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m Biological Motion Lab. Queen's University
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Human gait -Personality- Identity -

Example of practical use (1)

m Gait recognition on burglar on CCTVs

uuuuu

A burglar caught on CCTV was
convicted thanks to his gait

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

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

m Gait recognition on firer in Japan!?

PR BERI°  opELBT0SY

KEXD YL AT D5

@rm 2

[2] 200942 A 208 &A% VOICE MEMITTE ? MKLZB--BEORPEELL | -HEHTHESTRAKE]
Mainichi Broadcast VOICE (2009/2/20)

= B
Advantage of gait recognition

Criminal investigation Authentication at a distance

d uw T
Bl o
\ 1) L T
| :

CCTV of firer 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

| PSR

Distance to sensor
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Today'’s topics

m Gait identification & verification
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 Gait Analysis for Innovative Entertainment

Gait identification
& gait verification
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=« EEE
Person authentication by biometrics

IFingerprint] | Face |

=\

\
A \

o

Gait feature extraction

Size-normalized

silhouette
Original image sequence Silhouette sequence sequence
0 1 2
Averaged Asyzmmetric Symmetric @
silhouette  motion motion :
Autocorrelation
EALEASAATRAL Y
@< HIINETRIVNEYRN
Frequency-domain feature Gait period v

Y. Makihara, R. Sagawa, Y. Mukaigawa, T. Echigo, and Y. Yagi, "~ Gait Recognition Using a View Transformation
Model in the Frequency Domain,” 9th European Conf. on Computer Vision, Vol. 3, pp. 151-163, 2006.




Dissimilarity: Single feature

Database Query
(Suspect) (Perpetrator)

A (x, v,k A" (x, v,k
( 2 ) QMatohingﬂ ( z )

Dissimilarity

Red: Database only
Green: Query only
White: Common

t= |3 (40 (e vk = 47 (x, 3,00

x,y,k

PRl
Database: OU-LP

B Male mFemale »»

0-4 5-9 10-14 15-19 20-24 25-29 30-34 35-39 40-44 45-49 50-54 55-59 60-64 65-69 70-74 75-79 80-84 85-89 90-94
Age

The world largest database with 4,007 subjects (Male: 2,135, Female: 1,872)
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Performance evaluation: identification
[lwama et al. IFS 2012]
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Cumulative matching characteristics (CMC) curve

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

FEE
Performance evaluation: verification
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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

e Step3-A. One-to-One verification
Step3-B. One-to-Many verification Start

Storage maintenance

Example of batch verification

Probe setting Result | < || >
o — Gait feature

Probe ID e Rank  Gallery ID Gallery  Difference  Probability

eriod No. 0/
0002000 A il 0002001
0001040 s
0002000 o=
c00200s :
View i1 Reflectiafe 0550151
No.2 ect
L/
0002010
Verification %
D Mask .
ot Mack

DL 0002023
i
elec
0340003
. “ “ 'y
3

Referred subject number: 22 ¢! Show feature difference
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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

1 The difference of clothes
= Pattern Recognition 2010

1 The difference of shoes

1 Low sampling rate
= ACCV2010, IJCB2011,
= CVPR2012

1 Occlusion in crowd scene

Challenge -view differences-

Gallery
(E.g., suspect)

N

Difficult to collect multi-view gait
features for uncooperative subject

10



View transformation model (VTM)
[Makihara et al. ECCV 2006]

Training subjects Test subject
(Cooperative) VTM (Uncooperative)
SubjeEts

2 -
e "ea

i85 3 o &=
g . . SVD i

i 5 (Singular Value Decomposition)

Probeé

Same view

)
=

2
Q'

'« BT
Formulation of VTM in frequency domain

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

individual

P —————

1 2 M

ag Qg - Gy F,

1 2 M
g% % % ygpr o b v ]
= : . . . :

. 5 w View-independent

a a e a Pe individual vector

Oy [ 0y K

Transformation matrix
to each view

m Gait feature for mth subject from 6, view

Training data matrix

m __ m
a, —Pey

18/01/27
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=
View transformation

m From a single reference 6, to 6,

a, =P v" 0d
91 6,- m __ + m eg
=a, =K F, a,

ag =L v" 90 deg II

Orthogonal motion to reference 6, is degenerated

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

a, =P, v" v
no_p By | | 0
@9 1) = Lo,V —~a" =P : :
B 6, — 6

m
a" = " Pa,.(k) Qo (r)
6;(k) 0;(k)

=
How does it work?

Feature from
view Gj

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

Test subj. i _____________________________________________ .
Training subj. 2 |

- . - . Project feature from view 6,
Training subj. 1 g t~""""¢ ; 5 ‘- into joint subspace

Joint subspace
(VTM)

3 i : , Feature
i ﬁ ¥ from view 6,

Training TrainingTest
subj. 1 subj. 2sub;j.

18/01/27
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FEE 22 s
Transformation results

Gallery

0 deg

15 deg

30 deg
45 deg
60 deg

75 deg

90 deg

FL..
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

Low sampling rate
= ACCV2010, IJCB2011,
= CVPR2012

Occlusion in crowd scene
= ICB2015

18/01/27
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Actual situation of observed gait in surveillance

= BT
Challenge: Serious occlusion

Case 3
Case 1 Case2 Occlusion without

No occlusion Occlusion common observable region

Caet i wy

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

18/01/27
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Gait regeneration for recognition
(ICBZO1 5) Gallery Probe

‘Regeneratlon\

—>

independen
training subjects|

£ L

Original feature

LEN [N LEN

|
Experiment : Regenerated gait
AL LA e

Feature region Reconstructed feature
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« YA
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Subject

Feature region Reconstructed feature
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18/01/27
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Proportion of observable region
Type 20

-

Experiment

Results with horizontal observable patterns

R

tal observable

100
90
80
Gallery L50 140 L30 L20
View Angle  probe 70
RSO | 164 236 393 47 60
85 RO | 206 256 389 48 <
RO | 329 346 422 48 I
40
RO | 418 414 44 48 F
Equal Error Rate 20

0 10 20 30 40 50 60 70 80 90 1

FAR | %]
ROC curves of propose method against gait features
with view 85 deg where L50 is used for the gallery

'« BT
What is the difficulty for applying gait recognition to

wide-area surveillance ?

The difference of [ Matching with speed transformatlon

the observation direction Reference 3 km/h ﬂ““']l‘
= ECCV2006

Speed change cvPR2010
ACCV2016 Transformed 7km/h
u/latchmg
The difference of clothes ey u']'l

= Pattern Recognition 2010
Low sampling rate

= ACCV2010, IJCB2011,CVPR2012
Occlusion in crowd scene

= ICB2015

Speed transformation model

18/01/27
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'« T
Challenge -Speed difference-

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

Speed transformation model (STM)
[Tsuji et al. CVPR 2010]

Body shape “
> s
N !
Decouple o Couple =—>

— /\ > STM -)/\\ —T
Motion G
/—{ Training subjects }—\

/\ /\ I\ 'Subjects
B

'/'\ /.\ /\

4>

/

/’ Speeds

18/01/27
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Transformation results

3 km/h T ‘
(Probe) ransform
from 3 km/h
\ ]
7 km/h
(Gallery \ y | Y

= EEE
Extension to speed transition

[Mansur et al CVPR 2014]

Gait
feature

“ High similarity

4 Low sﬂiﬁ?ﬁ%rity

Gallery (Eonstant speed)

Gait

Constant speed
feature

reconstruction

Stride

Probe (deceleration)

18/01/27

18



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),

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

el W00 B(NR N
o 1 IVEVEE 1LY EY PPN P10 1Y 00 ED 1L 1R
o IR RSB ODD

1 UT
Y Y

) " N -
& 5
t_‘:s l(p) 2p Cses,l(ff’) tss;2 ® 2p tses,z(p)
p: hyper parameter for
duration selection

m Representation:

1 2 Q Lo k)
! 1
Stey:p) =5 E TROETTMOES E 1(x,y,8), (0<p=l/y.
=1 =)

18/01/27
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Post-process

m Gabor filtering maoetal. 2007
Gabor kernel functions of 8 directions and 5 scales.

Directions
e
Scales
“ Gabor Functions
_—

SSGEI

Gabor-SSGEI

m Metric Learning
2DPCA (vangeta. 2004 Reduce feature dimension.

2DLDA (ieta. 20051. Achieve optimal discrimination
capability.

= 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. ]

18/01/27
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'« T
Experiments: Gallery 4 km/h vs. probe 7 km/h

0.0 0.1 |9I€R 0.3

- --Keyframe ——Keyframe+2DPCA+2DLDA
---GEI —GEI+2DPCA+2DLDA
- - -SSGEI ——SSGEI+2DPCA+2DLDA
Gabor-GEl Gabor-GEI+2DPCA+2DLDA
- - Gabor-SSGEI —Gabor-SSGEI+2DPCA+2DLDA
0.4 RO tmC
1.0
3 ___________ ——
0.3 ©09
008
0.2 =
w
207
=
0.1 t LS
o 0.6 ;
E 1
0 o 0-5 1 1 1 1 1 1 1 1 1

12345 7 8 910
0.4 Ranel(

‘ The propose method achieves the best accuracy. ‘

Experiments: Comparison with state-of-the-arts

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

km/h)

i SN DCM
Speed change Hw B etal [Tanawongsuwan ST™ [Tsuietal. [Kusakunniran et RSM Proposed
2006] and Bobick. 2004] 20101 ol 2012] method
Small (i:;h/)h and 4 an ) % o8 100 100
Large (2 km/h and 6 3 o o o5 o

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.

18/01/27
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Experiments: Evaluation of running time

m  Run on PC with Intel Core i7 4.00 GHz processor and 32 GB RAM.

Running stage

Time cost [s]

Training time in optimizing duration

0.009

parameter
Training time in 2DPCA and 2DLDA 0.115
Query time of each sequence 0.003

Computational cost of the proposed method is very low and suitable for real applications.

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, ACCV2016

Low sampling rate
= ACCV2010, IJCB2011,
= CVPR2012

Occlusion in crowd scene
= ICB2015

18/01/27
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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

m  Gait recognition
Pros:

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

“““uuuaw’

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

23
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Obijective

m Transform GEI into more discriminative feature under
clothes variation

GERF

] .
2 A sort of gait
>
= E— energy
o transformation
o  GElvalue GEnl [13] process via a gait
3 W energy response
> J !
m { | function (GERF)
_—) —)
el
E- u
T \ (Eg GElvalue Masked GEI [16]
()
=]
g I!]‘I
L
o
L
O

GEl value

« EEE
Comparison with state-of-the-arts methods

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

0.50 i — —SVB frieze pattern [24] 1.00
Y\ - - - Components-based [35]
A LDA [34]
040 1% '\ - Whole-based [17] 090 |
\ \ - = - Part-baesd [21] o

0.30 A \\ —— Gabor-GERF+2DPCA+2DLDA © . _
o ’ \ \ (proposed method) g 080 r ¢ 7 . e ’ - 7 Baseline+GEI [30]
3 " = 7. - GEI+PCA+LDA [14]
“ 2 7 . - GEnI+PCA+LDA [15)

020 | o070 | .- Pre Whole-based [17]

5 ’ s - - - Part-based [21]
- e Part-EnDFT [22]
0.10 | - L + GEI+RSM [23]
0.60 i 4 Gabor+RSM-HDF [26]
7 —— Gabor-GERF+2DPCA+2DLDA
4 (proposed method)
0.00 0.50 L L n L L L h L L
000 0.10 0.20_, 030 040 0.50 1 2 3 5 6 8 9 10
FAR Rank
ROC CMC
curves curves

18/01/27
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propriate Network Architecture
cording to a Situation
for CNN-based Cross-view Gait Recognition

Noriko Takemura (Osaka Univ.), Yasushi Makihara (Osaka Univ.),
Daigo Muramatsu (Osaka Univ.), Tomio Echigo (OECU),
Yasushi Yagi (Osaka Univ.)

49

= B
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.

50

18/01/27
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B7—%0©2017 Google, ZENRIN

Camera o 51

_

CNN based Cross View Approach

7 —%4©2017 Google, ZENRIN

52

18/01/27
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Verification (1:1 matching)

Gallery (enrolment)

Applications
»Matching a perpetrator and suspect for a criminal investigation.
» Detecting a specific person at border control.
6

In case of small angular difference

54

18/01/27
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In case of large angular difference

Contrastive
Loss

e——————

55

CNN based Cross View Approach

56

7 —%4©2017 Google, ZENRIN

fusion ‘

‘ Score level

Contrastive
Loss
A
SR S

Contrastive
Loss

28



I
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°-intervals)

0° 15° 30° 45° 60° 75° 90°
180° 195° 210° 225° 240° 255° 270°
- - - 57

o
£
£

©

—_
'_

Fl
ROC curve of new combined CNN model

- A& (30 vs 30)
e ——=-KEFE (0" vs 90)
80 S R (30°vs 30
HERFE (0°vs 907

60

40

FRR(False Rejection Rate)

20

0 20 40 60 80 100
FAR(False Alarm Rate)

18/01/27
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_

Equal Error Rate of new combined CNN model

40 38.5%

=B KB e RN

30

S
o 20
w
w

New combined CNN modell

Y

PR R

30 60
Angular Difference (deg)

Identification (1:N matching)

Which one
is the same

Applications
» Person re-identification
» |D-less access control

18/01/27
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FEE
Network architecture for identification

Loss: Triplet ranking loss
Loss = max(margin - (L244 )?+(L2,me )% 0)

dissimilarity of dissimilarity of
the same subject > different subjects

™~
4
(]
same different
subject subjects

Input: triple s mcludnng e same
subject and different subjects

Relative similarity
scores are
important !

-ﬁ@mﬂ\

61

CNN based gait identification

Large angular I Small angular

difference difference

P p—— |
L Tt T Tttt

62

18/01/27
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FEL__
Rank-N identification rate (Subject about 5,000)

—— &l (30" vs 30)
100 = 3 —==-FKF% (0°vs 90
f"’ | —— R (30°vs 30)
S P —mmREREE (0" vs 90)
S g0 o -
g _e="" 50I5R5ER
< s (SEEFHDHHKI005D 1)
2 ’
o' 60 ’
g 7
E s
S '
z 40
x ]
g '
« '
20 !
- o = - '-‘0_---' --------- -~
° 50
0 20 40 60 80 100
Rank
FlE 222

Rank-N identification rate (Subject about 5,000)

100 &— %

93.1% \‘\‘
) 1

<
= 60
)
0 SATAW6fSICA L
c 40
©
o

20

—o—REHN —o— fEHHLAMT — 5209
0
30 60
gl 7 Angular Difference (deg)
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FEl
Benchmarks

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

Generative approach
= VTM (View transformation model) [ECCV2006]

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

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

m LB (Local@Bottom) [TPAMI2016]
16

=
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

18/01/27
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FL._
Verification Identification
50 100
- DM — DM
“  LDA “-  LDA
0 0 VIM - VIM
GEINet 8 GEINet
Q
~ 1B © ~ B
-0 MT 5 - owmT
g 5
o E Ours
w 2 (3in+2diff)
2 3
3
[=4
©
14
10 ’%
4
0
0 30 60 90
Angular difference [deg) Angular difference [deg]

'« T
N. Takemura, Y. Makihara, D. Muramatsu, T. Echigo and Y. Yagi,

"On Input/Output Architectures for Convolutional Neural
Network-Based Cross-View Gait Recognition,”

IEEE Transactions on Circuits and Systems for Video Technology
(Early access) m————————

On Input/Output Architec
N 5

34
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TABLE III: Recognition accuracy comparing our methods

with the benchmarks using OU-ISIR LP.

(a) Rank-1 identification rates (%) (b) EERs (%)
Angular difference Angular difference

0 10 20 30 0 10 20 30
DM 91.5 49.5 11.2 2.5 DM 1.3 ER 20.2 313
LDA a7.8 97.1 03.4 82.9 LIDDA 2.1 2.5 5T 5.7
VTM 91.5 G4.0 37.2 20.5 ViI'M 4.3 10.5 14.8 18.9
GEINet 96G.5 95.8 92.5 84.9 GEINet 1.9 2.1 3.0 4.9
Wi [14] 989 955 924 853 W [14] - - - -
2in a97.9 O7.6 95.6 02.0 2in 0.3 0.3 0.5 0.7
3in 98.5 05,2 96.4 92.3 3in 0.7 0.8 1.0 1.4
diff O=.7 U85 97.2 94.7 diff 0.3 0.3 0.4 0.7
2dift 99.1 99.0 98,0 05.1 2diff 1.8 2.0 2.7 3.9
2in—+difl 99.3 99.2 98.6 96.9 2in+diff 0.2 0.2 0.2 0.4
Jin+2diff 99.2 99.2 98.6 a97.0 3in4-2dift 1.0 1.1 1.4 1.t

Wau [14]: Fusion method using 8 different CNNs including LB and MT.

'« T
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
= ICB2015

35
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'« T
Challenge -Low frame-rate-

PRl
Solution

m Periodic Temporal Super Resolution (PTSR)

Low frame-rate video High frame-rate video

PTSR

Improve accuracy

36
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Reconstruction-based PTSR
-Overview- [Makihara et al. ACCV 2010]

Silhouette:
point in eigen space

Input Silhouette sequence Eigen space Output
(Low frame-rate) Perlod (High frame-rate)

Phase (gait stance)'

Various gait stances Period of silhouette sequence:
among periods Closed curve in eigen space
‘'« BT

Reconstruction-based PTSR -Failure mode-

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

“E> >ne— =R

Similar gait stances
among periods

Fail under stroboscopic effect

18/01/27
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=
Example-based PTSR -Overview-

Exemplars
(Cooperative subj.: High frame-rate)

AL LAAATLYIY
GAAILIYISATARA]4
AA L LA

34

Eigen space (Uncooperative mibl Low frame-ate)
,z!. <2 Y ) ) I
TS [

= BT
Example-based PTSR -Failure mode-

Exemplars
(Cooperative subj.: High frame-rate)

A ALLLATATLIA

> RN
SMAALLAAALEE Fail when input is

far from exemplars

L‘(Eigen space (Uncooperative IsrL]JEj'ﬂtLow frame-rate)
Large error 'Sl ----- "-1~ = 2 <:I X !] n u

ll 1/ (Uncooperativeczllftt;ﬁuljigh frame-rate)
Y\ Y\ V)

X =a 1+b 2+g 3:---

18/01/27
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'« HEEET
Unified approach to PTSR [akae et al. cvPr 2012]

Training set (High frame-rate)

A A1 1441 4 R —
<} 3RS NRE]

; ; Output
Reconstruction-based cue ' (High frame-rate)

Period

ann.

Multi-period oBservation Eigen space

Input

(Low frame-rate)

How does it work?

‘.. Reconstruction-based

““““

%,... Example-based

l -« > O Reconstruction
A + Example

] Discontinuity
~, | Error from inpu

o Reconstruction
+ Example
+ Prior (smoothness)

Solve by energy minimization framework
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PTSR results -1 fps-

Ffﬁ;ﬁm Input waﬁga“[M%amamn Proposed
1 fps

Performance evaluation: Verification

EER
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0.16
0.14

012
0.10 r
0.08 r
0.06 r
0.04 &

-

0.00

\ [Akae et al. 2011]
[ [Al-Huseiny et al. 2010]

Direct
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T

1 2 3

Frame-rate [fps]
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Gait Analysis for
novative Entertainment

= I
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)
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‘'« T
Online measurement of intuitive gait feature for digital

entertainment [3][4]

/—{ Online process ]—\ zl Offline process |\

Captured image Synthesized animation Key gait motions
acquired with MoCap

- PP N
b

Rendered silhouette

SHILA -

Intuitive gait feature Intuitive gait feature
‘
S & e

[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 Animation Synthesis," Proc. of Human
Computer Interaction International 2011, Virtual and Mixed Reality - New Trends, vol. 6773, pp.325--334, Springer, Orlando, FL, USA, Jul. 2011.

O

Extracted silhouette

A

J

= I
Public Gait Database

http://www.am.sanken.osaka-u.ac.jp/BiometricDB/
index.html

m The OU-ISIR Gait Database

Treadmill Dataset
m dataset A -Speed variation-
m dataset B -Clothes variation-
m dataset C -view variation-
= dataset D -Gait fluctuation-

Large Population Dataset
Speed Transition Dataset
Inertial Sensor Dataset

Similar Actions Inertial Dataset

m The OU-ISIR Biometric Score Database

18/01/27

42



New Gait Database (Closed)
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THANKS FOR YOUR ATTENTION

Yasushi YAGI

E-mail : yagi@am.sanken.osaka-u.ac.jp
URL: http://www.am.sanken.osaka-u.ac.jp/
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