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An Efficient Method for Quantifying the Multichannel approaches, that is, quantifying the local features in small regions
EEG Spatial-Temporal Complexity [13], [15]-[17]. Among them, thé\’s nearest neighborhood((NN)
analysis provides an approach for directly estimating intrinsic dimen-
Pei-Chen Lo* and Wen-Po Chung sionality [12], [15], [18]. The method is conceptually simple, yet, has

a drawback of spending an enormous amount of time on exhaustive
o - S ] searches for thd(NN distance. Thus, we develop a new algorithm
'Abstract—The complexnylndex (6)_quant|f|es the intrinsic dimension- for searching thekK NN distance, which saves a lot of computer
ality of the global complexity of a point set, and was shown to be able . . .
to characterize electroencephalogram spatial-temporal features. The com- ime. When adapted to multichannel EEG analysis to explore the
plexity index is conceptually comprehensible and easily implemented, yet, Spatial-temporal characteristics, the intrinsic dimensionality reflects

it is time consuming. In this paper, we present an efficient computational variations in the degree of waveform complexity in a data set. Hence
method based on the projection of the high-dimensional state-space points the estimated result is to be called “complexity ind&x’(

onto a one-dimensional axis. The computational time decreases by at least

50%, without affecting the measure accuracy.

L . Il. AN IMPROVED K'NN ALGORITHM FOR EVALUATING 6
Index Terms—Complexity index, global waveform complexity, intrinsic

dimension, multichannel EEG (electroencephalogram), spatial-temporal LetX = {Xi}j.\’:1 be the set of points on the EEG trajectory, where

feature, state-space trajectory. X is ann-dimensional point constructed from thechannel EEG sig-

nals. For instanceX; = (F3(i), F4(i), Cz(i), P3(i), P4(7)) rep-

resents a point on the five-dimensional space, whose coordinates (de-

grees of freedom) are brain electrical potentials recorded from sites F3,
The electroencephalogram (EEG) is an important clinical tool fgra, Cz, P3 and P4, respectively. For each point in th&setg.,X,), a

diagnosing and monitoring the nervous system regarding normal INN hypersphere is determined and formed byAfis nearest neigh-

pathological conditions. The temporal and spatial EEG features pioring (NN) points{V,;,»}]’i":l, V,; € X,andV;; = X;. TheX, is

vide a basis for the detection of focal pathologies [1]. To deal with agalled the seed point of thiéh hypersphere. Inside tfith hypersphere,

enormous amount of recorded EEG, data quantification has been #fi¢ |argest distance to the seed pdintis

primary step of EEG analysis. In addition to the popular time-domain

and frequency-domain approaches, other techniques have been intro- di, kNN = || Vi — X4 (@)

duced and proved useful in EEG analysis [2]. Among them, methods

based on the nonlinear dynamical theory have been used for ovewtere the operatdy- || evaluates the Euclidean distance. Fukunaga and

decade to quantify the underlying brain dynamics and evaluate the EEl&k [15] analyzed the pattern classification error and obtained

waveform complexity [3]-[6]. Nonetheless, tools from nonlinear dy-

namical theory used for EEG analysis, such as the dimensional com- Elducrony _ 1 1 )

putation and Lyapunov exponent estimation, mostly suffer from com- E{dxn~} Kn

putational inefficiency and t_)ias from implementing pa_lran_weters [4], [7\1\7hereE{dKNN} is the first-order moment of xxx. Thed s de-
Thus, they are not yet feasible for ang-term monitoring in small COMLtes thekth NN distance of any hypersphe}e . Equation (2)
]E)uters. Onfthe o:her hapd, the;pc’ittlz?é‘EElGSfeatLéreDs oveli tge scalp ﬁ%ﬁhts out the effect af{’ on classification error for a given number of
ace are of great importance. Destexitel. [8] and Dvorak [9] pro- %?ace dimension. Fukunaga and Flick aimed at quantifying the pat-

|. INTRODUCTION

po_sed (o estimate the corre!atloq dimension of njultlchanne_l EEG P¥n classification error in th& NN model. They hypothesized andi-
using the number of recording sites as embedding dimension of

tat 101. Then thech | EEG dat ; d rai @nsional space for the pattern vectors, wheigan integer. In order
state space [ ]'. en thechanne datawere viewed as a lraje ? quantify the global waveform complexity of multichannel EEG, we
tory in n-dimensional state space. In this way they were able to ev:

. %bply the concept of fractional dimensionality of a strange attractor.

uate the "“global correla_ltlon dlmens_lon quantlfylng_the .Spat'al.'ten}following their work, we derived the equation for evaluating the com-
poral feature of EEG. Since evaluating the correlation dimension 'El'exity indexs as follows [19]:
ar '

volves slope computation using linear regression, an appropriate lin

scaling region needs to be determined first. This kind of indirect esti- 1 [ E{diesinn) -1
mation procedure is a crucial drawback in practical situations. "= <m - ) 3)
The topological or intrinsic dimensionality of a point set was i
introduced to characterize data sets in the field of pattern recognitiBquation (3) is actually implemented in the algorithm as
[11]-[14]. To improve the computational efficiency, methods for .
determining the intrinsic dimension were mostly based on local 1 <d(1\"+1)NN 1) @)
K drNN
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approach is to create and then dynamically update a data buffer -__Xs
arrayA = {A;,...,A; k,A; k+1} so thatA always stores the Principal _/
(K + 1)'s smallest distances in sequence when a new interpoint
distance is computed. The detailed strategy is explained as follows.
Consider that the seed point X;. The algorithm in the beginning

sorts the first( ' + 1)’s interpoint distances/;; = [|X; — Xi| , §1_>y1" 52
j =1,...,(K + 1), and keeps them in sequence in the data buffer XZ:?:? X,
A. The elements in the sorted data array satisfy;, < A;, X3_> ol
. , e Lo 4> V4> 56
if 1 < m < n < (K + 1). Each of the remaining distances, X ys— 5,
dij, j = (K 4+ 2),...,N, is then compared with every element in X Ve—> 85

A A 1 < dij < A, dijisinserted in thenth position

and theA; x4, is excluded from the buffer. The competition processig. 1. The transformation process that mapsrsidimensional points onto
is performed on each newly computed interpoint distance. Finallpe principal axis and re-indexes the one-dimensional (1-D) array.

the data buffer stores the smallé®f + 1)’s distances. Accordingly,

dz',KNN = Ai7]\f' anddi,(KH)NN = Ai‘1(+l. The complexity index e )(l Mpoints

is then computed by using (4). Undoubtedly, computer time required Prg‘)gg’a'».-"l

by the algorithm implemented in this manner is highly dependent on Sy

the values of” and V. A large ' costs more effort in the competition ot

process. A largeN indicates a large number of distances to be re

computed. d
In this paper, the authors propose an approach that does not require P » X

computing all the interpoint distances and reduces the exhaustive
sorting process. The computer time can be significantly reduceg) > The search foi, sy andd; (x4 is completed when the left
especially for a large number of data poind)( Let[X] be anN x n  and right boundary points. ands., satisfying (8), are found.

matrix with its ith row vector representing thagh »-dimensional

point X; on the EEG trajectory. The eigenvector associated with,y

the largest eigenvalue of the covariance matriXXf is denoted by

[®], al x » row matrix. And||®[| = 1. Then the transformation di (k41NN < 150 = spll = |y — vl < (| X = Xi||  (8)
[Y] = [X][®]" results in anN x 1 column matrix containingV _ _
scalarsy;, i = 1,..., N. In other words, the transformation projectsaccording to (6). The search fér, x xx andd; (x 41y~ is completed

the n-dimensional state-space points onto the principal axis deriva§this point. Asillustrated in Fig. 2, two points ands; define the left

from the largest eigenvector. As a result, the interpoint distances&d right boundary of the searching region on the principal axis. Note
X, d;j, j=1,...,N are mapped to that, given a seed point,, the number of points being searched be-

fore satisfying (8) cannot be estimated by sca@iori knowledge of
pii = lly; —vill = I(X; = X;)@"| (5) the EEG space trajectory. Thus, computational complexity cannot be
explicitly determined by parameters liké, K, andn. An empirical
which implies approach for evaluating the computational efficiency is applied (Sec-
tion 1l1).
pii = lly; — yill <X = Xi|| = d;; (6)  To validate the accuracy of the developed method, Table I lists the
average (denoted bys) evaluated for the model-generated trajectory.
according to the Cauchy-Schwartz inequality. Usingas reference, The correlation dimension reported in [20] is shown for comparison.
the sorting process for determining thexnxy andd; (x+1)nn P€- The § was computed by averaging tide over a moderate range of
comes less laborious. LE§] denote the sorted column matrix @] yajues of K (30 < K < 60) to obtain a reliable estimate. The re-
so that its elements satisfy < s» < --- < sy. Fig. 1illustrates gyjting 5 approximates well the correlation dimension except for the
the transformation process. We shall describe the proposed metbad)|ayskii map. Next, we apply the proposed method to the multi-
for finding thed; xknn andd; (x +1)nn by using Fig. 2. Assume that channel EEG signals and compare its computational efficiency with
sp = yi, thatis,y; is in thepth order on the principal axis following that of the straightforward algorithm [see, (4)]. Both algorithms were
the transforming process programmed in Turbo C. The following results were obtained by exe-
cuting the algorithms on a Pentium-133 notebook computer.

sorting

X; 2, Yi — 5p.
. . S . Ill. RESULTS OFEFFICIENCY COMPARISON
Then the algorithm examines those points in the neighborhoeg of ~
{sp+1,8p+2,- - - . For each neighboring point, its associatedimen- Our previous work has demonstrated the capability of charac-
sional point in[X] and the state-space distance friimcan be deter- terizing the spatial-temporal feature of the multichannel EEG signals
mined. The computed distances are stored in sequence in a data bUfi8l. In the paper, the EEG data analyzed were recorded from a pa-
Assume that, after examininty neighboring points within the dotted tient who had an epilepsy syndrome called “Benign Partial Epilepsy
frame(M > K + 1), the larges{ K’ + 1)NN distance is obtained, of Childhood,” yet had never had obvious epileptic seizures (provided
which isd; (x+1yvy = ||X — X;||. The algorithm continues ex- by Dr. F. Matsuo, Department of Neurology, University of Utah Med-
amining, in two-sided direction, the points on the principal axis untital School). Prominent focal-sharp-wave transients appeared several
llsr — spll > di (w+1ynn (I€ft) and||se — sp|| > di(x+inw (right).  times. The patient was sleeping during the recording. A 25-channel
This condition ensures that the remaining points are all farther thatgctrode array, including 19 channels in the 10-20 system and six
d; (k+1)nN Since south-hemispherical channels [21], with a common linked-ear refer-
ence was applied. The sampling rate was 200 Hz. In [19], we showed
di (k+0NN < lsr = spll = llwr — well < 1K — X that the runningcurve (window length: 1000 samples, moving size:
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. TABLE |
6 ESTIMATED FOR MODEL-GENERATED TRAJECTORIES
= N/ A: range of K Correlation N/ Ar
é 8 Dimension
Rabinovich- 2.19 15,000/ 0.25 30 ~60 2.18 15,000/ 0.25
Fabrikant model®
Lorenz model 2.04 15,000/0.25 30~ 60 2.05 15,000/0.25
Zaslavskii map 1.79 25,000 30~60 ~1.50 25,000
Hénon map 1.25 15,000 30~60 1.25 15,000
At a fixed time increment.
200 2000 = =
1 K=30 F3F4CzP3P4 N=2000 K=30
¢ 150 4 F3 F4 CzP3 P4
~100 4
= ]
5 1
;'Sv%, 50E
0 =7 ‘ :
0 1000 2000 3000 4000
N (points)
Z?.j.3oliﬁ|0|ency comparison for a five-channel EEG with variable lengths 0 500 1000 1500 2000
i (order of seed point)
50 5
45 ] Fig. 6. Number of interpoint distances required to obtdinx~~ and
40 1 - A d; (x+1y~xy for each seed point.
£ s ] algort
30 ] which was reduced t8.0 ~ 3.5 when focal-sharp-wave transient oc-
B2 . curred. The analysis demonstrated that the runfiegrve might be
Q204 used to detect the occurrence of particular events in the EEG moni-
D15 T a_ \gO\'“hm B toring. On the other hand, an array composed of channels with quite
10 1 - different waveform patterns (spatially uncorrelated) tended to have a
5 - largers. Thus, thed analysis may be a tool to study the spatial corre-
I N 2000 !:3,':4. Cz P?’ P4 — lation in the multichannel EEG signals.
0 20 40 60 In this paper, we aim to validate the efficiency of the proposed algo-
K rithm. The two algorithms presented in Section Il will be referred to

Fig.4. Efficiency comparison for a five-channel EEG using varidb&(N =
2000).

200 -
N=2000 K=30
t 150 ]
s
5 100
L
50
0 5 10 15 20 25

n (channel number)

Fig. 5. Efficiency comparison for variable channel numbéis & 30 and
N = 2000).

as algorithm-A (the straightforward implementation) and algorithm-B
(the efficient method). The EEG signal is the same one that was
analyzed in [19]. First, a five-channel protocol, involving electrode
sites F3, F4, Cz, P3, and P4, is used to compare the efficiency of
two algorithms for different values oV, K", andn (Figs. 3-5). For
increasing N, this reduction becomes more evident. The efficient
algorithm (B) reduces the computational time to less than half the time
required by algorithm-A at 1500 samples, and it has a much slower
slope. The algorithm-A undoubtedly needs to evalugite (N — 1)
interpoint distances for arV-point state-space EEG trajectory. The
algorithm-B spends less than 10% of the total computational time to
find the principal axis and to project the-dimensional state-space
points onto the principal axis. Most of the computational time is con-
sumed by the computation of interpoint distances. However, unlike the
algorithm-A, the number of interpoint distances being computed by
the algorithm-B cannot be equated. An empirical approach is applied
to show how the algorithm-B achieves its computational efficiency.
Let IV; denote the number of interpoint distances being computed by
algorithm-B in order to obtaid; xx~ andd; (x +1)vn for each seed

100 samples25 < K < 35) was able to identify occurrence of pointX;, i =1,..., N, (N = 2000,K = 30). Note thatV; = N -1
EEG focal-sharp-wave events and quantify EEG spatial correlatidor all ¢ if applying algorithm-A. The result for algorithm-B is plotted
The background EEG had a complexity index between 4.0 and 4iBFig. 6. As addressed in Section Ill, there exists no explicit relation
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between the number of points being searched and the parameters[pf] O. Michel and P. Flandrin, “Local minimum redundancy representation
the EEG trajectory, which is corroborated in this figure. As shown in of a system for estimating the number of its degrees of freedom,” in
Fig. 6, most\; are smaller than 100QV/2). The average oN; N, Proc. IEEE Signal Processing Workshop Higher-Order Statisfi®93,

pp. 341-345.

is 740. Consequently, the overall computational time can be reducqqg] G. V. Trunk, “Statistical estimation of the intrinsic dimensionality of a
by at least one half. Finally, according to our experience and the  noisy signal collection,JEEE Trans. Computvol. C-25, pp. 165-171,
mannerif NN distance is computed, the computational time required  Feb. 1976. o

is approximately the same for any giv&n, NV, andn, independent of ~ [19] P-C. Lo and W.P. Chung, "An approach to quantifying the

multi-channel EEG spatial-temporal featureBiomaterial J, vol.

the EEG spatial-temporal complexity. 42, 10. 7, pp. 901916, May 2000

[20] P. Grassberger and I. Procaccia, “Characterization of strange attractors,”
IV. CONCLUSION Phys. Rev. Lettvol. 50, no. 5, pp. 346-349, 1983.
[21] F. Matsuo, “Expanded head surface EEG electrode array: An application

This paper demonstrated an efficient methodology for computingthe  to display the voltage topography of focal epileptiform discharges of
intrinsic dimensionality used to quantify the spatial-temporal feature of ~ mesiotemporal origin,J. Clin. Neurophysiolvol. 8, no. 4, pp. 442-451,

the multichannel EEG signals. Thedimensional points on the EEG

1991.

trajectory (the seftX]) were first projected onto the principal axis de-
rived from the largest eigenvector of the covariance matridf The
order and the distances of the projected 1-D points provide a guideline
for the algorithm to confine its searching scope to a smaller region.

The algorithm need not perform the exhausting search foR &N
distances. The computational time, thus, decreases substantially.
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A Self-Oscillating Detuning-Insensitive Class-E
Transmitter for Implantable Microsystems
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