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Introduction

Recently a method is published' to find optimal sensor posi-
tions in distributed parameter systems. Using the well known
analogy between plug flow reactors and batch reactors this
method can easily be adopted to find optimal time-points to
perform measurements on batch processes. The approach is
data-driven, but can also work with data generated by an exist-
ing batch model. As a result it gives the minimum required
number of measurements to characterize a batch and the best
points in time to do those measurements. Measurements that
characterize a batch adequately could be used to reconstruct
the batch trajectory or to predict quality parameters of the end
product in an early stage of the batch process. If the measure-
ments are to be used for a single predefined task, a PLS
approach with internal measurement point selection will be
superior." But the same paper shows that the selected points
following the lines of this paper are performing almost as well
to the points selected by PLS. The approach taken in this note
is useful if the measurements have multiple objectives, like
monitoring and prediction.

The approach consists of four operations on the available
batch data that will be discussed in the theory section.
Although the steps involved in the analysis show resem-
blance to multivariate statistical process control (MSPC) for
batch processes it is a different procedure. In the batch
MSPC literature,” the topic when to do measurements on a
batch and which measurements to use, is not discussed.

Other approaches that try to find optimal times to measure
for batch processes exist, but also depend on knowledge
about the kinetic model. For example, Boelens et al.? present
an optimal sampling strategy using a D-optimal design crite-
rion for estimation of the rate constant k; of a (pseudo)first
order reaction. The result is the best point in time to do a
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measurement of the reactant in a batch process with first
order kinetics. Westerhuis et al.” extend this approach to a
second-order reaction. To our knowledge, our approach is
unique in the sense that it only requires the availability of
measured batch variables of some relevant batch runs.

Theory

The problem of finding the best sensor location in a dis-
tributed parameter system can be transformed into the prob-
lem of finding the best point(s) in time to do a measurement
that characterizes a batch. Two main contributions to the
variation of the data collected from several batch runs are
the time evolution within a batch and the differences
between the batches. Assume, for example, that a reactant
concentration is measured and that the reaction kinetics, i.e.,
the reaction rate constants, are slightly changing over the
batch runs. The data from (repeated) runs of the batch reac-
tion can be put in the rows of a matrix X. In a row of X the
time evolution of the batch can be found. The values in a
column of X vary due to the different rates. Performing a
PCA on X, the difference due to the rates at a certain point
in time would turn up directly in the loading vectors." The
best points in time to monitor these types of differences over
the batches are found by analyzing the loading space of a
PCA applied to the column mean centered matrix X.

General approach for finding the best time to measure
for a batch reaction

Measured or simulated data of the batch process is collected
into a three-way matrix X. This matrix has dimensions / x J X
K where: I = Number of batches, i = 1 ... I; / = Number of
process variables, j = 1 ... J; K = Number of time points, k =
1 ... K. The number of batches (/) represents the number of
(repeated) runs of the same batch reaction. In the case of simu-
lated data, the number of batches represents the number of sim-
ulations. A process variable (j) can be an engineering variable
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Figure 1. Mean centering over batches and the way to
unfold the batch data.

such as: temperature or pressure or a result from an analytical
measurement on the batch process, such as a compound concen-
tration, or a channel of a spectroscopic measurement done on
the batch reaction mixture.

The general procedure to analyze the data is: (1) Mean
center the three-way matrix (X) across the batch mode
(mode /), (2) Unfold the resulting matrix, (3) Apply princi-
pal component analysis to the unfolded matrix, (4) Analyze
the results using a variable selection technique (Figure 1).

The way of unfolding the data determines the type of in-
formation that is obtained in the data analysis that follows
the unfolding.® The unfolding method used in this article can
be used to find the informative time points if all variables
are measured simultaneously. The obtained time points are
not the points that are the most informative for a single vari-
able, but gives time points where on average the variables
are most informative. Other unfolding methods can be used
in conjunction with the PCA steps as described in our arti-
cle, but this is beyond the scope of this present article.

Orthogonal Variables in Loading space (OVL)' is used as
the variable selection method. There are other possible vari-
able selection methods available that could be incorporated
as our selection method. We use OVL here because in the
paper on distributed systems it outperformed the other meth-
ods under consideration.'

The first and most important time-point selected by OVL
is the point that is furthest away from the origin in the load-
ing space of the PCA solution. This time-point contains the
maximum amount of variation between the batches. The
next time point is the time-point in the loading space that is
the furthest away from the line through the origin and the
first point that is chosen. The next point is the time-point
furthest away from the (hyper) plane defined by the previous
points. By following this procedure the information in the
selected points is a trade off between the amount of informa-
tion in the selected time-point and the amount of correlation
with the previously selected points.

Studied Batch Reaction

The batch reaction between 3-chlorophenylhydrazonopro-
pane dinitrile and f-mercaptoethanol is taken as an exam-
ple.” The basic reaction scheme is:
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A +B — C reaction constant k; (M~' min™")

C — D + E reaction constant k, (min™")

Only species A, B are present at the start of the reaction.
An excess of reactant B is used to create pseudo first order
conditions for the first step of the reaction. The correspond-
ing first order reaction rate constant kg (min~") is defined
as kj.cgo (in which cpg is the initial concentration of species
B). The reaction was monitored by UV-vis spectroscopy.
Only A, C, and D are spectroscopically active. Ten repeats
of the batch reaction were performed. The spectra are col-
lected at a time interval of 10 s. The batch reaction was
stopped after 45 min. At this point in time not all intermedi-
ate reactant (C) had disappeared (Figure 2).

Pretreatment of UV-vis spectral data

From the measured spectra during the batch reaction and
the measured pure spectra of the compounds A, C, and D
the concentration time profile of the each compound is cal-
culated using Fhe Lambgr;[-Beer law: § = C Spm/
C=S"Spure - (Spure -Spure)  in which S is the (K x J) ma-
trix that contains measured UV—vis mixture spectra, Syyre is
the (J/ x 3) matrix that contains measured pure spectra of A,
C, and D and C is the (K x 3) matrix that contains concen-
tration profiles of A, C, and D. Although these concentration
profiles are not directly measured during the process, they
are calculated using measured pure and measured mixture
spectra. We will therefore refer to them also as the measured
concentration profiles.

Simulations

It is assumed that the main batch to batch differences are
caused by slight changes in reaction rate constants. Simula-
tions are done in which the kinetic rate constants are per-
turbed. Also, other batch to batch differences might be pres-
ent, but it is assumed that they are not dominant.
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Figure 2. Concentration profiles of reactant A (solid),
intermediate C (dashed), and product D
(dotted).
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Table 1. Best Times to Measure Using Concentrations as an

Input
Ranking Measured Simulated
1 01:50 03:20
45:00 28:10
3 08:00 11:00

The reaction rate constants and their standard deviation
that are used as input for simulations are taken from
Bijlsma.” Five hundred sets of concentration profiles are gen-
erated using these rate constants. From the simulated con-
centration profiles and the measured spectra of the pure com-
pounds, spectra of the batch reaction mixture at time ¢ could
be calculated. These spectra are referred to as simulated
spectra. Such spectra were calculated until # = 45 min to be
comparable with actual batch experiments done or till + =
200 min, extrapolating the batch time. At 200 min the reac-
tions are almost finished.

Results
Results for the measured concentration profiles

The strategy is applied to the measured concentration pro-
files, resulting in a data cube of size 10 x 3 x 271. Results
are presented in Table 1. Using a leave-one out cross-valida-
tion® it is determined that three PCs are sufficient, indicating
that measurements at three points in time are enough to
characterize the batch trajectories.

We use smoothed PCA® to analyze the data to obtain
smoother profiles. Figure 3A shows the curves that were
used to find the times listed in Table 1. The distances in the
loading space are plotted. The solid line represents the dis-
tance of each time point from the origin of the loading
space. The time point that has the maximum distance is
selected as first time to do a measurement. The dashed line
represents orthogonal distances of all remaining time points
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Figure 3. The OVL results for: A: measured concentra-
tions; B: simulated concentrations; and C:
measured spectra. In each subfigure there
are 3 OVL components, first (solid), second
(dashed), and third (dotted).
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from the line that goes through the origin and first selected
time point. The best time point is the one that has the largest
orthogonal distance.

The OVL method selects a time point at the beginning
(01:50 min), at the end of monitoring time (45:00 min) and
around a batch time of 8 min. These results will be further
discussed below. The solid line in Figure 3A shows that the
OVL has a clear maximum around 2 min. For the OVL
method, the second distance curve (dashed curve, Figure 3B)
indeed has a low value around 2 min and it has a maximum
approximately at 45 min. The flatness of the lines for more
then 7 min in Figure 3 indicates that the timing is not very
crucial. This is because the information in the neighboring
points form the optimal contains only a slightly lower
amount of information.

Comparison between the results for measured and
simulated concentration data

Columns 2 and 3 in Table 1 show that best points in time
found for simulated and measured concentrations follow the
same pattern. The most important time to measure is found
when the first step of the reaction (A — C) dominates and
hardly any product is formed yet. The next point in time is
selected when second step of reaction (C — D) is proceed-
ing: at this stage the amount of A is very small and consid-
erable amount of the intermediate C and the product D are
present. Finally, a point in time is selected in the transition
stage of the reaction around the point in time that the inter-
mediate C has its maximum concentration. Both steps of the
reactions are then active.

Figure 3 shows the OVL distance curves for the measured
(Figure 3A) and the simulated concentrations (Figure 3B).
The fact that the first two distance curves in Figure 3A have
roughly the same shape as the curves in Figure 3B confirms
our assumption that kinetics is the main source of variation
over the batches. The curves for the measured concentration,
however, slightly increase towards higher batch times (Fig-
ure 3A). Other batch to batch differences present in meas-
ured data (such as instrumental drift and noise or disturban-
ces in inlet concentration etc.) may cause this. It could also
be that the proposed kinetic model used in the simulations is
not fully adequate for higher batch times.

Comparison between results for measured and
simulated spectral data

Instead of using the concentration it is also possible to use
a whole spectrum as a measurement input. Table 2 gives the
results when simulated and measured spectra are used in ma-
trix X instead of compound concentrations for the OVL
method. A good agreement is found between the obtained
time points. There is, however, a ranking difference of 2nd
and 3rd time point found for simulated and measured data.

Table 2. Best Times to Measure Using Spectra as an Input

Ranking Measured Simulated
1 02:00 03:10
2 08:20 36:30
3 44:30 10:20
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This is explained by Figure 3C, that shows results for the
OVL method and measured spectra. Although the actual
maximum of the curve is found at 8:20 min, the level of the
OVL distance line for the second point in time is almost
constant after 7 min. The flatness of this curve makes the
ranking difference of 2nd and 3rd time point for simulated
and measured data insignificant. The times given in Table 1
and Table 2 differ due to the different nature of the measure-
ment, but the global picture is similar.

Best point in time to measure: a comparison with the
literature for pseudo first order reactions

To validate our approach, a comparison is made with the-
oretical results on the same system given in Boelens et al. In
that article only the first reaction A + B — C is considered
and optimal measuring time of 3 min and 20 s is found. We
simulated this system by putting normal distributed noise on
the values of the k; with a variance as measured.” Perform-
ing the four steps of our algorithm we found the optimal
measurement time to be 3 min and 10 s which is in good
agreement with the theoretical result.

Conclusions

The basic question addressed here is: “When measurements
should be done for optimal characterization of a batch pro-
cess?” A general, model-free strategy is proposed that has as
input the data of relevant and well-instrumented batch runs or
the data that is produced by an already existing process model.
There is no restriction on the type of data that can be used. For
the studied batch reaction, we showed results based on con-
centrations and on UV-vis spectra. The method may, however,
also be applied on physical measurements (temperature, pres-
sure) done during a batch process. The main idea of the strat-
egy is to select the points in time at which the (state) variables
have a large variation between the available batch runs.

If the selected measurements obtained by the method
described in this article are to be used for predictions several
situations can be distinguished. If it is clear what quantity is
to be predicted a PLS approach10 is superior, although the
selected measurements points perform well together if used
in a PLS model." The method described here is meant for
situation where multiple objectives are present or it is not
clear which quantity should be predicted.

The method to analyze the batch data consists of four sim-
ple and fast operations: mean centering, unfolding, principal
component analysis (PCA), and selecting best points in time
using information from the loading space of the PCA. We

tested and validated this method for a two-step biochemical
batch reaction monitored by UV—vis spectroscopy.

When the first step of this reaction is operated as a pseudo
first order reaction there is a good agreement between the
best points in time of our method and literature values. It is
confirmed that the best time point to measure for a (pseudo)-
first order reaction is 1/k, with k the rate constant. As input
only a few repeated batch runs of the biochemical reaction
were used. The advantage is that a kinetics model is not
needed to obtain this result.

The agreement we found between the best times for meas-
ured and data simulated using kinetics model for the reaction
shows that the main differences between the repeated
batches in this application are caused by changes in the
kinetics. The proposed strategy picks up these variations
adequately.

The OVL method yields time points having nearly inde-
pendent information. An additional advantage of OVL
method is that inspection of the distance curves directly sup-
plies information about the relative importance of potential
monitoring time points found. In this way the method
directly supplies insight in the advantage of selecting addi-
tional measurement time points.
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