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(57) ABSTRACT

There is presented a reliable technique for measuring con-
dition change in nonlinear data such as brain waves. The
nonlinear data is filtered and discretized into windowed data
sets. The system dynamics within each data set is repre-
sented by a sequence of connected phase-space points, and
for each data set a distribution function is derived. New
metrics are introduced that evaluate the distance between
distribution functions. The metrics are properly renormal-
ized to provide robust and sensitive relative measures of
condition change. As an example, these measures can be
used on EEG data, to provide timely discrimination between
normal, preseizure, seizure, and post-seizure states in epi-
leptic patients. Apparatus utilizing hardware or software to
perform the method and provide an indicative output is also
disclosed.

12 Claims, 6 Drawing Sheets
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CONDITION ASSESSMENT OF NONLINEAR
PROCESSES

STATEMENT OF GOVERNMENT RIGHTS

This invention was made with Government support under
Contract No. DE-AC05-960R22464 awarded by the U.S.
Department of Energy to Lockheed Martin Energy Research
Corporation, and the Government has certain rights in this
invention.

FIELD OF THE INVENTION

The current invention relates to methods and apparatus for
analyzing nonlinear data and particularly time-series non-
linear data derived from any of a variety of nonlinear
processes or processes having a nonlinear component, and
more particularly relates to methods and apparatus for
detecting and measuring changes in states of nonlinear
systems, conditions of nonlinear processes, and structure of
nonlinear data.

BACKGROUND OF THE INVENTION

Nonlinear processes, from which nonlinear data can be
derived, are ubiquitous. The number and kind of such
processes cannot be fully listed, but examples include: brain
waves; heart waves;

electrical transients in power systems; fluid (air or water)
flow over surfaces such as those of automobiles, airplanes,
or submarines; weather and climate dynamics; machine
tool-part interaction (e.g., tool chatter); nuclear reactor insta-
bilities; fusion plasma instabilities; earthquakes; turbulent
flow in conduits; fatigue and stress crack growth; and
planetary or satellite motion. Applications in such fields as
engineering, medicine, and research frequently require the
ability to distinguish and/or quantify differences between
apparently similar, but actually different, states in a nonlin-
ear system. Inherent nonlinearity and high levels of noise in
systems such as those described by example above make
condition or state comparisons extremely difficult or even
impossible through the use of linear or traditional nonlinear
analyses. For example, conventional methods cannot detect
differences in brain wave activity between baseline, pre-
seizure, seizure, or postseizure states. Timely monitoring
and detection of changes in the state of a nonlinear system
can be used to provide adequate metrics for the basic
purpose of better understanding the process. From a prac-
tical standpoint, detecting and measuring condition changes
can be used predictively, for example, to detect the imminent
onset of a seizure or an imminent failure of the system or a
part thereof. The process may need to be monitored in
real-time or near real-time for the monitoring to be of use.
Conventional methods, in those instances where they can be
of use, however, require a relatively large amount of data
and a relatively large amount of computing power. This
makes real-time monitoring difficult or impossible simply
because of the cost or availability of the data acquisition,
storage, and manipulation means.

Even existing nonlinear methods of monitoring process
data cannot always detect differences on the scale required
for a given process. In some cases, this is simply because the
method is insufficiently sensitive, or the measurements of
the changes in state or condition are not robust enough to be
reliable. In other cases, the methods require large amounts of
storage and computing capability that are not available as a
practical matter, or at all.

OBJECTS OF THE INVENTION

It is an object of the current invention to overcome the
above-mentioned problems by providing a method and
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2

apparatus for detecting, measuring, and monitoring condi-
tion changes in nonlinear processes and systems.

It is also an object of the current invention to provide a
method and apparatus capable of providing an indication of
a difference between two similar but different states in
nonlinear processes and systems.

It is a further object of the current invention to provide a
means of monitoring and comparing nonlinear data from a
process or system to provide an indication of a change in
state or condition of the process or system.

It is moreover an object of the current invention to provide
a method and apparatus of measuring and detecting trends in
the condition or state of a nonlinear process or system.

In accordance with the foregoing objectives, it is also a
particular object of this invention to provide a method and
apparatus for filtering, monitoring, and comparing nonlinear
data from a process or system to provide an indication of a
change in state or condition of the process or system,
wherein said filtering, monitoring, comparing, and detecting
are based solely on the data derived from the process or
system in the absence of any assumptions about or models
for the underlying process or system dynamics.

In a specific aspect of the invention, it is an object thereof
to provide a method and apparatus for filtering, monitoring,
and comparing nonlinear data from EEG sensors, and par-
ticularly from a single channel of scalp EEG, to detect and
monitor nonseizure, pre-seizure, and seizure epileptic states
such that a forewarning of a seizure may be provided.

The invention accomplishes the foregoing and other
objects by providing a method in which nonlinear data from
a process or system is acquired, monitored, and filtered. The
filtered data are then used to represent the system dynamics
as connected phase-space points, in turn represented by
2n-dimensional vectors within a windowed data set. A
distribution function is calculated for each windowed data
set to capture the occurrence frequency in the discretized
(connected) phase-space. Condition change is detected,
monitored, and measured by comparing the distribution
functions via dissimilarity metrics, specifically using *
statistics and L, distance. The dissimilarity measures are
renormalized to provide a consistent comparator for robust
and reliable detection of changes or trends. The method can
be incorporated into apparatus including a data collector, a
processor, and an output device enabling real-time and near
real-time assessment of data. The apparatus can be made
automatic, that is, made to provide an output only when a
change or given magnitude of change is detected.

The method provides a new, timely, accurate, and robust
means for measuring condition change in nonlinear data. It
is model-independent and, by appropriate selection of com-
parison criteria, can be used to detect or measure any
selected amount or degree of change in a system.

SUMMARY OF THE INVENTION

In accordance with one aspect of the invention, the
foregoing and other objects are achieved by a method for
detecting or measuring condition or state changes in a
nonlinear process or system, or monitoring the condition or
state of a nonlinear process or system. The method com-
prises the following steps. A channel of nonlinear data from
the process or system is provided. The data, referred to
herein as e-data, may be provided in real-time or near
real-time or may be from a means for data storage. While the
e-data is typically a time serial sequence of nonlinear
measures, the method is not limited to the use of time serial
sequence measures, but may be used with data sequenced by
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a means other than time. The e-data is then filtered by means
of a zero-phase quadratic filter that removes artifacts (f-data)
from the data without distorting the phase or amplitude of
the e-data. The resulting artifact-filtered data is referred to as
g-data. The g-data is serially discretized into windowed
cutsets. For time serial data, the cutsets are time-windowed
cutsets. Within each cutset, the g-data are processed to create
an n-dimensional phase-space representation of the data,
described as a discrete n-dimensional vector. The method
connects the flow of each phase-space point into the subse-
quent phase-space point, as a single connected-phase-space
point, which is represented by a discrete 2n-dimensional
vector. A distribution function tabulates the occurrence
frequency of each discrete (connected) phase space vector
for each cutset. The distribution function for a first selected
cutset is compared with the distribution function for a
second selected cutset whereby the differences between the
dynamics for each compared cutset can be detected and
measured. An output is then provided indicative of the
dissimilarity.

In another aspect of the invention, one or more of the
cutsets mentioned above can be used to define a basecase for
the process. Using the foregoing method, the basecase
cutset(s) can be used to generate a series of representative
distribution functions against which all other (testcase)
cutsets are compared, thus enabling an output indicative of
a relative change in state or condition. The distribution
function of the j-th testcase cutset can then be compared to
the distribution function of each basecase cutset. The result-
ing measures of dissimilarity may be averaged over the
basecase cutsets. When the comparison between the distri-
bution functions of the unknown and basecase cutsets shows
a significant difference, an output signal can be generated
indicative of the difference or indicative of the fact of a
difference. Alternatively, the base case cutset(s) can be used
to establish a trend, the comparison thereafter enabling
detection and/or measurement of a deviation in trend.

In another aspect of the invention there is provided
apparatus comprising processing means capable of perform-
ing the method steps set forth above. The apparatus can also
comprise the data sensing means or a means for receiving at
least one channel of data. The apparatus also comprises an
output means for providing an indication of the detection,
measurement, or monitoring of the changes in condition of
the process or system.

The method and apparatus according to the current inven-
tion enable a large reduction in the amount of data storage
and data processing required because the distribution func-
tions derived, and the comparison of the distribution
functions, utilize only the populated states within each
cutset. This improvement alone enables at least a many
hundred-fold decrease in the amount of computing power
required. This reduction in turn means that the method may
be performed on a programmable general purpose personal
computer. Alternatively, the method and apparatus may
utilize a relative small amount of dedicated circuitry.
Because such computers are widely available and relatively
inexpensive, monitoring and analyses of data can be per-
formed on-site and in real time.

BRIEF DESCRIPTION OF THE DRAWINGS

FIG. 1a is a graph of the correlation dimension (D) vs. the
parameter, 1, in the Lorenz attractor system.

FIG. 1b is a graph of the Kolgomorov entropy, K, vs. the
parameter, 1, in the Lorenz attractor system.

FIG. 1c is a graph of the first minimum in the mutual
information function, M, vs. the parameter, r, in the Lorenz
attractor system.
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FIG. 1d is a graph of the dissimilarity measure y2/10° vs.
the parameter, 1, in the Lorenz attractor system.

FIG. le is a graph of the dissimilarity measure L/10° vs.
the parameter, 1, in the Lorenz attractor system.

FIG. 2qa is a graph of the ¢,,;, and ¢,,,.. in raw EEG data
vs. time.

FIG. 2b is a graph of the log,, of the correlation dimen-
sion (D) vs. time for a sample time dependent dataset.

FIG. 2c¢ is a graph of the log;, , of the Kolgomorov entropy,
K, vs. time for a sample time dependent dataset.

FIG. 2d is a graph of the log,, of first minimum in the
mutual information function, M, vs. time in the Lorenz
model for a sample time dependent dataset.

FIG. 2¢ is a graph of the log;,, of the dissimilarity measure
%2 vs. time for a sample time dependent dataset.

FIG. 2fis a graph of the log,, of the dissimilarity measure
L vs. time for a sample time dependent dataset.

FIG. 3a is a graph of the ¢, and ¢, in raw EEG data
vs. time for a second dataset.

FIG. 3b is a graph of the log,, of the renormalized
correlation dimension (D) vs. time for a second time depen-
dent dataset.

FIG. 3c is a graph of the log,, of the renormalized
Kolgomorov entropy, K, vs. time for a second time depen-
dent dataset.

FIG. 3d is a graph of the log,, of the renormalized first
minimum in the mutual information function, M;, vs. time
for a second time dependent dataset.

FIG. 3e is a graph of the log,, of a renormalized dissimi-
larity measure 2 vs. time for a second time dependent
dataset.

FIG. 3f is a graph of the log;, of a renormalized dissimi-
larity measure L vs. time for a second time dependent
dataset.

FIG. 4 is a flow chart of the sequence of acts in the method
of the present invention.

DETAILED DESCRIPTION OF THE
INVENTION

In the following description, bracketed numbers refer to
the following references, the contents of which are incor-
porated herein by reference:

[1] V. L. Arnold, Geometrical Methods in the Theory of
Ordinary Differential Equations, Springer Publ. (1982).
[2] J.-P. Eckmann and D. Ruelle, Rev. Mod. Phys. 57, 617

(1985).

[3] H. D. I. Abarbanel, Analysis of Observed Chaotic Data,
Springer Publ., New York (1996).

[4]F. Takens, Lecture Notes in Mathematics 898, 366 (1981)
Springer, N.Y.

[5]T. Sauer, J. Yorke, and M. Casdagli, J. Stat. Phys. 65, 579
(1991).

[6] H. D. I. Abarbanel and M. B. Kennel, Phys. Rev. E 47,
3057 (1993).

[7] H. D. 1. Abarbanel, R. Brown, J. J. Sidorowich, and L.
Sh. Tsimring, Rev. Mod. Phys. 65, 1331 (1993).

[8] L. Cao, Physica D 110, 43 (1997).

[9] C. Letellier, J. Maquet, L. Le Sceller, G. Gouesbet, and
L. A. Aguirre, J. Phys. A 31, 7913 (1998).

[10] A. Cover, J. Reneke, S. Lenhart, and V. Protopopescu,
Math. Models and Meth. In Appl. Sciences, 7, 823-845
(1997).

[11] C. E. Shannon and W. Weaver, The Mathematical
Theory of Communication, University of Illinois Press,
Urbana, 1949.
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[12] A. M. Fraser and H. L. Swinney, Phys. Rev. A
33,1134-1140 (1986).

[13] F. Takens, Lecture Notes in Mathematics 1125, 99-106
(1984) Springer-Verlag, Berlin.

[14] J. C. Schouten, F. Takens, and C. M. van den Bleek,
Phys. Rev. E 50, 1851-1861 (1994).

[15] J. C. Schouten, F. Takens, and C. M. van den Bleek,
Phys. Rev. E 49, 126-129 (1994).

[16] C. Grebogi, E. Ott, J. A. Yorke, Phys. Rev. A 37, 1711
(1988).

[17] C. Diks, W. R. van Zwet, F. Takens, and J. DeGoede,
Phys. Rev. E, 53, 2169 (1996).

[18] A. M. Mood, S. A. Graybill, and D. C. Boes, Introduc-
tion to the Theory of Statistics, McGraw Hill Publ
(1974).

[19] L. M. Hively, P. C. Gailey, and V. A. Protopopescu,
Phys. Lett. A, 258,103 (1999).

[20] E. N. Lorenz, J. Atmos. Sci., 30, 130 (1963).

[21] E. A. Jackson, Perspectives of Nonlinear Dynamics,
vol. 2, Cambridge University Press, Cambridge, 1990.
[22] L. F. Sampine and M. K. Gordon, Computer Solution of

Ordinary Differential Equations: The Initial Value

Problem, Freeman Publ., 1975.

[23] T. Elbert, W. J. Ray, Z. J. Kowalik, J. E. Skinner, K. E.
Graf, and N. Birbaumer, Physiol. Rev., 74, 1 (1994).
[24] R. Manuca, M. C. Casdagli, R. S. Savit, Math. Biosci.,

147, 1 (1998).

[25]1 K. Lehnertz and C. E. Elger, Phys. Rev. Lett., 80, 5019
(1998).

[26] L. D. Iasemidis and J. C. Sackellares, Neuroscientist, 2,
118 (1996).

[27] L. M. Hively, N. E. Clapp, C. S. Daw, and W. F.
Lawkins, ORNL/TM-12961 (Oak Ridge National
Laboratory, Oak Ridge, Tenn.) 1995.

[28] D. F. Elliott and K. R. Rao, Fast Transforms, Analyses,
Applications, Academic Press (1982).

[29] M. B. Kennel, Phys. Rev. E, 56, 316-321 (1997).

[30] L. M. Hively, in Proc. Maintenance and Reliability
Conf., edited by T. E. Shannon et al. (University of
Tennessee, Knoxville), 1, 16.01 (1997).

[31] L. M. Hively, V. Protopopescu, and P. C. Gailey,
submitted to Chaos (2000).

[32] W. F. Lawkins, C. S. Daw, D. J. Downing, N. E. Clapp,
Phys. Rev. E 47, 2520 (1993).
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The current invention presents a novel and robust method
and apparatus for measuring condition change in nonlinear
data. The invention is completely model-independent and is
data driven. It can therefore be used for detecting state
and/or condition changes for systems for which the dynam-
ics are not fully understood. Indicators of condition change
are defined by comparing distribution functions (DF)
defined on an attractor for windowed (usually time-
windowed) data sets via L; distance and 2 statistics. The
discriminating power of the new measure is shown here by
testing against the Lorenz model [19]. These new measures
have also been demonstrated on the Bondarenko model [31].
Also, while the method is applicable to any nonlinear data,
independent of source, a specific application of the method
to electroencephelogram (EEG) data is shown with the
objective of capturing the transition between non-seizure
and epileptic brain activity in an accurate and timely manner.
The theoretical and practical results show a clear superiority
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6

of the new metrics over the traditional nonlinear measures as
discriminators of condition change.

Many natural or man-made complex systems can be
modeled by high dimensional systems of coupled nonlinear
equations whereby the system state is represented by a time
dependent vector in a high dimensional phase space (PS).
Experimental investigation of the system usually deals with
measuring one or a few components of this state vector. One
of the main problems in the analysis of complex systems is
the reconstruction of the system dynamics from scalar
measurements of just one component, x. This component is
generally measured at equal time intervals, although other
intervals may be used. Measuring this component at equal
time intervals T beginning at time t, results in the sequence
X;=xX(ty+it), i=0, 1, 2, . . . The dynamics can be represented
by a d-dimensional vector, y(D)=[X;, X;.», - - - > Xjpqz-1y2] 0T
a system with d active variables [2] and time lag )., with A>T.
This PS construction captures the nonlinear relationship
among time-delayed measurements of a scalar variable,
while avoiding the effects of measurement imprecision [3].
The choices of lag and embedding dimension influence the
nonlinear measures that can be constructed from the time
series.

For noiseless data, the choice of d and A determines how
well the PS form unfolds the dynamics. Takens’ embedding
theorem guarantees a faithful PS reconstruction of the
dynamics if the embedding space has a sufficiently high
dimension d, meaning that the reconstructed trajectories do
not intersect themselves and the reconstructed dynamics are
smooth [4-8]. For real, that is, noisy, data the choice of d and
) is more problematic. Because real data have finite preci-
sion and are affected by noise, too high an embedding
dimension may result in overfitting. Moreover, different
observables of a system may contain disparate levels of
dynamical information, such that PS reconstruction may be
easier from one variable than from another [9].

A critical test for the method of the current invention is
discrimination between different but possibly close chaotic
regimes. Discriminating between regular and chaotic
motion, or signaling the transition between regular and
chaotic regimes is relatively straightforward [10]. Distin-
guishing various chaotic regimes is a difficult task, however,
especially when the data are limited and/or affected by noise.

To better explain the methodology of the current
invention, it is advantageous to first discuss the other non-
linear measures from time series used to show the superi-
ority of the current invention. This will aid in understanding
some of the variables used and comparisons made.

Based on the PS reconstruction, various nonlinear mea-
sures have been defined to characterize process dynamics.
Three of these were chosen against which to compare the
new PS metrics disclosed herein. The three are: (i) the first
minimum in the mutual information function (MIF) as a
measure of decorrelation time, (ii) the correlation dimension
as a measure of dynamic complexity, and (iii) the Kolmog-
orov entropy as a measure of predictability.

The MIF is a nonlinear version of the (linear) auto-
correlation and cross-correlation functions [11]. It has been
applied to time series analysis [12]. The MIF measures the
average information (in bits) that can be inferred from one
measurement about a second measurement, and is a function
of the time delay between the measurements. Univariate
MIF measures predictability within the same data stream at
different times. For the current analysis, the first minimum
in the univariate MIF, M;, was used to indicate the average
time lag that makes X, independent of x;. The MIF, I(Q,R),






