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Two-stage object tracking method based on Siamese neural network
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Abstract: Through the introduction of deep learning, the accuracy and robustness of object tracking have been
greatly improved. Siamese network based trackers can deal with various deformation of target through training on
large-scale datasets, but that makes it difficult to eliminate the interference of similar targets. Therefore, a two-
stage tracking method based on Siamese network was proposed. Firstly, the modified residual network was used
to extract the deep feature with better performance. Through integrating the temporal information, the template of
the region proposal network was adaptively updated through correlation filter modulation, so as to filter out the
easily distinguished negative samples. Then, the fixed scale features of candidate regions were extracted by the
region-of-interest pooling and fed to the verification network for more refined classification and regression. In
order to improve the network's ability to discriminate difficultly distinguished samples, joined training method
combining the positive and negative samples was adopted to improve the performance of feature matching. The
performance of the proposed method was evaluated on the OTB100, VOT standard benchmarks and the UAV123
aerial benchmark. The experimental results demonstrate that the proposed method can significantly improve the
performance of the baseline.
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Fig.1 Classification response map of SiamRPN
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Fig.2 Schematic diagram of the two-stage tracking method based on Siamese network
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Fig.3 Features extracted by different networks

1.2 XIS

R T v DX T I 4% A A AR 1 T A, 1
7 S i 3 AH O R U ) 7 RPN B B R A 2 47
F A T, BRG] 2 ) CF #Ed, XT3k
W) B AR RRAE 5 5 AH DGR A AR O, TR B
B SR P55 48 2 X Sl R A1 A G2 BB A5 B
ARG AH DG 1, 28K D8 I =2 I 4 B AH DG e 1 ] L3R
TRA:

20200491-3



i E ok A2

%94

www.irla.cn

% 50 A

Ry55(2, %) = sw(fy(2) ® fo(x) + b (M

AHICUE A w € R i) 5K A 38 2o fe /K A R

RO, I 08 Ao P S A I ) 2 Al i v R I ) B3

o X T E R GRAEAS Z e R, iZ A AL IR) T L
Tk

.1 A
argmin ——[|Z"w —{" + S il @)

o1, y e ROFLAG B 7R A 650N i UL AL 72 8

A5 70w — Tl T S PRGBS A IR A

I‘EJIE@[ZM:

Lovrv) = o IF + SIlE 4= Zwey) )

n 2

St R B H TR TR A T, 34

O 0, 750 F BB w 0 25353
k=n'¢o2)+a

N @

{3

=@ 0%

w
e RN AR o R R Y S . IS
Motorcycle

Original

CF
modulation

021 HL S RE ORI TR AR S T SR
3, FTLAINRGE B8 o G I R o 14 £ s 2 R IR
0 o AR v B AT DLZE A T s WA T S N BT
Pt ven PR H bR 0 M, BTHCE R i B R
R
W=, + (1=, 6]
by BARBN A 2] R AL, SR 0.9, Tk
F3XF HE A, 33 FEL 6 T4 190 44 AR ekt A S 0 0 18 1 I
I £87E GOT-10k [F]— a5 EabAT il 2k, it i
TP 2% v i) 22 049 432 e 17 14 A7 L3R
W 4 Fs, 55 —17 0 5 1R ) 45 i) DX S A 1 &5
B8 AT R 2 S A I i s 2 S A 7 P
Lo aT DA B, 38 2 A DGR I IR i 22 05, H b4 3 HE R
FEEZ MR T BARMHI . S0l 205 1 45 mT LA
i H bR 09 L, 15 RPN By Bead 38 1 5 X 43 4 7R
ARG —dUFINP A T AT E . 5 2 475
SRS TR 0TV A ST A %) A B E AR U
B F U855 — B BESS IR 25 1 0 28 i 7, AR 2

Tricycle Car

Pl 4 A FEAR U DRI F5 14 PO 2484 £ 0T LE AT

Fig.4 Comparative analysis of network outputs after applying correlation filter modulation
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Fig.8 Evaluation on the OTB100 benchmark: Precision plot and success plot
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Fig.11 Test results on the UAV123 dataset: Precision plot and success plot
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