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Abstract: Since current image multi-label classification methods only focus on the category information
of image ontology (ontology) and ignore the deep semantic information of the image (implicit), this

study proposed an image multi-label classification model of “ontology-implicit” fusion learning. The
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model first used the middle and higher layers of CNN to learn the image ontology information and
implicit information, respectively, and then it used the dependency relationship between the ontology
information and implicit information to design the fusion learning model. Meanwhile, the different
characteristics of the middle layer and different structures of the model were studied in-depth, to
realize the classification of implicit information contained in multiple image categories. Experiments
conducted on the traditional national costume pattern image datasets show that the mAP of image
ontology multi-label classification and implicit multi-label classification are 0. 88 and 0. 82,
respectively. Comparative experiments conducted on the Scene dataset show that the model is superior
to other methods in Hamming loss, one error, and average precision indices, with values of 0. 103,
0.091, and 0. 083, respectively. Therefore, the experimental results prove the effectiveness and
superiority of this method.

Key words: multi-label classification; fusion learning; traditional national costumes; semantic understanding
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Fig. 1 Overview of the present model
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Multi-label classification model based on “ontology-implicit” fusion learning
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MLR™ 0.268+0.012 0.3770.038 1.13740.076 0.2104£0.018 0.750£0. 021
MIMLfast!™ 0.19940.013 0.3694+0.032 1.11940. 079 0.20940.017 0.754+0.017
KISAR™® 0.187£0.011 0.36520. 035 1.069=0. 101 0.19840.023 0.761£0.022
MIMLcaust 0.178+0.010 0.333+0.039 0.989+0.077 0.17940.018 0.783+0.021
NGRM-£1(3NN)[2] 0.187+0.011 0.350+0.017 0.995+0.012 0.18240.014 0.795+0.026
NGRM-(1(SVM) 2] 0.1754+0. 004 0.355+0.016 0.980£0. 026 0.174%0. 007 0.794+0.011
M4-A 0.154=+0.002 0.540+0.019 1.60640. 191 0.33140. 050 0.745+0. 024
M4-B 0.11320. 005 0. 448=+0. 030 1.450+0.072 0.296+0.021 0.79740.015
M4-C 0.093+0. 004 0.360+0.007 1.276£0.091 0.23840.020 0.839+0.012
M4-D 0.072£0. 002 0.259%40.007 0.99140. 039 0.18040. 005 0.877£0. 003
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