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Fisher’s Linear Discriminant analysis (FLD, Bk B {5 LDA)
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Bad linear feature (projection)
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Objective: Fisher’s Criterion
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Application: face recognition
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v A N B 4 0 i& & PCAFIFLD ?
v At A s

v ORL A 2 42

http://www.cl.cam.ac.uk/research/dtg/attarchive/facedata

base.html
e Dataset removed! How?

v OpenCV A - Filtutorial
http://docs.opencv.org/modules/contrib/doc/facerec/face
rec tutorial.html

v HESAENL: B FEE A windows/linux/mac N &3k
OpenCV
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http://www.cl.cam.ac.uk/research/dtg/attarchive/facedatabase.html
http://docs.opencv.org/modules/contrib/doc/facerec/facerec_tutorial.html
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v PreE(scalar, 4iEg): x € R
v [n] & (vector): x € R4
v FEFE (matrix): X € RY x R4
v B ET?

o INHRRY x R? x R?

o FRNTK Etensor, 45 JE 3Tk &

o bR MIE. FEDHIZ0. 1. 20K E
v Ik EIERAE, LA 2 [F] & Hvectorize

o W4 P I 54T HE R stack i ok

32x32
Reshaping/Vectorization
1024x1
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e Uhttp://cs.nju.edu.cn/wujx/paper/icml|2005.pdf

v 5RENT 25 20 T Ry Ak il B

e Multilinear Subspace Learning: Dimensionality

Reduction of Multidimensional Data
http://www.crcpress.com/product/isbn/9781439857243

o NG A EALHTEDR B A
v R E AL R &=

e Golub & van Loan, Matrix Computation, 3™ ed.
http://www.cs.cornell.edu/courses/cs621/Books/GVL/index.htm
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