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A data-based approach for developing robust processes is presented and illustrated
with an application to an industrial membrane manufacturing process. Using historical
process data, principal component analysis and partial least squares are used to extract
models of the process and of the sensitivities of the process to various disturbances,
including raw material variations, environmental conditions, and process equipment dif-
ferences. Robustness measures are presented to quantify the robustness of the process to
each of these disturbances. The process is then made robust (insensitive) to the distur-
bances over which one has some control (e.g., by modifying the equipment units to which
the process is sensitive and imposing specification regions on sensitive raw materials). It
is also made robust to disturbances over which one has little control (e.g., environmental
variations) by optimizing the process operating conditions with respect to performance
and robustness measures. The optimization is easily performed in the low-dimensional
space of the latent variables even though the number of process variables involved is
very large. After applying the methodology to historical data from the membrane
manufacturing process, results from several months of subsequent operation are used to
demonstrate the large improvement achieved in the robustness of the process. VVC 2010
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Introduction

In general, robustness can be defined as the ability of a
system to maintain performance in the face of disturbances
and uncertainties that are likely to occur in practice. In bio-
logical systems, cellular functions are maintained in the pres-
ence of diverse disturbances arising from environmental
changes. It has long been recognized that this robustness is
an inherent property of all biological systems and is strongly
favored by evolution.

Robustness is a relative property because no system can
maintain robustness for all its functions in the face of any

kind of perturbation. Hence, we have to specify (i) which
characteristic behaviors should remain unchanged and (ii)
for what type of disturbances or uncertainties this invariance
property should hold. In biological systems, the primary
function of a system is usually robust to a wide range of per-
turbations; yet, for some functions these systems can show
extreme fragility toward other (even seemingly much
smaller) perturbations. This coexistence of extremes in
robustness and fragility, ‘‘robust yet fragile’’ in effect consti-
tutes a very fundamental phenomenon that needs to be
explored and clearly defined for any system.

Industrial processes share the same type of challenges as bio-
logical systems. Processes are subjected to external disturbances
in the form of raw material variations, the presence of impur-
ities, environmental changes and internal disturbances such as
changing catalyst activities, and differences in equipment. The
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major quality attributes of the manufactured products need to be
robust to the most important of these disturbances. Clearly,
these industrial systems, like the biological systems discussed
above, have feedback controllers that make them more robust.
However, they may still be fragile to certain disturbances. The
reality of ‘‘robust yet fragile’’ processes is that one should try to
ensure that the important product quality attributes are insensi-
tive to certain key disturbances, but at the same time one should
also develop specifications regions to limit the range of other
measured disturbances to which the process is sensitive less
these disturbances become too large.

The methodology for achieving robust industrial processes
proposed in this article is inspired by the robust performance
of living biological cells, often perceived as small factories,
and by the pioneering works on robustness by Box and
Andersen1,2 and Taguchi.3–6 It is based on learning from
process data, quantifying robustness and optimizing the pro-
cess operation conditions to achieve both acceptable per-
formance and a high degree of robustness to important dis-
turbances. The methodology is entirely data driven and uses
latent variable (LV) models and optimization in the identi-
fied LV space.

Measures of Robustness

The lack of robustness of processes to disturbances can be
observed as a shift in the mean of a response, as an increase
in the variability around the mean, or both, as illustrated in
Figure 1. To develop a quantity that reflects the degree of
robustness, one can formulate this problem as a binary clas-
sification with one class representing the process with ac-
ceptable performance under common-cause variation (c) and
the second class representing the process under the addi-
tional effect of a disturbance (d). The deviation or shift in

the mean of the distribution of the responses can then be cal-
culated as a squared distance D2

d/c between the two classes
and a shift in relative variance as VRd/c (both defined
below).

Structure of the data

In this article, it is assumed that historical data are avail-
able on the process when subject to a range of disturbances
against which robustness is desired. The data matrix consists
of measured values (i ¼ 1,…,N) on process variables xik (k
¼ 1,…,K) and quality variables yim (m ¼ 1,…,M) as illus-
trated in Figure 2. The data are arranged in the observation
matrices X with dimensions (N*K) and Y with dimensions
(N*M). The observations made on a single object, at a given
point in time (xi), form a K-dimensional vector and can con-
sequently be represented as a point in a K-dimensional
space. Data are assumed to be available for both conditions
of acceptable performance when only common-cause varia-
tion7 (inherent variation with no abnormal disturbances
present) and under the influence of different disturbances (Fig-
ure 2). This type of data is almost universally available on
processes. As the quality of any product cannot be evaluated
univariately, the objective then is to assess the similarity or
dissimilarity of objects as in Figure 1 in a multivariate sense.

Dissimilarity measures for disturbance robustness

Dissimilarity in the Means. As illustrated in Figure 1,
lack of robustness to a disturbance can be manifested as a
shift in the mean of the process. To quantify such shifts, a
measure of dissimilarity is needed. In the present approach,
a model is first build from data from the class when accepta-
ble performance is achieved and only ‘‘common-cause’’ vari-
ation is present. The data within this class can be described

Figure 1. Effects of different disturbances on the quality variables.

(a) Shift in the mean of the distribution; (b) increase in the variance; and (c) shift in the mean and increase in the variance. [Color figure
can be viewed in the online issue, which is available at wileyonlinelibrary.com.]

Figure 2. Data matrix structure for the classification problem.
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by the LV model built using principal component analysis
(PCA)8,9:

Yc ¼ TcP
T
c þ Ec (1)

where Yc is a matrix containing observations on the response
variables of interest collected under that class, Tc is a (N*A)
matrix of LV scores (A\M) that summarizes the Yc matrix,
Pc is a matrix of loadings, and Ec is a matrix of residuals. This
model will be referred to as PCAYc.

The dissimilarity function is constructed based on the
SIMCA method10 for classification in which a series of PCA
models are built, one for each class of data shown in Figure 2.
A set of observations under a given disturbance can then be
accessed against the reference data class (c) where there is ac-
ceptable operation and only ‘‘common-cause’’ variation by
using a distance measure as a criterion for association. For a
set of observations under the influence of a disturbance, a mul-
tivariate distance measure, D2

Yd=c, for the distance of the
responses (Yd) under the disturbance class (d) from the
responses (Yc) under the reference class (c) is defined as
described in Eq. 2. The distance D2

Yd=c provides equal weight-
ing to the distance in the LV space of model (Hotelling’s T2)
and to the distance in the orthogonal residual space (squared
prediction error or SPE).10,11 Similar combined distance meas-
ures have also been used in other contexts.12,13 A graphic illus-
tration of the concept of the distance measure is shown in Fig-
ure 3. The 95% confidence limits for class c in Eq. 2 can be
seen as normalization factors for the two terms.

D2
Y;d=c ¼

T2
d=c

ðT2
c Þ0:05

þ SPEd=c

ðSPEcÞ0:05
: (2)

In Eq. 2, overall the square prediction error (SPEd/c) of
class d observations from the model built on class c (PCAYc)
is calculated as shown in Eqs. 3 and 4. For the i-th observa-
tion or object of class d, SPEd/c,i can be defined as:

SPEd=c;i ¼
XM
m¼1

e2d;m;i; (3)

where the ed,m,i are the components of the residual vector
ðyd;m;i � ŷcd;m;iÞ for observations under disturbance d relative to
the model for the acceptable performance class c.

The notation d/c implies the point in class d (under the influ-
ence of the disturbance) is projected onto the model for class c.

The average of SPEd/c,i for the nd observations in class
d can be computed as:

SPEd=c ¼ 1=nd

Xnd
i¼1

SPEd=c;i; (4)

where SPEd/c is the average squared distance of the
observations in class d from the plane defined by the PCA
model for the reference or ‘‘common-cause’’ class c and
(SPEc)0.95 is the 95% confidence limit for the residuals of the
samples of the PCA model built on class c.9,11

The average Hotelling’s distance for observations in class
d from the center of the common-cause model T2d=c is calcu-
lated as in Eq. 5.

T2
d=c ¼

1

nd

Xnd
i¼1

T2
d=c;i ¼ 1=nd

Xnd
i¼1

XA
a¼1

t2d=c;a
s2ta

; (5)

where T2d=c;i is Hotelling’s T2 statistic for the i-th sample in
class d based on the model for class c. (T2c)0.95 is the 95%
confidence limit of the Hotelling T2 for the PCAYc model9,11

built on class c. s2ta is the variance of the principal component
score, ta, according to the PCAYc model of class c.

Intuitively, D2
Yd=c in Eq. 2 provides a quantitative measure of

process robustness to a shift in mean of the response variables
(Y). From Figure 3, this can be seen as the combined ‘‘deviation
in the LV space’’ T2d=c and the ‘‘deviation from the plane’’
defined by the SPEd/c caused by the presence of a disturbance. A
small value of D2

Yd=c is an indication of a robust process. Based
on the normalization used, D2

Yd=c values much above 2.0 would
tend to imply lack of robustness to that disturbance class d.

However, the distance measure in the response space (Y)
will also depend upon the magnitude of the disturbance. To
normalize the distance measure with respect to the magni-
tude of the disturbance, one can also compute, in a similar
fashion to D2

Yd=c, the distance D2
Xdd=c

that the disturbance var-
iables (Xd) have moved during that disturbance.

A normalized measure of robustness to any disturbance or
group of disturbances can then be defined by Eq. (6)

Measure of robustness ¼ �D
2
Yd=c ¼

D2
Yd=c

D2
Xdd=c

: (6)

Dissimilarity in the Variance. As illustrated in Figure 1,
a lack of robustness of a process to a disturbance may also
manifest itself as an increase in variance of the responses.
A dissimilarity measure is therefore also needed to measure
this change in variance. One can compute the variance–co-
variance matrices for the data with operation under both the
acceptable (c) and disturbance (d) conditions. For nd obser-
vations (yd) in the disturbance class (with yd scaled in the
same way as the preferred class, c), the variance–covariance
matrix for the M y’s is computed as

X2

d
¼ 1

nd

Xnd
i¼1

ðyd;i � �ydÞðyd;i � �ydÞT : (7)

One can then compute the trace Tr(
P

2
d) (the sum of the

diagonal variances of
P

2
d) and compare this against the

Tr(
P

2
d) of the variance–covariance matrix under the preferred

Figure 3. Latent variable distance measures (T2
d=c and

SPEd/c) of a disturbance class of observa-
tions (d) from an acceptable class (c) of
observations.

[Color figure can be viewed in the online issue, which is
available at wileyonlinelibrary.com.]
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operation with only common-cause variation (c). However, the
data collected when the process is operating under the pre-
ferred mode are usually much more extensive and should
contain most common-cause disturbances over time, whereas
the disturbance, class d, is a more limited set of data collected
over a limited duration where only some of the common-cause
variations may be present. To deal with this problem, one
can divide the preferred operation dataset to a number of
subgroups (G) of nd successive observations (where nd is the
size of the disturbance class) and hence provide an estimate of
the equivalent short-term variance in the reference class. The
ratio between the variance under preferred operation to
the variance under the influence of disturbance can then be
calculated as:

Variance ratio ¼ VRd=c ¼
Tr

P2
d

� �

1
G

PG
j¼1

Tr
P2

c;j

� � ; (8)

where the denominator is the average trace of the variance—
covariance matrix for the G sets of nd successive observations
taken from the preferred class c of observations.

This value, being a ratio of mean squares should follow
approximately an F distribution with numerator degrees of
freedom equal to K(nd � 1) and the denominator with
degrees of freedom equal to GK(nd � 1). If these degrees of
freedom are relatively large, then a variance ratio (8) much
above � 2 would indicate a significant change in variance
due to the disturbance.

The measures of robustness (6) and (8) are used in this
work to provide relative measures of robustness to different
disturbances. The magnitude guidelines are only provided as
rules of thumb to assess the importance of any disturbance.

Optimization for Robustness

Many issues have to be taken into account when formulat-
ing the robust design problem as an optimization problem.
We have to select first the final product quality or response
variables (Y) for which the process must be robust, and the
design variables or system parameters (xp) that can be
manipulated in order to achieve robust performance, define
robust performance in the form of an objective function, and
develop models that can define both the responses and their
sensitivities in terms of the manipulated variables, raw mate-
rials, and disturbance variations. To achieve a robust pro-
cess, one has to simultaneously achieve the following two
goals: (i) find in the X-space a new set of process conditions
(xp) that will make the Y-space insensitive to specified dis-
turbances; (ii) identify the disturbances that can create a
‘‘fragile’’ condition (i.e., raw materials properties) and prop-
erly set specification limits on these disturbances.

This section discusses the development of LV regression
models relating the response variables Y to the process varia-
bles X, the extraction of sensitivity estimates of the
responses to the disturbances of interest, and the optimiza-
tion in the space of the LVs to obtain operating conditions
and raw material specifications that ensure robust perform-
ance. The whole procedure is based on the off-line analysis
of historical data and is not being suggested as an on-line
control or real-time optimization problem.

Partial least squares regression model

Nonlinear LV models built using partial least squares
(PLS)14 are used to relate the key product responses of inter-
est (Y) to the manipulated variables (Xp), raw material varia-
bles (Xm), and all measured process variables (all of these
are combined in X). The LV model provides models for both
the X space and Y space and the relationship between these
spaces.

X̂ ¼ TAP
T
A

Ŷ ¼ TAC
T
A

: (9)

TA is a matrix of LV scores, where (a ¼ 1, …, A) are
estimated as linear combinations of the X matrix

TA ¼ XW�; (10)

where the columns of W* are the weights from PLS that
maximize the covariance of (X Y).

The LV score matrix can be re-expressed in normalized
form as

TA ¼ UA:
X

A
; (11)

UA is a matrix with orthonormal columns and
P

A is a di-
agonal matrix containing the standard deviations of the ta
scores, (sa) (a ¼ 1,2,..A) on the diagonals.

Using a quadratic PLS algorithm,14 the predicted response
variables can be expressed as

ŷjðunewÞ ¼
XA
a¼1

ðb0aþb1aðunew;a � saÞ þ b2aðunew;a � saÞ2Þ:cja;

(12)
where the cjas are the PLS weights for the j-th response (Y) in
the a-th LV (ta) and the bs are the regression coefficients for
the quadratic relationship between y and the LVs of the X
space (ta ¼ ua.sa). Although a quadratic inner relation was used
to model the nonlinearities, any other form of nonlinearity can
be introduced in a similar way.14 This model will be referred
to as the NPLS model.

Objective function for robust performance

The objective of the optimization problem is to find new
process conditions x̂p;new and raw material specifications
xm,new that satisfy several conditions: (i) they are consistent
with the PLS model from past operating conditions; (ii) they
yield desired values for the quality variables ydes; and (iii)
they minimize the sensitivity of the quality variables to dis-
turbances @y

@d. Here, the partial derivative symbol is used to
denote the sensitivity, but, as shown below in the application
of the methodology, these sensitivities are estimated as coef-
ficients of a PLS model fitted to specific subsets of historical
data. The optimization is thus formulated to minimize the
following quadratic objective function.

Min
unew;a
a¼1;2;:::A

ydes� ŷðunewÞð ÞTQ1 ydes � ŷðunewÞð Þ þ @yT

@d
Q2

@y

@d

� �� �
;

(13)

where ydes is a vector of desired values of final product quality
characteristics, and @y

@d is the vector of sensitivities of the
product qualities with respect to specified disturbances. The
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first term in Eq. 13 minimizes the deviation from the desired
product quality and the second term penalizes the effect of
disturbances on the quality. This objective thus attempts to
simultaneously achieve conditions that will yield good
performance and robustness (robust performance). Q1 and
Q2 are selected weighting matrices that balance the emphasis
placed on performance vs. robustness (sensitivity to distur-
bances). In this context, to increase the robustness of a process,
one would increase the weight Q2 relative to Q1.

To ensure that the solution to the optimization unew will
be feasible, i.e., lie on the plane defining the X space and lie
in the region of that plane spanned by past data. The follow-
ing three sets of constraints are applied during the optimiza-
tion.

i The projected solution tnew,a (a ¼ 1, 2, ..A) must fall
within the region of historical t-vectors that is.

T2 ¼ t21
s21

þ t22
s22

þ :::

� �
� constant (14)

The value of the constant can be taken as the historical
99% confidence contour9,11 for data from the preferred pro-
cess.

ii To be consistent with past operating conditions, the
solution xnew must lie close to the model plane and so must
have a small residual. This implies the constraint

SPE ¼
Xk
l¼1

ðxdesired;i � x̂desired;iÞ2 � e (15)

where, e is a small value.
iii Additional constraints may also be added for all the

disturbances variables that are measured and hence known to
within measurement error. In the optimization, these are sub-
jected to bounded constraints.

Xmeasured;i � ei � X̂new;i � Xmeasured;i þ ei (16)

Values of ei are determined from the estimates of mea-
surement errors.

The optimization Eq. 13 is solved using trust-region
method of the sequential quadratic programing (SQP) algo-
rithm.15 Note that the optimization in (13) is performed in
the LV space ua (a ¼ 1,2,..A) of the PLS model. This is
essential because this is the only space (i.e., the plane of the
LV model) in which one has causal information on the pro-
cess.16 Once the optimal values of unew,a have been obtained,
the corresponding optimal values of the process variables
can be obtained from the PLS model of the X-space (9) as:

x̂Tnew ¼ ûTnew �
X

A
PT

1� k 1� A ðA� AÞ A� k :
(17)

This x̂Tnew will (by Eq. 17) fall on the plane of the LV
model and in the region of existing data and hence will pro-
vide a feasible solution, consistent with past operation. Equa-
tion 17 provides the vector of process conditions (x̂Tnew), con-
sisting of both the new values for the manipulated variables

(xp) as well as the estimated values that all the other process
variables will have at these optimal conditions.

Sensitivity functions

To provide an expression for the second term in Eq. 13
that describes the sensitivities of the final product quality to
specified disturbances, one needs to extract this information
from the historical data. This is a difficult problem, and we
present a procedure for estimating these sensitivities as a
function of the LVs. It is accomplished in three steps:

i Using only process manipulated variables (xp) (exclud-
ing all disturbances), build a PCA model (PCAXp) that cluster
all the observations into regions that have a similar operational
mode. As the observations within each cluster have similar
process conditions, one can assume that the variation within
each cluster is due mainly to changes in disturbances.

ii Extract all the observations from each cluster and build
a regression model, one for each cluster, relating the distur-
bances (d) to the responses (yj) (REGy/d). The regression coef-
ficient (bk) relating the effect of each disturbance (dk) on yj is
an estimate of the sensitivity of yj to that disturbance (

@yj
@dk

) for
each cluster. The sensitivity estimates for each cluster are then
assigned to all observations in that cluster.

iii A regression model (REGu/b) is then built to relate the
sensitivities from all clusters to the LVs (ua, a ¼ 1,..,A) of
the NPLS model as required in the optimization of (13).

This procedure of estimating the sensitivities from histori-
cal data is a key element of this robust problem. However,
further details on it are best illustrated with real process data
and so are left to the industrial example section to follow.

Achieving Robust Performance in a Membrane
Manufacturing Process

This industrial hollow fiber membrane manufacturing pro-
cess has been described in another article on the diagnosis of
equipment problems.17 Therefore, it will be described only
briefly here. In that article,17 it was shown by an indicator
variable PLS approach that the major sources of variations
in product quality in this complex series-parallel process
were equipment-to-equipment variations, raw material varia-
tions, and environmental variations (ambient temperature and
humidity). In this section, we will show again, but by means
of the dissimilarity measures in the section on Measures of
Robustness, that the process is not generally robust over its
entire range of operation to these disturbances (equipment-
to-equipment variations will be broadly interpreted as distur-
bances in this article). The LV modeling and optimization
procedures outlined above will be used to find a region of
the operating space where the quality responses are much
more robust to these disturbances. Actual data from several
months of operation of the robustified process will then be
used to verify the success of these methods.

The process for the manufacturing of hollow fiber mem-
branes used in water purification consists of a complex se-
ries-parallel arrangement of processing units as illustrated in
Figure 4.

Batches of membrane are produced by processing raw
materials (polymer, solvent, additives) through any 1 of 11
batch mixing units, followed by passing the dope through
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any one of the three degassing units, spinning the hollow
fibers in one of three spin-lines, post-treating in one of two
post-treatment units, followed by drying in the single drier
unit. Almost 3 years of data were available consisting of 200
batches of membrane. Final assessment of each of the
batches of membrane was made in a quality control labora-
tory by measuring 12 responses related to the structure and
permeation properties of the resulting hollow fiber mem-
branes (Ys). A plot of the first two principal components (t1,
t2) that explain most of the variation in all the historical
quality data (Ys) is shown in Figure 5. One can see that
there is a considerable variation in quality, and some of the
areas in the score plot where certain problems occur are
noted qualitatively by ellipses. (The colors in the plot show
different periods of operation and are shown only to help
visualization.) The problem is to find out what disturbances
and equipment variations are leading to this sensitivity or
lack of robustness of the existing process and then define
conditions and an operating region under which one can
achieve robust performance.

Data were available on measurements from variables char-
acterizing the raw materials (polymers and solvents), on ini-
tial conditions and process trajectory variables for the batch
mixers, on the degassing unit variables, on fiber spinning
variables (polymer delivery system, bore fluid properties,
spin jets and gap control, coagulation, and rinse tank), on
post-treatment variables, and on dryer variables. In total, for
the manufacture of each batch of membrane, 8025 measure-
ments were collected on process and raw material variables.

Analysis of robustness to disturbances

The measures of robustness D
2

Yd=c (Eq. 6) and variance ra-
tio VRd/c (Eq. 8) were calculated and summarized in Table 1
for all raw materials (two sources), all process units, and all
environmental conditions for which clear changes had
occurred. The measure of robustness D

2

Yd=c is calculated as
described by Eq. 6 by projecting observations under the
influence of disturbances (class d) (i.e., a change to a differ-
ent polymer raw material source, equipment changes
(mixers, powder delivery system, and degas system), and
environmental conditions (relative humidity and ambient
temperature) onto the PCA model (PCAYc) built using data
from the desired space at the center of the score plot in Fig-
ure 6 with only ‘‘common-cause variation’’ (class c). The
computed robustness measures are shown in Table 1 for a
set of equipment units and disturbances.

The process units and disturbances that exhibit high dis-
similarity distance (D

2

Yd=c) and/or high variance ratio (VRd/c)
are shown in the top part of Table 1. This implies that the
process is not robust to the use of mixers 1, 7, and 8 to
spin-line 2 and degas system 2 nor to using the alternative
raw material (polymer cluster 1) nor to changes in the rela-
tive humidity and temperature of the environment (these lat-
ter two were correlated). Most of the other equipment units
and disturbances had relatively low dissimilarity distances
and variance ratios; a few of these are shown for comparison
in the bottom part of Table 1. The process therefore appears
robust to these other equipment units and disturbances.

Optimization for robust performance

The objective is to search for a good operational space
that is also robust to the key disturbances revealed by the
robustness measures of the previous section. It was shown in
Table 1 that the process was not robust to many disturban-
ces. These could be classified into those disturbances over
which the company had little control (relative humidity and
ambient temperature) and those over which some control
was possible (source of polymeric materials and equipment
units that could be used). It was therefore decided to robus-
tify the process against the ambient disturbances (humidity
and temperature) through optimization of Eq. 13 using this
as disturbance (d) and to set specifications on the other dis-
turbances (polymer material properties and equipment units
to employ) to which the process would still be ‘‘fragile.’’

Latent Variable Model. A nonlinear (quadratic) PLS
model (NPLS – Eqs. 9–12) was built for historical data
between the final product quality variables (Y) and the pro-
cess variables (X) from all units including: the initial condi-
tions and trajectories in the batch mixing, the degas varia-
bles, the spin-line variables, and the post-treatment variables.
The model used historical data that spanned all conditions of
the environmental disturbances (environmental humidity and
temperature), but these environmental variables were not
included in the model because the eventual use of the model
is to find process conditions at which the process is insensi-
tive to any changes in these disturbances. The nonlinear PLS
model provided a good fit of the data (the fraction of the
sum of squares explained by the fit R2 was 0.92) and was
quite predictive of new data (the fraction of the prediction
error sum of squares from cross-validation Q2 was 0.88).
Linear PLS gave a slightly lower R2 and Q2 but could
equally well have been used in this method.

Figure 4. Schematic diagram of the overall membrane manufacturing process showing the structure of the data.

[Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]

AIChE Journal May 2011 Vol. 57, No. 5 Published on behalf of the AIChE DOI 10.1002/aic 1283



Sensitivities to Disturbances. As discussed in section
Optimization for Robustness, crude estimates of the sensitiv-
ities of the Ys to the major disturbances can be obtained by
a three-step procedure. First, a PCA model is fitted to all the
historical process manipulated variable data (PCAXp). This
will extract the major variations related to process operating
data and cluster the observations in the data set into clusters
with similar operating values. Figure 6 shows five clusters in
the score space of the first two principal components (t1, t2).
A regression model is then built on the data within each
cluster relating the product quality variables (Y) to the main
disturbance variables for which robustness is desired. (In this
study, relative humidity and ambient temperature of the
environment around the process were the disturbances con-
sidered.) As the observations within each cluster have simi-
lar process operating conditions, it is assumed that the main
variations in the Y space are due to the effect of disturban-
ces occurring within that cluster. The regression model
(REGy/d) is of the form:

Yi ¼ b0 þ b1ðrelative humidityÞi þ b2ðambient temperatureÞi :

(18)

The coefficients in the regression model are then taken as
estimates of the sensitivities of the disturbances common to
all points within that cluster. The same sensitivities are
assigned to each observation in that cluster. A similar proce-
dure is followed with each of the other clusters. One is then
left with a matrix of sensitivities for different regions in the
LV space. These sensitivities are then regressed against the
LV score vectors (ua, a ¼ 1,..,A) from the PLS model to
obtain a model for the variation of the sensitivities in the
space of the NPLS LVs (REGu/b). This provides a model for
the sensitivities in the second term in the objective function
(Eq. 13), while the NPLS model provides the ŷ predictions
in the first term, both of these as a function of the LVs (ua,
a ¼ 1,..,A).

Optimization. The optimization of the objective function
(Eq. 13), subject to the constraints discussed in section

Figure 6. Score plot (t1 vs. t2) of the PCAXp model of the process conditions (Xp) using all historical data.

[Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]

Figure 5. Variation of the final quality variables in the PCA score space of Y.

Results shown for all historical data on Y. [Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]
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Optimization for Robust Performance was carried out for a
range of weighting matrices (Q1 and Q2) in the objective
function (Eq. 13). This provided a range of solutions shown
in the LV score space in Figure 7, ranging from solution 1
that emphasizes performance only (Q2 ¼ 0) to increasing
emphasis on robustness as Q2 increases in solutions 2
through 4.

By projecting the results back to the PCA space of the Y
data, one can display the four solutions. Although solution 1
provides an optimum performance (high permeability, high
BP, high mechanical properties, and low defect rate), it is
sensitive to environmental changes as reflected in the sensi-
tivity values @y

@d, where y is the defect rate (%), and d is the
relative humidity and temperature disturbances. On the other
hand, solution 4 yields operating conditions with less per-
formance (82% of the optimal performance) but with a
higher degree of robustness to environmental changes. Con-
ditions corresponding to solution 3 were selected as those to
be implemented on the process.

Reconstruction of the Optimal Desired Space. From the
knowledge developed from Table 1, a multivariate raw mate-
rial specification region18 was established to use only raw
materials with properties consistent with those from cluster
1. New process conditions that correspond to the optimized
values of the LVs (ua,new a ¼ 1,…,A) are easily obtained
from the LV model of the X space (Eq. 17). This x̂Tnew vector
contains the optimal steady-state setting for all the variables
of the continuous process units (spin-line, post-treatment,
and drying), for the fixed and initial conditions of the batch
processes, and for the optimal time varying trajectories of
the process variables in the batch process units (mixing).
The batch trajectory data were unfolded in a batch-wise
manner19 and included in the rows of X. Figure 8 shows the
optimal trajectory of the dope temperature for the mixing
process (heavy red line) together with some typical trajecto-
ries from the historical data. One trajectory from each of
mixers 7 and 8 is also shown. These are two of the units to
which the process was found to be not robust (Table 1).

Manufacturing Results from Implementation of the New
Robust Performance Conditions. The optimal robust per-
formance conditions corresponding to the selected solution 3
in Figure 7 were implemented on the manufacturing process.
In addition, a multivariate raw material specification region
was developed and used to exclude polymer raw materials
with properties significantly outside those consistent with
polymer source 1. In addition, mixers 1, 7, and 8 were modi-
fied and introduced back into production after acceptable
performance was demonstrated. The results of 80 new mem-
brane batches produced under these new conditions are
shown in Figure 9 as a projection of the new product quality
results (Y) onto the LV space of the PCA model for Y based
on the original data (Figure 5). The historical Y data from
Figure 5 are also shown to illustrate the much more consist-
ent (robust) operation of the process under these conditions.
The process at these new conditions was still subject to
essentially the same environmental variations as was the
data from the historical process operation. Clearly, the pro-
cess is much more robust under the new process conditions,

Figure 7. Projection of different optimization solutions into the latent variable space (t1, t2) of the PCA model for Y
(see Figure 5).

[Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]

Table 1. Value of the Distance Measure (D
2

Yd=c) Calculated
as in Eq. 6 and the Variance Ratio (VRd/c) Calculated as in

Eq. 8 for Selected Disturbances

D
2

Yd=c Variance Ratio VRd/c

Disturbances
Polymer (cluster 2) 8.70 6.30
Mixer 8 5.80 5.45
Spin-line 2 5.23 1.09
Mixer 7 5.70 5.55
Powder delivery system 7.18 1.20
Relative humidity 8.23 1.81
Ambient temperature 7.12 1.10
Mixer 1 6.10 4.65
Degas system 2 5.20 1.97
Examples of raw material and equipment that did not cause a

shift in the mean or variance of the cluster distribution
Polymer (cluster 1) 2.11 1.11
Mixer 11 2.02 1.32
Degas system 3 2.30 1.80
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with the new raw material specifications and the repaired
mixers. This improved robustness is also illustrated in Table
2, where the calculated robustness measures of dissimilarity
and variance ratio are again calculated using the new data.
These robustness measures, shown for the disturbances that
previously resulted in lack of robustness (see Table 1), also
confirm that the new process is much more robust.

Some idea of the relative impact of the various actions on
the performance and robustness of the process could also be
assessed due to a staged implementation of the improve-
ments. The first stage involved removing all the equipment
to which the process was not robust and implementing speci-
fication regions on the raw materials. The process was
improved, but the yield of good membranes increased to
only 80%. By also optimizing the process operating condi-

tions to make the process more robust to humidity and ambi-
ent temperature, the yield increased to 96%. The final step
then involved introducing the modified equipment (mixers 1,
7, 8 and spin-line/degas system 2) back into service. The
yield then stabilized around 94%.

Conclusions

The concept of ‘‘robust but fragile’’ processes is used to
develop an approach to robustifying processes with respect
to important disturbance and equipment variations. The
approach is based on using historical plant data to identify
those disturbances and equipment units to which the process
responses are not robust. Although the methodology is de-
pendent upon the availability of historical data and on a

Figure 9. Projection of new observations onto the PCA latent variable space of Y.

Projection of old observations is also shown from Figure 5. [Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.
com.]

Figure 8. Trajectory of dope temperature (�C) vs. time (min) showing the optimal trajectory computed from Eq. 17
and several other trajectories from good and poorly performing mixers.

[Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]
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detailed analysis of those data, such data are usually avail-
able from historical databases on most processes. Multivari-
ate robustness measures for the effect of the disturbances on
the mean of the process responses and on the variance of the
responses were developed for this purpose. LV models based
on PCA and PLS and built from the historical data are then
used to model the process responses and sensitivities with
respect to these disturbances and to the process variables.
For those disturbances over which one has some control,
such as poorly performing equipment units and raw material
supply, direct action can be taken. In the membrane process,
the identified poorly performing equipment units were taken
out of operation, modified, and returned to service, and mul-
tivariate specification regions were imposed on the raw ma-
terial properties from the suppliers. For those disturbances
over which one has little control optimization can be per-
formed in the LV space to find process operating conditions
that make the process responses insensitive to them. In the
membrane process, these latter disturbances were the envi-
ronmental conditions (humidity and ambient temperature).
Application of the methodology to a hollow fiber membrane
manufacturing process was presented to demonstrate the
methodology and to illustrate the improved performance and
robustness achievable through its application.
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Table 2. Value of the Robustness Distance Measure (D
2

Yd=c)
Calculated as in Eq. 6 and the Variance Ratio (VRd/c)
Calculated as in Eq. 8 for Identified Disturbances

D
2

Yd=c Ratio of the Variances VRd/c

Disturbances
Raw materials 2.23 1.20
Mixer 8 2.16 1.45
Spin-line 2 2.30 1.09
Mixer 7 2.11 1.55
Relative humidity 2.3 1.52
Ambient temperature 2.14 1.21
Mixer 1 2.3 1.65
Degas system 2 2.51 1.55
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