Rt o 48

Linear Discriminant Analysis

last modified July 22, 2008

FiT— 18 BT T R AR S iR AR R P RERY 5 — (E T A PR L RERZ R ELFE IR/
FHERERRAE, AR LB SHARKBRRBE, MK (Posterior Prob-
ability) Pr(G|X), Nearest Neighbor Method F|AFIEIEREEEEfHET
M8, BRI ERE R —ER A AR R ABITAHE Linear Discriminant
Analysis, {5 —EABIGERRBBEATEXY, HREAERETRMAENGESE
RAFHIE

AEGBRRAITETNERE

WEEREHEAWEREE . MATLAB EREAWEERET (REE).

(AZR® MATLAB 154 BEE )
84 :mvnpdf, mvnrnd, hist3




1 B=/T#i:Linear Discriminant Analysis

BRI B AR A S AR MR B R 38, HAIR AR KERRDN, —iK
ME, WikA RHARARTH ERAKE MR ERE, 2 —EE R
R R,

P(X|G = k)P(G = k)
S, P(X]G = )P(G =)

P(G = k[X) = (1)
E SR AR ERE R KR TT, Hf P(X|G = k) £FRE k
HERBENREEERS, T P(G = k) RIREE—EREMSERE (BEH
)" EM AR R A BN ERER EMLBRA SR E AR R,
EREEHEEN B B EF R ERERE TE T REERE.

EREETLTHEMER P(X =x|G = k) = fi(z) IR Multivariate Normal Distri-

bution,

1
) = Gy

o~ 3 (x—m10) TSk (x— o) (2)

Hrp x € RP, e B8 Xy, HIREE k HERE BB S (EEL SR, E2H
PEENERRE, EREENERRSAEFEESRNFTEERTEE S RN, /K
{LRIRERI#EHEM, Linear Discriminant Analysis(LDA) 53— 3B FiE L8
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Y=load('la_1.txt’)

[=find(Y(:,3)==0); %HE3IWERER 0 FEKI|E
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data=[Y(I1,:);Y(12,:)]; %MRERFERSER
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H1 = y o =
-1

MEEREAR/ND BIE Ny = 500, Ny = 250, AT HIHE S
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mul = [1 -1};mu2=[-1 1J;
Sigma = [1 0.4; 0.4 1]

rl = mvnrnd(mul, Sigma, 500);
r2 = mvnrnd(mu2, Sigma, 250);
Y=[rl ; r2];
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subplot(2,1,1),plot(Y(:,1),Y(:,2),”*")
subplot(2,1,2),hist3(Y))
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