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a2 AIST

Messages

B Sensing and modeling everyday life:

as a grand challenge in Computational Intelligence

— Now, computers should work for supporting human's whole
everyday life not only for office work,

— Everyday life information has much higher degree of freedom
than specific task in office work.

— Huge, hetero, multi-modal, multi-dimensional information is
related to everyday life.

B Key points:
— Sensing comprehensive data related everyday life
— Modeling principal structure from such data
— Application focused on as an essential problem
(Application driven basic researches are necessary
to select sensing data and structure of the model.)

O
+—
c
b
O
e
o
®©
QO
7))}
&)
o
C
®©
S
>
I
'©
=
=
o)



g
-
b
O
e
o
®©
QO
%
&b
o
c
®©
&
S
I
I
—
=
O

a2 AIST

Contents

B Introduce our research in everyday life computing

B Application: Childhood Injury prevention and surveillance

B Behavior Sensing: Ubiquitous, Wearable and Internet
sensors

B Probabilistic Human Modeling: Bayesian networks
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a4 AIST

We have little understanding everyday life



Development of =CAIST
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a2 AIST

Application:

Childhood
Injury Prevention
and survelllance
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a2 AIST

Trend of cause of child death

The leading cause is injury

-900 children died par year in Japan
-Social cost is estimated as $ 5 billion par year in Japan

Age | First(%) | Second (%) | Third (%) | Forth(%) | Fifth (%)
0 Birth Respiratory Sudden Accident Fetal
defect disturbance | death (5.9) hemorrhagi
O (36.3) (16.1) syndrome c disorder
c (8.1) (4.1)
&
O 1-4 | Accident Birth defect Malformatio | heart Pneumonia
= .
O (24.8) (17.6) n disease (5.0)
8 neoplasma (6.0)
8 (7.5)
ad 4-9 | Accident Malformation | Birth defect H_eart Murder
% (35.0) neoplasma (7.9) disease (3.8)
= (17.2) (5.5)
33: 10 Accident Malformation H_eart Suicide Birth defect
- 14 | (22.0) neoplasma disease (9.2) (6.5)
s (21.2) (9.5)
o
0 in Japan
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Research approach

Ubiquitous/Wearable Sensing
> Technology for Child Behavior
(Microscopic behavior data)

ge amount of data

Child Behavior/Injury Simulation Modeling Child Behavior/Injury
(One-step-ahead sensing) (Reusable knowledge)

Reusable
% knowledg
Internet Sensing Tec
for Child Injury
(Macroscopic injury data)

Generative model Sensing everyday life

Generative Model of everyday life behavior
by sensing technology + modeling technology
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a2 AIST

Examples of service
Web Service |
for foreseeing ' |
Injury /&/ \

~MVil 1y
‘4

)
[ 1A Y=
Realtime monitoring, """

Fri,njllu(y previ||tion[ =

¥

=

=" Examples of application of
behavior understanding



a2 AIST

Ubiquitous, wearable and
Internet sensors
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a2 AIST

Ubiquitous Sensor 1/4

for O bserV| n g eryd ay I Ife B Home-shaped system
/) — Living/Kitchen,
Bathroom, Toilet,
Bedroom

B Embedded sensor

— 1000 Ultrasonic 3D
location sensor

— Camera, Microphone

B \Wearable sensor
— Wearable EMG
Wearable acceleration

x

Bedroom

Digital Human Research Center

Sensor
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Ubiquitous Sensor 2/4
for observing everyday life

W Child’s everyday behavior datain alaboratory
m Extract behavior characteristics

Behavior data from 100 children
o, T Zoom around infant Infant trajectory

Ultrasonic 30 1ag

farfacating wmﬁm
|

_ Comerm Capoure (o)

Cameral Frapeery
Dupley Trmape (040
Reotidar  Fhyer |
Player
Clase Fils |
-ﬁnin radar  Undisimzed unage |

far locating human head il _
From | Bwme  Fromeihiyp

cell phone
3

n Digital Human Research Center

Cognitive/Behavior/Object label
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Ubiquitous Sensor 3/4

Example of behavior characteristics :
B Relationship between infant’s interest and distance

to objects
0.18
0.16
"JJ‘ 0.14
— Ly
) Q
'E = 012}
@ go; -
O QL — All objects
T 3 — Mother
= =
© u— 0.08 |
(B} o
(7)) >
S:J % 0.06 |-
= 3
© O oo04f
c o
>
T 0.02 -
'®©
= RS W
. 9 0 500 1000 1500 2000 2500 3000 3500 4000 4500
O : . . .
c Distance from infant to interesting target [mm]



a2 AIST

Ubiquitous Sensor 4/4

Visualization of interest induction

f o |

Il }salajul Jo Ajljiqeqold

| *Reusable knowledge

]
#1 l
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Wearable Sensor 1/2
for everyday life sensing

® From lab. to real home environment
B Systematic methodology of child measurement

: : : : - : : : : PRINT
e s e

uuuuuu

..................................................

pi radialis
3ngus

sralis

diaks

—

| MEEndey atteniion

el \

. [ For example,
: @®How many times does child grasp?
\

@®How many times does child fall?
@®\When does child perform a certain behavior?
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Wearable Sensor 2/2

0.35

0.3 ——extensor|

0.25 — flexor

Voltage [V]

0.15
L

0 5 10 15 20

Time [sec]
140

— Grasp time (true)
— Grasp time (estimation)

rs
=

o
=

@m
o

A system can estimate
the times of grasp
within an error of 25%.

I
=

Grasp frequency [times]
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a2 AIST

EMG Map = EMG + Location

EMG Probe

B Record EMG
with location

B Useful for
understanding
when/where/
how EMG
OCCurs
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Science of “Playing” Child
with EMG map

“Stone wall” type of
play equipment

Ultrasonic 3D Tag \Wearable EG

(location sensor) (physiological data)
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a2 AIST

Experimental results of EMG map

We can understand where is dangerous parts for child.

R i - ]

f _ + — yE -4 O L
o ik . -, . 'h'_"'- " 1 hy 5
.0 ‘..f-w!' "_'_I:L W -y i _ N

5 = P N ) y Ry
gy, S S ottt LSRR T e

Red area indicates that large muscle power is used
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a4 AIST
New design for children based on EMG map

New stone wall
play equipment =

......

Kuwanomi kindergarten Feb. 2007
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Internet Sensor
for social phenomena sensing

= from lab/home to SOCIety ® Small size

B Actual interaction between — Rokuen Children’s Clinic
child and objects in a everyday lives

B Middle size

™
|

— National Children’s
Medical Center

1
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Data, Knowledge, Action, and Service
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Advanced Injury Surveillance System |

and Database i |
) Yi \d

Surceillancs | Hosm® memo | Analvi

Aateliyear Emoath Jiday 10 LE

peader by = aps six-manth = develogmental stage | wal sitting cravlisg

sccidenr npe  aling out
Injury tims coaTec tms %

participatieg oljecrs  frsichiags

e aljierrs otz used
mjury frpe Taxial comnasam

tajary paris af the body | baad [r———
lecasioa bawta = | bed rosm

Therd pirsen soarelare s % age dillerescs

third perven’s behavinr | ae relats

bahaviar prior Do i accil rellag sver & e bdavior on perpooes

r?Dmml Human Research Center |

CRCT PR ) n_'gd.-ui -"
| other injury | utiaas na
T

gt ot} R

T 3 x srawer b = 1'.!*- faree e = e
SR SR ] G 1200 chapger 8
3 ;._ .._..:_,.-:- . et Tl
e i T - l." :'- 1 f N
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[uurrp pgann | Rl o L
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I b ! .__ ._- bied g i ' |
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Human GIS PR

insect sfing | hmaﬁmg pm'hlm|

Collect injury data Age, Sex, Date, Place, Causative Object,
At hospbitals Behavior, Injury, Accident, Hospital Visit for
P Complete Cure
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Human-GIS enables to describe and visualize
size, area, and position of injury.

Frequency of injured

body part

(169 data of 0 to 19
year-old)
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Medical Cost

Expectation of medical cost

when injury due to object occurs $

Chair 774 Monkey bar 326

Electric Pot 694 Iron 314

Stove 676 Sliding way 197
| Miso Soup 661 | |Sofa 181
§ Coffee 480 Toy 158
fs Razor 431 Bicycle 151
% Rice Cooker 421 Toy 136
DC: Firework 395| | Window 136
E Bed 382 Cigarette 127
i Fan Heater 338 Baby car 79
% Pillar (#¥) 331 Human /8
E ® Calculated from MHLW DB and AIST Injury DB
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Everyday Cognitive Science
Object classification from child's point of view

0 to 1 year-old

jris = L
opass B Define injury
= — frequency as feature
ey ﬁ}‘lnbing objects vector of each object
Baby car _|
Sofa |
® Cluster analysis

Electnic Pat |
Rice cooker |

~ Burning objects

o 05 1 15

2 to 3year-old M Object cluster

Cigarette

Door| ;J changes
""" Burning objects — by child’s age
— Striking objects |
Chair 17
s : B Imply that the way of
Ztl' _C'imbiLg objects seeing/using object
Sliding way J_I Changes

1 ] i 1 1 i
02 04 06 (PR3 1 1.2 14 1.6



DHRC Object database

(Objects existing in one home)

o,
Japanese room 19% kitchen 29%

H508 DMETED

rigeludid Caldu
sestszndd be
||

corridor 5%

= @ chest lEpraadn) ]
living 12% i o s _ L it gt
I ﬁm- s [emg_massaans __Bsivagant

o] mi Tisir alyiag o siffed dogshne poiish
uking webis e g 2

i

antranra R

bed room 12% 1,116 kinds, 4,289 objects

bathroom 7%
(Sampled frorm home of “family of two”)
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a2 AIST

Probability Distribution of
Everyday Object

o 250

O

@

‘S 200

o

Y

O 50

L7

g

;_"E 100
| -
)
= 50
C
&

2 8 8 § B 8 5 % ¢ B 8 @ 8 B 2 8 B 8 8B & 4
% éé*é*é*é‘ééé*ééé*é*?g
= =8 B 8B E 8 B E 8 BR E 8 RRBRE R B g *=
o Bedroom Size of object [mm]
a% o

él:.) Dining Baz?rocm megf[ﬁnnl:g
- 5% O{t]!;}ers 13%
N Entrance ' .
£ £ . Bathroom K'Eﬂhf“
S Living 8% 36%
I Guest 41%
— 9%
©
=
2 - The number

i _ of objects Enivance Density
c Kitchen 43%

20%
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Probabilistic Human modeling to make
re-usable computational knowledge

B Problem:
— Data, Statistics can not explain what we should do next.

B Solution: Causality, Graphical modeling and Computer
simulation (re-usability and computation)

B Method: modeling and applying Bayesian networks
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a2 AIST

Bayesian networks

B Node: (X:{true,false}/{Mon,Tue,...), discrete random variables

Observed or unobservable (predicted variable)
B Directed arc:conditional dependency
B Conditional probability: defined by Tables
(Conditional Probability Table:CPT)

X1 . X3 . X5
CPT: P(X4IX2)
x2| 0| 1
X4
0 0804
X2 - x4 7 o206

P(X1,X2,X3,X4,X5)
=P(X5|X3,X4)P(X4|X2)P(X3]...)P(X2)P(X1)

Decomposed to make the model tractable
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a2 AIST

Why Bayesian network?

m Statistical learning (flexible modeling )

B Probabillistic reasoning (simulation available)
W Sophisticated algorithms and softwares

M Easy to understand semantics of models
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a2 AIST

More flexible representation power
than other models

Y

>

/

/ Func.
Y=F(X)

»
»

X

Linear : regression model
Non linear : neural network

YA

A

0.3 If X=a, then

— 0
0 Y= b (70%)

»

»

. X
Decision tree

Y.
P(Y[X)=G(«, 0)
U = aX+b
| o = cX+d
"X

Gaussian model (normality)

Y EX.
«1p1 0.3

P2 0.4
P3 :
P4
P5

g P(Y[X)=p
X

y
Bayesian network
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Graph structure learning from data

X Y e OR X > YV 2
Yt EX. v+ Ex
K:; i «p1 0.3
n3 . P2 04
n4 : P3 :
ns  Cross table P4 Cond.Prob.Table
6 1Y XE=nyy g P(Y[X) = Pyy
X X
X 2 testing

Bayesian network

Model selection using
Information criteria (AIC, BIC=MDL)

Repeat model selection to all child nodes in the graph
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Graph structure learning software SLAIST

BayoNet (BN software) developed by AIST
(1996-2007) http://staff.aist.go.jp/y.motomura/bayonet/

Edit Tool Path Wrard  Help

ECEICICEIENRRIOEIOINE

E state | 2] System | 4 Tree | g TreeSelecter |
2 opa ﬁcm [Beoer [ Ak | Owote | & Fath |

Mame Info -

[ mome [Proiecto |
F o —s060754s7
@ Type EfFroect

Fath

Path [Cr¥BayoretiyBayonet 130005 ¥pro) ects¥ g ectd

Dezcription

Path List

B, Default Fath

E=i Bt - B ETAS - AEHETHRTICLISEERIIELHTLS
Lse // Save Node Order =RBEDER. UTTVALFELNRTBESR

‘*{?E Create Trees Lking Mode Order... —

-

M Creste and Decompose Trees Using Mods Order. A ] [+

& [ l__cneel_mﬂs_*rh_ﬂmh_

Fast learning from huge SQL database and reasoning
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a2 AIST

Cognitive modeling using Bayesian networks

"Y.Motomura, T.Kanade :Probabilistic Human Modeling based on
Personal Construct Theory”, Journal of Robot&Mechatronics, 17/6, (2005).

Statistical Learning

e T

Bayesian network

PRE-EMEEEETIL

Statistical word
processing

Repertory
Grid method

Personal

construct theory Initial structure
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Belief propagation 1/2
(Probabilistic reasoning) &Observaﬁon et)

@ CPT-P(X2[X1)

X1 0 | 1
Basic fomula l )(02 T
Belief(X2) : :
= P(X2[e+, e-) P(X2|X1) 1102 0.6

=P(X2[X1) P(X1le+) - P(X2[X3) P(X3/e-)

E <—=(Observation e- )
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Belief propagation 2/2

Pr(X =X)=aAX)7T(X).
7T(x)=>  P(X|U :u)Hﬂ-UiX(UD, ......

A =] TAx, Zox (U)

Output from X

: \ Ay (U)
T30 =TT T, o X g X)
ﬂxul(u) Zﬂ(X);P(X | U)lk;[%kx(uk) Txy (X)/ A (X)

Output from
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Loopy BP

B Apply belief propagation to multiply connected Bayesian
networks.

B Not guarantee convergence and precision.

M But it can give adequate results in many cases
(experimentally).

B Fast and less memory space (good properties for
embedded IT systems like mobile phone and car-navigation
systems)
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a2 AIST

Computational speed of Loopy BP

B CPU: Pentium Il 975 MHz, Memory: 512 MB . OS: Windows2000, language:

C++
No. of nodes Loopy BP Junction tree Systematic sampling
20 119 ms 112 ms 445 ms
50 314 ms 997 ms 1845 ms
100 2283 ms 10820 ms 4197 ms
300 4765 ms Impossible 20367 ms

Fast enough for real world applications
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Probabilistic user modeling
using Bayesian networks

B User modeling (office assistant in PC)
B Human modeling and analysis
(Customer/Market-analysis, Computer Graphic etc.)

Applications:
Personalized and situated information recommendation
n car-navigation systems or cell phones, etc.
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Microsoft: Office Assistant:Horvitz, E. ~@LAIST
"Lumiere Project. Bayesian Reasoning for Automated assistance®,

(1998). http://research.microsoft.com/research/dtg/horvitz/lum.htm

Recent menu
surfing

User
knowledge

User needs
assistance

Pause after

User Dlstracted activity

P(assist | difficulty, knowledge, recent menu, pause)
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Car-navigation: &L AIST

personalized, situated restaurant-navigation
Y.Motomura and T.lwasaki (2006)

Contents

. y
Restarant P
| e %&’\5/

music

Car navigation service

Recommend

Bayesian networks

category

reasoning
restaurant

Info.
senter

Contents data

reasoning

iy

situation

Temp|

-
-
N

~

i\

o se User model
= v A User data U r

-
Fd o :
learning @
Selected
record

age™

-)
-)

purpos positio
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] a2 AIST
Human/User Models In

personalized, situated restaurant-navigation
P(restaurant| driver,situation)

age . ,
. Driver's
profile

1

class High- @ @ Erestau rant
) quality profile

~Situation

_______________________________________________________________________________________________

n Digital Human Research Center
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Car-navigation: Comparison

Bayesian network vs conventional (conv.)

Prediction rate: BN1(EBA) 32.8%, BN2 29.3%, conv. 26.4%

600

500

400

The no. 300

of hits
200

100

Ranking of restaurant

g
-
b
O
e
o
®©
QO
%
&b
o
c
®©
&
S
I
I
—
=
O



a2 AIST

Personalized and situated service | Bayesian netI
Using cell phone with human/use models
AIST & KDDI (2005-2007)

Various
recommendation

Shopping navigation services

User is
navigated by
the system

Fachion
Movie
CD/DVD

User selects a item,
hen information appear

Additional
information will
be given by QR
code in shops

igital Human Re

D




~@LAIST
Interaction — User Modeling - Service

Cycle using Bayesian networks/j/

s 0~
-

~

2,

applications
,_u
_ WWW Record user s/\
Interactive systems( cCell Phone response (< )
CarNavi
Feedback

Adapted to Database
each User

Probabilistic

reasoning
- Accumulate huge data

by inter-net and mobile

devices, then construct

iy = . . ()
o — / { ‘5@\\ models automatically

aysian Network

O
+—
c
b
O
e
o
®©
QO
7))}
&)
o
C
®©
S
>
I
'©
=
=
o)



a4 AIST
Applying to Childhood Injury simulation

Simulate and evaluate
how much dangerous in
this situation.

How about for 1 year old
boy? If he grows up?
How about when his
mother behaves some
actions?

What's happen if new
stove will be set?

We should understand what were causes and
relational factors (for simulation and evaluation).
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a2 AIST

Injury surveillance and prevention project

«Accumulate sensing data of children’s behavior in house
*Add labeled data by hand to sensing data
*Discretize(clustering) sensor data

sLearning Bayesian networks (Find causal structure)
*Use probabilistic reasoning in computer simulation
*Realize most possible behavior and situations.
*Evaluate risks and show movies for safety promotions
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Constructed relational model from child injury
record in a hospital in Japan (200 samples)

D=1 T=1

N Simulate:
@G> _ , girl, 1 year,
D=1T=1 0 B ‘Llcha.tlon D=1 T1 Object type Winter,
: qu, g2 By electrical
- Time~'"
o (GRS . | D=1 7= product
% @ CPT=16 DS ' In-lury _ _
=1 T=1 ks = D=1 T=1
@) " - i -
= D=1T: Se_qson CPT=16 ns\z @ Re_asonlng .
S R N o (highest):
= CPT=16 DS e
5 & Burn 949%
% : _ Object S|ze ) i
5 WO Intention
D=1 T=

% B (LR 67%0
- g bs D=1 T2 - \Q Arm 90%0
> D=1T=1 a - b=t T=1 - -
I CPT=8 DS @ cp:?:fm LlVlng 62%0
g Gender . . Body part Day 67%
= Behavior Intension
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a2 AIST

Constructed relational model from child injury

medical procedure

hospital visit

ospital admission

mehanism

other behavior
Injury

record in hospitals in Japan (2788 samples:2007)
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a2 AIST

Uncertainty in Relational model between
accidents and children’s behavior

Many kind of uncertainty
In causal relationship
Difficult to describe all.

Unpredictable
Behavior.
Difficult to
describe them
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a2 AIST

Probabilistic behavior model
according to chilren’s development
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Behavior

age

8.4

9.7

11.1

Standing

0.25

0.5

0.75

0.9

Not yet

0.75

0.5

0.25

0.1

B From statistical research:

DENVER(USA), DENVER-II(Japan)
B P(Standing=yes|Age=11.1)= 90%

B P(Standing=yes|Age=7)= 25%
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Modeling more precise children’s behavior

Accumulate sensing data of children’s behavior in house
*Add labeled data by hand to sensing data

*Discretize (clustering) sensor data

Learning Bayesian networks (Find major causal structure)
*Use probabilistic reasoning in computer simulation
*Realize most possible behavior and situations

*Evaluate risks and show movies for safety promotions
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n Digital Human Research Center

Child Behavior Simulator

Reusable and Comprehensive Model of Infant Behavior

Micro-analysis of
child behavior
(Denver II)
(ubiquitous sensor)

Macro-analysis of
child injury
(Internet sensor)

Integration
P(Behavior,,Variable_,,,Variable,,,)
Variable,,, = {Distance, InterestObj } «Data to Model
Variable,,, = {Age, Behavior, , }
P(Behavior,, Distance, InterestObj, Age, Behavior, ;) = )
P(Behavior, | InterestObj) x (Generative Model)

P(InterestObj | Distance) x
P(Behavior, | Age)P(Behavior, | Behavior, ;) x
P(Distance)P(Age)P(Behavior, ,)P(InterestObj)

a2 AIST

*Explanation to Generation
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Sensing, Modeling, Application, and then

Start the next cycle (knowledge circulation)
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a2 AIST

which has 1.4 million club

B Cooperation with Benesse Corp.
member

Distribute infant injury movies to parents for safety promotion

Soclalized Sensing Technology

183U8) Yoseasay uewnH renbia )


https://www.shimajiro.co.jp/ikuji/kiken/login.php

a2 AIST

Socialized Sensing Technology

Sustainable Development
of sensing and modeling

o
Age: @yearmnnms\

Sex; #® Male CFemale
Situation of injury
When? 2005/5/10

Where? Kitchen
7 Type? Fall
How?

iming to take a glass from
the cupboard in order drink
juice, he stood on a plastic
chair of his everyday use.

,,,,,,

Sim(User,,User,)

~ ~ Mutual evolution of Service &
D (@ — )G, — )

f Rl F Sensor

_\/ (@, -0) | D(,-T)°  -Sensing by providing service
herl el R -Improving service by sensing
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a4 AIST
Injury Precognition Support Service 1/4
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a2 AIST

Injury Precognition Support Service 2/4
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a2 AIST

Injury Precognition Support Service 3/4
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Injury Precognition Support Service 4/4
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a2 AIST

Epidemiology by Internet

4,933 parents accessed, 61,147 movies were distributed
21.482 movies were evaluated

@ 9 month-old:
7%
B 10 month-old
B 31-36 month- 4%
old
O 11 month-old
E 19% 49
5 012 month-old
O 7%
c O 25-30 month-
= old
0 11% 13-15 month-
e old
o
S ®m 19-24 month- 19%
= ;ﬂﬁ @ 16-18 month-
- old _
=
E Child’s age of parents who utilized Web service
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a2 AIST

Epidemiology by Internet

4,933 parents accessed, 61,147 movies were distributed
21.482 movies were evaluated

O Unknown injury,
Low probability
8%

O Unknow injury,
High probability
21%

@ Known injury,

High probability
57%

B Known injury,

Low probability

14% N=21,482

29% of injuries were unfamiliar to parents.
At least 21% of movies change parents’ awareness.
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a2 AIST

Knowledge Obtained by Internet sensing data

Probability of performance

100%

90%

80%

70%

60%

50%

40%

30%

20% - Stand
—— Walk

10% —— Sit by oneself, Crawl |-
=+ Run, Jump

0%
0 5 10 15 20 25 30 35 40

Age in month

Relation between age and behavior was obtained.

It takes only 102 days to exceed N=1,819(4,471>1,815(Denverll))
World’s Biggest database

Internet is a strong tool for research.
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Modeling parent’s awareness of child injury

constructed from Internet sensing data
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Everyday life computing research
as a challenge of project driving scheme
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Research Scrum &L AIST

Tokyo Univ. of Science,

fOr I nJ u ry preve ntIOn Kanazawa Univ., Tohoku Univ.

Tokyo Engineering University, Keio Univ.
Colorado State Univ.

Medical/
Engineering

Council of AIS

- Benesse
Ministry/ Denso
unicipality ‘ / Maruyama

Nature Interface

Tokyo, METI, WHO NHK

ckisui House

Kuwanomi
preschool
Kawawa

preschool
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: : —#4AIST
Sharing sensing data, tools, web service

http://www.openlife.jp

*Object data in houses

Life log data in our sensor-house
*Bayesian network (web service)
eprobabllistic reasoning and image
processing softwares
«Community place (Mach making
for seeds and needs)

g
-
b
O
e
o
®©
QO
%
&b
o
c
®©
&
S
I
I
—
=
O




a2 AIST

Science & Technology of everyday i

Social

probw

Low fertility

Aging

New research field SR
Knowledge of everyday life [ women

© : )

= | Science & Technology of everyday life [ yiciear family
@

< New crime
=

8 » |2 o Conventional knowledge
0 % 5 | 2 T (Excluded from society)
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