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IntroductionIntroduction toto BatchBatch
ProcessingProcessing

REPETITION OF THREE STEPS: i) charge,   
ii) processing and iii) discharge.

Principal advantages: Adjustable processing time, 
repetitive nature, flexibility, …

Industries: pharmaceutical, chemical, 
biochemical, metal, etch or food industries, …

Objective: to manufacture high value, specialty 
products.
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ModellingModelling paradigmsparadigms::
KnowledgeKnowledge--basedbased
DataData--basedbased
HybridHybrid

DifficultiesDifficulties::
NonlinearNonlinear dynamicsdynamics andand uncertaintyuncertainty
TrajectoriesTrajectories insteadinstead operationoperation pointspoints TTimeime--
varyingvarying dynamicsdynamics
PresencePresence ofof noisenoise, , collinearcollinear data data andand outliersoutliers
UnevenUneven batchbatch lengthlength
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ModellingModelling ofof a a BatchBatch
ProcessProcess

ProjectionProjection toto LatentLatent StructuresStructures--BasedBased 
(PLS(PLS--BasedBased) ) MethodsMethods. . 

Principal Principal ComponentComponent AnalysisAnalysis (PCA) (PCA) andand
PartialPartial LeastLeast SquaresSquares (PLS). (PLS). 

In a In a nn--dimensional dimensional spacespace, , thethe dimensiondimension ofof
thethe subsub--spacespace in in whichwhich data data mostlymostly varyvary isis
muchmuch lowerlower thanthan nn..
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PrePre--treatementtreatement::
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I batches
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ModellingModelling ofof a a BatchBatch
ProcessProcess

PrePre--treatementtreatement::

I batches
J variables

K sampling times

- The average trajectory is subtracted

Aligned!!!
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ModelModel StructuresStructures

ConvertConvert intointo twotwo--wayway data data andand applyapply 
PCA, PLS, PCA, PLS, ……

UnfoldUnfold thethe threethree--wayway matrixmatrix..

Divide in K local matrices.Divide in K local matrices.

Use Use anan adaptiveadaptive approachapproach..

ApplyApply threethree--wayway methodsmethods: PARAFAC, Tucker: PARAFAC, Tucker-- 
3,3,……
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ModelModel StructuresStructures
UnfoldUnfold the threethe three--way matrix.way matrix.

BatchBatch--wisewise unfoldingunfolding

Thousands of 
variables!!!

( )
2

JK1JK.# +
=Par

(X’·X) PCA 
(X’·Y·Y’·X) PLS

I

J·K

J. Camacho, J. Picó and A. Ferrer. Bilinear modelling of batch processes. Part I: Theoretical discussion, 
Accepted by Journal of Chemometrics (2008), DOI: 10.1002/cem.1113
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ModelModel StructuresStructures

Order 1 Order 2

UnfoldUnfold the threethe three--way matrix.way matrix.
BatchBatch--wisewise unfoldingunfolding

Thousands of 
variables!!!

( )
2

JK1JK.# +
=ParI

J·K

Order 0
J. Camacho, J. Picó and A. Ferrer. Bilinear modelling of batch processes. Part I: Theoretical discussion, 
Accepted by Journal of Chemometrics (2008), DOI: 10.1002/cem.1113
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ModelModel StructuresStructures
UnfoldUnfold the threethe three--way matrix.way matrix.

BatchBatch--wisewise unfoldingunfolding

Thousands of 
variables!!! Time-varying dynamics 

are captured

( )
2

JK1JK.# +
=ParI

J·K

J. Camacho, J. Picó and A. Ferrer. Bilinear modelling of batch processes. Part I: Theoretical discussion, 
Accepted by Journal of Chemometrics (2008), DOI: 10.1002/cem.1113

Dynamics are captured 
in the model

(X’·X) PCA 
(X’·Y·Y’·X) PLS
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ModelModel StructuresStructures
UnfoldUnfold the threethe three--way matrix.way matrix.

BatchBatch--wisewise unfoldingunfolding

(X’·X) for 2 variables x 116 sampling times

More than 
a half is 
noise!!!

Focus on 
important areas

Solution: Piece- 
wise modelling

J. Camacho, J. Picó and A. Ferrer. Bilinear modelling of batch processes. Part I: Theoretical discussion, 
Accepted by Journal of Chemometrics (2008), DOI: 10.1002/cem.1113
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UnfoldUnfold the threethe three--way matrix.way matrix.
VariableVariable--wisewise unfoldingunfolding

Low number of 
parameters

( )
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J1J.# +
=Par

J

I·K

(X’·X) PCA 
(X’·Y·Y’·X) PLS
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ModelModel StructuresStructures

UnfoldUnfold the threethe three--way matrix.way matrix.
VariableVariable--wisewise unfoldingunfolding

( )
2

J1J.# +
=Par

Dynamics are not captured
Time-invariant 

Correlation Imposed!!!

Variable-wise Batch-wise

( )
2

JK1JK.# +
=Par

More samples/parameter

J. Camacho, J. Picó and A. Ferrer. Bilinear modelling of batch processes. Part I: Theoretical discussion, 
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UnfoldUnfold the threethe three--way matrix.way matrix.
VariableVariable--wisewise unfoldingunfolding

Time-invariant Correlation Imposed!!!

V-W scores

Saccharomyces 
cerevisiae 
cultivation

J. Camacho, J. Picó and A. Ferrer. Bilinear modelling of batch processes. Part I: Theoretical discussion, 
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VariableVariable--wisewise unfoldingunfolding

Time-invariant Correlation Imposed!!!

V-W scoresSolution: Piece-wise modelling

Saccharomyces 
cerevisiae 
cultivation

PCA

PCA
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ModelModel StructuresStructures

UnfoldUnfold the threethe three--way matrix.way matrix.
BatchBatch dynamicdynamic unfoldingunfolding = VW + = VW + LMVsLMVs

1 LMV

2·J

I·(K-1)

J. Camacho, J. Picó and A. Ferrer. Bilinear modelling of batch processes. Part I: Theoretical discussion, 
Accepted by Journal of Chemometrics (2008), DOI: 10.1002/cem.1113
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ModelModel StructuresStructures

UnfoldUnfold the threethe three--way matrix.way matrix.
BatchBatch dynamicdynamic unfoldingunfolding

Batch dynamic (1 LMV)

Order 1Order 0

# LMVs = Order of dynamics

J. Camacho, J. Picó and A. Ferrer. Bilinear modelling of batch processes. Part I: Theoretical discussion, 
Accepted by Journal of Chemometrics (2008), DOI: 10.1002/cem.1113
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ModelModel StructuresStructures

UnfoldUnfold the threethe three--way matrix.way matrix.
BatchBatch dynamicdynamic unfoldingunfolding

Variable-wise (0 LMVs)

Batch-wise (K-1 LMVs)

Batch dynamic (1 LMV)

J. Camacho, J. Picó and A. Ferrer. Bilinear modelling of batch processes. Part I: Theoretical discussion, 
Accepted by Journal of Chemometrics (2008), DOI: 10.1002/cem.1113
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ModelModel StructuresStructures

UnfoldUnfold the threethe three--way matrix.way matrix.
BatchBatch dynamicdynamic unfoldingunfolding

Batch dynamic (1 LMV)

Time-invariant Dynamics Imposed!!!

Adjust the amount of dynamic information

J. Camacho, J. Picó and A. Ferrer. Bilinear modelling of batch processes. Part I: Theoretical discussion, 
Accepted by Journal of Chemometrics (2008), DOI: 10.1002/cem.1113
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UnfoldUnfold thethe threethree--wayway matrixmatrix..

I

J·K J

I·K

2·J

I·(K-1)

K-1 LMVs 1 LMV 0 LMVs

+ LMVs - LMVs

- Parsimonious + Parsimonious
+ Dynamics captured - Dynamics captured
- Constrained Dynamics + Constrained Dynamics
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ModelModel StructuresStructures

Divide in K matricesDivide in K matrices

High number 
of models

LMVs locally 
adjustable

Moving Average

Evolving

Local

J. Camacho, J. Picó and A. Ferrer. Bilinear modelling of batch processes. Part I: Theoretical discussion, 
Accepted by Journal of Chemometrics (2008), DOI: 10.1002/cem.1113
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ModelModel StructuresStructures

ContextContext::

a) A a) A largelarge numbernumber ofof possiblepossible ModelModel StructuresStructures

b) b) VeryVery differentdifferent batchbatch processesprocesses, (, (constantconstant oror 
varyingvarying dynamicsdynamics,  ,  dynamicsdynamics ofof differentdifferent orderorder, , 
etcetc……) ) 

NO MODELLING STRUCTURE IS THE NO MODELLING STRUCTURE IS THE 
BEST ALWAYS!!!BEST ALWAYS!!!

WHY DONWHY DON’’T WE IDENTIFY THE MODEL T WE IDENTIFY THE MODEL 
STRUCTURE FOR THE CURRENT CASE STRUCTURE FOR THE CURRENT CASE 
STUDY???STUDY???

J. Camacho, J. Picó and A. Ferrer. Multi-Phase Analysis Framework for Handling Batch Process Data, 
Accepted by Journal of Chemometrics (2008), DOI: 10.1002/cem.1151
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MultiMulti--phasephase FrameworkFramework
Aim: Aim: TheThe identificationidentification ofof thethe convenientconvenient 
structurestructure ofof a PCA/PLS a PCA/PLS modelmodel ofof a a batchbatch 
processprocess..

TheThe MultiMulti--phasephase modellingmodelling structurestructure..

5 LVs

3 LVs

5 LVs 15 LMVs

BW

1 LMV
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2 LVs

1 LVs
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1 LMV

Which one is better?

ToTo developdevelop MultiMulti--phasephase modelsmodels wewe needneed::

A A lossloss functionfunction
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MultiMulti--phasephase FrameworkFramework
ToTo developdevelop MultiMulti--phasephase modelsmodels wewe needneed::

A A lossloss functionfunction

A A calibrationcalibration algorithmalgorithm

1) 1) GreedyGreedy OptimizationOptimization

2) 2) MergingMerging AlgorithmAlgorithm

3) Tools 3) Tools forfor Visual Visual InspectionInspection andand DecisionDecision
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CrossCross--validationvalidation: : PredictionPrediction errorerror

ChallengesChallenges::
-- EasyEasy forfor PLS, PLS, notnot easyeasy at at allall forfor PCA.PCA.

EPTX T
pca += ·FBXY pls += ·

PLSPLS PCAPCA
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CrossCross--validationvalidation: : PredictionPrediction errorerror

ChallengesChallenges::
-- EasyEasy forfor PLS, PLS, notnot easyeasy at at allall forfor PCA.PCA.

1) Different data for calibration and validation.
2) Predict a variable from the rest following the PCA structure.

LnSO approach
What happens with independent variables???
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LossLoss FunctionFunction
CrossCross--validationvalidation: : PredictionPrediction errorerror

ChallengesChallenges::
-- EasyEasy forfor PLS, PLS, notnot easyeasy at at allall forfor PCA.PCA.

Solution: Augment X with redundant information

J. Camacho, J. Picó and A. Ferrer. New Cross-Validation Methods in Principal Component Analysis, 
10th Scandinavian Symposium on Chemometrics (2007).

[ X T ] Robust to noise

EPTX T
pca += ·

[ X X ] Not robust to noise

CLnSO

1) Different data for calibration and validation.
2) Predict a variable from the rest following the PCA structure.

LnSO approach
What happens with independent variables???
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LossLoss FunctionFunction
SimulatedSimulated exampleexample: : 4 LV 10 OV

J. Camacho, J. Picó and A. Ferrer. New Cross-Validation Methods in Principal Component Analysis, 
10th Scandinavian Symposium on Chemometrics (2007).

The CLnSO method outperforms the other approaches
in all the simulated examples to date
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LossLoss FunctionFunction
CrossCross--validationvalidation: : PredictionPrediction errorerror

ChallengesChallenges::
-- EasyEasy forfor PLS, PLS, notnot easyeasy at at allall forfor PCA.PCA.

-- UsedUsed toto determine determine thethe numbernumber ofof LVsLVs, , butbut 
notnot forfor thethe numbernumber ofof subsub--modelsmodels andand ofof 
LMVsLMVs. . 

J. Camacho, J. Picó and A. Ferrer. A new algorithm for selecting the unfolding method and the number of
sub-models in batch process modelling with PCA, 10th Scandinavian Symposium on Chemometrics (2007).
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AlgorithmsAlgorithms
- Calibration: Three-step Analysis:

a) Multi-phase Algorithm

J. Camacho and J. Picó. Multi-Phase Principal Component Analysis for Batch Processes Modelling, 
Chemometrics and Intelligent Laboratory Systems, 81(2):127-136 (2006).

J. Camacho and J. Picó. Online Monitoring of Batch Processes using Multi-Phase Principal Component
Analysis, Journal of Process Control, 10(16):1021-1035 (2006).

Multi-Phase
Algorithm

Parameters

PCAXI
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AlgorithmsAlgorithms
- Calibration: Three-step Analysis:

a) Multi-phase Algorithm

b) Merging Algorithm

Merging
Algorithm

XI

J

K

X1 X2 Xn1+1

Xk1

Xk1-1

Xk1-n1+1Xk1-n1

Xk1-n1-1 Xk1-n1

Xk1-n2+1 Xk1-n2+2 Xk1+1

Xk2

Xk2-1

Xk2-n2+1Xk2-n2

Xk2-n2-1 Xk2-n2

Xk2-n3+1 Xk2-n3+2 Xk2+1

XK

XK-1

XK-n3+1XK-n3

XK-n3-1 XK-n3

XI

J

K

X2 Xn1+1

Xk1

Xk1-1

Xk1-n1+1

Xk1-n1

Xk1-n2+2 Xk1+1

Xk2

Xk2-1

Xk2-n2+1

Xk2-n2

Xk2-n3+1 Xk2-n3+2

XK-n3+1XK-n3

XK-n3-1 XK-n3

Tm , Criterium

XI

J

K

X1 X2 Xn1+1

Xk1

Xk1-1

Xk1-n1+1Xk1-n1

Xk1-n1-1 Xk1-n1

Xk1-n2+2

Xk2-n2+1

Xk2-n2

Xk2-n3+1 Xk2-n3+2

XK-n3+1XK-n3

XK-n3-1 XK-n3

PCA

PCA

PCA

J. Camacho, J. Picó and A. Ferrer. Multi-Phase Analysis Framework for Handling Batch Process Data, 
Accepted by Journal of Chemometrics (2008), DOI: 10.1002/cem.1151
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AlgorithmsAlgorithms

J. Camacho, J. Picó and A. Ferrer. Multi-Phase Analysis Framework for Handling Batch Process Data, 
Accepted by Journal of Chemometrics (2008), DOI: 10.1002/cem.1151

- Three-step Analysis:

Anova + LSD

c)   Compromise Performance - Complexity

2 LVs

1 LVs

VW

1 LMV

5 LVs

3 LVs

5 LVs 15 LMVs

BW

1 LMV
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AlgorithmsAlgorithms
- Calibration: Multi-Phase Framework

Generate set of s
Merged MP Models

Generate Initial Set
of r MP Models

Anova

Final MPmodel

{unfolding, n, g ,T,minL}1

{unfolding, n, g ,T,minL}2

{unfolding, n, g ,T,minL}r
...

Tm,1
Tm,2

Tm,s

.

..

1st

2nd

3rd

J. Camacho, J. Picó and A. Ferrer. Multi-Phase Analysis Framework for Handling Batch Process Data, 
Accepted by Journal of Chemometrics (2008), DOI: 10.1002/cem.1151
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OnOn--lineline MonitoringMonitoring
Determine onDetermine on--line if the product of a line if the product of a 
batch is produced under NOC.batch is produced under NOC.

Quality measurements: offQuality measurements: off--line, slow, line, slow, 
destructive and selectivedestructive and selective

The O-MS saves lots of money!!!
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OnOn--lineline MonitoringMonitoring
Determine onDetermine on--line if the product of a line if the product of a 
batch is produced under NOC.batch is produced under NOC.

Quality measurements: offQuality measurements: off--line, slow, line, slow, 
destructive and selectivedestructive and selective

StepsSteps
Align Align thethe data.data.
ConvertConvert threethree--wayway data data intointo twotwo--wayway data.data.
FitFit thethe PCA (PCA (oror PLS, etc.) PLS, etc.) modelmodel//modelsmodels..
ConstructConstruct a a pairpair ofof monitoringmonitoring chartscharts basedbased
onon::

TheThe DD--statisticstatistic ((fromfrom thethe scoresscores T T ))
TheThe SPE (SPE (fromfrom thethe residualsresiduals EE ))

EPTX T += ·
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OnOn--lineline MonitoringMonitoring
- Monitoring Charts: D-statistic and SPE

Batch under NOC

SaccharomycesSaccharomyces cerevisiaecerevisiae cultivationcultivation
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- Monitoring Charts: D-statistic and SPE

Abnormal Batch

SaccharomycesSaccharomyces cerevisiaecerevisiae cultivationcultivation
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