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Abstract

The collection of satellite images is not constrained by
time and can be captured day and night. It is unlike
the images captured by aircrafts which are heavily
constrained by weather conditions and environmental
factors to secure useful images. Recently, satellite
images have been widely applied in many fields, such
as resource mining, pollution monitoring, etc. In this
paper, we plan to apply it to the military to analyze
different typess of aircrafts for security purpose. In
our system, image processing techniques are first
employed to perform the image preprocessing tasks,
such as image quality enhancement, noise removal,
rotation, scaling, and translation adjustment. Then,
distinguishable features are extracted from aircrafts for
recognition. Last, a multi-level recognition scheme is
adopted for recognizing the types of aircrafts by
incorporating suitable weight into each recognition
level. Experimental results reveal the feasibility and
validity of the proposed approach in recognizing
aircrafts in satellite images.

1. Introduction

Satellite images can be captured without any
constraints by time, weather, country boundary, and
other environmental factors. Thus, surveillance through
satellite images is a very important application for
military needs. The analyzed target can be bridge,
airports, roads, streets, buildings, and so on. One
particular feature of these human-build targets is “line
structure”. Therefore, in the literatures [1]-[4], there
have been many different detection schemes proposed
for detecting line structures. For examples, Nevatia
and Babu [1] proposed a line edge detector to detect all
line-like structures. Gruen and Li [2] used wavelet
transform to sharpen road boundaries. However, since
the objects in satellite images are very small, all the
above methods focus only on detecting objects and
don’t further recognize them. Although there have
been many methods [5]-[7] proposed for object
recognition, when satellite images are handled, all these
methods fail to correctly recognize the objects in
satellite images since they are very small and polluted
by different dazzle paints, shadows, and other noise.

In this paper, we propose a novel recognition
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system for recognizing various aircrafts in satellite
images by a hierarchical boosting algorithm. Since
each aircraft has different orientations, sizes, textures,
and even dazzle paints, some preprocessing techniques
like image quality enhancement, noise removal,
automatic  Binarization, rotation, scaling, and
translation adjustments are first employed to perform.
Thus, all above variations to a minimum can be reduced
before recognition. For the orientation adjustment, the
common method to estimate object orientation is
through a moment analysis [8]. However, the
moment-based method will fail to work when aircrafts
have longer wings, shadows, fragments, and other noise.
Therefore, in this paper, we propose a symmetry based
method for the rotation adjustment. Since an aircraft
even polluted by noise still maintains its symmetry, the
symmetry-based method can perform more robustly
and accurately than the moment-based method. Then,
distinguishable features derived from the characteristics
exhibited by aircrafts are extracted for aircraft
recognition.  Four features are used and derived,
respectively, from wavelet transform, Zernike moment,
distance transform, and the bitmap itself. Different
features have different capacities to discriminate
aircrafts. In order to integrate these features together,
a novel learning scheme is then proposed to determine
suitable weights from training samples for capturing the
characteristics of aircrafts. Based on these two
ingredients, i.e. weights and features, all input aircrafts
can be recognized very accurately. From experimental
results, the proposed method indeed achieves great
improvements in terms of accuracy, robustness, and
effectiveness in recognizing aircrafts in satellite images.
2. Processing

This paper proposes a novel system to recognize
aircrafts on satellite images for military surveillance.
The proposed system can be divided into three modules,
i.e., preprocessing, feature extraction, and recognition.
In what follows, details of the preprocessing module
are first described.

2.1 Binarization and Noise Removing

In this paper, a “minimum within-group variance”
dynamic thresholding method [8] is applied to binarize
each input region. After binarization, a conventional
labeling technique is then applied to locate each
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connected component from the binarized aircraft image
(as Fig. 1). If the size of a component is less than a
threshold, it will be filtered out.

=74
{

(a) (b)

Fig. 1: Result after inarization.
2.2 Orientation Estimation and Rotation
Normalization with Symmetry
In practice, each aircraft in satellite images will have
different orientations when it parks in an airport. In
order to make the task of recognition more easily, its
orientation should be corrected in advance. In this
paper, a symmetry-based method is proposed for this
orientation normalization.

Let Q(R) be the symmetry measure of an

aircraft R and R’ be the rotated version of R with

an angle 8. If 6, is the direction of the body axis
of R, it should satisfy:
0, =arg max Q(R%). (1)
. 0°<6<180°

To solve Eq.(1), the first thing is to define the
symmetry measure Q(R). Let x,(j) be denoted as
the average value of the x coordinates of pixels in the
jth horizontal line of R and w, be the width of R.
Then, x,(j) can be calculated as follows:

N N
xR(n——HR(j)O;szR(z,n, 2)

where H,(j)= Z R@G, j).

O<i<wg

(b)
Fig. 2: Aircraft with a northern direction.

As shown in Fig. 2, the black line in (b) is the
average x coordinates of all horizontal lines of (a).
Clearly, if R is toward the northern direction, the black

line is the body axis of R and all the values { x,(j) }
should be similar. Thus, the variance of { x,(j)} is

small and can be a good index to measure the symmetry

of R. Let o,(R) be the variance of the set
{xx(J)}ocjcs, - Then, Eq.(1) can be rewritten as:
0, =arg min o, (R%). (3)
0°<6<180°

In what follows is our symmetry-based rotation
estimation algorithm.
Symmetry-based Orientation Estimation Algorithm:

S1: Lets=20and ®={isli=0,...,180/s}.

S2: For each 6 in ©, calculate the symmetry
measure o, (R%) .

S3: Sort all angle & in an ascendant order according
to the value of o, (R’). Let ®=NULL;

S4: If s = 1, choose the & with the smallest
o, (R?) as the solution @

axis

and go to S8 for
ending. Otherwise, collect the top N angles &
with smaller o, (R’) from @ to the set ®
as possible candidates, where N=I®1/4 and 1@
is the number of elements in ©® .

S5: Half the quantization step, i.e., s = s/2;

S6: For each ¢ in &, generate two candidates
P+s and f—s tothenewset P'.

S7: ©@=dud'. Goto Step 2.

S8: Stop and record the &

axis

as the desired solution.

Original Images | Results after Rotation

¥

Fig. 3: Result of aircrafts after orientation estimation

and adjustments.

3. Feature Extraction

This paper uses four features to describe the

characteristics of aircrafts including binary map,

contours, moments, and wavelet coefficients.

3.1 Binary map

Assume Map, and Map, are the binary maps of O

and F, respectively, where Q is a query aircraft and F

another aircraft in database. The distance between

Map, and Map, can be defined as:

dy(Q.F)= 3" > | Mapy(i, j)— Map, (i, j)1 ,(4)
0<i<wy 0< j<hy

where w, and h, are the width and height of F.

3.2 Contours

+

o b) o

Fig. 4: Result of distance transform. (a) Original

Image. (b) Boundaries
transform of (b).
Contour is a good feature to describe the shape of an
aircraft R and can be captured by converting R to a

of (a). (c) Distance
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distance map. Assume B, (x,y) is a binary boundary
image of an aircraft F. Then, the distance transform of a
pixel pin B, (x,y) isdefined as:
DT, (p)= min d(p.q), 4)
B (¢)=1

where d(p,q) is the Euclidian distance between two
pixels p and ¢. In order to enhance the strength of
distance changes, Eq.(5) is further modified as:

DT (p)= Brg[i)rzll d(p,q)xexp(kd(p,q)), (6)

where x=0.1. Fig. 4 shows the result of the
distance transform of Fig. 4(b). Then, given an
unknown query aircraft Q(x, y), the dissimilarity of
distance maps between Q and F is defined as:

d.(Q,F)= ! > IDTs,(r)=DTs, (1)1, (7)

F 'reBp

where |B, | isthe image size of | B, |.

3.3 Zernike Moments
Zernike moments provide size, translation, and rotation
invariant properties for shape descriptions. The two
dimensional Zernike moment with p order and ¢
repetition of an image f{x,y) is defined as:

n+1

Anq Z fx, )’)Vr,*q(X, y), (8)

.’c2+y2£1

(x,y) is the

*

where V

v conjugate

complex of

V,,(x,y), a Zernike basis polynomials with p order and

q repetition. Let ZMM=||AM||/||AOO||. In addition,
assume that ZM  (Q) and ZM

Zernike moments of a query aircraft Q and a aircraft F
in the database, respectively. Then, the distance of
Zernike moments of Q and F can be defined as:

d, (Q.F)= > 1ZM , (Q)-ZM , (Q)1- (9)

0<p=9.lgl<p,p-igl is even

3.4 Wavelet Coefficients

Wavelet transform (WT) uses two kinds of filers to
decompose a signal into different resolutions. After
decomposing, each wavelet coefficient can be classified
into four different bands, i.e., LL, LH, HL, and HH.
Then, we label a pixel p as 1, 2, 2, and 4 if p locates in
the LL, LH, HL, HH bands, respectively. Then, the
distance of wavelet coefficients between a query
aircraft Q and a aircraft F' can be defined by:

dy(Q,F) =Y I(p)|Coeff}’ (p)— Coeff, (p)1,(10)

(F) represent the

Pq

where Coeff, (p) and Coeff,’ (p) are the WT

coefficients of Q and F, respectively, and [(p) is the
band labeling of p.

4. Feature Integration and Comparisons
In what follows, a novel learning algorithm is proposed

to learn proper weights from data for integrating above
four features together.

4.1 Recognition with One Single Feature

Let d(Q,F) be the distance of one specific feature
between a query aircraft Q and an aircraft F in the
database. For all aircrafts Fj , we can sort them in an
ascendant order based on the d(Q,Fj). Assume L is
the set of the top K sorted results in the list. Then,
each element F; in L is assigned to a score by the
rule:

ScoreQ(Fj)zl—j/L. (1)

Assume there are K categories of aircrafts in the
database, where a specific class C, has N, samples.

Then, the similarity between the Q and C, is defined:

5(0.C,)= ! D" Scorey(F)) .

C, FieCy

12)

Based on Eq.(12), the proposed system classifies the O
into class [ when

Vk#1, S(Q,C)=5(0.C,).
4.2 Recognition with Multiple Features
Let S,(Q,C,) be a similarity between Q and a

13)

category C, if the ith feature is used. The integrated

similarity between Q and C, can be then represented:

Ny-1
Sin[egralion (Q’Ck) = z Wi S,‘(Q’Ck) ’ (14)

i=0
where w, is a weight for balancing the contribution of
S,(0,C,). Here, Nf
THen, when multiple features are used, the proposed
system classifies the Q into class [ if
Sinegration (@5 C1) 2 Sipiegraion (@ C, ) for Vk#l. (15)

In what follows, we will propose a novel learning
algorithm to learn the w, based on a boosting concept.

is the number of features.

Assume U is the set of total training samples, where
U* is a subset of U whose elements are in the
category C,. Then, given a sample u; in U*, the
learning algorithm will increase the ith weight w, if it

lets one instance in C* have the best ranking. ~After
training all the samples several times, the weights
{w,} will graudally converge.

Weight Learning Algorithm
Input: MaxIterations = 10;
S1: Set all {v1/,.},.:OMNM_l tobe 1/N, andt=0;

S2: For each sample u; in U,
2.1 k = the category which the u; belongs to.
22Fori=0to N,-1
2.2.1 Sort all categories C, in decendant order

according to the value of S,.(uj,Cn) ;
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2.3 I=arg min Id(i) , where Id(i) is the sorted

0<i<N,
index of the kth categories for the ith feature.
24 w,=w,+Aw, where Aw=0.01.
N,-1
2.5 w,=w,/wand Y w, fori=l,...,N,-I.
i=0
N,-1

=

S3: s:iz (w, —w,)".

fi=0
S4: If € = 0 or t < Maxlterations, increase ¢ by 1
and go to Step 2. Otherwise, the desired set of

5. Experimental Results
In order to analyze the performance of our proposed
approach, a test database containing 218 aircrafts,
which come from 12 categories, is used. In addition, a
training database containing 70 aircrafts is adopted to
train proper weights for feature integration. Table 1
shows parts of aircraft types used for recognition.

S1 S2 S3 L1 L2

ba | &

Table 1: Types of aircrafts built in the database.
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Fig.5: Recognition result when an “S3” image
is input and the bitmap feature is used.

Features | Bitmap Dist Z.M. | Wavelet | Integration
Table

Rate

Acf;:)“y 68.57 | 7286 | 77.14 | 7701 | 9714

Table 2: Types of aircrafts built in database.
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Fig.6: Recognition results when all features are
used. (a) Recognition result of the “S3” aircraft.
(b) Recognition result of the “L4” image.
Fig. 5 shows the result when the “S3” aircraft is queried
and the bitmap feature is used. Fig. 6 shows the
recognition results when multiple features are used. (a)
is the result of an “S3” aircraft and (b) the result of a
“L4” one. Table 2 lists the average accuracies of
recognition when different features are used. The

average accuracy of the integration scheme is shown in
the 6th column of Table 2. The recognition accuracy of
the learning scheme is high and up to 97.14%.
According to the above experimental results, the
superiority of the proposed method can be verified.

6. Conclusions
In this paper, we have presented a hierarchical
recognition method to recognize the types of aircrafts
from satellite images. The contributions of this paper
can be summarized as follows:

(a) A symmetry-based method was proposed to
estimate the axis direction of an aircraft for
rotation adjustment.

(b) A multi-level recognition scheme was proposed
to recognize the types of aircrafts by
incorporating suitable weights into each
recognition level. The integration has been
proved very usefully in capturing the
characteristics of aircrafts.

Acknowledges
This work was supported in part by Economic Council

and National Science Council of Taiwan under Grants

NSC92-2213 -E-150-049 and 93-EC-17-A-02-S1-032.

References

[1] R. Nevatia and K. R. Babu, “Linear Feature
Extraction and Description,” Computer Graphics
and Image Processing, vol. 13, pp. 257-269, 1980.

[2] A. Gruen and H. Li, “Semi-Automatic Road
Extraction by Dynamic Programming,”
International Archives of Photogrammetry and
Remote Sensing, vol. 30, part 3/1, pp. 324-332,
1994.

[3] Donald Geman and Bruno Jedynak, “An Active
Testing Model for Tracking Roads in Satellite
Images,” IEEE Transactions on PAMI. vol. 18, no.
1, pp.1-14, January 1996.

[4] M. Pesaresi and J.A. Benediktsson, “A New
Approach for the Morphological Segmentation of
High-Resolution  Satellite  Imagery,” IEEE
Transactions on Geosciences and Remote Sensing,
vol. 39, no. 2, pp.309-320, Feb. 2001.

[5] S. C. Tien and T. L. Chia, “Using cross-ratios to
model curve data for aircraft recognition”, Pattern
Recognition Letter, no. 12, pp. 2047-2060, 2003.

[6] R. Alferez and Y.F. Wang, “Geometric and
Ilumination Invariants for Object Recognition,”
IEEE Transactions on PAMI, vol. 21, no. 6, pp.
505-536, June 1999.

[7] Greenberg and J. Guterman, “Neural-network
classifiers for automatic real-world aerial image
recognition,” Applied Optics, vol. 35, no. 23, pp.
4598-4608, Aug. 1996.

[8] M. Sonka, V. Hlavac, and R. Boyle, Image
Processing, Analysis and Machine Vision, London,
U. K.: Chapman & Hall, 1993.

1718



	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
	JunWei Hsieh
	Jian-Ming Chen
	Chi-Hung Chuang
	KaoCHin Fan



