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ABSTRACT

In this paper the technique of Directional Empirical Mode
Decomposition (DEMD) and its application to texture seg-
mentation are presented. Empirical Mode Decomposition
(EMD) decomposes signals by sifting and then analyzes the
instantaneous frequency of the obtained components called
Intrinsic Mode Functions (IMFs). As a new form of ex-
tending 1-D EMD to 2-D case, DEMD considers the direc-
tional frequency and envelope at each point. One type of
2-D Hilbert transform is introduced to compute the analyti-
cal functions for the frequency and envelope. The technique
of selecting directions for DEMD based on texture’s Wold
theory is also presented. Experimental results indicate the
effectiveness of the method for texture segmentation.

1. INTRODUCTION

Texture segmentation is one of the main questions in per-
ceptual organization for natural images. In the past two
decades a large volume of methods have been presented
for the question which can be classified into four classes:
statistical methods [1], structural methods [2], model based
methods [3] and filtering based methods [4]. In recent years,
filtering based methods including Gabor filter, wavelet and
nonlinear diffusion based techniques have been widely used
[4, 5].

In this paper a renovate filtering based approach called
Directional Empirical Mode Decomposition (DEMD) is pre-
sented for texture segmentation. The reason of introducing
EMD to texture processing is as follows: Firstly, accord-
ing to [6], the obtained Intrinsic Mode Functions (IMFs)
by EMD [7] can be seen as results of filter bank for some
kinds of signals resembling those involved in wavelet de-
composition. Secondly, different from traditional adaptive
filtering techniques such as wavelet/wavelet packet and non-
linear diffusion, EMD decomposes signals according to the
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local scales computed by identifying distance between ad-
jacent extrema. To apply EMD to texture processing, we
extend EMD to 2-D case as DEMD. Because the obtained
2-D IMFs are AM-FM components of original signals [7,8],
directional frequency and envelopes of IMFs are defined as
features for texture segmentation by 2-D Hilbert transform.
As another form of 2-D EMD, Bidimentinal EMD (BEMD)
[9] only extracts textures by computing envelopes using ra-
dial basis functions interpolation so costs much more time.
The method of determining directions for DEMD are also
presented based on texture’s Wold theory [10].

This paper is organized as follows. Section 2 describes
the definition and algorithm of DEMD. Then the feature
extraction approach, the used 2-D Hilbert transform and
the concrete algorithm are given in Section 3. Section 4
presents experimental results. Finally, the conclusions are
given in Section 5.

2. DEFINITION AND ALGORITHM OF DEMD

2.1. The Definition of DEMD

EMD is proposed by Huang et al. [7] for processing nonsta-
tionary functions. This tool decomposes a signal into com-
ponents called IMFs satisfying the following two conditions

(*):

1. The number of extrema and the number of zero-crossings

must either equal or differ at most by one.

2. At any point, the mean value of the envelope defined
by the local maxima and the envelope by the local
minima is zero.

The resultant decomposition can be written as:

N

F(t) = imf(t) + ra(t),

i=1
where imf;(¢) are IMFs and monotonic function r y (t) is
the residue.
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Similar to the above definition, 2-D IMF and DEMD are
defined as follows.

Definition 1. Given 6 € [0, T), signal u(z,y) is de-
fined as 2-D IMF corresponding to 6, if for any c it satisfies
the following condition:

vf,c(x) =u(z, tanblz +c¢), 0<60 < 7.
u(z, [tan(@ + )z +¢), 0<O < Z,
’Ug,c(m) = { UE ’x[)7 ( 2)] ) 0 _ 07 2 (1)

and both of v{ .(z) and v] .(x) meet the conditions (x).

vf,c(x) and vg,c(x) are called the 1-D samplings of IMF.

Definition 2. DEMD of 2-D image f(z,y) for direc-
tion @ is defined as the decomposition such that

N

fla,y) =Y imf) (2, y) + (2, ), 2)

i=1

where imff(x,y), i = 1,..., N, are 2-D IMFs for 6 and
7% (2, ) has at least one monotonic 1-D sampling for v ? ()

or v§ ().

2.2. The Decomposition of DEMD

In 1-D EMD, IMFs are obtained by 1-D si fting method
[7]. To obtain 2-D IMFs, the following 2-D sifting ap-
proach is adopted.

1. Initialize: ;1 (z,y) = fO(x,y) (i =1
is the clockwise rotated form of f(x,y) by 6.

2. Extract the imf;(x, y):

(a) Initialize: ho(z,y) = ri—1(z,y),j = 1.
(b) Form the mean envelope of h ;_1(z,y):
i. Extract the local maxima and minima of
each row of h;_;(z,y). Then generate the

middle upper and lower envelopes by in-
terpolating the maxima and minima of the

samplings respectively: hmy (2, y), hmi (2, )

ii. Calculate the middle mean envelope as
mmid($7 y) = (hmu($7 y) + hml($7 y))/Q;

iii. Compute the upper and lower envelopes of
Mmid(x,y) by extracting and interpolating
local extrema for each column. So calcu-
late the mean envelope of Mm,;q4(x,y) as

mjfl(xvy) = (hu(x7y) + hl(x7y))/2
(¢) Compute hj(z,y) = hj—1(z,y) —m;-1(z,y),
andj =7+ 1.

(d) Compute SD = Z [|(h"(z’zgjf(7;;§z’y))‘2 .

z,y

) where f%(z,vy)

i g
it

Fig. 1. The four images in the upper row are respectively
part of synthetic texture, the first two IMFs and the residue
using DEMD (6 = 0°). The three images in the lower row
are the three ingredients which constitute the synthetic tex-
ture.

(e) Repeat step (b) to (d) until SD < € and put then
imf;(x,y) = hj(z,y).

3. Update residua r;(z,y) = ri—1(x,y) — imf;(z,y).

4. Repeat step 2-3 with ¢ = ¢+ 1 until there exists mono-
tonic 1-D sampling of r;(z, y) for horizontal or verti-
cal direction.

5. Rotate the imf;, j =1,..., N (N =) and rny(z,y)
anticlockwise by 6 to form imf?, j=1,...,N and
(@, y)-

Thus arbitrary 2-D signal f(z,y) can be decomposed
into the form (2). The upper row of Fig 1 shows one syn-
thetic texture, its first two IMFs and the residue obtained
by DEMD respectively. Three components of the texture
are given in the lower row. Although similar results can
be given by BEMD [9], complexity of DEMD is O(Ny)
while that of BEMD is O(N3) which can be reduced to
O(Nzlog N2) using fast algorithm (N7 is the total point
number, N is the larger one among the numbers of maxima
and minima which is proportional to [V; in natural textures).

2.3. Determination of the Directions for DEMD

From the Definition 1 and 2, it is known that one key point
of DEMD is the determination of decomposition directions.
Based on 2-D Wold theory of textures [10], 2-D regular
and homogeneous random field can be uniquely represented
by three orthogonal components: (i) purely indeterminis-
tic and regular random field w(x,y) with absolutely con-
tinuous spectrum; (ii) half-plane deterministic random field
p(z, y) with 2-D singular spectrum; (iii) generalized evanes-
cent random field g(x,y) with 1-D singular spectrum. The
three parts are called ‘randomness’, *directionality’ and *pe-
riodicity’ components, respectively. The later two parts both
reflect the effective directions for texture processing. So in
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our algorithm multiple directions corresponding to the two
parts are extracted to improve the classification ability.

Among the multiple decompositions, the decomposition
along directions corresponding to the ’directionality’ parts
are to process the nonstationarity along the directions. While
the decomposition along directions corresponding to the "pe-
riodicity’ components are to distinguish the corresponding
textures from others. To extract the 1-D singular spectrum
corresponding to evanescent components, Randon transform
of spectrum is utilized. The concrete algorithm is in the fol-
lowing:

1. Obtain the Fourier spectrum F'(u, v) of the multi-texture

image f(z,y);

2. Locate all the local maximum points Py, k= 1,..., K,
of F(u,v)’s Radon transform with values exceeding
(1, then add the corresponding directions to the a,
ij=1...,K;

3. Delete the values around P and do inverse Radon trans-
form to compute F' (u,v). All the points around which
the energy exceeds C in F (u, v) are extracted. Their
respective directions are ordered by the respective en-
ergyasay, j =K+ 1,..., K+ M.

In the above process C'; and C5 are constants deter-
mined beforehand. So DEMD can be computed for the di-
rections aj, j = 1,..., K + M.

3. TEXTURE SEGMENTATION BY DEMD

Before presenting feature extraction for segmentation, the
used 2-D Hilbert transform will be introduced.

3.1. 2-D Hilbert Transform

As one of the essential features for 1-D IMFs, instantaneous
frequency is obtained through the corresponding analytical
signals defined by 1-D Hilbert transform. But there has been
no uniform definition for 2-D Hilbert transform [11]. Be-
cause of the directionality of DEMD one of the definitions
is adopted in the following [11] after presenting the corre-
sponding analytical function:

Definition 3. Given f(x, y), its Fourier transform F'(u, v)

and the angel 0, define F'4 (u,v) as

2F(u), u-e>0,
Fa(u)=< F(u), u-e=0,
0, u-e<0.

where u = (u, v) is the coordinate vector and e = (cos , sin ).

Then the inverse Fourier transform f 4(x,y) of Fa(u,v) is
called the analytical function of f(z,y) for 0.

Definition 4. The Hilbert transform f g (x, y) of f(x,y)
for 6 is defined as the imaginary part of f 4(z,y).

3.2. Feature Vector

Assume 0;, j = 1,..., K 4+ M are the extracted directions
in Section 2. So DEMD are computed according to direc-
tions 6; in the following:

N
fla,y) =Y imf] (z,y) +riy(,y), j=1,..., K + M,

i=1

where imf? (,y) denotes the i*" IMF of DEMD for direc-
tions 0.

Letimf}y, (2, y) be the 2-D Hilbert transform of imf? (z, y)
for 6, and f},(u,v) be the corresponding analytical func-
tion. Then the envelope and phase are defined as follows:

Al = \/(nnf{f)? + (imf?,; )2, 3)
, imf?

ol = arctan(lm Yy 4)
imf?

wheret=1,...,N,j=1,..., K + M.
The directional frequency is computed by directional
derivative along 0; in the following:

; d imf{ . d%,imf{H - imf{H . d%imf{ )
g (imf7)2 + (imf7 ;)2

From the above process, two groups of features ((??)
and (??)) corresponding to each pixel are obtained like this:

3.3. Concrete Algorithm

The following process is adopted to do texture segmentation
by the extracted features mentioned above:

1. Firstly, decompose textures by DEMD along the K +
M directions computed from Section 2.3;

2. Secondly, extract two directional frequency and two
directional envelopes from each IMF as features;

3. Thirdly, k-mean clustering is done using the above
obtained features;

4. Finally, morphological dilation and erosion [12] are
used to optimize segmentation results.

4. EXPERIMENTS

In this section experimental evaluation for DEMD to do tex-
ture segmentation is described. Standard textures in Brodatz
set [13] are used.

The images in figure 2 and 3 are respectively the orig-
inal image, the used mosaics, the segmentation result and
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misclassified points. Figure 2 shows the segmentation re-
sult of 200 x 200 image composed of three textures. Only
5% of the pixels in the image are misclassified. Consider-
ing the clustering of coordinates it is not surprising that the
narrow part of the texture image have more misclassified
points. Segmentation result of image with size 512 x 512
composed of 8 textures in Brodatz set is shown in figure 3.
Since the image contains texture of large scale and textures
difficult to differentiate, the ratio of pixels being misclassi-
fied increases to 9%.

Fig. 2. Images of textures, the textures’ mosaic, segmenta-
tion result and misclassified pixels.

Fig. 3. Images of textures, the textures’ mosaic, segmenta-
tion result and misclassified pixels.

5. CONCLUSIONS

In this paper the method of DEMD is presented and ap-
plied to texture segmentation. Different from other adap-
tive filtering techniques such as wavelet and nonlinear dif-
fusion, DEMD computes local scale by identifying distance
between adjacent extrema. It has two virtues compared with
existing image processing algorithms using EMD: direc-
tionality and ease of extracting features. Experiments in-
dicate the effectiveness of DEMD to texture segmentation.
Our future plans involve improving the segmentation re-
sults of DEMD and applying it to other texture processing
problems such as texture recognition. Method of comput-
ing number of texture classes should also be considered for
unsupervised segmentation using this technique.

6. REFERENCES

[1] M.L. Comer, E.J. Delp, “Segmentation of textured im-
ages using a multiresolution Gaussian autoregressive
model,” IEEE Trans. on Image Processing, 8 (3), pp.
408-420, 1999.

[2] Tuceryan, “Texture segmentaiton using Voronoi poly-
gons,” IEEE Trans. on Pattern Analysis and Machine
Intelligence, 12 (2), pp. 211-216, 1990.

[3] B.B. Chaudhuri and N. Sarkar, “Texture Segmenta-
tion Using Fractal Dimension,” IEEE Trans. on Pattern
Analysis and Machine Intelligence, 17 (1), pp. 72-77,
1995.

[4] T.Randon and J.H. Husoy, “Filtering for texture classi-
fication: a comparative study,” IEEE Trans. on Pattern
Analysis and Machine Intelligence, 21 (4), pp. 291-310,
1999.

[5] M. Rousson, T. Brox and R. Deriche, “Active unsuper-
vised texture segmentation on a diffusion based feature
space,” Proc. CVPR’03, Volume II, pp. 699-704, 2003.

[6] Patrick Flandrin, Gabriel Rilling and Paulo Gongalves,
“Empirical Mode Decomposition as a Filter Bank,”
IEEE Signal Processing Letters, (to appear), 2003.

[71 N.E. Huang, Z. Shen, S.R. Long, M.C. Wu, H.H. Shih,
Q.N. Zheng, N.C. Yen, C.C. Tung, “The empirical
mode decomposition and the Hilbert spectrum for non-
linear and non-stationary time series analysis,” Proc. R.
Soc. Lond. A 454, pp. 903-005, 1998.

[8] J.P. Havlicek, D.S. Harding and A.C. Bovik, “The Mul-
ticomponent AM-FM Image Representation,” IEEE
Trans. on Image Processing, 5 (6), pp. 1094-1100,
1996.

[9] J.C. Nunes, Y. Bouaoune, E. Delechelle, S. Guyot, Ph.
Bunel, “Texture analysis based on the bidimensional
empirical mode decomposition,” Machine Vision and
Application, (to appear), 2003.

[10] J.M. Francos, A.Z. Meiri, and B. Porat, “A Unified
texture model based on a 2-D Wold-like decomposi-
tion,” IEEE Trans. on Signal Processing, Vol.41 (8),
pp-2665-2678, 1993.

[11] Th. Biillow and G. Sommer, “Hypercomplex Signals—
A Novel Extension of the Analytic Signal to the Multi-
dimensional Case,” IEEE Trans. on Signal Processing,
49 (11), pp. 2844-2852,2001.

[12] J.B. Luo and A.E. Savakis, “Self-supervised texture
segmentation using complementary types of features,”
Pattern Recognition, 34 (11), pp. 2971-2982, 2001.

[13] P. Brodatz, “Textures-A Photographic Album for
Artists and Designers,” Dover, New York, 1966.

282



	Index
	ICIP 2004 Home Page
	Conference Info
	Welcome Message
	Techincal Program Overview
	Technical Program Committee
	EDICS Categories
	ICIP2004 Paper Submission Statistics
	ICIP2004 Paper Statistics - Final Program
	ICIP2004 Organizing Committee
	Sponsors
	Exhibition
	Venue Access
	Social Activities
	Other Information
	Call for Papers for ICIP2005

	Sessions
	Monday, 25 October, 2004
	MA-S1-Computational Radar Imaging
	MA-L1-Watermarking I
	MA-L2-Face Recognition
	MA-L3-Video Compression Standards I
	MA-L4-Biomedical Image Processing: Segmentation and Qua ...
	MA-L5-Error Resilience / Concealment I
	MA-P1-Image Segmentation: By Color, Texture, and Edge
	MA-P2-Image Filtering and Morphological Processing
	MA-P3-Image Enhancement I
	MA-P4-Video Segmentation
	MA-P5-Low-level Image Indexing and Retrieval
	MA-P6-DCT-based Video Coding
	MA-P7-Image Compression and Applications
	MA-P8-Distributed Source Coding and Others
	MP-S1-Deformable Models and Applications
	MP-S2-Media Security Issues in Streaming and Mobile App ...
	MP-L1-Face Detection, Recognition, and Classification I
	MP-L2-Video Summarization and Browsing
	MP-L3-Image Filtering and Partial Differential Equation ...
	MP-L4-Image/Video Indexing and Retrieval
	MP-L5-Watermarking II
	MP-P1-Video Compression Standards II
	MP-P2-Error Resilience/Concealment II
	MP-P3-Biometrics I
	MP-P4-Image Segmentation: By Multiple Features and Othe ...
	MP-P5-Image Enhancement II
	MP-P6-Video Object Tracking
	MP-P7-Biomedical Image Processing: Compression and Regi ...
	MP-P8-Video Coding

	Tuesday, 26 October, 2004
	TA-S1-Content-based Analysis of Multi-modal High Dimens ...
	TA-S2-Image Forensics
	TA-L1-Feature-based Image Segmentation
	TA-L2-Denoising and Deblurring
	TA-L3-Biometrics II
	TA-L4-Lossy Image Coding
	TA-L5-Wavelet Video Coding and Scalability I
	TA-P1-Stereoscopic and 3-D Processing I
	TA-P2-Face Detection, Recognition and Classification II
	TA-P3-Motion Detection and Estimation: Block Matching
	TA-P4-Feature Extraction and Analysis: Color and Textur ...
	TA-P5-Watermarking III
	TA-P6-Video Indexing, Retrieval and Editing
	TA-P7-Interpolation
	TA-P8-Geosciences and Remote Sensing and Environment
	TP-S1-What is the Latest in Networked Video?
	TP-L1-Super-resolution and Interpolation
	TP-L2-Deblocking, Restoration, and Enhancement
	TP-L3-Motion Estimation and Detection
	TP-L4-Image Segmentation
	TP-L5-Biomedical Image Processing: Compression, Registr ...
	TP-P1-Stereoscopic and 3-D Processing II
	TP-P2-Face Detection, Recognition and Classification II ...
	TP-P3-Video Streaming and Networking
	TP-P4-Shape Extraction and Analysis
	TP-P5-Watermarking IV
	TP-P6-Image/video Storage and Retrieval
	TP-P7-Wavelet Video Coding and Scalability II
	TP-P8-Image Modeling

	Wednesday, 27 October, 2004
	WA-S1-Content Understanding for Home Photograph and Vid ...
	WA-S2-Pattern Discovery in Real-world Broadcast Video
	WA-L1-Image Scanning, Display, and Printing I
	WA-L2-Image Formation I
	WA-L3-Stereoscopic and 3-D Coding &amp; Processing
	WA-L4-Image Coding I
	WA-L5-Source-Channel Coding I
	WA-P1-Motion Detection and Estimation: Optical Flow and ...
	WA-P2-Watermarking V
	WA-P3-Feature Extraction and Analysis I
	WA-P4-Image Segmentation: Level Set and Active Contour
	WA-P5-Transcoding
	WA-P6-Implementations and Systems
	WA-P7-Document Image Processing and Other Applications
	WA-P8-Biomedical Image Processing: Segmentation and Com ...
	WP-L1-Image Representation, Rendering, and Quality Asse ...
	WP-L2-Stereoscopic Image Processing and 3D Modeling
	WP-L3-Feature Extraction and Analysis II
	WP-L4-Image/Video Segmentation and Tracking
	WP-L5-Distributed Source Coding and Scalability
	WP-L6-Video Streaming
	WP-P1-Image Coding II
	WP-P2-Source-channel Coding II
	WP-P3-Stereoscopic and 3-D Coding
	WP-P4-Super-resolution and Mosaic
	WP-P5-Image Formation II
	WP-P6-Motion Detection and Estimation: Other Methods
	WP-P7-Watermarking and Cryptography
	WP-P8-Image Segmentation: Clustering and Statistical Me ...
	WP-P9-Image Scanning, Display, and Printing II

	Tutorials
	Plenary Sessions
	Special Sessions
	Table of Contents of Printed Proceedings

	Authors
	All Authors
	A
	B
	C
	D
	E
	F
	G
	H
	I
	J
	K
	L
	M
	N
	O
	P
	Q
	R
	S
	T
	U
	V
	W
	X
	Y
	Z

	Papers
	All Papers
	Papers by Session
	Papers by Topics

	Topics
	1.1.1: Lossy coding
	1.1.2: Lossless coding
	1.1.3: Image compression standards
	1.2.1: DCT-based video coding
	1.2.2: Wavelet-based video coding
	1.2.3: Model-based video coding
	1.2.4: Scalability
	1.2.5: Transcoding
	1.2.6: Video compression standards
	1.2.7: Other
	1.3: Stereoscopic and 3-D Coding
	1.4: Distributed Source Coding
	1.5.1: Source/channel coding
	1.5.2: Networking
	1.5.3: Error resilience / concealment
	1.5.4: Video streaming
	1.5.5: Other
	2.1.1: Linear filtering
	2.1.2: Nonlinear filtering
	2.1.3: Level set and fast marching
	2.1.4: Partial differential equations
	2.1.5: Other filtering techniques
	2.2.1: Multiframe image restoration
	2.2.2: Contrast enhancement
	2.2.3: Deblocking / artifacts removal
	2.2.4: Deblurring
	2.2.5: Denoising
	2.2.6: Other restoration techniques
	2.2.7: Other enhancement techniques
	2.3.1: By edge
	2.3.2: By color
	2.3.3: By texture
	2.3.4: By multiple features
	2.3.5: By other features
	2.3.6: Active-contour / snake-based methods
	2.3.7: Clustering-based methods
	2.3.8: Model-fitting-based methods
	2.3.9: Statistical-classification-based methods
	2.3.10: Morphological-based methods
	2.3.11: Level-set-based methods
	2.3.12: Other segmentation methods
	2.4.1: Video object segmentation
	2.4.2: Temporal segmentation
	2.4.3: Video shot segmentation
	2.4.4: Tracking
	2.4.5: Other video segmentation techniques
	2.4.6: Other tracking techniques
	2.5: Morphological Processing
	2.6.1: Stereo image processing
	2.6.2: 3D modeling &amp; synthesis
	2.6.3: Other techniques
	2.7.1: Color
	2.7.2: Texture
	2.7.3: Shape
	2.7.4: Shading
	2.7.5: Other features
	2.8.1: Perceptual / human visual system
	2.8.2: Source modeling
	2.8.3: Noise modeling
	2.8.4: Other
	2.9.1: Face detection, recognition and classification
	2.9.2: Fingerprint analysis and coding
	2.9.3: Iris analysis
	2.9.4: Human activity, gait analysis, and gaze analysis
	2.9.5: Goal-oriented analysis tasks
	2.9.6: Other
	2.10.1: Interpolation
	2.10.2: Super-resolution
	2.10.3: Mosaic
	2.10.4: Registration / alignment
	2.10.5: Other techniques
	2.11.1: Block matching
	2.11.2: Optical flow
	2.11.3: Parametric model for motion estimation
	2.11.4: Change detection
	2.11.5: Camera calibration
	2.11.6: Other motion detection techniques
	2.11.7: Other motion estimation techniques
	2.12.1: Hardware and software co-design
	2.12.2: Embedded and real-time systems
	2.12.3: Paralleled and distributed systems
	2.12.4: Other system platforms
	3.1.1: Super-acoustic imaging
	3.1.2: Tomographic imaging
	3.1.3: Nuclear and x-ray imaging
	3.1.4: Magnetic resonance imaging
	3.1.5: Other
	3.2.1: Radar imaging
	3.2.5: Multispectral / hyperspectral imaging
	3.2.6: Other
	3.4: Optical Imaging
	3.5: Synthetic-Natural Hybrid Image Systems
	4.1: Scanning and Sampling
	4.2: Quantization and Halftoning
	4.3: Color Reproduction
	4.4: Image Representation and Rendering
	4.5: Display and Printing Systems
	4.6: Image Quality Assessment
	5.1: Image and Video Databases
	5.2.1: Low-level image indexing and retrieval
	5.2.2: Relevance feedback and interactive retrieval
	5.2.3: Content addressable browsing
	5.3.1: Video partition/shot detection
	5.3.2: Video features for retrieval
	5.3.3: Low-level video indexing and retrieval
	5.3.4: Semantic video retrieval
	5.3.5: Content summarization and editing
	5.4: Multimodality Image/Video Indexing and Retrieval
	5.5.1: Watermarking
	5.5.2: Cryptography
	6.1.1: Image segmentation and quantitative analysis
	6.1.2: Computer assisted screening and diagnosis
	6.1.3: Visualization
	6.1.4: Image compression
	6.1.5: Image registration and fusion
	6.2.1: Astronomy
	6.2.2: Geosciences
	6.2.3: Remote sensing
	6.2.4: Environment
	6.3: Document Image Processing and Analysis
	6.4: Other Applications

	Search
	Help
	Browsing the Conference Content
	The Search Functionality
	Acrobat Query Language
	Using Acrobat Reader
	Configurations and Limitations

	About
	Copyright
	Current paper
	Presentation session
	Abstract
	Authors
	Silong Peng
	Hongjian Wang
	Zhongxuan Liu



