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In The Beginning

Client: “I’ve got this model and its

In The Beginning…

Client: I ve got this model, and its 
predictions are more stable than 

h l l !the actual y-values!”
Somewhat due to error in y-valuesSomewhat due to error in y-values 

but that doesn’t explain all of it



Historical Process DataHistorical Process Data

• Historical data: data measured on-line duringHistorical data: data measured on-line during 
regular process operations

• Sometimes historical data is all you have (e g• Sometimes, historical data is all you have (e.g. 
may be unable to perform designed 
experiments or otherwise perturb system)experiments or otherwise perturb system)

• Need to use as much of the data as possible
• Most interesting / important regions are under-

represented



Continuous Polymerization ProcessContinuous Polymerization Process

• Process is continuously moved from oneProcess is continuously moved from one 
product “grade” to another

• Desired Property of Interest (POI) is a physical• Desired Property of Interest (POI) is a physical 
characteristic of product (a complex property 
influenced by many different physical andinfluenced by many different physical and 
chemical aspects of the product)
M i i i h li R S• Monitoring with on-line Raman Spectroscopy

• Real and Simulated Data



Continuous Process 
G d d T i i
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Overshoot and Process Settling
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Process Excursions
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•“Excursions” from set point due to 
chemical and physical effects

Process Excursions
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PLS Prediction Failures
2.6

(Simulated System)
•Excursions missed!
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Inferential Modeling ProblemInferential Modeling Problem
• Partial Least Squares (PLS): concerned about q ( )

predicting the bulk of the data
• Accuracy during long regions of “lined-out” operation 

is most important to PLSis most important to PLS
• Errors in predicting short excursions and transitions are 

not considered as important
M d l i lik l ifi ti d l!• Model is more like a classification model!

• Also: Latent variables useful for differentiatingAlso: Latent variables useful for differentiating 
different grades may NOT be useful for differentiating 
excursions or transition overshoot



Some Possible SolutionsSome Possible Solutions

• Develop “local” modelsDevelop local  models
5 in-grade models + 10 transition models 
= 15 models! 15 models!

• Pre-select samples which are important
Whi h l ?Which samples? 
Loss of signal averaging and problems w/outliers?
l i fl f i i l ( i• Balance influence of existing samples (via 

weighting)



Sample Up/Down-WeightingSample Up/Down Weighting

• Increase weight on Excursion andIncrease weight on Excursion and 
Transition samples

• Decrease weight on lined out samples• Decrease weight on lined-out samples

How?
• Use the y-value distribution to determine y

which samples are over-represented



Distribution in Property of Interest
(Actual Calibration Data)
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Unweighted PLS Regression
Given mean centered X and y

yXC T=

PLS

W : Weights
P : X Loadingsg
b : Regression vector
T : X Scores

T2 :Hotelling’s T-squared
Q : Sum squared residuals



Post-Centering Sample Weighting
Given mean centered  X and y

DyXC T= ( )2, /count1 ayd iii <−= y

PLS

( ),
(number of samples with a 
y-value within “a” units)

W : Weights
P : X Loadings

Project unweighted
X into modelg

b : Regression vector
Tw : X Scores (weighted) T : X Scores (unweighted)

= D-1/2T

T2 :Hotelling’s T-squared
Q : Sum squared residuals

= D Tw

Q : Sum squared residuals



Weighted PLS Predictionsg
(Simulated System)
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2 2

Validation Results (Real Data)
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Cross-Validation Results
(Real Data 512 Samples)(Real Data – 512 Samples)
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ConclusionsConclusions

• Not a global solution, but a useful one in some 
cases

• Helps focus inferential model on critical 
(under-represented) regions

• Weighting AFTER mean-centering critical
• Calculating T2 and Q from unweighted scores• Calculating T and Q from unweighted scores 

important




