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Introduction

Batch processes play an important role in many industries
for flexible manufacturing of high value-added products. On-
line monitoring of batch processes is of critical importance in
ensuring operation safety and quality consistency. Multivariate
statistical methods for continuous processes, such as principal
component analysis (PCA) and partial least square (PLS), have
been extended to batch process monitoring with some suc-
cesses, for example, multiway PCA/PLS,!? hierarchical
PCA,3>* and stage-based sub PCA modeling method.>

The above PCA- or PLS-based monitoring methods have
been originally developed for concerning with static rather than
dynamic relationships among process variables. These methods
require implicitly a statistical assumption of batch indepen-
dence, that is, the variation in the trajectories among the his-
torical reference batches are purely common-caused variation.!
Batch processes, however, are inherently dynamic processes.
Dynamic behaviors may exist not only within a batch run, but
also from batch to batch. For example, in injection molding,
variations in materials and slowly-changing conditions such as
mold temperature can change process characteristics, that is,
process dynamics, in both time and batch-to-batch sense. Two
batch dynamics, namely within-batch dynamics and batch-to-
batch dynamics, are needed to describe such processes. In
general, a batch process involves both within-batch and batch-
to-batch dynamics at the same time. It is desirable to develop
a batch process monitoring scheme that can capture both with-
in-batch and batch-to-batch dynamics simultaneously.
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We propose to do so by representing a batch process in a
two-dimensional (2-D) space. Process data are double indexed
by the sampling time within a batch, and the batch number of
successive batch runs. 2-D dynamic modeling techniques that
have been well developed for digital data filtering and image
processing, can, therefore, be adopted for the modeling and
monitoring of batch processes. This article demonstrates, for
the first time, the feasibility of such a modeling. A novel batch
monitoring scheme, a 2-D dynamic principal component anal-
ysis (2-D-DPCA), is proposed to model and monitor simulta-
neously the time- and batch-wise dynamics.

There exist several methods extending 1-D dynamic model-
ing methods for capturing batch dynamics: batch dynamic
principal component analysis (BDPCA)® which concerns only
with within-batch dynamics, the method of incorporating mul-
tiway PCA/PLS model with prior batch information for cap-
turing batch-to-batch dynamics,” and subspace identification
using a lifted state-space model.® Compared with these meth-
ods, the proposed 2-D-DPCA is a truly 2-D model; it can
capture both within-batch and batch-to-batch dynamics at the
same time using a parsimonious model structure; and online
implementation of 2-D-DPCA is much easier. Simulations
show that the proposed 2-D-DPCA based batch monitoring can
be very effective for detecting even small changes in correla-
tion or process drifts.

2-D dynamic PCA

2-D dynamic modeling has been originally developed for
data filtering and image processing. 2-D dynamic model struc-
tures can be categorized into two groups: 2-D state-space
models by Roesser® and Fornasini and Marchesini'®!'! and
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Figure 1. 2-D representation of batch process data.

lagged regression models such as 2-D auto-regressive (AR),
moving average (MA), or autoregressive moving average
(ARMA) models. 2-D AR model structure is selected in this
article for augmenting process data to include lagged measure-
ments in time and batch directions. PCA is then applied on the
2-D augmented data matrix for capturing auto-correlations in
the two directions, and cross-correlations of process variables.
We name this approach as 2-D dynamic principal component
analysis (2-D-DPCA).

Consider process data generated by / number of successive
batchs, J variables and K sampling intervals. Let x;(1, k) be
process measurement of variable j at sampling interval k in
batchruni i =1,....,Lj=1,....,J; k=1,...,K),
which can be arranged in a 2-D field with two directions i and
J standing for batch and time, respectively, as illustrated in
Figure 1.

In the case of the batch process with 2-D dynamics, the
current values of the variables x;(i, k) will depend on not only
the past values in time direction, x;(i, k — 1), x;(i, k —
2) ... x;(i, k — n); but the past values in batch direction,
x(i = 1, k), x;(i =2, k)...x;(i — m, k), and even in the
cross direction, x;(i — 1, k — 1) ... x;(i — m, k — n), where
m and n are the autoregressive orders in the two directions. We
define the region covering the above lagged values as region of
support (ROS), as shown in Figure 1. For statistical monitoring
of the 2-D dynamic batch process, PCA can be applied to an
augmented data matrix defined below to extract simultaneously
2-D auto-correlated and cross-correlated relationships

X =| Xy (1)

where
X = [x( k), x((, k= 1), ..., x(t, k—n+ 1), x( — 1, k), x(i
—Lk=1D,....x((—1,k—n+1),...,x(i—m
+ L,xG—m+1,k—=1),...,x(—m+1,
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k—n+ DIx@ k) =[x k), ..., x50k, ....x0(0 k)]

The dimension of the 2-D augmented matrix X is (I — m +
I)(K — n + 1) X mnJ. Its columns are composed of the
current measurements x(i, k), and the lagged process measure-
ments in its ROS. PCA on X can be formulated by

t(i, k) = X; P 2

where P is the loading matrix with dimensions of (mnJ X A),
A is the number of retained principal components, and t(i, k)
is the vector of principal component scores at sampling interval
k of bath run i. The reconstructed process data by PCA and the
corresponding residuals are computed, respectively, by

(i, k) = t(i, k) Py, (3)
e(i, k) = x(i, k) — &(i, k) “4)

where P, is the first J rows of P, that is, the loadings for x(i,
k). The above modeling procedure, Eq. 2—4, is named 2-D-
DPCA method, which can be directly used for the following
online batch monitoring.

Two important parameters need to be determined in 2-D-
DPCA: 2-D autoregressive orders (m, n), and the number of
retained principal components A. Implicitly, the 2-D-DPCA
may be considered as an equivalent to a multivariate 2-D-AR
model; therefore, order estimation methods for 2-D-AR models
can be borrowed for the determination of the 2-D autoregres-
sive orders (m, n). Most well-known 1-D model order deter-
mination methods, such as Akaike information criterion (AIC),
minimum descriptive length (MDL) and minimum eigenvalue
(MEV), have been extended for the order estimation for 2-D
AR models.'? In this article, 2-D-AIC is selected, as it is simple
and effective even for processes with significant cross-correla-
tions. The order pair consisting of the maximum in the two
directions is selected as the 2-D autoregressive orders of 2-D-
DPCA. As for the number of principal components to be
retained in 2-D-DPCA, cross-validation method!? can be di-
rectly used.

2-D-DPCA based batch process monitoring

In the earlier 2-D-DPCA modeling, with a proper 2-D or-
ders, and a proper number of principal components retained,
the transformed principal component scores can extract all
linear auto- and cross-correlated relationships in process data.
The 77 statistic, calculated from the principal component
scores, are not independent in time- and batch-to-batch sense,
which violates the statistical assumption for process monitor-
ing. The residuals obtained by 2-D-DPCA modeling, however,
are independent in time series and batch runs. This provides a
basis for the statistical monitoring based on the squared pre-
diction error (SPE). A monitoring scheme based on SPE in
residual subspace is proposed for 2-D dynamic batch pro-
cesses. SPE value at sampling interval k& of batch run i is
calculated by

SPE;,=e(i,k)-ei, k)", (i=1,....Lk=1,....,K) (5
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Figure 2. Residuals, histograms, and autocorrelation
coefficients produced by the proposed 2-D-
DPCA modeling for a normal batch.

Online monitoring based on 2-D-DPCA is conducted in a way
similar to the traditional PCA-based methods. First, the control
limits of SPE are estimated from the reference data. Adopting
the works of Jackson and Mudholkar,!4 the distribution of SPE
can be approximately described by a weighted Chi-squared
distribution, gxZ, where the weight g, and the freedom degree
h can be obtained following the approach of Nomikos and
MacGregor.! That is, g and & at sampling interval k are
estimated from SPE, = {SPE, ;, SPE, ,, ..., SPE;}, g, =
v/ 2m, and h, = 2(m,)*/v,, where m, is the average of SPE,,
and v, is the corresponding variance. The control limits of SPE
with confidence level « at sampling time k can be approxi-
mated by

SPE, ., = (vk/zmk)Xg(mk)Z/w(,a (6)

Online monitoring can be conducted by judging whether or not
the Q-statistic of the coming measurements in an evolving
batch is below the control limits. A significant Q-statistic
indicates confidently a process abnormality. The contribution
plot,’> a commonly-used and effective diagnosis tool in PCA-
based methods, can be directly used to diagnose the abnormal-
ities in the proposed 2-D-DPCA based method.

lllustration
2-D-DPCA modeling

The proposed 2-D-DPCA based process monitoring is tested
with a batch process having the following 2-D dynamics

x,(i, k) =0.8%x,(i — 1, k) +0.5%x,(i, k — 1)
—033*x(i — 1, k—1) +w,
X(i, k) = 0.44%x,(i — 1, k) + 0.67*x,(i, k — 1)
—0.11*x,(i = 1, k— 1) + w,
x5(i, k) = 0.65%x,(i, k) + 0.35%x,(i, k) + ws
x4(i, k) = —1.26%x,(i, k) + 0.33%x,(i, k) + w, @)

where x,; and x, are two independent signals; x5 and x, are
linear combinations of x; and x,; w; (j = 1, 2, 3, 4) are
Gaussian random variables with variance 0.01. For the first
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batch, the trajectories of x, and x, are initialized by two 1-D
first-order dynamic signals. For the first sample of each batch,
the values of x, and x, are set as x,(i, 1) = x;,(i — 1, 1) +
w; and x,(i, 1) = x,(i — 1, 1) + w,. There are totally 100
batch runs with 200 samples in each batch, that is, / = 100,
J =4, and K = 200.

The 2-D autoregressive orders of the four variables are all
determined as (1, 1) by 2-D AIC method, therefore, the 2-D
augmented data vector for principal component analysis con-
sists of [x(i, k), x(i, k — 1), x(i — 1, k), x(i — 1, k — 1)],
where x(i, k) = [x,(i, k), x,(i, k), x3(i, k), x,(i, k)].
Cross-validation algorithm indicates that four of sixteen prin-
cipal components should be retained in the 2-D-DPCA model,
which can extract over 99 percent of variation in the reference
data. Figure 2 shows the residuals of an arbitrarily selected
batch run, the corresponding histograms with superimposed
fitted normal density, and the autocorrelation coefficients of the
residuals. It is clear that the residuals after a proper 2-D-DPCA
modeling are nearly pure noise, indicating the effectiveness of
the method in extracting the dynamic correlations. The statis-
tical assumption of both time and batch independence are
satisfied. The values of SPE for normal batch data are then
confidently described by a weighted chi-square distribution,
providing a reference distribution of normal batch operation
against which future batches can be compared for process
monitoring.

2-D-DPCA based batch monitoring

To test the effectiveness of the proposed method, two groups
of faulty batches are generated to simulate a change in corre-
lation structure and a small process drift, respectively.

The first fault is simulated by changing correlation structure.
Variable x, is changed to the following from batch 61

(i, k) = 0.67%x,(i — 1, k) + 0.8%x,(i, k — 1)
—047%x,(i — 1, k— 1) + w¥ (8)
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Figure 3. Faulty trajectories of variable x, with changed
correlation structure.
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Figure 4. Offline batch-to-batch monitoring of the pro-
cess for a changed correlation structure from
batch 61 by MPCA.

Despite the significant change in the 2-D autoregressive pa-
rameters for x,, the numerical differences between the new and
normal x,, however, only become significant after 5-10 batch
runs later, as shown in Figure 3. Prompt detection of this fault
is a challenge for MPCA-based batch monitoring methods.
Figure 4 shows the offline batch-to-batch monitoring result
using the MPCA model incorporated with batch-to-batch in-
formation.” The fault can be detected only after batch 82 by
SPE monitoring chart, 22 batches after the occurrence of the
fault. The proposed 2-D-DPCA based method, however, can
detect the fault without any delay, as shown in Figure 5. This
prompt fault detection is attributed to the inherent advantages
of the proposed 2-D-DPCA model, as it can model autocorre-
lation in time and batch at the same time, and the cross-
correlation among process variables can be also effectively
modeled. Any change of correlation (auto- or cross-) in process
data will make the 2-D-DPCA model fail to explain the
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Figure 6. Offline batch-to-batch monitoring of the pro-
cess for a small process drift from batch 61 by
MPCA.

changed correlations, the unexplained information will then
make Q-statistic significant and excess the control limits.

The second group of faulty batches are generated to simulate
a small process drift on variable x, from batch 61 by adding a
signal that increases slowly with time and batch. Figures 6 and
7 show the monitoring results by MPCA model incorporated
with prior batch information and 2-D-DPCA methods, respec-
tively. Similarly, MPCA-based method has a significant delay
of 9 batches in fault detection; while the proposed 2-D-DPCA
based batch monitoring scheme can detect it immediately in
batch 61. From Figure 7, the SPE values are increasing slowly
with time and batch, implying that the fault is a small process
drift.

The above simulations show that the proposed 2-D-DPCA
based batch monitoring is effective and sensitive for the detec-
tion of changes in correlation structures or small drift signals.

]
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Figure 5. Online monitoring of the process for a

changed correlation structure by 2-D-DPCA.
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Conclusions

Motivated by developing models to capture batch dynamics
both in time and batch sense, a 2-D-DPCA modeling has been
proposed for online batch process monitoring. Firstly, process
data is augmented to include lagged measurements in both time
and batch directions. PCA is then applied on the 2-D aug-
mented data matrix to capture not only cross-correlations of
process variables, but also autocorrelations in both time and
batch directions. It is shown that the proposed 2-D-DPCA
model can extract all correlated relationships in process data;
while the residuals can provide an effective statistical basis for
online monitoring of 2-D dynamic batch processes.
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