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Abstract Most existing sparse representation based trackers only use a single feature to describe the
objects of interest and tend to be unstable when processing challenging videos. To address this issue,
we propose a particle filter tracker based on multiple feature joint sparse representation. The main
idea of our algorithm is to partition each particle region into multiple overlapped image fragments.
Eevery local fragment of candidates is sparsely represented as a linear combination of all the atoms of
dictionary template that is updated dynamically and is merely reconstructed by the local fragments of
dictionary template located at the same position. The weights of particles are determined by their
reconstruction errors to realize the particle filter tracking. Our method simultaneously enforces the
structural sparsity and considers the interactions among particles by using mixed norms regularization.
We further extend the sparse representation module of our tracker to a multiple kernel joint sparse
representation module which is efficiently solved by using a kernelizable accelerated proximal gradient
(KAPG) method. Both qualitative and quantitative evaluations demonstrate that the proposed
algorithm is competitive to the state-of-the-art trackers on challenging benchmark video sequences

with occlusion, rotation, shifting and illumination changes.
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| Initial Dictionary/Template |

v

Overlap Partition, Feature Extract (Intensity
and HOG), Kemelization (For the Template)

v

Sample, Overlap Partition, Feature Extract (Intensity

Video > and HOG), Kernelization (For the Candidate)
Input Let ts=0
A ¢
Every local patch of candidate is sparsely represented by all Template
patches of template. The sparse representation is efficiently Update
solved by KAPG.

v

According to classification concept, compute the reconstruction
error by patch category, and model the likelihood.

v

Obtain the best candidate based on the likelihood to realize tracking.
ts=ts+1

Fig. 1 Flow chart of the algorithm.
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(b) The local patches of target

Fig. 2 Overlap partition of target area.
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(c) Partial occlusion

Fig. 3 Initial template and updated template for several sequences have different attributes.
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Occlusionl, Occlusion2, Caviarl, Caviar2, Caviar3,
DavidOutdoor, DavidIndoor, Singerl, Car4, Carll,
Deer, Football, Jumping, Owl, Face. H: 7 £} 47 /% %]
Caviarl, Caviar2, Caviar3 A] D) A CAVIAR 3¢ §&
R4 ;Card, Carll, DavidIndoor 1 A M\ 7F 28 %
L) T % ; Football, Singerl, Deer ] Dl M\ 7E 2% %
JEOVR 3 HoA A R 51 AT LA Yang Ming-Hsuan
R ETT Y.

A P BOE AR £ A= 0. 001, XF T A
MABF B HERAESS 1 W #4607 & 2 T 2 47 42
HURY S 1 2 2R T — A 1 B R B A R B R B 12
M R R R A 2 B BRAE 46 MY H AR AR A
H AR AR 1) RF R/NBR 5E 2 32 X 32, JR &8 e i 2R/
JE 16X 16, 43 Hb Ky 8 4% O E 3N A ZE B 47
AR e o s PR R AT 23 B DU A A4S s A Al e ¢
AL A 9 B S BRI B 5 W EE T — UK.

TATRASCEE S AR 12 Rk gy kit 1y
% It : incremental visual tracker (IVT)®Y, fragment-
based

detection ( TLD )%, multiple instance learning

tracker ( FragT )®%), Tracking-learning-

tracker ( MIL)P", visual tracking decomposition
(VTD)E, APGL1M, LSATP!, SCMH), OSPT™*,
adaptive structural local sparse appearance tracker
(ASLSA)™ | Least soft-threshold squares tracker
(LSST)M  structured multi-task sparse tracker(S-
MTT)H,
5.1 EEiITM

FRATR AT 2 b B2 B U D R 5 1 VP A BB 4 0 1
AE. 25 1 Fho B S(E S A THE O AL 8 (R R ED
AR TR 22 B O AL B R 25, R L4 il TR B

Table 1  Average Center Error (in Pixels)
x1 FHHROLIBERE(GESR)

Image Sequence FragT VT MIL VTD TLD APGL1 MTT LSAT SCM  ASLAS OSPT LSST Ours
Occlusionl 5.6 9.2 32.3 11.1 17.6 6.8 14.1 5.3 3.2 10. 8 4.7 5.3 6.6
Occlusion2 15.5 10. 2 14.1 10. 4 18.6 6.3 9.2 58.6 4.8 g 4.0 3.1 g

Caviarl 5.7 45.2  48.5 3.9 5.6  50.1  20.9 1.8 0.9 1.4 1.7 L4 L1
Caviar2 5.6 8.6 70. 3 4.7 8.5 63. 1 65. 4 45.6 2.5 62.3 2.2 Q 2.7
Caviar3 116.1 66.0 100. 2 58.2 44. 4 68. 6 67.5 55.3 2.2 2.2 45.7 g 2.2
DavidOutdoor 90. 5 53.0 38.4 61.9 173.0 233.4 65.5 101.7 64.1 87.5 5.8 2 7.8
DavidIndoor 148.7 g 34.3 49. 4 13.4 10. 8 13.4 6.3 3.4 3.5 2 4.3 2.6
Singerl 22.0 8.5 15.2 4.1 32.7 3.1 41.2 14.5 3.7 5.3 4.7 3.5 5.1
Car4 179. 8 2.9 60. 1 12.3 18.8 16. 4 37.2 3.3 3.5 4.3 g 2.9 4.4
Carll 63.9 2.1 43.5 27.1 25.1 1.7 1.8 4.1 1.8 2.0 2.2 Q 1.5
Deer 92.1 127.5 66.5 11.9 25.7 38. 4 9.2 69. 8 36. 8 8.0 8.5 10. 0 10. 8
Football 16.7 18.2 16.0 4.1 11.8 12.4 6.5 14. 1 10. 4 18.0 33.7 7.6 g
Jumping 58.4 36. 8 9.9 63.0 3.6 8.8 19.2 55.2 g 39.1 5.0 4.8 4.6
Owl 148. 0 141.4 148.9 86. 8 8.2 104. 2 184.3 110.7 7.3 7.6 47.4 6.2 10.1
Face 48. 8 69.7 134.7 141. 4 22.3 148.9 127.2 16.5 125.1 95.1 24.1 12.3 g
Average 67.8 40. 2 55.5 36. 7 28.6 51.5 45.5 37.5 18.2 23.4 13.1 5.0 5:3

Note: The best three results are shown in bold, double underline and underline.

@ http://faculty. ucmerced. edu/mhyang/pubs. html
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SRR A R A 4 ) S 2 b o B R 2% TPl o B
TR 2 /N BRSNS B0 5 O3 — R Ry BRI S O
FAKYE PASCAL VOC™™ iy K63 J5 0], mJ 422 18 4n
THRE XA E R Re MIESIH Ro - iR

oz on 2o _area(Ry R¢) N
RS (I RN score a—rea(RTURG)' =R 24

TR BT XS R A 41 B SF 24 R R A O
TR score (MR B ER BT .

Table 2 Success Rate of Tracking Methods
x2 THEEX

Image Sequence ~ FragT ~ IVT ~ MIL ~ VTD  TLD APGL1 MTT LSAT SCM ASLAS OSPT LSST  Ours
Occlusionl 0.90 0.8  0.59 0.77 0.65 0.87 0.79 0.90 0,93 0.83 0.91  0.89  0.88
Occlusion2 0.60  0.59 ~ 0.61  0.59  0.49 0.70 0.72  0.33  0.82 0.8  0.84 0.8  0.78

Caviarl 0.68 0.28 0.25 0.8  0.70 0.28 0.45 0.85 0.91  0.90  0.89  0.89  0.91
Caviar2 0.56  0.45 0.26 0.67 0.66 0.32 0.33 0.28 0.81 0.35 0.71  0.80  0.89
Caviar3 0.13 0.14 0.13 0.15 0.16 0.13 0.14 0.58 0.8 0.82 0.25 0.8  0.91
DavidOutdoor 0.39  0.52  0.41 0.42 0.16  0.05 0.42  0.36  0.46  0.45  0.77  0.76  0.78
DavidIndoor 0.09 0.69 0.23 0.23 0.50 0.63 0.53 0.72 0.75 0.77 0.76  0.75  0.88
Singerl 0.34 0.66 0.3¢ 0.79 0.41 0.8 0.32 0.52 0.8 0.78 0.82  0.80  0.82
Card 0.22  0.92 0.34 0.73 0.64 070 0.53 0.91 0.8 0.8 092 092 0091
Carll 0.09 0.8 0.17  0.43 0.38 0.8 0.58 0.49 0.79 0.81 0.81 0.8  0.87
Deer 0.08 0.22 0.21 0.58 0.41 0.45 0.60 0.35 0.46  0.62  0.61  0.58  0.66
Football 0.57 0.55 0.55 0.81 0.56 0.68 0.7l  0.63 0.69  0.57 0.62  0.69  0.79
Jumping 0.14 0.28 0.53 008 0.69 059 0.30 0.09 0.73 0.24 0.69 0.65 0.72
Owl 0.09 0.22 009 012 0.60 0.17 0.09 0.13 0.79  0.78  0.48  0.81  0.82
Face 0.39 0.44 0.15 0.24 0.62 0.14 0.26 0.69 0.36 0.21 0.68 0.76  0.77
Average 0.35 0.51 0.32 0.50 0.51 0.49  0.45 0.52 0.74 0.66 0.72 0.79  0.83

Note: The best three

5.2 EMITM

1) ™ 8 . F AT /8 ™ E 44 (Occlusionl,
Occlusion2, Caviar3) DL M 1 B} [a] #F 43 1 4 (Caviarl ,
Caviar2, DavidOutdoor, Woman) B JL > 1 35 ¢ %1
b AT IR B 4 (a) (b) (o) (h) 1 Woman
R T AE H AR B0 ™ E G B E R i R 4 Y
FATHY LR IH REAR 4 o R 2% H An. FRAT 09 MR R 2%
RE f% 4 1 b R 2 A« — 5 T PR O FR AT IR A ok
T HARB K BE B A HOG 5 AE 52 BL T 457 10F 6] 9
DEFAERD 5 55— 5 T AE T 3R 09 W i 3R B0 2%
THRAFZREMAHEXR. K5 WoR TR HRRRE R
R RGO BE 45 AF 88 HOG $5RAE) 1R ] £ 7 1E
B A (B A MG BE FRAE AT HOG FEAED 38 B AR 1
PR S5 AT L. BRAE 23 5% AN R FH K BE REAE A
K H HOG $#1E DL HR A K BE A HOG FEAE A9 B 5
SERRMER TR B B P I, = R AT DL
B b R B H AR . — EL SR IR [) S 4 36 P 4 Pk R P
5 00 o FRURRAE IR ER A A SR ERORG B TR IR 4 LA

results are shown in bold, double underline and underline.

Occlusionl #AT Ay 1], K BE ¢ A BR 5 2% 1 A8 5 2
A ER B s HOG FRIE SRR 25 1 e 3 AT, {5 R 2%
AN G B K E M HOG 7 1F 1) 1R e 28 75 & 4
B Ak R P U RE — AR S ML B E AR, NS5 — A
BEA AT DLz e L, X T Occlusion] 33X 4 B9 W55 g
2R HOG FRAE R AR B2 RFAIE BE 5 4 3 i i
HF5.

7£ Woman J7 41 o1, 55 H A IR 25 2 B0 % A
B, FRAT A B AT ASLAS B9 ¥ R AR 4 3t b 2K
PR 8] £ 758 23 JEE 4, 2 A S SR ) T H A & 0 By S8
R, XAk 36 T 8 2 8 £ AR £ /£ DavidOutdoor
Fe 5, HAh BR G A AR S 2 2k B bR IRETE T H A
R T P R 2 A Y AR Ak FRATT Y R R AR
B TR T Z 4R R Rl G DL SR G 1 - BB AR 558
2 PR AT LA A5 i e H AR,

2) JeREA L. B A(dD (o) Bn TOE R B Ak
(DavidIndoor, Singerl , Car4) DA f %25 2 28 (David-
Indoor) , & K /NAEfk (Singerl, Card) #) #4717 571
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Fig. 4 Tracking results of our algorithm on 16 challenging video sequences.
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— gay hog grayho

—— gray —— hog grayhog — gray

hog grayho — gay hog grayhog —— gray —— hog grayhog

Fig. 5 Comparison of tracking results on single feature and multi-feature.
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iz g (Jumping . Owl, Face) i) #1451y 51) BR 17 4%
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AT R T B ES S R
i 26 78 WG SO0 o R R v R B BRI 2 FhRRAE
IR 2L T AL B R AE 4 38 » 3 53 KAPG (kernelizable
accelerated proximal gradient) J5 ¥k 3R fif B6 & 457 1 7Y
i 7 85 RE TR kb 1 5k R T RIS OR B2 R AE 4 i B
FRAERL AN o 38 43 R HIRL - 22 8] B9 AR 5 OC FR B
oK R RR E R AL 1A 6 H AR XU & 4 B
REARGF b Ab SRR 7 5] o () 35 43 38 44 . DL B3k G )
FH T 14 1 45 (8] (A5 Al BRI 7 ik T AR 81 v
() BRAR AL, B bR 28 25 0728 I A R A SR R AR

VL AR 25 R B bR RRAE A A Jr 2 B bR b AR
RUAH Ak B 5t R SCHE H AR R AR 38 EACR IR =R
WK EEAR FRAE A1 HOG 5 AE. i T AN 7] J& o ™ =

PG VPR IS Bl A R RN A 1L
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BEAY PR O 1 AR S0 G 45 < BIF 5 R LY 2%
ol Ja PRI R 51 T A 9 i A A A 8 5 L B X R R
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