Computer Science and Application HEPLEZF 5MH, 2019, 9(8), 1584-1590 Hans X
Published Online August 2019 in Hans. http://www.hanspub.org/journal/csa
https://doi.org/10.12677/csa.2019.98178

From Video to Semantic: Video
Semantic Analysis Technology
Based on Knowledge Graph

Ligiong Deng’, Jixiang Wu, Li Zhang

Air Force Communication NCO Academy, Dalian Liaoning
Email: “tigerss1016@163.com

Received: Aug. 6, 2019; accepted: Aug. 19", 2019; published: Aug. 26™, 2019

Abstract

Video understanding has attracted much research attention especially since the recent availability
of large-scale video benchmarks. In order to fill up the semantic gap between video features and
understanding, this paper puts forward a video semantic analysis process based on knowledge
graph, and adopts random walk to quantify semantic consistency between semantic labels. Then
video semantic reasoning based-on knowledge graph is studied. The experimental results prove
that knowledge graph can improve semantic understanding effectively. Finally, a constructed mul-
tilevel video semantic model supports applications in video classifying, video labeling and video
abstract, which has some guiding significance for information organization and knowledge man-
agement of media semantic.
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Figure 1. (a) Child with microphone, (b) Tiger in the zoo
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Figure 2. Example of knowledge graph relations for video semantics
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Figure 3. Video semantics analysis framework based on knowledge graph
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Table 1. Comparison of video classification results
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