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Abstract

We do not understand enough of plating bath chemistry to generate

a quantitative parametric model. Nonetheless, we can construct
empirical multivariate, quantitative models to predict the change

in plating structure(responses) with changing plating bath
parameters(factors) using only a limited number of designed
experimental runs. These models can then be used either to vary
the plating factors to obtain a desired response(s) or to detect
changes in plating factors or a change in the underlying model
from changes in the plating responses. Two of these methods,

principal component analysis(PCA) and partial least-squares in
latent variables(PLS), will be illustrated; and their adaptation

to general multivariate process control will be discussed.

Introduction

In spite of the fact that electroplating has been an important

technology in all parts of the world for many years, our
understanding of this process is still very imperfect. Some
reasons for this are the complicated reactions at the double layer
between the metal cathode and the electrolyte, the nonlinearity
of the bath reactions, the fact that baths are operated far from
equilibrium, the self organization properties of the bath and the
multivariate interactions that are possible. In many instances,
the baths in use are proprietary, so that we are prevented from
even knowing the bath contents. For any and all of these reasons,
a quantitative parametric model of the bath chemistry does not
exist for any commercial plating bath.

Nevertheless, a multivariate, quantitative model of the

electroplating bath, is necessary if we are to understand and
control this important technology. Fortunately, we do not lack for
data on the plating bath parameters(factors) and the corresponding
plating characteristics(responses). These data can usually be

obtained from previous production runs for an old bath or from
designed experimental runs for a new bath. The problem is to turn
these data into useful information.

The plating bath factors used in a designed experiment of N runs
may be represented as elements of a matrix of N rows(samples) and

K columns(factors). Similarly the corresponding plating responses
may be represented as a matrix with the same N rows and P columns
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may be represented as a matrix with the same N rows and P columns
corresponding to the P plating responses that are measured for
each run. The 16 by 11 factor(X) matrix for a nickel process

variation study for a two level fractional factorial Plackett-
Burman designed experiment is shown in Table I. A plus one refers
either to a high value of a plating factor or to one type of
anion. A minus one corresponds to a low value of the same plating
factor or to a different anion. If the two factor interactions are

included, this matrix becomes a 16 by 66 matrix. The original and

corresponding centered and scaled 16 by 9 response (Y) matrices are
shown in Table II. The values of the plating factors used in these
runs are deliberately chosen to be somewhat outside the normal

operating limits to ensure that any possible factor combination

that may arise during operation of the bath has been included in

the model. The variations in the responses in Table II due to the

change in plating factors are obvious and our first step is to
look for quantitative relations between them.

The measured components from each row of the response matrix
specify a point in the P dimensional response space. The

arrangement of these N points in this space reflects the relations
between the responses and will be discussed in more detail below.
Although it is very difficult to visualize patterns in a space

with more than three dimensions, the techniques described below
can be used to "project" these points in sample space onto a lower
dimensional space.1 In many instances it is convenient to project
these points in hyperspace onto two dimensional planes, which act
as windows into the hyperspace.

Since the plating responses are the result of a multivariate

process and may be correlated in ways that are unknown to the
plating engineer, separating these results into a smaller number
of uncorrelated components using principal component analysis (PCA)
is an important first step in developing a model for the plating
process. After these components are identified, our next task is
to relate these plating response components to the plating bath
factors using partial least-squares regression(PLS), thereby
creating a quantitative model of the plating process. If the
plating factors and responses arise from the same underlying
model, we will obtain a regression relation that is robust and can
be used with confidence over a wide range of plating conditions.

Principal Component Analysis

Principle component analysis has been described in a number of
books and articles and will be discussed here only in general
terms.1,2 The mathematical analyses used in this paper were done
using a variant of the Chemometrics Toolbox set of programs
developed for use with the MATLAB language.3 This is a high level
language especially designed for solving matrix algebra problems.
Some analysis techniques such as varimax rotation, cross
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validation and variance ratio F-tests are not included in the

Toolbox routines and have been written using the MATLAB language.

The essence of PCA is to extract from the response matrix the
important correlations between the various responses. This
analysis of the response matrix alone is related to the more

complete analysis of the response and factor matrices together

using PLS. A PCA analysis may be thought of as a zeroth order PLS
analysis, wherein the response or factor matrix is analyzed
alone.4

The PCA method consists of expanding the response matrix into a

sum of uncorrelated matrices, each of which is the outer product

of a single score vector(column) and a single transposed loading

vector(row). In vector notation, we can write this decomposition

Y = tl * Pl' + t2 * PZ'  '*' + E, (1)

where Y is the original response matrix, t is a score vector, p'

is the transposed loading vector, and the matrix E contains the
residual, i. e. the part of the data not "explained" by the

principal components. A primed vector or matrix is a transposed
matrix or vector, i.e. a.'=a...5 The loading vectors,p , are

11 , 13

eigenvectors of the covariance matrix Y' * Y and the score

vectors, t, are the eigenvectors of the association matrix Y * Y'.
If the response matrix has N rows(samples) and P

columns(responses), tis an Nx 1 column vector, p' is alxP row
vector and the outer product t*p'isanNxP matrix. The
orthonormal loading vectors in the response space are a new set

of axes that point in the directions of greatest variation and,
the P elements of p' are the direction cosines to the original
response space axes. The N elements of t are the coordinates of

each of the N sample points with regard to each loading vector
axis. If the N points in response space are projected
perpendicularly onto a plane defined by two of the loading

vectors, the coordinates of the projected points in the plane are
the elements of the corresponding score vectors.

The response matrix Y presumably contains some noise as well as
real variation. If we use all P loading vectors in Eq. (1), we
will reproduce the response matrix exactly, noise and all. The
object of PCA is to select a smaller number of principal
components that will explain almost all of the real variance plus
some imbedded error and leave a residual matrix that is almost all

noise. This is especially important when P is large. It can be
shown that the imbedded noise in the sum of a selected number of

eigenvectors is less than the noise included in the sum of all of
the eigenvectors.6 In this way some of the noise can be
eliminated from the data. A simple example of this from Reference
6 is shown in Table III. I f we construct a simple "pure data"
matrix D* and add to it a "noise" matrix N, we obtain a matrix
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containing real variation and noise, D. We can easily find the
principal components of this matrix using a one line MATLAB
language command:

[load,score,value,remvar,modpwr,explvar] = pcarow(D), (2)

where load is the calculated matrix of loading vectors, score is
the calculated matrix of score vectors, value is the column vector
o f eigenvalues, remvar is the remaining variance a fter subtracting
the variance explained by the current principle component, modpwr
is the modeling power or explained standard deviation per
variable, and explvar is a column vector containing the explained
variance for each response for each component.1

Although in this simple example it is obvious that the two columns
in D* are not linearly independent, this condition is recognized
automatically by the PCA analysis of D* and one of the two
eigenvalues and corresponding score vectors are zero. Because of
the added noise, the columns of matrix D are independent and two,
non-zero eigenvalues are found: 767.15 and 0.29. It is clear from
the size of the eigenvalues that the first outer product, tl*pl'
will explain almost all of the variation in D, and as Table III

shows, this matrix reproduces D* the "pure data" quite closely.
The second matrix factor t2*p2' contains mostly noise as can be

seen. Of course, the sum of the two factors reproduces D exactly.
This elimination of the noise rests on the fact that PCA is a

least squares procedure and random variations tend to average out.

The value of PCA lies in the fact that in most cases a matrix

containing a large number of columns can be approximated quite
well by only a few principal components. In the case of the nine
column response matrix shown in Table II, only four principal
components are needed to explain the important variation. Methods

for choosing the proper number of principal components are
available.7

Since each loading vector can contain contributions from several
responses if they are correlated, it may be difficult to relate
changes in the principal components to changes in the individual
variable values, although in many cases a particular variable is

responsible for most of the variation. Although PCA is a least-

squares procedure, the number of runs needed to determine the
principal components does not need to be large. In the case of the

eleven factor nickel process study described above, seventeen

sample runs were sufficient. As long as the number of principal

components needed to explain most of the variation is less than

about a third of the number of samples, the procedure is stable.8
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Partial Least Squares

The PCA analysis described above will analyze the factor and
response matrices separately, but is not able to construct a
relation between them. If the two matrices arise from the same

underlying model, we can find a relation between them using PLS.
This analysis is equivalent to a PCA of each matrix followed by
a small rotation of the X and Y matrices so that the distance

between the two matrices represented as points in sample space is

a minimum.9 In this new subspace, in addition to the principal
component factorization for each matrix, we can obtain a relation

between the matrices by means of a relation between the score
vectors o f the two matrices. These relations are summarized by the

equations:

X=T*P'+E,

Y=U*Q'+F,

U=B*T, (3)

where T is a matrix of the X score vectors, U is a matrix of the

Y score vectors, P' is a matrix of the transposed X loading
vectors, Q' is the matrix of the transposed Y loading vectors and

B is a diagonal matrix that connects the score vectors of the two

matrices.This last equation is commonly referred to as the inner
relation.10

If the conditions causing the variation in the two matrices arise

from the same cause, we would expect that the loading vectors for

both matrices would be parallel and that ti and ui would differ
only in length. A plot of the first two columns of U vs. T
calculated from the data illustrated in Tables I and II are shown

in Figs. 1 and 2. The Figures show that the score vectors are

indeed parallel and a linear equation of this type fits the

experimental data quite well. This means that we can express the
Y matrix scores in terms of the X matrix scores with some

confidence and that there is a good underlying model that relates
the plating factors to the plating responses.11

The calculated regression coefficients using the B matrix
calculated from the data illustrated in Tables I and II are shown

in Table IV. The value of PLS modelling is that we can obtain a
quantitative model of an electroplating process relating the
plating responses to the plating factors even though we do not
know the chemical reactions taking place in the bath. In a similar
manner we could just as easily have labeled the factor matrix as

the Y matrix and response matrix as the X matrix and obtain a
"backward" regression matrix relating the plating factors to the

plating responses. This would be useful in determining what
adjustments to the plating bath parameters should be made to
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achieve a desired set of responses.

Process Control

The reduction in the number of components needed to model a
multivariate process using PCA or PLS is especially valuable for
the design of a process control scheme. The usual method for
univariate control is to construct a Shewhart chart, as shown in

Figure 3, to monitor the variation of some response between an
upper and lower control limit. A multivariate analog of this type
of chart can be constructed using the first two or three score
vectors that in many cases are all that are necessary to model the
important variation in the plating process. If we use the score
vector components obtained from a previous set of runs we can
construct an area in two dimensional score space or a volume in
three dimensional space corresponding to the normal control range
of the score components. These two- or three dimensional control
limits can then be plotted in an analogous way to those on a
Shewhart chart.

Even if some of the process parameters occasionally stray outside
the control limits, the model will still be valid and we can still

predict the responses, although they will change accordingly. If
we compare the predicted and measured responses they should still
be close, and the sum of the squares of the differences between
the predicted and measured response matrices (PRESS) will be small.
On the other hand, if the model ceases to be valid because we have

left out an important process parameter which has since changed,

or some large change in the nonlinear bath behavior has occurred

as a result of a small change in the plating factors; the PRESS
will be large even if the process factors are close to their

normal range. If we alLO display the PRESS on the multivariate

Shewhart chart we are able to distinguish between these two

events.12 An example of a multivariate Shewhart analogue with two
principal components adapted from Reference 12 is shown in Figure
4.

In this way we can distinguish between changes in the process

variables and changes in the underlying bath chemistry. We can
identify any change in bath chemistry by constructing a new PLS

model from the current factors and new responses and comparing

this new regression matrix with the old one. Large changes in the

coefficients will point to the plating factors that have changed
in significance. It may be possible to correct for the new bath
behavior by calculating a new "backward" regression matrix as

discussed above, and calculating the new values of the bath
parameters needed to give the old responses.

The methodology described here is completely general and is not
limited to electroplating. These techniques can also be applied
to control of a rinse tank system, metal recovery system, etc.
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TABLE III NOISE ELIMINATION USING PRINCIPAL COMPONENT ANALYSIS

Pure Data Matrix Noise Matrix Pure Data plus Noise

D* E D=D*+E

1 1 0.2 0 1.2 1

2 2 -0.2 -0.2 1.8 1.8

3 3 -0.1 0.1 2.9 3.1

4 4 0 -0.1 4 3.9

5 5 -0.1 0 4.9 5

6 6 0.2 -0.2 6.2 5.8

7 7 0.2 -0.1 7.2 6.9

8 8 -0.2 0.1 7.8 8.1

9 9 -0.2 0.1 8.8 9.1

10 10 -0.1 0.2 9.9 10.2

First Factor Matrix Second Factor Matrix Sum of Factor Matrices

tl * pl' t2 * p2' tl*pl'+t2*p2'

1.0936 1.1052 0.1064 -0.1052 1.2 1

1.7904 1.8095 0.0096 -0.0095 1.8 1.8

2.9846 3.0163 -0.0846 0.0837 2.9 3.1

3.9288 3.9705 0.0712 -0.0705 4 3.9

4.924 4.9763 -0.0240 0.0237 4.9 5

5.9671 6.0305 0.2329 -0.2305 6.2 5.8

7.0118 7.0862 0.1882 -0.1862 7.2 6.9

7.9086 7.9926 -0.1086 0.1074 7.8 8.1

8.9033 8.9978 -0.1033 0.1022 8.8 9.1

9.9974 10.1036 -0.0974 0.0964 9.9 10.2



TABLE IV

ONE FACTOR INTERACTION REGRESSION COEFFICIENTS

Prim. Sec. Boric CU Fe

Ni Anion Anion Acid Imp. Imp.

Response X1 x2 x3 x4 x5 x6

R-Stress -0.0231 -0.0877 0.0205 -0.0780 -0.0599 -0.0194

I(111) -0.0796 0.0342 0.0234 -0.0840 -0.0261 -0.0335

I(200) -0.0456 0.0086 0.0076 -0.0639 0.0261 0.0551

I(220) 0.0809 -0.0247 -0.0239 0.1014 -0.0117 -0.0219

I(331) 0.0799 -0.0247 -0.0091 0.0919 0.0011 -0.0375

Duct. -0.0121 -0.0916 0.0266 -0.0643 -0.0027 -0.0378

Rough. 0.0376 -0.0606 0.0884 -0.0210 0.0744 -0.0970

P-Stress 0.0627 -0.1546 0.0005 0.0386 -0.0367 -0.0223

Con.Res. -0.0520 0.0594 0.0601 -0.0503 -0.0420 0.0564

Zn Curr.

Imp. pH Temp. Dens. Thick.

x7 x8 X9 X10 X11

R-Stress -0.1066 -0.0711 -0.0615 0.0618 0.0481

I(111) -0.0127 0.0194 0.0112 -0.0353 0.0202

I(200) -0.0876 0.0232 -0.1519 0.0808 0.0600

I(220) 0.0800 -0.0278 0.1160 -0.0489 -0.0601

I(331) 0.0769 -0.0341 0.1289 -0.0446 -0.0603

Duct. -0.0775 -0.0358 -0.0815 0.0438 0.0366

Rough. 0.0071 -0.0413 0.0440 0.0344 -0.0320

P-Stress 0.0437 0.0000 -0.1049 0.0012 -0.0574

Con.Res. 0.0373 0.0478 -0.0762 0.0584 -0.0454
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FIG. 3. A univariate Shewhart chart. The responses within the upper
and lower control limits (0) are in control, and those outside
these limits (*) are out of control.
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FIG. 4. A multivarate analog of a Shewhart chart for a process with
two latent variables. The orthogonal axes are the two corresponding
score vectors (tl and t2) and the squared difference between the
predicted and measured response matrix (PRESS). The data points
illustrate: (+), a process in control with a valid regression
model; (0), a process out of control with the same valid model; and
(*), a process with bath parameters within the normal operating
limits but with an invalid regression model.

6 Lt,














































