o5 34% 1M ¥ % 5 3k R Vol.34 No.l
20194 1 H Control and Decision Jan. 2019

XEHS: 1001-0920(2019)01-0144-07

ETREBENYERBRUANTLDRERE X

RImEL B ML, B 2R3
(1. REFE T RY: A BT LS, K 300384; 2. KiETTE 4 RFEEHIBEE K& v E S S2G =,
REE 3003845 3. KEPLTREE HENAME S RO E M E AL E, KHE 300384)

B O N E R EIRAS PSR PEIE SR BT S A BRI SN, 7640 i TLD S0k (OHESE N, 16 IR 138 B3
B W BVL BT T ER R AR, $R Y T MS-TLD Zvk. ik 51 NS B 77 PR AE AN RS 33 N, BRI 3 RE v M R IR 7
AR AR IE BN ) bR, e PR -G I S AR, 308 3o B s MG ) A B A I, A3 SV AE H bl P e L AR
U RS, SR TB-50 FRvfEMRAEBEAT T SEIRIGAIE 51T, 45 5 2 W Bt 53 RO IR 7 e T HARIBAR
RS IR E B DA 15 5T S S0 BR R 2 I, L TLD 2% 4 Fh 22 #5035 BAT 58 07 1) R A e P A e
X #EiA): tracking-learning-detection; MERE; REZEBEGER; ERER-HI 5
FESHS: TP273 XEkPRSEE: A

DOI: 10.13195/j.kzyjc.2017.1029

A TLD tracking algorithm based on scale-adaptive mean-shift method
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Abstract: In order to solve tracking failures caused by objects deformation, occlusion and fast motion, an algorithm called
mean shift-tracking learning detection(MS-TLD) under the framework of the classical tracking-learning-detection(TLD)
algorithm is proposed, which reconstructs a new tracker using the scale-adaptive mean-shift method. By introducing
color histogram features and scale-adaption, the new tracker can track objects with deformation and fast moving. A
new tracking-detection feedback strategy for the inter-correction between tracker and detector is designed, by which the
proposed algorithm has better robustness when objects are occluded. The TB-50 standard dataset is used to verify and
evaluate the proposed method. The experimental results show that the proposed algorithm can overcome the tracking
failures caused by objects with deformation, occlusion, fast motion, as well as background clutters, and has better tracking
accuracy and robustness compared with the TLD and other 3 classical algorithms.
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