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= High resolution satellite images contain a lot of
information to be modelled.

= Natural landscapes can be modelled by texture-like
features.

= Texture-like features give a global interpretation from
the image but don’t explain the details.

= Man-made or geometrical structures like urban area
usually are modelled by local descriptors.

= Local descriptors are precise but complicated and
time-consuming.

= We are looking for some descriptors suitable for
geometrical structures but not complicated.
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Independent Component Analysis é

= The general framework of ICA was introduced by Hérault and Jutten
(1985)! but was most clearly stated by Pierre Comon (1994)? and
developed by Hyvarinen, Karhunen and Oja (2001)3.

Principal
Component
= General ICA Applications: Analysis
Cocktail party problem
Data compression

Feature extraction

=  Application of ICA on image data:
Natural image modeling
Face detector
Hand write detection

Remote sensing and satellite images Blind

source
separation

1- ANS, B., J. HERAULT, and C. JUTTEN, 1985. Adaptive neural architectures: Detection of primitives. In:
Proceedings of COGNITIVA’85. pp. 593-597.

2- COMON, Pierre, 1994. Independent Component Analysis, A New Concept? Signal Processing, 36(3),
287-314.

3- HYVARINEN, Aapo, Juha KARHUNEN, and Erkki OJA, 2001. Independent Component Analysis. Adaptive
and Learning Systems for Signal Processing, Communications, and Control. New York: Wiley. 7
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= Qur observed signal(Xgus )as a random vector is supposed to be produced
as a linear combination of some independent random variables called

sources S1,92,...,5 :
Xobs Q)= ;S 1)+ a,s, @ +---+ a,s, (1)
Xs (2) = 8,5,(2) +@,5,(2) +---+a.5, (2)

= &,,85,..-, A, : Basis vectors (with the same dimensions as Xobs )

S,(k),..., S, (k): Sources

= Estimation of basis vectors such that the sources will be statistically as
independent as possible is referred to as Independent Component

Analysis.

= |t is equivalent to estimate the mixing matrix, A, (X=AS ), or the
separating matrix, W, (s = WX)



Pre-processing and learning Cnes Eom ST

Pre-processing

= (Centering: {obs}
s f-

= Whitening: Xobs —> Xons: 9%, X,

o Whitening implies obtaining Principal Components of data
e Principal Component Analysis —> Uncorrelated components
e Independent Component Analysis—— Independent components

Learning

Central Linear combination of some independent random
Limit —> variables has a distribution that is closer to Gaussian
Theorem than each of original random variables

= Definition: Y=W Xgs =W AS=2'S

= Searching for W' that maximizes the non-Gaussianity of random variabley



Satellite Images, Contextual patches, Micro patches é ‘#7 _
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= Sub-meter satellite images contain a variety of natural or man-made scenes.

= Descriptors are defined for Contextual patches with the size of 200*200
pixels

=  Micro patches are used in the procedure of feature extraction

Original satellite image

Feature
extraction
methods
based on ICA

10
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| AR
= Some of ICA basis vectors [N

include only a small change in
their corner. They are resulted
from learning patches with
similar properties.

= The Ildea is to use a set of Gabor filters to choose the learning
patches that contain the most changes in their central parts.
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Scale and Dimensionality Behavior of ICA ¢ ‘#7
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"  The problem is that we can not use an ICA system for the contextual image
patches because of their large size. In addition, the number of basis vectors
is usually reduced in an ICA system.

= Scale size (size of basis vectors) and dimensionality (number of basis
vectors) of ICA system which is used for satellite image characterization are
important to be studied.

n components

M a, a,
= S, |l - S - + + S,
a’y a’, a’,
= s + sl + +S'n [0
, N
®  Reduction factor : F = 5
m

13
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=  Error of reconstruction as a criterion for efficiency of ICA system:

r
3
A
-

<
«

Reconstruction
error

e =mean(+/(X — )A()z)/mean(\/P)

1+

Decomposition
into the ICA
basis vectors

n
>

a a

1 2 a,
Sl -; + SZ - + ... + Sn;n = .
. :

When we use more ICA basis vector ( a higher reduction factor) , an ICA system can
represent the image more efficiently, so the reconstruction error reduces:

Number of 4 6 8 12 16 32 63
components
Reduction factor 0.0625 0.0938 0.125  0.1875 0.25 0.5 0.9844

Reconstruction | 361 269 23.1 202 176 127 1.1

error (%)

14
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= Simultaneously, when we use more ICA basis vectors ( a higher reduction factor) , we
have more computational problems and need more time:
Number of 4 6 8 12 16 32 63
components
Reduction 0.0625 0.0938 0.125 0.1875 025 0.5  0.9844
factor
Timesec) | 18 27 3.7 62 11.8 242 563
=  We try to minimize a Cost Function that increases with both of computation time (t)
and reconstruction error () :  CE(r)=kt(r) + (1—k)e(r) , (0= k<1)
optimum reduction factor: 0.1
40 . : . . g0 T T T T T T T T T 35 T T
BRCOREIRCHO EIL(H Computation Time (sec) Cost Function d
il Il o 0
0t b i
x5t 0r 5r e -";’#/"Fﬂ.iﬂ
il 1 21N = TS
r r A 3 ":.’-:""'p
4 Bt N e
Pl N
10 10+
5t 10t 5t
Reduction Facto
0 T e g g Iwmeey ! ! ! ! . . , Reduction Factor 1 , . l . , Redugtion Factor
0 01 02 03 04 05 05 07 08 09 1 Oy otHoTo T e 56 07 08 09 1 0 o1 32 05 07 05 05 07 08 09
(a) (b) «
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25t

201

15+

10

cnes =54 ol

=  When the size of basis vectors is getting larger, we could see more various forms of

edges, lines and other structures.

", n.-. . ---

Size of basis vectors=16*16 Size of basis vectors =32*32 Size of basis vectors =64*64

=  We define a cost function but as a function of the size of basis vectors:

CF(m)=kt(m)+@-k)e(m), (0<k <1) optimum size of basis vector: 16*16

100 =
T T T Computation time(sec) 70 T T
Recghstruction errdr Cost Function R
80 Bl ‘;/
50 /Iyr:/ﬂ.S ]
/
60 ik
40t e
// 4
4 k=04
40 30+ f > 4
Z7
&
20+ e o ”~
= =liz===¢
10+
Size of hasis vectors a - - " Size of basis vectors Size of hasis vectors

; ; ; o - ;
10 20 30 40 50 60 70 O 10 20 30 40 S0 60 7O o 10 20 30 40 &0 60 70

(a) (b) (c)
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Defining features for contextual patches A#
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=  To extract features from ICA sources, we need a set of basis vector. We apply ICA
learning procedure on all of learning micro patches gathered from all classes.

= We sample a sufficient number of micro patches and decompose them onto the
set of basis vectors and for each we obtain a set of 25 sources.

= Applying the root mean square over samples of a specific source we obtain the
corresponding feature.

ol T . iggﬁa — S1; S2()y.+1y S25(1)
" R — 31(2),52(2), .y S25(2)
4 - : MO : : ;

AT :
- S (d ,S d)yeeey S25(d
7 A
1 d 2 1 - 2 1 : 2
i 1 (K - 2 - 25
,/d;s ()\/d;s (k)\/dkzl:s )
} } ]
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Test set of contextual image patches C$s

Class1: Factory

A set of 800 samples of
contextual image patches in 8
classes of natural and man-
made landscapes is provided.

Class2: Farm

Class3: Village
= We perform an initial
evaluation of features based
on clustering of the test set. Classé: City-1
Class5: Forest
Classé6: City-2
Class7: Town

Class8: See




Resulted features and clustering

Class2: Farm

0 :
025 e ioeeb i ‘
o2f-

054 -o-

01|
0.05-

Class3: village

0.35

= =t s,‘/
10
Class4: City-1 %%

B85 e e e oo
0.3 H :

0.25

Class1
Factory

cnes

Class3
Village

" Results of clustering:

Class4
City-1

DLR  EZEGHN

Class7
Town

2 44
3 53
4 6.7
5 0

6 8.9
7 6.7
8

1 67.7

6.7
44
733
0
11
6.7
7.8
0

33
0
22
74.4
44
22
33
78

0
18
18
44
22
35

72.2

0
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Basis vectors improvement é 4#7
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Normally used for the cases that the objective is to separate two classes.

= The idea is to choose the most important basis vectors from each class and
bring them together to make a new set of basis vectors.

= |nitially two sets of basis vectors for each class are provided.

= We project micro patches from each class into each of basis vectors sets
and calculate the probabilities of squared sources ( P(s’) ) in every case.

EaEg
- n ::P(Slz)’P(SZz)l”"P(Snz) :: nezsr
E u D0 e san e hss e asms sfis nmms nsas mes Shms aa s s o smes sssnss Ssns s s 7. ............
B | ., =
i b |
ML P
S

\ ‘ b 0.035 [ :
=EE= —P(E)PE) P
l_iﬂ
IS e
wd NEUE
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Basis vectors improvement 4#7 TELECOM

We select a basis vector from each class if the corresponding probability, p(s?)
is obviously higher than P(s’) calculated for other class.

The new basis vector set is obtained by bringing the most basis vectors from
two classes together:

ﬁ’iﬁ'ﬂﬂﬂ

Results of clustering in the percent format for separating the urban area
from the forest. (a) Result of ordinary set of basis vectors. (b) Results of the
new set of basis vectors combined from the most important basis vectors of

two classes.
(a) (b)
Clusters | Syt flans Clusters | Sl £l
1 844 189 1 90 15.6
2 156  81.1 2 10 84.4

22
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In ordinary ICA, the components are assumed to be completely independent, and
they do not have any relationship, order or priority.

In Topographic ICA, the dependency between 2 components is a function of their
distance in a specific topographic representation.

The dependency between 2 components comes from correlation of their variances.

To define our topography, a neighbourhood function for each components is
necessary:

nb(i, j) = 1 if d(i,j)< L
= 0 if d(ij) > L

To generate one variance related to a component, we use the linear combination of
a set of “higher-order” independent variables ( U;,U,,...;U, ) that are in its
neighbourhood. Then a nonlinear function ( P )gives the variance:

Uni | Un | Uns > ¥ <Y g P % > S Si = oiVYi = (P(Z nb(i, k)Uk )y|
k
Ua | U | U I

U n-1 U n U n+l y .

24



TICA basis vectors representation é 4#7
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= (a) ICA system with 100 basis vectors.
The order of basis vectors is not
important but we sort them based on
their mean frequencies.

.

= (b) TICA system with 100 basis vectors
and a topography of 10 components by
10 components and also a neighborhood
of 5 components by 5 components.




Middle level TICA features /_#7 TELEmM

cnes DLR iﬁml

= The most important advantage of TICA is that we can use a large number of
components but we extract a few number of features .

= Using a set of 100 TICA basis vectors 100 low level features are provided, then using
dependencies among the components, we extract 9 middle level TICA features:

Contextual Patches Descriptor Production

Sample
micro-
patches

25
B F-15¢

Extraction of
low level
features using
TICA basis
vectors

Generation of
middle level
TICA features

Sample
micro-
patches
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learning Gabor
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Resulted features and clustering é 4#7
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Class2: Farm (0§

" Results of clustering:

cuer | £53 G Ch Gl gt Gy
1 811 33 33 022 11 11 33 11
2 L 744 22 11 89 22 0 78
3 33 0 83 33 11 33 11 11
4 35 0 33 867 0 33 33 11
S 0 1mr 1111 8ur L1 L1 55
6 44 11 LT 33 0 8.7 22 11
7 33 L1 44 22 11 11 889 0
8 L1 89 11 0 67 11 0 822

27
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Feature extraction from ICA basis vectors 4#7
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=  There are two points of view for feature extraction using ICA from image data.
The usual approach is to use the ICA coefficients (ICA sources).

=  The other point of view is to use the ICA basis vectors which are corresponding
to every image.

= We are going is to find basic characteristics of the ICA basis vectors extracted
from each contextual image patch.

Class6: City-2 Class3: Village Class5: Forest

¥ .
T/ T | PEEEE
AEPE § : N EnaEn
&g 1B DEAAS
DY B LAz
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Bag of words model

In text retrieval approaches, the Bag
of Words (BoW) is a model for
representing the documents as a set
of dictionary words in which the
arrangement of words is not
important.

For using the BoW idea to
characterize the images, the basic
problem is to define an analogy
between texts and images.

Document = Contextual patches
Words > ICA basis vectors
Dictionary = Two ways are proposed

Labeling = Finding the most similar
dictionary word for each basis vector.

Histogram—> repeats of dictionary
words for each document

ParisTech
< #om CEL

Document I

- MR o
A LT R
SEFEF -4
ENERN

==

Labeling by Dictionary-1

Irnﬁzn-n1-#

IIIEHIH
I.Ilﬂ"

| N
ST

Histogram '




Dictionaries and labeling é 4#7 TELECON
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Dictionaryl is produced through a clustering on the basis vectors of contextual
patches.

Dictionary2 is produced through obtaining basis vectors for each class.
The normal approach is to label each document word by only one dictionary word
which is the most similar to the document word:

|
wiw,

C(wy,wW,) =

Many of the features are zero because usually the number of document words is less
than the number of dictionary words.

The idea is to measure the total similarity between one dictionary word with all of
document words.

i, = mean(C(Di, Wi;))
J

The advantage of this new approach is that all dictionary words participate in
defining a feature.

31
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Class1: Factory
05 : - . : : : 05

Class2: Farm

H H i i ! H
o 10 20 30 40 50 60 70 0

i i ; i H i
o 10 20 30 40 50 60 70

Class3: village @ Class4: City-1 %
i % =

05

" Result of clustering:

Class]  Class?  Class3  Classd  Class3  Classé Class7  Class8

Clusters Factory Farm  Village City-l  Forest  City-2  Town Sea

i i ; i L i
o] 10 20 30 40 50 B0 70

Class5: Forest .

1 1 67 22 33 44 7T 33 11
2 44 %6 10 L1 55 33 10 67

3olss 67 om0 w w4 ow s
s ]33 122 M8 1l 66 22 33

A L s |55 0033 22 67 1l 22 22
L I B O (VT T VRN E R Y/ VI
Gussses [N 7l 67 55w o2 Mmoo
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Resulted features and clustering (Dictionary2) é
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Class1: Factory g Class2: Farm

" Result of clustering:

Classl]  Class?  Class3  Classd  Class3  Classé ClassT  Class$

Clusters Factory Farm  Village City-1 Forest City-2  Town Sea

10 20 30 40

Class5: Forest -

| 44 55 22 33 21 55 33 0

22 89 78 L1 44 44 55 89
78 756 22 55 33 33 33
55 11 L1 811 11 44 44 55
5.5 33 0 789 0 22 22
6 553 44 3 22 718 42 22

7 44 78 5.5 44 1.1 22 756 1.1
Class8: Sea

0s e 8 1.1 10 0 44 44 22 L1 767

05

e P2
L
L]

en
bt
s

L]

L 1 L L 1 L
a 10 20 30 40 50 60 70
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Lines and gradient as basic characteristics

. . . o e é # TELECOM
of basis vectors cnes DLR  EHE(H

Basis vectors could be modelled by
their lines.

The basis vectors of right image
contain some lines which are mostly
long and intense from gradient point
of view.

The basis vectors of left image have
some lines which are shorter and
weaker from gradient point of view.

Moreover, the distributions of lines
angles in two sets of basis vectors are
different.

This can be an idea for extracting
features from the basis vectors of
one image.
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Edge detection and line approximation
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= For edge detection we use Sobel

operator and thresholding and edge P L =NTEr
tinning step is applied to have one S = Do v D=

> Basis Vectors
pixel thick edges LT
: TERES
dANS==

» We introduce a line approximation I l
method which is fast and precise with
respect to some classical methods
such as Hough.

Edge

detection

poeas

s L ! approximation

=  This method is based on finding the .=g —-~— EI“EW
3-pixel lines. -Eg

= Then we enlarge each line from two
sides until its direction doesn’t
change significantly . B canes o sssonan s

4 Line

Iﬂﬂlﬂﬁ
=N

l Length, Gradient,
Angle

= At |ast we extract some features
from the lines properties

36



Feature extraction from lines properties i

= The length, the average of gradient magnitudes and the angle of a line is
considered as its most important characteristics.

= For each line, we put each of its characteristics (length, average of gradient
magnitude and angle) into the corresponding bin.

=  The number of elements in each bin could be considered as a feature of our
contextual patch.

Feature 1 2 3 4 5 6 7
Description | Shor, Medium, Long, Verv Long Weak Strong Very Strong
Interval | 4sL<6. 7<L<10, mn<r<iz  14<L, |Gl <011 ouis|g<01s  |glz014
Feature 8 9 10 11
Description | Horizontal Obligquel Vertical Oblique?2
o _o o o o o o o
Interval 0 +£225 45 +225 90 £225 135 +£225

37



Resulted features and clustering é 4#7
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Class1: Factory

Class2: Farm |

140 : ; ; : 140
120 : ; ' : : 120}
100 100}
80 s0
60 60
40 40
20 20+
) 0

Classa4: City-1 %@%ﬁ

. | | o = " Result of clustering:
ol Clusers | Fycwy T Vil iyl Fors  Civ: Tow  Sen
P83 33055 22 1 Ll 22 0
y | o B3 o0 11 w110 89
Classs: Forest - 3 33 0 86 33 0 33 44 0
oo I TR O s les 11 33 84 0 55 33 0
il s o w2 o0 osro0 0 78
o e 6 |44 11 22 55 0 818 33 0
ol 72 0 2 33 0 1 8T 0
o - BB s o s 0o o 7 0 0 83

38




. Y TELECOM
Outline (, 4#7
cnes DLR W

= Principles of Independent Component Analysis

= Scale and Dimensionality Behavior of ICA components for satellite images
= Feature extraction from ICA sources

= Middle level Topographic ICA features

=  Feature extraction from ICA basis vectors: Bag of Words model

=  Feature extraction from ICA basis vectors: Line and gradient properties

= Features based on line properties inside Images

= supervised classification based on SVM

= Conclusions and Perspectives

39



Line segments inside image as basis é ‘#7
components cnes Yo EHE

= |CA basis vectors provide a space to represent the images. They can be modeled
by their lines .

= The idea is to detect lines directly in the contextual image patch and extract
features from their characteristics.

Jf1+(short line) + ...+ fi.(long line) +...+f.(weak line) + ...+ fi(strong line) +...+
fons(horizontal line) + ...+ f,.(vertical lihe) + ...

40
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approximated inside the image cnes Y bR EHETH

Feature extraction from lines é ‘#7 TeLecon

=  Without performing an ICA procedure
We directly do other steps such as edge
detection and line approximation.

=  Finally, for each line, we consider a
narrow segment around it and put each
of its characteristics (length, average of

Line

. . . approximation
gradient magnitude and angle) into the E s ~
corresponding bin.

40 Length, Gradient, §
- § e Bl | Angle
. . . 80
=  The intervals of bins are different from - —-—
previous case: =}
Feature 1 2 3 4 5 6 7
Description | Shorm, Medium, Long, Very Long Weak Strong Very Strong
Interval 8<L <12 13<L<15 16<L<20 21<L 6l<12  a2<|q|<e0 Idz60
Feature 8 9 10 11

Description Horvizontal Obliguel Vertical Oblique?

Interval 0°+225 457225 90°:225 135”7 +225° 41




Resulted features and clustering

Class1: Factory
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TELECOM
ParisTech

" Result of clustering:

Chusters | (o, ot Gt (it s it G s
1 | 844 22 33 22 11 44 220
2 0 71 0 LI 110 0 10
3 |44 0 889 22 0 33 33 0
4 |55 11 11 867 0 44 44 0
5 0 133 11 0 8 0 0 67
6 |33 LI 0 55 0 81 22 0
7 12 0 55 22 0 11 (818 0
8 0 11 0 0 67 0 0 83
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=  Features based on line properties inside Images

= Supervised classification based on SVM

= Conclusions and Perspectives
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Super Vector Machine

To evaluate our proposed descriptor
a usual way is to examine them
through a classifier.

Supervised classifiers let us to detect
samples corresponding to a desired
class.

The idea of Super Vector Machine
(SVM) is to fit a separating
hyperplane between two classes such
that the samples that are located at
the boundaries of two classes will be
as far as possible.

TELECOM

ParisTech

5.4 i |

A
A

A LA

/

Al 4

SVM takes the positive and negative
samples in each iteration and change
the hyperplane in order to improve
the classification.
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Relevance feedback tool

= A database of 20000 contextual
image patches is provided.

= For each method we extract
feature vector of contextual
images and add mean value and
variance of contextual image to
the feature vector.

=  Qur supervised classifier is a
visual tool that in every
iteration allows us to observe a
number of samples which are
placed on SVM surfaces in order
to select positive and negative
samples corresponding to one
class.

| & . | i marias 7.40(2... | ) edtor-Eipocumen.. || B Figure 1 Y 5900076 - Pant B@e®0 E«onkaygY xn

= Detecting one class is done
during about 7-15 training
iterations. We stop detecting a
class when the samples shown
by visual tool stay in a stable
situation.
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Detected classes
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=  We extracted 20 classes from different man-made and natural landscapes.

Class1 Class2 Class3 Class4
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Class5

Class12

Class11
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Precision and recall

cnes DLR mZEi

Precision (red) is defined as the number of relevant samples retrieved by
classification divided by the total number of samples retrieved by that
classification.

Recall (blue) is defined as the number of relevant samples retrieved by
classification divided by the total number of existing relevant samples (which
should have been retrieved) .
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“Gabor” don’t present a suitable result but they work an acceptable accuracy for natural classes.
“TICA”, “Lines inside the basis vectors” and “lines inside the images” have the best results.
“Gabor “ “ICA” and “TICA” are faster than other methods.

“TICA”, “Lines inside the basis vectors” and “lines inside the images” have short feature vectors.

Average of precision Average of time for Length of
and recall obtaining features feature vector
P=64.14% - -
Gabor features R=59.4l{.’—'z 0.15 sec 27
P=75.79% -
. " o a7
ICA features R=72 299, 0.15 sec 27
P=91.39%
TICA features R=86.57% 0.21 sec 11
Bag of words P=81.01% 0.82 sec 66
features R=73.68%
Lines inside Pzgi'g_?qi’ 0.96 sec 13
basis vectors R=87.54%
Lines inside P:93'3:0 0 0.59 sec 13
images R=88.63%
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= Principles of Independent Component Analysis

= Scale and Dimensionality Behavior of ICA components for satellite images
= Feature extraction from ICA sources

= Middle level Topographic ICA features

=  Feature extraction from ICA basis vectors: Bag of Words model

=  Feature extraction from ICA basis vectors: Line and gradient properties

=  Features based on line properties inside Images

= Supervised classification based on SVM

= Conclusions and Perspectives
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A methodology was presented to study the statistical nature of satellite images and
extract their statistical signatures.

Algorithms were developed for extracting features from image patches and
defining descriptors.

Evaluation of feature vectors shows good results for satellite images with about 1m
resolution.

Descriptors are placed between textural and local features.

Descriptors are suitable for a variety of scenes, especially man-made landscapes
characterization.

TICA is the most efficient methods regarding to its results and its computation time
and the length of descriptor.
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Descriptors can be developed and can be combined with other features extracted
from other methods to improve their efficiency.

Features extraction algorithms can be verified with the satellite images from other
sensors and with other resolutions.

Features extraction algorithms can be verified with other types of images ; Medical
images, natural images, astronomy,...

Descriptors can be used for Image Information Mining and classification
algorithms.

Proposed features can be used for different applications such as urban area
detection, Geographic Information System, image search engines, ...
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