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Motivations

Results:

The new generation of Pleiade satellites will be able to acquire High Resolution Satellite Image Time Series (HRSITS). Thus algorithms characterizing the time 

evolutions are required. Since the images are not radiometrically calibrated, and that these HRSITS are temporally sub-sampled, we can not use classical time 

interpolation methods. To overcome this problem, we use algorithms of symbol based patterns retrieval.

At this resolution, the relevant information are the regions obtained by segmentation. Those regions are temporally characterized using the evolution classes of each 

pixels.

The series we use was acquired for the ADAM (Data Assimilation for Agro-Modelling) project by Cnes. It is composed of forty images of the same scene acquired by 

SPOT 1,2, and 4, and geometrically registrated.

Spatial Regularization: Maximal Vote

To each region, we assign the evolution class maximally represented by the pixels of the region.

Clustering

+

kmeans

No minimum!!!
For those data such 

intricated, the cluster 

center are too close one 

to another, and kmeans

algorithm does not 

manage to separate 

them.

Expectation Maximization (EM)

But, for some 

images, the 

maximum 

corresponds to a 

very high number 

of clusters, which 

is not what we 

intuitively wanted: 

We chose to select the first minimum.  The chosen number of 

clusters ranges from 8 to 33.

EM cmustering results for 3 images of the sequence

Minimum Description Length Segmentation

Perspectives
�9another regularization method: Consider a multinomial 
distribution for the pixels evolution class values and estimate the 
Dirichlet variable generating them and characterizing the region.
�9Region based evolution classification : Begin with a 
multitemporal segmentation, followed by an EM clustering on the 
regions mean value. The result obtained is a set of temporal series 
of cluster number for the regions and we use this result as the 
input of the algorithm mining the frequent evolutions.

Positive aspects:

We obtained a spatio-temporal description of 

the HRSITS.

The final result is simpler than the input 

classification and adds  temporal evolution 

information to the input segmentation .

Meaningful objects can be easily identified.

Critics:

�9Assigning one evolution class to a given 

region is restrictive .

�9The evolution length is fixed to the series 

length whereas the data present a certain 

quantity of non relevant information.

t I

t 3

t 2

t 1

root

node

leave

t1 t2 t3 tI time

EM or k-means classification for each acquisition date (from 8 to 28 classes/image for 
EM and 4 classes/image for k-means)

Classification using tries

(a compact & efficient data structure)

one evolution class

t I

t 3

t 2

t 1

Classification result 

k-means

(~13 000 classes)

Classification result 

EM

(~397 000 classes)

Goal :

Find the best partition ie: the one permitting the shortest 

description length for the image knowing a class of models 

for the image values within the regions

P

= +

I M(I)

M

V

Results, with t�U�L�H�¶�V
input:

K-means with 4 

classes

Results zoom, with 

t�U�L�H�¶�Vinput:

EM with MDL optimal  

number of classes 

(from 8 to 28)

Result analysis for the first image with k-means input

The case where two classes are 

equivalently represented is arbitrary 

decided by the maximal vote method

Good behavior
The fields are not well 

separated whereas they were 

distinguishable in the �W�U�L�H�¶�V
classification. This is due to 

the segmentation (sub-

segmented).
Segmentation default

+
�7�U�L�H�¶�Voutput 

MDL 

segmentation

Good behavior: the two parts of 

the field were segmented into 

several parts and the algorithm 

merged the right regions.

Pixel based evolution classification
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