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Tab.1 Comparison Between SVD and DCT at 4D Vectors in

Recognition Ratio, Training and Recognition Time Cost

8 X8 12X12 16 X16 20X 20 24 X 24 28 X 28 32X32
HHHE DCT 97.5 97.5 98 97 96. 5 93.5 90. 5
SVD 85.5 81.5 87 86.5 82.5 80.5 82
IR , o )
. 242/569 216/488 218/401 195/363 183/323 174/289 164/276
HiF 1] /ms DCT / / / | / /
SVD 484/464 727/476 1 068/521 1 431/559 1 884/608 5 505/715 2 874/575
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Tab.2  Comparison Between SVD and DCT at 9D Vectors in
Recognition Ratio, Training and Recognition Time Cost
8 X8 12X12 16X 16 20X 20 24 X 24 28 X 28 32X32
P 2% DCT 99 97.5 98. 98.5 98.5 96. 5 95.5
SVD — 87 89.5 90. 5 88.5 84.5 85.5
Y R AR - -
N 271/59 268/558 248/499 226/4 212/415 200/ 184/35¢%
S /ms DCT /596 68/55 8 6/466 5 00/366 /355
SVD — 745/613 1102/640 1 472/674 1919/703 5 570/762 2 935/813
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Tab. 3 Recognition Ratio of SVD

i 8§ X8 12X12 16 X16 20X20 24X 24 28X 28 32X32
4 85.5 81.5 87 86. 5 82.5 80.5 82
5 89.5 86 88 88.5 84.5 81.5 83.5
6 87 86.5 89.5 88.5 86 83.5 84
7 88.5 87 89.5 89.5 87 84.5 83
8 88 87 89 88.5 87.5 84 86
9 - 87 89.5 90.5 88.5 84.5 85.5
10 - 87 89.5 90.5 89 86 86
11 - 87 91 90 89 87.5 85.5
12 - 87 90.5 90.5 90 87.5 86.5
13 - - 90.5 90.5 90.5 88 87.5
14 - - 90 90 90 88.5 88.5
15 - - 90 90.5 91 88 89
16 - - 90 91 92 88 87.5
17 - - - 91.5 92 88 88
18 - - - 91 91.5 88.5 88.5
19 - - - 90.5 91.5 88.5 88.5
20 - - - 90.5 91.5 89 88.5
21 - - - - 91.5 89 88.5
22 - - - - 91 88 88.5
23 - - - - 91 88.5 89
24 - - - - 91 88.5 89.5
25 - - - - - 88.5 88.5
26 - - - - - 88.5 89
27 - - - - - 88.5 89.5
28 - - - - - 88.5 89.5
29 - - - - - - 90
30 - — - - - - 90
31 - - - - - - 90
32 - - - - - - 90
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Automatic Reconstruction of 3D Surface Model with 3D Irregular

Points Based on Projection Constrain

ZHENG Shunyi'* SU Guozhong' ZHANG Zuxun'

(1 School of Remote Sensing and Information Engineering, 129 Luoyu Road, Wuhan 430079, China)

(2 Geomatics and Applications Laboratory, Liaoning Technical University, 47 Zhonghua Road, Fuxin 123000, China)

Abstract: Surface model reconstruction from 3D irregular points is of great importance in variable

fields such as photogrammetry, 3D reconstruction based on images, scientific computing visualiza-

tion, etc. 3D points can be obtained with many mature methods such as photogrammetry, laser

scanning, etc. While the surface model reconstruction from 3D irregular points is still a difficult

problem. In this paper, a novel algorithm based on projective constrain for automatic generation of

3D surface model is proposed. It can make full use of projective constrain of points and make

surface reconstruction easy. Experiment results show its reliability.

Key words: 3D-TIN (triangulated irregular network); 3D irregular points; projective con-

strain; 3D surface reconstruction

About the first author. ZHENG Shunyi, associate professor, Ph. D. His research focuses on computer vision, digital photogrammetry and

virtual reality.

E-mail: syzheng@263. net

(REHE: ®R)

(EB% 121 7

Comparison Between SVD and DCT Feature Extraction

Methods in Face Recognition

LU Jian'

WANG Hui'

(1 School of Remote Sensing and Information Engineering, Wuhan University, 129 Luoyu Road, Wuhan 430079, China)

Abstract: This paper compares SVD (singular value decomposition) with DCT (discrete co-

sine transform) in the face recognition, and concludes that SVD is less effective than DCT in

recognition ratio and time cost. Experimental results show that SVD is an available feature

extraction method, but is not a best one for pattern recognition.
Key words: SVD; DCT; EHMM; feature; face recognition
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