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ABSTRACT

With the increase in number of remote sensing satellites,
the number of image-data scenes in our repositories is
also increasing and a large quantity of these scenes are
never received and used. Thus automatic retrieval of de-
sired image-data using query by image content to fully
utilize the huge repository volume is becoming of great
interest. Generally different users are interested in scenes
containing different kind of objects and structures. So
its important to analyze all the image information min-
ing (IIM) methods so that its easier for user to select a
method depending upon his/her requirement. We concen-
trate our study only on high-resolution SAR images and
we propose to use InSAR observations instead of only
one single look complex (SLC) images for mining scenes
containing coherent objects such as high-rise buildings.
However in case of objects with less coherence like ar-
eas with vegetation cover, SLC images exhibits better
performance. We demonstrate IIM performance com-
parison using complex-Gauss Markov Random Fields as
texture descriptor for image patches and SVM relevance-
feedback.

Key words: Single look complex (SLC); InSAR;
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1. INTRODUCTION

Automatic retrieval of SAR images using query by image
content from a large repository is of great interest due to
availability of huge volume of high-resolution SAR im-
ages from satellites such as TerraSAR-X and TanDEM-
X. Moreover, sub-meter resolution of these images has
increased the diversity of the structures and the objects
in the scenes to a great extent thus opening new chal-
lenges for image understanding and Information Mining
systems [1]. In this article, we propose a concept of im-
age information mining (IIM) system which uses InSAR
data to recognize certain structures and the objects in the
scenes with a Relevance-Feedback (RF) Support Vector
Machine (SVM) active learning. This concept is based on

the knowledge-driven Information Mining (KIM) system,
which is a prototype of a knowledge-driven content-based
information mining system produced to manage and ex-
plore the large volumes of remote sensing image data,
mainly optical and detected SAR images [2]. Experimen-
tal results obtained from analysis of SLC SAR data pre-
sented in [1] demonstrates that phase information in SLC
data can provide added information for IIM, thus moti-
vated us to extend KIM concept to SLC data. Phase in
InSAR data is nothing but the phase difference between
master SLC and slave SLC, so this concept is also extend
able to InSAR data.

In this article, we compare IIM performance of the In-
SAR data obtained from a set of master and slave SLC
data with the same master SLC data. Complex-Gauss
Markov Random Fields (GMRF) is used as the primitive
feature vector as a texture descriptor of the scene struc-
ture and objects which is the extension of GMRF model
in complex domain.

2. GAUSS-MARKOV RANDOM FIELDS FOR
COMPLEX-VALUED SAR DATA

Considering the SAR signal as the complex envelope of
a zero-mean band-limited Gaussian process, the GMRF
model for the complex-valued pixels has the following
form [3]:
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where, z = x+jy is the complex valued pixel, θ = ξ+jτ
is the complex valued parameter vector, σ2 is the model
variance and the sum is over the entire pixel r belonging
to the vicinity neighbor N . The model order r decides
the number of textural parameters used for clustering pur-
pose. Evidence of the model is also computed which
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quantitatively describes how well the model is fitting to
the data. Evidence is given as follows:

p(zs|Hi) =

∫
Θ

p(zs|θ)p(θ|Hi)dθ, (2)

Integration in above equation is computed over the pa-
rameter space Ω. Here θ is the complex-valued parameter
vector. As mentioned earlier, the number of elements in
parameter vector depends on the complexity of the model
order. For model order 8 we obtain 40 GMRF parameters,
20 for real and 20 for imaginary part of complex-valued
SAR data. The variance of the model is given by the ex-
pectation of the difference between data and the best fit
of the model over the data. The variance of the model is
calculated as:

σ2 = E
{
(z −Gθ̂)2

}
(3)

z is a column vector with the image pixel in lexicographic
order, more in detail the vector elements are the pixels
belonging to the local analyzing window chosen for the
analysis. G is the clique matrix in which number of rows
equals to number of elements of the vector z, whereas
the number of columns equals the number of the element
of the vector θ. Model parameters, model evidence and
variance are used as feature descriptor of an object.

3. INFORMATION MINING CONCEPT USING
RELEVANCE FEEDBACK

Information Mining concept adapted for presented exper-
imental results consists of cutting the InSAR and SLC
data in patches of size 200 × 200 of exactly same re-
gion on ground. It is similar to the methodology pro-
posed in [4] [5] for detected SAR images. Primitive fea-
tures presented in Section-2 are estimated for all InSAR
and SLC image patches. Patch primitive-feature files and
corresponding quick-look files are imported into a RF-
SVM classifier. From RF we mean that the results will
be generated and later enhanced based on the user judg-
ment. This way we try to link visual similarity of im-
ages and their information content [6] to incorporate ac-
tive learning concept in the system. Graphical User In-
terface (GUI) of RF-SVM Classifier gives us the possi-
bility of searching by category generation (relevant and
irrelevant), equivalent to two classes classification. Thus
broadly the IIM systems will have main blocks as: (a)
Data-base of InSAR and SAR image patches, (b) primi-
tive feature extraction block, and (c) classifier-user com-
munication block. Based on the user feedback, categories
will be extracted from data-base.

4. EXPERIMENTAL RESULTS

We used 3 sites as our experimental data-set: Las-Vegas
(ascending orbit, right-look direction, baseline for In-
SAR data = 41.02 m), Beijing (ascending orbit, right-
look direction, baseline for InSAR data = 27.35 m) and

Bucharest (ascending orbit, right-look direction, baseline
for InSAR data = 105.20 m). For each site, InSAR data
and SLC data have been cut into patches of size 200×200
by applying a regular grid over the images to obtains a set
of total 4500 patches. As the resolution of SLC was ap-
prox. 1 meter, this means that each patch covers an area
of around 200× 200 meters on ground, sufficiently large
to contain a certain category of objects and structures.
We manually selected 7 categories for performance eval-
uation as shown in Fig 1.

(a) Different patch examples for category-1.

(b) Different patch examples for category-2.

(c) Different patch examples for category-3.

(d) Different patch examples for category-4.

(e) Different patch examples for category-5.

(f) Different patch examples for category-6.

(g) Different patch examples for category-7.

Figure 1: Selected 7 categories.

Categories-1, 2, 3, and 6 contains high-rise buildings



with strong and coherent scatterers. Categories-4 and
5 are in urban area but covered with some kind of
vegetation. Category-7 is pure vegetation category. We
analyzed IIM capability on all these categories using
complex-GMRF parameters as feature vector and results
have been compared for InSAR and SLC data. In order
to provide numerical evaluation of the performance and
for comparative study, we have computed Precision,
Recall and F-Score (harmonic mean of precision and
recall) for each category for both the methods (presented
in Fig. 2 and Fig. 3), which are defined as follows:
•Precision = True Positive / True Positive + False
Positive
•Recall = True Positive / True Positive + False Negative
•F-Score = 2 × Precision × Recall / (Precision + Recall)

Table 1: Performance evaluation for InSAR Data

InSAR InSAR
Category Total Retrieved Relevant

Patches Patches Patches
Category-1 27 18 17
Category-2 57 32 22
Category-3 34 20 19
Category-4 51 10 9
Category-5 253 46 44
Category-6 149 21 21
Category-7 60 10 9

Table 2: Performance evaluation for SLC Data

SLC SLC
Category Total Retrieved Relevant

Patches Patches Patches
Category-1 27 12 11
Category-2 57 22 12
Category-3 34 23 13
Category-4 51 10 9
Category-5 253 83 39
Category-6 149 22 13
Category-7 60 39 36

Figure 2: Precision / Recall for 7 categories.

Table 1 and Table 2 provides quick overview of number
of total patches, retrieved and relevant patches for each
category, for both InSAR and SLC data. If we analyze the

Figure 3: F-Score for 7 categories.

balanced F-Score, which is harmonic mean of Precision
and Recall, for categories-1, 2, 3, and 6, which are clearly
the urban area with strong scatterers with minimal inco-
herent regions, we achieve better IIM performance, even
up to 15% improvement, while using InSAR data instead
of SLC data. However category-4 and 5 belongs to urban
area, but ground truth tells that buildings in these areas
are largly surrounded by trees and other kind of vegeta-
tion, thus InSAR data provides little or no improvment
over SLC data. Category-7, which is a pure vegetation
category provides very high performance with SLC data
than InSAR data.

5. CONCLUSIONS

In this article, we presented the use of complex-GMRF as
texture descriptor for complex-valued SAR images which
can be used as primitive feature vector for image infor-
mation mining applications. IIM performance for InSAR
and SLC has been compared for certain categories of ob-
jects using relevance-feedback Support Vector Machine.
We observed that use of phase difference between master
SLC and slave SLC, which is phase of InSAR data, will
not provide a reliable patch category descriptor for the
categories containing objects of low coherence. However
InSAR observations seems to exhibit better information
mining capability in case of coherent targets/objects. So
InSAR data is better suited for objects such as high-rise
building, roads and urban area than SLC data.
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