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Comparison Between The Method of Principal Component Analysis

And Principal Component Analysis Kernel For Imaging
Dimensionality Reduction

Abstract:

This paper tackles with two methods to dimensionality reduction, namely
principal component analysis (PCA ) in the case of linear combinations
and kernel principal component analysis method in the case of nonlinear
combinations to digital image processing and analysis for useful
information .And then compare the two methods and know which methods
are appropriate to imaging dimensionality reduction.
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The methods were applied to a group of satellite images of an area in
the province of Basra, which represents the mouth of the Tigris and

Euphrates in the Shatt al-Arab, as well as the water channels
permeating Basra Governorate and the water bodies scattered around these
channels.In this research, it is shown that the fourth image band is best
when using the PCA method the value of it is eigen value was the biggest
,while the KPCA method showed that the third image band was the best,
giving the highest latent value. Comparing the two methods using the mean
error error (MSE) method, the results showed that the main KPCA method
was the best.

Keywords: images, image processing ,digital image ,dimensionality reduction,
principal component analysis ,kernel principal component analysis .
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(1) s>
Laadyll Haall 4ilasy) renlaal)
Maximum Minimum Variance Std. Deviation Mean
1 0 0.0879 0.2964 0.9027 Band 1
1 0 0.1623 0.4028 0.7962 Band 2
1 0 0.1965 0.4432 0.7314 Band 3
1 0 0.1153 0.3395 0.8671 Band 4
1 0 0.1777 0.4216 0.7689 Band 5
1 0 0.1968 0.4436 0.7307 Band 6
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Al L)l SUSally Apnathyl LS Hall daalsa 4l Liads dyypeall aiall & ciliball S
O Gle Ju 1 dgall all Gu b)) @lia o) Bt WS @ Lgy) e adia
Olaially bl dypall Aaall o e cmge LLEYI Gleaiall 4 )8 @bl
Lol D 5 A lieiadls daselall Ayyseall dajad) (G camse Ll V) 4l daselally 200G

- il bl LSS ol o) Apseall aiall s pe JlB Ledalin)) 8 5V Ay seall Aol

(2) s>
Al ajall cp LY e

Band 6 Band 5 Band 4 Band 3 Band 2 Band1
0.5408 0.5989 0.8387 0.5419 0.5419 1 Band 1
0.8333 0.9227 0.7739 0.8384 1 0.6491 Band 2
0.9981 0.9047 0.6461 1 0.8384 0.5419 Band 3
0.6449 0.7141 1 0.6461 0.7739 0.8387 Band 4
0.9031 1 0.7141 0.9047 0.9227 0.5989 Band 5

1 0.9031 0.6449 0.9981 0.8333 0.5408 Band 6

LSall il (e IS Al ail) e Jpeanl 23 (ki) culall ol Lo Gl 3a
iy i S et Uit 380 aa(3) Uit (o8 Al ) LSyl gyl A
lsSl @llyy PCA diyla Gkt ie JuadV) s Gadll dgypeall dajall o) oo lie)
Laall ol KPCA diph Gulsi se s (26.3199) lgiad cualy Cum 43S da o) cidal

C(11.6254) cialy iy 2ad o) sl Lss< ety Qi) o 2 2 )seal)

(3) ds>
Byl J<) A0S il ad

Eigen Values For P.C
Band 1 Band 2 Band 3 Band 4 Band 5 Band 6

24.6403 23.8814 21.0981 26.3199 22.5182 21.0706

3.5959 8.0245 9.8062 5.1488 8.9254 9.8228

2.4153 5.5065 7.4579 3.7615 6.1324 7.4966

1.6604 3.8433 5.6619 1.7334 4.8575 5.6810

0.8347 2.3036 3.1727 1.2329 2.6910 3.1856

Eigen Values For kernel
Band 1 Band 3 Band 4 Band 5 Band 6

11.4109 11.6254 11.5033 11.4029 11.4189

5.5309 5.5870 5.5342 5.4472 5.3680

5.3580 5.5512 5.4278 4.9936 4.7755

2.8641 2.8836 2.8303 2.9037 2.8876

2.0341 2.1554 2.0783 1.8542 1.8169
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K. P.C Gubi (3 43Ul 5 suall Band1
P.C Gk (e 4a3lill 3 sall Band 3
P.C Gk (e 4a3lill 3 sall Band5

P.C Guki (e 4adlill 5 ) suall Band?2
K. P.C Gk (e 43Ul 3 oall Band 4
P.C Gukd (e 423Ul 5 ) sall Band6

. KP.C.A4iyHhs P.C. AL, L (e JS) s ladl) Chlagye Jawsgia (b 310 Janll Wl

(3) s
4y )b I mse cpw
Band1l | Band2 | Band3 | Band4 | Band5 | Band 6
P.C A | 7.9614 | 11.2177 | 12.4437 | 9.3277 | 11.7712 | 12.4533
KPCA | 7.9567 | 11.7754 | 12.8374 | 8.3142 | 12.3700 | 12.8426
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