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Abstract 
 
In this article, we investigate the application of blind source separation methods to 
extract independent components from signals recorded at the output of detectors 
used in γ-ray spectrometry. First, we calculate the probability density and the 
autocorrelation functions of each recorded signal. This allowed us to confirm that 
the independent component analysis algorithms, based on the computation of 
higher order statistics, are the best one to solve the blind source separation 
problem in our case of study. Among all algorithms of this approach, only four are 
found to be stable. The classification of these algorithms according to their 
performance index of separability showed that the symmetric pre-whitening 
algorithm is the most efficient one to achieve the separation task. Tests were 
performed in the presence and the absence of gamma radiation emitter. 
 
Keywords: Autocorrelation, Blind source separation, γ-ray spectrometry, 
Probability density function, SYM-WHITE 
   
                                                 

♣ Corresponding author 



39
 
 

pr
se
(a
sy
to
[2

th
di
en
on
pr
ch
di

pr
pr
w
da
 
 

fr
In

94        

1. Intro
 
Blind so

roblem of r
et of measur
antennas, m
ystem H, du
o sensors an
2]. The figur

Fig

Since the
he noise are 
iverse field
ngineering, 
n the appli
rocessing. T
haracterizati
iscriminatio

 
In this pa

reamplifier’
resence and

which will al
ata, for char

2. Mate
2.1. Sign

 
The sign

om a γ-ray
ndeed, we u

         

oduction 

ource separa
recovering m
red observa

microphones
uring the pro
nd also from
re 1 bellow 

gure 1: Bloc

e BSS meth
mixed, the

ds such as 
… [1], [2].

ication of B
This encour
ion of γ-ray

on.  

aper, we co
’s output si
d absence o
llow us to r
racterization

erial and 
nal databa

nal database
y spectrome
sed a high p

         

ation (BSS)
mutually in
ations [1], [2
, cameras, 
opagation o

m the noise 
illustrates t

c diagram il

hods require
ey are increa
telecommun
In the liter

BSS metho
raged us to 
y and neut

nsider the a
ignals. Inde
f γ-ray emi
recover the 
n and classi

Method
se 

e is formed
try chain u
performance

         

) designates
ndependent 
2]. These la
detectors, .

of the inform
ν(k) introdu

the BSS pro
 

llustrating th
 

e no hypoth
asingly used
nications, a
rature, we h
ods in the 

apply thes
tron emitter

application 
eed, we pe
itters, in ord
independen

fication use

by 28 sign
used for env
e digital osc

     Abd

s the metho
component

ast, which a
..), are mix

mation from
uced by the

oblem [1]. 

he basic BS

hesis on the
d in wide n
astronomy, 
have not yet

field of nu
e methods 
rs and also 

of BSS tech
erformed va
der to deter
nt compone
e.  

nals, of size 
vironmental
cilloscope (

delhamid M

ods used fo
s, called so
re recorded

xtures forme
m its origina
e sensors th

 
SS problem 

e way that t
number of ap

seismology
t found a re
uclear signa
to the iden
for the ne

hniques to a
arious tests
rmine the b
ents of our 

of 1000 sa
l monitoring
Model Tekt

Mekaoui et a

or solving t
ources, from
d from senso

med, through
al sources s(
hemselves [

[1]. 

the signal a
applications 
y, biomedic
search surv
al and ima

ntification a
eutron-gamm

analyze HPG
s, both in t
best algorith
spectromet

amples, issu
g applicatio
tronix 340) 

al. 

the 
m a 
ors 
h a 
(k) 
1], 

and 
in 

cal 
vey 
age 
and 
ma 

Ge 
the 
hm 
ric 

ued 
on. 

 



Application of blind source separation algorithms                      395 
 
 
[3] to record the preamplifier’s output signals of HPGe Well Detector (Model 
GC3018) [4] at a sampling frequency of 100MHz. We performed two experiments 
both in the presence and in the absence of a gamma radiation emitter. For nuclear 
safety and security reasons, we used a 4M solution of one radionuclide whose 
gamma disintegration is limited and its time-life is short [5], [6]. 

 
2.2. BSS formalism 

 
As shown in the above figure 1, we can express the blind source separation 

problem in matrix form using the following equation: 
 

)1.()()()( eqkksHkx ν+=  
where: 

• [ ]T(k) x,(k), x(k),xx(k) m21 …=  represents an m-dimensional vector 
that corresponds to the m observations. In our application, x(k) is 
formed by the recorded HPGe preamplifiers’ output signals; 

• [ ]T(k)s ,(k),s (k),ss(k) n21 …= designates the vector of n independent 
components to be estimated; 

• ν(t) is an additive noise vector.  
 

Each observation xi(k) is assumed to be an instantaneous mixture of m 
unknown components or sources si(k), via the unknown n-by-m mixing matrix H 
[1], [2]. 

 
The BSS approaches use the observation x(k) and nothing else to generate an 

n-by-m separating matrix W (that approximates H-1) such as the vector y(k), 
defined by the equation 2 below, contains components that are as independent as 
possible [1], [2]. 

 
)2.()()( eqkxWky =  

 
Many different BSS algorithms exist, their principles are regrouped, 

according to [1] into four major approaches. In order to define which one of the 
BSS families is the most effective to our study, we proceeded to calculate the 
autocorrelation and the probability density functions of each observation. Indeed, 
some BSS approaches exploit the gaussianity of the observations as hypothesis to 
perform the separation task, whereas others take into account the non stationarity, 
the second order statistics and/or the correlation information to estimate the 
mixing matrix H and the sources s(k) [1].  

 
Once the adequate approach is defined, its algorithms are applied to our set of 

data. The algorithms effectiveness is evaluated through the computation of the 
performance index of separability (PI) which is given by the following equation: 
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where gij is the (i,j) element of the global system matrix G = WH and maxi(gij) 
represents the maximum value among the elements in the ith row vector of G. Also, 
the term maxj(gji) corresponds to the maximum value among the elements in the 
jth column vector of G [1], [2], [7].  

When the perfect separation is achieved, the PI is equal to zero. In practice, a 
PI value around 10-2 indicates quite a good performance [1], [2], [7]. 

 
3. Results and discussion 

 
As mentioned above, we analyzed the autocorrelation and the probability 

density functions of each recorded observation. The results reveal that, in both 
experiments, the observations have different correlation function shapes. This 
means that the power spectra of the original sources are not identical. In addition, 
the probability density of some observations looks like the Gaussian one. The 
figure 2 hereafter shows an example of the obtained results. In this case, the 
independent component analysis (ICA) approach, based on higher order statistics, 
is the most suitable one to perform the BSS task in our application. Thus, the main 
hypothesis of this method is that the original sources are assumed to be 
statistically independent with different temporal structures. [1].  

Based on these results, we performed various tests in order to choose the 
appropriate algorithm that permits the best separation of the original sources. For 
this reason, we used the toolbox ICALAB-SP (version 3.0) [1], [8], which 
contains 30 BSS algorithms. In this tool, they are 16 different implemented 
algorithms matching the selected approach. However, the tests showed that only 5 
algorithms are stable:  

 
• POWERICA: Power iteration for ICA [9], [10]; 
• MULCOMBI: Multi-Combination of weight-adjusted Second Order 

Blind Identification (WASOBI) [11] and Efficient Variant of Fast ICA 
(EFICA) [12]; 

• NG-FICA: Natural Gradient Flexible ICA [13]; 
• SYM-WHITE: Symmetric Pre-Whitening algorithm [14]; 
• ThinICA: Thin algorithm for Independent Component Analysis [15]; 

The computed PI values permits us to classify the above algorithms. As the table 
1 shows, the symmetric pre-whitening (SYM-WHITE) and the MULCOMBI are 
the most effective BSS methods to analyze our recorded signals, especially in the 
presence of γ-ray emitter. We performed an additional test based on the evaluation 
of the mean value of the signal to noise ratio (SNR) in order to confirm the 
algorithm choice. As a result, the SYM-WHITE algorithm has an SNR=-9,3534 
dB which is higher than the one of the MULCOMBI (SNR= -9,3532 dB). 
Consequently, the SYM-WHITE algorithm is the most appropriate one to solve  
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our BSS problem. 

 

 
(a)         (b) 

 
(c)          (d) 

Figure 2: Plots of probability density (top subplots) an autocorrelation (bottom 
subplots) functions of the recorded observations. (a) and (b) correspond to signals 
recorded in the 1st experiment and (c) and (d) those of the 2nd experiment. On the 

left, the HPGe background noise and on the right, the signals recorded in the 
presence of γ-ray emitter. 

 
 

Table 1: Performance Index (PI) of the 4 stable BSS algorithms 
 

Algorithm 
Experiment 1 Experiment 2 

Background 
noise 

Presence of 
γ-ray emitter 

Background 
noise 

Presence of 
γ-ray emitter 

POWERICA 0,25257  0,1095  0,31542  0,24209 
MULCOMBI  0,14017  0,0089  0,03193  0,05051 
NG-FICA 0,12513  0,0346  0,07357  0,05785 
ThinICA 0.20307  0.4065  0.43135  0.49566 
SYM-WHITE 0,07911  0,0202  0,01988  0,05024 

 
The algorithm SYM-WHITE performs special form of pre-whitening. It 

computes a symmetric pre-whitening matrix W on the basis of the covariance 
matrix Rxx, such as: 

 
)4.()( eqRinvW xx=  

The power of this algorithm is its ability to separate sources under weak  
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conditions and when a mixing matrix H is symmetric and the covariance matrix of 
the original sources is supposed to be Rss=Im [8], [14]. 
 
 

4. Conclusion 
 

In this paper, we consider the HPGe preamplifiers’ output signals, of a γ-ray 
spectrometry chain, as mixtures of m-unknown independent components. In order 
to extract the mixing matrix and the original sources of the recorded signal, we 
applied different blind source separation methods to 28 recorded signals 
corresponding to two experiments, both in the presence and the absence of a γ-ray 
emitter. The computation of the autocorrelation and the probability density 
functions of the signals showed that the ICA techniques based on higher order 
statistics are the most suitable BSS approach to analyze our set of data. The 
obtained results showed, while the evaluation of the performance index and the 
signal to noise ratio, that the SYM-WHITE algorithm is the most effective one 
among all stable ICA algorithms of this approach.  

 
In a forthcoming works, the SYM-WHITE algorithm will be applied to 

extract the mixing matrix and the original sources from the recorded spectrometric 
data. The isolated independent sources will be then characterized using spectral 
and statistical methods. 
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