F40EH 11
2018411 H

BT 5 B R ¥

Journal of Electronics & Information Technology

—METREEEZF IS RTE

TR R & £ 24
(BRIMF R FZ G TR TS AN 450002)

A BK

T T BRI S 2 r I P 2 P PR AR IS TR AR LA e KT o £ 23 S M BRI 1) R, 2SRt — b B TR
JEFE RS ST 255 e VR T — R IRE A, WAL SR IR o L T VR R B S AR AL
B, AR 3N PR A B R ) AR SR R, R ARRAE IR Y BR 2R B AR R AR IR i SR
B HK, B ANMEIBR R, ARIEE IR B A RCE SR RS, ARIEREAE )BT HR 2 IR R A
Tt %R ) BIREAR RIS IR 22 5, AR T SRR, L5 I M FEARIREE . &M%
TEINZR I RE R T 2 AT 5% 5 S W 7 i, TR 2% SO AR AUV 8 A0 40 R AT 5%, DA B8 (R it . TEUCF101H0
HMDB51 ESEie g5 R, HOAINEMLEL, SR MINERA BEm s FRE .

KR WA IS: TR FERIAIRG: IREEREY ] 2ATE%0]
FESES: TP391 XEAFRIRES: A

DOL: 10.11999/JEIT171141

XEHS: 1009-5896(2018)11-2562-08

A Deep Metric Learning Based Video Classification Method
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LI Shaomei

Abstract: To solve the common problem of classification performance restriction caused by big intra-class
variations and inter-class similarities in video classification domain, this paper proposes a deep metric learning
based video classification method. The proposed method designs a deep network which contains three parts:
feature learning, deep metric learning based similarity measure as well as classification. The principle of
similarity measure is: Firstly, the Euclidean distance between features is calculated as the semantic distance
between samples. Secondly, a margin distributing function is designed to dynamically allocate margin in the
basis of the semantic distances. Finally, the difference of the sample semantic distance can be learned by
calculating the loss and propagating it backwards so as to the network can automatically focus on the hard
negative samples and more fully learn the characteristic of them. With a multi-task learning training method in
the training stage, the similarity measure and classification can be learned jointly. Experimental results on

UCF101 and HMDB51 show that the proposed method can effectively improve the classification precision.
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