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ABSTRACT 2. IMAGES SERIES AND BASE OF SEQUENCES

) ) ) Let us consider a remote sensing images series that cov-
The frequency and the resolution of the images acquired ers the same area during a period of time. Within each
by remote sensing techniques are today so high that end- image, each pixel value gives the re ectance intensity of
users can get high volumes of observation data for the the geographical zone it represents. If the series contains
same Q_GQQFGPhIC area. In th|s paper, we propose to use for example, 10 images, each image being acquired at a
data mining tools for detecting evolutions. More pre- (different date, then it is possible to build for each pixel
cisely, we explain how to make use of sequential patterns a sequence of 10 values that are ordered with respect
to automatically extract evolutions at the pixel level that g temporal dimension. This sequence of 10 values can
are contained in a satellite images series. Experiments on pe translated into a sequence of 10 symbols where each
optical and infrared data from METEOSAT satellite and  symbol is associated to a discretization interval. At the
on Synthetic Aperture Radar (SAR) images from Euro- image level, this means that we can get a set of millions
pean Remote Sensing (ERS) satellites are presented.  of short sequences of symbols, each sequence describ-
ing the evolution of a given pixel. This kind of dataset
) . . hasbeenidenti ed in data mining as a base of sequences.
Key words: remote sensing, change detection, data min- \jgre precisely, a sequence is an ordered list @vents
ing, base of sequences, sequential patterns . 1 2:::5: L whichisdenotedby,! ,! .1 |
and where each event is a non-empty set of symbols
Let us consider a toy example of a base of sequences,
1. INTRODUCTION B=fA!l K! J! B! C! GC! Vv! T!
A! B! KKA! G! K! B! J!I KA
K! J!I M! VI Cg Thisexampleis depicted
in Fig. 1. This dataset describes the evolution of 4 pixels
Data mining techniques that aim at extracting local pat- throughout 6 images. For example, successive values of
terns can be successfully applied to process spatial data. pixel 1 areA; K; J;B;C andC. In this dataset, one can
For example, when considering geographical information extract sequential patterns suchfas B ! K. If such
systems, one can nd association rules such as "if atown a pattern occurs in a sequence describing the evolution of
is large and if itis intersected by a highway then this town a pixel, then the value of this pixel & at a precise date,
is located near to large surfaces of water” [1]. When then this value changes B sometimes later before fur-
dealing with satellite images, it is also possible to ex- ther changing td . In our toy exampleA ! B! K
tract dependencies such as "if visible re ectance intgnsit  occurs in sequences 2 and 3. In more detail, a sequen-

ranges from 192 to 255 for the green band and if infrared tial pattern ; ! 2 ! n is a sequence and
re ectance intensity ranges from 0 to 63, then high yield it occursin a sequence ! ! :::!  if there
is expected” [2]. In this paper, we propose an original exist integersl iy <ip, <:::<ip m such that
approach based on the use of sequential patterns [3] for 1 i 2 i2ri'h N i, - The number of se-

the analysis of multitemporal remote sensing data [4, 5]. quences in which a pattern occurs at least once de nes the
Indeed, as sequential patterns include the temporal di- support measure. For example, suppoddf B ! K
mension, they can be used for extracting frequent evo- is 2. A sequential pattern is considered to be frequent if
lutions at the pixel level, i.e. frequent evolutions that ar  its support measure is greater or equal fovhere is
observed for geographical zones that are represented by a user-de ned threshold, namely the minimum support.
pixels. Section 2 gives a brief introduction to sequential Back to our toy example, if = is setto3=4,A ! B
patterns mining while Section 3 details experiments on turns outto be a frequent sequential pattern as it occurs in
METEQOSAT and European Remote Sensing (ERS) satel-

lite images. 1\We refer the reader to [3] for more generic and formal deamis.
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Figure 1. Example of a base of sequences.

sequences 1, 2 and 3. On the other hakd, B! K

is not a frequent sequential patterns as it only occurs in
sequences 2 and 3. To sum up, if we consider an image
series as a base of sequences where each sequence trac
the evolution of a given pixel, it is possible to nd fre-
guent evolutions at the pixel level by extracting frequent
sequential patterns, The number of potential frequent se-

quential patterns is ;' s' wheren is the number of
images and whers is the number of symbols that are
used to describe re ectance values. Therefore, search-
ing for all the frequent sequential patterns can be a very
resource consuming task. For example, if one wants to
extract all frequent sequential patterns from a 8 images
series (2 000 000 pixels each) using 4 symbols to describe
values, which is few symbols, then one has to check the
support of 87 380 patterns by analyzing 2 000 000 se-
guences. To perform such extraction tasks, we can rely
on the various algorithms that have been designed to ex-
tract frequent sequential patterns (e.g. [3, 6, 7]). They
are all based on the anti-monotonicity of the support. Ac-
cording to this property, if a sequential pattern is not fre-
guent, then none of its super patterns can be frequent. For

example, ifA'! B ! K is not frequent, then it is not
necessary to check if pattesa! B ! K ! Cor
patternC! A! B! K arefrequent.

3. EXPERIMENTS

3.1. Monochannel optical images

We used Mohammed J. Zaki's public prototype
(http://www.cs.rpi.edu) that implements in C++ the
cSPADE algorithm [6]. The rst images we processed
are visible band images (0.5 - 0.9n) originating from
European geostationary satellite METEOSAT that are en-
coded in a 256 gray scale format. They can be ac-
cessed for free in a slightly degraded JPEG format at
http://www.sat.dundee.ac.uk/. We selected images that
all cover the same geographical zone (North Atlantic, Eu-
rope, Mediterranean regions, North Africa) and that con-
tains 2 262 500 pixels (905x2500). The 8 images we se-
lected were acquired on the 7th, 8th, 9th, 10th, 11th, 13th,
14th and 15th of April 2006 at 12.00 GMT. We chose
this time to get maximum exposure over the geographi-
cal zones covered by images. We then rediscretized the
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Figure 2. Number of patterns vs minimum support.

256 gray levels into 4 intervals in order (1) to reduce the
effects due to the acquisition process and to the JPEG
degradation, (2) to facilitate results interpretationetn
val [0 - 50], denoted by symbol 0, relates to water or to
vegetation. Interval 150, 100] is associated with soil or
thin clouds and it is denoted by symbol 1. Symbol 2 is
linked to interval]10G; 200] which corresponds to sand
or relatively thick clouds. The last intervdR00; 255]
denoted by symbol 3, includes values that indicate the
presence of thick clouds, bright sand or snow. Experi-
mentg show that the number of frequent sequential pat-
terns and execution times exponentially increase with the
diminution of minimum support, which is a standard be-
havior [6] (see Fig. 2 and Fig. 3). First patterns appear at
= 77:5% (execution time = 2 s). It is notable that the
number of extracted patterns does not exceed 110 until
= 10% (execution time = 54 s) which facilitates results
interpretation.

The rst phenomena to be reported is cloud passing with
patterns2! 3and3! 2( = 45%). We then identi-

ed thick cloud passing over seas and oceans through the
following patterns:

0! 0! 3( =25%)

31 0! 0,0! 3! 0( =22:5%)

0! 0! 0! 3,0! 0! 3! 0( =17:5%)
0! 3! 0! 0( =15%)

2All experiments were run on a AMD Athlon(tm) 64 3000+
(1800MHz) platform with 512 MB of RAM under SUSE Linux 10.0
operating system (kernel 2.6.13-15-default).
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Figure 3. Extraction times vs minimum support.

31 0! 0! 0( =13%)
0! 0! 0! 3! 0( =12%)
0! 0! 3! 0! 0( =11%)

As depicted by white pixels in Fig. 4a, pattedn 0!

3 ! 0is mainly located in maritime zones. A large
part of these zones being concerned with this pattern, one
can distinguish North Africa and Europe (black pixels).
Other patterns trace thin cloud passing over the oceans:

0! 0! 2,21 0! 00! 2! 0( =20%)
0! 0! 1,1! 0! 0,0! 1! 0( =20%)
0! 0! 1! 0( =14%)
0! 0! 0! 1,1! 0! 0! 0( =13%)
0! 0! 21 00! 2! 0! 0( =13%)
21 0! 0! 0( =12%)
0! 0! 0! 2( =11%)

The last phenomenato be discovered show that some pix-
els did not change over the images series. For example,
we found patter! 0! 0! 0! 0! 0! 0! O

at = 1:4%, which indicates that some oceans parts
were not covered by clouds. Other interesting pattern is
3/ 31 31 31 31 3! 3! 3at =0:7%.

As Fig. 4b shows, this pattern is mainly located in the
Alps (snowy zones, upper part of the image) and in North
Africa (bright sand zones, lower part of the image).

Itis possible to re ne spatial localization by adding local
ization in time. To do so, an 8-bit image can be created
by (1) setting value 0 to pixels for which the pattern of in-
terest does not hold in the image series, and (2) by setting
a value different from 0 to pixels for which the pattern
holds. This last value is obtained by setting tHekiit to

1 if one of the events composing the pattern is present in
the " image of the image series. That is, if one wants to
encode such an image for pattekn!  C in the case of
our toy example depicted in Fig 1, all pixels value are set
to 0, except the value of pixel 1 which is set to 10001000.
The last two bits are not used and are set to 0. Then,
those values are linked to gray levels, to random colors

or to de ned colors. In Fig. 5, an example of such a cod-

i cation in random colors for patter@! 0! 3! 0

is presented. As our image series contains 8 images, we
used all 8 bits. For example, the areas covered in red
(corresponding to the codi cation 99, 1100011 in binary
writing) present the given evolution in the rst, second,
sixth and seventh days. This spatio-temporal localization
is interesting for end-users as one can simultaneously ob-
serve where a given evolution takes place and which are
the geographical zones that are affected at the same time
by this evolution.

3.2. Multichannel optical images

Other experiments have been done by taking into account
the visible channel (0.5 - 0.9m) and the thermal infrared
channel (10.5 - 12.5m) of the METEOSAT satellite.
This means that for one pixel, at a given date, we can
also consider several values, each value giving the level
of the channel it is related to. Consequently, we can nd
pattern such a&C ! BD. It can be read as "values
of pixels are within intervalé andC, then they change

to intervalsB andD”, where, for example, interval&
andB are de ned over the values of the visible channel,
andC andD are de ned over the values of the infrared
one. It is notable that cSPADE algorithm and prototype
handle this kind of data and patterns. By considering to-
gether the visible channel, in which the re ected solar
visible radiation is measured, and the infrared channel, in
which the thermal radiation emitted by the Earth is col-
lected, our results better characterize the entities found
in the images. In the case of images taken in infrared,
which offer information about the temperature, the 256
gray levels were rede ned in four intervals denoted by
the symbols 4, 5, 6 and 7. In order, the rough signi-
cation is: [0 - 60[ for warm land, 160 - 110] for sea,
land and thin low clouds, ]110 - 200] for sea, land, mid-
dle clouds or snow and ]200 - 255] for high cloud tops.
This addition of infrared data permits to make distinc-
tion between entities having the same intensity in visible
range or in infrared range (e.g. persistent snow - sand,
sand - clouds, sea - clouds). In order to test this mul-
tispectral processing, we selected an image series that
holds both optical and infrared data and that covers the
same geographical zone. It was acquired on the 9th, 10th,
11th, 12th, 13th, 14th, 15th, 16th of May 2006 at 12.00
GMT. This series is a more cloudy one when compared
to the rst one we used. If we represent the spatial lo-
calization of the patter@ ! 3! 3! 3! 31 3

( =3:25%), we can observe a good enough persistence
of bright entities such as African deserts, snowy zones
in the mountains and thick clouds (see Fig. 6a). Now, if
we consider patter@4! 34! 34! 34! 34! 34

( =1:5%), we do access a more re ned information that
states that some pixels regularly cover bright and warm
zones, which means that infrared information of warm
entities is added. This is con rmed by the localization
of this pattern in Fig. 6b. Indeed, only African deserts
uncovered by clouds remain in this image.
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Figure 4. Spatial localization (white pixels) of pattetn 0! 3! 0(a)and patterrs! 3! 3! 3! 3! 3! 3! 3
(b).

Figure 5. Spatial and temporal localization in random caa@f the sequential patteth! 0! 3! 0.

Figure 6. Spatial localization (white pixels) of patte3n 3! 3! 3! 3! 3(a)and patterrd4! 34! 34! 34!
341 34(b).



Figure 7. ERS amplitude for October 1995.

Figure 8. ERS tandem coherence for October 1995.

3.3. Interferometric SAR images

This way of handling multichannel time-series can be
applied for the analysis of multitemporal interferometric
Synthetic Aperture Radar (InSAR) images. During the
ERS tandem mission, one day interferometric data have
been acquired over a large part of the Earth. A series of 5
tandem pairs acquired between July 1995 and April 1996
is available over the Mont Blanc area in the Alps. Be-
sides the interferometric phase, two bands provide infor-
mation about the ground surface: the averaged amplitude
which corresponds to the backscattering coef cient and
the interferometric coherence which depends on surface
stability and on backscattering mechanisms. Fig. 7 and 8
illustrate these two channels on a 1024x1024 sub-image
which covers the Chamonix valley and several surround-
ing glaciers. In this early experiment, we discretized each
channelinto four equal intervals, with labels 0 to 3 for the
averaged amplitude and labels 4 to 7 for the coherence.
The signi cance is in ascending order: very weak, weak,
medium and high. Among the rules obtained, we found
patternl7! 17! 17at = 7:5% (3 events pattern:
weak amplitude-symbol 1 and high coherence-symbol 7).

Figure 9. Spatio-temporal localization of pattefr !
17! 17

coef cient and high coherence at least in three out of the
ve pairs. This excludes the Chamonix city and the lay-
over areas (high amplitude) as well as the forested areas
in the lower part of the valley (medium coherence). The
detected areas correspond to higher part which are cov-
ered by grass and small rocks or by the glaciers. The tem-
poral localization of the pattern reveals signi cant glaci
behavior. The regions shown in light blue correspond to
the sequence which takes place in October 1996, March
and April 1997 and is located on the higher part of the
Argentiere and Talefre glaciers. The lower part are not
detected because of the loss of coherence in October due
to glacier surface change which affect temperate glaciers
below the 0 degree Celsius isotherm (snow line).

4. CONCLUSION

In this paper, we propose considering a multichannel
satellite image series (visible and infrared channels-or In
SAR amplitude and coherence) as a base of sequences in
which changes and evolutions can be traced thanks to se-
guential patterns. Experiments con rm the potential of
this approach by exhibiting well known phenomena, both
on optical data and radar data and at different resolutions.
Hence, we can consider that the extraction of sequential
patterns is a data mining technique that can be used for
processing satellite images along with other data mining
techniques such as association rules extraction (e.qg., [2]
or clustering and segmentation (e.g., [8]). Future works
include assessing of the in uence of the preprocessing
step, such as ltering and discretization, to obtain auto-
matic adaptative setting of the intervals over the values of
the different channels.
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