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1. M2

2utEZC] HYRISS] A" & Zlo] Ay
FomA, 2rtEEqA FHHE HolHE Hvg
O 7 AutEE AREARY] )5S Q1A stala} e+
‘Abg2F 3% <14 (Human Activity Recognition)’
AT7F EdetA =D ATk NS AREARE]
AA LFo] Tedt g2 ol gk QIARE, A
AY 2= 52 AFF(Low-level) A5 U2
(Lukowicz et al., 2002; Lara et al., 2012), ] Yo}
M FRE FHs AU AALE st T o &
FAlo] =& 4F(High-level) &5 gk <l
2}(Vinh et al., 2011)°l] ©]27]7}kA] 71 FHo] &
e ek

Juv AF7A o] FAXl ] ARgAE
5 A ATF7F 2nEE AREA JHQ1Y] AE
of 23 o] g A AN oH, AR BRI F
st A, F2 oE AR} tigsie 5
o A=A T ERIFAS 45 2HE PE 12
o3k A7 iAo ® sttt #E A
of W= dAilo] FH ARSI A S A
S 452 g5 e T AR ol dolfst
AZEE A 24M3E T B 8AIZE o) el 2
+ ACE ZAEATKLee et al., 2012). o=
HLEZ AREALS] F 12 Aol Slo 9
AtEEHe] FEA-gol et A7t THAE A

2~ o O =
g UASES St

2UEEA = oAy TR AAZE WAE
AAAA ARG A" LollA WAYTE TF
tolH & AAte® Fste Aol 7hsshH,
ol AHEAL B 14 9] ZInke] ) ~AnEE
o= 7FSZA(Accelerometer), A-717(Magnetic
Field), AFo]Z223 3 (Gyroscope) 52 7]E2Z<l
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o8 A8 U 4
VNN DA PG HolEE ol
2 Ay Aol tfs) /)&t vhAY
tAE 2 g% A7 s g

N I

2P EE AR} BRI F
12 3taat, AREARe] e e )12 o i
T7F A8 E o] gt} o5 T AT ATolA
AREARS] el 48 Q1AE flEl 2T L tolH
o o&d= AFTFS HYATHLu et al, 2011;
Tarzia et al., 2011; Xu et al,, 2013). & o]&
g ATEY A, AR tiEE ok oW
ERQIF} Faetal e Astol thigh 14 o] o
= Zolgtal FAAd o ok A tiE} Aol
3k A4S ARA AL ERRIAS] T3 S

128t A g AFEE o] g} o
5 F URES T 4% s ) BREx
52 ofolgto] AA HlolHE A3 THLiu et

al., 2014; Enrique et al., 2014). 1Y EFF 2~
tlolEj vt efo]uto] HoJH S AH&st 3 AME
Zke] F3 FES AXstaat s AT T
AREAE FHE| BE AntEZA £ EHE &
FE2 HolEu ofoluto] HoJHE FAl A
gafoF drhe ol Fol Utt Wk ojje}, A

A ATEES ARHE Y1 19 U 4
o4} Au} %% S 3 e A ¥
1 dolElE AHg3tol

AA7F 7V st

7VEE, A7) A Aol AFE o] B AlA]
tlolE o -9 A1 tlolH2A ] EAS A
U7l el RS stgshe ol ARgehrol o
Al o]E HolHE a3 Je 2 W3t a9
ARl 8RS FE3h= Ao HIEA] A3 E o]
of gt} o] we}t =2 AA] HlolEE AHE-S)
= A2 8F Q1A AFEolAE oldd A4
< Y% A B HDavide et al., 2010).

=4 4 T FokllA ¢

Sk 99l F == =gog Zhjuly Q= %131161 =i
9 (Frank et al., 2011; Alex et al., 2012)] T+ &
Alo] 35 Q1A AT Fopll A HAF AR Y
o &g AlA dlolEef 22 A1 d HolE

ojmA 7

Yoy mug A8FosM, Easo )
2912 FE33 oI5 B3 A8A BT A4 A

T4 €53 A& AF A7t SAskaL 9
Tl(Jiang et al., 2015; Ronao et al., 2015; Chen et
al., 2016; Ordonez et al., 2016).
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FHAZIEA olES
HESR 9L A Ho082 TS
#8l, &4 EIPH(Nearest Interpolation)<

slod(Stisen et al., 2015) 2} AlA] Ho]E] 9

AR fhe Wlalstal ol & ZIMke = A Q12"
258 s Adx|x2 AT a8 ALS
A= 7171 2 3 HlolE kel zpolE A4
A7171 98kl ZF AlA dHlolH x, y, z F &
HE A ARgAel| ik A 1 3H(Normalization)
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Window) 4ol whel Lg3k dojof Ald2 ¥
go] HolHz ATAdsiith. dx5-2 dols
A dlolE] 967l 3Z8k= 1920ms
2 1483 R Y AdSs APsiion,
50% 223 (Overlapping)= # &3l Z+ A
A2 dHolg JA2"d2E AT o2 A
AE A2 HolE s ou|A] o] e} 2ol
224 725 AYAl Hel, A=FA A%
(CNN, Convolutional Neural Network)(LeCun et

O] AE] A

U=

E FYAT. vz A&z A A al,, 1995)9] d=g 3ol dH=2 5 A= Feprh 2t
I, <Figure 1>3 o] &gtold A= -9(Sliding HAh

Id Timestamp A, G, 2D input

1 [1456901002.000| -0.40827 -0.13384 Sliding sequence

2 [1456901002.020| -0.42595 -0.17077 window e

3 |1456901002.040| -0.40797 -0.20412

> |oeal «:[ | height

47 [1456901002.960 -0.00452 -1.94913

48 |1456901002.980| -0.06745 -2,00035

49 [1456901003.000| -0.12578 -2.0337 width

50 |1456901003.020 -0.13946 -2.0337 —

95 |1456901003.920 -0.47764 -1.43218
Useri | o9s [1456901003.940 -0.47012 -1.33808 Lot Le

97 |1456901003.960| -0.40924 -1.32974

98 |1456901003.980| -0.40445 -1.4286

143 [1456901004.880| -0.09901 -0.24581

144 |1456901004.900| -0.04058 -0.23628

145 |1456901004.920| 0.021081 -0.29226

146 [1456901004.940| 0.043066 -0.41137

.
:
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(Figure 1) Example of Converting Physical Sensor Data
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32 Z=RM MEY

A7 B¢ HolgHe HEFA
g0 8 BRIl <Figure 2> AE

Ao AA 725 vt AEFA 239
< A el AEFA F(Convolutional Layer) S
2 FA5] o drkEl HEFH AAW
TZ(Alex et al., 2012)2t= ©2] 5% (Pooling
Layer)& S 917 94T} o) AR clato]
o] Foixl AlF2 lolE 9] AIZHA $A AR
A g fAIE, FHol| o]ojd A7) 719
27T A AlA 2 dlolEe by A BA
g 5o g5 F UEE 5] HFgelth

5x1
kernel
1@96x9 80@92x9
Input layer Convolutional
layer 1

0[}1'
2
>
fo
N
e
flo
[\)
_>|J_A‘
o
iAs
L)

A3ttt
Y (Rectified Linear Unit) &
A % (Feature Map)9] #t= A4kt
Yol 22 A dlolEr 9d &
A==2ZH dg=, v AEFA FolA A
= 82 AR A= 8072 TS}
o AR o E Al HA HEFA Tl
7zt 8]l AEE, vhEE AEFA A4
22 19 dlo]E ¢} BlastA

a9 FHE AYA

o =]
@"TE

o x X
HUH.I'N :lo
N LA )

Qs
Qs

3F

ORI O U A

Z_}H

=
T
Hoh

O

5x1
kernel

________ 4 & L
__________ F = AT
- =
- e
-
'-l-’

80@88x9
Convolutional
layer 2

80@84x9
Convolutional
layer 3

* <number of channels(depth)> @ <dimension of a single feature map>

(Figure 2) CNN Structure of Proposed Model
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2174 HLSTM, Long Short-Term Memory Recurrent

Ry

= 714

kel
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Network)(Hochreiter et al., 1997)
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Sai

_Er_
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e
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29(Cross Entropy) <=4 3+& A&
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%2

E(Hyperbolic Tangent) 357} &€t} &

Hak At Al
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7] 719} oA

o

il

dvelz
1o, |y i)

adaptive moment estimation(ADAM)
S

(Kingma et al., 2014)S #&

=27

=)

n

<7

e
i

gty 27] Sh5E(Learning

1282 AA

R
R

1 13] Al7](Epoch)2] &

S

Rate)< 0.0012 A A

.

Y

128x2
Softmax layer

128@84

Recurrent

128@84
Recurrent

80@84x9
Convolutional

layer 2

layer 1

layer 3

* <number of cells>@ <number of timesteps>

(Figure 3) LSTM Recurrent Network and Last Classifier of Proposed Model
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ADIEE O HolElE g8st g2

2r

T 9458 "ritg gFEo] AsIdrHor
& (Exponential Decay) 3t=5 3t vl A|7]n}
o} 0.999] HIEE AR o]E Sl S
Aol A AJZro] A dE shte] HAzY &

H 7beAs AAHLE w0tk BdolA AR
" EE 7HSAE Bl 00]aL A 0.1
A AR AollA dol2 FEsk] 27153
o} g5 dlolg o thEk AA s HAIsk] 95t
o T HH A4 RIS 5T Al Ar] V)
o & 5o APkl EFoF(Dropout) &
£ 039 =50k 7|9 (Srivastava et al., 2014)2
R RSEin=s

4. 8E 2 A

i

4.1 A& Hlo|E

2 AN A AntEE ALgAe] F§
e 12 mdlo] Asg ksl 98k, A
& dloly 3 ofE2]A o)A SCDC(Smart Campus
Data Collection)= 7I'&a}31th. <Figure 4>+ SCDC
o] 2 e Yehdt SCDCE AL 3
T Aol AT 2ntEE o] EE] AlA
£ 75T F AEE AdsHE 715E A
83 AAPAR st g 59, tisle} 2ol

= [e)

A Y g VS HE 2

47 HoledT & A=F FAH U o
ofEejAol e ALPASNA wiEste] Zn}

EZ do 7IEE, AN, AolRAFE AlA
dlo]ElE 50Hzo] F7]12 F33k3iTh

F 1889 ILIAES oz ~nEE
Hlole 4 d438& Ptk o2 25 o

S0l A2 thal F&el A o] tlolH

®»00 80CRulr=B2%433
SCDC V0.7 i

Push  Sensor

Alone 2~3 4~6 T~

Quiet  Talking

© 1253 AYe) FelsIAt WA 59 F 2
W F wold 53 Ao A9 AP A
59 7% ol ol Tk thska AT el
A A AR AQE H, T 1 oo 34%
AR SedF shte] 1FL O FES @ 5, of
Eo] SCDCE AT HH2 A2 5E A

U Ee e s eromA

B3Es slglch B9 W 59 F 9 vl o

dolel 53 AP A APA 7= gol,

A LA HAZ o] FolHrh

A7t AR 2E FB glo] B
ksl

>
[e)
%, SCDCE A3t HEH=Z o] 53 == A A8
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(Table 1) Summary of Collected Smartphone Multimodal Data

‘ The Number of Data Records
Smsaer:)sr;?ne Dag’e\l/';lze Totg} ngber GN%TJ_D Group Non~ . Conversation
Records Interaction Interaction Conversation
Accelerometer 865.63 7,155,446 468,216 3,515,412 469,942 3,508,674
Magnetic Field 803.61 6,553,904 399,872 3,042,017 401,704 3,035,757
Gyroscope 636.59 5,323,297 302,796 2,828,841 304,590 2,823,906
Atk BE AY HAAHAA FgAdGAE] TS AR HYF HF =3 A3 (Deep Recurrent
H=tA A jeA = Fhom, Haep o] A} Neural Network) 29, A5 AT7] &3 A4
AxPA YFE3EE Ut 1y HolHE (Deep LSTM Recurrent Network) =98 AF8-3}
TRsE 2ntEEY XE 5A AA F-9d Atk AR HWE 7)1A A, Tl Al 2 H o
A oFstA] At Bl o] Hat, =0, AU, A5, S S
AA AdJdA=TEH FH3 2nEE tdF o] 712AR] SAHS Axlslal o]&& 80S
tolB| & QoFgt AF= 919 <Table 1> Zth 2 Agskt 8 A8 2d3 AF
Y v 59, thske} v st AEE RSt A7) =8 AR ZhE B Aol A A/
7] f18ted 7hE =, A7 28al Aol E s 3 A A |A HEFA A &
tolBl & ettt =33 HolH e tis A £ AAstL, A7 &8 AAT T A
A& T35t A2 HolHE HEsia o 719 frAS AREE mdolth
=5 Y99 EAHE 42 H, 6229 HEE Y B AFA 3 HolH e s/t 2
ol &< dHeold, A% deolH, 87} HolHE =8} vl F3/M] s} S Jbol| 3 B+
SgEtaT) o] ZAs}7] W&o, T FYP2rE BE QA
H2E o dF Bfshe o2 &7/ 24
42 &8 24 I Hlaste] dehg o 5 A5 HY §
Gl el g Eslil sl ol ) RA=AZE FYmE A xg & = ok A
04: }; v %"f“’;"’” FATH WH sy gy 0y my Tro QRS Bheke
T A A T AN W AN o) mage) 44, U WA 20, 2
el skl AR AR WOl AU SR ) g 5o weeEse BY 4 Q4 ©
< 5ot REE o] A%E vlustith 4 A3 SolaA AT o AdE BEE o
AR & DECH T EE R R R TS
F7](Majority Vote Classifier) 2@-& B %3}, ABeg AATLT B 7)o 58 AT
A A ¥ 7]Al(Support Vector Machine), & <1 Aste wele] A% wlm AF Azsh ol
TolA ARbets T GH 14 B 25 <Table 29} 2T}
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(Table 2) Error Rate and F1 Score Comparison between Proposed Model and Baseline Model

Group Interaction Conversation
Model
Error Rate (%) F1 Score Error Rate (%) F1 Score

Majority Vote Classifier 10.606 0.844 10.789 0.841
Deep Recurrent Neural Network 7.021 0.919 10.070 0.861
Support Vector Machine 6.218 0.927 6.256 0.926
Deep LSTM Recurrent Network 2.536 0.974 2.539 0.974
Ours 1.263 0.987 1.168 0.988

A Ak ol E Fo R S

=
5% 05 2R mang Q4 4

or i,
o 1

> ret

off
o
o
¥
QL
2
£
[
AU
= RO
i fo 1@ N o > )y e

4

_[o OE‘ Oi
4y o
o i
o

¥R
rr Lo
“__‘TL‘ oX
o of
P

A

N

1>
2
e
Fo
o
wo

S
5T
o]
il
o O
>
k)

2
>

< 5
2= Ho]E] e} Akl
ofyztl, &7 o|&4
&st7] Wedd Aem #4T
R

& ATl A AR

O:
g == o
N
N

)
2

4> fov 2
rJﬁozx_‘

=
i

b
[
)
¢

o
I
o &
a2
(o
]

xo
2

-

Yol
u)
o
1>
td
e,
i

sV
N
My
rlot

o e

2 rle

g

)

R

El

et

2

o

(e o
o wym ©

o
o
Iy
=
gL_c
™
i
i
[Red
rg
>
REUERORS
olo ™~
>
< >
)

2
M
et
>,
o
ol
2
>
fr
&=
1t

Ay 4>
zo o

=2
X
T lo
XN
ol
o
o
i)
lo
i
o,
tlo 4
=
N

T

v}
o2
ol
i o
o

3 fuj
[
o)
ol
w 2
il
v
i
o
fu
X
o,
1A
v

A
ol
2
o,
ol
=2
Rl
T
v}

f

o
f r

i o Jg
ue)
N
T o =L MM ]
4 Hz o o gt Hr o2 [ o> 3

‘h 12
0,

32

o

pac)

o

ft

M

1%

i

¥O, o il o O of o & on oX
=
off
% N

ot &

koA I 81 9otste=
TH(Samek et al., 2017). FATF 71 891
SHAA Th3k 22 891E0] & 4 Utk
ntEE ARSAE BRI 38 91 A, ARSAE
o] AL Heol AAY] IH A= 5
< A2 mAIgE 2po]7} A Sk
o] Wsgs 7hsAel Atk dE S0, A
27T el 53 < A 538U
HE gelstr] Qs AAE T3l W
T I HAHE Aol o] A&
717 A 9] ghs HIAH S Hlo]
27 BRI e £55 937
ASE gHHow xds
A ¥wsigs Aol F
AFSHA, AHEAR7E ERQL
i3} F<l Aol Bls) o] 59
o] FAQJol Apol7t LAEIA S ZlolH, ¢
= A A AA A \AIZE RFo] A}
=g AlA gro] Wskgls Aot

E AFA A T3 ) 1A REE &

= ksl

2] Al Al HolB oA A E = ol

ox

E

S
e W e

o NE,H:IIOH}L
SRR
o > 3

wo b
i
=
©

N

g

3

2

2o
Ho

i)

ro,
o
2 —o
R

=

e}
tlo

ol
o



1.263%, 1.168%°]

[e]
== Ase A

2L
Atk

it
4
o
ba%s
an
N
o
h
M
12
s

(&)]
N
i
%
oo
ol
e
-4

e
re

TolME AnhEE Fo| &5, 4713,
S 5o UF B AN FRE
2 wgoR, gy sl 53
9g AgEel A8 FY ol g o)
5 4Btk THeE, 4713, Aol 22
o 9 AN 71E ATeA ASHR
T2, Sfolsto] S| A4 HlolE]]

>
(o]
fru

o)
> o o
ki
=[x

~

fo W b o
_&_l

off -z td
[

o[-
o
e

m

uls) ALgte] AT Al Ths el wom, v
AZE el e el HlolElE +1E 4 drhe
Aol sk

59 ge B mde 55 s, WA

S
~ulEE Ao 7 B2 AN RRE A7k mel
77t =gA o £33 volEE Bl 2uz
£ Bof shutel 98 HolHE TR, A%
e AAsS AFE SAT H AAs ol
B2 Wskshs dole AA e A of
oA AREA AARANE dhE A~

HolEle] F3 JEHE erstel, olF 29 A

ox
i)

1 o

P>

oM. o
o )
fz
it
do 2
>
ol
o
_‘Y\_l,
o)l
o i
N
)

> (2
Ixog 8
AL
ol Py
!

o

N

o o

=
o
tlo
>
ol
kel
N
offt
024:',
S u
i)
ot
kY
rr

>
2
2
2

e Ko
fo 4y

30,

32 4

o

2 x
Rl I
o, Mo it s =
N
i
8 vo

olft rlo
o
td
1w
™
of
L
‘0
S
S
td
<
=2

= >

R
%
N
N

J
B
4
N
X
2
iz
EZJ—‘

ig
i

fo

e ox
=,

©

i

lo

o2 o

Hir
o
h:)
o
2
o
b =

o F

e S

o gt 19
O|EAIE S| B 4
3l A-gAke] A <
HAA A aF=E AL 1 A ARFE
FoA oz A wheba 5SS tlo]
B 3l glo] T2 AlA dloE ol vls] oef &
o] Atial & ¢ itk HF dhsd T dH &
F RIS g2 AnEE o Zg 7 o]Hd o]2
ste] AA] Anlzo)] ggstaz) s Afols,
el AFe B A9 AL IgE FR
stttk o EZE Aol AHEARe] AT A jlel,
2HEE SFAA Y IS FA @ T2

A &2 AlA HolHE FARE e A F
T8 Ao] 7hsshH, ol& B3l AR
L Al BRI g akal leA

s
o
N

4
u

=, A1, A
Hole 542 )

a4 gk, 43

Ir

=)

| X

o ¢
i ‘:O PP
= T

=
[ o

F{

d

o > 2 e 2

2 AFolM s 2FEE A st
A HlolHE T3 dH & T
ANF2 HolHE HEsh= tlolE dAg
A
2

¥
T

e rr

)

N

< A 2o Hole A

= T F50) A4 Holg 7k B
= XA ARje] el A, bl
ARE AAYARE A 23
o] Bk, o] 2 s, Hlol
3} ARE AR HolEE 2l

R

u

ms

o oo ooy
L |-
o

N rr rlo

2l
2oz
oo sy

An)



AOIEE O dolels #88

oA AR E 7SR, A7 Ao|2AFE

AA A7l e WS o= A= HHAA

7Feidol EART &

H=< 4*&%‘ JE Bk L3 oF AA

dolg T3 Wie A7 Aol =3, 8

% glo ] ‘%‘%4 5-}%% zds 7EY BE
°

to 1o rl

% = A 0] t-‘}-‘(Transfer Learning) W'H-&
o2 4TY 430l 13 34, 24 2
& Tl A 343}7(1 gk tlolE

ol (References)

Alex, K., L. Sutskever, and G. E. Hinton, "Imagenet
classification with deep convolutional neural
networks," Proceedings of neural information
processing systems, (2012), 1097~1105.

Chen, Y., K. Zhong, J. Zhang, Q. Sun, and
X. Zhao, "LSTM Networks for Mobile
Human Activity Recognition," Proceedings
of International Conference on Artificial

Intelligence: Technologies and Applications,
(2016), 50~53.

Davide, F, P. C. Diniz, D. R. Ferreira, and J. M.

Cardoso, "Preprocessing techniques for
context recognition from accelerometer data,"
Personal and Ubiquitous Computing, Vol. 14,

No. 7(2010), 645~662.

A. Maxhuni, and O.
Mayora, "Detecting Walking in Synchrony
Through Smartphone Accelerometer and
Wi-Fi Traces," Proceedings of Aml 2014:
Ambient Intelligence, (2014), 33~46.

Enrique, G., V. Osmani,

Frank, S., G. Li, X. Chen, and D. Yu,
engineering in

"Feature
context-dependent deep
neural networks for conversational speech
of IEEE
Workshop Automatic Speech Recognition and

Understanding, (2011), 24~29.

Hochreiter, S., and J. Schmidhuber,
short-term memory," Neural computation,
Vol. 9, No. 8(1997), 1735~1780.

transcription,"  Proceedings

"Long

Jiang, W., and Z. Yin, "Human activity recognition
using wearable sensors by deep convolutional
neural networks," Proceedings of the 23rd
ACM international conference on Multimedia,
(2015), 1307~1310.

Kingma, D. P., and J. L. Ba, "Adam: A method
for stochastic optimization,"
arXiv: 1412.6980(2014).

arXiv preprint

Lara, O. D., and M. A. Labrador, "A mobile
platform for real-time human activity
recognition,"  Proceedings of Consumer

Communications and Networking Conference,
(2012), 667~671.

LeCun, Y.,
networks

and Y. Bengio, "Convolutional
images,
series," The handbook of brain theory and
neural networks, Vol. 3361, No. 10(1995),

255~258.

for speech, and time

Lee, Y., Y. Ju, C. Min, S. Kang, I. Hwang, and

J. Song, "Comon: Cooperative ambience
monitoring platform with continuity and
benefit awareness," Proceedings of the 10th
international conference on Mobile systems,

applications, and services, (2012), 43~56.

Liu, S., Y. Jiang, and A. Striegel, "Face-to-face
proximity  estimationusing bluetooth on
smartphones," [EEE Transactions on Mobile

Computing, Vol. 13, No. 4(2014), 811~823.

173



Lu, Hong, A. B. Brush, B. Priyantha, A. K.
Karlson, and J. Liu, "Speakersense: Energy
efficient unobtrusive speaker identification on
mobile phones," Proceedings of Pervasive
Computing, (2011), 188~205.

Lukowicz, P., H. Junker, M. Stager, T. von
B'uren, and G. Tr'oster, "WearNET: A
distributed multi-sensor system for context
aware wearables," Proceedings of UbiComp

2002: Ubiquitous Computing, (2002), 361~370.

Ordofiez, F. J., and D. Roggen, '"Deep
convolutional and Istm recurrent neural
networks for multimodal wearable activity
recognition,”" Sensors, Vol. 16, No. 1(2016),

115.

Ronao, C. A., and S. Cho, "Deep convolutional
neural networks for human activity
recognition  with  smartphone sensors,"

Proceedings of International Conference on

Neural  Information  Processing, (2015),
46~53.

Samek, W., T. Wiegand, and K. Miller,
"Explainable artificial intelligence:

Understanding, visualizing and interpreting
deep learning models," arXiv preprint arXiv:
1708.08296(2017).

Srivastava, N., G. Hinton, A. Krizhevsky, L
Sutskever, and R. Salakhutdinov, "Dropout: a

174

simple way to prevent neural networks from
overfitting," Journal of machine learning
research, Vol. 15, No. 1(2014), 1929~1957.

Stisen, A., H. Blunck, S. Bhattacharya, T. S.
Prentow, M. B. Kjargaard, A. Dey, T.
Sonne, and M. M. Jensen, "Smart devices are
different: Assessing and miti-gatingmobile
sensing heterogeneities for activity
recognition," Proceedings of the 13th ACM
Conference on Embedded Networked Sensor
Systems, (2015), 127~140.

Tarzia, S. P.,, P. A. Dinda, R. P. Dick, and G.
Memik,
infrastructure using the acoustic background

Proceedings of the 9th

international conference on Mobile systems,

"Indoor  localization  without

spectrum,”

applications, and services, (2011), 155~168.

Vinh, L. T., S. Lee, H. X. Le, H. Q. Ngo, H. L.
Kim, M. Han, and Y. Lee, "Semi-Markov
conditional random fields for accelerometer-
based activity recognition," Applied Intelligence,
Vol. 35, No. 2(2011), 226~241.

Xu, C, S. Li, G. Liu, Y. Zhang, E. Miluzzo, Y.
Chen, J. Li, and B. Firner, "Crowd++:
unsupervised speaker count with smartphones,"
Proceedings of the 2013 ACM international
Jjoint conference on Pervasive and ubiquitous
computing, (2013), 43~52.



AOIEE CfF olEi2 288 ol Jlso] ABA S Ye) 214

Abstract

A Deep Learning Based Approach to
Recognizing Accompanying Status of
Smartphone Users Using Multimodal Data

Kilho Kim* - Sangwoo Choi** - Moon-jung Chae***
- Heewoong Park*** - Jachong Lee**** - Jonghun Park***

As smartphones are getting widely used, human activity recognition (HAR) tasks for recognizing
personal activities of smartphone users with multimodal data have been actively studied recently. The
research area is expanding from the recognition of the simple body movement of an individual user to the
recognition of low-level behavior and high-level behavior. However, HAR tasks for recognizing interaction
behavior with other people, such as whether the user is accompanying or communicating with someone
else, have gotten less attention so far. And previous research for recognizing interaction behavior has
usually depended on audio, Bluetooth, and Wi-Fi sensors, which are vulnerable to privacy issues and
require much time to collect enough data. Whereas physical sensors including accelerometer, magnetic field
and gyroscope sensors are less vulnerable to privacy issues and can collect a large amount of data within
a short time. In this paper, a method for detecting accompanying status based on deep learning model by
only using multimodal physical sensor data, such as an accelerometer, magnetic field and gyroscope, was
proposed. The accompanying status was defined as a redefinition of a part of the user interaction behavior,
including whether the user is accompanying with an acquaintance at a close distance and the user is actively
communicating with the acquaintance. A framework based on convolutional neural networks (CNN) and
long short-term memory (LSTM) recurrent networks for classifying accompanying and conversation was
proposed.

First, a data preprocessing method which consists of time synchronization of multimodal data from
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different physical sensors, data normalization and sequence data generation was introduced. We applied the
nearest interpolation to synchronize the time of collected data from different sensors. Normalization was
performed for each x, y, z axis value of the sensor data, and the sequence data was generated according
to the sliding window method. Then, the sequence data became the input for CNN, where feature maps
representing local dependencies of the original sequence are extracted. The CNN consisted of 3
convolutional layers and did not have a pooling layer to maintain the temporal information of the sequence
data. Next, LSTM recurrent networks received the feature maps, learned long-term dependencies from them
and extracted features. The LSTM recurrent networks consisted of two layers, each with 128 cells. Finally,
the extracted features were used for classification by softmax classifier. The loss function of the model was
cross entropy function and the weights of the model were randomly initialized on a normal distribution
with an average of 0 and a standard deviation of 0.1. The model was trained using adaptive moment
estimation (ADAM) optimization algorithm and the mini batch size was set to 128. We applied dropout
to input values of the LSTM recurrent networks to prevent overfitting. The initial learning rate was set
to 0.001, and it decreased exponentially by 0.99 at the end of each epoch training.

An Android smartphone application was developed and released to collect data. We collected
smartphone data for a total of 18 subjects. Using the data, the model classified accompanying and
conversation by 98.74% and 98.83% accuracy each. Both the F1 score and accuracy of the model were
higher than the F1 score and accuracy of the majority vote classifier, support vector machine, and deep
recurrent neural network. In the future research, we will focus on more rigorous multimodal sensor data
synchronization methods that minimize the time stamp differences. In addition, we will further study
transfer learning method that enables transfer of trained models tailored to the training data to the
evaluation data that follows a different distribution. It is expected that a model capable of exhibiting robust
recognition performance against changes in data that is not considered in the model learning stage will be

obtained.

Key Words : human activity recognition, group interaction, smartphone multimodal sensors, convolutional

neural network, long short-term memory recurrent network
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