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Emotional Semantics Extraction from Image Texture
Based on Fuzzy Recognize Degree

WANG Li
(School of Mathematical and Computer Science, Shanxi Datong University, Datong 037009)

Abstract The low-level visual features(color, texture and shape) in image implicate lots of emotional semantics information with human
perception. This paper proposes a new indexing scheme, called Fuzzy Recognize Degree(FRD) clustering using the texture feature. This method
allows to retrieve images for emotion-assisted semantic analysis based on high-level affective concepts. For this purpose, a set of perceptual relevant
features is introduced: directionality, contrast and coarseness. Collecting indooor decoration images, experimental result shows the high performance
of the proposed technique.
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(a)Fabric 8, directionality=0.897 45 (b)Rock 5, directionality=0.439 25
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(a)Brick 0, contrast=0.451 634

(c)Fabric 15, contrast=0.652 579
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(b)Wood 2, contrast=0.021 580

(d)Level2 12, contrast=0.797 274
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(a)Bark 12, coarseness=0.253 152 (b)Clou

ds 0, coarseness=0.071 982

(c)Flower 0, coarseness=0.457 542 (d)Tile 7, coarseness=0.753 142
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1 homogeneous/non homogeneous
2 geometrical/non geometrical
3 soft/rough
4 fine/coarse
5 flat/non flat
6 regular/irregular
7 symmetrical/non symmetrical
8 simple/complex
9 defined/diffuse
10 natural/artificial
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Affective terms
0.98 0.90 0.50
0.90 0.70 0.48
0.70 0.90 0.8
0.80 0.88 0.65
0.75 0.90 0.65
0.78 0.70 0.60
0.64 0.75 0.65
0.70 0.90 0.80
0.65 0.85 0.78
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Frd(dynamic, active) = max{min[Frd(dynamic, softness),
Frd(softness, active)]
min[Frd(dynamic, clearness),
Frd(clearness, active)]} =
max{min(0.95, 0.98),
min(0.90, 0.98)} =0.95
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15=d=0, 360=d=345 “ 77
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PicNum « 1;

RowCount  select_from_database;
min(con)  0;
max(con)  255;

PicNum<rowCount+1

con — select_from_database(PicNum);
fid — (con-min(con))/(max(con)-min(con));

v y

Update_database
(fid, PicNum);

Update_database
(0, PicNum);

PicNum — PicNum+1; }4—]
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(VisTex) 200
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/s
FRD Tamura FRD Tamura
Picl 0.602 0.558 0.680 0.790
Pic2 0.809 0.697 0.700 0.810
Pic3 0.887 0.456 0.380 0.710
Pic4 0.768 0.503 0.310 0.690
Pic5 0.492 0.413 0.220 0.410
Pic6 0.708 0.653 0.230 0.430
Pic7 0.715 0.698 0.250 0.700
Pic8 0.733 0.728 0.190 0.450
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