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HMM-based Intent Recognition System using 3D Image
Reconstruction Data
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Abstract

The mirror neuron system in the cerebrum, which are handled by visual information-based imitative learning. When we ob-
serve the observer’'s range of mirror neuron system, we can assume intention of performance through progress of neural ac—
tivation as specific range, in include of partially hidden range. It is goal of our paper that imitative learning is applied to 3D
vision—based intelligent system. We have experiment as stereo camera—based restoration about acquired 3D image our pre—
vious research Using Optical flow, unscented Kalman filter. At this point, 3D input image is sequential continuous image as
including of partially hidden range. We used Hidden Markov Model to perform the intention recognition about performance
as result of restoration-based hidden range. The dynamic inference function about sequential input data have compatible
properties such as hand gesture recognition include of hidden range. In this paper, for proposed intention recognition, we al—
ready had a simulation about object outline and feature extraction in the previous research, we generated temporal con-—
tinuous feature vector about feature extraction and when we apply to Hidden Markov Model, make a result of simulation
about hand gesture classification according to intention pattern. We got the result of hand gesture classification as value of
posterior probability, and proved the accuracy outstandingness through the result.

Key Words : Intent recognition, hand gesture recognition, 3D image reconstruction, HMM, mirror neuron system
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22 SHgAely] J[d AHQAEA HE
2.2.1 Unscented Kalman Filter 7|8t &2tM EZ F=X
919l Ay FAHstaz) st AAY 29 HE
I &80 A9 & A =4 Sl I 2]
AlAe] AiES Fola A4 FEE S 93kl un-
% sl
3 d

e

scented Kalman Filter (UKF)oll 7]%+3slk 2a)] &3
WS &85tk s o= Welsle] v E B
ol =2k Q1 gdelAle] A FAE flE 71E
2 A tollA] Kalman FilterE 283+ v} gt} [51[6]. UKF
& 7o s S F4E 8 okele A (DI F 7
Z} predictor®} updater® 2H8-3Hc}



RO = ARC 4w

(1) _ -1, (D)
Zi - pi + vi

@

alele] Al ¢ oMo Zal) Aol xV 2 mawE

WA &2 Aavies] Jeue, V2 gdss 24 9

~

g, aela wit) Ve mmas g o zm gejai.
o] W F4E: &2 ATHES] 9% plt) . Ao @
SUV =RV 4R
K{"" = AE/"S/"""
E" = AE(A” + Q- AE 'S/ E/ VAT @
i,(-t) :Ail(.t_l) +K£l_1)(Z£Z) —A&I(.’_l)_l)
witl st vitol gt 2219 E L Q Roleksta 7ol
= KZ(-t)ﬂ- F22ke] prediction errorE El(-t)i oz},
oA FAH Gl AANAE el FEelA
o §A Simel e P& AT UKFel tiste] =
o} gAsE e [6]S A

B oA AEEE 9 A

7k ohd A b wabd melglel Aol
o 4Ae Bal 54 AFL ) SlSAE Aol @
o Exom welshs 544 A% W
s 8 Ans 44T 297tk ek ¥

2.2.1 LK-Optical Flow =2 & 4 &
o

= O
£ Q8 2 =RoAE AR gy
2 A" 9B FEekaAt sk 5%
Wro 2 FAE A S g9 JAsRE JHsrh
A7 oM Zelds 1, g b, optical flows 1,
o I, ol EAsHE 54 Ak A9 WEE AHos A
o2 B 7 vt 8l 1A =ZH<l 7] §lole] HA p=(x,,

B9 I,0 5 1A 5AA i+, yite)2 wd
7Fs3l™, optical flows ool 2 (3)S HAS) al+ 4,
s, 0l ok setvelz 2@ & ek

t t
x;+w, Y tw,

> Y (i »—LG+6,, y+6,) (3)

.t ot
T=T; W =YWy

6(670,57) =

w,, w,= #4%E mask window®] x y 3 gholth
9 AE BEulE B =2olA AR8staLal sk LK op-
tical flows 2 Av = b= X8T + Ut} 219 7} param-

b={1,(py), L,(py), >, Lp,)I" & &A™tk 1, (p), I, (), I,
(p)E FHZAY IZ x 5 o] et BulRe ou}
9] st E F optical flow v, & T2 42 2t

SLOLG) SLGLK) | -SLeLK)
vl @
le(p,-)ly(pi) ZIJ,(p,)l,,(p;) *Zlv(p,)l,(p,-)

GLa=H HO[EE 0| &F HMM 7]k o EolAl AJAH

A F7+A A8 UKFS LK optical flow 7]l 7]¥ksk
Vel z

$H9% 4710 54

I
&t

% Ave a2 29t

(b) LK optical flow 2] g}

a8 2 SHPA el o

Fig. 2. Dynamic Image Input-based Behavior Feature
Extraction

3 SHYA Ao YISHE 0|8
ol Zolal Al2g

S| 9 EAS HEs] st ~
Helo FHEtE 53] 55 Aol e 33 A&
7oz sl AAE BAY UKFES o] &3 A &34
E4 %4 9 LK optical flowE 7|9 o =2 3l= 29 W
H FHo 54 9 54 HES FHSAT B =EolA
= ol#3 B4 9 AL vtz HHA o] it
o 22 W QAE EEF 3= HHEH: 7% A4k nd
& Aot Aete= AN 2l 2= Oy 33 2l

Stereo Camera 7/ 5
ERYBASHETLE

F 3x}2l 0|06 =2

ge== .
ALFE Intention

‘ Prediction

Context ZZX 2 M7 ‘ Parametric HMM Structure

Training Training

Feature Action
Vectors  States

=

O 3 =MM s 2= ek mar sk od
Fig. 3. Imitative Learning Model based on
Object-related Behavior Measurement

=
T

I

3.2 Hidden Markov Model 7|t EXM & Z=&t
ol o FE

137



Journal of Korean Institute of Intelligent Systems, Vol. 22, No. 2, April 2012

o

3f

S -ir

gt vb Qi) & i"nfoﬂ/ﬂ V\Eﬂoﬂ e T4 o
F o] E #=X|(observation)® A2 o]—"’ =5
x Hto 2 Fx IEbuy g5s AH HHA 8
¢ “del(hidden state) F4& 93 HMM<S F-=3Hh

States
(Goal)

G Observations
(finite symbols)

Vector
Quantization

9‘\0

3415 41

Sensory Data Set=
{Vector Quantized Dynamic Feature Information}

O3 4 G AdHEZ (8 HMM 7=
Fig. 4. Struction of HMM based on Dynamic Image
Input Features

HMMe] 948s ad H2 A2A g, y, z, HZE Fol3}
AR R S L,
HE SR WS S & 991 A9l
2 S={shrn % AT, HMMe] 7% :L%

ELO] TR, HMMS 748k IEE A=A,
= T el Aol

Se e
\]_lir-{>£

o]
3

>

a) A : state transition probability matrix
= {ay=P(sis)}i 1.2,

b) B : observation-state probability matrix
= {b(q)=P(qils)} =120 =12,.m

¢) m : initial state, observation probabilities
= P(s)i=12,.n

n 7H,,] _‘% EH(.,],J_) m 7H"] V'}‘A ](%Xc])g]' AE EHE]
dd HMMS =FoA $3slnA 8= 244 a9 e

5ol H&sted Viterbi S|l 76k
gy, o] w, HMM 7|4k 49l e 88 4% 53
s AL gev 2o,

g =argmax P(1|Q), Q =

f
o
@
Q
o
&
5

(i1
il

,,,,,

138

3ol AP FH 9 A4z AxAE oua B
R A 17 4048 B4e B B Qe 2
A2 9] 7k o F2 el distel Alekssich

Stereo Camera-based Dynamic
Image Acquisition

v

Camera Distortion
Correction

———

UKF
= Dynamic Edge

: 3D Image Reconstruction

Image Level
Normalization

LK Optical Flow
— Motion Fector

B QY YU 7 89
EEE

!

e

Yes ,,,-—/
LYs oxamss aAi—
—~— =T

T e

~

‘ Building History Map ‘

‘ HMM (Training/Evaluation) ‘ L 2EM A& SX oAl O| 2 0K
( End )
==
a7l 5 EHes 98 Ty olTolAl BEE

jog

Fig. 5. Flowchart of Dynamic Image Input-based Intent

Recognition

4. AlE8lold A HEY

=33 GYRA HolHE o] §a
6@94 A SR A\ZRe) ARAIAE St
A, EAAZE, A

2, 3%olM t&

ERPYRTE R

HE’ ol
=

Camera Distortion
Comuctitm Sterea Vision
‘ Image Level D Reconstruction|
e :

3D G4 AAY

% 6. o|=elAl AlZe|olM

25clolo{ a3
Fig. 6. Block-diagram for Simulation of Intent Recognition

AlEF oA A2 fjEor A8y = 3xkd Gl
B 2 Aol ®B{ M) 5 Point Grey Research
Corp.2] BumbleBee 2 2~HH S FiHetE o] &3l =3 s}
dom, FgAE A T Hd FEE fshe
OpenCV 2.3.1 glelE#2E& MSVC 2010 MFC2] Dlg 7]
U Aeg T2 a9 S 535t Th

O% 7o) EAIE AAF AEH)AL diide] He AA
= 471 AHe] 52 e e Ao R e
2 &2 FAE F 89 &k dlolH olt)h Seq.
1914 Seq. 47HA1= F3lskE £52bol gk R84 713
o] EASHA] ZAIRE Seq. 5H-E Seq. 87MA= G4 TGl
AR W Ee] ok H-EA M AE TP ATE AlEE
o doll 2 EA44 EFtd sk £ HE E 9% iy

1O =



el tidk shEs flete] & =weAe a9 83 e
Carnbndge Hand Data Sete] a2 104 571A]12] 94
< &&etArt (101

32l 7. ol ZolAl Algelo|de 9IEt &S ola oolg

Fig. 7. Hand Gesture-based Input Data for Intent
Recognition Simulation

a7l 8 =hEol & &SE Hlo[EH 0] oA

Fig. 8. Example of Hand Gesture Database for Training

Aol A 2313 AEE 3 FEEH VIR
A% 2 HMME o] 43 %% 945 EHEJ%%E
AdE 7
HMMe] Zxel AEJHH S
e BEE Ak dns EAls}i’iE}. o] A=

W AFehs WS o] gste] % QIAE FIT F
= HCI Al=519] 78 7hsds S gt

50 Ft i b ok o

T | 22X £XIAAF J|HF o CaE B A}

Table 1. Posterior Probability Distribution for Each
Hand Gesture Image Sequence

ok
ok
1
Hr
H

Probability Distribution (Likelihood) of
Image Sequence Intention States (%)

Index s s2 S3 s4
Seq. 1 85 7 2

Seq. 2 9 86

Seq. 3 1 8 89

Seq. 4 7 4 6 83
Seq. 5 72 13

Seq. 6 11 76

%% | 1o ALY S0 3
nx e =~

(53 53 218 A5 2
r,{n}w Y =30

GA=R OB E 08T HMM 7| 8F ol = QlA] Al AH

Seq. 7 6 15 68 11
Seq. 8 7 5 7 81

5. 42 ¥ &% &

A Z\—Eél% ZlRke = Ag-ate] 524 9
HCI A2=®le] &l 7)) o
stath AA 3?_17301]"1 AR Fo v AlxH
T A, FAEE 4F G sk, 9
gojuf Wl ER gk F-EAQ &Ao] viiskA WA st
& 532 39AR FAEE 584 3904 7]“]'

= A 2HEL RS
A AR gl vk 32kl FgHE] 2 —“1" 01]

2 dolg AT E FATFoEZMN G4 depth JRE E
A Y G SAS FoluA) skt o¥A A
Jatow HAo EAX 9 Ex
3te] Unscented Kalman FilterE %
Els %@u ﬁﬂ]ﬂ ¥ ’L% 235}l Lucas-Kanade Optical
=, Aol AggFozH AitEY a4
A A& J%Zé"’ﬂ’ﬂ/] T84 SUE BRI HE
A& Hidden Markov Model2 4% -41‘55—%7 2
A8, 718 gAY 71 HCIAA 5+ %"%QL
32k GdEd ARE A7) fEke s|aEE WE 75D
1 87 o A x{z]—;] RS PAREE P | Eﬂoc’} =27y
olHE d|2EY Hol| #atH oz Agstantk Add 54
tolHE 7|Re =z 524 q9E YEoz s o=
of st Al &E REE AXFSE HMM 7]4ke] @
FE Fy3toan HFHon FaluA = 54
Foll High oxR1AS FastT). Alb Wl gk
< flate] 471e] FHE FAEE S5 02 AlEH el

Fastd o, A HH $F4S EAISHATE
o= 544 P9l digk g gRE fste] &
T2 o]9le] AxA AAE Ve R e AFE T
o o, T 3xH FdA T Eobll A W 25—%
U= KINECT Al2="S 7|Rke = Aot & 74

HeQ shetE 7R R st Al~"ate] 5 H
3 1Eg& 1% A= NS zsgstaat gt

2
=
QrL
2
°
—{o

n)
o
q

i
o
T
ol
o
X,
do

trl

O:

R B R _Il
tlo ofN o Mz (M

E
e ot = 09:,
oft > kI met rf

X =
S L

e

[1] L. Xia, C.-C. Chen, and J. K. Aggarwal, "Human
Detection Using Depth Information by Kinect”,
International Workshop on Human Activity
Understanding from 3D Data in conjunction with
CVPR (HAU3D), Colorado Springs, CO, 2011.

[2] G. Buccino, F. Binkofski, and L. Riggio, "The
mirror neuron system and action recognition,”
Brain and Language, vol. 89, no. 2, pp. 370-376,
2004.

8] &4, vy, AAR, 33 AFAHR FHE
FHA F29 719 73 AR A A0S
SR A2 HE =X vol. 21, no. 5, pp.
537-542, 2011.

139



Journal of Korean Institute of Intelligent Systems, Vol. 22, No. 2, April 2012

[4] R. Poppe, “Vision-based human motion analysis:
An overview,” Computer Vision and Image
Understanding, vol. 108, pp. 4-18, 2007.

[5] Y. Chen, T. Huang, “Parametric contour tracking
using unscented Kalman filter,” in Proc. [EEE
Int] Conf on Image Processing 2002, 2002.

[6] M. Musrshed, M. A. A. Dewan, O. Chae,
“Moving object tracking—a prametric edge track-
ing approach,” in Proc. Intl Conf on Computer
and Information Technology 2009, 2009.

(7] g2, 2w, w8, A+1R, "ASM-LK Optical
Flow 7|8%v  HH dag4  ESAZA 71487
SR A2 H S =X, vol.2l, nod, pp. 512-517,
2011

[8] J. K. Kearney, W.B. Thompson, “Optical flow
estimation: an error analysis of gradient-based
methods  with  local  optimization,” IEEE
Transactions on Pattern Analysis and Machine
Intelligence, vol. PAMI-9, no. 2, 1987.

[9] C. H. Han, C. S. Oh, B. W. Choi, "Recognition
of Fighting Motion using a 3D-Chain Code and
HMM,"” Journal of Institute of Control, Robotics,
and Systems, vol. 16, no. 8, pp. 756-760, 2010.

[10] T-K. Kim, S-F. Wong and R. Cipolla, Tensor
Canonical Correlation  Analysis for  Action
Classification, /n Proc. of IEEE Conference on
Computer Vision and Pattern Recognition
(CVPR), Minneapolis, MN, 2007.

[11] 2332, 98, AAR, 3399 45 doHE
o] &% HMM 7|9k o= A28 %54/
=des] 20119 % F7 =018 vol. 21, no. 2,
pp. 15-16, 2011.

N XA N

1Z2(Kwang-Eun Ko)
2007 FdThaha A7) T e FopAL
20079 ~ @A) Fdosta gigy
WA 7)o
3 Zé

uapgge

P E-oF : Multi-Agent Robotic Systems (MARS),

Machine Learning, Context Awareness,
Emotion Recognition Systems %

Phone @ 02-820-5319

E-mail @ kkeun@cau.ac.kr

140

85 01(Seung-Min Park)

2010 : Sl AR 7S FEAL

2010 ~ @A) : Sk gk
AR 7] e
AAME- Sy

A %o} : Brain-Computer Interface, Intention Recognition
Soft Computing 5

1 02-820-5319

. sminpark@cau.ac.kr

iy

Phone
E-mail

HZ=Y(Jun-Yeup Kim)

20129 S dxpdr)E

2012 ~ @A - TSt 0ig]
AR 7] -8 A AA

Al EoF : Brain-Computer Interface  System, Particle
Swarm Optimization, Neuro- Robotics %

Phone @ 02-820-5319

E-mail : jy915@cau.ac.kr

7 Z(Kwee-Bo Sim)
1990d : The University of Tokyo
AAF sk} Fshaba}
19919 ~ @A) @ FSEL AR 7|5
g

2006 ~ 2007 @ F=AlSAI=REE] )7

)

Phone
E-mail
Homepage URL : http://alife.cau.ac.kr

1 02-820-5319
: kbsim@cau.ac.kr



