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Abstract

The increase in dementia is becoming a social problem. However, early detection is essential because the administration of drugs can delay

the progression of symptoms in the early stages. It is often found when a cohabitant notices a change in daily life. However, it is difficult for

elderly people who live alone. The purpose of this study is to detect the change by monitoring the daily life of the elderly. We firstly recognize

activities by the Bayesian network modeled by collected sensor data. Then, an activity is identified using the activity occurrence probability

calculated by daily life. In this paper, we propose the method and show the evaluation results.
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Fig. 1 Activity Recognition Approaches
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Fig. 2 Example of an ontology model for an elderly person
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Fig. 3 Example of an ontology model for extracting activities
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Fig. 4 Activity Recognition method using a Bayesian network
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Table 1 Examples of activities having similar recorded

information
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Fig. 5 Overview of the proposed method
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Fig. 6 Activity recognition method based on personal habits
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Fig. 8 Example of an ontology description of daily activities
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Table 2 Activity Occurrence Probability Table calculated by CASAS data set

BICEZ ZAIREMED H 2 ETETH

|Bathing Bed_Toile Eating  Enter_Hor Leave_HoiMeal_PrejPersonal_ R1_Sleepi R2_Sleepi Wash_Dis Watch_TVWork_Bed Work_Bed Work_LiviiWork_Tab Yoga wmak
Bathing | 2.487562 0| 5.472637 0| 2.487562 5.472637 36.81592) 3.482587 1.492537 0 2.985075 5.472637 31.34328 1492537 0.497512 0.497512 100
2t [Bed_Toile 5.960265 3245033 3311258 0 0| 7.284768 34.43709 1.986755 0 0 0.662252 0.662252 11.92053 0.662252 0 0.662252 100
BY lcating 2985075 0895522 0597015 0298507 5970149 | 2.985075 18.80597  0.298507 0 5970149 1253731 356209 1164179 20 1283582 0597015 100
(Z [enter_Hor 0.917431 0 1.834862 1834862 1.834862: 13.76147: 23.85321 0.917431 0 0 11.92661 5.504587 11.00917: 1284404;1376147 0 100
FC [Leave_tiol 0877193 0 0| 92.10526| 0.877193 0 0 0.877193 0.877193 0 0877193 0877193 1754386 0 0.877103 0 100
Meal_Pre; 1.36612 g 0 0.819672 1.36612 11.20219 0.273224 0 0 7.103825 9.562842 8.469945 16.66667 10.92896 0.273224 100
3 Personal_  5.39484  0.156372 0 179828 6.645817 24.62862 4.612979 1016419 1.094605 1954652 8.9914 29.47615 4.691165 4.222048 0.312744 100
"~ [R1_Sleepi 0.720927  0.729927 0 0.729927 0 0.729927 8.029197 0/ 66.42336 0 0.729927 0.729927 21.16788 0 0 0 100
H R2_Sleepi 1526718 71.75573 0 0 0 1.526718 19.84733 1526718 0 0 0 0 3.816794 0 0 0 100
== | Wash_pis 2816901 0 0 0 1.408451 2.816901 21.12676 0 0 0 8.450704 5.633803 9.859155 2.816901 45.07042 0 100
v [wateh_Tv 0.938967 0 13.61502 0 3.755869 15.49296 18.30986 1.408451 0.469484 2.347418 0.938967 3.286385 22.06573 1.877934 15.49296 0 100
47 [Work Bed 122199 0 203666 0 1.221996 4.887984 25.05092 2.443992 0.203666 0.610998 1.832094 12.42363 36.65988 3.665088 7.739308 0 100
Work_Bed 5.998357 0.164339 3.204601 0 1.396878 4.437141 29.58094  3.697617 1643385 0575185 2.711586 13.31142 24.65078 3.122432 5.423172 0.082169 100
&) Work_Livil 0.905797 0| 8.152174 0 2173913 1068841 1141304 0 0 0543478 4166667 3.985507 5.072464 375 15.03623 0.362319 100
Work_Tab  1.49925 0 1.649175 0 2548726 7.796102 '410.34483 0.149925 0.14992552.848576 *3.298351 7.946027 1154423 1094453 .149925 100
Yoga 0 0 0 0 0 ‘1588967 15.38462 0 0 et 2307692 0 1538462 30.76923 & 0 100
Table 3 Activities recorded in the CASAS dataset
Table 2 DEHO TH - 72531, [Meal Preparation] D% ———
\2%ET % [Eating] OFEEBK 2% Thd L u2RLT e S gD -
W5, ATBIAERTERIC K ATEERSGEE, A VT %y b — e
— 7T L0 HEE ST B O R O B RTATE) & O BIRIE e ateh_
MERVY, T 7D BATEIE R R O # T 2RI 5. Leuebone bR
Meal_Preparation Work_BedRm_2
4. %ﬁﬁ% & %$ Pesronal Hygiene Work_LivingRm
R1_Sleeping_in Bed Work _table
4.1 RRICAWAT—4 4ty bV I b7 LY Beephpg fi Beil O
T—HEy MIT Y MUK D CASAS 7 r Y =
I RO EOEMM LT, A1 U7 Ry kT — 7
—a2—Y—5 LV FOUAH MRFETHESREY 7 by = - L
T Tl Weka? & INIZ. CASAS 7y =2 bOT —¥ - ;
t v MCIE R, R2 &R SN 2 4 DKM O Rl . :
IZEBRIZ 6 » ARIAEIE L7BROT — 2 BNitdk s TR0, :
HAE, Bz, o4, BUo0E, 17870, [TERREE - g
(begin-end)’3 & T TV 5. Fidk S 724TH) 7 ~L I Table = !
3T I6FETHD. vk, 24 DITHIORBARTED ,
3 S - JEA S
@ &jjﬂ%&) 5 i’bf_‘“\ Y FEEMLEBGORTHY, Tof Fig. 9 The box-and-whisker plots of shape adjustment
OATENIXBIN TE 2. T—X &y boFIZiE, FUAT
EAFET TRE SN TWD A, ZHIEEZR 2 AMDIAEIC e
Tol=0h, HAHRHEEREZ & ClE— AP HET > - .
DONXREBUR DD 72, TR 2O TIEZ ORI OV TH o -1
LTV, Kl ch T — %y MIgkShic 0
bOEEFRTHZERMHEHTLZEE L. -
s X
4.2 T—Atv FORILIE :
FMAAT O 722, 7 — Xy MRk S B4 [F ° m#._mm
A, THEM), AT (AT DAL 21T 572, 1TEkk . . .
N P R o X Fig. 10 The box-and-whisker plots except outlier
223 begin DIFORFR 2 FTBAS AR S THER1), FTEMR ¢ b ’
HE/N in 7> S A A{TENC it , T
EZY begin 7> 5 e‘ndJ‘i'Cé’ﬁ@j( G s f?f'a‘ﬂj “&/#L F a8 LT Fig. 9@ Mk | OBOTEOERECH 2.
iy, TREZ) OB TR L4°25. EATE8MTRbR . 5
- o iz 45 RN . e WA TEI NN, T—H %ﬁllLﬁ’CIEf\tﬁéf@T—
7o T85HT) ZRET 572018, 1TENRAEAY begin DIFFIZ X Ao g
N ~ A 25%~T5%DHI TH D, DFEY, T =X OF RN
b Lot o a3g %éfVCwéiﬁﬁé MEr) &Lz, 7 0 4=
WD 50% NEE LTZES TH Y, [TBHOMEM Z R~ O
ey PN LTI SR TS A aininsy ey, Ty b SRTOB BRI RS
OYAR B AR LT B, RO CAM I T I D TR AE % R L T2 i ’ '

%hﬁ‘i:ET/V@1a?E$%K<EIXI&7‘£67‘:&), hoz
bR < LB AAT o 72 AFHE T, ORI Z VTR LE

X FNEERIRER] 2= 3%, ZMUVEIZ K> TRE > TW
22N D. ZONNEE RV % OR O (Fig. 10)



NA DTV 3y b =2 EATEARRHERIZ X B TEREEOTEORE & DRl

1e12 distance from cluster centroid (elbow curve)

— S

5 e
—— inertia

4

£s

-]

82
1
0

0 2 R} 6 8
number of cluster

Fig. 11 Result of the elbow method to determine the time-

division
p . BE
1TEh SR
S
45000
40000
35000 X a1
30000
25000
e P P e
15000
10000
5000
g—v—‘,x,& e e e W, o e o
@ ® @ s ° ° ®» 9 e @ =~ 2 E -
§ £ 5§ 823 ¢£3 £ 3 8§ ¢ 8§ ¢
g 3 ¥ £ § £ g & & 5 T X g & £ 8
£ & U 8 8 § g % ¥ ' £ 2 3 £
1 @ w0 = - S ° = - °
= g g = ¥ (- S H 3 b1
g & g i & % s g 8 £ ¥ 5
2 s g 3 £ x £ %
: 553 2 3
& ) )
2 & &

Fig. 12 Time-division considering time required for each
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Table 4 Activities belonging to Time-division (sec)

X491 18488-50000 R1_Sleeping_in_Bed, R2_Sleeping_in_Bed
X452 4496-18487  WatchTV

X3 1250-4495 WatchTV,Meal_Preparation,Yoga

X4 240-1249 Bathing, Eating, Wash_dishes

X495 135-239 Work_LivingRm, Work_BedRm1

X6 13-134 Personal_Hygiene, Bed_Toilet_Transition,
Work_Table, Work_BedRm2

X7 0-12 Enter_home, Leave_home
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Fig. 14 Example of recognized activities by the Bayesian
network
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Fig. 15 Confusion matrix using the Bayesian network with all
activities recorded in CASAS data set

=== Confusion Matrix ===

abcdef ghij k|l mnop <-classifiedas

5 0 0 000000000000 0] a-=Bathing

050 0 000000000000 0] b= BedToilet_Transition
0 0582 0.0 0 0 0 051030 0 0 8 0 0| c=Eating

000 00007000000 0] d=Enter_Home
010 0000000000 0] e= LeaveHome
000 00(4)0 0000000 7 0] f=Meal Preparation
0020004 00O0O0O0O0O0 0 1] g-=Personal_Hygiene
000000048 0002000 0] h=RI_Sleeping_inBed
00000 O0O0O05 000000 0] i-=RSleeping_inBed
0070000003 000 40 0] j=Watch_T¥
000002 0000 400 018 0] k= WashDishes
00000001500 03 00 0 0] | = WorkBedroom_l
103000001300 03 00 1] m= WorkBedroon2
0013 000000900 00280 0] n=WorkLivingRa
ouuumsunoozun@u o = Work_Table
0060000 0O0G6 00010 0] p=Yoga

Fig. 16 Confusion matrix using the Bayesian network with
randomly selected activities recorded in CASA data set

=== Confusion Matrix ===
abcdefghijk!| mnop <-classifiedas
5 000000000000000] a= ing
050,.0.000000.0,00000 0/ b-=BedToilet_Transition
0 0:32:0-0 0 00 (1120 0 0 7 0 0 c=Eating

0 070750 0NO 0 0 000 0 00 0 0 d-=Enter_Home
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0000 000000006 0| f=HealPreparation
0020 700000000 1| &=Personal Hygiene
0000 048 0002000 0[ h=Rl_Sleeping_in_Bed
0000 005 000000 0] i=RSleeping_inBed
0080 00038000 400( j=HatchTV
0000 0000400018 0| k-=WashDishes
0000 013 00037 000 0[ I =WorkBedroom_]
10380 001300 032480 1| m= YorkBedroon_2
0070 0009000 0 0| n=Hork_LivineRn
0000 000020 0735)0]| o=Hork_Table
0060 000600010 p=Yoea

Fig. 17 Confusion matrix using the Bayesian network with
activity occurrence probability
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