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Using Skeleton Vector Information and RNN Learning Behavior
Recognition Algorithm
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Abstract

Behavior awareness is a technology that recognizes human behavior through data and can be used in applications such as risk
behavior through video surveillance systems. Conventional behavior recognition algorithms have been performed using the 2D
camera image device or multi-mode sensor or multi-view or 3D equipment. When two-dimensional data was used, the recognition
rate was low in the behavior recognition of the three-dimensional space, and other methods were difficult due to the complicated
equipment configuration and the expensive additional equipment. In this paper, we propose a method of recognizing human
behavior using only CCTV images without additional equipment using only RGB and depth information. First, the skeleton
extraction algorithm is applied to extract points of joints and body parts. We apply the equations to transform the vector including
the displacement vector and the relational vector, and study the continuous vector data through the RNN model. As a result of
applying the learned model to various data sets and confirming the accuracy of the behavior recognition, the performance similar
to that of the existing algorithm using the 3D information can be verified only by the 2D information.

Keyword : skeleton, feature vector, RNN, SELU, deep learning

Copyright © 2016 Korean Institute of Broadcast and Media Engineers. All rights reserved.
“This is an Open-Access article distributed under the terms of the Creative Commons BY-NC-ND (http://creativecommons.org/licenses/by-nc-nd/3.0) which
permits unrestricted non-commercial use, distribution, and reproduction in any medium, provided the original work is properly cited and not altered.”



267 9] 19 2AAE WE Juok RNN #5S ol4d 3514 A7F 599
(Mi-Kyung Kim et al.: Using Skeleton Vector Information and RNN Learning Behavior Recognition Algorithm)

o3
k>
2,
Q
9
x 2
oy
>
N
=,
ko
il
-
Ay
_OL
2

>~
>
o
ro Lo

(> r

o,

rlo
AN B o

ot
ol
)
%
Q. M

s
1>

o

- (e
= o\ o
=z Ol'ﬂ —O’
s
o o
T 2 A
ez
o ot ok
i 2
> 2
ol =
() o
i o2

=
=}
r
X
o
i
:Oé
(o3
-9
ofr
ol
rir
fn)
N
)
_\Zi
rO
oL
rE
> it
e

=
g I Au)
i
ﬁ.rlﬂ

ﬂ
fy
My 40

o o rr
Roooft X > i

oy o o
Lo
ok ot
fini
=2

AN >
1o

rg
=
> e
g
9
M
Hu
]
¥
¥0 ©
o

o3
=
»
o,

—_
5]
a2
2
R
lo,
O—QL—"
offl
o
1>
lo
ol
2 L

\o]

3

ro,

Y

2,

)

fu

>y ]y
N,

o)

=

o

> oo
i

ot

oo

o

ol

o

fo o

ol

N

=
2o o

llu:ﬁ,

og(:',
ro, off
2 rlo
NIV et
rlo
Lo
JZ,
o
tlo
&
38
vl
o
ox, ﬂllﬂl = s
£ g Mo
> O ot o o =2 u
_O'_J
L

N
Ipr
k1

, Aol 2, 15 AME
B gz shietg o8
Fol glom, 3D-deFAds

sy g deM =2
5™ depth map} 3D A EP
ol& =431 19 kinectst 2 F714

=
W

[2

B

a}

)7} 2

o T
ofp ¢f ML A
et o o Lo
inid
™
ol
oL
Iy O

E

N
-

of B x Ao |y

ERSAN A oL W .+ oL </ [ A . VR o [ =

(

rlo

frpa)

g

l"lO il
—_ 4y ko

1o T

F

Fo rlo
v et °
p
=
> 2
o sk
o

A

flo

o T
°

e

ot
¥
z
e

R
)
N

JAI8s5(Machine Learn-
TFA7E 2 AA ok
s

it

@
N
ok
i
2
X
[r 4
=g oX

_O|_I'
N
)
A
o
§e T
flo
ko it

5 o
= g

&
4
e

Ho
o
>
rr
2
[r
ox
Sl
)
Mo
Y

N

i

o

i)

ko

ol

o,

huk
Mo W o
o0

N

fo
e —~

of, & m o
BBy o e
Morly ok o o

et (e
S
ol
N,
og‘::‘
i
2
N
kd
hass
f
)
r
rr
M
rlo
o
i)

a) YAt sty A #3837 Dept. of Electronics Engineering, Pusan National
University)
b) 2t sty 7 B 7 €] 582K (Dept. of Computer Science and Engineering,
Pusan National University)
t Corresponding Author : 7177 (Mi-kyung Kim)
E-mail: ddosun@ousan.ac.kr
Tel: +82-51-510-2878
ORCID: https://orcid.org/0000-0002-3884-1812
#ol e AFAst T ARE “IPIU 20187004 2xd vl 9.
# Manuscript received April 23, 2018; Revised August 24, 2018; Accepted
August 31, 2018.

A2 A THFsE Eok
oM AR 7hsstal Asd A ARE ] AF A4 s
S EYOEHA A T 5l 719E &

= EEe AHER] SHAXNE F7HE] ] 50
u, a7ke] AzE B ed Al s At 2219 RGB
FEE Ao SedlXes Helde B9 A U4
o] WS AT G 244 TS AHEsh &
AdE 72 LSS Helde olgsto] sgete] #4d
F AR ZJES FE9Th F2H ZJAES 749
W9 WEe A WS 2933 MEHE WPk oF
RNN 243 Fato] A&e W tolBE shgste] ok
g ElolE AlE HEAA BF A4 AFE=E sttt
ol WWE olgdt Ao W FAG wiEve ¢
gles Acratglon 7|E diE dugEES Ta

gl o
T AR Aol gl Nednt vAHe R 400N AES

1. 22 E FE Y02IF
2AYES FE3817] Y89 Eldar at al.(2017)2] Art-

Trackl®lS AH&-3ho] gl M Abgtel 2t R-9lst Bao) X

252 olm Al M A | X5

(o)

JEE FE3I9th ¢

Z53 ofy AHES BXEy E2E FAsE AL BR
2 St} A A ALEEe] FE WA FESI AA RS
A¥eE U OR AIRIES WA ARSI o]oA 2}
AE FAsE Wl gixAelth. ¢aelES CNN7IHE
Fi EA7)2 A 2A i 7P AlES] 38 F glo]
B8 22 At stk o8 Al A9, 9 =]
A9 B ArtTrackS o8¢ Q&9 ©A ¥ ¥ 2 F4%
T JE FEE GitHubdlA 225 & F 3o o=



T2 1. Aol ZoIE =& ofA] 22
Fig 1.

Person's point extraction example
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Table 1.Subgroups constituting the displacement vector

feature Subgroups by body
1 head, left hand, right hand, left foot, right foot
2 neck, left elbow, right elbow, left knee, right knee
3 left shoulder, right shoulder, left hip. right heap

¥ 2. 2 HIHE TSk SI9I0E

Table 2. Subgroups that make up the relationship vector

feature Subgroups by body relationship branch
f4 head, right hand, left hand neck
5 neck, right hand, right foot left heap
6 head, left hand, left food right heap
f7 right hand, left hand head
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