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Graph-based manifold ranking for visual tracking
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Abstract: This paper proposes a novel object tracking approach via graph-based manifold ranking to handle
the model drift problem in the tracking-by-detection framework. The proposed approach can suppress the
effects of background information caused by object deformation, scale variation and occlusion in object

tracking. First, we partition the target bounding box into non-overlapping image patches, and take these
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image patches as graph nodes to construct k-regular graph, in which the edge weight between two neighbor
nodes are measured by the distance of their low-level features. Second, we assign each patch with a weight
describing the importance in representing the object, and compute it in a semi-supervised way. In
particular, we initialize some patches as object patches with the weights 1, and remaining patches with the
weights 0. The graph-based manifold ranking is then performed to obtain the weights of all patches.
Moreover, we propose to determine the optimal scale based on multi-scale feature pyramid to address scale
adaptation while improving the quality of initial patches in object tracking. Finally, we concatenate all
weighted patch descriptors into a vector to represent the bounding box feature, and then integrate it into
structure output (Struck) algorithm to carry out object tracking. Experimental results on several public
video sequences suggest that the proposed method significantly outperforms other tracking methods.

Keywords: visual tracking; manifold ranking; scale adaptation; Struck algorithm
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Table 1 Overlap ratio of each video sequence, where the red and blue fonts indicate

the best and second best performance, respectively

GARVS boy Card CarScale shaking skiing walking?2 Average

Ours 100.00 100.00 84.90 99.20 100.00 100.00 97.35
DSST?H 100.00 100.00 84.50 100.00 4.94 100.00 81.57
ASLAP? 43.50 100.00 71.00 23.30 12.30 39.80 48.32
SCME] 43.90 37.50 66.70 55.60 9.88 100.00 52.26
StruckH* 97.50 39.90 43.30 52.90 4.94 43.00 46.92
LSHT! 50.70 27.60 44.80 69.90 3.70 38.40 39.18

TLD"™ 82.90 24.00 68.70 3.29 7.41 20.80 34.52




%7 FRE WL F AT B 6 R ATHE A e A SRR 49

HLiz Bl 1 2 b o DRI 2 BB 7 3 R T AR ORI PR o o A DR 0 R B T 3 R BB I M i A S AE X
J¥ 5 EARAF T 100.00 20 I BRERHKS BE 5 76 shaking 7 51 1, H bR A7 75 O BR G L e 6 78 S5 R A 32 W, A
T KB G BRI T % BB A AR O AN B, BIF T A AR ICAT 99..2 00 A B BERE B2 5 U3 41 L 7E boy . Card | CarScale F
Walking Jy 81 F 77 £8 H bn RS A2 W A2 A8 4 L5 5016 BRAS A6 A K F o Jay 10 86 4 45 B kL T ik Ay R BB 00 OR
3R i e Tr vk JF U AR W o RO BR BEORG BE . B Ah L 1B 4 R T AE 6 A MU B b Y il Y T B BR R
iR

‘,

T 5*?::7'%.*&7'3.*’{?ﬁlgﬁzt*g:ﬂ“

s

4 PARAZECANLXHEMEELNERRET
Fig 4 Sample results of the proposed method on 6 video sequences
SR I IR AR 88 5 e s AR A PR n 5 5 1 L o - s B G ] R 3 5 2 A ™ T 0 e 2 L O IR fk U
L e 25 PR I BRAT B4 BR R ROR HOR A FAE L A&l 5 o .

BlSs AHEEERTMEFERRBITHERRT
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