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““If left to themselves machines do not stay adjusted, components If left to themselves machines do not stay adjusted, components wear wear 
out and managers and operators out and managers and operators miscommunicatemiscommunicate and change jobsand change jobs””

Control in a nonstationary world

Box G. and Luceño A.

The stable stationary state is the unnatural one

Left to itself the entropy of any system
can never decrease

The second law of  thermodynamics

Process Monitoring

Process Adjusting

Process Monitoring
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Establish a permanent and intelligent information system Establish a permanent and intelligent information system 
over the process evolution :over the process evolution :

DetectDetect the anomalies at an early stage (special causes)the anomalies at an early stage (special causes)

Help to Help to identifyidentify the causes of the anomaliesthe causes of the anomalies

Eliminate the anomalies Eliminate the anomalies and prevent their reappearance and prevent their reappearance 
(or on the contrary (or on the contrary incorporateincorporate them to the process if they them to the process if they 
improve its performance)improve its performance)

Statistical Process Control
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Statistical Process Control

Univariate Charts: USPC

Multivariate Charts: MSPC

Megavariate Charts: Mega SPC

In industrial processes where process and quality variables areIn industrial processes where process and quality variables are
measured exist several strategies for statistical process contromeasured exist several strategies for statistical process controll
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USPC: Shewhart Charts

X

i-th Hypotesis Test
H0: μ = μ0

H1: μ ≠ μ0

3σ-
0
μ 3σ

0
+μ

99.73%

0
μ

NormalNormal
X

Observation i
Xi (Size:1)

Xi

σn σn

UCLLCL

P(μ0-3σ < xj < μ0+3σ) = 0’9973
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SHEWHART CONTROL CHART: Process mean change: 5 to 6 in obs 100 

P(signal in chart)= 0.0229
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SHEWHART CHART:  Process Mean: 5   Standard Deviation:1  Sample Size:100 

.......WITHOUT PROCESS PROBLEMS  

P(signal in chart)= 0.0027

Small shifts in the mean:
Use another monitoring strategies
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USPC: Cusum Charts
ForFor thethe individual individual statisticstatistic of of interestinterest:  :  xxii ((ifif thethe samplesample
sizesize = 1): = 1): SummingSumming deviationsdeviations fromfrom thethe targettarget valuevalue μμ00
in the sequence of observationsin the sequence of observations

If there is a shift
in the mean

Pronounced
drift in St
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CUSUM CONTROL CHART: Process mean shift from 5 to 6 in obs 100 
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μ0

change point

μ

CUSUM VARIANTS:
- Truncated Cusum Charts
- Centered Cusum
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USPC: EWMA Charts
ExponentiallyExponentially weightedweighted movingmoving averagesaverages plotplot: : 
PastPast data data valuesvalues are are rememberedremembered withwith geometricallygeometrically
decreasingdecreasing weightweight

AtAt time time t t plotplot thethe statisticstatistic: (: (samplesample sizesize=1)=1)
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EWMA Chart for X
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Measuring the Charts Performance

ARLout control control -- μμ

ARLin control control -- μμ00
Expected nºobservations

for a false alarm

Expected nº observations
to detect the problem

Run LengthRun Length
Geometric distribution (P)
P= Probability of a chart signal

ARL = E(RL) = 1/P

ARL
Average Run Length:: Nº observations expected before to get a signal
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SHEWHART CONTROL CHART: Process mean change: 5 to 6 in obs 100 

ARL out control - μμ = 6

[ ])33);(( 00 σμσμσμ +−∉= NPP

P=0.0229              ARL = 1/P= 44

Example
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SHEWHART CHART:  Process Mean: 5   Standard Deviation:1  Sample Size:100 

.......WITHOUT PROCESS PROBLEMS  

ARL in control - μμ0 = 5
[ ])33);(( 000 σμσμσμ +−∉= NPP

P=0.0027 ARL=1/P=370
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=xr

Multivariate Charts: MSPC
There are different kind of charts that may be used:There are different kind of charts that may be used:

- T2 Hotelling
- MCusum 
- MEWMA

X1

X2

X3

X4 Xk

k th-dimensional Multivariate Normal

k univariate Normal distributions

μμxx11
μμxx22

μμxxkk

σσxx11
σσxx22

σσxxkk

μ0 ∑

σσxixj

Covariance Matrix
σσxi

)()'(
2
1

0
1

0)(
μμ rrrrr −∑−−

−

=
xx

kexf

Multivariate Normal Density 
Function

Likelihood: “a prior” probability 
of the observation

)()'( 0
1

0 μμ rrrr
−∑−=

−
xxD sMahalanobi

X1 X2 X3 X4 Xk
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D.  Mahalanobis

Stastistical distance: Probability that the
new observation would differ a certain

euclidean distance from the process mean 
in a certain direction of the space

Example: Bivariate case

XX22 ρ = 0

XX11

XX22

ρ < 0

XX11

XX22

ρ > 0

dEuclidean

d

XX11
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MSPC: T2 Hotelling

)()'( 0
1

0 μμ rrrr
−∑−=

−
xxD sMahalanobi )()'( 0

1
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2 μμ rrrr
−−= − xSxT Hotelling

T2-Hotelling: Estimated D-Mahalanobis

T2

Observation out
of control

XX11

XX22

TT 2 2 Hotelling Limit
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m1

m1+3σ1

m1-3σ1

m2+3σ2 m2 m2-3σ2

SPC SPC onon univariateunivariate chartscharts: : limitationslimitations
Quality is often a multivariate propertyQuality is often a multivariate property
UnivariateUnivariate control charts (ignores correlation)control charts (ignores correlation)

Multivariate
analysis shows
that the
observation is
out of control

Sometimes we can observe that the
observation is within the control limits
of the univariate charts but by contrast
the product is out of specifications
Why does it happen?

XX11

XX22

TT2 2 Hote
llin

g Lim
it

-- TheThe ARL ARL in controlin control MSPC and USPC Charts  MSPC and USPC Charts  
may be equal.may be equal.

ARL out ctl USPCARLout ctl MSPC
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Nature of data: evolution

Y

JY

(1-6)

Data-poor systems
• Few quality properties
• Measured off-line (Lab or manually)
• Low sampling rate (hours-days)
• Low-dimensional data
• Slightly correlated data
• Limiting cost: analysis

X

I << JX

JX

I

(78-27000)

Data-rich environments
• Hundreds of process variables
• Measured on-line (sensors)
• High sampling rate (seconds-hours)
• High-dimensional data
• Highly collinear data
• Missing data problems
• Limiting cost: sampling
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HowHow toto adaptadapt SPC SPC forfor datadata--richrich
environmentsenvironments??

Standard SPC
uni&multivariate

I

J

I >> J

I

A
I > A Discovering

latent structures 

Data structureI << J

J

I

Process is driven by a few underlying common cause events



EURANDOM 2005Multivariate Statistical Engineering Group; Dept. Applied Statistics, O.R. & Quality; Technical University of Valencia (SPAIN) 

∑
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a
at

1

EpX T
a

The observations are projected into a space of A dimensions.

Latent variables space strategiesLatent variables space strategies

Principal Component Analysis (PCA)

Compresses the information

Reduced number of independent latent variables

- Residual information not captured by the model (E).

- These new variables explain most of the process variability.
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PC1

PC2

e
X1 X2

X3

τ1

τ2

PCA Model

x1 x2 x3 τ1 τ2
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PC1

PC2

e

e

X1 X2

X3
Sample with large SPE

Unusual variation outside the model Sample with large TA
2

Unusual variation 
inside the model

Out of Control Observations

τΘτ 12 −= T
AT

eeTSPE =
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x

τ = PTx

e = (I-PPT)x

TA
2 = τTΘ–1τ

SPE = eTe

¿Alarm
a SPE?

Yes

No

¿Alarm
a TA

2?

Observation OK

No

Yes

Monitoring with PCA

Diagnosis

Diagnosis
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PASTEURIZATION PROCESS

T2

N2

Heat
Transfer

T4

Power
1 2 3

Pasteurization:
the product needs to be above a 

certain Tª
during a certain time   

T1
Good

Product

Wrong
Product

Good product
Preheats the new product

flowing in
Cooling
System

T3

T5

Product flows
into the system
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PROCESS DESCRIPTION
Variables Loop Controls

1. Tank Level

2. T1 : Temperature after the curved pipe

3. T2 :   Temperature of the heated water

4. T3 :   Temperature of the final product

5. T4 : Temperature before the curved pipe

6. T5 :   Temperature of final product used to preheat

7. Flow

8. SP Flow

9. Power 1

10. Power 2

11. Power 3 

12. % Pump1: control the flow speed of product

13. % Pump2: control the flow speed of the heating water

These three variables measure some
aspect of

the power used to heat the water

1. SetPoint T2 ⇒ Power
2. SetPoint T1 ⇒ Pump 2
3. SetPoint Flow ⇒ Pump 1
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2211Data SetData Set
750575051324913249Total Number of observationsTotal Number of observations
1084108460266026Deleted observations original (TDeleted observations original (T2)2)

181842154215Deleted observations latent (TDeleted observations latent (TAA
2 2 , SPE), SPE)

0034173417Deleted by TDeleted by T22
AA

0033833383Deleted by TDeleted by T22 y Ty T22
AA

∑
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Ak i
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tTT
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2
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itSPE

1

2

T2 T2
A , SPE

HotellingHotelling TT22: : noisynoisy & & ↑↑ false alarmsfalse alarms
TT22

AA : stable: stable
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CONCLUSIONS

• In a multivariate process with correlations between
the measured variables, MSPC performs better than
USPC
• In a multivariate process with colinearity problems
or a bad conditioned sample covariance matrix. 
MegaSPC performs better than MSPC  (T2

A is less
noisy than T2)

• In a multivariate process with missing data or where
the number of variables is larger than the number of 
observations we have only a choice: the MegaSPC
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OutlineOutline

Fault Diagnosis  Fault Diagnosis  

-- StrategiesStrategies basedbased onon thethe original variables original variables 
spacespace..

-- StrategiesStrategies basedbased onon thethe latentlatent variable variable spacespace

-- FutureFuture ObjectivesObjectives

- Introduction
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Fault Diagnosis: IntroductionFault Diagnosis: Introduction

Process Fault: Special causes affecting the process being
monitored.

Sensor Fault: Special causes affecting the measurement of 
any process variable being monitored.

Process Fault
Statistical diagnosis 

of the fault

Aim to the suspected
responsible variables

Process Engineers

Assign the Fault
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Fault Diagnosis:  MSPC ApproachFault Diagnosis:  MSPC Approach

Based on non-causal empirical correlation models

Models built from Normal plant operating data (NOC)
when only commom causes of variation are present.
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Fault Diagnosis: StrategiesFault Diagnosis: Strategies

Strategies based
on the

original variables 
space

Strategies based on
the latent variables

space
“projection methods”

Several strategies have been proposed in the last 15 years.

Monitor the T2 Hotelling on
the original variables

new
1

new
T xSx −=2T

Monitor the TA
2 on A

latent variables 
τΘτ 1T −=2

AT
Monitor the SPE(square prediction error)

∑ ∑
= =

−==
K

1j

K

1j

2
ijij

2
ij )x̂(xeSPE
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StrategiesStrategies basedbased onon thethe original original 
variables variables spacespace

Doganaksoy, Faltin and Tucker Method (1991)

Mason, Tracy and Young Method (1995)

Murphy
Hawkins
Hayter

.

.

Montgomery



EURANDOM 2005Multivariate Statistical Engineering Group; Dept. Applied Statistics, O.R. & Quality; Technical University of Valencia (SPAIN) 

Doganaksoy, Faltin and Tucker Method

Guide of highly suspected variables

Creates a Ranking of the variables according to their probability 
of participation in the detected change.  

Use univariate t statistics for the 
difference of means

2
1

refnew
ii

refinewi

n
1

n
1S

XX
t

⎥
⎥
⎦

⎤

⎢
⎢
⎣

⎡
⎟⎟
⎠

⎞
⎜⎜
⎝

⎛
+

−
= ,,

Weak points:
- Does not use the information provided by the correlation structure

among the variables in the diagnosis. 
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Fault in the flow sensor in the
main system (the value fall

down)
Signal in pump 1 signal due to 

the feed back control 
(increasing the pump1 % )

Variable 7:  Flow
Variable 12: Pump 1

TT2
Hotelling=     4199=     4199

UCL       =    4.2841UCL       =    4.2841

ALARM!ALARM!ALARM!ALARM!

Doganaksoy method in a simple fault

FaultyFaulty FlowFlow SensorSensor
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Orthogonal descomposition of the T2 Hotelling
- Terms with a T2 structure
- Straightforward interpretation
- Known distribution (F Snedecor) 

Unconditional Terms
Ti

2

- Marginal contribution of each
variable to the T2

- Detects changes in the
operational values of the
variable without considering
the correlation structure.

Conditional Terms
Ti

2 |1.2..i-1.i+1..p
- Contribution of each variable

to the T2 after being adjusted
by regression.

- Detects changes that break the
correlation structure

Mason, Tracy and Young Method

The number of terms grows very fast with KWeak Point:
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Mason et al method in a simple fault

Faulty Flow Sensor
or Pump 1

ALARM!ALARM!ALARM!ALARM!

Variable 7:  Flow
Variable 12: Pump 1
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Fault Diagnosis in the latent variable spaceFault Diagnosis in the latent variable space

Contributions
Kourti, T. ; MacGregor, J.F. (1996)

Fault reconstrution
Qin. J ( 2003)

When a a problem is detected we must find the cause identifying 
some original variables as suspicious or indicating the fault. 

Fault Signatures
Yoon S, MacGregor J.F ( 2001)
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Contribution to the ScoresContribution to the Scores

xPτ T=

xpT
aaτ =

The score vector is obtained by 
projection of an observation onto the
model space :

Each individual score can be expressed
as:

=τa

τ PT x

∑
=

=
K

k
kaka xpτ

1

kak
τ
k xpc a =

( )2;0~ ak
τ
k pNc a

k-th variable contribution
on the a-th score:

Assumptions: Data are multivariate
normal distributed (centered and scaled)
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Contribution to the SPEContribution to the SPE

∑ ∑
= =

−==
K

1j

K

1j

2
ijij

2
ij )x̂(xeSPE

2
k

2
kkk e)x̂-(xc ==

kkkk e)x̂-(xc ==

Standardized SPE : Some Authors propose this statistic approach
to improve the sensitivity of the diagnosis (J. Westerhuis)

2
resk,

2
k

2
resk,

2
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k s
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s
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Cont(xk, τa)

TA
2 = τTΘ–1τ

Cont(τa, TA
2)

Cont(xk, SPE)

x

τ = PTx

e = (I-PPT)x

SPE = eTe

¿Alarm
a SPE?

Yes

No

Detects the variables responsible 
for a high value in the SPE

¿Alarm
a TA

2?

Observation OK

No

Detects the scores 
responsible for a high 

value in the T2

Detects original variables 
responsible for the highest 

absolute values in the 
scores

Yes

Monitoring with PCA
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Contribution plots method
in a simple fault

FaultyFaulty FlowFlow SensorSensor
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Fault Reconstruction

f is the estimation of the fault magnitude

Uses the estimation and reconstruction of the observations registered
under fault conditions to identify the variables responsible of the fault

a reconstructed observation vector xi is obtained correcting the observation x:

iii fΞxx −=

is the “direction of faults matrix"iΞ

⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥

⎦

⎤

⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢

⎣

⎡

00
::
00
10
00
01

Fault sensors
1 y 3

Orthonormal

x

xi
fiΞ

x*

RS

PCS

x* Observation free of fault

fiΞ

x*
pcs

x*
rs

x*
pcs Projection of the fault in PCS

x*
rs Projection of the fault in RS
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Fault Reconstruction

For each kind of fault, we will search for the value fi which minimises the
SPE following the reconstruction.

Detectability, Identifiability and 
Reconstructability conditions  

If there are several faults which reconstructed SPE near to the minimun

Fault can not be univocally identified

Identification of the fault: the one which leads to a minimun SPE 
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Contributions Method Fault Reconstruction

Does not delete the efect of the
fault

Deletes the effect of the fault

Leads to correcting the measures of
the faulty sensors and in that way
anticipate real process faults in
regulated processes

Requires no previous knowledge
about the nature of the faults that
affect the process

Requires previous knowledge about
the nature of the faults which affect
the process (fault directions matrix)

Signal: suspected responsible
variables for the fault

Signal: suspected responsible
variables and suspected fault
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Objectives

-- Investigate existence of relationships among different Investigate existence of relationships among different 
methodologiesmethodologies

-- Study the effect of these strategies on phase IStudy the effect of these strategies on phase I

-- Study the effect of autocorrelation in the monitored Study the effect of autocorrelation in the monitored 
statistics statistics 

-- Improvement of these methodologies Improvement of these methodologies 

-- Study the Study the performanceperformance of these methodologies when of these methodologies when 
applied to real processes and simulations.applied to real processes and simulations.

((EnbisEnbis Conference 2005 VidalConference 2005 Vidal--PuigPuig S.; Janssen P.M.A; S.; Janssen P.M.A; Sanchis,JSanchis,J; ; FerrerFerrer A.)A.)
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