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Deep Learning-based Abnormal Behavior Detection System for Dementia
Patients
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ABSTRACT

The number of elderly people with dementia is increasing as fast as the proportion of older people due to aging, which creates
a social and economic burden. In particular, dementia care costs, including indirect costs such as increased care costs due to lost
caregiver hours and caregivers, have grown exponentially over the years. In order fo reduce these costs, it is urgent fo infroduce a
management system to care for dementia patients. Therefore, this study proposes a sensor-based abnormal behavior detection system
to manage dementia patients who live alone or in an environment where they cannot always take care of dementia patients. Existing
studies were merely evaluating behavior or evaluating normal behavior, and there were studies that perceived behavior by processing
images, not data from sensors. In this study, we recognized the limitation of real data collection and used both the auto-encoder, the
unsupervised leaming model, and the LSTM, the supervised learning model. Autoencoder, an unsupervised leaming model, trained
normal behavioral dafa to learn patfterns for normal behavior, and LSTM further refined classification by learning behaviors that could
be perceived by sensors. The test results show that each model has about 96% and 98% accuracy and is designed fo pass the LSTM
model when the autoencoder outlier has more than 3%. The system is expected fo effectively manage the elderly and dementia
patients who live alone and reduce the cost of caring.

= keyword : Abnomaly detfection, Deep-leaning, AutoEncoder, Long Short-Term Memory models

1.4 &
! Dept. of Computer Science and Engineering, Sejong Univ., Seoul, A Az o8t oz o FA3 A7 1H
050006, Korea.(209, Neungdong-ro, Gwangjin-gu, Seoul) st AAARCE AE T Qo SHUTE WE 5
* Corresponding author (shindk@sejong.ac.kr) N R A=h e T
[Received 5 March 2020, Reviewed 23 March 2020, Accepted 22 H AL A& AEAre R 1] AH s 345
imi 23122 L nanase S0 Bendae e 1 A FYH T ok Sl FAH A5l Sstd 654 ol
= Q7T EAFATE AElE o EOurgAled [ = = 515 =)
As)ole APALAY ALl dstel o|Foid A (o, 2 UTE VI T AP WTIRE Ao
HI18C2191) 2060'd 40.97%E < 2.8u) =718 A O E o AT o]d
Yo B EEE 0045 HEAHURRN FAdeuwEns) = 5 =87 Qg o
94 £E 2000 v 84 9 549 =89 e SR 1T EE Sk S e
ournal of Internet Lomputing an ervices| . June.. . -
J | of Internet C ting and Services(JICS) 2020. J 21(3): 133-144 133

http://dx.doi.org/10.7472/jksii.2020.21.3.133



Ao EAE 2IE HEY

A 1/5& FAEIIH 20194 HAk<
g 7S EL 2040Lﬂ°ﬂL 2HH l %7}‘2‘ A
n}g].j/_ gtk ko0 & 51:_

L& Z7F Folth 2018 %LH Xhﬂ w9l
XéEﬂ 2 kel 301 ol = 2001t o% %4% A
2 st 3Tk (1.

S0l Auf SAp7t Skl whet o] Fell vigt
A E, AHR A R S7RetaL SlTh o) A2 Al AL
Ao s Asof sf= T2 AME EAI7F Hlen &
w3 AANES AT Aol ofd I5e EEL
Hslor e EAE "ok =9 AT SIS

5 dE] A AA A, e Rl 71
olW Lo w H&S Fo]7] flEiAte Foll AT

AHHES Aeleh] A ALY m’“mlt} =24

s

3k

<

el
=

dele g & I5S dester 223 vEE £
7] A3 & =M AN HelEE 0130}‘-”4 A
AejgAre] o) P A st o R&H LR Bt
e JiRs

o e 0, 94, ¥

tolBlE Fatriete 444 44 A5
ol AFolzt YT et HolHE
ok webA 2 AT 8% Al
Jste] AlA ol E AT gk AlA H o]
1 U AztEE ol ol el B ejstar of
o WE o] Y= HolHE AT

olF Fdll AH 44 AF HoEHE LEQSN B
S gt on gdR]o] XsH o4 A HolHE
771719 28 (Long Short-Term Memory models) [2]S
SFAth w2 =dlAe S HolHE Fal
A BES gFelal o) AlES AAEe Al2"EE Al

= =]
QFghTh
2. 34 A7
2.1 8= O L EX|of 2k o7

, Fi
£
of
rir
re
-

o
of
2
Y
il
o B4l

o
ol o,
g F

-4
i
lo

Y o
=
m
}°1
i, 8

o,

o X

-

oX
ol

ol

N

rio,

_>|~l_,

il

Sall HolEE st 39 AR #g AFE 118
ok

Singla 5 (2010) [3]2 2% 2] ~nlE Z Ho|HE o] &
gto] WAL &oA o]FARE PFES A LA
gt A HAoA FE RS o) Lsded 1 F 2
Y wk3 2 Fd(Hidden Markov Model, HMM)S AH8-3}31
Peg AA B oF 60% ] HT=E HAch

GV EFS A% oA %L%%% A sk=
dE AFaAot o8 AFAEY dF5s Hotete o
o thaiAE IHSA FUTh

Dawadi & (2016) [4]< 7H19] 47 el
5 FA(activity curve)2] 7E-S 4703k 3 18]
g 5ol ANEE 85 S vugto s 3
59 WskE A8k WS Ak e A Y &
T FAS vsk] S PCAR(Pennutatlonbased Change
detection in Activity Routine) ¢85S A/3tS=d &
< HolEE &AM 5 sids Fdste Ao] 7hs3st
Oe As BoF3itt 3145 RBANS(Repeatable Battery
for the Assessment of Neuropsychological Status)2} 7> Tk
E AZEHY FBAL A Btk Das 5 (2016) [5]
= A A A EE HolHES Fo d-FH;H S v
719HOne-Class Classification-Based) 35 3] B &
Attt A AF volEdA 528 5459 o
AE A& ¥, OCSVM(One-class support vector
machine) & ©]-&3te] U-ZFHL ER/E ALstch &

%F

)
l

2l

]_

o
=3
of
rlr

o

o,

o oftt

ﬂlg

¢

T 2R A5 ’\WE Ha 60%2] AdeS Aoy &
€ G50l hE AT WA Hat 2 FAES 5%

2.1.2 ¢ L MM HolH 0|8 o7

2utE Z glo]E7} opd H|T 2 OlHlXIQ} 722
OB & o] &3l o A 5E AAFAY d5& 53t
o7& 9tk Vondrick 5 (2016) [6] Ht] £ H olE]

o]-&-3tH OlUlW} el 35S ShEeta o

< dEshke A+E Ak Zhong 5 (2004) [7]
TE HTS OIEi—E— o] g3t v A5 AA
9et Rdg gt o] XY HA L g F o)
1}91 K-means(K-means clustering) & 283} 7113192
W OiqFE HY L Aol E&F ol AR T
t}. Chen 5 (2007) [8]> AAIZFe 2 v 35S TA
e AlIEEES AT o|n|x] HEE o] &3t A
& AAE AL FA381 FS AA S F o] x|t 2

A 3E multi-SVM(Multi-class Support vector Machine)

=~ £ o% m{m rir

2020. 6



Rl
=l
riok
>
i
=}
ro
il
Ll

oC
~

T
=l

0=

r

I F3ste QES PHTIE WHS ASFh
Mehran 5 (2009) [9] AFHE©] HH & B5S T2 H|
oA o)} dFs AR WS st A
g5 A AFE RIS a AbS] 85 E(Social
Force) H&& AHE3t9l o o)y 5 A A5S &
#3171 9131 BoW(Bag of Words) %212 ATt ©] 9
o T AMES olgste A S5S A SE o
FEE Atk Yin 5 (2008) [10]S AA o] FA AMES
Rakste] v 258 AAEE ATE APk o]
£ 98 7 7 dAE FdsAen WA OCSVME
ol g-sled A4 FF5S 5tk I o] Fof] KNLR(Kemel

Nonlinear Regression)S ©]4-3le] A &5 FdloA] o]
44 g5 EdS FE3
A& 2 A& He] AFHE A
AN HIGGHQ Fel FdH s
o, 17834l ZdS st EA7F UATE Hung 5
(2010) [11] &2} A= =59 ¥4 A5olA vgad
B AAS] A AFE FPsATh o] AFelA
+ RFID(Radio-Frequency Identification) 7]%F Al W E £
AE AHEt] =159 4AE AF HolHE Fyst
Hoem 24 wExz Rd3 SVMs(Support  vector
machines)S  o]&3te] x99 TS HIIEATh
Gaddam 5 (2010) [12]& A4 Y ES|AE 7o 2 gl=
74 BEUEY A2"E Atttk dA AXE o
23RN v dE HEE FAs ks EUH
g st ARSEH ol dE T A RIAE &
91

w2 s

il
_1

oj¢h 22 ATE del= FTE dAFar AT

Wsl % A4 A oJ¥E BRsE AvEel EAlwn
AR o4 BES HelsA o4 BE HolEE o
$3te] A7E AP Al Folis] olgch ol 4
A A% 919 B ol WS 3k HloElE Fohe A
o 44 Tk AL elulah wehd B AT 9

) 29l 414 dole

g m@OE Hh
e e

Y29 277

I8 e 10 ox pO T orlr
o
(o
fi

o [ m} mlo I

(Self-Supervised)
UE AT W, B4 F5E A
MSE(Mean  Squared  Error)E

PCA(Principal Component Analysis)

il

(ag 1) 2EQlIH 7=
(Figure 1) Autoencoder structure

S

N
—
—

J
Ol

N

JZi

EQ1FH (4] v A
Y3E 7k REAFHE 9

1 575 (Multi-layer Autoencoder

=
fo To o
i

o 10 9 HJ Ol)"
oW rlr o

o
N
B

iuj

R

P

N
=

r

E oo fro oo
2 o rlo

-

ik

-

o Mo X
ol

o i TN

oo

oN

(overfitting) 5] At
opA]7] wj el 71&7]
A 9drh

|(Vanishing Gradient) =% 7}




Ao EAE 2IE HEY

(a2 2) ME 2oz X
(Figure 2) Stacked autoencoder structure
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98 | A | AAEs | dss | S d
20190719 | 0:21:06 | 2 1 1
20190719 | 0:21:29 | 2 2 1
20190719 | 412:18 | 1 1 2
201907-19 | 413:08 | 1 2 2
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