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FABRURIE 516 50 F T4 AE i 05 1 86 B0
(histogram of oriented gridients, HOG) "' 1 i & 4
(color name, CN) " HAE B 454, 3 HA 1 A4
SKUB PR, X T B —UR P , R FAG G2 A RRAE 4R B
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g5, R convs-4 R % AR 9 RRIE . 7E VI 4R
B B, AR AL L AE T35 AT 5 ACEE 5 7R AL B B,
o AR G TN w17 (L 3 A7 T S A A S 45 2 B AR A9 42
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B X SRR h BB SR AR
X =0 —n)XH + nX'
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(5)
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EE A U T S A EE A I B B b o 7 P Y 2 A
BRI AT . AL A Hh BL7E H AR B O
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PR RS, AEL R — B R AR E LAE I R B
o B Z2 R Pk R 2, T CN R AE 2 SRR
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AEHEATRLE , SR U5 X B bR AT 3R, AT SE AR 5 B
b ERE TR TERe B R A2 . B
TS0 AR ARMERU B AR, JEHORERe , BN &R
=,

PRI, A SR K A PR ARB R T AR G e
fIE(HOG + CN) 58515 X R & # btk K PR N5
FRURIEARSS A M35, A B BRER L 3 H AR IR
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T SR 252 15 BIAE ML Yuoc.on > 3 MRS
ot P 5 B FH I 25 1) 45 B R 28 ) 4 ( VGG-Net-19)
PRBURRAE o AR B A% SR B S H M ok 17 2 17 43 %
RBARM 2R i VGG-Net-19 i J5 — 245
FUZ (conv54) FEAE, P FH— N ZAH DR IR I 28 22 ) 18
BRI MR, yeny ; FEMNZRIY B, ARAEZ (9) FEAE M 1
EHT R SEALE w, ; FERTHRAFE A N 1B 2T B &
NAFERLA, B (6) MRl A 5 % H i R .

Y. = Wi X Yuocren + Wy X Yewn (13)
Hrbw, Mw, HEN(10) BHTH w, +w, = 1; T y,
14U (B 1) AT B, i PR 20 i o ] 19 5 A i
NE 53K F g F1 APCE J2 5 ARTF — 22 14 B {EH 3 44
NP GRS = FiOp) 8 2 18
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BB AT T B 25 AR N, TR A S RRAE I R
5 CNN 5 BURRE R~ A 7], Y11 25 8 O #5452 78
Hyocoon T Heyy , 38320 (5) BRAEEL, =X (7) A
S SIAE wi* (EEPYARTH) , A5 B (cosine
window ) Y BRI MR Y

(2) 78 ¢ +1 Wify B oAl &AL 2 H HOG +
CN F1 CNN RN B RFEA , B U1 2575 2 8 I 2%
BERY Hyoc,on Hony » 5390 2 IE AT B AR LA LA
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(3) Ko 3T S A 00 B AEL Yoo FH ¥ onn HEATAL R
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VT ek PR AL Bl I8 SRR L HE R T R
REZACFIEAERIMEIE AZ , OF 5 e e gk M B EE 34T T
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per second , FPS)3 FhEARZEAT AN, Horp DP iR T
BRERSEAG T H AR A7 B (bounding box) i H L 15
N TLHRE (ground-truth) B AR I H 0 51, 3% P & 1Y R
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D i B8 VR B T A SCHR R DAL, B 8 m T
KCF™ .CN") SAMF! CNN + SVM"™ 1 HCF'™' 4
P JUARSR H Y FE A DG IR I PR R BR T AE N B
Wb E B AR SC i i P v, 12 3 2 R B
girl2 (coke , singerl 7£ 6 it B i 48 vk b 9 HL AL, A0
B2 B 3K 4 Fs, B R34 0 T Ry L
B SCRRARE DL R EEARAL 4 FiENL. B A
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&2
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T5.9%F12.9% . i E6 7] LLF H 76 HRE % 3h Fl

®1 RMERHEAE 3 MEEMEX LR

TEM AR KBS EGEHME BTREHE
¥ E 90.4% 81.4% 87.6%
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REESHBIMI N OL T A SCR ORE B Sy i) 7 RO S04 7683 .6 8.6
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4 % B 0.9 FPS, fif KCF FILAEAH R LI AT, B8 T
g v

ARCHEBEAR W T 5T THHE(HOG + CN) il
BB 5 ) G P Y 4 R (VGG-Net-19) ZHHERL 5,
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Correlation filter tracking based on multi-feature fusion
of convolutional neural networks

Yang Haiqing, Xu Qiangian, Tang Yihao, Sun Daoyang
(College of Information Engineering, Zhejiang University of Technology, Hangzhou 310023)
Abstract
To solve the multi-feature fusion problem in correlated filter tracking, this paper proposes a tracking algorithm
combined with multi-channel correlation filter framework and multi-feature fusion convolution neural network
(CNN). Firstly, this work introduces the gradient histogram and color name features, and uses the traditional fea-
ture extraction method to let the extracted features are simply vector-added. Secondly, the convolution neural net-
work trained on ImageNet is used to extract the feature and the output of the conv5-4 convolutional layer is used as
a feature. Afterwards, this work trains the correlation filters respectively. The target position is obtained by the reli-
able weighted sum of the feature response. Finally, by the change of both the maximum response value and the av-
erage peak-to correlation energy, it considers whether or not to update the prediction model. Experiments are carried
out on the object tracking benchmark (OTB-100) , and compared with five mainstream algorithms based on correla-
tion filtering. The experimental results show that the robustness and tracking accuracy of the proposed algorithm are
superior to the other algorithms’ in the complex conditions of illumination changes, scale variation and occlusion.
Key words: target tracking, convolutional neural network (CNN) , correlation filtering, feature extraction, re-

liability weighting
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