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Prediction accuracy and model interpretation are two important aspects with regard to regression models. In the field of sta-
tistical modeling of chemical batch processes, most research focuses on prediction accuracy, while the importance of the lat-
ter aspect is often overlooked. In multiphase batch processes, it is possible that only a few phases are relevant to certain
quality indices, while different time points belonging to the same relevant phase usually have similar contribution to the
quality. The regression coefficients of batch process model should reflect such process characteristics, that is, the coefficients
corresponding to the irrelevant phases should be close to zero, while the coefficients of each variable within the same phase
should vary smoothly. In this study, regularization techniques are introduced to statistical modeling of chemical batch proc-
esses to achieve both accurate prediction and good interpretation. The application to an injection molding process shows
the feasibility of the proposed methods. © 2014 American Institute of Chemical Engineers AICRE J, 60: 2815-2827, 2014
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Introduction

Batch processes have been widely applied in modern
chemical industry to produce high value-added products and
meet the demands of the rapidly changing market. For
achieving consistent and high final product quality, quality-
related research of batch processes has become an active
field. In most cases, measurement of final product quality is
unavailable during batch processing and can only be
achieved through laboratory analysis after the completion of
the entire batch. Hence, great research attention has been
devoted to batch process modeling and online quality predic-
tion based on multivariate statistical methods,' because such
type of models can be derived directly from historical pro-
cess data with little prior process knowledge.

Among all these methods, multiway partial least squares
(MPLS)? is most famous, with good applications in chemical
industry, for example.® By treating the entire batch data as a
single object in batch process modeling, MPLS utilizes all of
the information contained in process variable trajectories
during operation. However, many batch processes consist of
multiple operation phases, implying that the process varia-
bles may make different contributions to the final product
quality at different phases in a batch run. MPLS does not
consider such multiphase characteristic explicitly. Further-
more, MPLS involves all process variables and sampling
intervals into the model, no matter they are critical to the
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final product quality or not. Considering that the multiplicity
of phases is an inherent nature of many batch processes,
multiphase models have been developed to capture the
changing process behaviors over phases.* Specifically, Lu
and Gao’ proposed a phase-based PLS modeling method for
online prediction of final product quality. In their method, all
measurements within the same phase share the same regres-
sion model, that is, the phase model. By measuring the
goodness-of-fit of each phase model, the critical-to-quality
phases can be identified. Only if the process measurements
are in such phases, they are utilized in quality prediction.
Comparing to MPLS, a major drawback of the phase-based
PLS method is that all phase models are based on the rela-
tionship between the time-slice process data and the quality
variable, while the within-phase and between-phase time-
dependence information is missing in phase model building.
There are several revised versions of phase-based PLS fol-
lowing the pioneering research of Lu and Gao, for exam-
ple.ﬁ’7 However, these methods share the same limitation
with the method in.” In addition to these two types of model-
ing techniques, multiblock methods® can also be used to
model batch processes. However, such methods do not pro-
vide any solutions to phase division. In the meantime,
although multiblock methods can assign different weights to
different blocks for achieving models better conforming to
process knowledge, they do not tell how to calculate the
weights. Most recently, a multiway elastic net (MEN)
method was proposed,9 which weights the predictors auto-
matically during regression. Nevertheless, the irrelevant
information from the noncritical-to-quality phase cannot be
entirely removed from the MEN model.
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As discussed in,'® the criteria for evaluating the quality of
a regression model differs according to the circumstances, but
typically there are two important aspects that are prediction
accuracy on future data and model interpretation. A model
with a good interpretation is usually more reliable than a
model that is difficult to interpret. In addition, model interpre-
tation is useful for the enhancement of process understanding,
which is essential for process optimization, quality control,
and so forth. However, most research on statistical batch pro-
cess modeling pays more attentions to prediction accuracy,
while the importance of the latter aspect is overlooked. In a
chemical batch process, it is common that the final product
quality is cumulatively determined by the trajectories of pro-
cess variables during the entire batch run, and each process
variable may contribute differently to the product quality at
different time intervals. In particular, in multiphase batch
processes, certain quality variable may be determined in a
few phases, while other phases only contain irrelevant infor-
mation that is not helpful for prediction. In the meantime, the
impacts of different time points on the final product quality
are usually similar in each relevant phase. Considering model
interpretation, such process characteristics should be reflected
by the regression coefficients of the statistical batch process
model. In details, the regression coefficients corresponding to
the noncritical-to-quality phases should be close to zero, and
the coefficients within the same critical-to-quality phases
should vary slowly and smoothly. However, due to the exis-
tence of measurement noise and the small sample size com-
paring to the model dimension, which are commonly
observed in batch process data, the regression coefficients in
conventional batch process models, for example, MPLS, sel-
dom look like that. Such problem may be solved in the
framework of statistical model selection.

In statistical model selection, the bias-variance compromise
is a fundamental issue. On one hand, an unnecessarily com-
plex model may yield highly variable estimates and predic-
tions. On the other hand, an overly simplistic model often
yields significantly biased estimates and predictions. In the
both cases, prediction accuracy and model interpretation can-
not be ensured. According to the well-known Occam’s razor,
the simplest model that adequately accommodates the data
should be selected. In a regression model, the contribution of
each predictor variable may be indicated by the corresponding
regression coefficient."! Large regression coefficients could be
indicative of significant contributions corresponding to predic-
tors that need to be retained in the model.!” However, this is
not always the case. In some situations, the insignificant pre-
dictors with negligible effects on the response variable may
also have large coefficients, especially when the sample size
is small relative to the model dimension or there are correla-
tions between the predictors (as in the cases of batch process
modeling). In such situations, penalized regression can be uti-
lized to shrink the coefficients of the insignificant predictor
variables toward a value of zero, leading to a parsimonious
model. With properly selected parameters, such penalization
improves both predictability and interpretation of the model
by inducing bias yet substantially reducing variability. The
most representative methods in penalized regression are ridge
regression'> that adopts L, norm regularization and the least
absolute shrinkage and selection operator (lasso) regulariza-
tion'* imposing a bound on the L; norm of the regression
coefficients. In recent years, various forms of regularization
terms have been combined with regression to penalize differ-
ent types of complexities.'®'5"7
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Inspired by penalized regression, regularization techniques
are introduced into statistical batch process modeling in this
study. First, a lasso-type L, penalty term is involved into the
regression model, which automatically selects relevant phases
in the meantime of coefficients estimation. Then, the algo-
rithm is further modified by adding an L,-fusion term that
smoothes the regression coefficients of the predictors within
the same phase. As a result, the interpretation of the regres-
sion coefficients is further improved. The proposed penalized
regression method is named as phase fused lasso, which has
better prediction accuracy and model interpretation than the
conventional MPLS? and phase-based PLS.> In addition, an
MPLS-based phase division algorithm is designed as a pre-
treatment step before applying phase fused lasso. Comparing
to the conventional approaches only utilizing time-slice infor-
mation contained in process data, the developed division
method better recognizes the changes in process dynamics.

The article is organized as following. In Section Ridge
Regression and Lasso, the ridge regression and lasso
approaches are introduced. Then, the regularization-based
batch process modeling method are proposed in Section
Regularization-Based Batch Process Modeling, including data
unfolding, the phase fused lasso algorithm, the MPLS-based
phase division approach, and online quality prediction based
on phase fused lasso. For building the phase fused lasso
model, an efficient computation algorithm and a generalized
cross-validation (GCV) procedure are introduced. In Section
Application Results, the proposed method is applied to an
injection molding process for illustrating their good feasibility
in both product quality prediction and process knowledge min-
ing. Finally, conclusions are drawn in Section Conclusions.

Ridge Regression and Lasso

Before proposing the phase fused lasso approach, the most
popular penalized regression methods, including ridge
regression and lasso, are briefly reviewed in this section. A
usual linear regression model with M predictors and one
response is formulated as

y=Xp+e ey

where X(NXM)is the matrix of predictors, y(NX1) is the
vector consisting of response measurements, B(MX1)=
(B B Bu ]T contains the unknown regression coeffi-
cients, € is the residual vector, and N is the total number of
samples. The ordinary lease square (OLS) estimate can be
obtained by minimizing the residual sum of squares (RSS)

min (y—XB)" (y—XB) )

It is well known that OLS does poorly in both prediction
and interpretation under certain situations, especially when
the predictors in X are collinear or N <M. Many techniques,
including ridge regression and lasso, have been proposed to
improve OLS.

Ridge regression'> minimizes the RSS subject to a bound
on the L, norm of the coefficients

mgn((y—Xﬁ)T(y—Xﬁ)HHﬁII%) (©)

where || - ||, stands for the L, norm, ||B[3= 31, 2, and 4 is
a tuning parameter. By doing so, the coefficients are shrunk
toward zero continuously. Consequently, better prediction is
achieved through a bias-variance trade-off. However, ridge
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regression always keeps all the predictors in the model due
to the nature of the L,-norm penalty, and hence it cannot
result in a parsimonious model.

Different from ridge regression, lasso'* minimizes a penal-
ized RSS by introducing an L; penalty term into the objec-
tive function

min ((y=Xp)" (y=X$)+2[Bl,) )

where || -||, represents the L; norm, and ||B||l=2?i1 15;|-
Attributing to the mathematical property of the L; norm,
lasso does continuous shrinkage, which leads to automatic
variable selection. Therefore, lasso often results in a parsi-
monious model with good prediction power. Comparing to
conventional model selection methods, such as stepwise
regression, lasso has several major advantages.18 First, the
theoretical properties of lasso are easier to understand. Sec-
ond, the estimates of regression coefficients are more stable.
Third, the computational costs are much lower especially
when the number of predictors is large.

Regularization-Based Batch Process Modeling
Data unfolding and normalization

Usually, batch process data are stored in a three-way matrix
X(IXJXK) that should be transformed to a two-way form
before regression, where / is the number of batches, J is the
number of process variables, and K is the number of sampling
intervals in each batch. To perform such transformation, the
batch-wise unfolding is most commonly used, where X is
unfolded into a two-dimensional matrix with I rows and P=J
XK columns. In the unfolded matrix, each row contains all
the measurements collected throughout a batch run. Then, the
mean of each column is subtracted from the unfolded matrix
and the variance of each column is scaled to unit through nor-
malization. As a consequence, the between-batch variations
are highlighted, while the major nonlinearities contained in
variable trajectories are eliminated. The regression model built
on the basis of such data structure has chance to capture the
time-dependence information involved in process data and
reflect the cumulative effect of variable trajectories on the
product quality. Therefore, the model proposed in below is
trained using the batch-wise unfolded and normalized matrix
X(IXP) of process variables and the centered vector y(IX1)
of quality measurements.

Phase fused lasso

Even though lasso enjoys great computational advantages
and excellent performance comparing to conventional
model selection methods, it is not suited to batch process
modeling. The reasons are of twofolds. First, in (4), lasso
selects at most N predictors when N < M. Second, if there
are groups of highly correlated predictors, lasso tends to
select arbitrary one from each group and bring about diffi-
culties in model interpretation. In the pretreated batch pro-
cess data matrix X, N=/ and M =P, where the situation of
I < P is common. Meanwhile, correlation exists among the
columns in X. Especially, in batch processes with multiple
phases, the predictors, that is, the trajectory points of pro-
cess variables, belonging to the same phase are usually
highly correlated. Such problem may be solved using group
lasso.'?

Notice that the trajectory points of a variable within the
same phase usually contribute similarly to the end-product
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quality. Therefore, they should be selected into or kept out
of the batch process model simultaneously (as a group).
Motivated by the group lasso approach,15 phase selection
can be achieved automatically by solving the following opti-
mization problem

mm( (y=Xp)" (y—Xp) “Z \/—Ilﬁsllz> ®

where B,(s=1,...,S) contains the regression coefficients cor-
responding to the variable trajectory points in the sth phase,
S is the number of total phases, and K; is the number of
sampling intervals in the sth phase, which takes the different
lengths of phases into consideration. The L, norm in the
equation encourages a grouping effect and tends to select or
reject the entire phase data together, while the lasso penalty
expressed by the sigma notation encourages sparsity at the
phase level. By specifying a proper tuning parameter /, all
regression coefficients belonging to the noncritical-to-quality
phases can be shrunk to zero simultaneously, while the vari-
able trajectory information in the relevant phases is retained
in the regression model. As a consequence, improved model
interpretation can be achieved, while prediction accuracy can
also be enhanced due to noise suppression by selecting
meaningful phases. Bach'® discussed the model consistency
of group lasso, while more detailed theoretical analysis of
group lasso can be found in the references.'>!”

The objective function in (5) can be modified to further
improve the interpretation of the coefficients. As discussed
in previous, the regression coefficients within the same rele-
vant phases should vary smoothly, because the relationships
between the corresponding predictors and the final product
quality are similar. Recently, Hebiri and van de Geer'® pro-

posed to use a L,-fusion penalty, Z%=2 (B=Por)’s 1O
make the coefficients smooth in the linear regression prob-
lem. Similar idea is adopted here to achieve within-phase
smoothness. After modification, the penalized regression
named phase fused lasso is formulated as

s

J K
min (56X (s-Xp)+7 LYY BB )

s=1 j=1 k=2

+7 zsj VKB )

§=

(6)
ﬁj. (Z: K)+k denotes the regression coefficient
corresponding to the kth trajectory point of variable j in the
sth phase, which also corresponding to the ((Zf;ll K,)+k)-th
trajectory point of variable j in the entire batch duration. It
can be noted that the proposed phase fused lasso involves a
group lasso penalty term in the model, and share the benefits
of group lasso. Therefore, phase fused lasso can also handle
variable correlation.

The solving of the optimization problem expressed by (6)
is not very direct, because both of the penalty terms in phase
fused lasso are nonsmooth. To facilitate problem solving,
each row x;(i=1,2,---,1) in the training data matrix X is
reorganized as

where B, =

x=[x x* ... x}] (7
=[x Xy o xy] ®)
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X=X N e Yk ©

where x} contains all the data belonging to the sth phase in
the ith batch, x;; consists of the measurements of the jth pro-
cess variable in the sth phase in batch i, and x};, is the
measured value of variable j on the kth sampling 1nterval in
phase s and batch i. Accordingly, the structure of the regres-
sion coefficient vector becomes

p=[p7 g, ... Bl (10)
B=[(B)T (B )" (1
B=[8 B, Bk 1" (12)

where ﬁj‘ is the coefficient vector corresponding to the trajec-
tory of variable j in the sth phase, and the other symbols
have the same meaning as previously described. Based on
such definition, the objective function in (6) is transformed
into the following format

L(p)= (y XB)" (y—XB)

2

+’”ZZZ Bix=PBir—1) 'HZZ\/_”ﬁ 2

s=1j=1 k=

1
o (||y—x13l|§+ul|\0—Bml§)+AZZ\/KX|\M2
s=1

1 5
=2 (Iy=XBIZ+ 10— V22:BBI ) + 223 VKBl
s=1
1/ a2 o
=5 (I5=XBIR) + 223 VKLl
s=1
(13)
where
y
y= (14)
lO
_ X
15)
V22.1B
B is a block diagonal matrix whose dimensions are PXP
B=diag (By,B,,---,Bs) (16)

B;(JK;XJKj) is a block diagonal matrix by repeating the
matrix C; for J times

B,=diag (C;,Cy, - - -, Cy) a7
and C; is a square matrix with dimension K;XKj, which has
a similar structure to an upper dual-diagonal matrix

1 -1

c=| (18)
1 -1

0

Then, the optimization problem with the objective func-
tion described in (13) can be solved efficiently according to
the following derivation.

Taking the derivative of L(B) with respect to B and setting
the derivative to zero, (19) is achieved
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OL(B)
op

where D is a diagonal matrix with the ith diagonal element
as

=X"Xp-X"§+2/,Dp=0 (19)

1

dy= e (20)
2V/K||Bll
Hence
(X'X+2/,D)p=X"§ @1

Denote A=X' X +24,D. Because A is in general positive
definite, the problem is convex. Consequently, B calculated
in (22) is a unique global optimal solution to the optimiza-
tion problem

p=A"'X"§ 22)

Note that the size of A is PXP, which is usually quite
large. Hence, the inverse of A is computationally expensive.
To reduce the computational burden, QR decomposition is
used instead to solve B. The details are as following

=QR (23)

where Q is an orthogonal matrix, and R is an upper triangu-
lar matrix, both of which are derived from QR decomposi-
tion of AT. Therefore

(QR)'B=X"§ (24)
B=(Q") '(R")'X'y=QR") X'y (25)

Since the matrix D is dependent to P, which is unknown
beforehand, an iterative algorithm is proposed to obtain the
solution. In each iteration, fp is calculated with the current
estimate of D, and then D is updated using the calculated f.
Such procedure is repeated until the algorithm converges.
The detailed steps are listed in below.

1. Initialize D. -

2. Calculate A=X X+24,D.

3. Conduct QR decomposition of A as (23).

4. Calculate p using (25).

5. According to (20), update the matrix D with B calcu-
lated in step 4.

6. Return to step 2, until converges.

In (6), there are two tuning parameters, 4; and A, to be
specified. As well known, cross-validation (CV) is the most
popular method for parameter selection. However, for each
pair of parameters, the conventional V-fold CV algorithm
requires repeating the model training procedure for V times,
which is computationally demanding. To efficiently select the
tuning parameters, a parameter selection procedure based on
the GCV criterion is utilized in this article, as suggested by
Golub et al.>® and Tibshirani'* for building the ridge regres-
sion and lasso models. Originally proposed to reduce the com-
putational burden, the GCV criterion that can be regarded as a
rotation-invariant version of the ordinary CV has been found
to have a number of favorable properties.”' Similar to that
in,'*?° the GCV estimate of 4; and 4, in the phase fused
lasso estimate (25) is the minimizer of GCV (4, 4,) given by

DIO=F (21, 22)9)|15
[%Trace (I*F(ilv’b))l2

GCV (14, 7)= (26)
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where [ is the total number of batches contained in the train-
ing dataset, I is an identity matrix

F(i1,722)=XQR")"'X" 27)

and X, Q, and R are derived using based on (15) and (23)
based on 4; and 4. Accordingly, the optimal values of 4;
and /, are achieved using the grid search algorithm

1. Set a grid in the solution space of (41, /7).

2. For each pair of (41, 4;) on the grid nodes, calculate a
phase fused lasso model using the iterative steps described
in previous.

3. Compute GCV (14, 4,) for each model derived in step 2.

4. Choose the 4; and Z; minimizing GCV (41, 42) on all
the nodes.

Figure 1 shows a flow chart of the grid search.

Phase division

The performance of the proposed phase fused lasso model
highly depends on the results of phase division. In the past
decade, a number of phase division methods have been
developed,® most of which are based on the time-slice corre-
lation information contained in process data and ignore the
changes in process dynamics. To solve such problem, a
MPLS-based phase division algorithm is, therefore, intro-
duced in this work.

As the first step, an MPLS model is trained as below, by
applying the PLS algorithm to the pretreated training dataset
{X,y}

X=TP'+E (28)
y=UQ’+F (29)
Here, X consists of a series of time-slice data matrices as

X=[X; X, ... Xg] (30)

where X; is the time-slice data matrix corresponding to the
kth sampling interval. The above MPLS model can be writ-
ten in a compact form as

y=X0+F* 31)

where T and U are the scores matrices, P and Q are the
loading matrices, E, F, and F" are the residual matrices, and
0 is a vector containing MPLS regression coefficients. In the
regression coefficient vector O(PX1), every J elements indi-
cate the partial correlation between the process measure-
ments at a certain sampling time interval and the final
product quality. Accordingly, 0 can be cut to pieces along
the time axis, resulting in K subvectors each of which has
dimensions of (JX1), that is

0=[07 of or]" (32)
where 0, contains the regression coefficients corresponding
to Xy.

In a multiphase batch process, the process data collected
in the same phase usually contribute similarly to the final
product quality, while different phases have different statisti-
cal features. Thus, it can be inferred that 6, and 0, should
have a high degree of similarity, if the time intervals k and
k+1 belong to the same phase; otherwise, the similarity
between these two subvectors is relatively low. Therefore,
the range of each phase can be identified by clustering 0,
k=1,2,--- K. At this point, many different clustering algo-
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Figure 1. Flow chart of parameters selection in phase
fused lasso.

rithms can be applied. The popular k-means clustering algo-
rithm*? is adopted in this article for illustration. The detailed
steps are as following.
1. Set k=1, m=1. Choose 0, as the initial cluster center w,,.
2. Calculate the Euclidean distance between w,, and 0, ;.
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3. If the distance is less than a predefined threshold J,
assign 0, to class m, and update w,, by making w,, equal to
the average of all subvectors belonging to class m. Otherwise,
add a new cluster center w,,+; = 0,4, and let m=m+1.

4. Let k=k+1, and go back to step 2 until k¥ > K.

As in any clustering algorithm, the threshold J makes a
trade-off between the model accuracy and complexity. In
particular, a large threshold results in few classes, that is,
modeling phases, but less accurate modeling, and vice versa.
Note that the number of the modeling phases may not be
exactly same as the number of the operation phases defined
by process engineers. The modeling phases are identified
based on their statistical characteristics. Hence, an operation
phase with changing statistical features may be divided into
several modeling phases, while several successive operation
phases with similar statistical features may be combined into
one single modeling phase.

Online quality prediction

After phase fused lasso modeling, the elements in the
regression coefficient vector f are rearranged as

p=[p7 B - B (33)
Bi=[Bir Pox ﬁ./,k]T (34)

Then, after the process measurements of a new batch, are
collected, the final product quality can be predicted as

Ynew =Xl B (35)

where yp.w is the prediction value of the final product qual-
ity, and x!_, (1XP) is a vector containing all the normalized
process measurements in a new batch, which is prepared in
the following way. After collecting the data matrix of the
new batch Xpey (JXK), it is unfolded into a vector with
dimensions (1XP) and then normalized to x!, utilizing the
means and variances predetermined in the model training
procedure.

However, such procedure cannot be utilized directly in
online prediction, since x!, =~ contains all process data in an
entire batch, which are unavailable until the end of the
batch. Therefore, future data estimation is necessary for
online application of the prediction model. In the previous
research, several different types of estimation approaches
have been proposed, including the “zero deviation”
approach, the “current deviation” approach, and the “PLS
projection” approach.>* However, the performances of the
former two approaches highly rely on the strong assumptions
of the future operation that may not be satisfied in real
industry, while the third approach can only be used in
MPLS.

Here, a feature-selective k-nearest neighbor (FS-kNN)
method is developed to fill the unavailable future data with
the information from the historical data belonging to the
most similar A number of batches to the current batch. The
basic idea is as following. At each sampling interval, the
known part of the data in the current batch is compared with
the corresponding part of the historical data in the training
dataset. By doing so, a number of nearest neighbors of the
current batch are identified. The unavailable future measure-
ments are then estimated from the average of these nearest
neighbors. Different from the conventional k-nearest neigh-
bor (kNN) method, the batch process data are weighted with
a feature-selective vector for the neighbor finding. As a
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result, the estimate of the future data is not affected by the
variable trajectories irrelevant to the final product quality.
The online future data estimation and final quality predic-
tion procedure is described in below.
1. Compute the dissimilarity index D; between the new
batch and the training batches

Di=[lxj ©& —x, ©& |, (36)
where &~ is a feature-selective vector
- T
e=lg & o g (37
. T
=% S il (38)

&n=0 when B;,=0, otherwise ¢;,=1 (j=1,---,J and
h=1,---,K), i is the batch index in the training set
(i=1,---,I), x*,, is a vector containing the normalized data
in the new batch up to the current time interval &,
x! consists of the normalized data from the first sampling
interval to the kth sampling interval in the ith training batch,
and © is a multiplication operator between the corresponding
elements of two vectors.

2. Find A number of smallest D; values. The correspond-
ing batch runs are selected as the members of the nearest
neighbor set U.

3. Estimate the unknown part of the new batch by the
average of the nearest neighbors as

,+ 1 +
okt k
Xnew — Z meeuxm (39)
where ﬁﬁ:w contains the approximated future data of the new

batch from time interval (k+1) to K, and xf,f consists of the
process measurements of the mth batch run in training data-
set from time interval (k+1) to K.

4. The complemented vector of X, can be written as

~k _ _\NT /Ak+ \T T
Xhew = |:(Xﬁew) ) (Xnew ) i| '
5. The online quality prediction at the kth sampling inter-

val can then be achieved by calculating the following
equation

Voo = (RE) By (40)

where y is the mean value of all quality measurements con-
tained in the training set.

It can be noted that an underlying assumption of the FS-
kNN approach is that the correlation between collected
measurements and future measurements in the new batch is
the same in the training data. Such assumption is consistent
with the common supposition of any statistical modeling
methods, that is, the training data should cover the entire
area of interest where the model is expected to operate.

Application Results
Injection molding process

Injection molding, a typical batch process, is utilized in
this section to illustrate the effectiveness of the proposed
phase fused lasso method. There are several sequential oper-
ation phases in each cycle of such process, which are filling,
packing-holding, plastication, and cooling. Each operation
phase has different dynamic characteristics and contributes
to the final product quality in different ways. In the course
of filling, the screw moves forward, injecting the melt into
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Figure 2. Simplified illustration of an injection molding machine.

the mold cavity. Then, the process switches to the packing-
holding phase, during which additional melt is packed into
the cavity at a high pressure and then such pressure is held
for a while. Consequently, the shrinkage caused by material
cooling and solidification is compensated by doing so. The
packing-holding phase lasts for several seconds, followed by
the plastication phase. During plastication, the screw rotates
and moves back, shearing and melting the polymer material
in the barrel and conveying the melt to the front of the
screw. In the meantime, the material in the mold cavity is
cooled down. Hence, the product can be completely solidi-
fied and easily ejected from the mold. In comparison with
plastication, cooling usually takes longer time. Figure 2 illus-
trates a typical reciprocating-screw injection molding
machine with instrumentations.

High-density polyethylene (HDPE) is utilized as the feed
material in the experiments. As listed in Table 1, there are
eight key process variables measured in real time, including
valve opening, stroke displacement, velocity, pressure, and
temperatures. Among them, the trajectory of the valve open-
ing 2 is exactly the same as that of the valve opening 1,
which means these two process variables are highly corre-
lated. In addition, at the end of each batch, the product
weight is measured as a final quality variable. The operating
conditions are as follows. The set point of the temperature in
the third barrel zone is 160°C. The packing-holding time is
fixed to be 5 s. The sampling time interval is 0.05 s. To
exciting the process and generating necessary regression
information for predictive modeling, a 3° full factorial design
of experiments (DOE) is conducted, where the three factors
to be designed are the injection velocity, the packing pres-
sure and the barrel temperatures in the first two zones. The
three levels of the injection velocity are 0.025, 0.035, and
0.045 m/s, respectively. Regarding the packing pressure, the
three levels are set to be 25X 10°, 30X 10°, and 35X10° Pa.
The barrel temperatures in the first two zones are chosen to
be the third factor in DOE, which are set to the same values
in each level. The three levels are 190, 200, and 210°C,
respectively.
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The DOE generates 27 different treatment combinations,
each of which has 10 repetitive experiments. In each combi-
nation, five batches are randomly chosen as the training
batches, while the other five are reserved as the test batches.
Hence, process and quality data from totally 270 batches are
recorded, among which 135 batches are served as training
data for process modeling, while the other 135 batches are
utilized as test data to check the effectiveness of the pro-
posed method. Noted that different injection velocities lead
to variations in the filling time, data alignment is, therefore,
necessary to be conducted in the filling phase. Here, the pro-
cess variables are resampled in this phase with respect to an
indicator variable, the displacement of the screw stroke.
After data alignment, there are totally 503 measurements for
each variable in each batch.

Phase division

Before process modeling, phase division is conducted
using the proposed MPLS-based approach and the time-slice
PLS-based approach as introduced in, respectively. Figure 3
shows the division results of the proposed method, while the
division results and the variable trajectories of valve opening
1 from all 135 batches in the training set are plotted together
in Figure 4. It can be observed that the entire process with 4
operation phases is divided into seven modeling phases.
Phase 1 only contains several sampling intervals, which cor-
responds to the machine start-up at the beginning of each

Table 1. Process Variables

No. Variable Units
1 Valve opening 1 %

2 Valve opening 2 %

3 Screw stroke m

4 Injection velocity m/s
5 Injection pressure/ back pressure Pa

6 Barrel temperature (zone 1) °C

7 Barrel temperature (zone 2) °C

8 Barrel temperature (zone 3) °C
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Figure 3. Phase division results based on the proposed
approach.

batch. Then, the filling behavior is represented by Phase 2.
The packing-holding period is partitioned into two modeling
phases at sampling interval 137, implying that the process
characteristics change at this time point even though the
time points within this period belong to the same operation
phase. Engineering knowledge verifies the reasonability of
such division. To be exactly, Phase 3 corresponds to pack-
ing, while Phase 4 is about holding. More detailed discussion
about the changing characteristics between these two model-
ing phases will be provided later. Phase 5 agrees with the
operation phase of plastication, during which the screw
moves backward from a position near the nozzle to a prede-
termined position. Because the screw moves forward by dif-
ferent distances during filling, the durations of plastication
are also different. Therefore, the time intervals from 296 to
299 are clustered as Phase 6, indicating the uneven tails of
plastication in different batches. Phase 7 represents the cool-
ing period after plastication. In this modeling phase, no more
manipulation is applied to the process except the circulation
of the cooling water.

For comparison, the results from the time-slice PLS-based
phase division are plotted in Figure 5. It is clearly that the
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Figure 4. Trajectories of valve opening together with
the phase division results based on the pro-
posed approach.

2822 DOI 10.1002/aic

Published on behalf of the AIChE

Phase number

T T T T T T T T T T
0 100 200 300 400 500
Sampling intervals

Figure 5. Phase division results based on time-slice
PLS.

time intervals in machine start-up, packing-holding and cool-
ing phase are clustered into the same class, although they
can be discriminated using the clustering results associated
with process operation time. In addition, the changing pro-
cess characteristics during packing-holding are not revealed,
because such method ignores the time-dependent information
contained in process data.

Process modeling and quality prediction

In this section, the training data are modeled with different
types of batch process modeling methods, including MPLS,
phase-based PLS, and phase fused lasso, where the latter
two models are built based on the phase division results
shown previously. Based on the GCV criterion introduced in
Section Application Results, the parameters of the phase
fused lasso model are selected. The selection of the grid
nodes, that is, the candidate values of A; and 4,, is an open
problem in grid search. Here, the candidate values of both 4;
and J, are chosen as {0, 107>, 107% 1073, 1072, 1071, 1,
10, 100}, which forms a grid with 81 nodes. Following the
steps of grid search, the minimum value of GCV(4;, 4,) is
achieved on the grid node of (le-4, 1). Hence, the

........ Phase-based PLS
----- MPLS
—— Phase fused lasso

RMSE

T ¥ T T T ¥ T
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Samples
Figure 6. Online prediction results using “zero

deviation” future data estimation.

[Color figure can be viewed in the online issue, which
is available at wileyonlinelibrary.com.]
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Table 2. Offline Prediction Results

RMSE

Modeling methods Training dataset Test dataset

MPLS 0.0193 0.0215
Phase-based PLS 0.0238 0.0230
Phase fused lasso 0.0205 0.0208

parameters of the phase fused lasso model are selected as 4;
=1%X10"* and 4,=1. The numbers of latent variables in the
other two models are determined with CV.

The prediction accuracy of each model can be measured
with the index of root mean squared error (RMSE). Specifi-
cally, the offline prediction accuracy is reflected by

Z (er_yn)z

n=1
N

RMSE = (41)

where N is the total number of batches to predict (when the
model is applied to the training dataset, N =1), y, and y, are
the measured value and the predicted value of the final prod-
uct quality of batch n, respectively. Similarly, the measure
of the online prediction accuracy at each time interval during
batch processing is formulated as

5 2
(yn _};n,k)
=1

RMSE ;= ‘T 42)

where y, , is the quality prediction of batch n at the kth sam-
pling interval, and k=1,---,K. Smaller RMSE values indi-
cate more accurate predictions. The values of RMSE, can
be plotted in a figure to show their changes along the opera-
tion time.

Based on RMSE, a comparison of the offline prediction
accuracy is conducted for MPLS, phase-based PLS, and
phase fused lasso as shown in Table 2. In the discussed case,
it is clear that the phase-based PLS model performs worst in
the predictions of both the training data and the test data.
Such results are not surprising, because phase-based PLS

0.050 -
-------- Phase-based PLS
oo454 B . |77 MPLS
‘ — Phase fused lasso |
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0.035
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Figure 7. Online prediction results using
deviation” future data estimation.

“current

[Color figure can be viewed in the online issue, which
is available at wileyonlinelibrary.com.]
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discards both within-phase and between-phase time-depend-
ence information and cannot reflect the cumulative contribu-
tions of the process variable trajectories to the final product
quality. MPLS provides best prediction accuracy of the train-
ing dataset. However, its generalization to the test dataset
does not show equally good results. In comparison, the per-
formance of phase fused lasso is more balanced as observed
in Table 2. Meanwhile, phase fused lasso provides best pre-
dictions of the test data among all three methods, attributing
to its ability in selecting the relevant phases and smoothing
the regression coefficients in each phase. Such ability makes
the phase fused lasso model better conforming to the process
than other two types of methods.

For online quality prediction, three different types of
future data estimation approaches are tested, which are based
on ‘“zero deviation,” ‘“current deviation,” and FS-kNN,
respectively. In the FS-kNN algorithm, the number of neigh-
bors is selected to be 5. The online prediction results are
plotted in Figures 6-8. Please note that there is no need for
phase-based PLS to estimate the future available data in
online application, since such method only utilizes time-slice
information. However, for facilitating comparison, the results
based on phase-based PLS are also plotted in Figures 6-8. It
is interesting to observe that, in Figures 6 and 7, the phase-
based PLS model performs even better than the other two
methods in the early period of online prediction, although
the final prediction accuracy of such method is worse. As
discussed in,5 if the online estimation of future measure-
ments is not accurate, the online quality prediction will be
distorted. Therefore, more reliable future data estimation is
desired. Figure 9 indicates that the proposed FS-kNN is a
good substitute for the existing approaches, since it provides
more accurate future data estimation and improves the online
prediction accuracy very significantly. Using FS-kNN, the
performances of both phase fused lasso and MPLS are
improved significantly and become much better than that of
phase-based PLS, as shown in Figure 8. The comparison
between the results of phase fused lasso and MPLS shows
that, in two of the three figures the prediction accuracy of
MPLS is higher than that of phase fused lasso in the early
period of operation, but phase fused lasso always outper-
forms MPLS in the latter half of the batches. Such

......... Phase-based PLS
----- MPLS
—— Phase fused LASSO

0.023 4"

RMSE

0.022
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Figure 8. Online prediction results using FS-kNN future

data estimation.

[Color figure can be viewed in the online issue, which is
available at wileyonlinelibrary.com.]
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[Color figure can be viewed in the online issue, which is
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phenomenon can be explained by the mathematical proper-
ties of different types of regression models and the engineer-
ing insight of the process data. MPLS is an unbiased
regression model, while phase fused lasso provides a biased
estimation method by introducing two penalty terms. There-
fore, it is not surprised that MPLS may perform better when
the data do not contain much noise. Conversely, when the
data are quite noisy, phase fused lasso provides a more reli-
able estimate of the prediction model by involving the

regularization technique. During filling and packing-holding,
the signal-to-noise ratio of the data is relatively high. As a
result, the regularization conducted by phase fused lasso
may lead to the loss of some detailed information in the
data. However, after the process switches to the plastication
phase, the noise contained in the normalized data, which is
not relevant to quality prediction, become significant. Under
such situation, MPLS is affected more seriously than phase
fused lasso. This is the reason why phase fused lasso has a
better overall performance than MPLS. In addition, the
RMSE values of phase fused lasso stabilizes after the 298th
sampling interval, indicating that the final prediction of the
product quality can be made at that moment instead of the
last time point of the entire batch run. More detailed analysis
will be provided in the next section.

Process understanding via model interpretation

For model interpretation, the regression coefficients of the
phase fused lasso model are plotted in Figure 10. In these
figures, the horizontal coordinate corresponds to the sam-
pling intervals, while the vertical coordinate represents the
regression coefficients. Four of the totally eight process vari-
ables are plotted. Since the trajectory of the valve opening 2
synchronizes with that of the valve opening 1, the corre-
sponding coefficients of these two variables are also same.
Therefore, only one of them is plotted. Meanwhile, the barrel
temperature variables are closed-loop controlled throughout
the entire batch operation. As a result, the values of these
variables are almost constant. The coefficients corresponding
to these variables are not plotted either. Figure 10 well
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Valve opening 1 1o, | Screw stroke
0.002
0.000
0.000+ 0.0024
-0.004 -
-0.002 1
: : : . . -0.006 . ; . . :
0 100 200 300 400 500 0 100 200 300 400 500
0,004 Sampling intervals Sampling intervals
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Figure 10. Regression coefficients of the phase fused lasso model.
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Figure 11. Regression coefficients of the MPLS model.

reflects the changing characteristics of the injection molding
process and are beneficial to process understanding. Please
be noted that the direction toward the nozzle is defined as
the negative direction of both injection velocity and screw
stroke in the measurement system of this process.

During filling (sampling intervals 1-47), injection veloc-
ity contributes most to the product weight, while the valve
opening and the back pressure also show significant
impacts. Considering the coordinate of the measurement
system, the positive regression coefficients of the injection
velocity indicates that faster filling corresponds to lighter
product weight. Usually, people think that faster filling can
inject more melt into the mold cavity in a unit time span
and should lead to heavier product. However, the model
coefficients tell us that this is a misunderstanding. First, the
variations in injection velocity cause different lengths of
the filling phase. Faster injection leads to a shorter filling
time, and thus may not convey more melt during the entire
filling phase. Second, due to the material property of
HDPE, the gate between the runner and the cavity cannot
entirely freeze at the end of the packing-holding phase.
Therefore, it is possible for the melt to reflux after packing-
holding, which lead to a weight loss. If the injection veloc-
ity is smaller, more time is spent on filling, which provides
more opportunities for the melt in the cavity to cool down
before plastication. In a consequence, the probability of the
gate to freeze is increased, leading to less weight loss in
the final product. Since the injection velocity is manipulated
by the valve opening and the back pressure, the significant
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correlation between these two variables and the product
weight is easy to understand.

As introduced in previous, the operation phase of packing-
holding (sampling intervals 48-204) has been divided into
two modeling phases. Figure 10 shows that these two model-
ing phases have different process characteristics. During the
former phase, the screw stroke positively correlates to the
product weight. Taking the coordinate of the measurement
system into consideration, this means that larger displace-
ment toward the nozzle indicates lighter final product. At a
first glance, such results seem strange, because people usu-
ally think that, if the screw moves forward longer, more
melt can be conveyed into the mold cavity and the final
product should become heavier. In fact, such inference is
only half correct. Large values of the screw stroke also indi-
cate small melt density. Because weight is equal to volume
multiplied by density, more melt in volume does not neces-
sary mean larger weight. The back pressure shows little con-
tribution to the product weight, which means that the main
driving force for packing the melt into the mold cavity is the
shrinkage of the material in the cavity instead of the magni-
tude of back pressure. In the latter half period of packing-
holding, all regression coefficients are near zero. The funda-
mental behind such phenomenon is that there is no more
space in the cavity for packing. In other words, packing has
been completed, and the process switches to holding. This is
the reason why this operation phase is divided into two mod-
eling phases. The above model interpretation shows that
such division well conforms to the process knowledge.
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Figure 12. Operating conditions involved in training
dataset.

During plastication (sampling intervals 205-300), the
valve opening is kept constant, whose regression coefficients
are hence zero. The difference in the back pressure values
between different batches is mainly caused by the variations
in melt densities. Higher back pressure indicates larger den-
sity. Therefore, the back pressure positively correlates to the
product weight. The screw stroke is the most important vari-
able in such phase, since its coefficients have the largest
absolute values. The reason is as following. In the plastica-
tion phase, the screw moves backward from a position near
the nozzle to a predetermined position. Therefore, the meas-
ured values of the screw stroke highly depend on the posi-
tion of the screw at the beginning of this phase, which
correlate to the distance that the screw goes in the filling and
packing-holding phases and are good indicators of the
amount of the melt injected into the mold cavity.

In the studied injection molding process, the gate freezes
during plastication. As a result, no melt can flow into or out
of the mold cavity after the 300th sampling interval, and the
product weight cannot be changed any longer. In the phase
fused lasso model, all regression coefficients are penalized
toward zero, indicating this phase is noncritical to quality.
Accordingly, one can inferred that it is impossible to imple-
ment real-time quality control by online set point adjustment
in the cooling phase.

For comparison, the MPLS model coefficients are plotted in
Figure 11. It is noted that the coefficients corresponding to the
injection velocity and the back pressure look very “noisy”
especially in the plastication and cooling phases. This is the
reason why the online prediction accuracy of MPLS keeps
decreasing during these two phases. In addition, most MPLS
coefficients in cooling are not zero, creating a wrong impres-
sion that the process variables still have chance to influence
the product weight during such phase. Obviously, the model
interpretation of MPLS is worse than that of phase fused lasso.
If the back pressure shifts in the cooling phase, there is a large
chance for the MPLS model to indicate a change in the product
weight, due to the nonzero regression coefficients. In this situa-
tion, the operators may think that the product quality is below
grade, although it is not the case. Meanwhile, the nonzero coef-
ficients of the MPLS model indicate that quality control is still
possible in such phase. However, such conclusion is incorrect.
Any attempt of quality adjustment in the cooling phase is
impossible to succeed.
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Prediction for new operating conditions

In this section, the predictive ability of the phase fused
lasso method is verified with data from new operating condi-
tions which are not used in model training. In this case
study, 9 out of 27 operating conditions described previously
are involved in the training dataset, which are formed
according to a fractional factorial design®* and indicated by
black points in Figure 12. For each of the nine selected oper-
ating conditions, five batches are included in the training
dataset, while the other five serve as test data. For each oper-
ating condition not included in model training, five batches
are selected randomly as test data. Consequently, there are
45 batches contained in the training dataset, while the test
dataset includes totally 135 batches.

Based on the GCV criterion, the parameters in the phase
fused lasso model are specified as A;=1X1073 and /,=2.
Again, the model prediction error is characterized with
RMSE. For the training data used in process modeling, the
value of RMSE equals to 0.0184. In comparison, the RMSE
for the entire test dataset is 0.0217. Taking the constitution
of the test data into account, such results are quite satisfac-
tory. In order to investigate further, the test data are ana-
lyzed as two groups: the 45 batches collected under the
same operating conditions as the training data versus the 90
batches collected under new operating conditions. The
RMSE values for these two groups are 0.0200 and 0.0226,
respectively, which are comparable.

It should be pointed out that the proposed phase fused
lasso belongs to the family of statistical regression. A com-
mon supposition of any statistical modeling methods is that
the training data should cover the entire area of interest,
where the model is expected to operate. In other words, the
success of the statistical models depends on the coverage of
training data. Therefore, no statistical regression method can
guarantee its performance in the situation of significant
extrapolation. Nevertheless, the above case study shows that,
if the training data have a reasonable distribution, the phase
fused lasso model works well for interpolation and slight
extrapolation.

Conclusions

For the final product quality prediction of batch processes,
MPLS and phase-based PLS are two typical types of model-
ing methods. However, each method has certain shortcom-
ings limiting their performance in quality prediction and
model interpretation. In this article, a phase fused lasso
approach is proposed to solve the problems of the existing
methods. Both the phase characteristics and time-dependent
information are utilized in phase fused lasso modeling. Espe-
cially, by involving a lasso-type L; penalization term, phase
fused lasso is able to select critical-to-quality phases auto-
matically, while the regression coefficients corresponding to
the irrelevant phases are shrunk to zero. In the meantime,
the L,-fusion term in the objective function smoothes the
regression coefficients within each relevant phase. By doing
so, the model interpretation is further improved. As compo-
nents of the entire phase fused lasso modeling scheme, an
efficient computation algorithm together with a GCV param-
eter selection procedure is developed. Besides, an MPLS-
based phase division method is introduced, and an FS-kNN
future data estimation approach is proposed for online qual-
ity prediction. The case study on an injection molding
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process verifies the feasibility and effectiveness of the phase
fused lasso method. The application results show that phase
fused lasso not only provides better prediction in the situa-
tion that the process measurements are noisy, but also enhan-
ces process understanding which is very helpful for online
quality control. Such method is practically useful and can be
used in other chemical engineering problems.
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