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ABSTRACT

The actual increase in size, in resolution, in spectral ehan
nel number and in acquisition frequency of remote sens-
ing images makes possible for end-users to gather huge
volumes of observation data for a same geographical
area, at different dates. This kind of data is termed as
Satellite Image Time Series (SITS) [1]. In this paper, we
propose to process SITS data by exhibiting pixel based
evolution classes. In this aim, we classify pixels accord-
ing to their radiometric evolutions through each image of
the time series by building up a trie [2]. Experiments
on a SPOT image time series originating from ADAM
(Data Assimilation for Agro-Modeling) [3] project are
detailed.

Key words: satellite image time series, classi catiorg tri
pre x tree, discrete cosine transform .

1. INTRODUCTION

Per-pixel classi cation of remote sensing images is usu-
ally done for a given image over synthetic and/or natural
channels (e.g., [4]). When it comes to process SITS, cur-
rent methods generally compute synthetic channels such

tion task. In Section 3, we detail experiments on ADAM
time series. Finally, an evolution of this method based
on DCT (Discrete Cosine Transform) is also presented in
Section 3, before concluding in Section 4.

2. PIXEL BASED EVOLUTIONS AND TRIES

As already stated in Section 1, pixel values are rst quan-
tized using a nite set of non-overlapping and contigu-
ous intervals in each image. The number of intervals is
the same for each image. Intervals are build using cu-
mulative histograms and by assigning the same number
of pixels to each one. All intervals are ordered w.r.t.
their upper/lower bounds. An unique symbol is linked
to everyjth interval of each image. Thus, symbols de-
ne an ordinal scale [6]. That is, a total order is de-
ned on symbols. Of course, this works for one single
channel. Then, for each pixel, we build an ordered list

of images in the SITS and where tith symbol of the

list directly refers to the interval the pixel belongs to in
theith image of the time series. This list is denoted by
s ! s ! il s anditis referred to as pixel
evolution Symbols can also relate to classes that are es-
tablished using K-means/Expectation Maximization like
algorithms. In this case, it is possible to de ne symbols

as re ectance values averages over various periods and/or that take into account several channels. Ordinal scales are

maximum re ectance dates (e.g., [5]). Classi cations are
then established taking into account these new channels.

In this paper, we propose to classify pixels according to
their re ectance values throughout the whole image time
series, i.e. we propose to sort them according to their
evolutions in time. In this aim, we quantize pixels values.

Then, for each pixel, we store its evolution using a sym-

bol sequence and nally, pixels having the same evolu-
tion fall into the same class. Beside visualizing the whole

then being lost but, still, one can de ne a lexicographi-
cal order. To each distinct pixel evolution, i.e. to each
pixel evolution class, we wish to associate all of its pix-
els/instances. If intervals, images and pixels are numer-
ous, pixel based evolutions classi cation becomes a very
resource consuming task. Indeed, if one relies on stan-
dard data structures such as matrices, then the size (in
cells) of a matrix that could be used for storing and ac-
cessing each possible pixel evolutiorN$ , whereN is

the number of intervals used to quantify pixel values. If

set of classes, we also propose to select classes whoseN = 4 andl = 20, then the matrix size exceed§'?

number of instances/pixels belongs to a user-de ned in-

terval. Such a processing can be very space and time con-

suming as explained in Section 2. Therefore, we also ex-
pound how to make use of tries to achieve this classi ca-

cells though we only stored pixel evolutions without sav-
ing any instance/pixel position that could be linked to a
given evolution. On the other hand, if we set the bal-
ance to more processing and less memory usage, then
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Figure 1. SITS toy example €4, N =3, P =9).
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Figure 2. Trie obtained for the SITS toy example of Fig.
1(C=6).

we would have, in the worst case scenario (each pixel

evolution is different), to maké—£ 2 comparisons of
sequences containingsymbols, withP the number of
pixels per image. This leads to a lot of processing when
taking into account images that contain 1 000 000 pixels.
A solution can be found by using the cSPADE algorithm
as explained in [7, 8, 9]. Unfortunately, it requires |-
tering out cSPADE results for removing all useless (w.r.t.
our need) sub-evolutions that are computed by this algo-
rithm. It also requires, for a given evolution, browsing the
whole dataset for identifying pixels that are concerned by
this evolution. Modi cations of the algorithm could be
done to avoid this browsing, but still, it would compute
all sub-evolutions, which is not useful in this case.

A more ef cient way of processing this type of data is to
build a compact data structure such as a trie, a.k.a. pre-
x tree. This data structure has been proposed by de la
Briandais [10] and Fredkin [2]. It has been widely used,
for example for improving telecommunication and data
mining techniques (e.g. [11], [12]). For the sake of clar-
ity, we here present tries by adapting our description to
our application. A trie can store in an optimized way all
different pixels evolutions by storing only once the pre-
xes that are shared by evolutions. Those evolutions are

in turn easy to retrieve as each path from the root to a
leaf refers to a given evolution. Let us consider the toy
example depicted in Figure 1. In this example, our input
dataset is a SITS that contains 4 images of 9 pixels each
(p1 to pg, in raster order). Three symbols (‘red’, 'blue’
and 'yellow') are de ned for describing re ectance val-
ues over the whole SITS. These images had been acquired
attimety, tp, t3 andt,. For each pixel, we insert its pixel
evolution into a trie (see Figure 2). If an evolution al-
ready exists, i.e. a full path from root node to a leave
corresponding to this evolution exists, then no branch or
node is created. Respectively, if there is no correspond-
ing path, then appropriate nodes and branches are gener-
ated. As you can observe in Figure 2, to each leave, we
link a class symbol as well as the number of instances
(termed assuppor) and the instances positions. For ex-
ample, pixel evolutiomed ! blue! red! red holds

for pixelsp; andp, and they fall into clas€;. This cor-
responds to the left branch of the trie. The rst (w.r.t.
root node) two nodes of this branch also store the com-
mon pre x red ! blue shared by classeS;, C, and

Cs.

As you can observe, this data structure ef ciently takes
part of redundancies by storing only once common pre-
xes. We decided to implement this trie as proposed in
[10], i.e. we place all sons of node in an ordered linked
list that is itself linked to its father. This implementa-
tion is referred to as aoubly chained tredy Sussen-
guth [13]. The order that is used is the one de ne on
symbols. This kind of tree is a binary tree as each node
points to two other nodes as a maximum. In such a tree,
we only allocate memory for existing nodes and leaves as
opposed to the implementation proposed in [2]. In the
latter, for each non-leaf node, linked lists are replaced by
arrays whose size is equal to the number of symbols used
to describe pixel re ectance values. Each cell then relates
to one symbol and points to the array of the appropriate
son. Thus, a doubly chained tree is clearly more ef -
cient when talking about storage space while time spent
in selecting the appropriate son of node is no longer con-
stant as it is when using arrays. Indeed, at worst, we have
to browse the whole linked list of sons. Nevertheless,
search and add times were shown to be proportional to
%(s+ 1) logsC wheres is the average lial set size (aver-
age number of sons for a given father)@is the number

of distinct evolutions contained in the input dataset. For
more details, we refer the reader to [13]. That is, once
the tree is build, in the worst case scenario, i.e. each pixel
has its own evolution, search/add times are proportional
to %(s+ 1) logsP with P the number of pixels for an im-
age. During the tree building process,ands are not
constant andC always increases without, at the end of
the process, exceedify Therefore, an unreachable up-
per bound for tree building time B %(s + 1) logsP,
which is still correct even iP = 1 000 000. In our case,

to each leaf, i.e. to each evolution class, we associate a
linked list containing the number of occurrences in the
rst node and the positions of the occurrences of the evo-
lution in the following nodes. During the trie building, if
an evolution has been already stored for a given pixel, and
if we read another same evolution for another pixel, then



Figure 3. Example of satellite NIR images used in our
experiment a) original image b)image after quantization
withN =3

we update the number of occurrences which is stored in
the rst node and we insert, right after this node, the posi-
tion of the new occurrences. This way, we do not have to
browse the whole linked list to update it. In the following
sections, we will refer to the number of occurrences of an
evolution class as agvolution supporor simplysupport
Back to our toy example, in Figure 2, evolution classes
C1, C4 andCg have a support of 2, meaning that they
have 2 occurrences each. As it will be detailed in Sec-
tion 3, we either propose to visualize all evolution classes
or to visualize pixel based evolution classes by selecting
evolution classes whose support belongs to a user-de ned
interval. That is, we propose to select classes w.r.t. the
surface they cover in terms of pixels.

3. EXPERIMENTS

We used our own implementation in C of the doubly
chained tree. We considered visible and infrared chan-
nel images originating from ADAM (Data Assimilation
for Agro-Modeling) project. More precisely, we used
three channels: B1 in green (0,5 - 0.56), B2 in red
(0,61 - 0.68 m) and B3 in near infrared (0,78 - 0.89
m). We worked on a time series of 20 m spatial res-
olution images. We processed 20 satellite images of a
selected scene (containing 1000X1000 pixels) depicting
an area located in the East of Bucharest (Fundulea, Ro-
mania). They were acquired between October 2000 and
July 2001. Selected scene is very rich in types of agricul-
tural cultures (wheat, corn, barley, chickpea, soya, sun-
ower, pea, millet, oats, lucerne) and in forests. We can
observe agricultural cycles of crop evolution from au-
tumn ploughing and seeding, passing through growing
and maturation up to harvest. There is also a small river,
Mostistea, without hydrological arrangement, which can
suffer variations of owing debit, even going to drying
and ood. These modi cations are easily detected by
channel B3 data. Other objects can be categorized into
'roads', rivers' and 'towns'. Thus, we have quite a rich
and diverse scene to observe.

For each channel and for each image, we quantized pixel

a)

b)

Figure 4. Zoom made on images obtained with %1
minimum support a) NW zone, surrounding a locality
(channel B1 data); b) central zone, mainly land elds
(channel B2 data).

re ectance values using intervals whose bounds where
established thanks to cumulative histograms as explained
in Section 2. This way, we tried to minimize the effect of
calibration defaults. Then we built up our trie with pixel
evolutions containing 20 consecutive symbols. We used
4 symbols for describing re ectance values. As detailed
in Section 3.1, classes are numerous but, still, results can
be visualized using a support selection. If we use 2 sym-
bols, i.e. we binarize our images, the number of classes
falls down but we still have a lot of classes to describe the
scene (see Subsection 3.2). Therefore, in Subsection 3.3,
we decrease this number of classes using the Discrete
Cosine Transform (DCT). About extraction times, they
do not exceed 15 seconds on a traditional PC (Intel P4,
2GHz, 1 GB RAM, 2.6.22.5-31-default 686 linux kernel
platform). All image renderings are done using the im-
age processing system ENVI (The Environment for Vi-
sualizing Images) and IDL (Interactive Data Language)
pre-de ned color tables.

3.1. Support-related visualization

In order to visualize a pixel based evolution classi cation
having too many classes, we propose to select classes ac-
cording to their support, i.e. the number of their instances
which directly relates to its surface in the image. For ex-
ample, one can look for classes whose surface is greater
than a minimum support threshold. Back to our time se-
ries, if we use 4 symbols to describe pixel values and if
we set a minimum support of 100 (i.e. the most little
surface of a land eld in the images), then we got the re-
sults shown in Figures 4 and 5. Black color relates to
pixel whose evolution class is not frequent enough while
other colors relates to frequent evolution classes. Using
channel B1 (green), in Figure 4a), we detect roads (white
color), some small areas with wheat cultures (violet, red
and mauve) and some forests (green). We suppose that
one class/color relate to areas having identical vegetatio
cycles and the same irrigation and fertilizer conditions.



Figure 5. Total image obtained with minimum support
0.1% (channel B3; N = 4; C =561)

Rivers, (in white), are not clearly detected and in some
portions they can be confounded with roads. The village
area is quite well depicted. In Figure 4b), correspond-
ing to channel B2 (red), we can detect two forest areas
with oak and acacia zones well differentiated. Only some
roads and wheat cultures are included in the visualized
classes.

Figure 5 presents the image obtained by processing chan-

nel B3 (NIR) data. 561 classes are depicted. We can ob-

serve larger and more homogeneous classes. Rivers are

Figure 6. Full visualized image (channel B3; N =4; C =
426 721)

to the example depicted in Figure 2, cld@s would be
linked to class number 1, cla€® would be linked to
class number 2, and so on until claSs that would be
linked to number 6. Knowing that ENVI linearly devel-
ops colors palettes, then evolution classes represented by
a same ENVI color can be very similar. Now, if we bi-
narize our images, i.e. we only have 2 symbols, then,
results remain interesting. Indeed, this time we get 41
999 classes and interesting objects are still present.

well represented, whilst roads are not detected. Themat- 3.3, Grouping pixel based evolution using DCT

ically speaking, if one is interested by crops, then it is
obvious that NIR data are more interesting than visible
data. The palette of depicted cultures is richer and the
unclassi ed area is smaller.

3.2. Full visualization

Figure 6 presents a pixel based evolution classi cation of
all the pixels of the images, when we use a quantization of
only 4 symbols for original B3 channel images. 426 721
classes are obtained, which is clearly too detailed. De-

spite the fact that the number of classes obtained exceeds

the number of colors visualized in ENVI environment,

we are still able to distinguish the principal objects of the

scene. Indeed, when we build our trie, all sons of a node
are ordered w.r.t. an ordinal scale or a lexicographical
order that has been de ned on symbols (see Section 2).
Furthermore, for numbering classes, we browse the trie
by following these orders at each level. That is, we enu-
merate evolution classes according to a total order. Back

In order to decrease the number of pixel evolution classes,
we propose to group evolutions having similar frequency
behavior using the 1D Discrete Cosine Transform (DCT)
on the temporal axis. This technique, especially used in
data compression, is de ned to map temporal (correlated)
data into transformed (uncorrelated) coef cients of wave-
forms at progressively increasing frequencies. For corre-
lated data, the DCT concentrates energy in the low fre-
guency and thus, high frequency can be discarded with-
out signi cant quality degradation.

DCT coef cients are calculated according to equation 1

K1

Cu)= (u) f(i)cosw 1)
i=0
foru=0,1,2, 3,.....1 -1, the ordinal number of waveform
where



Figure 7. Image obtained with the Discrete Cosine Trans-
formation on the temporal axis (channel B3; C = 253)
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The images obtained for the rst 5 coef cients are se-
lected as input data for the trie algorithm described ear-
lier. More precisely, we get one image per coef cient
and, for each image, absolute values are quantized into 3
intervals equally populated. The nal image, containing
about 250 classes, is presented in Figure 7. The borders
are very well de ned and the regions are quite homoge-
neous. If we compare the image with the ground truth,
we observe that a same crop is characterized by several
classes. For example, for wheat, we have more than ten
classes. This can be due to the fact that farmers use of
different sorts of herbicides and fertilizers. It also ntigh
be due to the fact that a given agricultural cycle can be
triggered at different dates. All those explanations seem
to be valid as parts of these elds belong to a institute for
research in agriculture.

4. CONCLUSION

In this paper, we address SITS processing. We propose
to classify pixel according to their evolution in time. To
achieve this goal, we describe pixel evolutions thanks to

symbol sequences where fitle symbol relates to the in-
terval the pixel belongs to in thigh image of the used
SITS. Then, those pixel evolutions are classi ed using a
trie that also contains all the instances of all classes. Ex-
periments are encouraging as, even if numerous classes
are found, one can choose to visualize classes having a
surface whose possible values can be de ned by the end-
user. Classi cation of all pixels is also possible and rst
results indicate that they can be used for describing the
scene in space and in time. A DCT based strategy is also
presented for reducing the number of classes and rst re-
sults are promising. Future works include identi cation
of other evolution grouping strategies as well as classi -
cation combining (e.g. [4]).
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