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Texture Recognition of Material Images using DCNN - Approach from Sound Symbolism
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Material (or texture) recognition represents that various physical quantities belonging to objects are detected by human
sensory receptors and processed in the brain. However, it is difficult to define material recognition because the amount of
information is enormous in material and texture. In recent years, some researchers have raised a possibility that perceptual
characteristics of textures can be integrally expressed by sound symbolism. Sound symbolism represents a phenomenon in
which a certain amount of information perceived from the physical world is strongly associated with phonological elements
in the brain. In this research, we aim to generate material and texture expressions using sound symbolic words as variables to
converge various material and texture features and Deep Convolutional Neural Network (DCNN). As a result, it became
possible to output stochastic phoneme of sound symbolism to the input image. Our achievement is expected as a new method
capable of expressing various fine texture information comprehensively.
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