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Table 1 Comparison with other algorithms

Ei4 LKCF  Struck'™  OAB'" MIL" cr® ASLA'™® KCF'" TLD' "
DP/% 86.6 65.6 50.6 47.5 39.4 53.2 74.1 60.8
0S/% 78.9 55.9 39.4 37.3 34.1 51.1 62.2 52.1

Wik R/ He 34 20 42 64 16 172 28

AR B85 H A B R RCR 1 o B B
LKCF 5 At 4 4~ B i fe 4 (1938 i s KCF TLD |
IVT (incremental visual tracking) il Struck 7F/\3E
Bl 5 OTBSO b dE A7 1 X% Lo, 52 56 20 AR 4n ]
1R o

e 1(a) , HAx David 28 )56 BBAR {6, fp
A ) A R T DR M R R E AR, SR
TET FRFE A H] 75T PCA BYSM AR AL,
A& N HARB AN IS A AR 1(h) FIE 1(c)
H, HARXT R 2 1 R R, st HA TLD Fi

LKCF J5 1 v] LA SE SR i , IR A B AT T 3058
KrALEl . 72 1(d) fythidiiz sh3 5 T, KCF
TLD 11 LKCF 753 22 P BL&f , i Struck 1 IVT &
TCIEAEWH297 Z J5 B Hr, 72 1(e) 1,
H bR B8 5 1) RS S 3R 8 Ak T AR R AE Mk,
REBF B ERT Bin, A LKCF Hik#g
BB . AER (D) 2475 5t T, KCF JRER 2%
AT T HOG HR1E , (i RS H A=A T
%o tHELZ T ,LKCF #1 TLD IREFSSHH TR T
ARG AL ) (5 75 R AR



WRRIN A , 45 - 2 T RO R AR DB U 0 I I F AR BR R B3 35

ln” ;
i/

(f) 7 Shaking WRSA I () BR 345 % He

LKCF == = [VT == Struck == TLD == KCF

B 1 AEFH=THREERILL

Figure 1 Tracking results in different video scenes
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An Improved Kernelized Correlation Filter for Long-term Target Tracking

CHEN Liping, WANG Mingyu, YANG Wenzhu, WANG Sile, CHEN Xiangyang

(School of Cyber Security and Computer, Hebei University, Baoding 071002, China)

Abstract; At present, the research of long-term target tracking played a leading role in the field of target

tracking. Due to the target fast moving and object occlusion, the template drift became one of the research is-

sues in this field.To solve the above-mentioned problem, a long-term target tracking algorithm based on the im-

proved Kernelized Correlation Filter was proposed. The kernelized correlation filter algorithm as the tracking

framework was used. Furthermore, a highly reliable template update strategy as well as a conditional target re-

detection mechanism was constructed to avoid the problem of template drift. Experimental results indicated that

the proposed algorithm was more stable and reliable than the traditional algorithm in the long-term target track-

ing process.

Key words: long-term target tracking; template drift; kernelized correlation filter; confidence



