FCMZ- 0] &332 G4 B H.9

A=)
(T
M
i

Bes - Fr) A
The Pattern Segmentation of 3D Image Information Using FCM
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ABSTRACT

In this thesis, to accurately measure 3D face information using the spatial encoding patterns, the new algorithm to segment the pattern
images from initial face pattern image is proposed.

If the obtained images is non-homogeneous texture and ambiguous boundary pattern, the pattern segmentation is very difficult.
Furthermore, the non-encoded areas by accumulated error are occurred. In this thesis, the FCM(fuzzy c-means) clustering method is proposed
to enhance the robust encoding and segmentation rate under non-homogeneous texture and ambiguous boundary pattern. The initial parameters
for experiment such as clustering class number, maximum repetition number, and error tolerance are set with 2, 100, 0.0001 respectively,

The proposed pattern segmentation method increased 8 - 20% segmentation rate with conventional binary segmentation methods.
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Fig. 1. The spatial encoding system
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Fig. 3. The 12 pattem segmentation using Otsu method.
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Fig. 4. The 12 pattem segmentation using FCM method
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Table 1. The processing time and threshold of the () h
Otsu and the FCM method. a8 5 7= *DR|ESS AR 5,_55}9 olo]x|
Otsu %' FCM Ed 283 Uy {a)Optimized code image (b)Otsu, (c)Uniform Error,
AAIZ | AIZHR) | A1 | FA2] AZHR) (d)Standard Deviation, (e)Ridler and Calvard,
T 70 0.015 20 108 3.468 {(HMinimum Error, (glLloyd, (N)FCM clustering,
2 62 0.015 21 %0 3.438 (IK-means clustering
3 50 0.015 22 91 3.688 Fig. 5. Pattem codified images using conventional algorithms.
4 62 0.015 28 61 4.969
5 51 0.015 28 84 4219
6 59 0015 28 | & 5.250 v.d 2
7 59 0.015 33 7 5.000
8 50 | 0015 28 71 5.000
9 62 0.015 25 87 3.953 A3 AR &S Y5t FEol EAT 31
R T - - 353 WL A7) A5 FOM Fei2E)Y dnelF
12| 6 0.015 20 | 100 | 3.687 < Ags R
3 0.181 51.124 71229 o| 23 By E L o|ux| Z B &l A7
232 0.015 4260 ol W21 HEe AA BYstA ¥Y BLO] ¥
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Table 2. Matching coefficient of pattern images projected on face using thresholding algorithms.

Pla) : Standard Ridl d . S .

A e Otsu Uniform Error D;rilaﬁon Caﬁfaig Minimum Error|  Lloyd FCM k-means
1 0.9695 0.9673 1.0000 0.9695 0.9557 0.9733 1.0000 0.9965

2 0.9694 0.9345 0.9892 09718 0.9569 0.9739 0.9985 1.0000

3 0.9798 0.8940 0.9685 0.9509 0.9605 0.9535 0.9955 0.9886
4 0.7008 0.6459 0.8461 0.9161 0.8961 0.8809 0.9941 0.9830

5 0.9597 0.8143 0.9352 0.9048 0.9457 0.9152 0.9893 0.9745
6 0.8086 0.6751 0.8701 0.9251 0.8871 0.8989 1.0000 0.9887

7 0.7811 0.6933 0.8205 0.7811 0.8829 0.7910 0.9285 0.8833

8 0.9479 0.7225 0.8947 0.9479 0.8693 0.9230 1.0000 1.0000
9 0.9197 0.8467 0.9450 0.9235 0.9603 0.9269 0.9837 0.9742
10 0.9341 0.6797 0.8727 0.9341 0.8747 0.9032 1.0000 0.9946
‘11 0.9737 0.9253 0.9855 0.9737 0.9630 0.9758 0.9973 1.0000
12 0.9422 0.8325 0.9384 0.9422 0.9755 0.9422 0.9841 0.9796
A 0.9072 0.8026 0.9222 0.9284 0.9273 0.9215 0.9892 0.9803
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