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Abstract

Procedural textures with different patterns are normally generated from mathematical
models with parameters carefully selected by experienced users. However, for naive
users, the intuitive way to obtain a desired texture is to provide semantic descriptions
such as “regular”, “lacelike” and “repetitive” and then a procedural model with proper
parameters will be automatically suggested to generate the corresponding textures. By
contrast, it is less practical for users to learn mathematical models and tune parameters
based on multiple examinations of large numbers of generated textures. Taken the
semantic description of textures as the breakthrough point, this study explores the way
to automatically generate human desired textures by collecting and analyzing people’s
descriptions, so that it can lay the foundation for the communication between human
descriptions and procedural textures.
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Figure 1. lllustration of procedural texture
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Figure 2. lllustration of semanticprocedural texture in STD-basic
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Figure 3. Semantic prediction of procedural texture based on multilabel learning
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Figure 4. Semantic prediction of procedural texture based on multilabel learning
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Table 1. Distance metric result between predicted semantic and real semantic data
1 MNEEXEESEIRENTIESEESER

HE RS KL JH Wi A 2 RACFRIE gt
Gabor $54E 0.0564 0.0195 0.0557 0.0564
CNN %HiE 0.1114 0.0671 0.1380 0.1095

SRSk PE, Gabor HFAELE TS AR SR (1 SR IR LI, SR BAR TIRUAT IR FE A R b 2 X 28 A
RUHBAF R IRRAE, G, ASCEH Gabor FRIERGR MR RSO EIE, HATIE XMNEBA L, RE
FIFHiZ AN STD-add Hb 48 Hh i SR UG T HAE Uk . 2%, SRS 0vE SOBE S s A
4332 1800 MiE A1 8800 LU H () STD-basic F11 STD-add.
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