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ABSTRACT

We describe a texture image synthesis technique based
on the AR ( auto-regressive ) model in this paper. Since
the AR model is appropriatc to a random texture field,
the

decompose the texture containing some non-random local

we  employ pyramidal  proccessing  technique  to
structure or non-homogenity into random texturc field.

Two examples are provided to demonstrate uscfulness
of the proposed method. Compare to the other synthesis
techniques, the obtained images were more close to the
original image subjectively.
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o714, B@) & a() 2 ojfoll M? x M? ayls
matrix, y , w &+ y(.) , w(.) & 7z lexicographic ¢o.8
Ay M2 x 1 =7ie) matrix ol

o]al &] B(a)¥ block circulant matrix 24 Fourier vectorg
ol%0) matrix F &} F~! of ojsha uiztak(diagonalize)Al
4 a2l &,

B(a) = F! D(a) F (5)
714,
F = [ ( (fy) =0M~-1), k=0M-1 ]
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4. Pyramid 7§ o]8% o4 ¢4[10]
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o WAz, 44 HEFANZRE AM9 textured 4§ AX, ol
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4x AAF ade A4ad. A, Udgel e, A
Folobg MRS 4L, 16 X 16 37|89 Pyramid7 x| 73
4 Aris] 4% 32 x 32, 64 X 64 A7 UXe) o
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A 8Hde]l AZHoz g Hold Ad dF A4 =i
A AYsidc. dYsel 24, Brodatz o A#EF DIl
2 EAY 449 433, D84 2 AW raffagddd A5
. o] &, 4% o442, d4us Wl nEA 4
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6. 4 &
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Y oo FaAe FHolAU, ol=HES F2H H4Aol &
Mers AgaW, MAP wish o] PyramidrzE olf s
Hel T4 4l BPAANY S5
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2% 3. Cloth 44l 34 AR 2l HERNEo
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( parameter 4 = 6 )
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a3 4. Cloth g4 oiai, 1 bit ¢35
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(b) pyramid 7 A%s o4

(c) pyramid 2z} AFol) oig €A G4
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b :‘.’; ; ".
(0) &4 94
( parameter ¢ = 24 )

2% 6. Raffia oJ4o 34 AR 23 HEQewd

ORTERL, ®) ¥4 44
( parameter 4 = 24 )

23 7. Raffia oj4toll oish, 1 bit kx8h# residual A8
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