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Quiz - name the geometric transformation
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Quiz - name the geometric transformation
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What is this?
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Basic
transformatio

ns can be
represented in
a matrix form
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= ]
1. Scaling d‘“ 53,] @
2. Rotation (clockwise) _;1?1555 _j;r;g
- - F casd sinG
S. Rotation (anti-clock) einB cosB
1 O
4. Translation O 1
. L
. 1 O
5. Reflection [-D- _1]
(about x axis)
6. Reflection [_Dl 2]
(about v axis)
7. Reflection [_ﬂl —Dl
(about origin)
B. Reflection about =X [é 2]
9. Reflection about Y= —X [_1 _G]
10. Shearning im X direction [ 1 D]
- d Sh, 1
11. Shearnng i Y direction [é SI;}']
. . . . 1 Shy,
12. Shearnng im both » and v direction [Sh 1 ]



Unit vectors
along pairwise
mutually
perpendicular
standard x-, y-,
Z- axes are
called standard
basis
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Change of

Basis
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Linear transformation
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PCA i N an uts h e I I 3. compute covariance matrix
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1. correlated hi-d data 2. center the points | h[z.o (6?8)]» cov(hu) =1 hu,
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7. uncorrelated low-d data
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Factor Analysis

How many animals are under the water? How many animals are under the water?
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Factor Analysis

How many animals are under the water? How many animals are under the water?
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Factor Analysis

How many animals are under the water? How many animals are under the water?
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PCA Vs

Factor
Analysis
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Vector space
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6) cut exists m |

Tye(u+v) = cu+ov
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Gram Schmidt orthogonalization process
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Rank

Work with reduced set of variables

Rank

Dependent attributes can be calculated if they
are from the same data generation process
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Independent of the size of the data set if the data
is from the same data generation process
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Singular value Decomposition
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Difference between PCA and LDA

Quiz ?

 Whatis the difference between LDA & PCA?Y

4

Feature 2

Feature 1

http: f/stackoverfiow.comfquestions /3357696 3 fdimensions -redouction-in-matlab using-pca
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PCA vs LDA
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Thank You
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