several authors, including [10] and Lakshminar-
ayanan et al. [15] have suggested controlling the score
space that is calculated within the PCA and PLS mod-
els, rather than the quality process variables themselves.
This method of control is very much in its infancy and
in this work a much more traditional approach to
model predictive control (MPC) is employed. The PLS
model that has been identified in this work uses a stan-
dard time-series, finite impulse response model which
can be integrated with ease into a relatively standard
MPC strategy to regulate the growth of biomass during
the batch.
MPC has generated widespread interest in academia

over the past three decades and its acceptance in indus-
try is illustrated in a survey conducted by Qin and
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Badgwell [16] which reported over 4600 industrial
applications of MPC technology world-wide. Although
there have been a variety of MPC algorithms developed,
such as Dynamic Matrix Control (DMC) [15] and Gen-
eralised Predictive Control (GPC) [17] the concept of
each of them is similar. This concept is to use a model of
the system to predict future process outputs and thereby
determine suitable future control moves. By placing
appropriate limits on the length of the prediction hor-
izon and the values of future control moves, a robust
controller results that is capable of handling process
constraints. A number of references exist to the devel-
opment of predictive control, for example Clarke et al.
[17]. As an example, for a linear GPC system, the
model is used to predict the output trajectory between
minimum and maximum horizons, N1 and N2 respec-
tively, based upon control moves up to a horizon Nu in
the future. A typical performance criteria (J) that the
controller is developed to minimise is provided in Eq.
(1).

J ¼
XN2

k¼N1

wtþk � ŷtþk½ �
2
þ
XNu

k¼1

lkDu2tþk�1 ð1Þ

where �u represents a series of changes that are made to
the manipulated variable up to the horizon Nu. Only the
first of these control moves is implemented and the cal-
culations are repeated at the next time step. w is the set
point, l is a control action weighting chosen to prevent
excessive control moves, ŷ is the value of the output, as
predicted by the model and t is the current sample time.
For application to batch processes there is a clear

problem with the cost function in Eq. (1) which is that
the prediction horizon reaches a maximum, which will
be the end-point of the batch. In this work, therefore,
the cost function is changed to the following:

J ¼
XtþN

k¼t

ŷk � wk½ �
2
þlDu2k for tþN < tend

J ¼
Xtend

k¼t

ŷk � wk½ �
2
þlDu2k for tþN5 tend

ð2Þ

where: t is the current sample time of the batch; N is the
length of the prediction horizon; wk is the desired bio-
mass concentration at sample time, k; ŷk is the biomass
concentration that is predicted by the PLS model at
sample time k; �uk is the change in the manipulated
variable (the substrate feed) made at sample time, k; l is
a tuning parameter. In this work, N and l were
manipulated in a structured manner to maximise the
resulting performance of the controller. Eq. (2) also
indicates that the value of Nu has been set to 1. A value
of 1 for Nu and 10 for N were found to provide accep-
table control performance in this application.
3.2. Application of PLS controller to the benchmark
plant

To investigate the application of this control system, a
benchmark simulation was used. This simulator, called
Pensim, is based upon a series of detailed mechanistic
models that describe a penicillin fed-batch fermentation
process. For further details of this simulation see Birol et
al. [18].
The first stage in the development of the control sys-

tem for the Pensim simulation is to construct a soft-
sensor, using the MPLS technique, to estimate biomass
concentration. To generate the data necessary for the
development of this model, data from 30 batches was
collected. The standard pensim simulator applies a
pseudo-random binary signal (PRBS) to several process
variables, including aeration rate and agitator power.
Since it was the intention to use the substrate federate as
the manipulated variable in the developed control sys-
tem, a further pseudo-random signal (PRS) was applied
to this variable during each of the batches. 20 of these
batches were used to train the PLS model (training bat-
ches) with the remainder used to validate the model
(validating batches). Fig. 1 provides an example of the
data that was collected during one of these batches. The
sampling interval used in this work was 1 h.
A PLS model, containing 3 latent variables, was

developed using the training batches. In this model the
following measurements were used as input, or cause,
variables: substrate feed rate aeration rate, agitator
power, substrate feed temperature, substrate concen-
tration, dissolved oxygen concentration, culture volume,
pH, fermenter temperature and generated heat. In
keeping with typical practices in industry it was
assumed that it was not possible to use the biomass
concentration measurements in either the model or the
controller that is described later in this paper.
The accuracy of this model is illustrated in Fig. 2 which

compares the actual biomass concentration with that
predicted by the PLS model for five of the validation
batches. This figure shows that the model provides a good
estimate of biomass concentration within the fermenter.
Following the development of this PLS model it was

subsequently integrated within a MPC control scheme
for the simulator. The performance of the developed
PLS model based control system when applied to the
benchmark simulator is illustrated in Fig. 3. Fig. 3
demonstrates the ability of the MPC control scheme to
regulate the biomass concentration within the reactor to
several pre-specified trajectories. In these examples the
trajectory was determined off-line and is based upon the
open-loop response of the process.
Fig. 3 demonstrates that the controller achieves tight

control when the end-point biomass concentration is set
between 11 and 15. However, the performance is poor
when the end-point biomass concentration is set to 9 or 17.
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The reason why the performance of the controller is
good when the end-point concentration is set between
11 and 15 is because the conditions necessary to achieve
such end-point concentrations are well represented in
the training batches. However, the conditions necessary
to achieve end-point concentrations of 9 or 17 are not
present in the training batches. The non-linearities that
are present in the system have the effect that the model
that is developed using the training batches is not valid
for operating conditions that stray far beyond the con-
ditions represented in the training batches. Since the
MPC controller is only as good as the model that is used
Fig. 1. Pensim training data.
Fig. 2. PLS model prediction.
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within it then the performance of the control system will
degrade as the operating conditions move away from
the conditions that the model was trained on.
The complex, multivariable nature of the fermenta-

tion process means that it is not possible to simply state
that the developed controller is valid within a certain set
of conditions. For example, if the aeration rate
increased beyond the values that were present in the
training batches does this mean that the PLS model is
no longer valid and the predictive controller should be
switched off. The following section demonstrates how
by using a PLS model within the predictive control sys-
tem it is possible for such questions to be answered.

3.3. Controller monitoring

Monitoring the performance and suitability of control
systems has received significant interest in both academia
and industry in recent years. This interest was initiated by
the work of Astrom [19] and Harris [20] who showed that
it was possible to compare the performance of a particular
control loop with that which could be achieved through
the use of minimum variance control. This comparison
was shown to provide a statistic which could be used to
monitor the performance of single input, single output
systems. The technique has since been extended to
multivariable systems [21] and to time-varying processes
[22]. Unfortunately, the approach involves the analysis of
on-line measurements of manipulated and controlled
variables. As stated earlier in this paper such data is not
available in typical fed-batch fermentation systems. Con-
sequently, the approaches that are based upon a compar-
ison with minimum variance control are not appropriate
for typical fed-batch fermentation processes.
An advantage, however, that the use of a PLS model
within the control system has is that it is able to provide
some diagnostic information regarding the status of the
control system. This ability is illustrated in Fig. 4. This
figure shows the SPE and T 2 charts that were produced
for the PLS model in the earlier control results. These
charts show that the SPE statistic continuously violates its
control limits when the end-point biomass concen-
tration is set to 9 and 17 and that the T 2 chart violates
its control limit when the end-point biomass concen-
tration is set to 9, 11, 15 and 17.
The SPE and T 2 charts can be interpreted as follows:

� The SPE chart provides an indication of the
quality of the PLS model, i.e. its ability to predict
the biomass concentration during the batch. A
high SPE value would indicate that the rela-
tionships between the variables have changed to
such a degree that the accuracy of the model is
likely to be significantly degraded.

� The T 2 chart provides a measure of where the
fermenter is operating, with respect to the con-
ditions that were recorded in the batches used to
develop the PLS model. A high T 2 value would
indicate that the conditions within the fermenter
are significantly different from those present in
the training batches.

This analysis of the SPE and T 2 statistics allows the
following observations to be made regarding the results
presented in Figs. 3 and 4. When the end-point biomass
concentration is set to 12, 13 or 14, the operating con-
ditions are consistent with those of the training batches
and the accuracy of the PLS model remains good. This
Fig. 3. Closed loop control performance.
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is indicated by the fact that the T2 and SPE values,
respectively, remain below their limits throughout these
batches. Consequently, as demonstrated in Fig. 5, the
performance of the MPC controller remains good.
When the end-point biomass concentration is set to 11

or 15 the operating conditions within the fermenter
begin to deviate from those present in the training data
(this is indicated by the violation of the T2 chart for this
data), however the quality of the model remains good
(the SPE value remains, with some exceptions, below
the control limit). The MPC controller should therefore
still perform reasonably well, however, its occasional
violation of the control limit indicates that the perfor-
mance will be reduced from what is achieved for the
Fig. 4. SPE and T 2 charts for closed loop data.
Fig. 5. PLS control charts for aeration fault.
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end-points of 12, 13 and 14. This is confirmed in Fig. 3,
which shows that although the performance of the con-
troller is not as good for the end-point concentrations of
12, 13 or 14, it is still reasonable.
When the end-point biomass concentration is set to 9

and 17 it is seen that both the SPE and T 2 charts violate
their control limits. This indicates that the conditions
within the reactor are significantly different to those pre-
sent in the training data and the accuracy of the model
has deteriorated significantly. The deterioration of the
accuracy of the model would suggest that the perfor-
mance of the controller would be compromised, which is
confirmed in Fig. 3 which shows a significant deteriora-
tion in performance of the controller for these end-points.

3.4. Integrated process control and fault detection

In addition to providing control capabilities, the PLS
model that is used within the MPC controller can also
be used to detect faults on the process. To test the ability
of the PLS model to detect and isolate fault conditions
within the fermenter, a series of faults were introduced
into the process, while it was under closed loop control.
The faults that were introduced were those that were sug-
gested and analysed by the authors of the simulation [23].
Fig. 5 illustrates the ability of the PLS model to cor-

rectly detect and isolate one process fault, a step fault of
5% applied to the aeration measurement between 50
and 100 h. Fig. 5 shows that the SPE chart violates its
control limit immediately after the fault condition
occurs, while the T 2 chart remains well below its limit.
The inability of the T 2 chart to detect this fault condi-
tion is consistent with the results of Goulding et al. [24]
who demonstrated that the SPE chart is much more
sensitive to the detection of faults than the T 2 chart.
Fig. 6 shows the SPE contribution chart that was

produced immediately after the SPE limit was violated.
This chart, indicates correctly that variable 1, which is
the aeration measurement, is the likely cause of the fault
condition.
In further tests it was found that the PLS model was

able to detect and isolate all the faults that were inves-
tigated by Undey et al. [23].

3.5. Intelligent process control

A weakness of most process control and fault detec-
tion schemes is that following the detection of a fault
condition, such as a drift on a sensor, then the scheme is
rendered useless until the particular fault is resolved.
This is a problem if there is likely to be a delay before
any fault, such as a sensor failure, is dealt with, because
the process controller and condition monitor may be
unavailable for a significant length of time.
This problem is highlighted in the following example,

where a step increase of 0.5 is applied to the pH sensor
measurement (this increase means that if the actual
value of the pH within the reactor is 5.0, then the pH
sensor will read a value of 5.5). This fault creates a
major disturbance to the process as the pH measure-
ment is used in two automatic control loops. The pH
measurement is firstly used in a single loop feedback
control scheme that regulates the pH in the fermenter to
5. Since there is a drift of 0.5 on the pH sensor then this
controller will actually maintain the pH within the
reactor at 4.5 (this is because at this value of the actual
pH, the sensor will read 5.0), which could result in an
adverse response by the bio-organisms inside the fer-
menter. In addition the pH measurement is used by the
PLS model to predict the biomass concentration. Since
the pH measurement is incorrect then so too will be the
biomass prediction made by the model. As a con-
sequence the predictive controller will operate poorly
and the productivity of the batch may be affected. It is
therefore important that such a fault can be quickly
detected and isolated and a mechanism put in place so
that the predictive controller and fault detection scheme
can function normally in spite of this fault. Fig. 7 dis-
plays the control charts produced by the PLS model
during this fault. The charts clearly show that the fault
has been detected following its introduction after 100 h.
One method that is available for enabling the con-

troller and condition monitor to function during this
fault it is to use the capabilities of the PLS model to
infer the pH measurement, rather than use the actual
pH measurement itself. The ability of PLS to infer una-
vailable and inaccurate process variables is discussed in
detail in Nelson et al. [25]. In this paper three methods
are proposed for estimating the values of any missing
process variables. Of the three methods proposed it has
been found in previous studies [10], that the method
referred to as single component projection is an appro-
priate technique to use. This approach is described by
Fig. 6. Contribution chart for aeration fault.
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Nelson et al. [25] as being equivalent to replacing the
missing values by their minimum distance projections onto
the current estimate of the loading or score vector at each
iteration.
Fig. 7 shows that both the SPE and T 2 values exceed

their control limits immediately after the fault enters the
system at 100 h. The PLS model correctly identifies this
violation as a fault with the pH sensor and after 5 con-
sistent violations of the SPE control limit are recorded
then the PLS model is used to infer the pH measure-
ment, using the single component projection method.
The reason that the algorithm waits for 5 continuous
violations of the SPE chart before acting is to be sure
that the violation of the SPE control limit is actually a
result of a fault condition and is not a false alarm.
Fig. 8 compares the actual pH measurement with that

recorded by the sensor and that inferred by the PLS
model. This figure shows that the pH value inferred by
Fig. 7. PLS control charts during pH fault.
Fig. 8. pH measurement.
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the PLS model is very consistent with the actual pH
within the reactor. A result of this accurate inference of
the pH measurement is that the performance of the
controller is largely unaffected. This is reflected in Fig. 9
which shows that if the MPC controller uses the raw pH
measurement, the penicillin production reduces sig-
nificantly. However, when the PLS model is used to
infer this measurement the penicillin production is seen
to remain very similar to that which would result if
there were no pH sensor fault.
4. Conclusions

This paper has demonstrated the benefits that the PLS
modelling technique offers in improving the operation
of fed-batch fermentation systems. It is shown, through
application to a benchmark simulation of a fed-batch
fermentation process that mutli-way PLS can provide
accurate inference of quality variables, such as biomass
concentration, that are often difficult to measure using
on-line sensors. It is also demonstrated that the same
PLS model can be used to provide early detection and
isolation of fault conditions within the fermenter.
A furtheradvantageof using amodel developedusing the

PLS algorithm is that it can be integrated within a fairly
standardmodel predictive control strategy and used to reg-
ulate the growth of biomass in the fermenter. The structure
of the PLSmodel then enables charts to be constructed that
are able to monitor the status of the predictive controller.
This monitoring provides a measure of how consistent cur-
rent operating conditions are with the data used to develop
themodel andalsoan indication of how accurate the PLS
model is likely to be in these conditions.
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