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Object Feature Tracking Algorithm based on Siame-FPN

Jong-Chan KimT, Su-Chang Lim"

ABSTRACT

Visual tracking of selected target objects is fundamental challenging problems in computer vision.

Object tracking localize the region of target object with bounding box in the video. We propose a

Siam-FPN based custom fully CNN to solve visual tracking problems by regressing the target area in

an end-to-end manner. A method of preserving the feature information flow using a feature map con-—

nection structure was applied. In this way, information is preserved and emphasized across the network.

To regress object region and to classify object, the region proposal network was connected with the

Siamese network. The performance of the tracking algorithm was evaluated using the OTB-100

dataset. Success Plot and Precision Plot were used as evaluation matrix. As a result of the experiment,

0.621 in Success Plot and 0.838 in Precision Plot were achieved.

Key words: Computer Vision, Convolutional Neural Networks, Deep Learning, Object Tracking,
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Table 2. The Sequence Attribute Table for Algorithm Evaluation,

Attribute

Description

Illumination Variation(IV)

Change the lighting

Scale Variation(SV)

Change in size of target object

Occlusion(OCC)

Object occlusion by obstacles

Deformation(DEF)

Target object deformation

Motion Blur(MB)

Blur on target object

Fast Motion(FM)

Fast motion of target object

In-Plane Rotation(IPR)

Rotation of an target object within an image

Out-of-plane Rotation(OPR)

Rotation of an target object outside an image

Out-of-View(OV)

Some areas of the target object move out of the image

Background Clutters(BC)

Generate target object-like color or texture

Low Resolution(LR)

Target object has low resolution




Success plots of OPE on OTB100

0.9 1

S
%
L

13

e T ‘

(=]
1

i

L

¥,

Success rate
o =
= =
L L
‘
&

o
'S
L

=)
13
L

02— F—1——+———T%
e [0.621] Proposed
0.1 4 == [0.602] BACF

-+-+ [0.482] DCF ‘ ‘

0.0 T T T T T T T T T
00 01 02 03 04 05 06 07 08 09 10

Overlap threshold

(a)

Siame-FPND|Bt 24K E& =& AT2|S 253

0.9 7 L p—

0.8 1 ! » T

0.7+

064— Y4t — 11 1

Precision

0.2+ i

5 = [0.838] Proposed
0.1 14 i i —~— [0.817] BACF
eer [0.694] DCF

0.0 T T T T T T T T T
0 5 100 15 20 25 30 35 40 45 50

Location error threshold

(b)

Fig. 6. Result of OTB—100 Datasets. (a) Result of Success Plot and (b) Result of Precision Plot,

o o

Proposed
truth

Ground

O

BACF DCF

Fig. 7. Result of Motion Blur Attribute,

2

B
o X

]
MB&A 0] 71 =& FXE RAFa
2 FAE RAFQT FH AE =Y
Aol 71 & FAE RAFAaL, O
go £3E HoF
Table 3& Atste G EH vla e &9
AE 11714 &40 dis) B2 A2 Altshs
duElEe TH 4gx=9 49 OCC, OV, FM, MB,

o g
B do I i
W

a
2 B oo

o,
2

A EL FAE RAFAL, £ 4=
749 OCC, OV, FM, MB, SV, DEF, OPR <A ol
A =L FAE BRAFIAT

o
b
rhu



254 ZEIDICIoES =2 M2563 K25(2022. 2)

Success plot

0.7

0.6

0.5

o 0.4
T

® 03

0.2

0.1

0

FM OCC DEF SV
Attribute

#369— :

fEEI

. S———

O O O O

Proposed  Ground DCF BACF
truth

Fig. 8. Result of Fast Motion Attribute,

Precision plot

0.86
0.84

0.82
g 078
& 0.76
0.74
0.72 I I

IPR OV OPR LR IV DEF OCC MB SV FM IPR OV LR OPR
Attribute

Fig. 9. Bar Graph of Proposed Tracking Algorithm,

93 A Y EYIY XY Aok YE

HA=27E Ag=

Al A7E QAL B

il
o

Siam-FPN(Feature Preserve Network)g A Q3

o AE Y ES s FAE vuE A% 71d 8 REFERENCE

& 2 A9 At WEH 7 TAHEnd-to-End) &

o] 715558 MAHYT EX AARZ o] o [1] SH. Kim, S.C. Lim, and D.Y. Kim, “Intelligent

A 7128 CNNL Alg5lo] Exo] REF o] BEx Intrusion Detection System Featuring a Vir-

AR e B0 BEE AL

S HodZ=th A tual Fence, Active Intruder Detection, Classi—

ot} 232 Ay gZL OTB-100 o8 AL AL&3} fication, Tracking, and Action Recognition,”

o A5HrE AP, 2 A=A 0621, = Annals of Nuclear Energy, Vol. 112, pp. 845-

A AEZoA 08388 A 7MY & £AE 855, 2018.

BAFATH [2] A. Koubaa and B. Qureshi, “DroneTrack:
e %—?i—— A A7|H3 o] T AHE5S Hol Cloud-Based Real-Time Object Tracking

71 Y3l ZF AEFAH E20A FEEHE 7|71 Aol Using Unmanned Aerial Vehicles over the

3 EXW-S A}%—o]—oq EA gPues =3 I Internet,” IEEE Access, Vol. 6, pp. 13810~

g SARe] AA 99 Yol JEE

71Eo.2 A 13824, 2018.



Table 3. Overall Performance Evaluation Results for

Attributes of OTB—100 Benchmark Dataset,

BACF DCF | Proposed
Success 0.602 0.482 [0.621]
Total
Precision 0.817 0.694 [0.838]
PR Success [0.567] | 0.471 0.550
Precision | [0.792] | 0.754 0.767
Success 0.560 0.441 [0.607]
OCC
Precision 0.756 0.619 [0.808]
ov Success 0.483 0.328 [0.548]
Precision 0.704 0.443 [0.760]
v Success [0.627] | 0.484 0.625
Precision | [0.830] | 0.727 0.828
LR Success 0.446 0.264 0.456
Precision 0.729 0.584 0.740
BC Success [0.646] | 0.513 0.624
Precision [0.863] 0.724 0.841
FM Success 0.572 0.464 [0.610]
Precision 0.782 0.632 [0.788]
B Success 0.584 0.470 [0.628]
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