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Compressive Tracking for Extracting Target
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Abstract: Since it relies on the current new sample, the original compressive tracking algorithm does not
perform well, especially in the case of occlusion. In order to improve the tracking accuracy when there is
occlusion, the invariant moments of samples are exiracted by means of sample blocks, which are used as the
classifying standard of Bayesian classifier. Then, the difference of the invariant moments between two
sequential frames is calculated, and the value is used to judge whether the object is occluded or not, thus to
achieve adaptive updating of the classifier. Experiments show that; 1) The algorithm has good tracking
results when the object is partially occluded, and is robust to scale changes;2) The tracking accuracy is
improved compared with that of the original algorithm;and 3) When the object is 25 x 69 pixels, the average
processing speed is 58 frames per second, which meets the real-time requirements.
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Fig.1 Extraction of haar feature
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Fig.8 Tracking position curve of Video 1
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Fig.9 Tracking position curve of Video 2
3.2.2 FEELEELH
SER PR 1 RSB 55 MBS 140 T, X AEME 2 A

3 100 WIEIZE 240 MUK BTRFEST T EETHT. WA 10
B

250+

=
= 200
=
= —— L ﬁf
= 150 o CTH
= 100,
.
50 ’.:l""-l:”"‘-.:‘
40 50 60 70 80 90 100110120 130 140 150
a W1
AEILE
250 . —e— CT Hik
@ 200 .
= 1501
B 1007
i«.‘. e l:—".'-l
507 1

90 110 130 150 170 190 210 230 250
b A 2

B 10 BRERE M2 A
Fig. 10 Tracking speed curves

ME 10 ATLAE ), e P RERE B L IE CT B
HACEBER, MASCHE EREEELERE., 7
BN CTHEESASCRERREIE 1 BV EE S
F % 85 /s F1 52 Wi/s, BRER LR 2 H9F-29 33 BE 2 51
125 /s M1 65 Wil/s, BIAE AR RR CT Bk, (HE
4R 5820 R SERHEE R

4 HXIE

ASCK IR CT R LAY haar FHE R #0 Hu R
ARFERFIE , JFE THRHMESRB T A, TE L8 B i X
BURFES R IR, 38 T BARE R B BTl , A3
Mo TR Y S1E B AR L, AU %K
PRZAEN R G R RG, REEREAR
FE R, X EE A T — P BB S i

X XH

[1] DONOHO D L. Compressed sensing[ J]. IEEE Transactions
on Information Theory, 2006, 52(4) :1289-1306.

[2] ZHANG K, ZHANG L, YANG M H. Real-time compressive
tracking[ C]//European Conference on Computer Vision,
Florence, 2012 ;864-877.

[3] ARM, TEE,BUKF. E45BRMRET R EERF
SEEERER(]]. + EHERREEEHR, 2014, 19
(6):932-939.

(4] ZRRRER, RS, & ETHEELREFN BT

(F#% 67T R)



BTH RATER

ez BinE 55 £ IEo 67

F 1 IE R EEFR R MR &G T, iRt
RIERE L. W& 1 T, B# R 1) R E EMD (EMD-
1) R T _EiA 4 JOHEG 2 PR RS 1Y) 25 IR BIOR A
PhfmfE, A B SNR M/ RMSE,  HLinxs
MAEWREL DY O dB FWGIR IR, ot B {E EMD £ 1R
JG 1 SNR Jy 13.109 8 dB,RMSE 4 0. 0012, 7ij EMD-h
(EMD) M /5 ) SNR # 11.2672(10.1259)dB, RMSE
250.0051(0.0035), r J79.2847% (4.4096% ), %F
TERBETHFIEE, EMD £BR GA0H, IR {E
BT LA ot B MR A P B R 2 B I (A S R
RO DA, (E e S fr B HL R, RCHE BB R O TR 5
916 BE LA B , (R R (AR B SR i, A SOl i
{E EMD X RER S PREEIE P HY 25 RCR B A, I8 LBk
R P A TR R AT RE 2 MU AR B AR S I B JE LR
BRILRBEZL .

3 Es

% =A

ASCHRH T Bk BB Y EMD (K5 SR B M &
WA, R BT Wt BE . 4 R RIM SR GRS
B IR TR A (S L - 10 dB, -5 dB,0 dB,5 dB #0I
10 dB N ABIESE M EAVFF5. BT KREMHEFHF
FIF SR Y AR IR 22 A1 7 1 BEHE AR 3 MR ik &
W BB A S BUIIE T A SR i I 2s SR B I 1)
ZBRAE ST TR BRI MR, R TREWAE H
55, NG SRR U B AR R BIBEE T IR SEFERE

2 % 3 #

(1] SXGE,BE,BRER. 2T/ AR M R R ELE
BEEIEFISEIT]. B L ,2016,38(3) :86-90.
[2] HUANG N E, SHEN Z, LONG S R, et al. The empirical

mode decomposition and the Hilbert spectrum for nonlin-

(3]

[4]

[5]

(6]

(7]

(8]

(9]

(10]

(11]

ear and non-stationary time series analysis[ M ]. London;
The Royal Society, 1998.
HUANG N E, SHEN Z, LONG S R. A new view of nonli-
near water waves: the Hilbert spectrum[ J]. Annual Re-
view of Fluid Mechanics, 2003, 31 (1) :417-457.
KOPSINIS Y, MCLAUGHLIN S. Development of EMD-
based denoising methods inspired by wavelet thresholding
[J]. IEEE Transactions on Signal Processing, 2009, 57
(4):1351-1362.
B el B, R R AR S AL BN [ M. PR FRAL Tl
RF A, 2015,
WU W, PENG H. Application of EMD denoising approach
in noisy blind source separation[ J]. Journal of Communi-
cations, 2014, 9(6) :506-514.
CRESSIE N. Deterministic/stochastic wavelet decomposi-
tion for recovery of signal from noisy data[ J]. Technome-
tries, 2000, 42(3) :262-276.
FENG M, ZHOU Y, YU Z. EMD-based denoising for side-
channel attacks and relationships between the noises ex-
tracted with different denoising methods [ M ]. Berlin:
Springer International Publishing, 2013.
PATRICK F, PAULO G, GABRIEL R. EMD equivalent fil-
ter banks, from interpretation to applications[ M]//DUAN
J Q, LUDWIG A, ROBERTO C, et al. Hilbert-Huang Trans-
form and Its Applications. Singapore: World Scientific,
2005.
YANNIS K, STEPHEN M. Empirical mode decomposition
based denoising techniques [ C]//The 1st IAPR Workshop
on Cognitive Information Processing, CIP 2008, 2008 ; 57-
74.
STEPHANE M. A wavelet tour of signal processing[ M].
Cambridge ; Academic Press, 1998.

(L8% 57 )
FRAERERE (] A3hifba4ik,2015,41(11) :1961-
1970.

[5] ZHUANG J. Compressive tracking based on HOG and ex-
tended haar-like feature[ C]//IEEE International Confe-

rence on Computer and Communications, 2017 :326-331.

[6] ACHLIOPTAS D . Database - friendly random projections :

(7]

(8]

Johnson-Lindenstrauss with binary coins [ J]. Journal of
Computer & System Sciences, 2003, 66(4) :671-687.
DIACONIS P, FREEDMAN D. Asymptotics of graphical
projection pursuit[ J]. Annals of Statistics, 1984, 12(3) .
793-815.

HU M K. Visual pattern recognition by moment invariants
IT-80 [ J]. IRE Transaction of Information Theory,
1962,8(2):179-187.





