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Semantic Recognition of Texture Image Based on Deep Learning
WANG Junmin, ZHANG Shimeng
(School of Information Engineering, Pingdingshan University, Pingdingshan, Henan 467036, China)

Abstract ; Traditional texture image recognition methods mainly detect the low-level visual features, resulting

in inadequate recognition of high-level semantic features. To solve the problem, this paper proposes a method for

recognizing the semantic feature of texture image based on deep learning. Firstly, the model pre-trained on the

ImageNet dataset as the backbone network is employed to build our model. Secondly, the data augmengatiompand

preprocessing of the input texture images are implemented, and then the training and validation da a t

to our model for training and validation. Finally, the best model obtained by training is used for se i -

nition of test images. The experimental results on the semantic Describable Texture Dataset ( DTD) showtihat the

proposed method has good performance in the semantic recognition of texture images.

Key words :texture image recognition; deep learning; semantic recognition; feature extraction



