
51-1218
Chemometrics
Application Note

Prioritizing Multivariate Control

Abstract

As computers came on-line four decades ago, automated quality control became practical, but we still 
don't take advantage of that processing capability, instead sticking with engineering heuristics and ren-
dering most of the available data impotent for control. This applies equally to the monitoring of process 
variables and to the analyzer population. In the process sensor world, ALL measurements could be com-
bined to form a virtual instrument of a unit or even the entire plant, isolating the process-relevant signal 
from the noise. The advantage is that previously-unseen process upsets can be identified and managed in 
close-to-real time.

Multivariate Analysis and Process Variables

Multivariate data analysis, as powerful as it may be, can be daunting to the uninitiated. It has its own jar-
gon and incorporates concepts which at first glance seem strange. Typically, a novice user becomes com-
fortable with the multivariate approach only after a period of confusion and frustration. Why bother? The 
rationale behind multivariate data analysis is simple: univariate methods, while well-understood and 
proven for many applications, can sometimes produce misleading results and overlook meaningful infor-
mation in complex data sets. 

Univariate methods were developed for univariate data. Applying univariate methods to process mea-
surements may be useful but it is also tantamount to discarding all but one of the measurements. While 
some problems may yield to a thorough statistical analysis of a single variable, this approach has several 
drawbacks when applied to multivariate data. First, it is tedious to look for the one needle in a veritable 
haystack of variables. Second, it is incomplete if multivariable relationships are important. Thus, a multi-
variate approach is mandated by the structure of the data set. If the measurements are numerous and/or 
correlated, processing them as a unit is advised. Simply the fact that we evaluate all measurements as a 
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single package avoids much of the garbage-in/gar-
bage-out problem; multivariate techniques are 
natural garbage collectors as the data processing 
does not easily get hijacked by erratic sources of 
data. Applying first principals to guide the multi-
variate process models is critical to long-term suc-
cess.

Most of the sensors in play in a process setting are 
pressure, temperature, flow, and level monitors 
that can be considered together, melding them 
into a custom process instrument. We can use one 
of two techniques to tease the information con-
tent from the mix: Principal Component Analysis 
helps us classify the state of the process (e.g., is 
there a process upset?); and Partial Least Squares 
allows us to predict performance measures (such 
as yield). These are the tools to use for tuning the 
results to suit the process at hand and for auto-
mating the routine evaluation of the data stream.

Figure 1 is the simplest possible example of a case 
where a product meets all the specifications (in 
this case two) but should not have passed the 
quality control. It is real data and really a problem 
that occurred. The point that was missed in setting 
up the release metrics for this chemical was that 
the two quality control parameters are correlated 
as can be seen in Figure 2.

Figure 2 is a pretty simple, yet compelling case.

Of course, most cases are not so simple that they 
can be divined by just looking at a bi-variable plot. 
Consider instead of two variables, the process con-
trol is based on 36 variables. Monitoring all the 
bivariate plots (1,260 total) would be tedious and 
still would not reveal all the structure. Or we can 
employ PCA and show the two most diagnostic 
axes as in Figure 3.

 

Figure 1. Reviewing the two critical quality attributes of out-of-specification product shows no aberration

Managing Sensor Data

A plant historian is a repository for the heartbeat 
of the process. In every process, an operator will 
monitor a collection of the key parameters to look 
for excursions from normal behavior. This implies 
that the sensors supplying the data feed are reli-
able and that further they are comprehensively 
diagnostic. This is rarely the case. Consider the fol-
lowing set of data from a chemical plant; one 
batch generated a customer complaint.

Figure 2. Variables 1 and 3 are correlated; when plotted 

against one another, the errant batch is obvious
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Figure 3. A principal component scores plot, each point rep-

resents the signature of the process for a single time point

Every point on the plot of data in Figure 3 is a sep-
arate time slice across all process measurements. 
In this single display, 14 months of data (62,000 
separate time points, 3 dozen process variables) 
are on display using PCA to consider all process 
variables simultaneously. The dense cluster of 
points on the right side of the graph represent nor-
mal operation. The plant engineer can note the 
clusters in this grouping of normals, indicating 
there are perhaps several settings for which good 
products are produced. With the PCA view, we can 
establish limits for acceptable behavior and use 
statistical cutoffs as measures of deviation from 
the norm as demonstrated in Figure 4. 

Figure 4. PCA utilizing statistical cutoffs to define “good” 

operation parameters

The two limit lines represent a 95% cutoff for each 
of independent diagnostics, in this case sample 
residuals and Mahalanobis distance. High values in 
either diagnostic means that the process time 

point represents unusual operation. In the case 
above, the points depicting elongated runs were 
taken during start-up and shut-down, and would 
not be expected to fall into the “Good” portion of 
the model. But, just as we see some clustering in 
the acceptable runs, we see clusters in the devia-
tions from normal that can be investigated to 
understand why.

But we can do more than just separate good from 
bad as shown with PCA. The next example was an 
experiment performed to test six discrete setting 
of a reformer, a process that converts straight-
chains to higher-octane blend components. Again, 
as in the case above, every point in this plot is a 
separate time slice across all process measure-
ments (4,000 time points). When the process 
achieved steady-state, the process variables were 
used to estimate the octane value using an optical 
spectrometer as the reference.

Figure 5. PLS allowing an estimate of a physical property 

(research octane number) based on process sensors alone

By monitoring the process sensors using multivari-
ate techniques, we can tell when the process is in 
steady state and use this information to guide 
sampling or manage process adjustments. There is 
a lot of information that is not obvious by simply 
monitoring process variables one at a time. 
Research Octane Number (RON) is usually mea-
sured by an engine or an optical spectrometer. 
Precision of spectroscopy is significantly better, 
but using the free process variables as a surrogate 
gives near real time results and can offer a substi-
tute in cases where the spectrometer is out of ser-
vice or absent.
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