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A real matrix is called orthogonal if A=t = AT
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print(“Covariance Matrix"™) import numpy as np

mul = np.array([@.@ , @.8]) import matplotlib.pyplot as plt

mu2 = np.array([5 , @]) from scipy.stats import multivariate normal
mu3 = np.array([16 , 8])

mud = np.array([15 , 8])

covmatl = np.array([[1, ©], [& , 1]])
covmat2 = np.array([[1, ©], [& , 2]])
covmat3d = np.array([[1, ©.5], [08.5 , 2]])
covmatd = np.array([[1, -8.5], [-8.5 , 2]])

XX, yy = np.meshgrid{np.linspace(-3, 18, 7@), np.linspace(-4, 4, 78))
pos = np.dstack{({xx, yy))

pdfl = multivariate normal(mul, covmatl).pdf(pos)

pdf2 = multivariate normal({mu2, covmat2).pdf(pos)

pdf3 = multivariate normal({mu3, covmat3).pdf(pos)

pdf4 = multivariate normal(mu4, covmat4).pdf(pos)

contourl = plt.contour(xx, yy, pdfl, colors="blue' , linestyles='dashed' )
contour2 = plt.contour{xx, yy, pdf2, colors="red’, linestyles="dashed")
contour3 = plt.contour{xx, yy, pdf3, colors="green’, linestyles="dashed')
contourd = plt.contour{xx, yy, pdfd4, colors="black’, linestyles="dashed')

plt.axis( equal’)
plt.show()
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The correlation matrix of a vector x is given by
[0.3 0.1 0.1_|
Ry =10.1 0.3 —0.1
LO.] —0.1 0.3

Compute the KL transform of the input vector.
The eigenvalues of Ry are Ag = A1 = 0.4, A> = 0.1. Since the matrix Ry is symmetric, we

can always construct orthonormal eigenvectors. For this case we have

2 0 1
ag= — 11|, a 1|, a>= —1
1 1

o| ZEL—' ﬁtl

[y(o)‘l [2/\@' 1//6 1/«@"' [x(o)‘l
| =1 0 1/3/2 —1//2 | | x(D)
Ly(z')J Ll/ﬁ —1//3 —UﬁJ x(2)
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print(covmatl)
print(np.linalg.eig(covmatl))

[[1 €]
(@ 1]]
(array([1., 1.]), array([[1., ©.],

[e., 1.11))

Pattern Recognition




1)

dly Sy S —F J

np.set printoptions(precision=2)
X = np.array([[1, 3, 4],

[2, 6, 8],
[3, 7, 1e],
[41 -1, 3]:
[5, 11, 16],
[6, 12, 18], Z=x4+y
[7, 56, 63],
[8 -9, - ]J
[9, 9, 18],
[10, 33, 43]])
covX = np.cov(np.transpose(x))
print(covx)
eigmatx = np.linalg.eig(covx)
(

print(eigmatx)

[[ 9.17 21.28 320.44] ~0

[ 21.28 348.23 369.51]

[ 30.44 369.51 399.96]] @

(array([7.46e+82, 1.10e+01, 4.62e-14]), array([[-©.05,

[-0.68, ©.45, -0.58],
[-8.73, -0.36, ©.58]]))

-0.81,

-9.58],




ools SausTy — F Jo

° ax = plt.axes(projection="3d")
ax.scatter3D(x[:,0], x[:, 1] ,x[:, 2])

=




o [[ 9.17 18.33]

[18.33 36.67]]

a JL‘:‘_,Q E (array([ ®. , 45.83]), array([[-©.89, -8.45],

[ 0.45, -0.89]]))

[[ ©.00e+00 -2.24e+00]
o np.set printoptions(precision=2) [ ©.00e+00 -4.47e+00]
X = np.array([[1, 2], [-1.11e-16 -6.71e+00]
[2, 4], | ©.00e+00 -8.94e+00]
[3, 6] [-3.33e-16 -1.12e+01]
’ ’ [-2.22e-16 -1.34e+01]
(4, 8], [-1.11e-16 -1.57e+01]
[5, 18], [ ©.00e+00 -1.79e+01]
[6, 12], [ 1.11e-16 -2.01e+01]
[7, 14], [-6.66e-16 -2.24e+01]]
8, 16], Lo -2
0. -4.
[9? 18]? % -0, _?'%
[1e, 20]]) [ 8. -9.]
covX = np.cov(np.transpose(x)) [ -0. -11.]
print(covx) [ -0. -13.]
eigmatx = np.linalg.eig(covx) % 'g' :12‘%
print(eigmatx) [ o -2@:]
maxelgv = eigmatx[1] [ -0. -22.]]

XX = np.dot(x,maxeigv)
print{xx)
print({xx.round())
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FIGURE 6.1

The KL transform is not always best for pattern recognition. In this example, projection on the
eigenvector with the larger eigenvalue makes the two classes coincide. On the other hand,

projection on the other eigenvector keeps the classes separated.
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PCA vs

LDA

Scatter plot and the PCA and LDA axes

(a) Scatter plot.

o . .
4 4 a3 a @ 1 4

(b) Projectil:'in onto the
first PCA axis.

(c) F'roje-::ti-::':'n onto the
first LDA axis.

Figure 8: Scatter plot and the PCA and LDA axes for a bivariate sample with
two classes. Histogram of the projection onto the first LDA axis shows better
separation than the projection onto the first PCA axis.
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