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 Introduction

* Related Works

e Micro-Texton space for local structure representation
« Parametric probability model and high-order statistics

« EXxperimental Results
— HEp-2 Cell pattern recognition
— Food image classification
— Texture classification

e Conclusions
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Applications
] mage
(Object/Scene/Texture)

understanding

,

Digital libraries, Space science, Web
searching, Geographic information
systems, Biomedicine, Surveillance
and sensor system, Commerce,
Education
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{Difficulties

— Variable & uncontrolled image conditions

Complex and hard-to-describe objects in image

Objects occluding other objects

Variations in semantic
Bisimilar in global shape ™

—— Different semantic
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(2) View point

(3) Scale
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General Image recognition ”owc”art
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— Sensor Feature | | Feature |1 Cla§5|fler _, System
(Image) generation selection |1 | design evaluation
g / ¥
ﬁ SVM, Random Forest etc.

o Feature Generation Feature Selection \\\

(1) Global features: Subspace learning (PCA,ICA) |

A. Intensity-based feature (Alignment) Manifold learning (LPP, Isomap)|

B. Color information (histogram, Moment) QDiscriminant analysis (LDA) !
C. Shape information (edge histogram, HOG) *©  ......
D. Texture information (Gist)
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LBP value

Binary Number:
200 | 80| 70 | gyuptraction | 100 | -20f -30 1 0 0 10001000
s6 | 30| 120 44 | 70| 20 o o] 1 DeCimal's',\é“mbe“

(1) Information lost: only quantizing the differential vector into binary

Drawbacks: (2) Only low-order statistics

Local descriptors (SIFT, SURF) Integration Bag-of-Feature (BOF) :
Drawbacks:
) / (1) Time-Consuming:
= u.ﬁ@m local descriptor extraction

— (480 Enough number visual words

‘ 2) Information lost;
I Approximation each local descriptors
K-means i with the pre-defined visual words

: . (3) Only Low-order statistics
Intelligent Image Processing Lab.
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(1) Directly use the differential vector as local descriptor, called micro-Texton

3 X 3 patch Difference Differential vector
100
200 | 80 70 Subtraction 100 | -20] -30 ég
23 100] 90 | =————) | -77 S10 | — -10
20
56 30 120 -44 -70( 20 -70
-44
-77

(2) Model the micro-Texton using a parametric probability process: GMM

A simple b
example 1 T >

Uniformly quantization 'Adaptively modeling

Assign a local descriptor to several models (not only one like in BOF)

(3) Extract not only low-order statistics but also high-order statistics for

Image representation
Intelligent Image Processing Lab.
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R Flowchart of the Proposed strategy (B

Training Procedure
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R Proposed Strategy: Adaptively

modeling micro-Texton

Given some local descriptors (micro-Texton) X extracted from Training images, WE model

them using the parametric probability process: GMM

K _— ~———— Unknown parameters:
P(X/A) =) wrN(X/pp. Bg) ~ Need to learn using the
=1 ) I -
) | \1 - Mmicro Texton ensemble X
i '-T —1 b
= Wi, erpl —— (X —pp) B (X —pe)}
E (2m)F | =i |2 2 k
______________________________________________ __
(l) Expectatlon Step compute the responsibilities (posterior probability for each Texton samples): \

T-!-‘I:‘.plkji:ﬂ..-']{t, ,:'”
S waP(k/x M)
(2) Maximization Step: compute the weighted means, variances and mixture weights:
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Constructed model
using training

Known model parameters :

{wkaukaz ak — 133K} database
Only use diagonal
" Zf_p(;()m o L diag(z,)  SIEMENtS

Given the local descriptors (micro-Textons) X=[x,,X,,...,X;] extracted from a test image, OUI
goal is to extract discriminant feature for image representation:

 retriissivr i Rt

'4\/Iathemat|cal definition: GX = Valog PA(X) \

- - . . . I

The_ d?V'at'On 1 Computational implementation: l

statistics of X : Py & . .
_ _ (k) —u IP(X|\) _ N xf — g
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Given the local descriptors (micro-Textons) X=[X,X,,...,X7] extracted from a test image, OUI
goal is to extract discriminant feature for image representation:

Computational implementation:

’-------------------------;

T
\
/ / The deviation statistic to w,: 7! XP\ = S k) — ] v
' t=1
1 Similar to histogram of texton in an image (like in BOF)
I

The : Called 0t order statistics (low-order statistics)
deviation

statistics of | The deviation statistic to. /1,. £,

The first and second order statistics

(high-order statistics) S
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RITSUMEIKAN

Three different Databases

(1) HEp-2 Cell database (IC1P2013 competition on cell classification by fluorescent

image analysis): . . . . .
(1) Two intensity Type: Positive and intermediate . . - . .

(2) More than 10000 images
EEEEmw

(3) 6 cell patterns for each intensity type

(2) Food image datasets (Pittsburgh fast-food image dataset: PFID): large-pose variance

(a) 61 categories

(b) 3 instances (6 different pose
Images) for each category

(a) 11 texture types (different materials);
(b) 4 samples (with different rotated and

scaled images) for each texture type
Intelligent Image Processing Lab.




R Experimental results: Hep-2 Cell
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A

dSSITIer. Linear . andomilty Selec Images (about a Na rom each

pattern for training; the remainder for test. The average recognition rates of 10 runs:

/"""""""""""“\ »~ "Compared results with different g
ey ® ‘

| LBP + | Positive
I 58.87i1.2 37'49_1'78 : : GMM#128 [ g5 15 :
| Our 79.89+0.4 I
: 93.89+0.42 79.89%0.43 : : GMMics T o3 .39 I
|
: Compared with LBP histogram (64 : B s —— 014 I
| Gaussian components: all order statistics) 1 | I :
| I I GMM#16 92.16 I
: I I I Order0+1+2 : : 80 85 90 95 I
| Positive Orderl+2 | : :
rderO+ l H
: = Ordero2 1l Intermediate !
I m Order0+1 W Vv —— 5.3 :
: Intermediate Or:erz : : GMMics | 7027 I
B Orderl

| B Order0 I : GMM#32 I 20.95 :
l‘ 60 70 80 90 ,l I GMM#16 [ 30.5 '|
\ Comparison with different order statistics ,’ \ 60 65 70 £ 80 /

#
S
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R Experimental results: Food images
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(1) Classifier: linear SVM

(2) Select the images of two instances for training, and the remainder one for
test (same to the experimental setting in the state-of-the-art methods)

Average recognition rates of 3 runs

Accuracy

A40.00%
Six pairwise local featuresin [13] 345 452

F5.00% -

I0.00% — 2R V%6
The recognition —— S P VR —
performance 20.00% - 18.90% 19.20% o0 = e

compared to the state-
the-of-art methods

15 00% —
= 11.30%
I10.00% —

S00% —

CHe4 BOF GIR ) ) } ) on Qur

%
Baseline evaluations CVPR2010 Paper
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R Experimental results: Texture database
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!E; E|a35|||er: ||near gc wl

(2) Select the images of three instances for training, and the remainder one
for test (same to the experimental setting in the state-of-the-art methods)

Average recognition rates of 4 runs

Accuracy

SIFT LBP WLD MLBP Our (16) Our (32) Our (64) Our
(128)

L ow-order statistics High-order statistics

PAMI2009: (Histogram of the local (our strategy)
descriptors) 17
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Conclusions

* Proposed a simple, yet powerful local descriptor for local
structure representation.

* Adaptively modeling the local descriptor space using a
parametric probability process instead of quantization.

o Extract not only low-order statistics but also high-order
statistics for image representation.

* Apply the proposed strategy to three image classification
application, and prove the possible promising performance..

Intelligent Image Processing Lab. 18



Thank you for your attention!
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