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Human gait -Personality-

Gait recognition: Person authentication from gait personalities




CBL o
Example of practical use (1)

m Gait recognition on burglar on CCTVs
Admitted as evidence in UK court!"

A burglar caught on CCTV w
convicted thanks to his gait

utomatic gait recognition on public CCTV images has been
admitted as evidence in UK courts for the first time.

w

[1] http://news.bbc.co.uk/2/hi/programmes/click online/7702065.stm, "How biometrics could change security,” BBC News, 31 Oct. 2008.

CBL o
Example of practical use (2)

m Gait recognition on firer in Japanl?!

1990/8P409  opBLRC9RY

ERED LA AT DW: &

BRm 2

[2] 200942 A 208 & B VOICE MEBIETE? AL Z B -BEOMPEELE | -SEHTHIELRKE]

Mainichi Broadcast VOICE (2009/2/20)

= B
Advantage of gait recognition

| Criminal investigation

o

1 Authentication at a distance ]

Gait can be authenticated at
a distance from a camera

Judge whether a perpetrator and a suspect Face recognition does not work

are the same or not from gaits due to heavy occlusions by mask

CCTV of firer

=2

Far

Distance to sensor

= B
Today'’s topics

m Gait recognition
m What is the difficulty for applying gait recognition to
wide-area surveillance ?
The difference of the observation direction
Speed change
The difference of clothes
Low sampling rate
Occlusion in crowd scene

m Age estimation
m Gait analysis for innovative entertainment
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Gait identification
& gait verification

= I
Gait feature extraction

Original image sequence Sllhouette sequence

!

Size-normalized
silhouette
sequence

Averaged Asyzmmetrlc Symmetrlc
silhouette  motion motion .
Autocorrelation

Illl.l[“l.l.!lﬂl]
@:(ﬁllﬂlﬂlﬂ[ﬂl}]

Frequency-domain feature Gait period

Y. Makihara, R. Sagawa, Y. Mukaigawa, T. Echigo, and Y. Yagi, **Gait Recognition Using a View Transformation|

(= T
Dissimilarity: Single feature

. Database | . Query |
(Suspect) (Perpetra!or)

A (x, v,k A" (x, v,k
( 4 ) mMatchingﬂ ( z )

1 Dissimilarity

Red: Database only
Green: Query only
White: Common

t= |3 (4 y, k)= A" (x, . K) ]

x,y.k

Model in the Frequency Domain,"” 9th European Conf. on Computer Vision, Vol. 3, pp. 151-163, 2006.

= EEE
Database: OU-LP

350
‘ WMale mFemale »»

?.

.
U

The world largest database with 4,007 subjects (Male: 2,135, Female: 1,872)
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Identification (1:N matching)

Which one
is the same

Applications
Person re-identification
ID-less access control

.P_

erformance evaluation: identification
[lwama et al. IFS 2012]
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Rank
Cumulative matching characteristics (CMC) curve

| 94% rank-1 identification rate (N = 3,141) |

Verification (1:1 matching)

Probe (query) Gallery (enrolment)

same subject
or not

Applications
»Matching a perpetrator and suspect for a criminal investigation.
» Detecting a specific person at border control.

Performance evaluation: verification

0.12

0.10 —All : FDF
—All: GEI
0.08 —All : GEnl
—All : GFI
& 0.06 - .
& 0 —All: MGEI
—All: CGI
0.04 \
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World first packaged gait verification system for
criminal investigation

Gait Verification System

Developed by Gait research group,
Yagi lab, Osaka University, Japan

Mode Storage ID: Demo_Verificatior «

Stepl.  Subject registration
Step2.  Silhouette creation
s Step3-A. One-to-One verification

o e et Start

Storage maintenance

What is the difficulty for applying gait recognition to
wide-area surveillance ?

The difference of

the observation direction
« ECCV2006

Speed change CVPR2010

The difference of clothes
= Pattern Recognition 2010

The difference of shoes

Low sampling rate
= ACCV2010, IJCB2011,
= CVPR2012

Occlusion in crowd scene

|
Example of batch verification
Probe setting Result
Probe ID L Rank  Gallery ID Gallery  Difference  Probability
0002000 7% 1 0002001 -
' ﬂuu =
= .
View 7 Raflectiainto 2 0550151 ,' 817
l %
o
0002010| "
=
~ u“
« B

Challenge -View differences-

| Probe Gallel

ry
(E.g., perpetrator)| / (E.g., suspect)

Difficult to collect multi-view gait
features for uncooperative subject
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View transformation model (VTM)
[Makihara et al. ECCV 2006]

Training subjects

(Cooperative) { VIM |

Subjgects
‘ f ]
~ Ly 4]
v 3
= Sl
iE-3 o 3=

SVD

MR
2

Test subject
(Uncooperative)

Galle

Gallery  Probei

Same view

= B
Formulation of VTM in frequency domain

m Decompose training data matrix of gait features
into individuals and views by SVD

individual
1 2 M
ay a; - ay F,
1 2 M
=K a, - a F,
% % lcusr=| B v ]
S e
) ) o View-independent
a, a - a F, | individual vector
3 x K K

S q Transformation matrix
Training data matrix to each view

m Gait feature for mth subject from 6, view

m __ m
ag =Fv

= B
View transformation

= From a single reference ; to 6,

m __ m
a; =hv

m __ m
a, =Fv P 5o
o m 0,0 | | Y,0
a1 = By v . .
J i J :aéﬂ :})9 . .

P ar”
m — m 6, (k) 6; (k)
A (1) F:a,(k)v

ik 0o MM
N Y R ¢

= From multiple references {/(1)...., 6;(k)} to 6,

=
How does it work?

Feature from
view 6;

Back-project the point Point in
into feature from view 6; joint subspace

Joint subspace

Test subj. i ____________ (VM)
"I

Trainingsubj. 2 5l - = = — = = — = — =

Training subj. 1 i ------

Project feature from view 6;
into joint subspace

! > Feature &
i E ¥ e ei

Training TrainingTest
subj. 1 subj. 2subj.
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https://en.wikipedia.org/wiki/Singular_value_decomposition

2019/1/8

.-_' .-_'What is the difficulty for applying gait recognition to

Transformation results wide-area surveillance ?

Gallery
0 deg 1 The difference of
the observation direction
15 deg « ECCV2006

1 Speed change cvPR2010
30 deg 01 The difference of clothes

= Pattern Recognition 2010
45 deg .
0 Low sampling rate

= ACCV2010, IJCB2011,

60 deg « CVPR2012
L OCCIUSIOn N Crowd scerne
75 deg » ICB2015

90 deg HH '
) A

Challenge: Serious occlusion

Case 3
Occlusion without
common observable

Case 1
No occlusion

ion

Gallery Probe Gallery Probe Gallery Probe

% Common observable regions (COR) are used for recognition
% Direct comparisons are impossible in case 3
because any common region cannot be observed




= I
Gait regeneration for recognition
(ICB2015)

lRegeneratlorJ

independent H

— E | “.. “..

= I
Experiment . Regenerated gait

Original featur

nstructed featurs

HNN h- eeeeeeeeee

LER LIER ER
LIER LIER [\ER
LER [N [N
LN R 18R
LIl A [ER
LR [N A
LN 1

Original featur

nstructed feature

B

Available
Feature region

Subject

Subject |

Proportion of observable region
Type 20 30 40 50
] R St

Experiment .

Results with horizontal observable patterns 'R

100

90

Gallery |50 L40 L30 L20 50

View Angle  probe 70
R30 | 164 236 393 47 60

85 R4 | 206 256 389 48 <
R30 | 319 346 421 8 2 10

20 | 418 414 444 48 F 20

Equal Error Rate 20

10

]
0 10 20 30 40 50 60 70 B0 90 1
FAR [%]
ROC curves of propose method against gait features
with view 85 deg where L50 is used for the gallery

'« HEEET
"“What is the difficulty for applying gait recognition to
wide-area surveillance ?

The difference of

the observation direction Reference3 Kt ll[‘ll'l"

= ECCV2006

[ Matching with speed transformation |

Speed change CVPR2010

ACCV2016

Transformed 7km/h H[!l" !u

Jlatchlng
The difference of clothes Probe 7km/h ""lll]l‘

= Pattern Recognition 2010
Low sampling rate

= ACCV2010, 1JCB2011,CVPR2012
Occlusion in crowd scene

= ICB2015

Speed transformation model
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Challenge -Speed difference-

6 km/h

7 km/h 8 km/h 9 km/h 10 km/h

Speed Invariance vs. Stability:
Cross-Speed Gait Recognition
using Single-Support Gait Energy Image

C. Xu, Y. Makihara, X. Li, Y. Yagi, J. Lu, "Speed
Invariance vs. Stability: Cross-Speed Gait
Recognition Using Single-Support Gait Energy
Image", In Proc. of the 13th Asian Conf. on
Computer Vision (ACCV 2016),

o I
Single-Support GEI (SSGEI)

m Aggregate multiple frames of optimal duration around
single-support phase.

Double-support Single-support Double-support Single-support Double-support

ol WIOH MW B BB N BN R
oLV LEL 000 RN PR BN PN Y T0 N 0N R B B Y
o N A AR

1 vT

L, 4 » e
x 5
351 a4 E51(P) Es2(P) 2 552(0)
p: hyper parameter for
duration selection

m Representation:

q ()

1
) = 2 2 1
SCuy:p) = EMWH k(y)](x.y,L). (0<p=1/y).

= B
Post-process

m Gabor fllterlng [Tao et al. 2007]
Gabor kernel functions of 8 directions and 5 scales.

Directions
Scales
Gabor Functions
_—

LSO,

SSGEI

Gabor-SSGEI

m Metric Learning
2DPCA (vangetal 2004: Reduce feature dimension.
2DLDA pietal 2005 Achieve optimal discrimination

capability.

2019/1/8



= B
Experiments: dataset 1

m OU-ISIR Treadmill Dataset A [Makihara et al. 2012]

Speed variation: 2 km/h ~ 7 km/h (walking)
Training set: 9 subjects, testing set: 25 subjects

[ Contains the largest speed variations. ]

[« T
Experiments: Gallery 4 km/h vs. probe 7 km/h

- --Keyframe ——Keyframe+2DPCA+2DLDA

---GEl —GEI+2DPCA+2DLDA

- - -SSGEI ——SSGEI+2DPCA+2DLDA
Gabor-GEl Gabor-GEI+2DPCA+2DLDA

- - Gabor-SSGEI —Gabor-SSGEI+2DPCA+2DLDA
ROC

) L

0.1 p&R 0.3 0.4

cmcC

12345 7 8 910
Ranﬁ(

I The propose method achieves the best accuracy. I

= HEEETTT
Experiments: Comparison with state-of-the-arts

m Rank-1 identification rate [%] in case of small and large speed changes.

What is the difficulty for applying gait recognition to

wide-area surveillance ?

The difference of

the observation direction

SN ple¥)
Speed change MV ST Manavongaovan ST IS pusaumitan RSM Proposed
and Bobick. 2004] al.2012)
St (i:yh/)h 2ncl 84 90 98 100 100
Large (2 km/h and 6 35 58 82 95 o8

km/h)

m  Averaged rank-1 identification rates [%] over 36 combinations of walking
speeds of DCM, RSM and proposed method.

Algorithms Rank-1 identification rate
DCM 92.44
RSM 98.07
Proposed method 99.33

The proposed method clearly outperforms the other algorithms, in particular in case
of large speed changes.

= ECCV2006
Speed change CVPR2010

The difference of clothes
= Pattern Recognition 2010, ACCV2016

Low sampling rate
= ACCV2010, IJCB2011,
» CVPR2012

Occlusion in crowd scene
= ICB2015

2019/1/8
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it energy response function for
clothes-invariant gait recognition

X. Li, Y. Makihara, C. Xu, D. Muramatsu, Y. Yagi, M. Ren,
"Gait Energy Response Function for Clothing-invariant
Gait Recognition”, In Proc. of the 13th Asian Conf. on
Computer Vision (ACCV 2016)

Background

= Gait recognition

Pros:
= Availability at a distance for an uncooperative subject (c.f. face,
iris)
Cons:

= Accuracy drop due to many covariates (e.g., clothing, view,
speed)

Gait energy images [Han and Bhanu 2006] under clothing variations

=
Objective

m Transform GEI into more discriminative feature under
clothes variation

B A sort of gait
—_ energy
transformation
“

GEnl value

GEl value GEnl [15] process via a gait
0) energy response
function (GERF)

Masked GE| value

Masked GEI [16

GEI [14] GEl value asked GELLIG]

3

(_V —

g

w

['4

w

o GERF

GEl value

Comparison with state-of-the-arts methods

m Compare with the state-of-the-arts methods

0 — —SvB frieze pattern [24] 1.00

'\ -~ Components-based [35]

L\ -----LDA[34]

0.40 Y Whole-based [17] 090 | a
v\ -~ -Part-baesd [21] o
030 . \\ —— Gabor-GERF+2DPCA+2DLDA ® P
o\ (proposedmethoc) §080 ¢ __ — == Baseline+GE| [30]
= PPt GEI+PCA+LDA [14]
& - GEnI+PCA+LDA [15]
= 0.70 /// Whole-based [17]
H - - - - Part-based [21]
] L Part-EnDFT [22]
= 060 / + GEI+RSM [23]
. 7 4 Gabor+RSM-HDF [26]
7 —— Gabor-GERF+2DPCA+2DLDA|
4 (proposed method)
0.50
1 2 3 5 6 8 9 10
Rank
CMC
curves

2019/1/8
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.-_'What is the difficulty for applying gait recognition to

wide-area surveillance ?

1 The difference of

the observation direction
= ECCV2006
1 Speed change cvPR2010
01 The difference of clothes
= Pattern Recognition 2010
01 The difference of shoes
0 Low sampling rate

= ACCV2010, IJCB2011,
= CVPR2012

1 Occlusion in crowd scene
= ICB2015

Challenge -Low frame-rate-

Solution
m Periodic Temporal Super Resolution (PTSR)

Low frame-rate video

High frame-rate video

PTSR

[ Improve accuracy

: Reconstruction-based PTSR

-Qverview- [Makihara et al. ACCV 2010]

Silhouette:

pointin e

igen space

Input | Silhouette sequence | | Eigen space | Output

(Low frame-rate) | periog

[.IE> noun ol

0 A
" Phase (:gait stan?

N

(High frame-rate)

I
-1

Various gait stances Period of silhouette sequence:
among periods Closed curve in eigen space

2019/1/8
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= B
Reconstruction-based PTSR -Failure mode-

Input Silhouette sequence Eigen space Output
(1fps) Period (High frame-rate)

Similar gait stances
among periods

Fail under stroboscopic effect

(= HEETT
Example-based PTSR -Overview-

Exemplars
(Cooperative subj.: High frame-rate)

AR LAATATA Y
AL 3IATATA 4]
AL LLEALLEL

Vs

Input

Eigen Space (Uncooperative subj.: Low frame-rate)
BN
Output

(Uncooperative subj.: High frame-rate)

A AL ULARLA

(= HEETT
Example-based PTSR -Failure mode-

Exemplars
(Cooperative subj.: High frame-rate)

AR LAATATA LY
AL 3IATATA 4]
AL LLEALLEL

Vs

Fail when input is
far from exemplars

L‘(Eigen Space (Uncooperative ISTJEjl:J:tLow frame-rate)
ST ) R
Output

(Uncooperative subj.: High frame-rate)

[ IR

Unified approach to PTSR (akae etal. cvPr 2012]

Training set (High frame-rate)

A 41 1A AL 4 PEEN—
GAALLEALLL Y

Input Output
(Low frame-rate) . (High frame-rate)
ow rame-rate Reconstruction-based cue ' oh rame-rate

Period

A0 {1
! u;r> ,
R RO g

Mhlti-period of;servation ~ Eigen space

2019/1/8
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=
How does it work?

Reconstruction-based

Example-based

Reconstruction
+ Example

Reconstruction
+ Example
+ Prior (smoothness)

Solve by energy minimization framework

=
PTSR results -1 fps-

=
Performance evaluation: Verification

0.18

0.16 [Akae et al. 2011]

0.14 [Al-Huseiny et al. 2010]
012 r

0.10 t Direct

0.08

0.06 I
0.04 & o0od
| Proposed i=

0.00 )
1 2 3 4 5
Frame-rate [fps]

EER
@
QO
a

Frgfniqr?F;Latte Input [A"Huzslﬂf(‘}]’ etal | akae etal. 20111 | Proposed
1 fps
[« T

CNN-based discriminative approach

Convolutional Neural Network (CNN)-based gait recognition

Convolutions Polling  Convolutions Polling Fully
connected

CNN-based methods have achieved state-of-the-art
performance.

Network architectures can be designed flexibly.
56

2019/1/8

14



VTM based approach

Target

Bl 5 —%02017 Google, ZENRI

57

CNN based Cross View Approach

b7 —4©2017 Google, ZENRI

Applications
»Matching a perpetrator and suspect for a criminal investigation.
» Detecting a specific person at border control.

\

ontrastive
Loss

1

S R

> =
/

4

v

60

2019/1/8
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= BT
In case of large angular difference

61

= HEEETTT
CNN based Cross View Approach

Score level fusion

[ 7 —%5©2017 Google, ZENRI

Gait database

OU-MVLP (OU-ISIR Multi-View Large Population)
Gait feature: GEI (Gait energy image)
#Subjects: about 10,000 (training : testing =1 : 1)
View variation: 14 views (0-90° , 180-270° , 15° -

In 0° 15° 30° 45° 60° 75° 90°
180° 195° 210° 225° 240° 255° 270°
n n E———— “ u “ = 63

o
£
£
©
S
=

62
(= T
ROC curve of new combined CNN model
100 1 [——%5# (30 vs 300
A -=—AREFE (0'vs 90)
g s [N —— R (30" vs 30)
ué .\ - == RERFE (0°vs 90)
o \Y 04
3 AN
60 ~
% \\
o o
(] N e
“® W
5_“1 40 = \\\\
x \\
4 ‘\‘
L2 N
..
0 =
0 20 40 60 80 100
FAR(False Alarm Rate)
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_

Identification (1:N matching)

Which one
is the same

Applications
Person re-identification
ID-less access control

_
Network architecture for identification

Loss: Triplet ranking loss
Loss = max(margin — (L 2t )2+(L 2same )2 0)

dissimilarity of d|55|m|Iar|ty of
the same subject ifferent

Relative similarity
scores are
important !

same different
subject subjects|

Input: trip S mcludmg e same 66
subject and different subjects

8
_
CNN based gait identification
Large angular Small angular
difference difference
67

_
Rank-N identification rate (Subject about 5,000)
e KA (30° vs 307)
100 g ===-&F% (0°vs 90"
/"I : | e oS 30)

g T - == -ERFE (0" vs 90)
— 80 LR
o -9
T -
5 -~
g’ 60 74
= 4
= 4
g /
= 40 I'
= ]
T ]
@ i

20 ,'

I DO S O -

0 20 40 50 60 80 100
Rank

2019/1/8
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= B
Benchmarks

Direct matching
= DM (L2 distance of two GEls as the dissimilarity)

Generative approach
= VTM (View transformation model) [ECC\V/2006]

Discriminative approach
= LDA (Linear discriminant analysis) [ICB2014]

CNN-based discriminative approach
= GEINet [[EICE2016]
= MT (Mid-level@Top) [TPAMI2016]
= LB (Local@Bottom) [TPAMI2016]

= I
Evaluation criteria

m For verification

Equal error rate (EER)
EER of false acceptance rates (FARs) and false
rejection rates (FRRs) .

m For identification

Rank-1 identification rate

Rate of hitting the best matching as the correct
matching.

15

Angular difference [deg]

Angular difference [deg)

16
[« T
Comparison with benchmarks
Verification Identification
5 100
- DM o DM
LDA LDA
0 VM 80 VM
GEINet g GEINet
-~ 1B £ -~ B
0 MT E_:; 60 -  MT
& Ours E —— Ours
5 (2in+diff) £ (3in+2diff)
w c
20 8 w0
&
10 - 20
, / ) .
0 30 60 90 0 30 90

| saw a man

with 30’s ..
=y
w ’b;f,'&
&) A ceTv

Age-dependent model for
attention/intention understanding

Gait-based age

Criminal investigation
(Find suspect with witness)

A

Suspect

estimation (AIU2018 pec. 3rd, 2018)

Surveillance
(Find wandering elderly)

Access control
(Age restriction)

Market research
(Customer counting)

72

2019/1/8
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= B
Related work

m Regression

Gaussian process regression (GPR) makiara+ 2011, 2016)
Support vector regression (SVR) (suo+ 2008]

m Classification
Multi-label-guided (MLG) subspace analysis v 2010

b7 | b | bs by | by | bo by by

Age labels Gender label

= Manifold learning
Ordinary preserving manifold analysis 2013
Orthogonal locality preserving projections i 2018

Few deep learning approaches to gait-based age estimation

73
[« T
Input data
m Gait energy image (GEI) (Han+ 2006]
Simple yet effective gait feature
The most widely used in gait analysis community
Silhouette Normalization Feature
extraction & registration m extraction “
Normalized
Original image sequence Silhouette sequence silhouette sequence
75

u
Objective
m Validate the effectiveness of deep learning
approaches to gait-based age estimation
ﬁ] " i:: ‘
¢ e 4
DenseNet [Huang+ 2017] OULP-Age [xu+ 2017]
State-of-the-art network architecture The world largest database (+60,000 subj)
74
= HEEETT

Network architecture

m Densely connected convolutional network (DenseNet) [Huang+
2017]
State-of-the-art performance in many computer vision tasks

Utilize skip connection from all preceding layers

2019/1/8
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Experiments: Data set

m The OU-ISIR Gait Database, Large Population
Dataset with Age (OULP-Age) ixu+ 2017]
163,846 subjects (31,093 males and 32,753 females)
1 Age range: 2 to 90 years old
I Protocol
= Training set : 31,923 subjects

T el mmk. NA AAN Ll i

Male

Female

b Py g, Sy . ~—y o =, .«...J.”_‘;,r o 45 WY A

Voungcr‘—ﬂder
77

Experiments: Mean absolute error
e #Test samples
1
MAE = — » |If — I§]
%
Estimated age Ground truth age
MAE [years]
-
Nearing
\
D
IearrﬁﬁgJ {

|
Experiments: Scatter plots
100
= 80
=]
> 60
o)
&
B
< 40
£
4]
20
0
0 20 40 60 80 100
Ground truth age [years old]
GBE I Neksaicfopdsplamthadamnqetattbd 78
|
Experiments: Cumulative score
Noe;— #Test samples whose absolute errors are lower than j years
CS() = ==
N — Test samples
1.0
0.9 Bett =
0.8 © ; =
207
o 0.6 /7
503 Y GPR (K=10) - --GPR (K=100)
g 04 o ——GPR (K=1000) - -~-SVR (lincar)
.j 0.3 J ——SVR (Gaussian) OPLDA
0.2 OPMFA MLG
2 ——AGDMLR - - -GEINet
0.1
——Proposed
0.0 7
0 5 10 15 20
Absotute error [years old
sotute error [years old] 80
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= B ,
[E1%
Ad: World's largest gait database gz

Data set #Subjects | Covariates E :
14 views ==

%ﬁgﬂ\ﬂ;? 10,307 m-;-l*_! nnnuu““
1) N LIEIEIEIENEAEY

o

Carried objects in the wild .
OULP-Ba Front reg‘mn y > |
[Uddin+2o1ga] 62,528 . ! (Eakregin] uuuuuu ﬂ
i 1 LA R AT
Wide age range

X szi}a]ge 63,846 !M‘ u “ u “uu
u+ y

81

= I
OU-ISIR Gait Database

http://www.am.sanken.osaka-u.ac.jp/BiometricDB/index.html
m  The OU-ISIR Gait Database
Treadmill Dataset
= dataset A -Speed variation-
= dataset B -Clothes variation-
= dataset C -view variation-
= dataset D -Gait fluctuation-
Large Population Dataset (4,016 subjects)
Large Population Dataset with Bag (62,528 subjects)
Large Population Dataset with Age (63,846 subjects)
Large Population Multi-view Population Dataset (10,307 subjects)
Inertial Sensor Dataset
Similar Actions Inertial Dataset
m  The OU-ISIR Biometric Score Database
Please note that each corresponding signed release agreement is required to

get the access to each dataset, i.e., required release agreements are different
among datasets.

= HEEETT
List of representative gait databases (DBs)
CMU MoBo 25 600 v 6 | (Treadmill)
. 15 268 v - o
Georgia Tech 18 20 7 — —
25 100 1 o}
HID-UMD 55 222 v 2 [¢}
SOTON Small Database 12 - v 3 |
SOTON Large Database 115 2,128 v 2 1/0
SOTON Multimodal >300 >5,000 v 12 |
SOTON Temporal 25 2,280 v 12 |
USF HumaniD 122 1,870 v 2 o]
CASIAA 20 240 v 3 i
CASIAB 124 13,640 v 11 |
CASIAC 153 1,530 v 1 (o}
CASIAD 88 2640 v 1 o
OU-ISIR, Treadmill A 34 612 v 1 I (Treadmill)
OU-ISIR, Treadmill B 68 2,764 v 1 I (Treadmill)
OU-ISIR, Treadmill C 200 200 v 25 I (Treadmill)
OU-ISIR, Treadmill D 185 370 1 I (Treadmill)
OU-ISIR, LP 4,007 7,842 2 I
OU-ISIR, LP-Age 63,846 63,846 v 1 |
OU-ISIR, LP-Bag 62,528 178,018 v 1 I
OU-ISIR, MVLP 10,307 277,358 14 I
TUM-ITKGP 35 850 v 1 [}
TUM-GAID 305 3,370 v 1 o}
WOSG 155 684 v 8 [¢} 82
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=
Dive Into the Movie

“Dive into the Movie (DIM)” is a name of project to
aim to realize a world innovative entertainment
system which can provide an immersion
experience into the story by giving a chance to
audience to share an impression with his family
or friends by watching a movie in which all
audience can participate in the story as movie
casts.

To realize this system, we are trying to model and
capture the personal characteristics instantly
and precisely in face, body, gait, hair and voice.

Collaborated with
Waseda University (Prof. Morishima)
Advanced Telecommunications Research Institute
International (ATR). (Dr Nakamura, NAIST)

Online measurement of intuitive gait feature for digital
entertainment [3][4]

A Offline process N

Captured image Synthesized animation Key gait motions
acquired with MoCap

Rendered silhouette

Extracted silhouette

-

Intuitive gait feature Blend ratio estimation Intuitive gait feature
' s ¢ 0.1q, 0.2 ° ' s
K A a.s

[3] M. Okumura, Y. Makihara, S. Nakamura, S. Morishima, and Y. Yagi, *“The Online Gait Measurement for the Audience-Participant Digital Entertainment,”
Proc. of Invited Workshop on Vision Based Human Modeling and Synthesis in Motion and Expression, No. 5, pp. 1-10, Xi'an, China, Sep. 2009.
[4] Y. Makihara, M. Okumura, Y. Yagi, and S. Morishima, **The Online Gait Measurement for Characteristic Gait Anlmallon Synthesis,"” Proc of Human

J/

Computer Interaction International 2011, Virtual and Mixed Reality - New Trends, vol. 6773, pp.325--334, Springer, Orlando, FL, USA, Jul. 2011.
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