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SIMCA: Main StepsSIMCA: Main Stepspp
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Orthogonal distance (OD), Orthogonal distance (OD), vvii
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Score distance (SD), Score distance (SD), hhii
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Acceptance areasAcceptance areas
Calculated by the 
PCA decomposition Estimated DoF Set by a researcher

N N

PCA decomposition Estimated DoF Set by a researcher

Nv , Nh

J. Chemometrics 2008; 22; A. PomerantsevJ. Chemometrics 2008; 22; A. Pomerantsev

Acceptance areas for multivariate classification 
derived by projection methods
Acceptance areas for multivariate classification 
derived by projection methodsy p jy p j
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Type I error Type I error α. α. II=100=100ypyp
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TOMCAT ToolBoxTOMCAT ToolBox
http://chemometria.us.edu.pl/RobustToolbox/

Chemometric Research Group, The University of Silesia

1. Robust PCA
robust PCs, robust singular values

2. Robust classification rules
z-transformed robust OD and SD
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M. Daszykowski, S. Serneels, K. Kaczmarek, P. Van Espen, C. Croux, B. 
Walczak,  TOMCAT: a MATLAB toolbox for multivariate calibration ,
techniques :Chemometrics and Intelligent Laboratory Systems, 85 (2007) 
269-277. 



Robust and nonRobust and non--robust classificationrobust classificationRobust and nonRobust and non robust classificationrobust classification
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Construction of the Classification RulesConstruction of the Classification Rules
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Construction of the Classification RulesConstruction of the Classification Rules
Robust Estimators

Median  M Interquartile R

Robust Estimators
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Case StudyCase Study
Data acquisition with fiber-probe: NIR 
spectra in 4100 –10000 cm- 1 region

Data set: Substance in the closed PE bags, 82 drums, each bag 

p g

measured 3 times, totally: 246 spectra +4 drums with other substance

S b t i l d PE bSubstance in closed PE bags

Taurine,

2-aminoethanesulfonic acid.



Data Sets’  DescriptionData Sets’  Description
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Model with Evident Outliers Model with Evident Outliers 
Training set: G1+G3
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Training Training set : G1+G2set : G1+G2
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Robust SIMCA ResultsRobust SIMCA Results
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Training set Training set G1: No Outliers G1: No Outliers 
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Residuals’ DistributionsResiduals’ Distributions
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ConclusionsConclusions

Any classification problem should be solved with respectAny classification problem should be solved with respectAny classification problem should be solved with respect 
to a given type I error. 
Any classification problem should be solved with respect 
to a given type I error. 

Application of the robust procedure for the construction ofApplication of the robust procedure for the construction ofApplication of the robust procedure for  the construction of 
the classification rules provides reliable outlier detection 
Application of the robust procedure for  the construction of 
the classification rules provides reliable outlier detection 

It is important to have a possibility for switchingIt is important to have a possibility for switchingIt is important to  have a possibility for switching 
between robust and non-robust classification methods.
It is important to  have a possibility for switching 
between robust and non-robust classification methods.


