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Abstract

As a basic attribute of the surface of the object, the texture contains rich image information such as
color and texton. People use perceptual similarity to measure the similarity between different
textures. Texture similarity is widely used in texture recognition and material recognition, which
is one of the key technologies of object recognition and scene understanding. Accurate prediction
of texture perception similarity can help visual tasks such as texture retrieval and texture labeling
to keep consistent with the results of human perception. Reliable similarity data can be obtained
through psychophysical experiments, and researchers usually estimate the texture similarity by
using the distance measure between the features of the textures. This paper focuses on texture
perceptual data acquisition, texture computational feature extraction and texture perceptual si-
milarity estimation, reviews the development of texture perceptual similarity learning and com-
mon processing methods, and analyzes the future development of texture perceptual similarity
learning combining with the convolutional neural networks.
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Figure 1. Typical texture images
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Figure 2. Texture samples of natural texture database. (a) is the texture samples
from the CUReT database, (b) is the texture samples from the Outex database, and
(c) is the texture samples from the Brodat database
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Figure 3. The paired texture of the procedural texture da-
taset and the corresponding perceptual similarity values,
where vSim represents the perceptual similarity value
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