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Introduction

1.
1.1

Purpose & Scope

This technical note (TN) provides theoretical details of the selected feature extraction algorithms for
detected (DET) synthetic aperture radar (SAR) images. Implementation of feature extraction algorithms is a
part of Data Model Generation (DMG) modules of the EOLib’s service components [AD01]. DMG module
focuses on the content and context analysis of the different Earth observation (EO) sources. Different
feature extraction methods are considered in the case of image content. The features extracted from the
images are complemented with image metadata (extracted from the XML file of the product) and
geometrical and topological data (e.g., GIS data).
The feature extraction methods are classified according to the input data. Following categories are
identified in [AD02]:
a)
b)
c)
d)
e)

Feature extraction for optical images
Feature extraction for synthetic aperture radar (SAR) images
Feature extraction for Polarimetric SAR (PolSAR) data
Feature extraction for Image Time Series (ITS)
Feature extraction for geometrical and topological analysis

This TN describes the theoretical overview of the feature extraction algorithms, in the current issue only for
(b), i.e. SAR images. The feature extraction algorithms will read the original L1b EO products (e.g., for
detected (DET) and geocoded TerraSAR-X products are unsigned 16 bits). The algorithms are applied to
full scene and the analyzing window (as a parameter) of the algorithms is the size of the patch. Three
feature extraction algorithms are presented in this TN. First two are based on the Gabor filter banks, and
third one is adaptation of the Weber local descriptor (WLD) for SAR images.
This TN will be updated in a future release with the description for multispectral feature extraction algorithm
that will be used for EOLib.

1.2

Applicable Document/s

The following project documents contain provisions which, through reference in this text, become
applicable to the extent specified in this document.
[AD01]

EOLib Architecture Concept

EOLIB-TN-DLR-3100
Issue 1.1, 2013-04-04

[AD02]

EOLib Algorithm Specification

EOLIB-TN-DLR-3300
Issue 1.5, 2013-12-03

[AD03]

EOLib Image Information Mining Algorithm Design

EOLIB-TN-DLR-4401
Issue 0.1, 2014-xx-xx

1.3

Document Overview

This document is structured as follows:
Chapter 1
Chapter 2
Chapter 3
Appendix A
Appendix B

This introduction
Feature Extraction Algorithms
Implementation
Abbreviations
References
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Feature Extraction Algorithms
Introduction

Feature extraction algorithms can be divided into two classes (Chen, et al., 2010): one is a dense
descriptor which extracts local features pixel by pixel over the input image (Randen & Husoy, 1999), the
other is a sparse descriptor which first detects the interest points in a given image and then samples a local
patch and describes its invariant features (Mikolajczyk & Schmid, 2005). We have identified the Gabor filter
banks based dense descriptor and adapted a Weber local descriptor (A-WLD) based sparse descriptor as
appropriate feature extraction methods for detected SAR images.

2.2

Gabor filter banks

Gabor expansion was introduced by a Hungarian-born British physicist, Dennis Gabor in 1946, particularly
suitable for analysis of signals with sharp changes but which stay for a small duration of time. It suggests
expanding a signal into a set of functions that are concentrated in both time and frequency (Gabor, 1946).
This set of functions, also called the Gabor coefficients, plays the main role in analysis of signal’s local
properties. Gabor expansion can be written mathematically as follows (Qian & Chen, 1993):

𝑠(𝑡) =

∞

�

∞

� 𝐺𝑚,𝑛 ℎ𝑚,𝑛 (𝑡), with ℎ𝑚,𝑛 (𝑡) = ℎ(𝑡 − 𝑚𝑇)𝑒 𝑗𝑛𝜔𝑡 .

𝑚=−∞ 𝑛=−∞

Where, 𝐺𝑚,𝑛 are called the Gabor coefficients. The set of elementary functions ℎ𝑚,𝑛 (𝑡) consists of a timefrequency shifted function ℎ(𝑡). In practice, to describe the texture of an image 𝑖(𝑥, 𝑦), a filter structure is
employed where image is filtered using the band pass filters, also called Gabor elementary functions (GEF)
ℎ(𝑥, 𝑦) to extract a specific frequency band from an image. Usually a convolution operation (∗) of
GEF’s,ℎ(𝑥, 𝑦), with the original image, 𝑖(𝑥, 𝑦), is employed to obtain a Gabor filtered image, m(𝑥, 𝑦), as
follows:

𝑚(𝑥, 𝑦) = |𝑖(𝑥, 𝑦) ∗ ℎ(𝑥, 𝑦)|.

Description of the Gabor elementary functions

Gabor coefficients or GEF’s are not unique and can be described in many different ways. GEF’s are
sometimes also referred as Gabor wavelets, which are nothing but the Gaussian modulated by a complex
sinusoid as follows (Super & Bovik, 1991), (Bovik, et al., 1990):

ℎ(𝑥, 𝑦) = 𝑔(𝑥 ′ , 𝑦 ′ )𝑒 𝑗2𝜋(𝑈𝑥+𝑉𝑦) .

Here, (𝑥 ′ , 𝑦 ′ ) = (𝑥 cos ∅ + 𝑗 sin ∅ , −𝑥 sin ∅ + 𝑗 cos ∅) are the rotated rectilinear coordinates in spatial domain,
and (𝑈, 𝑉) are the particular 2-D frequencies in the complex-sinusoid. The 2-D Gaussian function 𝑔(𝑥, 𝑦)
with its corresponding Fourier transform 𝐺(𝑢, 𝑣) is given as (Dunn, et al., 1994):

𝑔(𝑥, 𝑦) =

1
1 𝑥2 𝑦2
exp �− � 2 + 2 ��,
2𝜋𝜎𝑥 𝜎𝑦
2 𝜎𝑢 𝜎𝑣

2

𝐺(𝑢, 𝑣) = exp �−2𝜋 2 �(𝜎𝑥 [𝑢 − 𝑈]′ )2 + �𝜎𝑦 [𝑣 − 𝑉]′ � �� .

Here, ([𝑢 − 𝑈]′ , [𝑣 − 𝑉]′ ) = [(𝑢 − 𝑈) cos 𝜃 + (𝑣 − 𝑉) sin 𝜃 , −(𝑢 − 𝑈) sin 𝜃 + (𝑣 − 𝑉) cos 𝜃], are the shifted
and rotated rectilinear coordinates in the frequency-domain, with 𝜎𝑢 = 1/2𝜋𝜎𝑥 , 𝜎𝑣 = 1/2𝜋𝜎𝑦 characterizing
the spatial extent and bandwidth of ℎ(𝑥, 𝑦). Filter parameters (𝜎𝑢 and 𝜎𝑣 ) can be computed in several ways.
The Gabor wavelets are non-orthogonal in nature unless they are poorly concentrated in time or in
frequency domain. While keeping a good time and frequency domain concentration, nonorthogonality is
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allowed at the cost of redundant information in the filtered image. In order to reduce this redundancy,
following formulation to compute 𝜎𝑢 and 𝜎𝑣 has been proposed in (Manjunath & Ma, 1996):

𝜎𝑢 =

1

�(𝑈ℎ /𝑈𝑙 )𝑆−1 − 1� 𝑈ℎ
1

�(𝑈ℎ /𝑈𝑙 )𝑆−1 + 1� �2 log 2

,

1

−

(2 log 2)2 𝜎𝑢2 2
𝜋
2𝜎𝑢2
� .
𝜎𝑣 = tan � � �𝑈ℎ − 2 log �
�� �2 log 2 −
𝑈ℎ
2𝑂
𝑈ℎ2

Here, 𝑈ℎ and 𝑈𝑙 are the upper and lower center frequencies of interest in the Gabor kernel, 𝑆 is the number
of stages and 𝑂 is the number of orientations used in the multi-scale/ multi-resolution Gabor decomposition.
The choice of Gabor coefficients is not restrictive but the foundations for wide usage of Gabor filter banks
for texture description were mainly laid in (Manjunath & Ma, 1996) with the proposal of a homogeneous
texture (HT) descriptor, and later advocated in diverse fields studies (Kandaswamy, et al., 2005), (Riaz, et
al., 2012). We also followed the same formulation, with 𝑈ℎ = 0.45, 𝑈𝑙 = 0.05. In the Figure 2-1, we illustrate
the examples of real and imaginary parts of the Gabor kernel at stage 𝑆 = 1, and six different orientations 𝑂
= 1, 2, · · ·, 6. The SAR image under consideration, is convolved with this complex-valued Gabor filter bank
to obtain a Gabor filtered image.

SAR Image
𝑂=1
𝑂=2
𝑂=3
𝑂=4
𝑂=5
𝑂=6
Real (first row) and imaginary (bottom row) parts of Gabor kernel for stage 𝑆 = 1

Figure 2-1: SAR image is convolved with the Gabor filter banks to get a Gabor filter image. Shown are (top) the real part
and (bottom) the imaginary part of the Gabor kernel for a particular stage 𝐒 = 1, and six different orientations 𝐎 = 1,2,···,6.
2T

2T

Convolution of SAR image with complex-valued Gabor coefficients will provide us a complex-valued Gabor
filtered output. The amplitude of this filtered output is used to generate a feature descriptor.

SAR Image

𝑆=1, 𝑂=1

𝑆=1, 𝑂=2

𝑆=1, 𝑂=3

𝑆=1, 𝑂=4

𝑆=1, 𝑂=5

𝑆=1, 𝑂=6

𝑆=2, 𝑂=1

𝑆=2, 𝑂=2

𝑆=2, 𝑂=3

𝑆=2, 𝑂=4

𝑆=2, 𝑂=5

𝑆=2, 𝑂=6

𝑆=3, 𝑂=1

𝑆=3, 𝑂=2

𝑆=3, 𝑂=3

𝑆=3, 𝑂=4

𝑆=3, 𝑂=5

𝑆=3, 𝑂=6

Figure 2-2: SAR image is convolved with the Gabor filter banks to get a Gabor filter image. The amplitudes of the Gabor
filtered images using 3 stages and 6 orientations are shown.
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Feature descriptor based on moments of Gabor filtered images

Even for the Gabor filters applied to DET SAR images, we will obtain complex-valued filtered images. As it
has been commented in (Julesz, 1981), that only linear mechanisms are not sufficient to explain how
human visual system perceives the texture, to further incorporate non-linearity in the Gabor based
approach, one idea is to work on the amplitude of the complex-valued sub-images. In (Bovik, et al., 1990),
as well as in (Manjunath & Ma, 1996), it has been studied extensively that amplitude of the complex-valued
sub-images can be used to characterize the texture of images. Now the obvious choices for a feature
descriptor over the amplitude of the filtered images are the simple statistical measure, i.e. mean 𝜇 and
variance 𝜎 2 . Thus, we also compute the moments of the amplitude of the complex-valued Gabor filtered
output at different scales and orientations, which later constitutes the feature descriptor.
The invariance properties of Gabor filters along with the restrictions to the use of Gabor filters for feature
extraction have been demonstrated in (Kamarainen, et al., 2006). Even though a lot of study have been
carried out since the Gabor expansion with the proposal of some recent feature descriptor based on Gabor
filters such as auto-correlation Gabor features (Riaz, et al., 2012) etc., the use of moments of the Gabor
filtered images are still widely accepted tool for texture synthesis in multimedia as well as remote sensing
images. The homogeneous texture descriptor under the visual texture descriptor in the moving picture
experts group (MPEG)- 7 standard (Sikora, 2001) also rely on this feature descriptor, thus can be
considered as a benchmarking tool for comparing alternative methodologies.
In EOLib project deliverables, we have used 4 stages, and 6 orientations, with 𝑈ℎ = 0.45, 𝑈𝑙 = 0.05 in Gabor
filter bank formation. For 4 stages, and 6 orientations, we obtain a feature descriptor of length 48:

̅
𝑓𝐺𝑎𝑏𝑜𝑟

𝜇,𝜎2

=

�𝜇1,1 , 𝜎 21,1 , 𝜇1,2 , 𝜎 21,2 , 𝜇1,3 , 𝜎 21,3 , 𝜇1,4 , 𝜎 21,4 , 𝜇1,5 , 𝜎 21,5 , 𝜇1,6 , 𝜎 21,6 ,

.
… , 𝜇4,1 , 𝜎 2 4,1 , 𝜇4,2 , 𝜎 2 4,2 , 𝜇4,3 , 𝜎 2 4,3 , 𝜇4,4 , 𝜎 2 4,4 , 𝜇4,5 , 𝜎 2 4,5 , 𝜇4,6 , 𝜎 2 4,6 �

With, 𝜇𝑆,𝑂 , 𝜎 2𝑆,𝑂 are the first two moments (mean and variance, respectively) of Gabor filtered image at
stage-𝑆, orientation-𝑂.
2.2.2

Feature descriptor based on logarithmic-cumulants of Gabor filtered images

Based on the method of log-cumulants (MoLC) (Nicolas, 2002), we proposed in (Singh & Datcu, 2013) to
enhance the accuracy of patch indexing using the log- cumulants of Gabor filtered images, instead of their
moments. Let 𝐺𝑎𝑏𝑜𝑟𝑆,𝑂 (·) be the Gabor filtered image at a stage 𝑆, and orientation 𝑂. For an image 𝑖(𝑥, 𝑦)
of size 𝑀 × 𝑁, the first three logarithmic-cumulants �𝜅̃ 1𝑆,𝑂 , 𝜅̃ 2𝑆,𝑂 and 𝜅̃ 3𝑆,𝑂 � for the amplitude-envelope of the
Gabor filtered image at this stage and orientation are estimated as follows:

𝜅̃ 3𝑆,𝑂

𝜅̃ 2𝑆,𝑂

𝜅̃ 1𝑆,𝑂

𝑀

𝑁

1
=
� � ln��𝐺𝑎𝑏𝑜𝑟𝑆,𝑂 �𝑖(𝑥, 𝑦)���,
𝑀×𝑁
𝑢=1 𝑣=1
𝑀 𝑁

1
2
=
� � ln��𝐺𝑎𝑏𝑜𝑟𝑆,𝑂 �𝑖(𝑥, 𝑦)�� − 𝜅̃ 1𝑆,𝑂 � ,
(𝑀 × 𝑁 − 1)
𝑢=1 𝑣=1

𝑀

𝑁

𝑀×𝑁
3
=
� � ln��𝐺𝑎𝑏𝑜𝑟𝑆,𝑂 �𝑖(𝑥, 𝑦)�� − 𝜅̃ 1𝑆,𝑂 � ,
(𝑀 × 𝑁 − 1)(𝑀 × 𝑁 − 2)
𝑢=1 𝑣=1

In EOLib project deliverables, we have used 4 stages, and 6 orientations, with 𝑈ℎ = 0.45, 𝑈𝑙 = 0.05 in Gabor
filter bank formation. For 4 stages, and 6 orientations, we obtain a feature descriptor of length 48:

̅
𝑓𝐺𝑎𝑏𝑜𝑟
=
� 1,𝜅
�2
𝜅

�𝜅̃ 11,1 , 𝜅̃ 21,1 , 𝜅̃ 11,2 , 𝜅̃ 21,2 , 𝜅̃ 11,3 , 𝜅̃ 21,3 , 𝜅̃ 11,4 , 𝜅̃ 21,4 , 𝜅̃ 11,5 , 𝜅̃ 21,5 , 𝜅̃ 11,6 , 𝜅̃ 21,6 ,

.
… , 𝜅̃ 14,1 , 𝜅̃ 24,1 , 𝜅̃ 14,2 , 𝜅̃ 24,2 , 𝜅̃ 14,3 , 𝜅̃ 24,3 , 𝜅̃ 14,4 , 𝜅̃ 24,4 , 𝜅̃ 14,5 , 𝜅̃ 24,5 , 𝜅̃ 14,6 , 𝜅̃ 24,6 �

�1𝑆,𝑂 , 𝜅
�2𝑆,𝑂 are the first two log-cumulants estimates of Gabor filtered image at stage-𝑆, orientation-𝑂.
With, 𝜅
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Adapted Weber Local Descriptor

WLD was proposed in (Chen, et al., 2010) for optical image retrieval by the inspiration of Weber’s law,
which states that the change of a stimulus that will be just noticeable is a constant ratio of the original
stimulus. If the change is smaller than this constant ratio, it cannot be recognized. Based on this idea, WLD
is proposed for texture characterization, which is composed of two components: differential excitation 𝜉 and
orientation 𝜃. The differential excitation is defined as:
𝑛−1

𝜉(𝑥𝑐 ) = arctan �� �
𝑖=0

𝑥𝑖 − 𝑥𝑐
�� .
𝑥𝑐

Here, 𝑛 is the number of neighboring pixels, which are 8 in the case of Figure 2-3(a). The orientation is
given as the gradient orientation, defined by:

𝜃(𝑥𝑐 ) = arctan �

𝑥7 − 𝑥3
�.
𝑥5 − 𝑥1

Based on the two terms, a joint histogram can be constructed, followed by converting it to a one
dimensional histogram, which is the WLD. The advantage of this feature is that it considers not only the
local contrast but also the structure information represented by gradient histogram. Although Weber’s law is
a theory from visual perception and there is no visual aspect for SAR images, the principle for feature
extraction is still applicable to SAR images. Nevertheless, in the case of SAR images, multiplicative speckle
noise decreases dramatically its discriminative ability for image indexing. To combat against speckle, we
proposed a solution (Cui, et al., 2013) to replace the gradient in WLD by the ratio of mean differences
(RMD). RMD is computation is based on the ratio detector (Touzi, et al., 1988). The ratio detector is defined
as the ratio of the means of two neighborhoods on the opposite sides of the point. To detect all possible
edges, the ratio detector should be applied in all possible directions. The edge response for a pixel is the
maximum of all the edge responses in all directions. For the sake of computation, a local window centered
at a pixel is split into two contiguous neighborhoods. Four principal directions 𝑖 = 0, … ,3, i.e.
0° , 45° , 90° , 135° are assumed in Figure 2-3 and the ratios of local means �𝜇1𝑖 , 𝜇2𝑖 � of the two neighborhoods
are computed.

(a)

(b)

(c)

(d)

(e)

Figure 2-3: Eight neighborhoods and four directions (0°,45°,90°,135°) used for the definition of SAR image ratio detector.
The edge responses of the four principal directions are defined as:

𝑟 𝑖 = 1 − min�𝜇1𝑖 /𝜇2𝑖 , 𝜇2𝑖 /𝜇1𝑖 � , 𝑖 = 0, … ,3.

The final edge response for a pixel is give as 𝑅 = max(𝑟 𝑖 ) , 𝑖 = 0, ⋯ ,3, which is referred as mean ratio.
Based on the ratio detector, the RMD is defined as:

𝑅𝑆𝐴𝑅 = 𝐷𝑣 /𝐷ℎ = (𝜇11 − 𝜇12 )/(𝜇13 − 𝜇23 ).

Where, 𝐷𝑣 = 𝜇11 − 𝜇12 and 𝐷ℎ = 𝜇13 − 𝜇23 are the differences of the local means of the two neighborhoods
corresponding to both vertical and horizontal directions, the two blue and magenta regions shown in the
Figure 2-3(b) and (d). The RMD can be considered as an adaptation of the gradient for SAR images,
leading to the following adapted orientation component and differential excitation:
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2

𝜉(𝑥𝑐 ) = arctan �� � �
𝑖=0 𝑗=0

Veg. & forest

𝜇𝑗𝑖 − 𝑥𝑐
𝑥𝑐

�� .

Urban

Figure 2-4: Five example classes and the semantic labels are bridge, harbor, river deposit, vegetation and forest, urban.

Bridge

Harbour

River deposit

Veg. & forest

Urban

Figure 2-5: From left to right, the word histograms of the 1st (bridge), 2nd (harbor), 3rd (river deposit), 4th (vegetation and
forest), and 5th (urban) class after incorporating the mean ratios.
As an example, the histograms of the orientation and differential excitation for SAR images from 5 classes
are shown in Figure 2-6. As can be seen, the adapted WLD is discriminative for structure. Visually, the 5
classes can be well discriminated.

Bridge

Harbour

River deposit

Veg. & forest

Urban

Figure 2-6: From left to right, the histograms of orientation and differential excitation the 1st (bridge), 2nd (harbor), 3rd
(river deposit), 4th (vegetation and forest), and 5th (urban) class after incorporating the mean ratios.
Based on the two adapted components 𝜃(𝑥𝑐 ) 𝑆𝐴𝑅 and 𝜉(𝑥𝑐 ) 𝑆𝐴𝑅 , WLD for SAR images can be defined as the
joint histogram 𝐻� 𝜉(𝑥𝑐 ) 𝑆𝐴𝑅 , 𝜃(𝑥𝑐 ) 𝑆𝐴𝑅 �. Therefore, there are two adjustable parameters, the number of bins
for excitation 𝐶 and orientation 𝑇. Following the same strategy as WLD, this joint histogram is converted to
a one dimensional histogram. The adapted WLD includes not only local statistics but also local structure
information, resulting in an improved performance in SAR image indexing.
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Adapted Weber local descriptor based feature descriptor

The adaptation of WLD to SAR images by substituting the gradient with the ratio of mean differences in
vertical and horizontal directions. For feature extraction using A-WLD, the involved parameters (the number
of bins for orientation, 𝐶 and excitation,𝑇) are set 𝐶 = 18 and 𝑇 = 8. This will provide us a feature
descriptor of size 144. Furthermore, the window size used in local feature extraction for the A-WLD is 7
pixels. The adapted WLD includes not only local statistics but also local structure information, resulting in
an improved performance in SAR image indexing
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Implementation

This chapter provides a brief overview of the implementation issues pertaining to the feature extraction
algorithms and DMG in general. Feature extraction algorithms are invoked in the DMG module. During the
running of DMG module, each product image is tiled into patches and the features are extracted and stored
into the XML file. DMG requires operating parameters to start, but the parameters related to the feature
extraction algorithms have been fixed after empirical evaluation of the selected values. Details of these
parameters (operating and feature extraction algorithm related) are given in the Chapter 0.

Figure 3-1: Class diagram of DMG constituting feature extraction algorithm implementation.

Figure 3-2: Class diagram of feature extraction algorithm implementation.
Extracted features are further utilized in the Image Information Mining (IIM) system [AD03] for fast indexing
and annotation and Knowledge Discovery in Databases (KDD) exploration of large volume of Earth
observation (EO) data archive, which works at patch level.
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DMG implementation overview

Name

Data model generation

Category

Uses
Feature extraction
DET SAR data
DMG constitutes of the following feature extraction algorithms:
1) Moments of the Gabor filtered images
Description
2) Log-cumulants of the Gabor filtered images
3) Adapted WLD
Data format
Features
st
Programming language
Version
Java
21 July 2014
Batch or Manual
Batch
Operating system
Linux
Compiler
Java 1.6 or later
Pre-processing requirements

Comments

Geometric correction

NA

Radiometric correction
Other pre-processing

NA
NA

Parameters

Comments
sourcePath - The absolute path of the L1B
TerraSAR-X product.
destinationPath - The absolute path of the
EOLib destination directory where data
model for this product need to be generated.
operator - Name of the operator initiating
the DMG.
gridLevels - Indicator of which grid level is
under consideration, valid argument in this
version is '1'.
multiTemporal - Flag if the ingestion catering multi temporal product or not, valid
argument in this version is 'false'.
tileSizeColumns - Width, i.e. number of
columns of the image tile for DMG.
tileSizeRows - Height, i.e. number of rows
of the image tile for DMG.
overlapColumns - Size of displacement of
moving-window in image tile extraction in
width or X-direction.
overlapRows - Size of displacement of
moving-window in image tile extraction in
height or Y-direction.
Quicklook - of TerraSAR-X image product
in JPEG format.
EOLib-xml file - containing metadata of
product and image tiles.
Quicklooks - of image tiles in JPEG format.

Input parameters

Output results

Remarks

Remarks
Feature extraction specific fixed parameters:
Gabor filter banks based
features:
Stages = 4.
Orientations = 6.
Lower frequency = 0.05.
Upper frequency = 0.45.
Adapted WLD based features:
C - Number of excitation
levels = 18.
T - Number of orientations = 8.
These values have been
chosen empirically after
several experiments on
test data.
Files will be generated in
the <destinationPath> directory.
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Operating Hints

The software sub-system is operated on command line with nine arguments as follows:
$ java -jar dmg.jar <sourcePath> <destinationPath> <operator> <tileSizeColumns> <tileSizeRows>
<gridLevels> <multiTemporal> <overlapColumns> <overlapRows>
The description of arguments is as follows:

Argument
number

Argument name

Argument description

arg[0]

sourcePath

The absolute path of the L1B TerraSAR-X product.

arg[1]

destinationPath

The absolute path of the EOLib destination directory where data model
for this product need to be generated.

arg[2]

operator

Name of the operator initiating the DMG.

arg[3]

tileSizeColumns

Width, i.e. number of columns of the image tile for DMG, suggested value in this version is ‘256’. Range of other suggested values is ‘256 to
512’. There is no default value set in this version.

arg[4]

tileSizeRows

Height, i.e. number of rows of the image tile for DMG, suggested value
in this version is ‘256’. Range of other suggested values is ‘256 to 512’.
There is no default value set in this version.

arg[5]

gridLevels

Indicator of which grid level is under consideration, valid argument in this
version is '1'.

arg[6]

multiTemporal

Flag if the ingestion catering multi temporal product or not, valid argument in this version is 'false'.

arg[7]

overlapColumns

Size of displacement of moving-window in image tile extraction in width
or X-direction, suggested value in this version is ‘128’. Range of other
suggested values is ‘tileSizeColumns/2 to tileSizeColumns’. There is no
default value set in this version.

arg[8]

overlapRows

Size of displacement of moving-window in image tile extraction in height
or Y-direction, suggested value in this version is ‘128’. Range of other
suggested values is ‘tileSizeRows/2 to tileSizeRows’. There is no default
value set in this version.

3.3

Expected Output

A new folder with the same name as product directory containing following files will be generated in the
<destinationPath> directory:
• Quicklook of TerraSAR-X image product in JPEG format.
• EOLib-xml file containing metadata of product and image tiles. Metadata also includes the extracted features, i.e. Moments and log-cumulants of the Gabor filtered images and adapted WLD features for each
image tiles.
• Quicklooks of image tiles in JPEG format.
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Abbreviations

A-WLD
DET
DMG
EO
GEF
KDD
IIM
MoLC
RMD
SAR
TN
WLD

Adaptive Weber Local Descriptor
Detected data
Data Model Generation
Earth Observation
Gabor elementary functions
Knowledge Discovery in Databases
Image Information Mining
Method of log-cumulants
Ratio of Mean Differences
Synthetic Aperture Radar
Technical Note
Weber Local Descriptor
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