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Abstract

models is proposed to improve the accuracy of the algorithm. First, the siamese network visual tracking and target

A siamese network visual tracking algorithm based on fusion multitask differentiated homogeneous

segmentation models are fused in the decision-making layer. Then, they are combined with multiscale search area,
contextual features, and multilearning rate model updating strategy to track. Different algorithms are evaluated
using standard datasets, namely, VOT, OTB, LaSOT, and UAV123. Experimental results show that the

proposed algorithm can stably track the object under the interference of occlusion, fast motion, and illumination

change, among others.
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Fig. 1 Overall framework of the proposed algorithm
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Table 1 Tracking results of proposed algorithm after adding various strategies
DiIMP50  Mask Multi-scale search area Contextual feature ~ Multi-learning rate  EAO  Number of failures Accuracy
N 0.379 13.583 0.574
N, N, 0. 386 13. 245 0.596
N N, N 0. 404 12. 336 0. 603
N N, N N, 0.407 12. 570 0. 603
N N N / N 0.414 11. 245 0. 605
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Table 2 Comparison results of different algorithms on VOT2018 dataset

Parameter SiamMask DaSiam-RPN

LADCF ATOM SiamRPN++ DiMP18 DiMP50

Ours_Res18  Ours_Res50

EAO 0. 380 0. 383 0. 389 0.401 0.414 0.402 0. 440 0.410 0.451
Robustness 0. 276 0. 155 0.159 0. 204 0.234 0.182 0.153 0.176 0. 160
Accuracy 0. 609 0.507 0.503 0.590 0. 600 0.594 0.597 0.597 0.608
%3 AREBEMELE VOT2019 BiE4E b ayxt 4
Table 3 Comparison results of different algorithms on VOT2019 dataset

Parameter SiamMask cola ATOM  DRNet trackyou DiMP50 ATP Ours_Res18 Ours_Res50
EAO 0.287 0.371 0.292 0. 395 0. 395 0.379 0.394 0. 350 0.414
Robustness 0. 405 0.277 0. 361 0.229 0.237 0.243 0. 255 0.277 0.208
Accuracy 0.575 0.589 0.582 0. 580 0.586 0.574 0.619 0.603 0. 605

LaSOT: #EH LASOT A9 2 5 45 48 X 803 it
AR, 12 It A s 4 R 3R A 280 AN T T
PR B B T RE 38 2 A & A P O R 2 R ) R
ERAA 2 A e ROME BRI R 2 — . K 2 ST 4R
B 5 DIMP!'Y . ATOM™ | SjamRPN + +%
MDNet* | VITAL" | SiamFC*® . Dsiam"" |
CFENet“" . BACE®" [ PTAVE™ iy % 145 %, 7] LA

F t: Ours _Res50 B9 HE & K JE R DIMP50 &
0.9 ANE 43, Ours_Res18 4 # B K B LR DiIMP18
5 0. 8 INE S A ; Ours_Res50 HY %3  H i DIMP50
7 0.2 ANE 4 . Ours_Res18 B IR H JF DIMP18
0. 3 AN E A A AR TR B T ek
OTB100:0TB100 %4 £ & 4L 42 45 100 40 %
TR, 2 OB B 0 0 3 ) 8 R A 2 — . X BT

0415004-5



£58% F4H/2021 F£2 A/HAERRE

FEHR

@ 08

Precision
S o o o o @9
[ R O

e
=

s [0.529] DiIMP50

| == = [0.511] Ours_Res18
=unn[(.511] DiMP18
== [0.479] ATOM

[0.538] Ours_Res50

[0.467) SiamRPN-++

== [0.370] MDNet
== [0.362] VITAL
#1525 [0.331] SiamFC
[0.318] Dsiam
s [0.263] CFNet
e [0.245] PTAV
«x 0 [0.236] BACF

0
0

5 10 15 20 25 30 35 40 45 50
Location error threshold

® 09

I
®©

S e
SRS
r

Success rate

e e o
w s W
:

o
o

I
—

== [0.571] Ours_Resb0
s [0.569] DIMP50

== = [0.538] Ours_Res18
== [0.535] DiMP18
=== [0.514] ATOM
[0.496] SiamRPN++

| w=  [0.397] MDNet
= = [0.390] VITAL
| «==[0.336] SiamFC
== [0.333] Dsiam
s [0,275) CFNet
[ == = [0.259] BACF

w111 [0.250] PTAV

0 1 L 1 L L N
0 0102 03 04 05 06 07 08 09 1

Overlap threshold

K 2 LaSOT ¥4k L &£ Bk BB M R Z& . (ORF R () i R

Fig. 2 Distance precision and success rate of the algorithms on LaSOT dataset. (a) Precision; (b) success rate
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Fig. 3 Distance precision and success rate of the algorithms on OTB100 dataset. (a) Precision; (b) success rate
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