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High-Confidence Updating Strategy
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School of Internet of Things Engineering, Jiangnan University, Wuxi, Jiangsu 214122, China

Abstract A multi-filter collaborative tracking algorithm based on high-confidence updating strategy is proposed.
First, the multi-layer convolutional features of the region around the target are extracted using VGG-Net-19, which
is a convolutional network architecture, followed by an adaptive feature fusion strategy with the designed deep filter
to get the initial position of the target. Meanwhile, a scale filter is constructed to detect the size change of the
target. Then, a tracking confidence indicator named primary and secondary peak slope ratio is utilized, which helps
to build a high-confidence model updating strategy. Finally, when the confidence is insufficient, the object region
proposals are extracted by EdgeBox method, and the final position of the target is determined by the designed re-
detection filter. The experimental results on OTB-100 and TC-128 datasets show that the proposed algorithm
achieves high tracking precision and also tracks steadily under some complex circumstances, such as occlusion,
illumination variation, and out-of-view.
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2:  crop out the search area in frame t centered at (XH Vi ) with the size of (W l,h, 1)

and extract convolutional features to build deep filters, then calculate response map using

“;

3:  estimate the new potential position (x, Y ) using (8), and calculate the primary Rpqp

value using (9) according to the deep filter’s response map;

4:  if primary R, value is greater than 7 , then estimate the scale of the target using (15);

5: crop out the search window centered at(X, A ) with the size of’ (W h ) and extract
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HOG feature to construct re-detect filter, then calculate the secondary Ry value

according to this filter’s response map;

6:  if satisfy the re-detection conditions stated in section 3.3.2, then perform target re-

detection using (12) to get final position (x, >V ) ;

7:  if the primary R}, value is greater than

upc >

then update deep filters using (10)-(11);
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Fig. 3 Specific steps of the proposed algorithm

3 SEEER S

31 SBRFEESHEE

S A v S Matlab '? C++HiREGmE, W
Windows 10 #:/E &2 4t F #4171, A FHEF K Intel 17-
8700, T #i /& 3.20 GHz, N1 & 16 G, I F J&
NVIDIA Geforce GTX 1070, B ff4& 8 G, B+
BRI R g o0 0,01, TR B I8 i 7 455 10 o
A ERAA T AT RBEAGTHA (A T, Ry 0.075,
A7 A Y A T, A0 T 535024 0.3 F1 0,075, A
D8 e #5 P BEBT B T o8 0,45, ROERIN S8,
RERF a N 1.02, RERBERHE » H 33,
EdgeBox H 4 1% fie K i 356 HE B0 B 78 AU 53 7% 31
FRIFEPER 200,
3.2 XBRHEESTHFNX

R FE 43 ek R R R BRI SRR

K OTB-100 #5 #E £ 45 5 th 48 100 A5 5 # 17
W 3X 100 AP 814 3 Padtizs gl ROEE A8 Ak Y |
HHLET S 11 A B B 0 L 1 X A TR IR 8 e R
B L AT A i EL L PE A

S 2R A — Yl 1 PE Al COPED 19 J7 =X, BIVAR 4
S — Wt 5 H RS A A v 7 B E AT AR AL SR TE X
PO B TR R A, SE R BE B FE A
Ty M4 /Y B 2 A F8 b R Ay i BRI R 1 o
Bk .

D) BEBRE R Ao BiR 22 /N T 20 pixel A
Bh O B UECRY A b O B R 22 N BL R
R H bR o0 5 58 BR H bR b 59 BRI &, AT
FoR N

Ve =+ (xr—x) +(yr —ye)?, (16)
Ao, Caops v ) A2 BROBR B WL TN A9 B AR oL,
M HR L.

(I( 93/(,)

191502-5



Wt 5ot T o R

redetect

input sequence

output

Frm—————————————

2) MY E. BREE R R WO H bR A S B
SRR A BB A 22 91 b (TOUD KT 0.5 Y i 8 i
TR WA B o L. TOU 3R A ol
RT ﬂ RG
R+ UR:’

Aop L R 2 BR R A WO B AR FIHE R 2 H
i FLSEAR I A AL R HE . A S50 1) ) 2 BT i 26 T
4 TR CAU OO AR Ay 1 353 B30 10k i ) 236 1 8 ) 1 0
3.3 ZWRITSHH

R FE 43 B Uk T B R 0 BRER AR L L 5 8 A
FEU G AT X L LA R AR DG 8 D R B 2
(KCF) , £ N R 152 2% (DSST)  Z 7 1F il & B 15 2
(Staple), =5 [6) 1E W 1k A0 € 38 ¥ B B 20
(SRDCF) . & B i 28 W) 25-3 15 i) 5 B BR B 40
(CNN-SVM) . 43 26 FUR 25 IR g2 2% (HCE) % it &2
BRURRAE R B 4% CHDT) A K S B A2 BR 8 2t
(LCT2), H s, KCF, DSST, Staple, SRDCF il
LCT2 J& & T 1% 48 ¢ 1E 09 A O 8 28 J5 15 . CNN-

S = an

estimated|positions

response map

P4 A SCRE IR I B AR AE 2L

Fig. 4 Overall framework of the proposed algorithm

SVM. HCF. HDT Jj& 5 T W B R AE i AH G 08 % 2
ik
3.3.1 EMESH

B 5 o0 9 FRTETE 9 4l 5 A 45 FhoE i i P00 7
H AR B S Xk 9 HF SR B L 1, Hop,
IV G RRAR A, SV o REEAE 4k, OCC iy H i 4
4, DEF by HbRJE 45 . MB iz sh 8, FM 2y i
B3, IPR - i e % . OPR 4 F 1 4M e % . OV
J H bw i B, BC i R 8h, LR Ch B &K

PNER7Y 3 S IIER T VS0 1B o R R | !
A5 A SCE S 8 R A R BEAT A HT .

1 HF#ER . L Lemming, Human3 £ Girl2
X 3 AN S g ] L & 5 Ca) ~ () g 9 Fift B B 5
FEIX 3 ANJFANER ST E R, X 3 DT INEBAAAE
43 P R 58 4 P 9 AL, P Lemming,
Human3 1 Girl2 J5 1 53 5 76 45 341~ 359 Wi, 5
50~59Mi fMEE 108 ~ 122 & A 52 & £ . 24 H Ax

191502-6



3 5 q | . | E . | £ 7

ours KCF DSST CNN-SVM

HDT Staple

SRDCF HCF LCT2

B 5 9 FEREEEEETE 9 H)FH T4 R, () Lemming; (b) Human3;(c) Girl2; (d) DragonBaby;
(e) MotorRolling; (f) Human7;(g) Skiing; (h) Shaking; (i) Tiger2
Fig. 5 Results of nine tracking algorithms for nine sequences. (a) Lemming; (b) Human3; (c¢) Girl2; (d) DragonBaby;
(e) MotorRolling; (f) Human?7; (g) Skiing; (h) Shaking; (i) Tiger2
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Fig. 6 Overall performance of 9 tracking algorithms on OTB-100. (a) Distance precision curve; (b) success rate curve
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Table 2 Distance precision scores of nine algorithms in terms of 11 attributes

Algorithm FM BC MB DEF v IPR LR OCC OPR oV SV
Ours 0.822 0.882 0.833 0.821 0.866 0.855 0.870 0.815 0.850 0.751 0.830
HDT 0.817 0.844 0.789 0.817 0.820 0.844 0.887 0.774 0.805 0.663 0.808
HCF 0.815 0.843 0.804 0.791 0.831 0.864 0.847 0.778 0.816 0.677 0.799

CNN-SVM 0.747 0.776 0.751 0.793 0.795 0.813 0.925 0.730 0.798 0.650 0.787

SRDCF 0.769 0.775 0.767 0.734 0.792 0.745 0.765 0.735 0.742 0.597 0.745
Staple 0.710 0.749 0.699 0.751 0.782 0.768 0.695 0.728 0.738 0.668 0.727
LCT2 0.681 0.734 0.669 0.689 0.746 0.781 0.699 0.682 0.746 0.592 0.681
KCF 0.621 0.713 0.601 0.617 0.719 0.701 0.671 0.630 0.677 0.501 0.633
DSST 0.571 0.704 0.568 0.550 0.722 0.698 0.684 0.603 0.655 0.478 0.649

3 9RMEIATE 11 AMEME LAY AUC E
Table 3 AUC scores of nine algorithms in terms of 11 attributes

Algorithm FM BC MB DEF v IPR LR occC OPR ov Y%
Ours 0.622 0.637 0.648 0.583 0.638 0.597 0.489 0.605 0.601 0.572 0.583
HDT 0.568 0.578 0.574 0.543 0.535 0.555 0.401 0.528 0.533 0.472 0.486
HCF 0.570 0.585 0.585 0.530 0.549 0.566 0.388 0.532 0.540 0.474 0.485

CNN-SVM 0.546 0.548 0.578 0.547 0.537 0.548 0.379 0.515 0.548 0.488 0.490

SRDCF 0.597 0.583 0.594 0.544 0.613 0.544 0.514 0.559 0.550 0.460 0.561
Staple 0.541 0.561 0.540 0.550 0.593 0.548 0.399 0.542 0.533 0.476 0.520
LCT2 0.507 0.528 0.516 0.482 0.517 0.529 0.330 0.477 0.505 0.446 0.430
KCF 0.459 0.498 0.459 0.436 0.479 0.469 0.290 0.443 0.453 0.394 0.394
DSST 0.458 0.523 0.469 0.427 .559 0.505 0.382 0.460 0.477 0.386 0.475
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Fig. 7 Overall analysis of algorithm structure on OTB-100. (a) Distance precision curve; (b) success rate curve
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Fig. 8 Overall performance of our algorithm under different updating parameters on OTB-100. (a) Distance precision

curve; (b) success rate curve

K49 Pl BRERIY I 1V 2 BEXT L

Table 4 Comparison of average tracking speeds of 9 tracking algorithms

frame/s

Tracker Ours HDT HCF

CNN-SVM  SRDCF  Staple  LCT2 KCF DSST

Average tracking speed 7.9 9.1 13.9

— 4.3 56.3 28.1 317 46.4
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Fig. 9 Overall performance of 9 tracking algorithms on TC-128. (a) Distance precision curve; (b) success rate curve
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