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I. ABSTRACT

A new approach to design high performance mi-
crosystems is proposed. It is based on the association
between a low-cost sensor array and a multidimensional
signal processing technique: the so-called blind source
separation’. In order to illustrate the effectiveness of
the method, we applied the source separation process-
ing for a Hall-type silicon sensor array in order to cancel
the temperature cross-sensitivity and spurious magnetic
field sources crosstalk. A microsystem prototype includ-
ing the Hall sensor array, condit:onning electronics and
a DSP running source separation algorithm is currently
designed.

Keywords: Hall-device sensor array, source separa-
tion, cross-sensitivity cancellation, crosstalk cancella-
tion, smart microsystem.

II. INTRODUCTION

One of the main goals of smart microsensor design
is to eliminate the cross-sens:iivities and the crosstalk
which are major drawbacks for providing higher accu-
racy and higher resolution sensors [I]. Classical solu-
tions are the so-called ’sensor within a sensor’ (com-
pensation method) and tailored correction method [1],
[2]. In this paper we propose a new approach in or-
der to design low-cost high performance sensor systems.
The method is based essentially on the association of a
low-cost senssr array with a fairly new signal processing
technigue: th- blind source separation.

Blind scurce separation {BSS) consists in recovering
unobserved signals (the sources) from ebserved mixtures
(typically, outputs of an array of sensors) without know-
ing the mixing coefficients. Many theoretical results and
practical algorithins are now available according to this
approach [3], [4], [5], [6]. [7], [8]. Provided that there are
at least as many sensors as sources, these algorithms es-
timate simultaneously unknown sources from observed
mixture. Thus, using a sensor array, the source separa-
tion methods are good candidates to cancel the sensor
cross-sensitivities and the sensor crosstalk (due to a few
spatial sources of same type).

In this paper the source ser ration method is ap-
plied to a Hall-type silicon sensor array, but it could be
applied for any type of sensor array.

III. SOURCE SEPARATION
A. The basic model

The problem of source separation, appeared in 80’s
[3], [4], is often called ’blind separation of s -5’ be-
cause very weak hypotheses, either on source  aalsor
on mixtures, are assurned.

In alarge number of applications, the signal delivered
by a sensor is an unknown superimposition of the various
sources: this is the case for a microphone, an antenna or
more generally any other sepsor. In the simplest case,
the output signals z;(t),(i = 1,---,n) of a sensor array
can be consider as instantaneous {memoryless) mixtures
of m unknown (unobserved) source signals s;(t),(j =
I-+-,m)

zi(t) = aysi(t), i=1,---,n )
i=1

For sake of simplicity, assume that the number of
sources is known and is equal to the number of sensors
ie. m = n (the case m # n will be discussed later).
Equation (1) can be expressed in a vectorial form as:

x(t) = Asl(i) (2)
where x(t) = [21(1),-- -, zn(t)]7 is the observation vec-
tor, s(2) = [s51(f),- - -, $4(2)]” is the unknown source vec-

tor and A is a square n X n mizing matriz with unknown
scalar entries, a;;. A source separation algorithm con-
sists in estimating a »n x n separating matriz W ~ A™*
whose output:

¥(t) = Wx(t) = WAs(?) (3)

should be an estimation of the vector s(t) of the sources:
¥(t) = §(1) (Fig. 1).

The following problem arises: how a BSS algorithm
can estimate (recover) the original sources, y(t) = 5(1),
and the separation matrix, W & A%, from the obser-
vations x(t). The lack of any knowledge about mixture
is compensated by the assumption of stafzstical inde-
pendence between the source signals, s;(¢). This seems
& strong assumption but it is very realistic in this con-
text. Independence can be expressed in terms of proba-
bility, but it also means simply that knowing s;(2) does
not give information on s;{(t), 7 # ¢ (s:(8), s5(t) ar-
rise from different physical sources). For example, two
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