%520 H5 3 BRIV K2R (TR AR) Vol. 20 No. 3
2020 4£ 9 H JOURNAL OF NANJING NORMAL UNIVERSITY (ENGINEERING AND TECHNOLOGY EDITION) Sept, 2020

doi:10.3969/j.issn.1672-1292.2020.03.009

36 W AL R 5 A A AT DG 08D H bR LI I 52
EhE K N BEE R B

(R RUTERE S A S TR B, 1195 Rt 210023)

I.

(FE]  TERAOCIENE B bR ER Tk O 1 SRR B — AR 3 B R 3R AN 2, LSRR A (AR
SERT RN 3 JRR R RS 1 )R, 4 H T — P 1 3 R R RS A SRR A AR S i H bR R BR SR T SE A
SE I3 Wi X 7 1 BE LT VRS RN €04 e A AT WA, AR v SR (9 A I 3 LU 3 TRl R 1 114 0
JOE P, P A W 7 P S e -5 - PA7 I (R S e ) AR BR8P AU, S B oz T Ay IS Bl , AT 3145
VRIS B 5 F5 v AR 0 1 ot ) 50 €5 424 R O P AR DURE 38 B A Y B 3% 7 OTB—50 Kidii £ b A9 SE g2 R i 2 W,
SR IREREREOE T IS 1 | REAS 1 o A B

(KR ] FARERER AR CIRIE, SR AE Rl &, A HRT

[RESZES]|TP391 [ XEIREBIA [ XEHS ]1672-1292(2020)03-0050-07

Kernelized Correlation Filter Tracking Algorithm
Based on Adaptive Feature Fusion
Dong Chunyan, Liu Huai,Liang Qinjia,Liang Lei
(School of Electrical and Automation Engineering, Nanjing Normal University , Nanjing 210023, China)

Abstract:In the kernelized correlation filter object tracking algorithm, the use of mere histograms of oriented gradients
(HOG ) feature can easily cause insufficient feature expression. In addition , the linear interpolation model updating strategy
used in this algorithm can easily cause model drift. To solve these problems, an improved kernelized correlation filter
tracking algorithm based on adaptive feature fusion and model updating is proposed in this paper. Firstly, PCA is applied
to reduce the dimension of HOG feature and color name ( CN) feature to improve the speed of the algorithm. Secondly, the
response maps of the two dimensionality reduction features are calculated independently. After that,the product of the
peak value and the average peak-to-correlation energy ( APCE) of two response maps are used to obtain their weights so
that we can use weights to obtain the fused response map. Finally,the model updating rate is determined according to the
similarity of CN feature between the two frames. Qualitative and quantitative analysis of experimental results on the
OTB-50 dataset show that the tracking performance of the proposed algorithm is superior to that of other tracking algo-
rithms and it can ensure the real-time performance.
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