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• Monitoring the state of the process

• Early detection

• Diagnosis and adjustment

Process Data Analysis - Purposes

• Understanding the relationship between

• Input variables, X (process data) and output data, Y (product quality, cost, 
amount, … )

• Optimization

• Use process models to improve process
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• A few decades ago

• Few variables

Challenge

Process diagram

• Today

• Many measurements

• Large data sets

• Process the same

• Data have changed

• p = 5 -> 500

• n = 10 -> 1000



Copyright  © SAS Inst itute  Inc.  A l l  r ights reserved.

• SPC charts

• Shewhart,  CUSUM and EWMA

Traditional Statistical Process Control (SPC )

• Disadvantage

• Charts a small number of variables

• Examines them one at a time

• Most outliers remain undetected

• No covariance information
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• PCA finds the latent variables 
𝑋 = 𝑇𝑃𝑇 + 𝐸 𝑇 = 𝑋𝑃

• Best explain the variance in X

PCA and  PLS Projection Methods

• PLS finds the latent variables

𝑋 = 𝑇𝑃𝑇+𝐸 𝑇 = 𝑋𝑅
𝑌 = 𝑇𝑄𝑇+𝐹

• Best explain the variance in Y

• Have the greatest relationship 
with Y
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Multivariate Statistical Process Control (MSPC)

Advantages • Handles a large number of 

variables

• Reduces dimensionality

• Handles correlation

PCA and PLS

New 

process 

data

Build models

Monitoring 

processes

• Hotelling's T2

• Squared prediction error (SPE)

• Scores

Diagnosing 

processes

• Contribution plots

Historical 

process

quality 

data

Apply models

Projection methods
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LDPE – Low-density polyethylene

LDPE is a thermoplastic made from petroleum. It 

was the first grade of polyethylene, produced in 

1933 using a high pressure process via free 

radical polymerization. Its manufacture employs 

the same methods today.

LDPE is widely used for manufacture various 

containers, squeezable bottles, wash bottles, 

tubing, plastic parts for computer components. 

Its most common use is in plastic bags. 
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A High-pressure Tubular Reactor 

Zone n
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Length of tubular reactor ranges from 500 to 1500m
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The simulated data  based on  MacGregor et al (1994) 
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Two-zone LDPE reactor with a typical temperature profile
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https://aiche.onlinelibrary.wiley.com/doi/abs/10.1002/aic.690400509
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• Common problems that affect LDPE process

• Impurity contamination (affect temperature profiles)

• Change in initiator efficiencies

• Fouling (deposition) of the reactor walls

• Equipment, sensors, operators and lab analysis

Common Problems 

Fouling/Deposition

• Affect polymer’s quality

• Affect the behavior of the 

polymer in its final application
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• Four conditions (quotes from Jackson 1991):

• A single answer should be available to answer the question: “Is 
the process in control?”

• An overall Type I error should be specified.

• The procedure should take into accounts the relationships among 
the variables.

• Procedures should be available to answer the question: “If the 
process is out-of-control, what is the problem?”

• Let’s check model driven multivariate control 
chart

Multivariate Process Control Procedure



Copyright  © SAS Inst itute  Inc.  A l l  r ights reserved.

Demos

PLS 
modeling 
historical 

data
1

T2, SPE, 
Scores

monitoring 
process

2
Contribution 

plots

Diagnosing 
process

3



Copyright  © SAS Inst itute  Inc.  A l l  r ights reserved.

• Projecting the new data onto the model (t1-t2
plane) clearly indicates the process upset around 
point 52. Points 52, 53 and 54  progressively 
move outside the acceptance region.

Monitoring the Process (T2)

• In the T2 plot we can see that most of the 
observations are below the critical limits 
except for point 53 and 54.

𝑻𝒊
𝟐 = 𝒕𝑻𝜦−𝟏𝒕 =෍

𝒌

𝒂
𝒕𝒌
𝒔𝒌

𝟐

~
𝒂(𝒏𝟐 − 𝟏)

𝒏(𝒏 − 𝒂)
𝑭𝒂,𝒏−𝒂, 𝜶 𝑻𝟓𝟒

𝟐 =
−𝟔.𝟓

𝟏.𝟗𝟕

𝟐
+ 

−𝟒.𝟓

𝟏.𝟓𝟐

𝟐
+

−𝟎.𝟐𝟑

𝟏.𝟐𝟗

𝟐
= 19.7 
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Monitoring the Process (SPE and DModX)

• In the SPE and DModX plots, we can see that 
most of the observations are below the critical 
limits except for the point 53 and 54.

SPEi = 𝒆𝒊
𝑻𝒆𝒊 = σ𝒋

𝒑
𝒆𝒊𝒋
𝟐 ~ 𝒈𝝌𝒉,𝜶

𝟐

DModXi =
ΤSPEi 𝒅𝒇𝟏
ΤSPE 𝒅𝒇𝟐

~𝑭𝒉,𝒏𝒉, 𝜶

• SPE is the sum of squared prediction error 
and DModX is a scaled version of SPE. Both 
measures the distance between the 
observations and the model plane.
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Diagnosing the Process (T2 Contribution Plots)

𝑻𝒊
𝟐 =෍

𝒋

𝒑

𝑪𝒐𝒏(𝑻𝒊𝟐, 𝒊, 𝒋)

𝑪𝒐𝒏(𝑻𝒊𝟐, 𝒊, 𝒋) = ෍

𝒌

𝑨

𝒕𝒌 𝒔𝒌
−𝟐𝒑𝒋𝒌𝒙𝒊𝒋Identifying T2 contributions of variables

Major contributions come from Z2 (position of the 
reactor where Tmax2 appears) and Tmax2 to the 
observation 54.

Con(T54
2, 54, Z2) = (-6.506/3.88)*(-3.935) + (-4.5/2.298)*(-3.117)  

+ (-0.232/1.665)*(–0.218) = 12.73
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SPE contribution plots

• Major contributions come from Z2 (position of the reactor where 
Tmax2 appears) and Fi2 (feed rate of the initiators to the second 
section).

• Hot spot position has moved further down the reactor and possibly 
the initiator efficiencies have dropped.

• Variable Z2 ,Tmax2 and Fi2 break the correlation structure.

Diagnosing the Process (SPE Contribution Plots)
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Diagnosing the Process (Relative Score Contribution Plot)

point-to-point point-to-group group-to-group

Identifying relative contributions of variables

• Major contributions to the difference between observation 51 
and 54 come from Z2 (position of the reactor where Tmax2
appears) and Tmax2

• Hot spot position has moved further down the reactor and 
the hot-spot temperature Tmax2 has decreased.
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Example-Tennessee Eastman Process

Process data streaming

https://public.jmp.com/packages/MDMCC-Test/js-p/wy3SMRwX4x10_mVxtwm2V
https://public.jmp.com/packages
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• MSPC (PCA / PLS)

• Efficient

• Monitoring

• Early

• Diagnosing

• Easy

• Streaming

• Effective

Conclusions

How the model driven multivariate control chart platform can help? 
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Thank you for your attention

Questions?

Jianfeng.Ding@jmp.com


