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Object Tracking using Feature Map from
Convolutional Neural Network

Suchang Lhnﬂ Do Yeon Kim'"

ABSTRACT

The conventional hand-crafted features used to track objects have limitations in object representation.
Convolutional neural networks, which show good performance results in various areas of computer vision,
are emerging as new ways to break through the limitations of feature extraction. CNN extracts the features
of the image through layers of multiple layers, and learns the kernel used for feature extraction by itself.
In this paper, we use the feature map extracted from the convolution layer of the convolution neural
network to create an outline model of the object and use it for tracking. We propose a method to adaptively
update the outline model to cope with various environment change factors affecting the tracking
performance. The proposed algorithm evaluated the validity test based on the 11 environmental change

attributes of the CVPR2013 tracking benchmark and showed excellent results in six attributes.
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Conv : Convolutional Layer
FC  : Fully-Connected Layer

Fig. 1. vgg—verydeepl19 Network configuration,



o
il
B
o
o
i

EAWE F=37] AalA &3t
Convl-2 #o]oje} ojn] AR E
5-2 #lo]ol & o] &3ttt Fig. 1
ANZ4Ee Asts HoFa g ¢
2= ASHE HEFA FololE AX
(Fig. 2(b)¢}F 2lv] FH(Fig. 2(c), (A)E T4
A 1fe] EAER FE2H AT 2 o]
FEH= 5 277 2] W ol
2 7 (bilinear interpolation) 2 AF&3le] 5%
712 Q0 AEL S g

Fig. 2(b)¥] 574 W&
74 FHdAME EXE

£ 59 54 old 28 DAL FYY
7

Ay
3

o
=

o
rin,
2w

e ox

ol

rr

Q

o
2ol 2

o1

iR

o

=

sl
o
ox
LU
7

[

2
2
>

3

o
u

F&FAA (correlation) A4HS A4S o5& 2
8] FFT(Fast Fourier Transform)& AF&38|A F3}
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fourier transform< 4] ()3 (2)& F&°] 7}&3ith.
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Fig. 2. Feature maps extracted from each convolution layer, (a) input image, (b) Conv 1-2, (c) Conv5—1, and (d)

Conv 5-2,
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Fig. 3. (A) the original image and (B) the image in which
the occlusion occurred, (a) original image, (b)
Images where occlusion occurred,
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Fig. 4. Tracking results using the proposed method,
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Table 1. Experimental environment of tracking algorithm

experimental environment
CPU/RAM | Intel 17-4790K 4.0GHz / DDR3 16G
GPU Geforce Titan X 12GB
oS Window 10 64bit
Devi‘ﬁmm Matlab R2016b
Toolbox MatConvNet Toolbox[20]

Success plots
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Fig. 5. Results graph of tracking performance evalua—
tion,
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