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Template-Updating Algorithm Based on Optical Flow Mapping in
Object Tracking

Zhang Jing, Hao Zhihui, Liu Jing"

School of Electrical and Information Engineering, Tianjin University, Tianjin 300072, China

Abstract The tracking algorithm based on deep-level siamese network generally lacks the capability to update the
target template online; hence, it exhibits poor adaptability in some complex application environments. Aiming to
resolve this problem, a target template online-updating algorithm based on optical flow mapping is proposed herein.
On the premise of ensuring real-time operation, the proposed algorithm can efficiently improve its adaptability in
complex circumstances. First, the optical-flow information between the template frames is calculated in the tracking
process. Then, the information of motion change is generated via optical flow mapping and residual calculation.
Furthermore, based on singular value decomposition, a method that creates a correction term via the initial frame,
which modifies the target-position deviation, is proposed herein. Finally, the proposed algorithm is tested on
OTB100 and VOT2016 datasets. The results show that the proposed algorithm can optimize the new target
template to enhance the robustness and can achieve the best results compared with existing tracking algorithms.
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Fig. 2 Results of ablation experiments on OTB100 dataset. (a) Success rate; (b) precision

1E VOT2016 K4 5 L a5 R an sk 1 pr
AN o TEIZEUEAE b BCE T 3 2 R S I DAAS: 56
G R A AR RS A AR A A R T

{H 70 fift A= B B9 AE IE 30X 8 T B AR BB A8 1E H bR A
HIMBES AR, H,B(baseline) 3/ {fi I 3Ll
W& HEZ . B+ W (ours) 3 7 1£ FE Tl I 26 HE 28 b 38 i

221507-5



O S TS| R N R S i

TR T H SR g, B+ W+ C(ours+ ) 378 1F 12 ol 08
A ) e ml R ME IETT, 21, EAO X REE
BTN R i R B D AE R B AR

A2 81 BB H , Lost number 38 75 B B8 80 5 78 3 47
PR B o SR B 2 O ) S

1 £ VOT2016 B4 1 i3 a5 5 45

Table 1 Results of ablation experiments on VOT2016 dataset
Network EAO#4 Robustness v Lost number ¥ Accuracy 4 Speed/(frame » s ') 4
B (baseline) 0. 464 0.196 42.0 0.642 32.3
B+ W (ours) 0.474 0. 191 41.0 0. 642 31.6
B+W+C (ours+) 0.478 0.172 37.0 0. 640 32.0

M 1 FHL.7E VOT2016 344 b, = Fh ik
MIMER R ILF — 8 R B AN S N
0.196,EAO {4 0. 464 ;L ffi H H 4532 sh 22 k.15 B
BT H bR B AR B SR S R 0. 191, EAO
fHR 0. 474, AL TR %, S M HE LA T4
2.5% EAO H BT T2 2. 2% ; BR i FH H ARz ) 28
AA 2T B Al S S TE 048 E B B R R
BeME(E M 0. 172, EAO {84 0. 478, M1 H F 2wk
L EREMEME T T 12. 2% . EAOH T T 4
3.0%. M EREMEE T, BRIk fG B &
EXRIL AR A —E MR THE & E
A 1E A i 2 AT D e AU B B AR 1 AR MR R A

MPRIESE 2 i A2 e . BRAE T B pr 22 A A5 B 38
H AR R o SO A T 200400 ] e 22 3R AR, G50k 1Y)
LiavERe A,

WA Sk 3 UL B R T O Ul e S %) T 4 B R
SR W KL T 47 40 il A48 TE 30U AL, 43 BITE 3
HATPRRE R P8 b JEAT M R A R R i
TEZF ) PR, K 3 ~5 Kk Coke,
Dudek . Doll =A>JF 41| , i 46 77 51 43 550 4 % 3 445 . °F
T P e S R AR A = Fh AL, Kl 3~5 W LLE
L AU 2 bt B bR A e Y e B B
JE AR A feft AR Al 7 2 50 AL i O 38 n 42 1F 35 1Y
SRR EE R AL

SiameseRPN++ (0.687)

- - ours (0.688)

——————— ours+ (0.689)

3 Coke F¥ 51 o iH it 5 86 i 8 %0 WL G- 2785 B &5 2R
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Fig. 6 Experimental results of different algorithms on OTB100 dataset. (a) Success rate; (b) precision
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Fig. 7 Comparison results of different algorithms when target moves rapidly on OTB100 dataset.
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Table 2 Experimental results of different algorithms on

VOT2016 dataset

Network EAO#4  Robustness v Accuracy 4
SRDCF 0. 338 0.24 0.51
C-COT 0. 331 0.24 0.51
ECO-HC 0.322 0.30 0.54
Siam-FC 0. 235 0. 46 0.53
SiamFCRes22 0. 303 0. 38 0.54
SiamRPNRes22 0.376 0. 24 0.58
TADT 0.299 0.31 0.55
C-RPN 0. 363 0.27 0.59
SPM 0. 434 0.21 0.62
ours—+ 0.478 0.17 0. 64
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Fig. 8 Subjective and objective (average precision) results of each algorithm in Coke sequence
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Fig. 9 Subjective and objective (average precision) results of each algorithm in Dudek sequence
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Fig. 10 Subjective and objective (average precision) results of each algorithm in Doll sequence
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