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SIMCA (Soft Independent Modeling of
Class Analogy)
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S. Wold 1976

Classification in either of a number
of predefined classes

Outlier detection

Disjoint PCA class-modeling

New object is compared with
each class



SIMCA: Main Steps

1-st step: Principal
Component Analysis

2-nd step: Construction
of the Acceptance Area




Orthogonal distance (OD), v;
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Score distance (SD), h;
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Acceptance areas

Calculated by the
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Acceptance areas for multivariate classification
derived by projection methods



Acceptance areas

Modified Wilson-Hilferty
approximation for 2
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Type | error a.. 1=100
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Abnormal
observations




-} Toolbox for Robust Calibration 0] x|

Import  Help

» Data in the Toolbox:
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» Principal Component Analysiz:
[~ Clazsical PCA
[~ Raobust PCA

¥ model sek;
#=m - 56 = 700

' model zet:
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» Clazzical linear calibration:

[~ Partial Least Squares

[~ Continuurn Power Regression

» Robust linear calibration:

[~ Partial Bobust M-regression

[~ Raobust Continuum Fegression

» Mon-linear PLS:

[~ Radial Basis Functions PLS

> Subzet selection:
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» Wizualization:
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TOMCAT ToolBox

http://chemometria.us.edu.pl/RobustToolbox/
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1. Robust PCA
robust PCs, robust singular values

2. Robust classification rules
z-transformed robust OD and SD
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Construction of the Classification Rules
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Construction of th

Classification Rules
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Case Study

w9 Data acquisition with fiber-probe: NniR
‘ spectra in 4100 —10000 cm-! region

Data Set: substance in the closed PE bags, 82 drums, each bag
measured 3 times, totally: 246 spectra +4 drums with other substance

Substance in closed PE bags

Taurine, o'. ® oo
W

'
2-aminoethanesulfonic acid.




Data Sets’ Description

Group G1: 170 objects
Group G2: 46 objects

Test Set : 30 objects
G1l: 24 objects
G2. 6 objects

Group G3: 4 objects




Model with Evident Outliers
Training set: G1+G3
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Training set : G1+G2

#Gl1&G2

Test set




Robust SIMCA Results
Training set 216 objects (G1: Training set 177 objects (G1:
170 +G2: 46) 170 +G2: 7))

®£G18&G2

Test set 30 objects (G1: 24 +G2:6) Test set 30 objects (G1: 24 +G2:6)
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Misclassification G2:1 Misclassification G1:7; G2:1




Training set G1: No Outliers

Robust
estimates

DoF_h=2
DoF v=4

Regular
estimates

DoF h=3
DoF v=3

OUT: 3 objects



Residuals’ Distributions
N, h/h, z(SD)

‘ p(x*) =0.75
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N, V/v, z(OD)

| p(x?) =0.77 p(x?) = 0.15
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Conclusions

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

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

It Is iImportant to have a possibility for switching
between robust and non-robust classification methods.



