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Thesis Title Multi—sensor Data Fusion Using Signal Layer Apply on Human

Behavior Detection

Author Mr.Sakrapee Khunpetch
Major Program Computer Engineering
Academic Year 2014

ABSTRACT

This thesis proposes fuzzy logic techniques by applying multi-sensor data fusion
for human activity detection and recognition. There are two main system : multi-sensor data
fusion using dataset from simulation program and multi-sensor data fusion using dataset from real
sensors on LabVIEW program. We propose using fuzzy logic model design by study sensors
detail and create fuzzy rule to classification that can be categorized into 5 activity is sitting,
standing, sleeping, walking and in-out the door for 1 person in the room. For the simulation,
performance test in FisPro (Fuzzy Inference System Professional) is measured using the
performance Indices (PI), give the best performance when occur data loss from sensors. Next
step, multi-sensor data fusion test using dataset from real sensors on LabVIEW program. The
performance is measured precision values that comprises 4 main test : living room, working

room, bedroom and hallway. We found that the average of precision values about 87.92%



(7

paanssulsema

S ' =

a a J o Ao & ' Y9y Yo
'JV]fJ’]qu!‘ﬁﬂUUua’]lﬁéﬂqaj\illﬂﬂ'Jﬂﬂ Iﬂﬂulﬂﬁﬂﬂ'31uﬂﬁﬂ!1 JIUUDLUAL

q

Y @

[ A 1 é Y A 1 = a dyw
FAIYHADIINUAIINTU “IN@Lﬂlﬂuiﬂiﬂlﬂﬂi%ﬂWﬁlﬂﬂiﬂﬂm ul’] o TonmauoUAVLINUDNT I

J A

s (R a A s o A S v o A v 1]
GUf]‘lJW'igﬂﬂlfﬂ(ﬂ'lﬁfJVIﬂiﬂH'I’JVIEJ'IHWH‘ﬁﬂaﬂ D B191TYDUUN G]Sﬂﬁ:fi’Nﬂ ﬂllﬂﬂgﬂ!'lﬁlﬁ

4
A o

° o aw a o @ 3 1
ﬂ?‘]ﬁﬂ‘ﬂ"l HUZUT A0 Lla$Llf%}u1‘ll'§18\1']u’3%8§]aﬂﬂl’361 IUTYNUIYAVVUFTUIIRAN
Y o ya R < ' v X
awa Aleudseniuveunsznaniluedegs 13w Temall
o 1 A 9 a A Ia 9
éllﬂﬂ'iTUﬂlﬂUWizﬂmﬂgUT@'I%TSEJVJﬂVIT‘L!VI"lﬂﬂi%ﬁ'ﬂ‘ﬁﬂi%ﬁ?ﬁl&’)%Tﬂ’ﬂMg

' Y 19 o Y YA o awv @ dal Yo 1 FY =
UUHIANE GL‘HLLﬂQL"]JEJ‘L! ‘Vl'lclﬂalf’l]ﬂuﬁ'TﬂJﬁﬂ%ﬁWﬂu’Ji}ﬂﬂ‘]J‘]JuGlWﬁ"lLﬁ]Qﬁ’N@’JEJ@

dy 9 9 v ~ ~ o
UDNITINU WLVIUUDUVDUNISAUNUAILLASITIVLTYI A9 IONHT LA

U

awv 1 { g Yy a o a a o
AANTUHIVYRA N ‘ﬁ@jlzﬁﬂuvtﬂ'ﬁn{lﬂﬂ @a@ﬂﬁ]uuﬂﬁﬂ‘]&l'lll,azuﬂa'lﬂ'iﬁ'lﬂﬂ'Jﬁ'JﬂiiiJﬂ@llW'Jm’ﬂi

a

a @ a J a v AN Y9 Yo ° 3 a & & 9 A g
UN1INYIAYFAIVATIUATUNT ’Jﬂﬂ’llﬂlﬁﬂ’l@iﬁﬂlu Vl]lﬂﬂlﬁﬂ']!l,ugu'll‘wul@NGHQLTJUGU'E]N”@WL‘]JH

wdyod ' J

s 1 A o Y ao Y
ﬂigiﬂﬂ)’u’ﬂﬂwﬂﬁ uazﬂﬂmmnﬂauuumm}qma”l@aﬂwﬁnu“im
' Jou R A a o @ dy A o < =
ﬂﬂ!ﬂ1l!ﬁ$ﬂi$1ﬂ6}5u®uw\1h511!318\111!ﬂ15'3§]‘(’Jﬂ Uu m’)%ﬂﬂl@u@ﬂlﬂuﬂ@nﬂﬁ1
1a o I~ 1 i~ 1 o g‘.: a
UNUAT UITAN H§W1ﬂ1iﬂllﬁ$é}NW‘iZﬂmnﬂﬂ Ny ﬁNﬁ’JHE’JMIUﬂ'ﬁE}UiMﬁQﬁ@u MIINYINIT
YA

a o o J o < ¥ ' @
AUDITY 3UTITY %umﬂﬁ}@mauﬂizaummﬁmmazmamwamlj% ﬂﬂﬂ?ﬁgﬂ?iW%u?ﬂ’li

a2 a o a Jd
mmﬂmmamm'mmaﬂawmumumm”lﬂ

G
UHINYT

D
=)
o2

AT



®)

W
asiiay

Y
U
GREAILY ®)
319151519 (10)
519M 3NN sENBL )

~

UNN
LUni 1
L1 anudAguaznun 1
1.2 MIATINOAAT 2

[ J
1.3 Jagilszasn 6
1.4 YOUINVBINITIVY 6
ay a o
1.5 35m5390 6
J { 1 v
1.6 U3z Tominaanaz 145y 6
1.7 n§nennsnlslumsnadeu 7
2. NOHYUATHANNIS 8
2.1 M35905md0Yya 8
2.2 gilupumsswundoeya 9
2.3 LUAANUT NN FaIN 10
2.3.1 Wi 10
Y a3 a
2.3.2 HanFuANML uauI¥n 11
2.3.3 JUuuungWess 14
y & ~
2.3.4 TAT9ATNNUT VT LU W 15
2.3.5 MsUszuananuuN¥¥aoIN 16
o I I @
2.3.6 amanaiaa i uana 'l 18
a =

2.3.7 ¥HAUDITEVUNY W H 21
2.4 51 23
3. MIODNUUVLAZWAIUITEUU 24
3.1 uuraalumssonuuy 24
3.2 Mooty T1ATIa519U095 LU 24

a 4 o ' (3 v
3.3 ﬂ13'Jlﬂ315“&&@15@”&&““Qﬂl@\?@]?@li?ﬁ]%ﬂﬁluiﬁﬂﬂ 27



M151(Av)

3.3.1 MIADAYHAVDIAINT IV

a < Y % [
3.3.2 MIUATILHUDYAVDIAINT IV
3.3.3 MINNAUHUIYDUFULTD S

3.4 szuusmunuazdadulelaglddadanin

[

3.4.1 szvvaadulalaslddoyaiians

QU

v Aa 9J Y Jd Aa
3.4.2 szuvuaaaula lagl¥denannesuisosv3

QU

3.5 51
4. HOaN1TINAADY

A ~q ¥ o
4.1 MINA[IN 1 igﬂﬂﬂi%jﬂﬁllﬂiuﬁnaﬂﬂ

A Hq Y Y s a Y &
4.2 NMINAADIN 2-1 nuuﬂwagamﬂwuwaii}iqmﬂuwmmmu

~ Hq Yy s a Y o
4.3 NMINAQABDIN 2-2 izuuﬂwagamﬂwuwaii}iqmﬂuwmmqm

A A J a
4.4 N1INADDNN 2-3 izuUﬂi%ﬂ?@gammmuwammmﬂuﬁ’muau

A A J a
4.5 MInaaeed 2-4 szuuilddoyannsuaeivsinielunesing
4.6 ag
av 9
5. a31lwansdIteuaz Vo ULy
5.1 agiwanisdvy

5.2 Horauouu

1PNA1391994
MANUIN
o

MARNUIN 1. HAITUANUHIHIUNTININGVTNUT

Usziadgidou

©)

27
29
31
32
32
39
44
45
45
47
49
51
53
54
56
56
57

58
59
60

65



ATTN
3-1
3-2

3-3

3-5

3-6

4-2

4-3

4-5

4-6

NEUMINITN

SwazIBeALAZMTAATILHAIATINTU

3160198ANITBBNIUVNY
Uszansnmlumstwuniinssuvesnguaazngnieluieainnu (Zone A)
Uszantnmlumsswuniinisuvesnguaazngnieluiesuou (Zone B)
UszAnsammlumssuunianssuveanguaazagmeluieaiuau (Zone €)
Uszansnmlumssmunianssuvesnguaazngnieluiesing (Zone D)
HadNSURIA1 PI 11ANsEUIUMITAlszAnsnmszuuveslilsuninsiaes
naanimanugadotvesszuumeluieaiuay

v J

1 Y Y o
NaaW‘ﬁmmmgﬂmEJWENﬁz‘U“JJmEJMHEJWNm
v J 9 Y
WaaW‘ﬁﬂ’lﬂ’)’lN@jﬂﬁ@\'jS]J'E]\‘lﬁgﬂﬂﬂ’lﬂsl,‘LlWﬂ\‘]u@u
v Jd 9 Y
Waa‘Wﬁﬂ’lﬂ'J’lll@jﬂﬁﬂﬂﬂl@ﬁi$ﬂﬂﬂ’lﬂﬁluﬁﬂ\‘lI’LN

v J 1 A
NﬁﬁW‘ﬁﬂl@\?ﬂ']ﬂ'ﬂiJQﬂﬁ}@%ﬂﬁEJ"U@\?ﬂ'IiVI@ﬁ@\ﬂ‘L!i%UU

(10)

28
35
36
37
37
37
46
48
50
52
53
55



swwmsmwiszneu

?Mnwlsenou

1-1
2-1
2-2
2-3
2-4
2-5
2-6
2-7

2-8

3-1
3-2
33

3-4

3-6
3-7

3-8

nouRdmiumaiamssiudoya
sTAUMITINToYA

S o P
s lveslensuaE Ay

o A A
NI NvoIINFUAMATNAIINY

J o =
nslvealenyuINdaen

Jd v % 27
ns1vealanTusZaan M

Jd v (%
ns1vealanTu e

Jd v (%
n51voININTUA LT

Y
Tassafenugiuvessz ol
areg1nszuIumMaadulyluszuung lad
M351/5217aHa Max-Min Inference NUA Crisp Input x0 o y0
' a g ' & <

nizuaumsmsulasmlaamiluaueranani il

v I " a O v ¥ o
msuasadsailuaiasana lidreasor9imin

i
I=)

[ I~ [ a < ] v ¥
msuasmfesailuaiasana liUdre75u a3 9o 3y

an

1 I 1 A o 1 { '
msudasmdadiluansanalidreisaunaevesnigage
asasn
7

1 I 1 A o 1 '
msudasmdadiluansanalidreisisaniosgavesnigaga

1 I 1 A o 1 1
msudasmladiluaiag i lidreisamingavesnigaga
1 < T a O 1
msnfFeumeumsulasafadiuainsanaldre356a149
1 =
NANYDITEVUNY ey
Y &‘ v o
Tassasenuguluseaudyana
L a
m3iszgnaldladaoinluszuu
] j‘ ~ 2 Y ~
M luaanadeuioantiuy
U =S
JLAUTO
A @
A01UZUDIMINADU IHIUDINYLE
@ @ 4
FZAVLTINANVVOINY Y
aouzveIms ila - a 1szg

o ' J = {
AN UL U0 IUUT AN NI

(1D

11
12
12
13
13
14
15
16
17
17
18
19
19
20
20
21
21
25
26
29
30
30
31
31
32



s1emsmnlsznouo)

?Mnwlsenou
2 4 o A
3-9  queeud 1 msUszuiananuuNwHaoIn

9 Jd o I a
3-10  msaslenruaNualuausn

=

3-11 U N 2 Mszuanauuuasdasdn

(43

9
%

4 o A
3-12  Auaeud 3 MsdsswiananuussaodIn
2 4 o A
3-13  YUADUN 4 MIUszuanauuuWsTasdIn
3-14  AFLUIUMTIMNNUVDITZUL
<
3-15  Uaon lApLUATUUDITLUL

Y 1A 4
3-16 Wi wmeslavesszuy

(12)

33
33
34
38
38
40
41

43



L1 anudngaznun

) EY [ [ a 4 Y = o dy
ﬂﬁ]i]q‘].lL!fﬂi!&hiz’Nllazﬂ"liﬁ\uﬂﬁ‘l/\li]@ﬂiﬁJ‘lJ@QiJHEEJﬂWEJGlHU”I‘L! UNITNAUIUINUY

A A wAa A a 2 9 Y 1 o v Ay =
L‘W@‘Vﬁ]ga@qUﬁlﬂﬂﬂﬂ'ﬁ]ﬂglﬂ@muvl@ﬁa@ﬂlja']m@\cla@gﬂ']ﬁﬂ Tﬂﬂlﬂw']g@ﬂ']\clﬂ\ia’qqa’lﬂcﬁ

E]

anuaninlumsmomasdieliiosas MINALIIBNITATINTDLALSTINGANTTNYOY
o y9 Jan =~ ' 2 = a a X o Y 9
ll‘lg‘]slﬂIﬂEJGlG]ﬂJﬂﬂsljai]1ﬂUl‘V‘Ia'J@T@LWEJ\?’E]EJ'I\?L@EJ’J%$3J?]’J'I?JWﬂwa1ﬂlﬂ@"uu mﬂwmmgﬂmﬂu
v Aa 9 A 1 A a 493 ] = Y
ﬂ'liﬁ@]ﬁ'uiﬁ]ﬁ@u’ﬁ]ﬂﬁ\“l Lu@ﬁi]'lﬂ@.ﬂﬁiiﬂﬁ'lﬁc]ﬂlﬂﬂﬂlu YU mmJaﬂuuﬂawmﬁmwumaan
a ~ 9 [ A 9 o o I 9 1 g ) vy (=
ﬂlﬂﬂﬂil’)ﬂ!ﬂ!ﬁjﬁg’Jﬂﬁi@‘lJﬂiJ“ﬁ‘DWﬂﬁ’Jﬁi’J%fl]‘U“lﬂﬂ‘IrﬂfJ 1uau mmqmmuwﬂmayja‘lmwm

wonazilFlumsdadulavseasua1on T9NUUIANVAANIZIANFUALALTIUIUA
~

1] ] Y '
asnduienzihdoyan Ids v nvnseaivayumsaadulanaziiuanugndaoa

9 A d
n1ssINURYan!

o 9 o [ ]

2 9y ' o
“]J‘L!ﬂTi’LH"ll’E]llﬁﬁﬂﬂ‘ﬂﬁ1‘EJGI’NIS’Jﬁ]i]’]Jﬂf’JEJLWiJﬂ’NiJﬂﬁJﬂ'JU HYHaLae

U

A A v 2 o 0 v & v s A
unredevestoyauniu Inishulszgnald Nan1edunsnms Muwng niens
I ] o ' @
Uszurawanin Wudu msswdeyadimuszauvesteyaszamsoniiala 3 szau Ao
Y . I v A 9 a v
DMITIMTEAUTYA(Direct Level) 1HuszanNTnIssmdoyadunainmalsnsI9sn innu
4 9 J = o 9 A 9 a @A
auysaivedteya uavzlinnududoulunsilszurana iesnindeyaiitsmunn 2)ms

v W 1 I [ { o 1 1 d Y o
JINseaUanyusAU(Feature Level) L‘]Jui5ﬂ°U‘17]1’7Tﬁﬂ‘lelﬂ!$Lﬂu"llﬂﬁllﬁa&%ul%ﬂilmﬁﬂﬂﬂu’]

9 Yy 9 1Y @ v Aa .. I o 9 A
VIUANTTINVINIGNU 3)ﬂ133'JiJ'igﬂ‘]Jﬂ'ﬁ@ﬂﬁu(lﬁ](DeCISlon Level) L‘]Juﬂ’]iu”l"l]@yjaﬂﬂﬂ’]ﬁ

(3

H 9 1
aadulaudinnnarsn i luszaviimssamsnudeyaszdrwiiosnniidoyaioonaiing

AATIH IdennIuiiesnindoyarunszuIumsianseunouLd)

A o @ { a 1 [ o 1 o : S awv 1 @
miLwnmmaﬁ]wﬁﬁ%u@mﬁﬂuuazmuauumfﬁu umﬁﬁﬂizmu’mﬂm AILVUNIT

[

[ . 1 Jyzl Y A o w 1 o A g
$19399U (Sensing Model) ﬂzmﬂimﬂmamﬂuﬂm ﬂ'1=_4mzuazmmmﬂmuummmummﬂu

u

9
[ v

d a J @
UszTeminenmsimonldlumsszywganssuvesuybd misiudoyaszaudyanaivaziinig



Y
Sudeyaduainmwaesiiuiunn miideyaainIsuiuIzAe Il IT U

v

o 4 1 a o { 4
AuanyaziazMITuveususres luudazyia vz aunuauniniiga 11iesain

J A 1 v R Y A [ '

1ml@'lﬂWﬂllﬂ’JHJL!GIﬂﬂ'l\‘lﬂl!%\‘]ﬂﬂ\‘luﬂ'liﬂﬂﬂ'lﬁ“lffNVINﬂ15ﬁﬂﬁ135$1’i’j1\15ﬁjﬂuaﬁa

q U

oy

2

A A

v v 4
ey ladeyaninauwseinllss Tominonisi ld1F @ wsoasudiawld Tuii

MABUABNYANTTUHIBNINTIUNMEINTTI0E

A 222 o = A A o Aan P} Pl Y}
']L!Wll‘ﬁuﬂﬁu’]iﬂ‘ﬂﬁllu?ﬂﬂ“ﬂfﬂ$WﬁNuTJ‘ﬁﬂ1§§3uﬂl@3§jﬁ‘ﬂ’]ﬂl“ﬁul‘ﬂf@ﬁ ‘ﬂﬁgﬂﬂfﬂﬂjﬂ

)

N

=

[

L a @ o ! P
VUADU \ﬁ:l ﬁ@ ﬂ’lilaaﬂﬂ)’uﬂlcﬁulcﬁﬂj, NITINAUL A UIEULED T, ﬂ'liﬂﬂﬂllﬂﬂiulﬂaﬂ’ljiju

(2

D) A o s R o a A Y VY A
511?)11"61 Iuae ﬂ”lﬁ@lﬂﬁuifﬂﬁgﬂﬂl"]ful"]fﬂﬁ Wﬂﬂﬁgﬂﬁuﬂ1§ﬂﬂﬁuiﬂlwi’)ﬂlﬁvl@sll@uﬁﬂﬁTN']ﬁﬂ

QU

o Y o { { o a 4 9 4 a .
'l ldmmaeunangalumsswunionssuuyud sz ldnguRisesiaFaoin (Fuzzy logic)

=} a

I 1% a s A = a g ~ I ¥ I a A
L‘i_luvmﬂcluﬂ?i’lllﬂﬁ'l%ﬁ L“L!EN%Wﬂﬁ%%aﬂﬂﬂlﬂuﬁﬁﬁﬂ$‘1/]@QUHWMﬂWHﬂ’NNLﬂMﬁ]ﬁQ%’N nne

1 3 a 19 1 A Ao ] v g 1 o a X
mﬂammaﬂ:nmﬂui]i0”111Mm,aWwﬁwummuuuaummu LANHYLUANITUNINAVU

v
A A

] = ] ] . I A a A o
@81\‘]11]&1’]8\1&%131%&1!1!@1! (Uncertain) ornugannguase (Fuzzy) 910UUINNNAALNYIND

q

A limiveuldlimsvenouuiaaietirlilszgnd 15lumsadisTuaanissaudeyann

o @ A Jq Y a J
UagNINITIIUY LW’E]TJigQﬂﬁslélfﬁl,uﬂW‘ii%uWQ@ﬂiiﬂJNlalEﬂ

1.2 N3IATIVBNAI

1.2.1 Data Fusion Modern Surveillance [1]
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1.2.3 Multi-sensor Based Human Activity Detection for Smart Homes [3]
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1.2.4 Multi-sensor Analysis for Everyday Activity Monitoring [4]
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1.2.6 A Pervasive Multi-sensor Data Fusion for Smart Home Healthcare Monitoring [6]
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o 7 = a2y I =~ = 19 1
RWISFALUURTUIMUY  veliauuudssae ﬁ“ﬁ“ﬁl“ﬁﬁ‘ﬂ%ﬂﬂlﬂﬂﬂl@LL‘]J‘]Jﬁ“])’“]f‘l‘JJGlGD'
A v A o 3 o o ] [} 1 1 A <3 Y
nJaEJumJawuﬂmu%mﬂmmﬂum AIDYIUTY  LFAUDIAUAINUNNANNGY %mu”lmw
a 2 A o A v A o ' =
ﬁmﬁlsﬂclmwmz"lmmwwﬂumam%ummqmiz@ummﬂumm ’]JNQ%]ZiJﬂ’ﬂiJ’sjelliﬂﬂ YN
= 9 1 o/ 9 g’/ a =R 1
ﬁ]iJﬂ’NiJi:fﬂlu@‘(’Jl,mﬂGl1\‘]ﬂuUl’]JﬂTiﬁl,G]ﬂG]mLLUU@QL@N%QU]&LWNWf:’fll
= = Y Y o w ¥ a Y = Y 1
‘Vl’qE;]ﬁ“]f%&“]mﬁ1hﬁﬂL!ﬂﬁﬂgmﬂ1ﬂlﬂ%1ﬂﬂﬂl@dl%@lLL“]J’]J@\?L@&IU],@ Tﬂ&lﬁmm%maﬂwum

A A A

I a % Y 1
H30an3UeA NI UANITA (degree of membership) FILAAIAPAIANAVTLHIN 0 LAY 1
A A < v v 4 = 1 a 2 < a

vaomowiludyanual [0, 1] Tag 0 vurede Lidlugundnlwesa 1 vuneds duaindnluwa

] v o I a U o ' dy o a =
wazmserie 0 nu 1 luamnsnueaiuluwe msviusuiiivinannusiviFeulums

{ 4 A v a 1 = Jd a
nasuniniuivenaa lieglumavesauidnais q Taslifandudui¥n  (membership

I Jou v @ I ' I a
function) (JuWendusaiey (mapping function) 1o lulamula q Iiilumnudluaunsn
Tulamiae
I a o [ = A o % I a I N4 A 1
anuuaunyndmiulede  Inuiuszauanuiuansniluetiua  Asan

X 9 [l

Aot lur9ATLA 0 B9 1 FIATOUAGUMTIINUATITALUURUD LazisauDURTUXS o1TA

NINY (crisp set) WMUUAAWAITUNTN (2-1)

1,xeA
pa(x) = {o x¢A

2-1
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A = a = Jd o < a
e x uenea¥nluwe (set member) p.A(X) nuenalanTuaNuuaunyn

(membership function) 1182 4 HIBDINYTLLN A4

d o 3 a
232, Weansuauiluausn

’ o 3 a I3 do A ° o
WansuaMIuau1¥n (membership function) 1WUNINFUNUMIMHUATZAVANY

v o

I a o Ay 9 A A Aa Y '
L‘ﬂ‘L!mJ1‘5ﬂﬂlﬁ)ﬁ@l?ttﬂiﬂ¢lmmiﬁlm1u Iﬂﬂlﬁuﬂ’]ﬂﬂ’]ﬁll‘ﬂu‘ﬂ U 'JLW]UV]?J?]'N?JLINGFQWU Ulll

9 H
v o 1 A o w 1

HUNOY LAZANIATD AU IUNd Yo faauAnToMIA NI UNMTVOINEE M3 1231519

[ 1 a

J o < a A 9 9 Jd o
ﬂJ@QﬁQﬂG]ﬁ«lﬂ’)’lmﬂuﬁﬂ’l“ﬁﬂﬂﬂ’)’lﬂﬁ’lﬂﬂ]ﬁ@ﬂigﬂjuﬂ'ﬁﬂﬂllagllﬂqﬂlﬂiyﬂ'l Iﬂﬂﬂﬁﬂ%uﬂﬁ’]ll

o

I a [ o A o 3 ¥
L“JJufdll1“}5ﬂ%Vlllﬁummﬂmfiiaﬁnmmﬂunﬂﬂizmiﬂvlﬂ
a d v I A Aq ¥ o = a 1 d'dy 1 =K A
°]5uWIJ?Nﬁﬁﬂ%uﬂ’nmﬂuﬁuWﬂﬂ%ﬂuﬂﬂﬂuwmﬂ%uﬂ !,mclu'i/luﬁ]zﬂanmmm 3]
9
yiianaaa 11/
<o S . .
1) WanFuaINviasw (triangular membership function)

v
[ a

v { I
WINFUAWHASUTNINUA 3 MNTINADIAB {a, b, c}

0 ,x<a
(x—a)/(b—a),a<x<bh
(c—x)/(d—c),b<x<c

0 ,x=c

f(x:a,b,c) =

(2-2)
@ [] o Y (Y [ (Y d o =
A10819MHUA LT a N 0, b 1NNV 5 LA ¢ NNV 10 uaasnsmWanTua N

aanInilseneoy 2-2

H

X
a=0 b=5 c=10

S o =
mwilszaou 2-2 nsvealenFUa N ALY

2) MaRFumuaoua1any (trapezoidal membership function)

Y
2 a

do A { o
WInFummasuaylinaua 4 W1wesae {a, b, ¢, d}
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( 0, x<a

[(x—a)/(b—a),a<x<bh
f(x:a,b,c,d)z{ 1, b<x<c

| (d—x)/(d—c¢c),c<x<d

k 0, x=>d

(2-3)
% ] o 1T o 1T o 1 W 1 W Jd o
#1061 MU a 1MAY 0, b MR 2, ¢ 1AV 8 taz d 1A 10 uaaansilan s
S A o
ﬁlﬁﬁﬂuﬂWﬂﬁHﬂﬂﬂTWﬂﬁZﬂﬂU 2-3

M
14

a=0 p=2 c=8 d=10

du A A
ﬂ]Wﬂﬁ%ﬂﬂ‘U 2-3 ﬂiwvxlmmﬁqwuﬁmaﬂmmwg

Jd o g . . .
3) WanFuma e (Gaussian membership function)
d o J A = gi a o A = K A
ﬁﬁﬂ%ulﬂ’lﬁl%’ﬂuﬂﬂﬁﬁﬂﬂ 2 W URBIAD {m, O} HI m HUWOIAURAY LIS

O 1Iee AndouuATFIu

—(x-m)*
G(x:m,0) = e 202

(2-4)
@ [l o Y] [ [ J v o A [
A0819MKHUAlH m 1IN 5, 0N 1 nslanFumaseuasnnlszney 2-4

H
1 AN
09 / \
038 / \
0.7 / \
056, / \
05 / |
0.4 / \
03 /
02 / A\
0.1 Yy AN
0

1 2 3 4 5 6 7 8 9 10 «x

o o
mnilsznow 2-4 nsmluealanFuin AiTew
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v
% [

4) ﬁﬂf{“ﬁ/uﬁ $HNIAIN (Bell-shaped membership function)

d v Y ; a 4 g}/ 1
Wandugssaanhimslwesnaviua 3 AAD {a, b, ¢}

1
f(x:a,b,C) = 14 ||(x— C)/aHZb

(2-5)
@ ] o 9 1T W LY [ Y Y C% :a [
A0819MrUa I a NNy 2, b ININUY 4 Lag ¢ NINU 5 HaaInIIUWINTUSZAIATIAY

MWsenou 2-5

H
1 7

0.9 f \\‘
0.8 \
0.7 ‘
0.6 | \
0.5
0.4 { \

03 f \

02 / \

ol / N
0% 1 2 3 4 5 6 7 8 9 10x

mwilsznew 2-5 nsveaianyuszaiia

5) Ma ﬁ’ FUANOE (Smooth Membership Function)

Jd o (% a s & 1
WandugUaealiwmslmesnanua 2 ANND {a, b}

0, x<a
Z(E—ZLQDZ,a.S;x Séa'+-b
. _ b—a 2
S(x:a,b) = x—b a+b
Ll_z(b—a)z’ >—<x<b
1, x=>b

(2-6)

% Il o 1w -2 Jdo o @
m@mqmwu@clﬁl alninuy 2, b ininy 8 taaansWeansua o gnInInsenou 2-6

M

1 =
)
0.9 /
/
0.8 /
0.7 /
. /
0.6 /
0.5 /
0.4
0.3 /
/
02 /
0.1 /
o
01 2 3 4 56 7 8 9 10x

Y Y
mwilsznaw 2-6 nslveslanFuA Now
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6) ﬁﬁsﬁuﬁmﬂm (Z-membership function)

7w o A PR !
‘1/1\1ﬂ“ﬁugﬂﬁﬂl@ﬁﬁ‘lﬂl'lﬁuL@Iﬂﬁ“l/l\?‘ﬂuﬂ 2 ?ﬂﬁﬂ {a, b}

( 1, x<a
112020y g < x < 2FD
Z(x:a,b) = x—bb_a a+b
Z(b_a)z, >—<x<b
k 0, x=b

2-7)
@ [ o Y] T w " o o W [
Gl’)@ﬂ'l\?ﬂﬁ’iuﬂclﬂ alninuy 2, b ininy 8 LLﬁﬂ\iﬂiWT\lﬁ\iﬂ%u@?Ll%@ﬂQﬂ?Wﬂigﬂﬂﬂ 2-7

M
1
0.9
0.8
0.7

0.6 \

0.5 \

0.4 A
\

0.3 A
0.2
0.1

0
01 2 3 4 5 6 7 8 9 10 «x

ailsznou 2-7 nsveslenFud e

Jd o I a
ﬂ15Laﬂﬂﬁﬁﬂ%uﬂl@ﬁﬂﬁ”mlﬂuﬁﬂﬂfﬂ ’1]3G%}@Q!ﬁf’)ﬂ@'lTNﬂQTNLﬁMTSﬁNﬂ’NNﬂTQUﬂQN

EY = o 9 v 9 o Y A Y o A = =2~ <
VONUVBYANISTVLVTNN IﬂfJﬁ”IiJ']ﬁﬂﬂﬂ“ﬁ@uﬂullﬂ!,waiﬁﬂTiﬂTLuuﬁ']uﬁTULﬁfJﬂ «Nummvﬂu

a 1 3

J a3 a { Y { o
amnynvateala  uazWansuanuduauzaldsuvilaaud luldwmuzduaunsias

iR emunURDINg

233, gUuuungla

TuszvuilaFesdanuiaunsonaasluziiseTon

Yy v Y 9 a

& 9 o [ 9
01 U9AN (UDU1) ANUY UBEYH (VOAN)
IF Premise (Antecedent), THEN Conclusion (Consequent)

v
= v W

< o ¥
Foanudnsdudlunivnoualuuy “luuugiung 81-69in” (IF-THEN rule-based

form) W30 FUUVUNTIY (Deductive form) TugiupumstaaoRuIL WINTIMI VANV

9 g’/ 9 A Y a A ] 2 Aa T 9 a A 9
CREN) HAAUTITTNITOD YN Wi@ﬁ1ﬂl@ﬁ§ﬂﬂ'ﬂllﬂiQf)ﬂ’f]fﬂ\iﬂuﬂ‘ﬂliﬂﬂ'ﬂ‘ﬂ@ﬂﬁﬁi@ﬂlﬂﬁ?ﬂ

Q

J 9)::9’ = ' J s)dy 2 Yy
ﬂmmmgﬂgmums&]mmgu L3N DNANINNIAY (Shallow Knowledge) <54A8UUINNAIY

A A ] o o 4 Y A
mmmﬂumummm‘m Lummmﬂumime1J3$ﬁ‘um'itwumugwuazmﬂmmgm
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) @ .. o 4 < 1 [
Anw1dnin  (Heuristics) TugduuudseToanmwuyudnldlumsdoarsnald ua'ludu
s { 3 { S S 7o = a
sunuvessanuinanar vuundumsiies fulaseadrs dudendu viodlunganssuves

v ( ' tﬂ'd ' Y .
99391 9 A5 8819013801 91)1E (Inductive)
Aad A Aa o @ Ao Y A o
szuungileaduaaniylsy Temilumsdagluuuvesssuunguseunannsoduns
v ¢ v R Y o Y o 9 Y o
laTasuyyd mazszuumaitiaunsaudasseaulsinuludorimasdemuveng 14 @7

i1 Y
LL‘]Jiﬂ'I‘H1?1"]3J'I§E]LL’€T@\1L°H\1‘Hiiﬂ%Tﬁﬁiﬂﬁ%%L%mm8@]3&%@N¢]§§ﬂ$ﬂlﬁlﬂlcﬁ¢lmaTL!L!

4
9
234, TaseadnugIuveeszuuWad

= é 9 1 d' o 1 dy (%
msUszurananuulad ¥91lsenaualediung, U 4 TIUAIU W mdsznou 2-8

I
i :
H Knowledge Base H
! i
! 1
i Rule base Database H
’ :
1 — 1
H 1
! [
H | | | i
i TT !
Crisp 1 P Crisp
Input : Fuzzification Inference Engine Defuzzification >
: Fuzzy Fuzzy :

v & -
ﬂ‘lW‘lJﬁ%;’ﬂﬂ‘lJ 2-8 Tﬂsmsnwugmﬂlmszuuﬁ%cﬁ

' A a o A I a o =
druiuasmssunani lundewdlumssunaunudansWad (Fuzzification) 150
13 @
TugdnuumadedusoiFoniniludamnlsniy (Linguistic Variable)
Y 3 do & )

§1UANNJ (Knowledge base) 1luaundanusivsmveyalumsniuguilsznen 2

AIUAD 31UNY (Rule base) uaz;@m%’@ga (Database)
1 o an = Y 9

97UNY (Rule base) AIUVBIMIMHUAITMIAIAY 39 IaandiFernaylugiuvy

YOIYAUOYAUVDNYVOIN Y (Linguistic rule)
I @ 1 {o & 4 { o

gudeya (Database) (umsdawsouadrunsuiumonazldlumsiimiuangns

ANV 11AZNTIANIVOYAVDINTINAIEAS ey
A A =~ . @ A o Y A Yy 3 a
IATBI0YNIUNIBNITAAIN (Inference Engine) 11U IuNiminNas19a0 901119939

A q v a A 0w ) Y
uazﬂa LW@i%iMﬂﬁ@]ﬂ’NNﬁ?Mﬁ]Nﬁ m3J@uﬂallﬂﬁmsm’mﬂumﬂ%mmgGlummﬁ”lm

3‘/ ) axy = A o J A o Y
ﬁi‘g‘lﬂ FIUMNNITNIHUAITNITUDINITAAITUIND T IAINDU mumgﬂmmimmwmiw@ﬂ

U

Tugnfimunzan  (Defuzzification) 1Wumsmsudasdeyaiogluguuudadldiiluai

agnansonIMInILgUIZ Y
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23,5 msdszuanaunuiadanin
g o [ < g 1
dunoumslszuiaravesszuuiad Taena lutisuuuomsiihaudu s auaeu Idun
1A o I ' . . 3| ° ' 1
1) msutasmsunand lihiluailesd  (Fuzzification) Hunsdiurmadadmiu
Jd v I a 1 a 4 J 1
Wenduanuiluansnnndiudeauydgiuvesngdedimomaanisznane 0 0 1
J U a .. I 1 Jd v
2) MITmMAEFINEIUTOAUYATIU (Combining) 1T Un1TTIMAHFVINTanTU
I a ' 9 a 9y A v Y 9 v Yo o A
anutuansnludiudoduyagivveingiomednuinalenu laslgarduiiums  fuzzy
. =) o & 1A A < < ' ' = J
AND (min) ¥13® fuzzy OR (max) Miuaanianuudwsailuaszning 0 84 1 aseen lian
druveauydagiu
= . . I 91 A A = @ ¥ A o '
3) M3AANY  (Implication) 11 um s lymani WedaivayuannIngieivuam
' = ' 9 Ad A o ~ ~ s =
sUTve A IdnaveIng vomuvaangiamiluasmruaiamsanoianadaan
o 3 a A ° ? - i o
Taganduanudumndnngnivualinenaaclsumvesdoain 3msntionlslums
An2 14uA Max-Min method 1182 Max-Dot method
' a ¢ P . S ! P A
4) MITMAMHHLI1IANANNNNTD  (Aggregation) 1T UN1TTINAININTDAINYTO
§y g g an
doaglvoingndoioilulesmsarossUUNIMUARI87D fuzzy OR
o 1 I 1 a . . I o 1 4 1
5) mamila@luang (Defuzzification) HumMsmaiaEo1naNIWINAYNN
Y < ' adq v a '
dorluamnanlyluanuasaluueay wu lussuuaiuguy
S o & A = g & an o 9 o a
dmiuruaoun 1 9 4 Hutuaouvedismana ludmsumstszurananyuiess

gJJ A I A o [ o Y = 4 I 1 a
tazruaoun 5 thumadendmsumsi Inaameianaiuanng

He
4 4
14 e
™~ ngﬁ 1:ffxis 4, and y is By G ¢
N AV NN ) ~ 1
10 ther} 215 Cy
H R g 2: I xis 4, and yis B, -~ o
14 LT then = is Gy

munilszneu 2-9 Arednszuumsaadulaluszunnga

lunszuaumsdaaulavesszvudealguauiaaimmilsznoy 29 Tagngms
anMunIMgRauDUTEEHUFIUAT 2 ng Ao
v 9
AN 1 81 x MY 41 18z y AU B1 AU z 32WAD CI

v 9
ﬂgﬁ 2 5}1 X IMNUY 42 1ag y INMNY B2 AdUU z 38Ny C2
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v A o I v J o 4 1
Glumzmumsmﬁu% ﬂ']ﬁuﬂﬁlﬁl (Xl LHag (12 L‘]J’LlNﬁﬁW‘ﬁﬂl@\iﬂ’J"liJﬁﬁqu‘ﬁGU’f)\iﬁ’Ju
9y A 9 A o o Y1 o o a
HINVBINHUDN 1 nagngyuen 2 AuaAU %leﬂﬂ'] (ll Uae (Xz TIMIUDUNA x,, LA y, 1NN

[

~ 2 o
MIAANUNUFIUTALL
9 1T W Y o & Y
DX IMNY 4, Uag y 1NN B, aaiuaz 14 o, =W, &) AW, 0,
Y
81 x NN 42 wag y Ny B, asiuaz 18 o, = W ,6c) A W,(y,)
Max-Min method uteassanInlsznou 2-10 sz ldngn1sniAdiga  (Minimum

. ] o o I a o [ 1 1 I
Operation Rule) "lJENﬂ@]LL‘]J‘UMamdam L‘]JUﬂ\iﬂWUﬂ'J'ﬁJL‘lJHﬁNVHﬂﬁﬂ’TTU’I’Hﬂ'I Tﬂﬂmmmgﬂu

a v J 9 @ I . . X o {
FUIYNUVDINAANTD ¢ INNG 2 U9 ﬁaﬂ‘ymmﬂuuuu Point-Wise G?Qﬁ]%ﬂ’]ﬂuﬂ@nﬂﬁﬂﬂ’lﬁﬁ (2-8)

W) = (a1 A per(W)) V (az\ pe(w))
(2-8)

Hql e ﬂ{ mmm——
B
1 Al 1 ! (]
! A |:> 5 D e
o 5w 0 5y 0 3w
e Mg gt L uc ,
1 A2 2 | oy
: A\ 1 | 1 L 0 5w
| : o
= : o
0" x 54 0 W3 v 0 5w

mwisznew 2-10 M131/5217aWa Max-Min Inference AUAT Crisp Input x, HaE y,

Y H
c% [

3 3 2 {
duaoun 5 uruasugameniotuaoumsajlivanailesd Tagvzilaoulesd
widna liluauerdnanall muamilszaon 2-11 wiohai ldun1¥lumsdagulaie

)
mm«jmzuﬂuﬁmumimuu 9

Mathematic

Process

v

Fuzzy ——> Defuzzification 2 Crisp

mwilszaew 2-11 nszumsuasmladiluaordnani
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§

23.6.  Asmamaiadiidluaimall

)

§

a9 [ % 1

somshalssliduamn luivareisaretuendiog1ausy

)

an d‘ 1 901 Y A A zg d'
2.3.6.1. I5RAYDWUIIUN (Weighted average method) HIBITATWUNNAN
o oA 1 o X Hdqu a R
(Centroid of area) taanIannilsenou 2-12 ﬂ']'iTTWﬂ']Lﬂ@fJE]’NUWTTHﬂGUENWUTIGl@ﬂiﬁl‘lﬁﬁlﬁlﬁlﬂ
< Ay 9 = 1Ay Y ~ a ' 7 .
L‘]JuwaﬂulﬂﬂWﬂﬂﬁﬁﬂ’NiJ ﬂ']“l/lllﬂﬁﬂz‘1Ji$3JT’€L!LﬂﬂﬂlﬂﬂﬁﬂWﬂﬂﬂuﬂﬂ’NIﬂﬂﬁ’)u (central of gravity:

Y 1 {
cog) i ldnnmsdszanamanaunsi (2-9)

. _ YL uc(z). z;
Zlivzl nu'C (Zi)

(2-9)
A Yo 1 [ A:al)
Tagaumsn 2-9 lamumuamusiaunsanail
1 H H [ a3 1 a
Z* unu A lannmsasuatadiluailng
1 ! gol v
N uNY U NABINTHIHINIIN

ue(z) wnu amlsgveuodna lumaladdumian

1 a Y A o 1 d'
zZ; uny mMesemelansWadauruen i

;'HC‘(:;')
F' N

1__

L/

' = 1 a9 a1 ¥ o
ﬂ1W‘1J§$ﬂi’)1l 2-12 ﬂ']5L!JJa\1ﬂ']ﬁcﬁqﬂﬂuﬂ’miﬂ‘ﬂjllﬂﬁjﬁﬂjﬁﬂﬁﬂu1ﬁuﬂ

[SE 4

*

ax ] é g d‘ . v !
2.3.6.2. ISLUNATIVDINUN (Bisector of area) waaRInInsenou 2-13 a1

v

4 3 1 % : g {
wianadn lavznnszuuilediluansailavesiuildnswded mldvinaums 2-10)

j N .
7* = {Zj | ijl.“c(zi) > Zl:lgc(zz)}

(2-10)
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#Hc(2)

0s -

bisector
*

-10 -B Ll - -2 1] 2 4 ] ] 10

1 I 1T Aa @ Y 1 v 4 4
anilsznew 2-13 mudasmiediluansana lddre75uenTaveanun

23.6.3. 15AUNABVDIAIGIGA (Mean value of maximum) HAAIAININIZNOU

v
A o

ax A ' I ' 4 A 3 T A J =
2-14 IDAURNAYUDIAGIFA L‘]Juﬂ'lﬁW']ﬂ’]L’f)’]@ﬂﬂﬂﬁ]glﬂUﬂﬁ]ﬁ\iﬂ'}‘lﬂﬁnﬂﬁgﬂﬂﬁ“ﬁ“}f ATHIU

~

1 A ' a AA 1A I a @
i]’lﬂ‘ﬂ’llﬂaEJ"]J@\?ﬂ’IiHT@HJHi]ﬁ\?TIlIﬂ’I@ﬂ ﬂ')’llllﬂuﬁll’l“]fﬂQ'\?’q@ ANFUNIT (2-11)

. Xjz17)
z" = {T | z; € max(uc(z;))
@2-11)
He(z)

05 4

a -

I:CIM
W ® % 2 2 0z + & ® wn

1 I 1T a O J { '
mwilsznew 2-14 msuassladiduans o ludeIsaunasvesiigaga

2.3.6.4. ﬁﬁ1ﬂﬂﬂ§(ﬂﬂl@ﬁﬁ1§(ﬁ@ﬂ (Smallest absolute value of maximum) LAY

aannilsgnov 2-15

z" = {z)|] = mingps(zy [max(uc(2))1}

(2-12)
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S50M

-10 £ L - 2 o 2 4 [ B 10
Aax 9

1 I 1 A o J 1
mwilsgnow 2-15 msudasaladmiluansaina ldrei5sanivsgavesnigege

[ I 1 a o Y a 19 1 I [
maulassladiiuanianildreisaniosgavesaigega Wunisma

4 ~ 3 R A Ao Y A 1 a Aa
L@T@Wﬁﬂﬂgl‘]Juﬂ’lﬂ'JVlﬂi]'lﬂig‘]J‘]JﬁG]fclf Tlﬂmam%1ﬂﬂ1ﬂ®ﬂ%@ﬂmadﬂ1ﬂlu1ﬂ1uImami]ﬂ“l/mm

arsanuiluandngaga dsaums (2-12)

2.3.6.5. %ﬁwmﬂqmmmqqqa (Largest absolute value of maximum) LHAIAY

' I 1T a ¢ a ' 1 <
amilsznou 2-16 msudasmadiuansan lidreisamngavesaigega umsmia

=l

s A < R A Ao ' ~ ' A A
L@']@W!@lﬂ%glﬂuﬂ’]‘ﬂ?ulﬂ%']ﬂig‘ﬂﬂﬁ“ﬁ“ﬂ 'Vlﬂ?u’)ﬂ!ﬂ?ﬂﬂ?u?ﬂﬂq@m@ﬁﬂ’]ﬂluqﬂiuIﬂLNUﬂiﬂtﬂNﬂT

=)

arnsanuiluaindngeganiaums 2-13)

z" = {Z] |] =arg MmaXaps(z;) [max(.uc(zi))]}
(2-13)
#e(2)

05k

L
-10 4 & 4 -2 1] 2 4 g e 10

mwilsznew 2-16 msulasmladiluaniailideisamngavesmgega
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centroid

r L L 1 1 1 L L 1

-10 -2 Eil -4 -2 o 2 4 g a 10

mnszneu 2-17 manfFeumeumsutlasaiamiuaasana ldre75619 o

A Aan ] = 1 a ] ~ 4 a9 =\ a
fﬂﬁla@ﬂ'ﬁ‘ﬁfnﬁuﬂa\‘Iﬂ'lﬂ%“lﬂﬂuﬂ'li]iﬁ‘ﬂ’)llﬂ‘l/]!,@w}w%ﬂ]ﬁlxﬁzﬂ‘]Jﬁ‘;]fclf ADIUNTITNIITUN
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IF (Pressure2 and Pressure3 is High) and (Camera2 is ZoneB) and (Infrared2 is Normal) and

v Y A
1NnMnlszno 3-8 %zulﬂﬂg] 1 U9 A

(Acoustic2 is Low) and (Contactl is Off) THEN (Activity is Sleeping)

nnmMsthuanmauaznaiinaINNIIAIAMs AN M3 oReDNILY a1W15D

1] Y 1] k4
nsaadungitonuguIz Ut ng e ldlunmsaaaulananssuiiugiuues

Y v
wywdlitianuwainratouniu Taevinstha luamsed 3-2 Tdedeluldsunsudines

M3 3-2 31901DEANITODNILVNY

No. | Camera | Acoustic Passive Pressure Contract Pose &
rule Infrared Activity
1 | Zone A - I1(Normal) P1(High) - 19
2 | Zone A | M1(Low) I1(Normal) P1(High) - 19
3 | Zone A | M1(High) | I1(Normal) P1(High) - wanawag
4 | Zone B - I12(Normal) | P2(Low),P3(High) - PR
5 | ZoneC - 13(Normal) P4(High) - 1
6 | Zone C | M3(Low) | I3(Normal) P4(High) - U9
7 | Zone C | M3(High) | I3(Normal) P4(High) - Vg
8 | Zone A - I1(Normal) P1(Low) - Ju (ZoneA)
9 | Zone B - 12(Normal) P2&P3(Low) - Ju (ZoneB)
10 | Zone C - 13(Normal) P4(Low) - Ju (ZoneC)
11 | Zone D - 14 (Normal) P1-P4(Low) - G (ZoneD)
12 | Zone B - 12(Normal) P2&P3(High) - uau
13 | Zone B | M2(Low) 12(Normal) P2&P3(High) - UIUNAY
14 | Zone B | M2(High) | I2(Normal) P2&P3(High) - UBUNTU
15 | Zone A - I1(Movement) P1(High) - ﬁbﬂ MU
16 | Zone A - I1(Movement) P1(Low) - AU (ZoneA)
17 | Zone B - I12(Movement) - - 1A (ZoneB)




18 | Zone B - [12(Movement) P2&P3(Low) - AU (ZoneB)
19 | Zone C - [13(Movement) - - AU (ZoneC)
20 | Zone D - I4(Movement) - S1(0Off) AU (ZoneD)
21 | Zone C - 13(Movement) P4(Low) - AU (ZoneC)
22 | Zone D - I4(Movement) P1-P4(Low) - AU (ZoneD)
23 - - 11-14(Normal) - Sion) | Whilsze
24 - M4(High) | I1-I4(Normal) - - Wnls £6)
25 - | M4(High) | I1-14(Normal) - Sion) | hilsze
26 | Zone D [4(Normal) - S1(On) oon1s £6)
27 | Zone D | M4(High) | I4(Normal) - - pontlsy 9
28 | Zone D | M4(High) | I4(Normal) - S1(On) ponilse 9
29 | Zone D 14(Movement) - S1(0n) | eomlizy
30 | Zone D | M4(High) | 14(Movement) - - pontlsy 9
31 | Zone D | M4(High) | I4(Movement) - S1(On) ponilsy ?
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M13199 3-3 dszansnmlumsswunianssuvesnguaazngneluiesineu (Zone A)

No. (Rule) Test True False Performance (%)
1 65 65 0 100
2 48 48 0 100
3 16 16 0 100
8 28 28 0 100
15 30 30 0 100
16 17 7 10 41




M15199 3-4 Uszaninmlumsiuunnanssuvesnguaazngneludesuou (Zone B)
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No. (Rule) Test True False Performance (%)
4 21 20 1 95
9 44 32 12 72
12 46 44 2 96
13 36 34 2 94
14 10 10 0 100
17 7 5 2 71

1 a a ° a ' 9 T
GﬂiNﬁ 3-5 ﬂigﬁ‘ﬂ‘ﬁﬂ']‘wcluﬂ’lji]’llluﬂﬂﬂﬂijuﬂl'ﬂ{lﬂauﬁagﬂaﬂ']ﬂcluwa\iu%au (Zone C)

No. (Rule) Test True False Performance (%)
5 37 37 0 100
6 31 31 0 100
7 6 6 0 100
10 61 57 4 93
19 21 8 13 38
21 21 8 13 38

{ a A o a ' Y
M1319% 3-6 Uszansmmlumsiwunnanssuvesnguaazngniglunedlod (Zone D)

No. (Rule) Test True False Performance (%)
11 33 29 4 88
19 10 8 2 80
21 10 8 2 80
22 2 2 0 100
25 6 6 0 100
28 9 7 7 78
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Watching TV (6) 6 0 100
Average 85.83
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AT 4-3 waawmmmmmgﬂé’f@ﬂumﬁmuummzmau%ﬂ%ﬂﬁiuﬁugmmmwyﬂ

meluresriau
Activity True False Precision (%)

Sitting (49) 48 1 97.96

Working (32) 32 0 100

Listen Radio (16) 16 0 100
Standing (36) 28 8 77.78

Walking (7) 7 0 100
Average 93.57
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{ v d ' o v A a y 4
AN 44 waawmmmmmgﬂé’f@ﬂumﬁmuummzmau%ﬂ%ﬂﬁiuﬁugmmmwm

meluresuou
Activity True False Precision (%)

Sitting (24) 21 3 87.50

Sleeping (40) 34 6 85

Snoring (11) 11 0 100
Standing (39) 32 7 82.05
Walking (6) 5 1 83.33
Average 85.83
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Activity True False Precision (%)
Standing (34) 30 4 88.24
Walking (10) 8 2 80

Open the Door (15) 13 2 86.67
Average 86.44
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Multi-sensor Data Fusion Using Fuzzy Logic for Human Activity Detection

Sakrapee Khunpetch
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Abstract—Today surveillance system has more attentions for
elderly care. Recently, human daily activity recognition
become more significant in surveillance system. This paper
proposed surveillance system with a multimodal platform
using multi-sensor. This system can be installed at home and
full controlled of dataset from sensors. It integrates elderly
presence and behavioral data, movement of the elderly, the
acoustical around of environment and medical knowledge.
Data fusion approach based on fuzzy logic with a set of rules to
human activity recognition. In addition, this multimodal fusion
increases reliability and robustness when data loss in the
environmental limits. The fuzzy logic method go to be high
flexibility in combining modalities or expanding other sensors
and increase accuracy to recognize several human activities.

Keywords-Data fusion; Multi sensor data fusion;Human
activity analysis;Fuzzy logic; Surveillance

. INTRODUCTION

In recent years, surveillance and observation of human
behaviors in smart home [1] has more attention, In order to
reduce the accident and costs of long hospitalizations due to the
growth of elderly. The development of methods detection and
recognition of human behavior use data from camera sensors
only, it is complicate and low accuracy for behavior
recognition of elderly due to change of environment, sensor
failure and data loss. These are not enough to detect and
recognize human daily activity. Thus, these problems
correction by increase type and quantity of sensors to get more
support data.

Data fusion [2] from multiple sensors to increase accuracy
and reliability. Currently, data fusion applied in the field of
military and medical. In addition, data fusion comprises 3 main
Levels [3]:

e Direct level fusion has received raw data from multi-
sensor. In this level, data provide completeness and
the result most effective. However, this level has
complexity of information processing due to there
are large amount of information.

e  Feature level fusion, features are extracted from each
sensor of multi-sensor model. These feature form

sensors provide significant attribute for the
recognition and decision.
e Decision level fusion, each sensor to initial

determination of targeted modality identity and other
feature and the fusion algorithm combines these to
more precise and higher certain.

Anant Choksuriwong
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Prince of Songkla University
Songkhla, Thailand
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Human behavior detection and recognition is a popular
domain and many important progresses. There are research
works started in situation for healthcare with different
approaches and methodologies.

Liyanage et al presented a comparison between video
and audio sensors for human activity detection [1]. Nadia et
al developed systems using video sensors and contact
sensors such as pressure, water and light sensor for every
day activity monitoring [4]. Hamid et al designed a
surveillance system remotely via internet for the elderly
automatically using microphones, RFpat and infrared
sensors [5].

In many of the researches in the field. Method used
video to more provide information. But it does not work
well for some cases because of the limited computing
environments, etc. The article focuses on the integration of
the environment sensors such as passive infrared, force
sensitive resister, acoustic, contact and video camera sensors
for eldercare. The frameworks apply on direct level fusion.
The data fusion approach based on Fuzzy logic [6]. Fuzzy logic
is a logical based on the fact that all the real world is not
certainty. However, there are many events occurred have
unstable and uncertain. The concept of uncertainty has
expanded to be applied in multimodal of data fusion from
multiple sensors for human behavior detection.

Il.  APPROACHES FOR DATA FUSION

A suitable method for multi-sensor data fusion have
many popular methods. In many of the researches in the
area used these methods:

Probabilistic method [7] can be considered in our
program for several reasons. But it has disadvantage, (1)
complexities that occur when multi-variant data are
received, (2) Difficulty in obtaining the density function that
describes the observations are used to classify objects, and
(3) disability to take direct benefit of a priori likelihood
probabilities.

The Bayesian inference method [8] also has some
weaknesses that not apply to use in our multi-sensor data
fusion model. A major limitation:: (1) the difficulty in
determining a probability Basics (2) complexity when
several conditions and assumptions of the incident (3)
disability to clarify the uncertainty and. to represent
imprecision.



Even though Dempster-Shafer methods [9 Its cannot be
fusion method of information in our program for two
reasons: (1) the problem of predicting the mass function
and limits of application domains.

Neural network method is not good to use in multi-
sensor data fusion model. It has disadvantage, (1The neural
network is not suitable to work in a dynamic environment,
the sensor is required for each sensor characteristics and the
need to configure each sensor type has to be from a
particular trained. (2) Complex architecture of the neural
network to protect expert knowledge of them easily.

The fuzzy logic method [6][10][11] is the proposed of
this multi-sensor data fusion application, Fuzzy logic is
ideal for monitoring the human activities. It involves
uncertainty and inaccuracy. It provides a great flexibility to
incorporate multiple sensors.

I1l.  ARCHITECTURE AND Fuzzy LoGIC

Our approach is fuzzy logic to combining multi-sensor
(camera, passive infrared, acoustic, pressure and contact
sensors) to improve the recognition of human activities
Shown in Figure 1.

S
Sensors
Read Drivers & Preprocessing

l l

Real time synchronization

Fuzzification —— Rules inference —— Defuzzification

k.

Activity

Figure 1. The architecture for human activity recognition.

This approach has three main task: The first task receive
raw data from multi-sensor (camera, passive infrared,
acoustic, pressure and contact sensors) to drivers and
preprocessing. Second, fusion data of each sensor to fuzzy
logic method, fuzzy logic comprises 3 main process, (1)
fuzzification, (2) Rule inference, and (3) defuzzification.
Finally, the last task consists in combining to classify and
decision of human activities (sitting, standing, sleeping,
walking, and in-out the door)

Fuzzy logic is a great framework for demonstrating
automated reasoning. It reflects human reason based on
inaccurate data or incorrect. It uses the idea of some of the
individual components is partially or fuzzy sets has been a
gradual course. In contrast to classical logic is a
membership u(x) of an element x to a set A. may take only
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two values: ua(X) = 1 if xeA or ua(x) = 0 if xgA, fuzzy
logic introducing the concept of a series of elements x to a
set A and ua(x)€[0,1], an here we talk about the fact, Figure
2 shows the process of the main fuzzy inference system.

Knowledge

Rule base | Database

Crisp

Fuzzification

Figure 2. Fuzzy inference system process.

There are used our human activities recognition system
which are:

A. Fuzzification

The first process in fuzzy logic is to convert the
measured data into a set of fuzzy variables a. It’s done by
providing the values (These are our variables) to each
function is a member. Function member uses a different
format. such as Trapezoidal function, Triangular function,
Gaussian function, generalized Bell function, sigmoidal
function, single function etc... The choice of the functional
form is an exact duplicate of the types of data and taking
into account the experimental results.

B. Fuzzy rules and inference system

The fuzzy inference system is equivalent to the fuzzy
logic operations OR, AND, and NOT to create rules of
logic. An inference engine that works in the structured
format IF- THEN. The IF section is a parent who called
earlier in the section, while the THEN section of the rule is
called the consequent. Rules are created by differences in
language. These take different values according to the terms
Fade or verbalize and simulation are fuzzy subsets of an
appropriate domain Mamdani rules used in our system.

Mamdani rules which is of the form: If i, is X; and i,
is Xz and...and i, is X, Then j; is Yy and j; is Y, and...and j,
is Yp. Where X;jand Y; are fuzzy sets that define the partition
space. The conclusion of a fuzzy rule Mamdani. It uses the
algebraic results and the maximum as T-norm and S-norm
Respectively, but there are many variations using other
operators.

C. Defuzzification

The final step of a fuzzy logic system in my fuzzy
variables generated by the fuzzy logic rules to be true again,



which can be used to perform some action. How are
different. defuzzification methods, in our scene decision
model can use Central of Gravity (COG) that popular today
in the equation 1.

E?:lu_q(xi}xi

CoG =
Yz ualx;) (1)

Where x; (i=1, 2,... ,n) comes to the maximum value ua(x).

IV. ACTIVITY DETECTION AND FUSION

The main profit of the system is comfortable, the fuzzy
logic of the method and the ability to deal with complex
data from different sensors, The fuzzy set theory is the
appropriate way to mix all possible with these sensors.
Fuzzy set theory is used in this system to detect and
recognize human activities on the environment in reducing
accidents and the cost of treatment in hospital for a long
time.

The first step in developing this approach is fuzzification
the output of the system and inputs received from different
sensors and subsystems.

TABLE I. Fuuzy SETS DETERMINED

Membership function Composition

IP camera sensors zone A, zone B,..., zone D

Acoustic sensors low, medium, high

Passive Infrared sensors present, absent

Pressure sensors on, off

Contact sensors on, off

From table 1, subsystem five inputs are built. (1) camera
sensor the position classification in home, (2) Acoustic
sensors use for sound levels detection of multimedia
sound(TV, computer, music, radio), (3) Passive Infrared
sensors use to movement detection in area, (4) Pressure
sensors to measured pressure levels on chair, table and bed ,
(5) Contact sensor use to in-out the door detection.

2 Zone || Zomec v & .
c1 - G ' c-c4
®! ] L
. Camera Sensors
(an u| @’
i pa A - Mi-M4
S — e
Working room Living room o Pip4
Pressure Sensorz
ZoneB || ZoneD '
2 M2 ca @ v
PIR Senzors
@: o
P
me2 me3 Costact Sensors
M4 st
Bedroom e

Figure 3. Overview of multi-sensor in home.
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The output of human activities recognition such as
sitting, standing, sleeping, walking, and in-out the door.

Figure 3 shows sensors elements and the division of the
house into the area to assess and oversee the design for
human actions recognition.

The next step of the fuzzy logic method is the fuzzy
inference mechanism, which is formulated by a set of fuzzy
IF-THEN rules. The second step is to use the knowledge
from domain experts on activities that will build credibility
in the occurrence of the event rules for the recognition of the
joint event an as well as the ability to create. simulation case
For example, the fuzzy rules for the human activity
detection is:

IF (P2 and P3 is On) and (C2 is ZoneB) and (12 is
Present) and (M2 is Low) and (S1 is Off) THEN
(Activity is Sleeping)

A reliability factor corresponding to each rule and to
compile these rules, we have to choose. is MAX-MIN
method available under our fuzzy logic element to fusion
data from multiple sensors Shown in Figure 4. After rules
compile the defuzzification is operated by the centroid of
gravity for the activity output.

IF Gl THEN

Y /.@ ..................  E— a

Input Output
Distributions Distribution

X Yo

Figure 4. 2 input, 2 rule with crisp input of mamdani.

The objective is to integrate the inputs from a set of
sensors. (or attributes of those sensors) is a value from 0 to
1, using a set of input membership functions shown in
Figure 4 is a two inputs Xo, Yo and shows the bottom left
corner. These inputs are combined into fuzzy numbers by
drawing a line up of inputs to function as a member of the
above, and to mark the interception point.

The results of a fuzzy rule is calculated using two steps:
(1) to calculate the strength of the region by combining the
fuzzy inputs using fuzzy integration process. For example,
the fuzzy "and" is used to include the membership functions
to calculate the strength of the rule (2) Cut the operation of
the output is strong rule the. Refer to Figure 4 again to see
how this is done for a 2-input, 2-rule Mamdani fuzzy
inference system.



V.  EXPERIMENT AND RERULTS

This paper presented hypothesis on recognition of
human activity detection. Our methodology depends on
fuzzy logic allows high precision and efficiency. We have
developed a software tool that provides the logic to simplify
the configuration of the input fuzzification. Author of the
fuzzy rules and the configuration of the method.
Defuzzification. This system also provides rules to
additions, deletions, or modifications to suit each locale-
specific knowledge about standards physical activity and
environmental.

In the system consist of 14 input, 31 rule and 1 output to
fuzzy inference steps for simulated data tests.

@8 FIs: DoSimulator_fispro\multisensor.fis = | E | S
FIS Data Learning Options Help
Name © Data file
’7|Mult|sensor | [ minimum ~ ’7 —‘

Inputs Outputs
Camera o
Acoustic1
Acoustic2
Acoustic3

Acoustica oo
£3

Infrared1 5

Infraredz2 -

Infrared3

Infrared4

Pressure2
Pressure3
Pressured
Contract

Figure 5. Fuzzy Inference System Professional.

The simulated data used FisPro [12] (Fuzzy Inference
System Professional) Shown in Figure 5. This simulation
provide good result for human activity recognition when
occur data loss from sensor by created Input dataset for
performance test and each dataset can be classified every
input.

TABLE II. RESULT OF PERFORMANCE TEST

% Performance indices (Error)
Data
loss Dataset = 15 input

Dataset = 30 input Dataset = 45 input

10 0.027 0.026 0.023
20 0.036 0.027 0.025
30 0.048 0.040 0.038

Table 1. Shows results of a simulated data. Performance
indices calculate from equation2 of three data set by random
data loss 10% , 20% and 30% respectively.

4
FI = Z me(i)
@)

Where A is number of active items and mc(i) equals 1for a
misclassified item, 0 otherwise.
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This simulation obtained result in recognizing the many
tests with different data sets and, depending on the random
data loss.. We have compared between different dataset
when large dataset to decrease misclassified because data
loss has increase distribution and performance of test
accuracy about 95%. The simulation described here is
preliminary about human activity recognition by used fuzzy
logic methods. The system can be easily use in home go to
high accuracy and robust when data loss.

VI. CONCLUSIONS

In this work, we focused on multiple sensors data fusion
for human activity recognition. Our methodology depends on
fuzzy logic when data loss is a strong and precise on the data
replication. The main advantage of the present method
include the low calculation from fuzzy logic system. This
method enables the easy integration between data and adding
other sensors. The fuzzy logic decision support to ensure the
safety of the elderly. Future work of this research is to use
activity classification for these modeling for monitoring in a
rising or falling based on activity monitoring, and state the
individual sensors in a real environment.
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