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Hybrid derivative dynamic time warping for online

industrial batch-end quality estimation

G. Ginsa, P. Van den Kerkhofa, J.F.M. Van Impea,∗

aKU Leuven, Department of Chemical Engineering, Chemical & Biochemical Process
Technology & Control (BioTeC), W. de Croylaan 46, B-3001 Leuven, Belgium

Abstract

This paper discusses the design of an inferential sensor for the online predic-
tion of the end-quality of an industrial batch polymerization process. Due
to unequal batch speeds, measurement profiles must be synchronized before
modeling. This makes profile alignment an integral part of any inferential
sensor. In this work, a novel online hybrid derivative dynamic time warping
data alignment technique is presented. The proposed technique allows for
automatic adjustment of the warping resolution to achieve optimal alignment
results for both slowly and rapidly varying parts of the measurement profiles.
The proposed online data alignment technique is combined with a multiway
partial least squares black box model to yield online predictions of the final
quality of a running batch process. It is demonstrated that this inferential
sensor is capable of accurately predicting the quality online for an industrial
polymerization process, even when the production process is only halfway,
that is, well before lab measurements become available. As a result of this
early warning, batches violating the quality specifications can be corrected
or even stopped. This leads to fewer off-spec batches, saves production time,
lowers operational costs, and reduces waste material and energy.

1. Introduction

In the chemical process industry, batch processes are commonly used for
the production of products with a high added value (e.g., high-performance
polymers, pharmaceuticals, and biochemicals). While flexible production
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is the main advantage of a chemical batch process, monitoring and control
remain a major concern. Batch processes are characterized by a fixed pro-
duction recipe that details a set of processing steps to be followed as closely
as possible to achieve a satisfactory product quality. Owing to the lack of (re-
liable) online product quality measurements, quality measurements are most
often only available after batch completion, that is, hours late. Hence, only
minor, if any, a posteriori corrections can be made to bring the quality of
faulty batches back within specifications. In the worst case, the production
process must be run again, and the just-produced, off-spec material wasted.

Hence, there is a need for inferential sensors capable of making reliable
estimations of the product’s end quality well before lab measurements become
available. Through this close monitoring of the production process, off-spec
batches can be detected in an early stage, and actions can be taken to correct
the product’s end quality. If the batch is beyond recovery, the production run
can be aborted early, and a new run started. Consequently, fewer off-spec
batches are produced, saving valuable production time, lowering operational
costs, and reducing waste material and energy.

Multivariate statistical methods, originally designed for monitoring con-
tinuous processes, have successfully been extended to batch processes[1–9].
In these works, online batch (phase) alignment is always assumed either (i)
easy to obtain (e.g., by means of a monotonically increasing measurement
variable), or even (ii) not needed (e.g., during offline analysis, or because all
batches or batch phases already have identical lengths). In practice, however,
these assumptions rarely hold.

For the alignment of monotonous profiles, using an indicator variable
(IV)[10] is the easiest technique. IV uses a monotonously evolving measure-
ment instead of time to express batch maturity. The major drawback of IV
is that a monotonous variable is seldom present in a batch. Even if a differ-
ent IV can be identified for different parts of a batch, online implementation
requires that the IV always reaches the same value at the end of (each phase
of) the batch.

Two major alignment techniques are available for alignment and synchro-
nization of nonmonotonous variables. A first set of techniques are based on
dynamic time warping (DTW)[11, 12]. DTW originated in speech technology
but has been applied successfully in several fields, ranging from medicine[13],
over bioinformatics[14], pattern recognition[15], and spectroscopic analysis[16],
to batch processes[5, 12]. The DTW family of alignment techniques includes
adaptations such as curve registration (CR)[17, 18] and dynamic locus anal-
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ysis (DLA)[19–21], which first divide a batch in different phases via reference
landmarks before synchronizing each phase, or derivative dynamic time warp-
ing (DDTW)[15], where the derivatives of the measurement profile are used
to estimate the progress.

A second alignment technique is correlation optimized warping (COW)[22].
COW is applied mainly in spectroscopy[23, 24], but Fransson and Folestad[25]
employed it for online batch process monitoring. COW was shown to be a
heavily constrained version of DTW by Pravdova et al. [26]. Tomasi et al.
[27] found that COW and DTW behave similarly for practical purposes.

DDTW has been shown to yield superior results compared to DTW when
the evolution of a profile is more important that the actual measurement
value[15]. For industrial processes, differences in sensor calibrations lead to
differences in measured values between subsequent batches. The underly-
ing process behavior, however, is captured by the evolution of a measure-
ment (that is, its derivative). Therefore, DDTW is suited for aligning batch
profiles. However, the computation of numerical derivatives of noisy data
severely limits its online implementation for batch monitoring.

In this work, therefore, a novel online hybrid derivative dynamic time
warping (HDDTW) data alignment technique is proposed. HDDTW solves
the DDTW problem of taking numerical derivatives by using a piece-wise
linear approximation of the measurement profile. Furthermore, it is shown
to combine the best properties of COW with the flexibility of DTW via a
dynamic warping resolution. HDDTW is combined with multivariate statis-
tical methods to yield a true online inferential sensor for predicting batch-end
quality. The approach is validated on a full scale industrial application.

Online data alignment using the proposed hybrid derivative dynamic time
warping scheme is detailed in section 2. A short description of multiway
partial least squares used to infer the final quality of a batch from the online
measurement data is provided in section 3. Next, the actual inferential sensor
is described in section 4. The industrial chemical batch process used a a case
study in this work is described in section 5, and the practical implementation
and inferential sensor performance are discussed in section 6 and section 7.
Finally, section 8 discusses the application of the methodology presented in
this work to other processes before final conclusions are drawn in section 9.
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2. Data alignment

Before a multiway partial least squares mathematical model can be iden-
tified on the measurement data to relate the available measurements to the
final batch quality (see section 3), all batches are required to be of identi-
cal length. Furthermore, similar events should occur at the same moment
in all batches in order to improve model performance. In the absence of a
monotonic indicator variables[28], a more advanced data alignment scheme is
used. First, the offline data alignment technique is explained in section 2.1.
Next, the online implementation is discussed in section 2.2.

2.1. Hybrid Derivative Dynamic Time Warping

In this work, the HDDTW approach is proposed for aligning measurement
profiles. This novel technique combines the flexibility of DTW and DDTW,
which has been adopted successfully in various fields of research[5, 12–16],
with the robustness of COW, used mainly in chromatographic analysis[22,
25]. This is achieved by making piecewise linear approximations of the un-
aligned profiles and using these in DDTW. The resulting warping paths are
then used to align the original measurement profiles.

HDDTW is based on DTW, which minimizes the difference between two
profiles (that is, a test and a reference profile) by dynamically stretching
and/or compressing the time axis of the test profile. A short description of
DTW is provided here; the reader is referred to Sakoe and Chiba [11] or
Kassidas et al. [12] for a full description.

The nonlinear time transformation (that is, warping) is obtained by first
constructing the distance matrix D (M×N) between the test profile (x1 x2 . . . xM)
and reference profile (y1 y2 . . . yN). The element on the mth row and nth

column of D is obtained as

D (m,n) = (xm − yn)2 . (1)

Next, the warping path P , a set of P different elements of D (or (m,n)-pairs),
is defined as the continuous path from D(1, 1) to D(M,N) which minimizes
the total distance between both profiles.

P = arg min
P

{
P∑
p=1

D (mp, np)

}
(2)
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To compute the warping path P , a dynamic programming problem is
solved. Hereto, a cumulative distance matrix Dc (M × N) is constructed
recursively.

Dc (m,n) = D (m,n) + min


Dc (m− 1, n)

Dc (m− 1, n− 1)
Dc (m,n− 1)

 (3)

By tracing the minimal total cost from Dc(M,N) back to Dc(1, 1), the warp-
ing path P is obtained.

To facilitate the backtracking, a backtracking matrix B (M ×N) is con-
structed in conjunction with the cumulative cost matrix Dc. Each element
B (m,n) contains a reference to the optimal predecessor of (m,n), assum-
ing the warping path would pass through this element. Hence, finding the
warping path P is reduced to a simple table lookup procedure.

Several constraints can be imposed on the warping path, such as the com-
monly used Sakoe-Chiba adjustment window[11], the Itakura parallelogram
[29], or warping path slope constraints to respectively limit the delay, the
global speed difference, and the instantaneous speed difference between ref-
erence and test profiles. These constraints are required to retain physically
correct solutions and are typically determined based on physical/chemical
process insight or operator expertise. The second term of 3 needs to be ad-
justed to account for any active constraints, allowing only legal predecessors
of the point (m,n) [11, 29].

In the derivative DTW approach, the distance between the derivatives
of the profiles is minimized by redefining the distance measure used in the
computation of the distance matrix D as

D (m,n) =

(
dx

dt

∣∣∣∣
m

− dy

dt

∣∣∣∣
n

)2

. (4)

This variant of the basic DTW algorithm has been demonstrated[15] to re-
sult in more intuitive alignment results and fewer alignment singularities.
For most industrial processes, the evolution of a measurement (that is, its
derivative) carries information concerning the speed of evolution.

In HDDTW, the measurement signals are first approximated using piece-
wise linear approximations because of the inherent numerical instability of
computing derivatives of noisy data. The length of each linear part is de-
termined dynamically based on the profile’s properties by starting a new
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linear part whenever the current approximation deviates too much from the
true signal (e.g., when the difference between the linear approximation and
the true measurement signal exceeds 3 times the standard deviation of the
measurement error). (The standard deviation can be (i) computed from
the known measurement error provided by the sensor manufacturer, or (ii)
estimated by taking the standard deviations of the measurements in an ap-
proximately constant part of a measurement profile, where the only variation
in the measurements is due to measurement noise.) In those areas where the
profiles’ main features are located, a single linear part will be suited for ap-
proximating the profile for only a few sample points. Hence, a very large
number of linear parts is required to approximate the profile, and the result-
ing approximation will be (almost) identical to the original measurements.
In contrast, the featureless zones of the profile, where a constant trend is
observed, are approximated with a very small number of linear parts.

The approximated signal’s derivative is constant in each linear part by
construction. Hence, the distance matrix D contains rectangular zones where
the distance between the derivatives of the test and reference profiles remains
constant. The warping path follows the diagonal of any such zone through
which it passes, resulting in a linear resampling in each zone.

The zones of equal cost will be very short in those areas where the pro-
files’ main features are located and the high warping resolution of DDTW is
achieved. In contrast, the approximation intervals are large in the relatively
featureless parts of the profiles. This results in a low-resolution linear resam-
pling of the featureless parts of the measurement profiles, similar to COW.
This is an important advantage because measurement noise has a big impact
on the warping path of DTW in featureless zones. In a featureless zone, the
numerical derivative of the measurement profile is dominated by the noise.
To compensate for these oscillations in the derivative, DDTW proposes a
fast switching between local compression and expansion of time. The low-
resolution linear resampling of the proposed HDDTW scheme negates this
nervous behavior, and results in a smooth warping path without sudden
speed changes.

The hybrid nature of HDDTW is illustrated in 1 for a hypothetical pro-
file. The points where changes in compression/stretching are allowed are
depicted in black for (a) DDTW, (b) COW, and (c) HDDTW. DDTW al-
lows compression/stretching changes at every sample. With COW, compres-
sion/stretching changes are allowed less frequently, and larger intervals are
each warped linearly. However, the feature-rich area near the end (indicated
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by the dashed ellipse) poses a problem for COW: if the process speed changes
at each peak, COW provides an incorrect alignment because it is incapable
of compensating for multiple speed changes within each warping interval
(that is, between two black points). In this case, the number of warping
intervals must be increased, or the length of each interval must be adapted
individually. HDDTW combines the properties of DDTW and COW: in the
featureless zones, only a few changes in warping speed are allowed, as is
the case with COW. Near the features, however, the speed of the process is
monitored more closely, and the warping resolution of DDTW is recovered.

2.2. Online Implementation

When aligning two profiles, the optimal warping path P is determined
via backtracking. Hereto, the point of the reference profile corresponding to
the final point of the running (new) profile x must be known. When work-
ing online, it is unfortunately not known onto which point of the reference
profile the last known point of x must be mapped, as illustrated in 2. The
backtracking can, therefore, not be initiated, and correct online HDDTW is
impossible.

Kassidas et al. [12] presented a method to obtain an approximation of the
warping path. In this work, an improvement of the method of Kassidas et al.
is proposed. This reduces the impact of measurement noise on the alignment
and prediction results, as explained in 2.2.1. 2.2.2 discusses the computa-
tional complexity of the resulting algorithm for online implementation.

2.2.1. Methodology

When making an estimation of the warping path when only the first mt

samples of the new profile x are known, a partial cumulative cost matrix Dc,t

of size mt×N is constructed at each time instance. As the progress of the new
measurement profile relative to the reference profile is unknown, the point
of the reference profile nt corresponding to mt remains unknown, hence the
warping path cannot be constructed as depicted in 2. Therefore, the point
nt of the reference profile corresponding to mt has to be determined first.
Next, the estimated warping path Pt is obtained by tracking back between
(mt, nt) and (1, 1), after which this result is used to warp the known part of
the new profile x.

In the original online DTW method for aligning batch trajectories pro-
posed by Kassidas et al. [12], the final point of the new profile is mapped to
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(a)

(b)

(c)

Figure 1: Points where changes in warping speed are allowed for (a) DDTW, (b) COW,
and (c) HDDTW. HDDTW clearly combines the low warping resolution of COW in the
constant or slowly varying parts (featureless) of the profile with the high warping resolution
of DDTW in the rapidly changing parts (features) of the profile.
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Figure 2: The cost matrix D with combined Itakura and Sakoe–Chiba constraints, which
define a hexagonal zone in which the warping path P must be located. At time t, the
length of the new measurement profile mt is known, but the corresponding point of the
reference profile nt remains unknown, and the warping path P cannot be constructed.

the point of the reference profile with minimal current cumulative cost.

nt = argminn

{
Dc,t (mt, n) |mt −

wc
2
≤ n ≤ mt +

wc
2

}
(5)

Here, wc is the width of the legal warping window, defined by any active
Sakoe-Chiba constraints. Final Itakura parallelogram constraints on the end
of the warping path (near (mt, nt)) cannot be imposed.

Speed differences between profiles can be observed by comparing the oc-
currence of some characteristic features (for example, a decreasing trend).
For example, if the new measurement profile has a smaller slope, it proceeds
at a slower rate than the reference profile. 5 gives a reasonable estimation of
the matching point that would be obtained using offline alignment, provided
profile features to indicate the relative speed difference are present.

This is illustrated in 3(a) for artificial test and reference profiles. Even
in the presence of measurement noise, it is clear that the new (incomplete)
profile proceeds at a slower pace than the reference. In this case, the proce-
dure of Kassidas et al. yields reliable estimates of the reference point onto
which the last point of the new profile must be mapped. 3(c) depicts the
cumulative cost for mapping the second to last point of the new profile onto
each point of the reference (that is, the estimated warping at time t−1). 3(e)
displays the cumulative cost for the last point of the next profile (at time t).
It is evident that the variation of the selected reference point is small during
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Figure 3: Illustration of the performance of Kassidas’ original method for selecting the
reference point onto which the end point of a new profile is mapped. (a,b) Running and
reference profiles for (a) feature-rich part of the running profile and (b) feature-poor part
of the running profile. (c,f) The cumulative cost for mapping the final point of the running
profile to each point of the reference for (c) feature-rich, time t− 1, (d) feature-poor, time
t, (e) feature-rich, time t, (f) feature-poor, time t).
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feature-rich periods of the new profile. This results in stable warping results
and stable quality predictions provided by the inferential sensor.

During feature-poor (for example, constant) episodes in the test pro-
file, the mapping of the end point to the reference profile using Kassidas’
method proves inaccurate, as illustrated in 3(b). Here, measurement noise
masks information about the progress of the current measurement profile,
and the minimum cumulative distance in 5 is heavily influenced by measure-
ment noise. As a consequence, large changes in the selected reference point
from the point obtained by offline alignment are observed at subsequent time
points, and prediction accuracy deteriorates. This is visible in the large jump
in the minimum of the cumulative cost between 3(d) at time t − 1 and 3(f)
at time t. The large differences in the selected reference point at consecu-
tive time points negatively impact the prediction quality and stability of the
inferential sensor.

To eliminate the loss in prediction accuracy and stability during feature-
poor zones, a modification of the original procedure of Kassidas et al. is
proposed here. When a new measurement becomes available, the first step is
to determine if a feature (for example, a peak, a clear increase or decrease)
is occurring. If this is the case, the same technique as in Kassidas et al.
for mapping the end point of the incomplete test profile to the reference is
adopted. If no feature is detected (and the estimated mapping is inaccurate
using the Kassidas et al. approach), the process is assumed to proceed at a
constant pace until the current phase is completed.

First, information contained in the batch recipe is used to estimate the
length of the current phase. Two types of phase changes exist: (iii) time-
driven phase changes, and (ii) event-driven phase changes. Time-driven
changes occur at a specific time indicated in the batch recipe, for exam-
ple, adding extra initiator every 2 hours. Event-driven phase changes happen
when some variables attain a value specified in the batch recipe, for example,
adding initiator when the reactor temperature reaches a specified level.

If the phase change is event-driven, the phase duration is estimated by
assuming the current batch will continue at its current speed. This speed
is either inferred from the partial data, or the occurrence time of the phase
change is estimated directly, for example, based on the initial conditions at
the phase start.

When dealing with time-driven phase changes, the phase is estimated
to end near the time stated in the batch recipe. The true transition time
might deviate from the prescribed time due to operator variability. For a
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well-chosen reference profile, the phase lengths are close to the mean length
of each phase in the training set. Therefore, the estimated end point of the
current measurement profile mest

end and the end point of the reference profile
of the corresponding phase nend are assumed equal.

When the estimated length of the current phase of the running batch
mest

end is available, a path connecting (mt, nprev + 1) and (mest
end, nend) is con-

structed. Here, nprev is the previous matching point provided by the Kassidas
et al. approach and mest

end is the estimated length of the current phase. The
matching point is kept at nend if the length of the monitored phase exceeds
the number of samples of the reference phase.

As long as no feature is detected in the test profile at the following time
samples, this linear path is followed. This corresponds to a simple linear
resampling of the featureless zone, which matches the assumption that the
process continues at a constant pace.

The industrial batch polymerization process studied in this work is a
purely time-driven process: all transitions (for example, initiator shots, cool-
ing) are performed by operators.

2.2.2. Computational Complexity

The cumulative cost matrix Dc and the backtracking matrix B are defined
in a recursive way. Hence, when a new sample of the new profile x becomes
available at time t+1, the results from time t can be reused by adding a single
column to both Dc and B. Only the backtracking between (mt+1, nt+1) and
(1, 1) must be performed again, requiring approximately O(t) operations.

However, because of their definition, two possible warping paths cannot
intersect; they must share the part from the intersection back to the origin
(1, 1). Using this property, it is easy to check during the backtracking process
whether the current estimate of the warping path Pt intersects with a limited
number of previous results. If this is the case, the further evolution of the
warping path is immediately known, without the need for table lookups in
the backtracking matrix B. This drastically reduces the number of required
operations.

In conclusion, the online estimation of the warping path requires O(t)
operations in a worst case scenario, or a nearly constant number of operations
if the warping path does not change considerably between subsequent time
steps.

12



Postprint	  version	  of	  paper	  published	  in	  Ind	  Eng	  Chem	  Res	  2012,	  vol.	  51(17),	  p.	  6071–6084.	  
The	  content	  is	  identical	  to	  the	  published	  paper,	  but	  without	  the	  final	  typesetting	  by	  the	  publisher.	  

Journal	  homepage:	  http://pubs.acs.org/journal/iecred	  
Original	  file	  available	  at:	  http://dx.doi.org/10.1021/ie2019068	  
	  
	  

	  

3. Reactor Model

A black box model is used to describe the relation between the vari-
ous measurements obtained from a batch reactor and the quality parameter.
This model is described in section 3.1. The technique exploited to use a
model trained on measurements of a complete batch run for the estimation
of the final quality using only partially available measurements is detailed in
section 3.2.

3.1. Model Structure

On a chemical (batch) reactor, most measurements are redundant and
highly correlated. Therefore, a multiway partial least squares (MPLS) model,
capable of dealing with this data structure, is used[1, 2, 30, 31].

The data matrix for a batch process is three-dimensional. For a known
history consisting of I batches with J measurement variables per batch and
K samples per measurement variable, this results in an input data matrix X
(I×J×K). In MPLS, an extension of basic PLS[32], this three-dimensional
data matrix is unfolded batch-wise. By placing all K slices of size I×J next
to each other, an unfolded data matrix X (I × JK) is obtained[1, 28]. This
unfolded data matrix X is then used in a standard PLS model. When L
quality variables are measured for each batch, the output matrix Y (I × L)
requires no unfolding.

Before the model is trained, both X and Y are mean centered and normal-
ized to unit variance. This operation linearizes the problem around the aver-
age measurement profile behavior[1, 28]. By using the covariance matrix of
the measurement variable trajectories, MPLS exploits not only the deviation
of each process variable from its mean trajectory, but also the simultaneous
and temporal correlation between each measurement variable[28].

In PLS, a latent variable modeling approach, the input and output spaces
X and Y are projected into low dimensional spaces. This decomposition of
X and Y leads to R latent variables.

X = TPT (+EX)
Y = UQT (+EY)
U = T (+EU)

(6)

The scores matrices T (I × R) and U (I × R) are the low dimensional
approximations of the input and output spaces X and Y. The matrices P
(JK×R) and Q (L×R) are the model weight matrices in input and output

13
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space, respectively, and are identified on the available training data using, for
example, the NIPALS algorithm[32]. The matrices E represent the modeling
errors or residuals.

Because the matrix P is not invertible, a JK × R weight matrix W is
introduced. This matrix has orthonormal columns such that (PTW)−1 is
upper triangular, with ones as diagonal elements. The projection of the
input space X onto the scores space T is then obtained as

T = XW
(
PTW

)−1
. (7)

The regression matrix between the input space X and the scores space T can
easily be identified from this relation.

BXT
4
= W

(
PTW

)−1
. (8)

Using 7, the measurements of a (new) batch can easily be transformed into
a prediction of the output variable Y.

Ŷ = XW
(
PTW

)−1
QT (9)

= XBXTQ
T (10)

3.2. Online Implementation

When using an MPLS model in an online inferential sensor, the final
columns of the input matrix X, corresponding with the future measure-
ment profiles, are unknown. Various solutions for this problem have been
proposed[3, 7, 28, 33, 34], which can be classified into two general method-
ologies.

The first group uses a prediction of the future evolution of the mea-
surement profiles to complete the input matrix X; examples include the zero
deviation (ZD) and constant deviation (CD) approaches. In contrast, the sec-
ond group uses a part of the MPLS model corresponding with the currently
known measurements to estimate the final quality parameter. Approaches
such as known data regression (KDR), trimmed score regression (TSR), sin-
gle component projection (SCP) and projection to the model plane (PMP)
fall into this second group.

Arteaga et al. [34] demonstrated the superior performance of the KDR
and TSR methods. Of these two methods, TSR is employed in this work
because the estimation of the scores is required to compute the fault detection
statistics as described in section 3.4.
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At time t, only the first Jt columns of X are known (denoted by Xt).
With TSR, the final scores matrix T is estimated at time t using the first
Jt columns of the regression matrix BXT and the training data matrix Xtr

(denoted, respectively, by BXT,t and Xtr,t) .

T̂t = XtBXT,t

(
BT

XT,tX
T
tr,tXtr,tBXT,t

)−1
BT

XT,tX
T
tr,tXtrBXT (11)

3.3. Prediction Intervals

When making online predictions, it is important to quantify the uncer-
tainty on the model predictions. Hereto, the prediction interval cY of the
final quality estimate must be computed. Several methods are available to
estimate the prediction interval for MPLS models, ranging from resampling
methods via bootstrapping (for example, Aji et al.[35], Abdi[36]) to ana-
lytical expression based on error propagation (for example, Faber[37–39],
Denham[40], Romera[41]). In this work, the approximation derived by Faber
and Bro [39] is used for its mathematical simplicity, but the inferential sensor
can also be developed using the resampling-based methods.

Faber and Bro [39] state that the standard deviation of the prediction
interval for a new batch can be written as

σPI =

√
MSE

(
1 + T̂new (TT

trTtr)
−1

T̂T
new

)
− V∆y. (12)

MSE =
1

I −R

I∑
i=1

(ŷi − yi)2 (13)

The scores for the training batches are Ttr, and the estimated scores of the
new batch are T̂new. The mean squared error (MSE) is used to quantify the
model accuracy numerically. V∆y is the variance of the quality measurement.
Finally, the estimation and lab measurement of the polymer for each of the
I batches, are ŷi and yi, respectively.

In their work, Faber and Bro mention that the subtraction of V∆y may
lead to a negative σPI. Therefore, a more conservative estimate of the pre-
diction interval is made by setting V∆y to 0. After this simplification, 12
simplifies to the formula used by Nomikos and MacGregor [2].

σPI = RMSE

√
1 + T̂new (TT

trTtr)
−1

T̂T
new (14)
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RMSE =
√

MSE =

√√√√ 1

I −R

I∑
i=1

(ŷi − yi)2 (15)

If the prediction error is Student’s t-distributed (this assumption will
be checked during implementation), the prediction interval with significance
level α for the new batch is, therefore, obtained via

cY,i = τ(I−1,α
2 ) RMSE

√
1 + T̂new (TT

trTtr)
−1

T̂T
new, (16)

with τ(I−1,α/2) the width of the α/2 percentile of Student’s t-distribution with
I − 1 degrees of freedom.

Nomikos and MacGregor use the training RMSE and Ttr in 16. This is
under the assumption that training and validation cases come from identical
distributions. In an industrial setting, however, this assumption does not
necessarily hold. Therefore, cross-validation is used to determine the values
of RMSE and Ttr in this paper.

To extend 16 to online estimates, a full online leave-one-out cross-validation
is performed. This leads to time-evolving values for RMSE and Ttr, which
are then used to construct the prediction interval at each time point for new
batches. This leads to the final, (warped) time-varying expression for the
confidence bounds on the model predictions.

cY,i(t) = τ(I−1,α
2 ) RMSE(t)

√
1 + T̂new,t

(
TT

tr,tTtr,t

)−1
T̂T

new,t (17)

The authors would like to reiterate that 17 is only a conservative ap-
proximation. In this work, 17 will be used to assess the convergence of the
online quality estimate by evaluating the prediction error as a function of
time. Here, the analytical expression for the prediction intervals is used,
but can be easily interchanged with resampling-based methods (for example,
Abdi[36], Aji et al.[35]).

3.4. Detection Of Abnormal Batches

Because the inferential sensor is a black box model, it is expected to
perform poorly for new batches which are significantly different from the
batches in the training set. Therefore, two abnormality statistics (T 2 and
SPE) are used to identify abnormal batches[28].
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3.4.1. T 2 Statistic

The columns of the scores matrix T are uncorrelated by definition and
assumed multivariate normal-distributed. Hence, a simple confidence region
for the scores can be constructed. To improve interpretability, however, the
T 2 statistic is computed as the squared Mahalanobis distance from a batch’s
scores to the origin.

T 2
i (t) = T̂i,tS

−1
T,tT̂

T
i,t (18)

The covariance matrix of the scores at time t, ST,t, is obtained from the
training batches. At each time t, the training batches are considered partially
unknown, and their scores T̂tr,t are estimated using the TSR method. The
covariance of these estimates is ST,t.

Because T 2 is F(R,Itr−R)-distributed, an upper bound uT for T 2 at a spec-
ified tolerance level α is easily obtained[2, 42, 43].

uT =
R(I2

tr − 1)

Itr(Itr −R)
F(R,Itr−R;α) (19)

Here, R is the number of latent variables of the MPLS model, Itr is the
number of training batches, and F(R,Itr−R;α) is the upper critical value of the
F -distribution with R numerator degrees of freedom and Itr−R denominator
degrees of freedom, and tolerance α. As can be seen, all terms in 19 are time-
independent.

Batches exceeding this limit value uT are significantly different from the
batches used during model construction, Quality predictions for these batches
are unreliable and should be discarded.

3.4.2. SPE Statistic

The residuals of a new batch in the input space, EX, express the similarity
between the input X and its projection to the model’s input space TPT .
Because high residual values indicate a large dissimilarity between X and
TPT , they are used to compute the Squared Prediction Error (SPE) statistic.
The SPE is a measure for the reconstruction error at the most current time
point t. This is performed for each time sample for a batch i.

EX,i,t = Xi,t − T̂i,tP
T
t (20)

SPEi(t) =
(
Et

X,i,t

) (
Et

X,i,t

)T
(21)

The matrix Pt contains the columns of the input space weight matrix P
corresponding to the known measurements at time t (that is, the first Jt
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columns of P). The 1 × J matrix Et
X,i,t contains only those entries of EX,i,t

corresponding with the most recent time point t (that is, the last J columns
of EX,i,t).

The SPE is approximately gχ2(k)-distributed with mean gk and variance
g2k[2, 28, 44]. The time-varying parameters g and k are estimated using the
mean and standard deviation of the SPE for the training batches at each
time t, respectively µSPE(t) and σSPE(t), by matching the observed moments
of the distribution.

g(t) =
σ2

SPE(t)

2µSPE(t)
(22)

k(t) =
2µ2

SPE(t)

σSPE(t)
(23)

Hence, time-varying upper limit uSPE(t) of the SPE is obtained.

uSPE(t) = g(t) χ2 (k(t);α) (24)

Here, χ2 (k(t);α) is the upper critical value of the χ2-distribution with k(t)
degrees of freedom and tolerance level α.

4. Inferential Sensor

With the combination of the online data alignment and reactor model im-
plementations, the inferential sensor is obtained. A schematic representation
of the different steps in the identification and use of the sensor is provided
in 4. For the running phase, the online HDDTW algorithm detailed in sec-
tion 2.2 is used to provide an estimated warping path after each sample.
Once a specific batch phase is completed, a full HDDTW alignment can be
performed, and a final warping is obtained for the completed phase. Next,
the aligned measurement profiles are obtained using the combined warping
paths for each individual batch phase.

While the online HDDTW algorithm requires at most O(t) operations,
computations slow down as time progresses. However, because the online
HDDTW estimation is only performed for the currently running batch phase,
the time required to obtain a final product viscosity estimate is reset when-
ever a new batch phase is started.
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5. Industrial Batch Polymerization Process

An industrial batch polymerization process is studied in this work. A
schematic view of the industrial batch reactor is shown in 5. At the start
of the production process, approximately half of the raw materials (mainly
monomer, solvent, and initiator) stored in the premix vessel (P) are fed into
the batch reactor (R) in a first loading step. Next, the reactor is heated by
circulating hot water through the spiral (S). The polymerization starts when
the initiator present in the reactor activates at a temperature Tact. Shortly
after the start of the reaction, the second part of the premixer content is
added to the reactor in the second loading step. During the production run,
the reaction heat causes some of the solvent to evaporate. These gases are
cooled and condensed in the top cooler (C). A negligible uncondensed vapor
fraction is bled through the vent (V), while the liquid fraction is recirculated
to the reactor. Approximately 2, 4, and 6 h after the start of the poly-
merization reaction, new initiator material is added manually to the reactor
to compensate for initiator inactivation and to maintain a sufficiently high
reaction rate. Finally, about 8 h after the start of the reaction, the polymer-
ization reaction is terminated by cooling down the reactor, after which it is
emptied.

During the batch process, 30 sensors record temperature, pressure, and
flow rate at various positions, with samples taken in 15-second intervals. This
results in approximately 2000 samples for every sensor during a complete
batch run.

For each completed batch, offline lab analyses are used to verify the (final)
polymer viscosity, which has upper and lower specification limits. While a
large collection of historical measurements is available, the majority cannot
be used for statistical analysis because of a too high compression ratio before
measurement storage (a problem also reported by Kourti et al. [45], Thornhill
et al. [46], and Imtiaz et al. [47]). For other batches, viscosity measurements
are missing. As a result, 72 batches are available for model identification. At
a later stage, 10 new batches were run for model validation.

From the measurement data, four phases can be clearly identified in each
batch. A schematic overview of the batch recipe events and the final four
identified batch phases is provided in 6. The start of the first phase coincides
with the start of the polymerization reaction. Because the initiator is acti-
vated thermally, the reaction starts when the reactor temperature exceeds
a specific threshold. The first batch phase lasts until the start of the sec-
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Figure 5: Schematic view of the industrial batch reactor, consisting of a premixer (P),
reactor (R), condenser (C), cooling or heating spiral (S) and gas vent (V).

ond loading phase, after which the second batch phase starts. The end of
the second feeding step would be a logical choice for the end of the second
batch phase. However, the feed rate signal differs significantly from its set
point at the end of the second feeding step. This makes the unambiguous
determination of the end point impossible. Therefore, this event cannot be
used to mark the end of the second phase. The next event in the recipe is
the second initiator shot, occurring approximately 2 h after the start of the
polymerization reaction. However, the initiator shot is not observed in the
temperature measurements of all batches, making this event also useless to
mark the end of the second batch phase. The subsequent initiator shots can
be clearly identified from the temperature measurements. Therefore, these
events are used to mark the next batch phases.

The final result is that the following four phases are retained: (i) from
the detection of the polymerization reaction until the start of the second
feeding phase, (ii) from the start of the second feeding phase until the second
initiator shot, 4 h after the reaction detection, (iii) between the second and
third initiator shots, and (iv) from the third initiator shot until the start
of the reactor cooling. The first phase lasts only a few minutes, while the
second batch phase lasts approximately 4 h. Each of the following two batch
phases take about 2 h to complete.
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Figure 6: Schematic overview of the batch recipe events and the four identified batch
phases.

6. Practical Implementation

Some features of the inferential sensor described in section 4 require spe-
cific tuning to the chemical batch process modelled in this work. In section 6.1
and section 6.2, some remarks concerning the online identification of the vari-
ous batch phases and online HDDTW alignment are made. Section 6.3 details
the specific parameters of the MPLS model. The determination of confidence
intervals for the model prediction is discussed in section 3.3 and 3.4. Finally,
the computational requirements of the inferential sensor are discussed in 6.4.

6.1. Online Batch Phase Transition

The identification of the transition points between the batch phases, re-
quired for the online data alignment, is also performed online. However, this
identification is not instantaneous for the second and third initiator shot:
once a candidate transition point for phase m, t∗m, is detected, about extra
40 samples are required for the identification of the true transition point tm,
and the batch phase transition is identified with a small delay.

In all but a few batches, the true phase transition is located near the
start of the interval [t∗m, t

∗
m+40]. As can be seen in 7, the vapor temperature

exhibits a sharp drop at the start of the third and fourth batch phase, differing
significantly from the profiles at the end of the second and third batch phase,
respectively. Including these large temperature drops in the online estimation
of the, still running, previous batch phase would cause severe distortions of
the model predictions. Hence, no model predictions are made during these
small transition phases.

6.2. HDDTW Parameters

Because no suitable indicator variables are present in the measurements,
HDDTW is used for data alignment. The vapor temperature at the entrance
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Figure 7: Aligned vapor temperature profiles at the entrance of the top cooler for all
training batches for the four batch phases.

of the top cooler is selected as the aligning variable in the HDDTW algo-
rithm based on two criteria. First, the vapor temperature is not a controlled
variable. Hence, its evolution is the result of the polymerization reaction
and not -directly- of control actions. As a result, it contains information on
the batch progress. The second criterion is that it features the temperature
drops (that is, process features) prominently. The reference profile for this
variable is obtained from a typical batch operation run. As can be seen in 7,
the vapor temperature is nonmonotonous; a simple IV alignment cannot be
used for aligning the measurement profiles. The width of the linear approxi-
mation windows and Sakoe-Chiba adjustment window for each batch phase
are determined based on expert knowledge concerning typical measurement
noise and batch speeds.

All phase transitions are effected by operators, therefore the methodology
for a time-driven process explained in 2.2.1 is employed. The vapor tempera-
ture profiles shown in 7, consist of a sequence of temperature drops and zones
of nearly constant temperature. If the vapor temperature is 10 ◦C or more
below the activation temperature Tact as indicated by the horizontal solid
line in 7, a feature is considered detected and the standard methodology of
Kassidas et al. is applied. Otherwise, the current progress is estimated based
on information contained in the batch recipe as detailed in 2.2.1.
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6.3. MPLS Parameters

After offline alignment of the available measurement signals for each batch
run, the optimal input variables for an order of the MPLS model are identi-
fied on the training data set. Hereto, a forward branch and bound approach
is combined with 10-fold cross-validation. First a single-input MPLS model
is trained and crossvalidated on each of the 31 available input profiles. The
input of the MPLS model with the best cross-validation performance is re-
tained and combined with each other available input, resulting in 30 input
pairs. Next, a two-input MPLS model is trained on each pair, and the in-
puts of the model with the best cross-validation is again retained. This is
repeated until all 31 input signals are ranked from most to least important.
The optimal input set is the set of inputs corresponding with the MPLS
model with the lowest cross-validation error. For a more detailed description
of the selection procedure, the reader is referred to Gins et al. [48].

The optimal input set for the industrial polymerization consists of (i)
the reactor temperature, (ii) the vapor temperature in the reactor, and (iii)
the vapor temperature at the entrance of the top cooler. For these inputs,
a MPLS model with four latent variables yields the best cross-validation
performance. The weights of the MPLS model are then identified on all 72
batch runs.

6.4. Computational Requirements

The inferential sensor is implemented in MATLABr 7.8 (The Math-
Works, Inc., Natick, MA), and tested on a computer equipped with an Intelr

CoreTM2 Quad Q9550 2.83 GHz processor and 2×2 GB RAM. Even near the
end of the second batch phase, the final quality estimate is updated (includ-
ing graphical representation) in approximately 0.2 seconds, well before the
next measurement sample becomes available.

7. Results

To assess the performance of the inferential sensor, the final product
quality is estimated at each time step using the inferential sensor, both for
the training and validation batches. First, the accuracy of the final estimate
is investigated in section 7.1. Next, the convergence of the estimate towards
the final model prediction is discussed in section 7.2 and section 7.3.
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Table 1: Offline model performance during training and cross-validation.

RMSE R2

Training 0.4192 90.92%
Cross-validation 0.5364 84.64%
Validation 0.5757 85.99%

7.1. Offline Quality Prediction

While the model prediction can converge to its final value very quickly,
the performance of the inferential sensor is also determined by the quality of
this final model prediction. Therefore, the accuracy of the offline quality es-
timates is investigated. The identified MPLS model is capable of accurately
predicting the viscosity measurements when complete measurement profiles
(and offline alignment results) are available. This is evidenced by 8(c), where
a good similarity between model predictions and lab measurements is ob-
served both during training (left) and validation (right). 1 lists the model
performance (RMSE and R2) for training, validation, and cross-validation.
The small difference between validation and cross-validation again indicates
a good model performance.

7.2. Pseudo-Online Quality Prediction With Offline HDDTW

The online inferential sensor combines TSR with online HDDTW. To
correctly assess the performance of the proposed online HDDTW algorithm,
it is first checked whether the identified MPLS model is capable of accurately
predicting the final quality online if perfect alignment results are available.
In this case, only TSR influences the pseudo-online quality estimates. The
pseudo-online performance of the inferential sensor is expected to be an upper
bound for the true online inferential sensor; a poor estimation performance
in this best-case scenario would also be reflected in the stability and accuracy
of online HDDTW.

Therefore, the offline alignment results are first used to obtain a pseudo-
online estimate of the final quality. This corresponds to a best-case situation
where the online and offline alignments are always in perfect agreement,
that is, when the estimation of the final point of the warping path is always
correct.

8 compares the offline lab measurements of the polymer viscosity with
the available model predictions after the completion of each of the final three
batch phases for both training and validation batches. As can be seen, a

25



Postprint	  version	  of	  paper	  published	  in	  Ind	  Eng	  Chem	  Res	  2012,	  vol.	  51(17),	  p.	  6071–6084.	  
The	  content	  is	  identical	  to	  the	  published	  paper,	  but	  without	  the	  final	  typesetting	  by	  the	  publisher.	  

Journal	  homepage:	  http://pubs.acs.org/journal/iecred	  
Original	  file	  available	  at:	  http://dx.doi.org/10.1021/ie2019068	  
	  
	  

	  

Table 2: Comparison of training, validation and cross-validation RMSE after completion
of each batch phase.

Batch Training Cross-validation Validation
progress RMSE R2 RMSE R2 RMSE R2

50% 0.4770 88.07% 0.6460 76.77% 0.6214 81.30%
75% 0.4410 89.90% 0.5812 81.68% 0.5800 84.38%
100% 0.4192 90.92% 0.5364 84.64% 0.5757 85.99%

good approximation of the measured viscosities is already obtained after the
second batch phase, approximately halfway through the batch. This indicates
that the initial stages of the batch largely determine the final quality. The
end phase of the batch has a smaller influence on the total quality. This
corresponds with the chemical background of the process: maintaining a
correct reaction rate at the start of the batch is important for the final
viscosity. If the initial reaction rate is too high, too many short polymer
chains are formed and the final viscosity is too low. If the reaction rate is too
low, on the other hand, many long polymer chains will be formed. This will
result in a very high final viscosity. Near the end of the batch, the reaction
rate has a smaller influence on the final viscosity because the polymer already
has a length in the correct range. This observation leads to the conclusion
that the MPLS model correctly captures the underlying chemical phenomena
of the polymerization.

The results are summarized in 2 for both training and validation sets. As
expected, the results for the offline model and full online model are identical,
as both take complete measurement profiles as inputs. The good agreement
between cross-validation and validation RMSE values leads to the conclusion
that the inferential sensor accurately predicts the final polymer viscosity for
new batches.

The accuracy of the pseudo-online quality estimate is assessed via (conser-
vative estimation of) the prediction intervals. The dominating factor in the
width of the prediction interval is the RMSE (see section 3.3). 9 depicts the
evolution over time of the RMSE for the training batches in cross-validation.
As can be expected, the width of the prediction interval decreases as the
batch nears completion. Starting from approximately 50% warped batch
progress, the prediction interval is near its final width, indicating that reli-
able predictions are available after less than 4.5 h of batch operation, more
than 4 h before lab measurements.
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Figure 8: Comparison of the model prediction and the lab measurement of the polymer
viscosity. For training (left) and validation sets (right) (a) after the second batch phase,
(b) after the third batch phase, and (c) after batch completion.

27



Postprint	  version	  of	  paper	  published	  in	  Ind	  Eng	  Chem	  Res	  2012,	  vol.	  51(17),	  p.	  6071–6084.	  
The	  content	  is	  identical	  to	  the	  published	  paper,	  but	  without	  the	  final	  typesetting	  by	  the	  publisher.	  

Journal	  homepage:	  http://pubs.acs.org/journal/iecred	  
Original	  file	  available	  at:	  http://dx.doi.org/10.1021/ie2019068	  
	  
	  

	  

0% 20% 40% 60% 80% 100%0

0.2

0.4

0.6

0.8

1

Batch progress

R
M
SE

Figure 9: Evolution of the RMSE in cross-validation.

These results lead to the conclusion that the developed MPLS model
provides accurate estimates of the final batch quality if perfect alignment
results were available.

7.3. Online Quality Prediction With Online HDDTW

When using the online inferential sensor to predict the final product qual-
ity, it is important that the model predictions converge to their final value as
quickly as possible. The correct alignment of the partial profile is critical for
a quick and smooth convergence. If the online alignment varies considerably
between subsequent time points or deviates largely from the alignment that
would be obtained in offline mode, the inferential sensor’s stability and accu-
racy are seriously hampered. In this section, the alignment performance and
its influence on the inferential sensor’s online quality prediction is discussed.

7.3.1. Deviation From True Warping End Point

In 2.2.1, a new method for matching the end point of the current par-
tial profile with the reference profile was proposed as an alternative to the
approach of Kassidas et al.. 10 depicts the mean sample distance between
the matching point of the partial profile and the matching point that would
be obtained after alignment of the complete profile for Kassidas et al.’s ap-
proach (– –) and the new approach detailed in 2.2.1 (—). It is clear from
10 that the new approach exhibits an increased stability and overall lower
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Figure 10: Mean value of the absolute deviation from the offline matching point using the
original approach of Kassidas et al. [12] (– –) and using the new method explained in 2.2.1
(—).

deviation from the offline alignment compared to Kassidas et al.’s approach.
This especially rings true during the feature-poor zones at the end of each
phase.

7.3.2. Deviation From Final Quality Estimate

To further study the performance difference between the method of Kas-
sidas et al. and the method detailed in 2.2.1, for each batch of the training
set the point in time is determined from which on the deviation from the
final quality prediction does not exceed a specified tolerance level. Next, the
number of batches having reached this accuracy level as a function of time is
investigated. The results are depicted in 11(a) and (b) for a tolerated relative
deviation of 5% and 10%, respectively.

Near the end of the second batch phase, which corresponds with 40-55%
batch progress, the difference in prediction accuracy between the method
of Kassidas et al. and the methodology described in 2.2.1 is significant. At
50% completion, approximately 96% of the training batches are within 10%
of their final predicted polymer viscosity as compared to 86% when using
Kassidas’ method. At that same time, 67% of the training batches show
no deviation from their final prediction larger than 5% for the remainder
of the batch operation. Using the Kassidas et al. approach, in only 48% of

29



Postprint	  version	  of	  paper	  published	  in	  Ind	  Eng	  Chem	  Res	  2012,	  vol.	  51(17),	  p.	  6071–6084.	  
The	  content	  is	  identical	  to	  the	  published	  paper,	  but	  without	  the	  final	  typesetting	  by	  the	  publisher.	  

Journal	  homepage:	  http://pubs.acs.org/journal/iecred	  
Original	  file	  available	  at:	  http://dx.doi.org/10.1021/ie2019068	  
	  
	  

	  

0% 20% 40% 60% 80% 100%0%

10%

20%

30%

40%

50%

60%

70%

80%

90%

100%

Batch progress

Ba
tc

he
s 

w
ith

 d
ev

ia
tio

n 
< 

5%

(a)

0% 20% 40% 60% 80% 100%0%

10%

20%

30%

40%

50%

60%

70%

80%

90%

100%

Batch progress

Ba
tc

he
s 

w
ith

 d
ev

ia
tio

n 
< 

10
%

(b)

Figure 11: Number of training batches having a relative deviation from the final quality
prediction less than or equal to (a) 5% or (b) 10% beyond a specific batch progress. The
dashed (– –) and solid (—) curves represent the prediction accuracy performance using
the approach of Kassidas et al. and the method described in 2.2.1, respectively.

the batches the final quality prediction exhibits a relative deviation smaller
than 5%. The relative deviation is higher as a consequence of mismatch
between the end point of the online profile and the progress in the reference
profile during the feature-poor period at the end of the second phase. At
the beginning of the third batch phase, the relative deviation of the final
prediction using the method ofKassidas et al. drops sharply for all batches
and approaches the performance of the new method in 2.2.1. After 60%
batch completion, a maximum deviation of 10% is observed in 98% of the
training batches, and 88% of the training batches deviate no more than 5%
from their final prediction value for each method.

For the validation set, all batches are located in a 10% accuracy interval
around their final prediction values after 50% of the batch process for both
methods. In addition, 50% of the batches have already reached the 5% toler-
ance level. After 60% of the batch operation, 80% of the validation batches
show a deviation from their final prediction no larger than 5%. Finally, in the
final 20% of the batch production, no validation batch exhibits a deviation
from its final prediction larger than 5%.

7.3.3. Reliability Of Online Estimates

The validation set might include batches which have a significant differ-
ence from the batches present in the training data set. Therefore, the two
fault detection statistics (T 2 and SPE) for each validation batch are com-
puted and compared with their respective control limits. 12 illustrates the
evolution of the T 2 for each of the validation batches. The SPE has a similar

30



Postprint	  version	  of	  paper	  published	  in	  Ind	  Eng	  Chem	  Res	  2012,	  vol.	  51(17),	  p.	  6071–6084.	  
The	  content	  is	  identical	  to	  the	  published	  paper,	  but	  without	  the	  final	  typesetting	  by	  the	  publisher.	  

Journal	  homepage:	  http://pubs.acs.org/journal/iecred	  
Original	  file	  available	  at:	  http://dx.doi.org/10.1021/ie2019068	  
	  
	  

	  

0% 20% 40% 60% 80% 100%0

5

10

15

20

Batch progress

T2

Figure 12: Input space residuals T 2 for the validation batches as a function of batch
progress. The dashed (- -) and dotted (· · · ) lines represent the 99% and 99.9% confidence
intervals, respectively.

evolution.
From these plots, it is clear that none of the batches exceeds the 99% con-

fidence bounds for any statistic after an initial startup phenomenon. There-
fore, the model predictions of all validation batches are considered reliable.

13 depicts the centered and rescaled predicted final product quality over
the course of a complete production run for two training batches using the
new approach of 2.2.1. 13(a) is representative for most of the training
batches. For some batches, the behavior illustrated in 13(b) is observed.
As can be seen, a very good prediction of the final polymer viscosity is ob-
tained well before the batch’s completion. The relative smoothness of the
profiles indicates small variations in the warping path between subsequent
time instances.

Similar results are observed for the validation batches, which indicates
a good validation behavior of the inferential sensor, which provides stable,
nonerratic predictions of the product quality.

The good agreement with the values observed on the training data set
again suggests a very good validation of the inferential sensor. The inferential
sensor can therefore be used to obtain estimates of the final product quality
well before batch completion.
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Figure 13: The evolution of the predicted final quality and its 95% confidence interval
(—) during batch progression for two training batches, compared with the final lab quality
measurement (– –).

7.4. Validation Conclusions

Based on the good validation results obtained in section 7.1 through sec-
tion 7.3, it is concluded that the developed inferential sensor is capable of
quickly and accurately predicting the final polymer viscosity of the considered
batch process. The proposed online HDDTW scheme yields more accurate
predictions than the original scheme proposed by Kassidas et al..

8. Application To Other Processes

While the inferential sensor presented in this work is tuned to the specific
batch process detailed in section 5, it is easily adapted to other (bio)chemical
batch processes.

Expert knowledge is only used in the identification of relevant phases
and corresponding HDDTW constraint parameters (such as, for example,
the width of the Sakoe-Chiba adjustment window wc). Even so, a detailed
description of the production process often suffices to extract this information
from the data.

The MPLS model weights, prediction intervals for the model predictions
and fault detection statistics, detailed in section 6.3, section 3.3, and sec-
tion 3.4, respectively, are obtained using standard model training and val-
idation techniques. No expert knowledge is required, and these procedures
can easily be applied to other (bio)chemical processes.
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9. Conclusions

A novel online hybrid derivative dynamic time warping algorithm was
proposed is this paper. The proposed technique combines the warping of
flexibility of derivative dynamic time warping with the robustness against
noise of correlation optimized warping by dynamically changing the warping
resolution. Furthermore, a modification of the method of Kassidas et al. for
online estimation of the data alignment was presented to reduce the impact
of measurement noise and improve the stability of the results.

The presented online hybrid derivative dynamic time warping was used
in the construction of an inferential sensor with the goal of quickly and accu-
rately predicting the final product quality of a batch polymerization process.
It was combined with a black box multiway partial least squares model of
the polymerization reaction taking place inside the reactor. Using three on-
line temperature measurements available on the chemical batch reactor (that
is, (i) the reactor temperature, (ii) the vapor temperature inside the reac-
tor, and (iii) the temperature of the vapor at the inlet of the top cooler) as
inputs, the final polymer viscosity is estimated online. Concurrent to the
model predictions, the reliability of the inferential sensor is provided using
T 2 and SPE fault detection statistics.

Results indicate a significant improvement in stability of the final quality
estimates with the proposed online hybrid derivative dynamic time warping
in comparison with the original approach of Kassidas et al.. Next, it was
shown that the inferential sensor is capable of predicting the final polymer
viscosity quickly and accurately once a completion between 50% and 60% is
reached, well before lab measurements become available. This early predic-
tion of the final polymer viscosity will result in fewer off-spec batches being
produced, saving valuable production time, lowering operational costs and
reducing waste material and energy.
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