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Adaptive fusion tracking based on optimized co-training framework
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Abstract: As analytical fusion tracking algorithms based on visible and infrared images always have low
robustness in complex environment, a novel adaptive analytical fusion tracking algorithm based on opti-
mized co-training framework was proposed. Firstly, selecting the most discriminative weak classifiers
from weak classifier pools based on infrared and visible images respectively are achieved by weighted
multiple instance learning boosting technology, which relieving classifiers’ discriminative capacity de-
creasing owing to the added error positive samples. Then, classifiers’ sample bags are updated by co-
training criterion under the help of adaptive prior knowledge import strategy. Lastly, efficiency analysis
of the proposed algorithm was achieved based on error model. Comparative experiments on multiple se-
quences tracking show the contributions for improving tracking robustness from different parts of the
proposed algorithm, and then, demonstrate that it outperforms state-of-the-art tracking algorithms based
on single source image or other fusion schemes on robustness.
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Table 2 Reference of infrared and visible testing image se-
quences
Name No. Challenge Name No. Challenge
SO1 #533 ~699 SB.IC AC1 #30 ~ 68 SB
S02 #365 ~550 IC.PO AC2 #112 ~ 156 PO
ST1 #0635 ~715 PO.SB AC3 #136 ~190 PO.SB

ST2 #3~370 SB AC4 #910 ~978 SB

Note ; SO-Scene One; ST-Scene Two; AC-Actual Collection; PO-Partial Occlusion;
SB-Similar Background ; IC-Illumination Change
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Table 3 Tracking error based on different number of la-
beled samples

m=0 m=15 m =30 m =45 Ours

S01 29.1 3.6 31.5 32.9 2.2

S02 11.5 8.2 4.5 13.5 1.9

ST1 4.2 1.8 6.8 16.5 2.2

ST2 12.6 12.3 8.5 132.5 4.0

AC1 22.8 20.1 2.5 6.8 3.8

AC2 35.2 36. 1 8.6 16.8 10.3

AC3 80.7 9.4 16.5 110.8 5.4

AC4 4.4 3.9 5.5 4.0 3.2

average 25.0 11.9 10.6 41.7 4.1
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Fig.4 partial tracking results of comparable algorithms
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Table 4 CLE statistical analysis of tracking results
Ours Vis-WMIL ~ Inf-PSO +PF  Fusion-PF Fusion-MS
Mean Std. Mean Std. Mean Std. Mean Std. Mean Std.
S0t 2.2 1.0 33.8 11.8 359 249 36.8 25.6 3.0 3.4
S02 1.9 0.9 28.1 23.2 82 10.1 8.0 9.6 7.2 8.1
ST 2.2 1.1 133 8.2 17.5 4.4 19.1 4.1 21.1 6.4
ST2 4.0 2.0 121.5 78.3 3.6 1.7 3.0 1.2 93.4 72.1
ACl 3.8 3.2 18.4 26.8 158 4.4 157 53 6.8 4.4
AC2 10.3 6.5 9.0 8.8 21.7 4.2 3.0 55 17.6 2.8
AC3 5.4 4.2 76.6 64.4 11.3 87 250 249 7.6 5.5
AC4 3.2 1.3 6.2 2.1 63 42 13.6 104 6.1 3.1
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Table 5 Speeds of comparable tracking algorithms( FPS)
Vis-WMIL  Inf-PSO + PF  Fusion-MS  Fusion-PF Ours
Speeds 18.2 17.5 11.4 9.6 8.4
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Fig.5 CLE curves of comparable algorithms for all testing se-
quences
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Fig.6 partial tracking results of comparable algorithms

JERRAR AL, P 91 SO2 (Y FF R B B, BT A R SRk T
REACAT MR H A, 21 T 57 39 WiiFfhr , iy T B 2t
S B R 5 m, B0 RS K AR B ARk, Vis-
WMIL 524 %42 T H R, Fusion-MS . Fusion-PF 3, i}
TR ES s 741 SO 1 52 WU, A LA Fusion-
MS FRGEHG B Hb IR ER B, T HAR LS #E A T B5%
XA, O R & R Bl s, )55 94 it Fusion-MS 2 i
PRAS ™ 1R 22 . A SCR gl o P R 2R A TR B
ZH B, T LAMER 2R AL I S /N, RS
1E ] LG MG RRAE 52 6 BEAR Ak B 4 352 22, PR Ik
A IRER A AR TR B .

RS 3 4P AR 3 T RS T, 7351 S02
FUFH] SO1, Y H bR KT AT i, 4 3B 4 M4, H Ut
BHAELL AR EUG T HAR ST 2 B+ 2, &
L T2 AMEIZR Y Inf-PSO + PF FIFA BRI
1% Fusion-PF A8 X451 7 HAR, WF 41 SO2 2 153 i
J¥ 31 SO1 26 52 Wifr . 731 AC3 EI%5 24 Wift, b
TERITRT HARAYER S0 MRy, 3 BORA SR A H
EERER AL BT AN [ AR R A I . AR AR SR
() S B0 L AL 4 35 B T, AR SCH % RE 7E 2 4
ik REL LR feff ™ P A REAS I 5, kA T 7 25 4R
I RE ST IR AL PG RS 7R Se g R R T B T
RE T IR EE H AR

PLTE 5 741 SO1 55 153 it i, ¥ 5
T A T E R AT N H AR A TR B AR, EAT
5 ESE HARTELLANEUR A A Y 5 B FR AR B2
TE ] WO MG H 30 A T oL SCHLERAE 5 S BUR AR
JERESE Y Fusion-MS fJ5 5K T Hiw; 751 AC3



504 FANY/NEC I3 O 4 35 %

55 52 MURA T, 8 R XU B T EEE A R A S
I THE BHn , 58 Fusion-PF F Inf-PSO + PF 43R4
PR 7 VR ZE AN EEFE DS , Fusion-MS W1, H B K AT iR
25 IR SO, A (R ER R AR s
TERY IR, 324w T WMIL 1576 8 AL A HERA I, i 1E
TR AR A IR R B3 Hh AR IEREA AL, (A
WA SO 32 B e/ NI AT 5T

5 #

FET OO RN ZR B e, 523 1 Al WG AIZL 4t
FUGAE B B @& N Rl A ER B 5 18 o 5L T WMIL boos-
ting FEAH A 35 R S50 AR AL BY T 14 PR
YIZRAEN , AR T P 2E 7SS A AH B4R IR 22 IR AR A
YIZRPI BN PERE T R XU, 5230 45 SR IAIE 1 74
FRRGET AN SCHR 00 Rl BB R0 A X T B
HoE RS HLH IR R T A 1 B, HARE )
) B HE R AAE B R B RS, T — BT SE
B A (1) BRI 22305 T H0 M R e PR A1
PGARFAIE , 10— 201 2 PR [R] 3N 5 00 4R A 78 20 1 ) 22
3K (2) BRI RN T5 =X, BRI G I AR 2R
AT AR, B -4 S5 U3 S i Al A 1 A O O 1 Y
S (3) WF SR AT A AR Y D Ak Ak 2 4
o B A ) S P

References

[1]Yuan J, Chen H, Sun F, et al. Multisensor information fu-
sion for people tracking with a mobile robot: A particle filte-
ring approach[ J]. IEEE transactions on Instrumentation and
Measurement , 2015 ,4(63) :2427 —2442.

[2]Kumar P,Mittal A. ,KumarP. Study of robust and intelligent
surveillance in visible and multi-modal framework[ J]. Infor-
matica ,2007 ,31(4) .63 —77.

[3]Kumar P, Mittal A, Kumar P. Fusion of thermal infrared
and visible spectrum video for robust surveillance[ C]. In
CVGIP, 2006.

[4]Wu Y, Blasch E, Chen G S, et al. Multiple source data fu-
sion via sparse representation for robust visual tracking[ C].

In FUSION 2011.

[5]Tahha M, Stolkin R. Particle filter tracking of camouflaged
targets by adaptive fusion of thermal visible spectra camera
data[ J]. Sensors Journal, IEEE, 2014 ,14(1) :159 — 166.

[6]Stolkin R, Rees D, Talha M, et al. Bayseian fusion of ther-
mal and visible spectra camera data mean shift tracking with
rapid background adaption[ C]. In Sensors, IEEE, 2012.

[7]Blum A, Mitchell T. Combining labeled and unlabeled data
with co-training[ C]. In Proceedings of ACM 11th Annual
Conference on Computational Learning Theory, 1998.92 —
100.

[8]Lu H, Zhou Q, Wang D, et al. A co-training framework for
visual tracking with multiple instance learning [ C]. In
IEEE International Conference on Automatic Face & Gesture
Recognition and Workshops, 2011:539 —544.

[9]Liu R, Cheng J, Lu H. A robust boosting tracker with mini-
mum error bound in a co-training framework[ C]. In CVPR,
2009 ;1459 — 1466.

[10]Zhu J, Ma Y, Qin Q, et al. Adaptive weighted real-time
compressive tracking[ J]. IET Computer Vision, 2014, 8
(6):740 —752.

[ 11 ] Diaconis P, Freedman D. Asymptotics of graphical projec-
tion pursuit[ J |. The Annals of Statistics, 1984; 12(3):
793 —815.

[ 12 ]Babenko B, Yang M H, Belongie S. Visual tracking with
online multiple instance learning[ C]. In CVPR, 2009.

[13]Viola P, Jones M. Rapid object detection using a boosted
cascade of simple features[ C]. In CVPR, 2001.

[14]Zhang S, Yu X, Sui Y, et al. Object tracking with multi-
view support vector machines [ J]. [EEE Transactions on
Multimedia, 2015, 17(3) : 265 —278.

[ 15] Grabner H, Grabner M, Bischof H. Real-time tracking via
on-line boosting[ J]BMVC. 2006, 1(5): 6.

[16 ] Zhang K, Song, H. Real-time visual tracking via online
weighted multiple instance learning[ J]. Pattern Recogni-
tion, 2013 ,46(1) :397 —411.

[17 ] Grabner H, Leistner C, Bischof H. Semi-supervised on-
line boosting for robust tracking[ C]. In ECCV, 2008.
[18]Yu S, Krishnapuram B, Rosales R, et al. Bayesian co-
training[ J ]. The Journal of Machine Learning Research,

2011, 12,2649 —2680.

[ 19 ]OTCBVS Benchmark Dataset Collection. http://www. cse.
ohiostate. edu/otcbvs-bench/.

[20]Zhang M, Xin M, Yang J. Adaptive multi-cue based parti-
cle swarm optimization guided particle filter tracking in in-

frared videos[ J]. Neurocomputing, 2013 ,122. 163 —171.



	16HWX04中-2 40
	16HWX04中-2 41
	16HWX04中-2 42
	16HWX04中-2 43
	16HWX04中-2 44
	16HWX04中-2 45
	16HWX04中-2 46
	16HWX04中-2 47
	16HWX04中-2 48

