. . Attentional Correlation Filter Network for Adaptive Visual Tracking
F . ._ Imperla Colleg Jongwon Choi 1, Hyung Jin Chang %, Sangdoo Yun !, Tobias Fischer #, Yiannis Demiris 2, Jin Young Choi !

( 1+ Y
3 R i\ ‘
A s B il

|

Perception and Intelligence Laboratory o imperial.ac.uk/PersonalRobotics

jwchoi.pil@gmail.com, {yunsd101, jychoi}@snu.ac.kr, {hj.chang, t.fischer, y.demiris}@imperial.ac.uk Codes & Results are available.
IDept. of EC. Eng., ASRI, Seoul National Univ., South Korea. “Dept. of EE. Eng., Imperial College London, UK. homepage: hitps://sites.google.com/site/jwcholvision

Target Problems Overall Framework Experiment

® By using many properties, tracking performance - - ® Implementation
can be improved Correlation Filter Network _ » Tensorflow (CF-Net) + MATLAB (At-Net) (By socket communication)

® But, needs much time to consider various * 17-6900K CPU, 32GB RAM, NVIDIA GTX10/0 CPU
properties of target

Approach & Contribution

| Extraction

- el Validation
P s ® Quantitative Results

/i Ch C Table 1. Quantitative results on the CVPR2013 dataset [ 35] | Precision plots of OPE | | , Precision plots of OPE
= ﬁ= Dﬂse T = P ‘ ,‘ Algorithln Pre. score Mean FPS Scale . ..-----"""""""""""“T |
/] Best ’ il P - [L___ACEN 80.0% | 150 [ O § - T T T — I RN
L O Pl R = P P L L Ly
; ety £z CFN+predNet 82.3% 14.4 O o ; —— ACFNI08021 | .87 ..
H Module ' 3 CFN 81.3% 6.9 o | & scrioresl | 20 -
4, Featu — -- t ~ | CFN+simpleSel. | 79.4% 157 o | £ T oFqosse | £ — ACENI9Lea] ||
= S | g eature - . Vﬁlldatlﬂn Q +simpledel. 9.4% J. o - — KCF[0699] | Ao . SCT[0.574] |-
o e (1 Extraction . = _ 0 CFN- 78.4% 15.5 9 : - gtsrﬂ[[%m] . e EIEFE% [gﬁ?zu
e JRS |  SCT[3] | 845% | 400 | X | —— TLD[0.597] —  DSST[0.546]
v £ MEEM [+”] 81.4% 19.5 X -nLDérétiopﬁ erprzr_lr tﬁresqﬁoldm o " Location error threshold
: A = KCE[10] 74.2% 2238 X Success plots of OPE Success plots of OPE
: \L/ s [ DSST[] 74.0% | 254 [ O { B S e T
3 . 2 Struck [ 1] 05.0% 10.0 0| oo o
- N TLD [10] 60.8% 21.7 0 | ©er " el T,
- t oo | =—— ACFN[0.575] =~ Do
- S O C-COT [9] 89.9% <1.0 @) D oo SCT [0.534] : D
: Top-k selection layer a— s = || MDNetN[ V] | 87.7% <10 [0 ] 8| Kerpoass So SCT0.392]
_ : — P y % = = — — = = MUSTer [19] 36.5% 3.9 0 | @..|— Dsstiose Boa| 72n MEEM D414
e Attention Network - gﬁ S - E E - E b 5;) FCNT [35] 85.6% 3.0 O o] — TLD[0.427] or| = DSST 0447
' i Top-N = o =l o = -l o — D-SRDCEF [6] 84.9% <1.0 O o o2 o3 oa o8 os o7 os oo 6 o1 o0z 03 04 o8 os o7 0B o0
>> Predict the module-wise performance SEIEI:?::ti;n I 2 / — -~ 7/ o l 2l = - o = ; SRDCE ] IR : 0 Overlap threshold Overlap threshold
i .?- | - — — p— — u . -~ / ~ ' .
>> Select the attentional modules layer ' x ' 2 I > E E 5 E L E E E | © STCT [56] 78.0% 2.5 O (b) Evaluation plots on TPAMI2015 dataset (c) Evaluation plots on VOT2014 dataset
- Correlation Filter N K = S 4 g S S SH A :
orrelation rlilter Networ " - N — — ol 2 Qf < Qt—z
. : . : c — — — _ =
>> A lot of tracking modules with different properties (s*) Selection s i T O O O Prediction 2 ® Analysis
>> Novel properties (flexible aspect ratio, delay etc.) Sub-network Sub-network

« Parameter Analysis

86 86

!

* Frequency map for various cases
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Tracking Step
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Freq. Map of
__Active Modules _
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« Each tracking module is AtCF [1]
« 2 Features (Color intensity, HOG)
« 2 Kernel types (Gaussian, Polynomial)

N N g}. (N
@ NI

13 Flexible scale changes (-2X, -X, +X, +2X, -2y, -y, +y, +2y, +Xy, +2xy, 0)  Prediction sub-network  Selection sub-network e el

* 5 Delayed updates (0, -1, -2, -3, -4 frames)
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