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1. Background
& Objective



Background (]): BoF for action rec.

recognition

- Bag-of -features (BoF) of spatio-
temporal features [Dollar et al. VS-PETS05]

t action recognition = object/scene
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Background (2): Feature fusion by MKL

« Multi-feature fusion by Multi Kernel

Learning (MKL) for object recognition
[Varma el al. ICCVQ7]

- MKL can estimate fusion weights adaptively.

Caltech-101

Color BoF M » single feature 60% &
¥ +20%
multi- feafure 80%

Geomefrlc Blur
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Objective g-

Feature-fusion-based action recognition
with MKL and heterogeneous features

Use features having different characteristics =
to deal with a wide range of videos from KTH to You({[i[J

- sparse Spatio-Temporal (ST) features
= SURF-based new ST feature using Delauney triangulatit

- temporally-dense Appearance features
- temporally -dense Motion features
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Related work: MKL for action recoginition

= [Sun et al. CVPRO9]

- Select good ones from many Kinds of
trajectory-based features
= [Han et al. ICCV09]

- Combine 30 part-based features

¥

They applied MKL for the same Kinds of features.

¥

In this paper, we simply use MKL to combine
(small number of) different Kinds of features,.
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Related Work (2): 3

= [Liu et al. CVPRO9]

- BoF of SIFT + BoF of cuboid (ST feature
with Adaboost

« [Niebles et al. CvPRO7]1[Cinbis et al. ECCV10.
= - some other papers -

¢

In this paper, we combine static appearance,
motion, and spatio-temporal features,

Spatio-temporal

Appearance - features ‘ Motion

features static Intermidiate/  dynamic teatures

combined



Contributions

= Fusion of static appearance features,
dynamic motion features and intermed
ST features

= SURF-based new ST features

= Temporally-dense sampling of appea
and motion features

- And show their effectiveness
with Both the controlled KTH dataset and)
uncontrolled Youtube video datasets,
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2. Overview of
Our Approach



Our approach

Motion

Optical flow histogram
from all the frames

Triangle with three
moving SURF points

Multiple Kernel Learning (MKL)

-

Action recognition



3. Proposed Method



(1) SURF-based New ST Features *é-

- Combination of SURF local features, opt
flows and Delaunay triangulation,

- Can extract ST from not points but a set of %,,
patches =) more robust and informative | ’

(D Extract SURF features

@ Extract optical flows over SURF
interest points by LK methods
and select moving SURF points

(3 Apply Delaunay triangulation
over the points where flows
are detected

@ Track each moving points for
consecutive N frames
based on optical flows (N=5)




(1) SURF-based New ST Features (cont)

@ Track each moving points for
consecutive N frames
based on optical flows (N=5)

® Convert the flow vector into
a 5-dim vector regarding each
moving points

& Compute the difference of the
size of triangles between
consecutive frames,

(@ Concatenate 3 SURF vectors, 3
5-dim flow vectors and (N-1)
size difference values.

(in case of N=5, totally 256dim)

Nover whole the video
B OF ve C"‘ or Codebook size
is 5000.

Represent ST -Fea:lfur es with Note that if oo many flows are detected,
a sequence of triangle patches we give up extracting ST features from the frame.

RN




« Extract apperance/motion from all

the frames ==) Temporally-dense

=« Generate a BoF vector from a bag of
frame features for a whole video seq.

| | >>
| >
L )}
>
Codebook size
- is 3000.
- Use not only N
— a Keyframe
U but all the frames ! BoF vector

“Temporally-dense” is a commom method among the TRECVID paticipants.



(2-1) Appearance features (Gabor) ]

= Gabor filter response histogram: |
- represents local textures
- b6 directions x 4 frequencies

= Extract from 20 X 20grids

- Obtain 400 24-dim Gabor vectors fro
one frame

@ ¢|:{> Vi x 00

% BoF vector
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(2-2) Motion features (Optical flow)

« Extract optical flows at grid points .
with every 8pixels by the Lucas-Kan
optical flow detector.

= Vote 1o a histogram consisting of
Tdirections and 8motion magnitude s\

BoF vector
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Muttiple Kernel Learning (MKL)

[Sonnenburg et al. 2006]

= Is an extenstion of a SVM .

= Can handle "a combined Kernel” which
is a linear combination of Kernels.

= Can estimate Kernel weights and SVM
model parameters simultaneously,

=« Can integrate features by assigning
one feature 1o one Kernel

Combined Kernel Visual Motion St feafures'

K .
k(x;,x;) = Z@h‘k(xfﬂxi")

k=1

Kernel weights !



4 Experimental results



Experiments: Datasets

(1) KTH [Schuldt et al. ICPR0O4] o ¢
= 6 Kinds of actions. 599 video shots,

= Evaluated bv “leave-one-out

Walking

Running Boxing Hand waving Hand clapping

(2) Wild Youtube [Liu et al. CVPRO9]
= 11 Kinds of actions, 1168 video shots,
. Evaluafed bv ‘B- fold cross valldahon




( (1) KTH: Results

B ST feature 91.7%

¥ Motion 92 7%
= Appearance 48 7%

"ML 945%

- Surprisingly, dense motion is the best single feature, 92.7%
» By combining three features, it was boosted to 94.5%,



(1) KTH: Comparison

Methods performance e

Dollar et al. [VS-PETS05] 81.2%
|
Liu et al. [CVPR0O9] 93.8% |
This paper (ST+App+Motion) 945%
Kim et al. [CVPR09] 95.3%
Gilbert et al. [ICCV09] 96.2%

= 94.5% is a good performance,
= Motion is the most important for KTH,



(1) KTH: proposed ST feature

No triangulation 83 3%
No rotation-invariance

No triangulation 86.3%
With rotation-invariance

With triangulation 91 7%

With rotation-invariance

= Rotation-invariance boosted it by 3.0%.
« Triangulation boosted it by 5 4%.
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( (2) “Wild Youtube™ : Results

100

90

80 -
70 -
60 -
50 -
40 -
30 -

= Appearance 69.1%
= Motion 56.5%
« ST feature 63.4%

= MKL@all) 80.4%

w Livetal 71.2%
[CVPR2009]




(2) Wild Youtube : Comparison ;

This paper (only Motion) 56.5%
This paper (only ST feature) 63.4%
This paper (only Appearance) 69.1%
Liu et al. [CVPRO9] 71.2% (leave-out-out) =
This paper (App+Motion) 13.5% (5-fold CV)
N, I-Chinbis et al. [ECCV10]  75.2% (leave-one—ouf)

This paper (ST+App+Mofion) _80.4% (5fold CV) — s
+6.9%

« ST is not the best single feature, but it boosted
MKL results,

= Leave-on-out for 1168 videos with MKL is oo time-consuming ! (VEE)



4

(1) &(2) Kernel weights es+ima+ed.l.:v MKI:

100%

100% -~
90% 90%
80% 80% -
70% 70% -
60% 60% -
50% 50% -
20% - App.ear, 40% -
30% 1 Motion 30% - ™ = Motion
o 10% -
10% 0% 1
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o
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= O n -

Motion is important for KTH, while appearance and ST are more
important for Wile Youtube,

This result shows the differences of the characteristic of two datasets.



Application : video shot ranking ;
= S0 many videos on the Web

- Action recognition is useful 1o search
them in addition 1o object recognition,

Shot division

\
Query word .
"Runnning’ @ action

:> ‘ :> recog,

system

O (U

Too many

e T High ‘runnning-ness

e
(1]} Tube i
video shots
W much "non- ] We can jump to
running’shots { ‘running”_scene !

This is the same as TRECVID semantic indexing (SIN) task ! 1s, Tokyo. Japan {UE®)




Datasets i

= Web video-shot ranking (single class)

7
7z
| %‘&,
(3) "Our Youtube dataset [original dataset] %
%

= 974 videos for 6 Kinds of query words, &
37.197 shots obtained by color-histogram-based "‘

shot boundary detection (33 times of Wild-Y)

' ' walkin
W #Hvideos 174 ¥k m
Lt #shots 8,980 ‘ iR =X
. #Hvideos 170
#shots 7,342

~ #videos 174
#Hshots 6,567

#videos 164
#shots 7,718

- #Hvideos 142
#shots 3,442
i #videos 160

.2
i

NN #shots 3,130 |




=« See the results on the browser
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( (3) "Youtube shot ranking

B MKL

M ST feature

. Motion

B appearance

W random
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5 Conclusions



Conclusions

=« Proposed a new ST feature extracted by
SURF and L-K optical flow detectors
Delaunay triangulation,

« Combined temporally-dense appearance
/motion features and the proposed % .
sparse ST features with MKL
- for KTH, equivalent to state-of-the-art
- for "wild Youtube , outperforms greatly, '

(71.2 > 80.4%)

- Dense motion is strong for KTH.
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Future work

= Combine other types of features
such as Color and SIFT.

= Compensation of camera motion
« Multiple actions ‘
= Apply more large-scale Youtube dat

= Weakly-supervised action recognitiol
- eg. learning action from Youtube tags. |
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Thank you for your attention!

High “eating-Ramen-noodle-ness™ video shots from Youtube !



Sorry for showing ‘eating scenes” just before lunch time !
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Multiple kernel learning(MKL)

%761

The Univ. of Electro-Communications, Tokyo., Japan




#Bﬁ BioLO)WebEhim g«,|~f7-7zf,z| |




LA

« WebEh@ICHH SR FROA

- Cmbls*)l#Web_I:D‘hiM’F’&Eill-a—”é’d‘é?\
L tEse [Cinbis et al 20091

FHETE. REBRONTEEL, BEEN
CER S

BigRA%I#

RO ———



- IRERFE
- RERF LT EORRE
- BRSICS SR AFiZORE

The Univ. of Electro-Communications, Tokyo., Japan



Ry Bl thit Fik

« WebBNBIOYFFisY

- T—RENEFRICKEL)

- "NAFG—E—a 28D

- FIRNGEICSFDENEOV/ 1R
- (&0 BB

- WBIBR/MTR

- IBREORKRER

» Web@hEIA SO FifthibICcE R0 2
mmv of Electro-Communications, ToKyo. Japan

y - y - Bees B B = mmm B B ol




Ry =2 Bl it bk Fi& (K2

AASE— 3 VR
AASE—TarveEBH LT L—LAITHE

B Z#Bag-of-Spatio-Temporal-Features (BoSTF) T
1o

The Univ. of Electro-Communications, Tokyo., Japan



NASGE—>a 1R
. N RTEEHEHE e

- BT SR D —E RIS U FSHTIXD
E—>

detecting camera—motion

The Univ. of Electro-Communications, Tokyo., Japan



R |

Ry =2 Rt hh ikl Fi

® NIL—LE121=y bETE

@. SURFZ i .

o Q. BEATLRZHIR
. @.
®

\\'

e

B, 7
(A \;{/‘
S

Al

FORrR—Z=AKEER
UB=m Tl HEERS
Ay FEBEIZRYIY, FhEFhd
A4 28 —N\)Lh 5 ENE S E

The Univ. of Electro-Communications, Tokyo., Japan



T"EG)

HHH HH .....

WLNEALY L

visual words

The Univ. of Electro-Communications, Tokyo., Japan



| BEEAICE SR ET

WLTESTEH#ZRH

The Univ. of Electro-Communications, Tokyo., Japan



Multiple Kernel Learning(MKL) ;
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Z— 't (WebEhiE 73 %R)

« HRMESDLID X711

D | /i

& (' it | > av M | positive | negative /
batting 174 8,980 31 75
running 170 7,342 28 66
walking 174 6,567 23 63
shoot 164 7,718 14 75
eating 142 3,442 22 64
jumping 160 3,130 27 40

&t 948 37,119 145 385
dancing 185 8,235

soccer 2R T
- 53R 2KIF200ICE2E
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jogging

running

boxing

waving

clapping
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out)

Ours 94. 7%
Liu et al. 93. 8%
Gilbert et al. 96. 2%
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W motion

M visual

M random
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