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1. Introduction 

Interpretation and automatic recognition of satellite images (radar) are major challenges
for environmental monitoring. Remote sensing is a tool for understanding and responding
to environmental issues and current ecological systems. Although the methods derived
from  the  theory  of  machine  learning  have  provided  major  advances  in  the  optical
recognition of 'images, these algorithms cannot simply be transferred to radar imaging
applications. The backscattering properties of materials depend on the frequency of the
incident wave. In some cases, the size of the data analyzed makes automatic analysis
difficult.  In  modern  imaging  methods  using  automatic  learning,  large-dimensional  data
alone embodies a highly active area of image processing, and there is a need for attention
to new methods of imaging. To designate the difficulty of analyzing the performance of
classical  algorithms in  large dimensions,  the  term “dimensionality  curse”  is  sometimes
used.

It  is  necessary  to  understand  new  accurate  and  robust  classifiers  to  automatically
recognize objects and models in radar imagery, more precisely synthetic aperture radar
polarimetric images (PolSAR). The polarimetric SAR system provides rich information on
target scattering by using different polarizations to alternately transmit and receive radar
signals,  which  has  become  an  important  tool  for  ground  exploration.  the  analysis  of
supervised and unsupervised learning supervised using the theory of random matrices has
given rise to a rich corpus. These methods allow us to better understand the classification
performances of  the different  statistical  models which best characterize the SAR data.
Contemporary studies in the field of large statistical  dimensions shed new light on the
performance of machine learning methods such as [3], [14], [16] and [21]. 

However,  insufficient  data  training  available  is  an  unavoidable  problem in  the  field  of
satellite  imagery.  Data collection is  complex and expensive,  which makes it  extremely
difficult to create a large-scale, high-quality annotated data set. Moreover, even though we
get a training dataset by paying a high price, it is very easily obsolete and therefore cannot
be effectively  applied  in  new tasks.  one can be interested in  two structurally  different
approaches to a learning problem for which there is little label on the data, which is often
the case in radar data: learning not  supervised or transfer learning (respectively more
commonly referred to as clustering and transfer learning).

2. Context 

The aim of this  work is  to develop new learning methods,  supervised or  not,  precise,
robust and efficient in terms of computation, allowing to automatically classify or recognize
models, objects or classes in radar imaging applications. The main novelty of the proposed
approach is to exploit the recent tools from the study of random matrices. These methods
allow in particular, for the first time, to obtain a theoretical understanding of classification
performance  for  different  data  models  and  thus  provide  guarantees  and  performance
limits. These theoretical performances of classification algorithms are one of the missing
pillars data-driven methods, which are available here through mathematical concentration
arguments for models verifying large-scale hypotheses. 



An interesting way to understand large-scale framework and particularly to observe the so-
called  “curse of  dimensionnality”  is  to  observe the lack of  relevance of  the Euclidean
distance, in a regime of large dimension. In the theory of random matrices, we call "regime
n, p", the regime in which each data sample has a dimension which is of the same order
than the number of samples. This regime allows an asymptotical analysis.

We observe a phenomenon of concentration of the distance between two draws of random
vector variables around a deterministic value noted τ. This constant is fixed as a function
of the parameters of the distributions of the data and therefore has an estimate which is
accessible to us.

Let a database  X=[x1 ,… , xn]∈ Rp×n and  x i ,  x j be the elements of  Rp from two different

Gaussian mixtures in the sample X, respectively  N (μ1 ,C1) and N (μ2 ,C2). Each Gaussian
mixture denoting a class. Under certain assumptions, in particular making the distinction
between two different classes non-trivial, we have uniformly, for n and p at the same scale,
that is to say pending jointly towards infinity: 

1
p
‖x i− x j‖→τ a . s .when n, p ⟶∞

This  phenomenon of  concentration  partly  explains  the  practical  difficulties  of  classical
algorithms in large dimensions. At first glance, this would mean that regardless of the prior
difference between the distributions, their Euclidean distance will tend towards the same
value. 

Subsequently, we will see that large-dimensional analysis allows not only to understand
the curse of dimensionality but to benefit from it via developments around nonlinear (but
continuously derivable) functions. 
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