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Abstract: Object tracking is one of the most important tasks in numerous applications of computer vision. It is challenging as target
objects often undergo significant appearance changes caused by deformation, abrupt motion, background clutter and occlusion. Therefore,

it is important to build a robust object appearance model for visual tracking. Discriminative correlation filters (DCF) with deep
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convolutional features have achieved favorable performance in recent tracking benchmarks. The object in each frame can be detected by
corresponding response map, which means the desired response map should get a highest value at the location of the object. In this
scenario, considering the continuous characteristics of the response values, it can be naturally formulated as a continuous conditional
random field (CRF) learning problem. Moreover, the integral of the partition function can be calculated in a closed form so that the
log-likelihood maximization can be exactly solved. Therefore, here a conditional random field based robust object tracking algorithm is
proposed to improve deep correlation filters, and an end-to-end deep convolutional neural network is designed for estimating response
maps from input images by integrating the unary and pairwise potentials of continuous CRF into a tracking model. With the combination
between the initial response map and similarity matrix which are obtained through the unary and pairwise potentials respectively, a
smoother and more accurate response map can be achieved, which improves the tracking robustness. The proposed approach against 9
state-of-the-art trackers on OTB-2013 and OTB-2015 benchmarks are evaluated. The extensive experiments demonstrate that the proposed
algorithm is 3% and 3.5% higher than the baseline methods in success plot, and is 6.1% and 4.8% higher than the baseline ones in
precision plot on OTB-2013 and OTB-2015 benchmarks respectively.

Key words: object tracking; convolutional neural network; correlation filters; conditional random field; robustness
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Fig.2 An illustration of the superpixel pooling method
K2 REGgEGRAER

HRAE LS CRF 2 5L ALY 78 AL AS B X BUE x (9462 T BEHLAR & Y BN » () 5% 1 R 32 25 B iR
BT AR N

1
Pr(y|x) = 700 exr{ 2 w5,V x,0) + % ﬂktk(yi,y,,x,i,j)} (D
S =12, sy T g SR BR B 0 2 I AR, SR 747 1 B 00 4 ) 7 B 200 2 M
DB T A SRR T 27 0590 F B B8 B Gy K8 7% R 26 02525 O T 515
Pr(y|x) = Z(lx) exp(~G(y.x)) @

RQ)F MG T Z(x) R N
Z(x)= Lexp{zlufsl(yi,x,i) + Zﬂkl‘k (y,._l,yi,x,i)}dy 3)
il ik

BT X H Yy S S, 5 B HUE AN [ R AR 43 R B 3 RSk I SR A B8 T T30 H br A7 B, T ALY
) 3 K i B Bk 28 (maximum a posteriord, [ F% MAP)SRHE B 40550t (14 mi 82 AF, B A% KR 9
y" = argmax Pr(y|x) 4)

AE AL Gy — Je RS B v 1 e R B E M R L 1 0 BT R AR R B E [
FEAS AR R DO B B E BT B R h S A AR AR 3R B (8] 1R 9% 2R, 1% 5% 2% (0 A AUk 2 7 281 24 TR ) 7
' Y, A5 3R R ) KR A iy 0 IE Y i 7 A B B30T X L (1 e K v R eR B E T LASROR

© TEBREEGESIEIFEFDT htp/ www. jos. org. cn



TR, AT AR 6 IR AR X Bk B ARk IR Bk 931

ZV(ywx):_Z:ulsl(yi’x’i) (5)
ien il
Z E(yi’y_jﬂx):_zﬂ’ktk(yi’y_jaxaiaj) (6)
(i.))es i,j.k
Al UL, BE R B Grx) T AR R N
G(yx) =DV (ypX)+ D E(3,7;,%) (7
ien (i,j)eS

ASCH VA E RN FIGE— 1) CNN HESE 45 5 A S8 I8 g 37— N IR 2 IR 296 SR A5 2 B 1 L AR 0328 1X 1 o 2
B, AT AE R LTI H AR 047 EAE S

2.2 ETFCRFFMDCFHIRE BFrIRERER

B 3 IR TARSCER AR T CRF HOVR LI 2% HE S, B AN 00 2% JE R B 45— JURFAE AR . — 0k AR BB A 2
SIHEREE 3 AN AR — TR IR R SEHL T AR VR B W 4 s B F AR A X AR AL B L AR g B e
E A 463 S A, 6 9 AR R 3 o 46 i Y — 2 R, 1 R B T T A AT R AR B TR AR AU 5% AR R
ZOTR — TR AL AR TR v (0 0 46 TR Py ) 825 2 > B R B 95— T ARRALE AR T v 8 0 46 i 7 B AN — T8 9% AR B R
AREACh 52 60 A B 2 P, e A A B AR IO AL AR R

2125%125%3

e

Fig.3 Improved deep correlation filters via conditional random field
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Fig.4 Qualitative comparision of our approach with other four state-of-the-art trackers
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Fig.5 Precision and success plots showing comparisions with state-of-the-art methods on
OTB-2013 and OTB-2015
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Table 1  Success score of average AUC for each attribute on OTB-2013

£ 1 KRR TS OTB-2013 o i BB I % 0 L 2 5
LR BC oV IPR FM MB DEF OCC SV OPR v
ours 0.474  0.613 0.68 0.606 0.597 0582 0.591 0.628 0.664 0.63 0.61
DCFNet 0.496 0.579 0.69 0.572  0.534 0.515 0.606 0.645 0.619 0.612 0.596
CFNet 0.434 0.568 0.423 0.565 0.52 0.535 0.581 0.566 0.584 0.583 0.531
SRDCF 0426 0.587 0.555 0.566 0.569 0.601 0.635 0.627 0.587 0.599 0.576
Staple 0.438 0.576  0.547 0.58 0.508 0.541 0.618 0.593 0.551 0.575 0.568
DSST 0.409 0.517 0.459 0.56 0.435  0.464 0.51 0.534 0.541 0.535 0.563
SAMF 0.388 0.52 0.555 0.525 0483 0.461 0.625 0.612 0.507 0.559 0.513
MEEM 0.36 0.569 0.606 0.535 0.553 0.541 0.56 0.552  0.498 0.558 0.533
KCF 0.31 0.533 0.55 0.497 0461 0499 0.533 0.513 0427 049 0.494
LCT 0.286 0587 0.594 0.592 0.534 0.524 0.668 0.627 0.553 0.624 0.588

® DCFNet m Qurs Staple m CFNet m SRDCF DSST = SAMF = MEEM = KCF = LCT

LR BC ov IPR FM MB DEF  0OCC SV OPR v
it
Fig.6 Precision score at 20 pixels for 11 attributes on OTB-2013
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IR SR BRI R B 5 DCFNet AT, L CFNet i 20 14 /s 22 47,33 72 PR A 75 308 1 248 16 7 28 303 i 2 v ol ik
1 e 4 R FEL v 0 R B A T I S A S B B (R RSB O T SR R S AR B AR 3R O(n®) B B
oy 7 B AR nlog(n)FHA] 5L 53R n, AR M B w1 B R U1 R TR

VAR SR, AR SRR TR B A ST I R B AR v PR B 2R AR R, T D SR B I S N PR K

Table 2 Tracking speed for OTB-2013 and OTB-2015 compared with baseline methods

F 2 HMEIELE OTB-2013 il OTB-2015 FdR 4 b 11 35 W45 bR B ikt FiF
Ours DCFNet CFNet SRDCF KCF DSST LCT MEEM Staple SAMF

OTB-2013  89.9 89 75 3.6 2459  60.5 21.6 20.8 44.90 18.6
OTB-2015 883 88 75 3.5 2434 532 2038 20.7 42.88 16.9

4 5 i

ASCKESE CRF FM 12 2 H AR ER SUR T K — oIR8 e bR U BIUR BE G B 22 M 2%
L BEE T A 3 i R HE S % R L 5 A 0K 2 BR TS 2 B0 A 4 i 8 1 AN 0 B RS R KPS B B BLRZ
RS H bR A B AT BE, T A 2 1 — AT SRSB4 W 5 P, 52 v 1 BRER KRS B A SCAE OTB-2013 A
OTB-2015 X A Hedfa 2 L AT 1 KB R IAE Z A% MR ER 56 AF 1, 55K 9 Fhfe [ Br b B AR IERI A <
SEHEAT T X EE o3 BT, S 45 AR U5 B SEVE A UG B TS R B R IR ) R ER 45 SR, R IRt 5 e 3t
BT EREAE R TP A R SO A ROt B R T BRER R A R K.

FE4 Ja B AR v BATHE 2 Gk ST 7T b AR 40 AR 2 B2 TR A 5% A A S (AR LU B I O HL 3t — 2B il Ak 2%
KSHNTIRLIE B bR B A ma B, 572 5 5005 i 8 i 1k
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