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ABSTRACT

Recently, Deep learning has been used successfully to solve many recognition problems. It has many advantages over existing machine
learning methods that extract feature points through hand-crafting. Deep neural networks for human activity recognition split video data
into frame images, and then classify activities by analysing the connectivity of frame images according to the time. But it is difficult to
apply to actual problems which has small-scale activity classes. Because this situations has a problem of overfitting and insufficient
training data. In this paper, we defined 5 type of small-scale human activities, and classified them. We construct video database using 700
video clips, and obtained a classifying accuracy of 74.00%.

Keywords : Activity Recognition, Deep Neural Network, LRCN, Optimization

A1z A AGnte] HASLE B3l AR = HE EA 9
NE A A3E &3 &R & = A
= ol "y
o Ll - O H
. =gt — +F T
Zas-2os"Y = o
2 o
AT ARHE o8 UF A4 BAS A Slal § e AGshe A Solun gtk § Ye gl Bed asE A%
el Faf 222 2Za7] die, $4(hand-craft) S T3 58S =28 7129 7]Asy Rt v B2 gHe Zeth 3%
A4 A% J1Ee A% AAWE WHL HolHE A4 meele] olnAw e F e 7t olvx) Aole] A QAR AL Ea)
FEs BRI Y o3 AR AR Y FYUAS 2 BF EAAA g5 dHolEe 3 Eal 9 343 overfitting) WA=
QAsf o5 A FAll AHEar] ol A4t Bk olol & w=EdAE 7Y AR dF Fd2E Ao, V& AT A AT
A48 Fa) olF BRI 0042 ML LHIHE Bl B dlolelulol~E THSRAM, o T400%) EF FHEE 92 & A
I 8S 914, S NAY, LRCN, &3
.M B sin BRel Ao 4 FUlll A% dHe 54 A%
o4 Uehbs Sl E FA e, 4% A4
g A4 A g Tl wAYel g ovE of a8 AFS WA= QxS PYiolgtm I 4 rh
wasty dddle As weke, HAl(surveillance), 23 web QS B HES oAFHW Zaws) = Ex
(robot), S1EjH o] ~(interface) 5 ©idst & Fos 71x Ao MR Fo PASo =4 WS mast & 9]
A e T sfuolth dubAQl FE 14 A2 v of d}a1, AWAL GA3 A e wwd & glojo} i}
Aold A% mde vow Az 98 9% A9L B4 g9 4 Ritand e @ F 547 2ol A
lom, ogate] st ol d5s nelelobd 54 B4
% This work was supported by the Nuclear Safety Research Program N7 71824 o R 2tz -8 So] o}
through the Korea Foundation Of Nuclear Safety(KOFONS), granted _ I - _
financial resource from the Nuclear Safety and Security Commission 715}{]7 Eﬂ °© E']% Q}? O}ﬂ %%0}7 ] '0'4 g EC} Ht'q Q—EM1 %]
(NSSC), Republic of Korea (No.1403025). o Zmyg 77 o) =] o rli=o A} =0
tE 8] fieAvsa AReHd 2 nekaga dAel Sdel AZEHD Y. | S de At go=
tE 8] 9 Rt AFEET 4aay B Y 2ds S dolEe dHS saetv2], A
R B B s L e i R = e e A -
Manuscript Received : September 8, 2016 o ¥de 53%_5]0 /\5] '0—5"} ?:_l’ifﬂ%% H}%gi 7]%94 7] 7:”
Accepted : October 27, 2016 sL2= o] ol o 2Jo o] sl a2~
* Corresponding Author : Do-Yeon Kim(dykim@sunchon.ac.kr) g5 FoolA] Hold S Holal Ju3]. TS sy H



156 S2EMEStel=2X/2ZEA0 3 HI0IH S Mo H3=(2017. 3)

OHE Hdl 22 54 Fu fYHs g5hy] wid
TE oy e g F dE T Fto|t)
D. Jeffrey et all4]9] AT-olA= 5 <4S ¢ CNN

(convolutional neural networks)® LSTM (long short-term
memory networks)S ©]€¢ EH LRCN (long-term
recurrent convolutional networks)S #9FsFIth o] A7
e vre Fyo =g oWAE
T3 4 omAe EAHE g53ta, ¥
LSTME &%
< IFFT 0‘4-%

1017FA419] ol g &
A

T
e
o
+
tio a

oX

noo 2

2 |o
HU
B9
>
o
e -
a
o
offl
g
P
T

N e g e b o o v do

ol
%
i
it
I
4
& T
QL
NI
;rw
“d
{:q:,r&
-
N o
oo
~ o
oL

% off
o

o\

u Hoor

o
T
(o]
>
tjo
L 10 o @ oy
O

=
H (<)
§71% 10174 5t dQ A gk tﬂo] 19] &

N
N
o
B
_O‘L
%)
kY
%
<t
Q
3
ch
&
=
©
K
e
o=
01
Lot
M
R
o 2o T
a4 -
R TR ORI
=)

o, 1> of
24

g
)

#7)(walking), 7]O17P7](crawling, A28} (jumping), 7101 .=
7](climbing) % A §kat5] o1, g4d Tes Ad A

(caffe) Ze|JHAE AFE-3HATH
=xf 2% E AT A4 d¥E A7dF Ve

LRCN 2l tisto] 7]Ealal, 34 = A P&
A4S AR Al tste] 7lestsinh 4 ZelM= &
AR S R AF R AeH el diste] 71Eskl
aL, vpAE SR = A B FF Al distel Y]Esta
vHEl ekt

2. o3 A

il & 3 d Fok ed A i e
= 3 AT sk A7 FRe ¢ A dEHEA T
=2 F ded Fes oY 7 SALE Ura JhH A
s wEol v AAE A7 A7 FR TS 73
dh didel Wste]l £4 3 84 S R d5e
AAetE = AFFER7E AJAE6EL B = e AAE
Ag-sts Aol ofd, oW o g dHolHb Folxe
o, 2R7E 9 A GEH SN LRse Ao &
Folmz o] A Firol gk du2 At
fiEe A9 drE2 shvigks T8 wEE= 94 7
g HelHES o] &Y, ANE T3 FAE dHolHE
ol-&atqirt. wHol AHEE dunFFoRE VA #H
daglFol =] Bdl gl 22 dugsee] Bkt

2011l zleys gk
I AAE 7)HEe R g 7]
FRHE ol FUrh 7|ASE
learning) ¥ 18]& 3 HIA % k5 (unsupervised learning) &l
g o] AHEE e FFZE HMM(hidden Markov model),

dynamic and naive bayes networks, decision tree, SVM

914 A Tl <lshe, w7
‘i}% OL—ﬂﬂ%o] 335 o]/kl H]—tﬂg]
o)

A5 A= ShF(supervised

(suport vector machine) 5°] 1t}

Wi 201590l K ohe FF A8l E o
S T ATt WHEA SHAA A tE 55
2 | #d(deep learning) & o] &3 AbH|7E ol HA E3ATh
o fye 8 gojEE B $88 B4 AY 23 8

g, 71 dueeRy FdE Aes Bol7] wEotHol.

2.2 Long—term Recurrent Convolutional Networks
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Table 1. Details Type of the Outputs in LRCN

No. Network Fusion rate of Outputs
1 (a) singleFrame_RGB (@) =1

2 (b) singleFrame_flow (b) =1

3 (¢) lstm_RGB (c) =1

4 (d) Istm_flow d =1

5 X (a) @ (b) =05:05

6 X (a) @ (b) = 033 : 067
7 X (e (d=05:05

3 x (c) : (d) =033 :067
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o2 CNN# LSTME



3. WS oM 9B M5 NFBY HHa

31 g5 fst @S dlolefdolAe] F4

3 dolg o]~ AFAGLS Table 29} on RE
B4 frFB(youtube) A AFE wEoR F TE
kS 98] 7FE 640 pixel, A& 480 pixele] Alo]=E zk
L5 Fgeidth g dolgHeolas ds FIEE 140
A ZF 70071 92 FAHT

Table 2. Details of the Activity Database

Activity Training Validation Test

Climbing 80 20 40

Crawling 80 20 40

Running 80 20 40

Walking 80 20 40

Jumping 80 20 40

7t % §¥o W 94 dolEE d<F(training), A5
(validation), BlZ=E(test)$} 722 3714 F3oz EFdTh
ok dlolHAlE 8071 FolA 30~357) dAL =AY, 25~
3070 G 9 B9 Qgoln, A Gge JE o

s ZH(lip) AFIAY, Ax, WY FRAE FAS GHER
A9 EAh g Fig. 12 AFEE gAdolE 5 crawling
q5S el e gl o]t}

32 ¥Y zMat A MF mefoje =Y

71E ART BDL 1017HA 9 BE FHaE ERGES
T 7] whtel HH sk S W gl F9A
A d Ay, E-Ol AEE Agte] haEH, dolE 55
2 A2 FAL AfeR Qld ks AdES V] den

k=)
k)
>
(@3]
N
L
>
o2
offt
Mo
=i
=
)
i)
ot
)
oo b
NIO i
fo
:.Ol:'
:c‘>1=t
ofl
[
o M
o

A
=
™ 7] SmgleFrame RGB, smgleFrame flow Zdle] 243
s M srpE MEYR o sEE kgl
T UEST Rde ARG FE T
+ Fig. 29 2ok ™o el

singleFrame®| +

o
o} glom, YEYA T2
s

Fig. 2. Network Architecture of singleFrame RGB and Flow
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Table 3. Details of Solver Files

Table 5. Classification Accuracy of Validation Dataset

Max . Weight Base
Network Tteration Step Size | Momentum Decay | Learning Rate
(a) 3,000 3,000 0.9 0.005 0.001
(b) 16,000 20,000 09 0.005 0.001
(c) 10,000 10,000 0.9 0.005 0.001
(d) 10,000 20,000 0.9 0.005 0.001
4 ME W M5}
41 NHY ER W AE
@5 wiel B4 AFPe] AU HHg HleA el
&7 99 A% delHAL olgd AF BRE A
oo H2Ed BHe A7l Sug Avz 1Y H9
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golo] BHE A4 92 W, BF 29y Rold

Table 4. Classification Result of Validation Dataset

Activity | (@ | (b) | ) | (D | (&) | (O | (g) | (b

Climbing | 3 4 18 20 3 5 19 19
Crawling | 3 4 17 12 4 3 18 18
Running 5 2 18 19 4 4 19 19
Walking | 1 5 20 18 1 1 20 20

Jumping 7 4 15 20 7 7 18 20

9] Tableol A (a)~(d)E= Z+2 (a) singleFrame RGB, (b)
singleFrame_flow, (c) Istm_RGB, (d) Istm_flowE <73},
(e)~h)e (@~ MEHIES 05 05 == 033 : 0679
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Activity CNN LRCN
Climbing 18.75% 95.00%
Crawling 1750% 81.25%
Running 18.75% 93.75%
Walking 10.00% 97.50%
Jumping 31.25% 91.25%

Total 19.25% 91.75%
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Table 6. Classification Result of Test Dataset

Activity | @ | () | @ | @ | @ | ® [ (@ | (b

30 33 5 8 33 32

1
1

Climbing
Crawling | 8 8 36 23 8 6 36 36
Running 8 6 30 36 8 8 35 37
Walking | 3 9 10 34 3 3 32 34

Jumping | 13 9 8 29 14 16 22 26

9 Tabledl A (a)~(h)e] &2 Table 49 W83 2t}
AHEE H2E dolEe] Jlgs fEEE 40744 AFEES
omn 71 FollA FEgsA EFS AMFE e

5 2 A¥ W walking, jumping 359l tislo]
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Table 4¢1 A< dlolHAlE o] &3 &7 2ot
A



o5
Table 7. Classification Accuracy of Test Dataset
Activity CNN LRCN
Climbing 14.38% 80.00%
Crawling 18.75% 81.88%
Running 18.75% 86.25%
Walking 11.25% 68.75%
Jumping 32.50% 53.13%
Total 19.13% 74.00%
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