Adaptive-Geometric methods: application to the separation of EEG signals

C.G.Puntonet *, C.Bauer * , **, E.W.Lang **, M.R.Alvarez *, B.Prieto *

* Dept. of Architecture and Computer Technology. Universityof Granada (Spain)

** Institute of Biophysics. Universityof Regensburg (Germany)

ABSTRACT

This paper presents a newadaptive algorithm for the online linear and non-linear separation of signals with nonuniform, symmetrical probabilitydistributions. The procedure is based on the interpretation and properties of the vectorial spaces of sources and mixtures, using a multi pl e l inearization in the mixture space. The main characteristics of the procedure a re its simplicity, its immunityto symmetrically-distributed additive noise, and the rapid convergence experimentallyvalidated wh en the me t h od is applied to the separation of multiple EEG signals.

1. INTRODUCTION

The problem oflinear blind separation of sources involves ob t a ining the signals generated by p sources, vectorially represented by s (t) = [s 1 (t),....,s p (t)] T , from the linear m ixturesignals, e (t)=[e 1 (t),...e p (t)] T . Themixture,normally produced in a medium or in thesensors, ischaracterizedby a n on singular matrix A such that e = A s . The goa l traditio n a l l ysought within the context of separation of sources istoestimate A bymeansofanothermatrix W such that theoutput vector s* = W -1 e coincides with that ofthe original sourcesexceptforascalefactorandapermutation, i.e.

W

1

A P D (1) where P is a permutation matrix and D is a diagonal matrix. Anymatrix W relat ed to A as in (1) is said to be similar to A .

For linear mixtures and bounded sources, we have presented a new wayto applythe geometrical method, which does not require obtaining vertices or edge points.

From geometric considerations, it is possi bl e to obtain a matrix that is similar to A bydetermining the slopes of, or any vector on, the edges that are incident on anyoneofthe vertices. Wehavepresentedvariousalgorithms[4,6],allof which attempt toselect onevertex, from themixingvectors

obtained, and one or more poin t s from each of the edges that are incident to it. The problem is then reduced to that of finding the distribution axes of probabilitywithin the known mixingspace, astheseareparallel totheaxesofthe hyperparallelepiped thatcontainstheobservationspace[5].

An interesting waywas recentlyproposed to solve the separation of linear mixtures, consisting of usin g the

Kullback-Leibler divergenceorthemutualinformation[3], where the independent axes are computed efficientl y. For post-nonlinear mixtures, a batch procedure based on a maximum likelihood approa ch has been developed in [8].

For non-linear mixtur es, the method proposed in [2] is adaptiveandadequateforsharplypeakeddistributions.The approach presentedhere is related tothe above, but is valid for more than two signals and for ^non-symmetric~ nonlinear mixtures.

In [7]wedescribedan adaptiveprocedurefor thedemixing of linear and non-linear mixtures of two sign a l s with probability distributions that are symmetric with respect to their centresandnonuniform,performingafixedpiecewise linearization in the case of nonli n ea r mixtures in order to obtain the distribution axes of probabilitythat are parallel to the slopes of the parallelepiped for two sources.

Here, we com bi n e the geometric properties of the distributions, which provide the independent components, with the advantages ofthe competitive neural networks, in order toadaptivelycomputetheaxesofthedensityfunction in the linear or non-lin ear observation space, bymeans of a dynamic piecewise linearizat i on valid for all kinds of sources exhibiting an un imodal probabilitydistribution, such as Gaussian, Laplacian, Poisson, Gamma and others.

2. PROPOSED METHOD

The main idea of this method combine geometric cons i derations, previouslydeveloped, with an adaptive processing, and it consists of normalizing the observed s pa ce in a set of concentric layers in order to adaptively compute the slopes corresponding to the independent axes

273

of the distributions ofthe mixtures bymeans ofan arrayof symmetricallydistributed neurons in each dimension. The procedur e has two stages, firstlya preprocessing stage to normalize theobservedspace,followedbytheprocessingor learning of the n eur ons, which estimate the high density regions in a similar, but not i den t i ca l wayto that of self organizing maps.

2.1 Preprocessing

First of all, the observed signals e´are set to zero mean, μ , and unityvariance,

1 , as follows:

e ( e´

μ )

1 (2)

The average correlation coefficient is also computed by

means of the following expression:

<

M i , j

N i j , N i j

1

T

M T t

1

( e i ( t ) . e j ( t ) ) i , j

� { 1 . . . p } , i < j

(3)

From (3),theprocedurecaneliminateunnecessarysamples byusing the parameter

/ , as follows:

/ exp ( < N > 2 ) (4)

Ma nykind of signals, as speech or EEG signals, present

unnecessary points near the or i gi n that do not provide

information when the computation ofthe distribution axes

is being carried out (Figure 1), and these can beadecuately

r e m o v e d i f t h e f o l l o w i n g c o n d i t i o n i s

verified:

| | e | | <

M

i

1 i . / R , i � { 1 . . . p } (5)

where R is the radius of the eliminated poi n t s circle.

Moreover, the algorithm ca n select useful points near the

independent components (Figure 2), as follows:

e k < 1 k / ,

~ k � { 1 , . . . , p } (6)

2.2 Processing

The observationspaceissubsequentlyquantizedinncircles or layers each with a radius

! (k) (k=1...n) cover ing the points as follows:

} ! ( k ) | ! ( k 1 ) < | | e ( t ) | | < ! ( k ) , ~ k � { 1 , . . . , n } (7)

The distancebetweenonepointandthe2pneuronsexisting

in the p-dimensional space is:

d ( i , ! ( k ) ) | | w i ( ! ( k ) , t ) e i ( ! ( k ) , t ) | |

i � { 1 , . . . , 2 p } , k � { 1 , . . , n } (8)

A winnerneuron,labeledi * , inalayer ! (k), hasaminimum distance to the point and verifies:

d ( i

� , ! ( k ) ) min { d ( i , ! ( k ) ) } i � { 1 , . , 2 p } k � { 1 , . , n } (9)

Fromnowon, wewill denote ! thelayer ! (k) definedin(7).

Af t er t h i s, three methods can be used for the learning process. If a winner neuron approaches the densityregion, at time t, the learning rule is given by:

w i

� ( i � , ! )

2 i � � { 1 , . . . , 2 p }

� ( i � , ! ) < sgn ( e i � ( ! , t ) w i � ( ! , t ) >

(11)

where . is a geometry-dependent decreasing learning rate.

For the sake of simplicity, equation (10) does not showthe

inverse movement ofthe symmetric neuron (ii*) belonging

to the same axis, and this propertydecreases the

convergence time. Note that a grea t va r ietyof suitable

monotonic functions, . , can be used.

A second type of learning, similar to the first, can also be

used in wh i ch the learning space of each neuron, i, is

reduced toits associate quadrant, c; thisisuseful when it is

known in certain real applications that the mixing matrix,

A , verifies a ii > a ij . If this is so, onlythe representative

winner n euron, ic*, is active, and it is onlynecessaryto

detect the quadrant, c, e( ! ,t) belongs to, as follows:

w ic

� (

! , t

� 1 )

w ic �

( ! , t ) �

. ( t ) sgn [ e i ( ! , t )

w ic �

( ! , t ) ]

ic

� { 1 , . . . , 2 p }

(12)

The third learning procedure activates all neurons at once, by means of a factor, k(t), that modulates competit ive learning, as in self-organizing systems.

w i ( ! , t � 1 ) w i ( ! , t ) � . 1 ( t ) sgn [ e i ( ! , t ) w i � ( ! , t ) ] k ( t ) k ( t ) exp ( . 2 ( t ) | | e i ( ! , t ) w i � ( ! , t ) | | 2 )

(13)

Here . 1 (t) and . 2 (t) aregeometry-dependent learning rates.

After the learning process, the neurons are maintained on their r espective layers bymeans of the following normalization:

w i ( ! , t )

w i ( ! , t ) !

| | w i ( ! , t ) | |

, i � { 1 . . 2 p } ! � { ! ( 1 ) . . ! ( n ) }

(14)

Some improvements have been made t o t he process for good estimation of the di stribution axes. For non-linear mixtures, the spatial neuron order in successive layers may change, and for correct adaptive separation it is necessary e 1 ( t ) 2 sgn [ s 1 ( t ) ] s 1 ( t ) 2 � 1 . 1 s 1 ( t ) s 2 ( t ) e 2 ( t ) 2 sgn [ s 2 ( t ) ] s 2 ( t ) 2 � 1 . 1 s 2 ( t ) � s 1 ( t ) (22)

to check, periodically, the following expression:

min ( i , j ) min | | w i ( ! , t ) w j ( ! 1 , t ) | | i , j � { 1 . . . 2 p }

(15)

Once this expresion is computed, the rearranging is done bottom-up, begining from layer ( ! -1) in (15), if the condition min(i,j) < min(i,i) is verified.

Furthermore, in linear or non-linear mixtur es the real observed signals mayexhibit non-unifor m density distributions, and the procedure generates adaptively variable layers in accordance with the point density. Then, the distance between the circles, ! (i,

2 ), in time 2 , ca n be

adjusted as a function ofthe densitypoints,

� (i, 2 ), between two successive layers:

! ( i , 2 � 1 ) ! ( i , 2 ) �

� (

� ( i

1 ,

2 ) � ( i , 2 ) ) (16) where � is a learning rate.

3. SEPARATION MATRICES

Due tothe piecewise linearization ofthe space, a set, W , of matrices is obtained for each layer:

W

W

! ( i ) are equal to:

W ! ( i )

W 11 ! ( i ) . . W

1 p ! ( i )

W p1 ! ( i ) . . W pp ! ( i )

(18)

For linear systemsor ^symmetric~ non-linear mixtures[2], the elementsofthematrix(18)arethesymmetricslopes, in the l a yer

! (k), between two neurons of each dimension,

computed in (10), (12) or (13), i.e.:

W i j ! ( k ) w 2 j i ! ( k ) w 2 j i ! ( k

1 )

w 2 j j ! ( k ) w 2 j j ! ( k 1 )

i , j

� { 1 . . . p } , k � { 1 . . . n }

(19)

Since the main simulation presented in this paper refers to

a linear mixture ofEEG signals, we will use this particular

expression (19), although in the general case and for pure

n on-linear mixtures (without symmetryat the origin), th e

above expression must be repl a ced bya similar one, as

follows:

W i j ! ( k ) w

� ( j ) i ! ( k ) w � ( j ) i ! ( k 1 ) w � ( j ) j ! ( k ) w � ( j ) j ! ( k 1 )

� ( j ) � { (

. ,

� ) | d ( . , ! ) < d ( � , ! ) , d ( � , ! ) < d ( � , ! ) }

i , j � { 1 . . . p } , k � { 1 . . . n } , . � � � { 1 . . . 2 p } , .

g �

(20)

Note that (19) is a particular case of(20), with � (j)=2j, and that W ii ! (k) = 1 in both equations. Equation (20) means that the subspaceassociatedtotheneuronslabeled( . , � ) around point e i ! (k) (t) providesthelinear contour wherethemixture can be considered linear.

For the purpose ofseparation, the network uses the typical recursive recall taking into account the layer quantization in the observation space, i.e.:

s i ( t

� 1 ) e i ! ( k )

( t )

/ and

K waves with a lowcharacteristic frequency and not observed with normal objects. Component number

13 reveals smal l periodic muscle spiking and anycardiac contamination in the EEG data is con centrated in ICA compon en t number 21. Analyzing the obtained values in

(20), the procedure ensures that the hypothese of lin ea r model for this kind of recordin g is a good approximation.

275

f ( e )

f ( e )

R

j i

Figure 1. Eliminating points without information f ( e )

f ( e ) e k <

1 k

j i

Figure 2. Points near the independent axes

! (n)

! (1)

e(2) e(1) w (n)

2

w (n) 4 w (n) 1 w (n)

3

Figure 3. n-layer quantization for p=2.

5. CONCLUSIONS

We have shown t h e powerful of adaptive-geometric m et h ods bymeans of a piecewise linearization in the mixture spaceandusingcompetitiveunsupervisedlearning, in order tofindthedensityfunction oftheobservedsignals or independent components.

Future work concerns t he studyof the noise and the implementation of the proposed procedur e, once a wide ra ngeofnon-linear mixtureshavebeen simulatedwith real signals and using more than twoneurons per dimmension.

ACKNOWLEDGEMENTS

This work has been supported in part bythe Spanish

CICYT proyectsTIC98-0982andTIC97-1149,andagrant of the Cusanuswerk Foundation. We are grateful for the constructi ve comments and suggestions of Pedro Martín

Smith, Alberto Prieto and Matthias Habl.

REFERENCES

[1] M. Ha bl , C h . Ba u e r , C h . Zi ega us, E . W. La n g,

F.Schulmeyer, ^Analyzing Brain Tumor related EEG signals with ICA Algorithms~, toappear in Proceedings of the FirstInternationalConferenceonANNinMedicineand

Biology, Goteborg (Sweden), 2000.

[2] J.K. Lin, J.D. Cowan, ^Fait h ful Representation of separable InputDistributions~,NeuralComputation,vol.9,

1997.

[3] D.T. Pham, ^Blind Separation of Instantaneous

Mixtur es of Sources Based on Order Statistics~, IEEE

Trans. Signal Processing. (To appear)

[4] A. Prieto, C.G. Puntonet, and B. Prieto, ^A neural

Learning Algorithm for BlindSeparation ofSourcesBased on geometric Properties ~ , Signal Processing, vol.64, no.3, pp. 315-331, 1998

[5] A. Prieto, B. Prieto, C.G. Puntonet, A. Cañas, P.

Martín-Smith, ^Geometric Separation of Linear Mixtures of Sources: Application to Speech Signal s~ . ICA-99,

Aussois (France), Jan 1999.

[6] C.G. Puntonet, and A. Prieto, ^Neural Net Approach for Blind Separation of Sources based on Geometric

Properties~, Neurocomputing,vol.18,no.1-3,pp.141-164,

Jan. 1998.

[7] C.G. Puntonet, M.R. Alvarez , A. Prieto, B. Prieto,

^Separation of Speech Signa ls for Nonlinear Mixtures~,

Lecture Notes in Computer Science, 1607, Proceedings of

IWANN-99, Vol. II, Springer .

[8] A.Taleb,C.Jutten,^SourceSeparationinPostnonlinear

Mixtures. IEEE Trans. S.P., vol. 47, n.10, 1999.

276

e 1 e 2

e 1 e 2

Figure 4. a) Space of original digital 32-valued signals. b) Space of non-linear mixture.

Figure 5. Configuration of the neurons with

3 iterations and 4 layers.

Figure 6. ICA components obtained from EEG sensors

277

278