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EP 1 525 551 B1
Description
BACKGROUND OF THE INVENTION

[0001] The field of the invention is methods of computer analysis for forewarning of critical events, such as epileptic
seizures in human medical patients, and mechanical failures in machines and other physical processes.

[0002] Hively et al., U.S. Pat. Nos. 5,743,860 and 5,857,978 disclose methods for detecting and predicting epileptic
seizures by acquiring brain wave data from a patient, and analyzing the data with traditional nonlinear methods.
[0003] Many of the prior art methods of epileptic forewarning were based on intercranial electroencephalogram (EEG)
data. The present invention can be practiced with EEG data obtained from sensors applied to the scalp of the patient.
Prior advances using scalp EEG data removed artifacts with a zero-phase quadratic filter to permit analysis of single-
channel scalp EEG data. Hively et al., U.S. Pat. No. 5,815,413, disclosed the use of phase space dissimilarity measures
(PSDM) to forewarn of impending epileptic events from scalp EEG in ambulatory settings. Despite noise in scalp EEG
data, PSDM has yielded superior performance over traditional nonlinear indicators, such as Kolmogorov entropy, Lya-
punov exponents, and correlation dimension. However, a problem still exists in forewarning indicators, because false
positives and false negatives may occur.

[0004] Hivelyetal., U.S. Pat. No. 5,815,413, also discloses the applicability of nonlinear techniques to monitor machine
conditions such as the condition of a drill bit or the performance of an electrical motor driving a pump.

[0005] WO 01/67288 A discloses a method for processing data to provide a forewarning of a critical event like a
epileptic seizure or a machine failure.

[0006] In HIVELY L M ET AL: "Detecting dynamical change in nonlinear time series", Physics Letters, North-Holland
Publishing Co., Amsterdam, NL, Vol. 258, 1999, pages 103-114, ISSN: 0375-9601 a method for processing data to
provide a forewarning of a critical event like a epileptic seizure is disclosed.

SUMMARY OF THE INVENTION

[0007] The present invention uses prior advances in the application of phase space dissimilarity measures to provide
forewarning indications. In this method, a renormalized measure of dissimilarity, e.g., U(x?) or U(L), is compared to a
threshold value (U;) and upon exceeding the threshold value for a sequential number of occurrences (N, ), a forewarning
indication is determined.

[0008] Forewarning indications are further resolved into true positives, true negatives, false positives and false neg-
atives in multiple data sets taken from the same patient over multiple channels, where it is known whether the patients
experienced biomedical events or did not experience such events. The results are then used to calculate a channel-
consistent total true rate (f7). This approach allows the observation of a channel or channels providing the largest channel-
consistent total-true forewarning indications. Test data is then processed from the selected channel or channels to
develop measures of dissimilarity and forewarning indications, which are most likely to be true forewarning indications.
[0009] Forewarning indications are used to forewarn of critical events, such as various biomedical events. Typical
biomedical events and sources of data include, but are not limited to, epileptic seizures from EEG, cardiac fibrillation
from EKG, and breathing difficulty from lung sounds.

[0010] The methods of the present invention also include determining a trend in renormalized measures, e.g., U(x2)
or U(L), based on phase space dissimilarity measures (x2,L) for data sets collected during increasing fault conditions in
machines or other physical processes. The invention then uses a "least squares" analysis to fit a straight line to the sum
of the renormalized measures in order to forewarn of a critical event, such as a machine or process failure.

[0011] Typical machines include, but are not limited to, motors, pumps, turbines, and metal cutting. Typical time-serial
machine data include, but are not limited to, electrical current, voltage, and power; position, velocity, and acceleration;
and temperature and pressure. Other physical processes capable of being monitored by sensors can also be observed
to forewarn of malfunctions or failures.

[0012] Inthe presentinvention, the data can also be analyzed to determine values for specific parameters that maximize
the total true rate for one or more respective channels.

[0013] A further aspect of the invention enhances techniques by utilizing equiprobable symbols for computing the
distribution functions from a connected or unconnected phase space.

[0014] Other objects and advantages of the invention, besides those discussed above, will be apparent to those of
ordinary skill in the art from the description of the preferred embodiments, which follows. In the description reference is
made to the accompanying drawings, which form a part hereof, and which illustrate examples of the invention. Such
examples, however are not exhaustive of the various embodiments of the invention, and therefore reference is made to
the claims, which follow the description for determining the scope of the invention.
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BRIEF DESCRIPTION OF THE DRAWINGS

[0015] Fig. 1is a graph of renormalized dissimilarity as a function of forewarning time (t) for determining true positive
(TP), true negative (TN), false positive (FP) and false negative (FN) forewarning indications.

[0016] Figs. 2a-2d are graphs of channel-consistent total-true rates for forewarning of epileptic seizures, f;vs. selected
parameters: (a) f; versus S (number of phase space symbols) for d = 2, w = 62, N = 22,000; (b) largest f; versus d
(number of phase space dimensions) for w = 62, N = 22,000 using equiprobable symbols (solid curve) and uniform
symbols (dash-dot curve); (c) fr versus w (half width of the artifact-filter window width) for d =2, S = 20, N = 22, 000;
and (d) frversus N (number of data points in each cutset) for d =2, S= 20, and w = 54.

[0017] Figs. 3a-3d are semi-logyq plots of the four nonlinear dissimilarity measures for a set of broken-rotor seeded-
fault power data. Dataset #1 is for the nominal (no fault) state. Dataset #2 is for the 50% cut in one rotor bar. Dataset
#3 is for the 100% cut in one rotor bar. Dataset #4 is for two cut rotor bars. Dataset #5 is for four cut rotor bars. The
exponential rise in the severity of the seeded faults is shown as an almost linear rise (solid line) in the logarithm of all
four dissimilarity measures (*) for the chosen set of phase-space parameters.

[0018] Fig. 4 is a plot of the composite PS dissimilarity measure, C;, versus dataset number for a gearbox failure (d=2,
S=274, and A=1).

[0019] Fig. 5 is a plot of the maximum value of the 2 statistic versus the number (n) of sequential points from the
sample distribution for (bottom) a normal distribution with zero mean and unity sample standard deviation; (middle)
composite measure, C;, of condition change from the 200 datasets that span the straight-line fit; (top) composite measure,
C;, of condition change during failure onset (datasets #394-400). The middle and top curves use the same analysis
parameters as in Fig. 4.

DETAILED DESCRIPTION OF THE PREFERRED EMBODIMENTS

[0020] In a first embodiment of the present invention, a database of forty (40) data sets were collected, each with at
least one electrographic temporal lobe (TL) event, as well as twenty (20) data sets without epileptic events, as controls.
Data sets were obtained from forty-one (41) different patients with ages between 4 and 57 years. This data included
multiple data sets from eleven (11) patients (for a total of 30 events), which were used for the channel consistency
analysis. Such data can be collected (for example) with a 32-channel EEG instrument (Nicolet-BMSI, Madison, Wisconsin)
with 19 scalp electrodes in the International 10-20 system of placement as referenced to the ear on the opposing
hemisphere. Each channel of scalp potential was amplified separately, band-pass filtered between 0.5-99 Hz, and
digitized at 250 Hz. The 19 EEG channels in each of these data sets had lengths between 5,016 seconds (1 hour and
23 minutes) and 29,656 seconds (8 hours and 14 minutes).

[0021] In the present invention, eye blink artifacts from scalp EEG are removed with a zero-phase quadratic filter that
is more efficient than conventional linear filters. This filter uses a moving window of data points, e;, with the same number
of data points, w, on either side of a central point. A quadratic curve is fitted to these 2w+1 data points, taking the central
point of the fit as the low-frequency artifact, f. The residual, g; = e, - f, has essentially no low-frequency artifact activity.
All subsequent analysis uses this artifact-filtered data.

[0022] Next, each next artifact-filtered value is converted into a symbolized form, s;, that is, one of S different integers,
01,...,51:

0 <s5;= INTIS(g) - gmic)/(Bmex - uin)] <S— 1. M

[0023] The function INT converts a decimal number to the closest lower integer; g,,;, and g,,, denote the minimum
and maximum values of g;, respectively, over the base case (reference data). To maintain Sdistinct symbols, the following
expression holds, namely s= S - 1 when g; = g,,,.x- Expression (1) creates symbols that are uniformly spaced between
the minimum and maximum in signal amplitude (uniform symbols). Alternatively, one can use equiprobable symbols, by
ordering all N base case data points from the smallest to the largest value. The first N/S of these ordered data values
correspond to the first symbol, 0. Ordered data values (N/S)+1 through 2N/S correspond to the second symbol, 1, and
so on up to the last symbol, S-1. By definition, equiprobable symbols have non-uniform partitions in signal amplitude
and present the advantage that dynamical structure arises only from the phase-space reconstruction. Moreover, large
negative or positive values of g; have little effect on equiprobable symbolization, but significantly change the partitions
for uniform symbols. Finally, the mutual information function is a smooth function of the reconstruction parameters for
equiprobable symbols, but is a noisy function of these same parameters for uniform symbols. Thus, equiprobable symbols
provide better discrimination of condition change than uniform symbols when constructing a connected phase space.
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[0024] Phase-space (PS) construction uses time-delay vectors, y()) = [s;, Siy, , - - -, Sip(g.1)1] to unfold the underlying
dynamics. Critical parameters in this approach are the time delay, A, and system dimensionality, d, and the type and
number of symbols, S. Symbolization divides the phase space into S bins. The resulting distribution function (DF) is a
discretized density on the attractor, which is obtained by counting the number of points that occur in each phase space
bin. The population of the ith bin of the distribution function, is denoted Q;, for the base case, and R, for a test case,
respectively. The test case is compared to the base case by measuring the difference between Q; with R; as:

z =§:@, -R) (0, +R,), @)

L=ZIQI'—R,'I’ (3)

[0025] Here, the summations run over all of the populated phase space cells. These measures account for changes
in the geometry, shape, and visitation frequency of the attractor, and are somewhat complementary. The %2 measure
is one of the most powerful, robust, and widely used statistics for comparison between observed and expected frequen-
cies. In this context, 2 is a relative measure of dissimilarity, rather than an unbiased statistic for accepting or rejecting
a null statistical hypothesis. The L distance is the natural metric for distribution functions by its direct relation to the total
invariant measure on the attractor and defines a bona fide distance. Consistent calculations of these measures obviously
require the same number of points in both the base case and test case distribution functions, identically sampled;
otherwise, the distribution functions must be properly rescaled.

[0026] The connected PSis constructed by connecting successive PS points as prescribed by the underlying dynamics,
y() — y(i + 1). Thus, a discrete representation of the process flow is obtained in the form of a 2d-dimensional vector, Y
() = (i), y(i + 1)], that is formed by adjoining two successive vectors from the d-dimensional reconstructed PS. Y(j) is
a vector for the connected phase space (CPS). As before, Q and R denote the CPS distribution functions for the base
case and test case, respectively. The measure of dissimilarity between the two distribution functions for the CPS, signified
by the "c" subscript are thus defined as follows:

X=X (0- &) /(@+ &) @

'Ii
Lc=§|Q(i-&j|° o)

[0027] The first subscriptin Egs. (4)-(5) denotes the initial PS point, and the second subscript denotes the sequel PS
point in the PS pair. These CPS measures have higher discriminating power than unconnected PS measures of dissim-

ilarity. Indeed the measures defined in Eqgs. (4)-(5) satisfy the following inequalities: x2 < L, Zc2 £ L, L<L,and

f < Zcz, where xcz and L are dissimilarity measures for connected phase space and y2 and L are dissimilarity

measures for unconnected PS.

[0028] To assure robustness, the construction of the base case data requires careful statistics to eliminate outlier base
case cutsets. The first B non-overlapping windows of N points (cutsets) for each dataset become the base case cutsets.
A few of these base case cutsets can be very atypical, causing a severe bias in the detection of condition change. The
base case cutsets are tested for outliers as follows. A comparison of the B(B - 1)/2 unique pairs among the B base case
cutsets via Egs. (2)-(5) yields dissimilarities, from which we obtain an average, V, and sample standard deviation, c, for

each of the four measures of dissimilarity, V. = {L, Lc ’ zz, and Zcz} ’ where the subscript,
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¢, denotes the measures of dissimilarity for the CPS. Then, a sz statistic, ij = 2 (Vij - V)z/a-,

is calculated for each of these four dissimilarity measures. The index iruns over the B non-overlapping basecase cutsets.
The index j is fixed, to test the jth cutset against the other B - 1 cutsets, thereby giving B - 7 degrees of freedom in the

sz statistic. The null statistical hypothesis allows a random outlier with a probability less than 2/B(B - 1). If this

hypothesis is not satisfied, we identify an outlier cutset as having ij > 19.38 for at least one of the four dissimilarity

measures, which corresponds to a probability larger than 1/45 for B = 10. If this analysis does not identify an outlier,
then the previous values of Vand o are used for subsequentrenormalization, as described below. If this analysis identifies
an outlier, the cutset is removed. The analysis is repeated with a new value, B = 9 for the remaining base case cutsets

to identify any additional outliers. Their presence is indicated by the largest sz statistic exceeding the new threshold

of 17.24, corresponding to a random probability larger than 1/36, as interpolated from standard statistical tables for 8
degrees of freedom. Rejection of the null hypothesis for even fewer remaining cutsets (degrees of freedom) corresponds

toa ij statistic larger than 15.03, 12.74, and 10.33, for B =8, 7, and 6, respectively. If the analysis identifies five (or

more) outliers, we would have to reject all of the base cases as unrepresentative, and acquire a new set of ten cutsets
as base cases. However, in the present analysis, more than four outliers were not seen.

[0029] The disparate range and variability of these measures are difficult to interpret for noisy EEG, so a consistent
method of comparison is needed. To this end, the dissimilarity measures are renormalized, as described below. The B
non-outlier base case cutsets are compared to each test case cutset, to obtain the corresponding average dissimilarity
value, V, of the ith cutset for each dissimilarity measure. Here, V denotes each dissimilarity measure from the set,

vV = {L, Le, ZZ' and Zc2} . The mean value, V, and the standard deviation, o, of the dissimilarity

measure V are calculated using the remaining base case cutsets, after the outliers have been eliminated, as discussed
above. The renormalized dissimilarity is the number of standard deviations that the test case deviates from the base
case mean: U(V) =|V;- V|/c.

[0030] Once the renormalized measures for the test and base cases have been obtained, a threshold, U, is selected
for each renormalized measure Uto distinguish between normal (base) and possibly abnormal (test) regimes. The choice
of a reasonable threshold is critical for obtaining robust, accurate, and timely results. A forewarning indication is obtained
when a renormalized measure of dissimilarity exceeds the threshold, U= U, for a specified number, Ny, of sequential
occurrences within a preset forewarning window.

[0031] According to the presentinvention, and asiillustrated in Fig. 1, No-c sequential occurrences above the threshold
(U= Ug) are interpreted as a forewarning indication. Such forewarning indications are true positives, TP, if they occur
within a forewarning window 20. Other performance metrics include true negatives, TN, false positives, FP, and false
negatives, FN, also defined with respect to the same preset forewarning window, as shown in Fig. 1. The horizontal axis
represents time, t. The thick vertical line at Tz gyt denotes an event onset time. The thin vertical lines delimit the
forewarning-time window 20, during which T, < t< T, < Tgygnt- For illustration, "reasonable” forewarning windows are
setat T; = Tgygn7- 60 minand T, = Ty epn7- 1 min, for biomedical events. A typical forewarning window for machine
failure is on the order of either hours or days. The vertical axis corresponds to a renormalized measure of dissimilarity,
U, as discussed above. The horizontal dashed line (--) shows the threshold, U.. A forewarning time in one channel,
Tryy s that time when the number of simultaneous indications, Ng,,, among the four dissimilarity measures exceeds
some minimum value. The best elimination of FPs occurs for a value of Ng;, = 4. Analysis starts at t = 0, and proceeds
forward in time until the first forewarning occurs, as defined above. The algorithm then obtains the forewarning statistics
by an ordered sequence of logical tests for each channel:

[0032] FP =false positive = forewarning at any time, when no event occurs, or forewarning with Tg, < T4, or Tgy, >
T,, for an event at t= TgyenT

[0033] TP = true positive = forewarning with T; < T, < T, for an event at t = TgyenTs

[0034] TN = true negative = no forewarning, when no event occurs; and

[0035] FN = false negative = no forewarning for t < Tgy gyt With an event at t = Tyt

[0036] The i-th dataset is referred to as TP if at least one channel shows forewarning within the desired window, T,
< Tew < To. This indication is equivalent to TP; = 1 in the equations below. A TN dataset shows no forewarning in at
least one channel when no event occurs. This indication is equivalent to TN; = 1 in the equations below. The total true
rate, T=Z{TP;+ TN)/Z{TP;+ TN;+ FP;+ FN)), and the total false rate, F = X(FP;+ FN)/Z{TP;+ TN;+ FP;+ FN,), where
the sums run over all data sets. This approach allows selection of an appropriate channel for subsequent real-time
forewarning, consistent with the previous characterization of the data.
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[0037] Improvement in the channel-consistent total-true rate is carried out by maximizing an objective function that
measures the total true rate for any one channel, as well as channel consistency. For this analysis, 30 data sets were
used from 11 different patients with multiple data sets as follows: 7 patients with 2 data sets, one patient with 3 data
sets, 2 patients with 4 data sets, and one patient with 5 data sets. To quantify channel consistency, the following notation
and definitions are used:

i = dataset number;

J = channel number in which forewarning is determined (1 << 19);

k = patient number;

M(k) = number of data sets for the k-th patient;

P = number of patients with multiple data sets (eleven for the present analysis);

TNj; = 1 for a true negative indication in the j-th channel of the /-th dataset for the k-th patient, and = 0 for a false
negative indication in the j-th channel of the i-th dataset for the k-th patient;

TPjy = 1 for a true positive indication in the jth channel of the i-th dataset for the k-th patient, and = 0 for a false
positive indication in the j-th channel of the i-th dataset for the k-th patient.

[0038] The total-true rate for the j-th channel of the k-th patient is Tjk =z [TP,-jk + TN,-jk], by summing over the datasets,
=1 to M(k). The occurrence of more than one true positive and/or true negative in the j-th channel is indicated by T2
2, while T <1meansthatthe j-th channel provides no consistency with other data sets forthe same patient. Consequently,
the channel overlap is defined as:

Cxk = max (Ty), for T 2 2 and k fixed,

= 0, for Tjk < 1.

[0039] The channel-consistent total-true rate is the average, fr = [Z ¢ J/[Z, M(k)], where the index, k, sums over all
P patients, weighting each dataset equally. If the channel-consistent total-true rate had been defined as [X, max (Tjk)/
M(K)J/P, then patients with only one dataset would have been improperly weighted the same as patients with several
data sets). For selected values of the parameters (e.g., N, w, S, d), the renormalized measures of PS dissimilarity are
computed with these parameters for each dataset, and then exhaustively searched over Ny and U, to find the largest
frvalue.

[0040] Figs. 2a-2d illustrate a series of single parameter searches to maximize the channel-consistent total-true rate
for forewarning of epileptic seizures. The value of one parameter is systematically changed, while the others are fixed.
In this example, the first-round optimization uses the parameter pair, {S, d}, constrained by a computational limit on the
numeric labels for the CPS bins using modular arithmetic. This limit arises from the largest double-precision real number
252 that can be distinguished from one unit larger: S29 < 252, or d < INT(26 In2/InS). Two PS symbols (S = 2) limit the
search to 2 < d < 26; three PS symbols (S = 3) correspond to 2 < d £ 16; and so forth. Since equiprobable symbols
always yield larger values for f, the analysis in this example was performed using this symbolization.

[0041] Fig. 2ashows fras a noisy function of the number of equiprobable symbols, S, with the number of PS dimensions,
d = 2. The largest channel-consistent total-true rate is fr = 0.8667 at S = 20 and S = 26. Next, the largest value of f
was obtained over all of the possible equiprobable symbols for each value of PS dimension in the range, 2 < d < 26.
These results are displayed as the solid curve in Fig. 2b, showing that f; decreases non-monotonically from a maximum
at d = 2 to a minimum at d = 17-18, and then rises somewhat for still larger values of d. For completeness, Fig. 2b also
shows similar analysis only for an even number of uniform symbols (dash-dot curve), because the central bin for an odd
number of uniform symbols accumulates the vast majority of the PS points, thus degrading the results in every case.
Based on these results, further analysis for uniform symbols is unnecessary. Thus, we set d=2 and S= 20 (equiprobable
symbols) while varying the half-width of the artifact filter window, w, as shown in Fig. 2c. It is observed that fralso is a
noisy function of w with a maximum value of f; = 0.8833 at w = 54 and w = 98. The former value (w = 54) is selected
for the next parameter scan, because a slight trend for larger f; lies in that region. Figure 2d displays fr versus the
number of points in each cutset, N, in increments of 1000 with the other parameters fixed at S =20, d = 2, and w = 54.
This plot shows that f; rises non-monotonically with increasing cutset length to a noisy plateau for N > 21,000. The
largest value, f = 0.8833, occurs at N = 22,000; N = 54,000, and N = 61,000. All of the above analysis used a time
delay, A = INT [0.5 + M,/(d - 1)], which in general is different for every channel of each dataset, as discussed previously.
However, this parameter also is a variable. Consequently, the variation of f; was determined as a function of the time
delay, A, which was set to the same value for every channel of every dataset. A single peak occurs at f;= 0.9 for A =
17, with the other parameters fixed at S =20, d=2, w= 54, and N = 22 000.

[0042] The above results show that a substantial improvement in the rate of channel-consistent total trues (f; = 0.9)
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is obtained for sub-optimal choices of the analysis parameters. Moreover, the new set of analysis parameters yielded
credible event forewarning (29 total trues) for solitary data sets from each of 30 different patients. It is expected that a
robust choice of the parameters can be obtained by analysis of much more data, and subsequently fixed for an ambulatory
device. Alternatively, initial clinical monitoring might be used to determine the best patient-specific analysis parameters,
which would be fixed subsequently for ambulatory monitoring. This sequence of single parameter searches for maximizing
the objective function was necessary because the computational effort for an exhaustive search is excessive. However,
a small amount of experimental data or very narrow parameter ranges make an exhaustive parameter search feasible,
as one normally skilled in the art can appreciate.

[0043] The best choice of the parameter set for analyzing the dissimilarity measures for each channel, (e.g., N, w, S,
d, B, Nocc, and Ug), depends not only on the system, but also on the specific data under consideration. A "reasonable”
value for the number of base case cutsets, 5 < B < 10, was selected as a balance between a reasonably short quasi-
stationary period of "normal" dynamics and a sufficiently long period for statistical significance. This method of the present
invention involves: selecting the parameters to be included in a parameter set, such as {N, w, S, and d}, finding specific
values for the parameters that maximize the objective function for the respective channels, computing the renormalized
measures of PS dissimilarity for the specific data sets with the parameters set to their best values, and systematically
searching over the values of Ny-c and U, to find the best channel for forewarning indication.

[0044] Besides epileptic seizures, the above methods can be applied to detect condition change in patients having
cardiac or breathing difficulties.

[0045] The above methods can also be applied to electric motor predictive maintenance, other machinery, and physical
processes. In the second example, data sets were recorded in snapshots of 1.5 seconds, sampled at 40 kHz (60,000
total time-serial samples), including three-phase voltages and currents, plus tri-axial accelerations at inboard and out-
board locations on a three-phase electric motor. The subsequent description describes analysis of one seeded fault.
[0046] The test sequence began with the motor running in its nominal state (first dataset), followed by progressively
more severe broken rotor bars. The second dataset involved a simulated failure that was one rotor bar cross section
cut through by 50%. The third dataset was for the same rotor bar now cut through 100%. The fourth dataset was for a
second rotor bar cut 100%, exactly 180° from and in addition to the first rotor fault. The fifth dataset was for two additional
rotor bars cut adjacent to the first rotor bar, with one bar cut on each side of the original, yielding four bars completely
open. These five datasets were concatenated into a single long dataset for ease of analysis. The three-phase voltages,
V,, and currents, |;, were converted into instantaneous power, P =Z; I,V;, where the sum runs over the three phases. We
split each of the five datasets into five subsets of 12,000 points each, giving twenty-five (25) total subsets. The power
has a slow, low-amplitude variation with a period of roughly 0.1s. To avoid confounding the analysis, this artifact was
removed with the zero-phase quadratic filter.

[0047] The PS reconstruction parameters were systematically varied, as before, to obtain the most linear increase in
the logarithm of condition change, in a least-squares sense, for the broken-rotor test sequence. Fig. 3 shows that the
phase-space dissimilarity measures rise by ten-fold over the test sequence. The parameters are: S=88 (number of
equiprobable phase-space symbols), d=4 (number of phase-space dimensions), A=31 (time delay lag in time steps),
and w=550 (half width of the artifact filter window in time steps). The exponential rise in the severity of the broken-rotor
faults (doubling from 0.5 to 1.0 to 2.0 to 4.0) is mirrored in Figs. 3a-3d by a linear rise (solid line) in the logarithm of all
four dissimilarity measures (*) for the chosen set of analysis parameters.

[0048] The present invention not only responds to the problem of false positives and false negatives in forewarning
of events from biomedical data, but also is also applicable to forewarning of machine failures and even failures in other
physical processes capable of being measured through sensors and transducers.

[0049] A third example involves tri-axial acceleration data from a motor connected to a mechanical load via a gearbox.
Application of excess load causes accelerated failure of the gears. The data were obtained at ten-minute intervals through
the test sequence, sampled at 102.4 kHz. The total amount of data was 4.5 GB (three accelerometer channels, times
401 snapshots for a total of 1203 files). The 100,000 data points were serially concatenated from each of the data files
into a single three-channel dataset for ease of analysis (1.6 GB). Each 100,000-point snapshot was divided into ten
10,000-point subsets for this analysis; the results were then averaged over these ten cutsets to obtain a typical value
for the entire snapshot. The accelerometer data shows quasi-periodic, complex, nonlinear features.

[0050] The use of tri-axial acceleration has an important advantage, which can be explained as follows. Acceleration
is a three-dimensional vector that can be integrated once in time to give velocity (vector). Mass times acceleration (vector)
is force (vector). The vector dot-product of force and velocity is power (scalar). Thus, three-dimensional acceleration
data can be converted directly into a scalar power (within a proportionality constant), which captures the relevant dynamics
and has more information about the process than any single accelerometer channel. The resulting accelerometer power
also has very complex, nonlinear features.

[0051] Fig. 4 shows a systematic rise in a composite PS dissimilarity of accelerometer power as the test progresses,
with an additional abrupt rise at the onset of failure, which occurs at dataset#394. This result was obtained by constructing
a composite measure, C;, of condition change, namely the sum of the four renormalized measures of dissimilarity in
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accelerometer power for each of the datasets in the test sequence. The following method was used to obtain this result:

1) Construct a composite measure, C; = U(x2) + U(yc2) + U(L) + U(L), for the i-th dataset;

2) Fit C, to a straight line, y;= ai + b via least-squares over a window of m datasets (datasets #194-393 in this case),
also shown in Fig. 4;

3) Obtain the variance, 642 = X; (y;- C)2/(m-1), of C; about the straight-line fit from step 2;

4) Determine the statistic, x2 = %; (y;- C;)?/042, from this straight-line fit for datasets #394-400;

5) Maximize the value of 2 from step 4 over the parameters (d, S, A).

[0052] The variance, 642, in step 3 measures the variability of C; about the straight-line fit over the window of m datasets
(#194-393).

[0053] The statistic, 2, in step 4 measures the variability of datasets #394-400 from the straight-line fit. The value
from step 4 is %2 = 180.42, which is inconsistent with a normal distribution for n=7 degrees of freedom (corresponding
to the seven datasets in the computation of the 2 statistic in step 4), and is a strong indication of the failure onset.
Indeed, Fig. 5 shows a clear statistical indication of failure onset. The bottom plot (labeled "normal distribution") in Fig.
5 depicts the maximum value of the y2 statistic for n sequential values out of 200 samples from a Gaussian (normal)
distribution with zero mean and a unity sample standard deviation. The middle curve in Fig. 5 is the maximum value of
the 2 statistic, using step 4 above, for n sequential values of the composite measure, C,, over the window of m=200
datasets that span the straight-line fit (datasets #194-393). The upper curve in Fig. 5 is the 2 statistic, also using step
4 above, for n sequential values from datasets #394-400. This upper curve (labeled "failure onset") deviates markedly
from the lower curves after two datasets (#394-395), with overwhelming indication for three and more datasets. Thus,
the composite PS dissimilarity measure provides an objective function that shows consistent indication of condition
change, as well as clear indication of the failure onset.

[0054] The fourth and final example used the same overloaded gearbox test bed, as in the third example. A separate
test sequence acquired load torque that was sampled at 1 kHz. Each ten-second dataset had 10,000 data points, all of
which were concatenated serially into a single data file for ease of analysis. These data are quasi-periodic with complex,
nonlinear features. The analysis parameters were varied, as described above, to obtain phase-space dissimilarity meas-
ures that remain below a threshold for datasets #1-29. All four dissimilarity measures subsequently rise, beginning at
dataset #30, and remain above threshold (U > U, = 0.894) for the remainder of the test sequence until final failure at
dataset#44. These results illustrate that the phase-space dissimilarity measures can provide forewarning of an impending
machine failure, not unlike the first example for forewarning of an epileptic event from EEG data.

[0055] This has been a description of detailed examples of the invention. These examples illustrate the technical
improvements, as taught in the present invention: use of equiprobable symbols, quantitification of channel-consistent
total-true rate of forewarning, various objective functions for event forewarning, different search strategies to maximize
these objective functions, and forewarning of various biomedical events and failures in machines and physical processes.
Typical biomedical events and data include, but are not limited to, epileptic seizures from EEG, cardiac fibrillation from
EKG, and breathing difficulty from lung sounds. Typical machines include, but are not limited to, motors, pumps, turbines,
and metal cutting. Typical time-serial machine data include, but are not limited to, electrical current, voltage, and power;
position, velocity, and acceleration; and temperature and pressure.

Claims

1. A computer-based method for processing data provided by a physical device to provide a forewarning of a critical
event, comprising:

acquiring a plurality of sets of data with a plurality of channels of data;

computing a renormalized measure of dissimilarity zcz and L for distribution functions Q for a base case and

R for a test case derived from a connected phase space c¢ for each respective channel of data, with

2 _ _ 2
X = Z(Qu le) /(Qu + Rij) and L¢ = ZIQI, —Rij r whereinidenotes an initial Phase-space
point and j denotes a sequel Phase-space point, and the renormalized dissimilarity is the number of standard
deviations that the test case deviates from a base case mean;

comparing said renormalized measure of dissimilarity to a threshold (U¢) for a number of occurrences (Ngcc)
to indicate a condition change in said renormalized measure of dissimilarity;
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detecting a simultaneous condition change in a plurality (Ng;,) of renormalized measures of dissimilarity to
determine a forewarning of the critical event;

characterized by the steps

determining true positive, true negative, false positive and false negative indications of condition change forewarning
of the critical event for each channel of data in the plurality of sets of data;

calculating a total true rate for forewarning indications for each channel of data, wherein the total true rate is calculated

as Z(TP, +7W,.)/Z(TP, +IN, + FP, + FN,), where TP are true positives, TN are true negatives,
i i
FP are false positives and FN are false negative forewarning indications and wherein "i" is the data set number; and
comparing the total true rates for respective channels to determine at least one channel with the greatest channel-
consistent total-true rate in said at least one channel.

The method of claim 1, wherein the physical device is an EEG or EKG.
The method of claim 1, wherein the physical device is a mechanical device or physical process.
The method of claim 1, further comprising:

testing a plurality of parameters for each channel to determine optimum values for the parameters corresponding
to a highest channel-consistent total-true rate for a respective channel; and
setting the plurality of parameters to the optimum values for processing data from other channels of data.

The method of claim 1, wherein the connected phase space is constructed by computing equiprobable symbols for
the data in the data sets.

The method of claim 1, further comprising determining a sequence of renormalized phase space dissimilarity meas-
ures from data sets collected during increasingly severe fault conditions; summing said renormalized measures into
a composite measure, C;, for the i-th data set; performing a least-squares analysis over a window of m points of the
said composite measure to obtain a straight line, y=ai+b, that best fits said composite data in a least-squares sense;
determining the variance, 642 = %; (y; - C)%/(m-1), of said composite measure with respect to the straight line fit;
obtaining the variance of a sequel window of n sequential points via the statistic, x2 = %; (y; - C))?/c42; comparing
said value of %2 to the maximal value of the same statistic, x2(C)) for a window of n sequential points from said C;
values; and determining the onset of a critical event, such as a machine failure, when %2 is significantly more than

x2(C)).
The method of claim 1, further comprising:

selecting a set of parameter values (N, w, S, and d) for computing the measures of dissimilarity for distribution
functions in connected phase space for the data sets to be processed; and

searching over the values of the forewarning threshold (U,) and a corresponding number of occurrences (N,,,)
for each channel to find the best channel for forewarning indication.

The method of claim 7, wherein the connected phase space is constructed by computing equiprobable symbols for
the data in the data sets.

The method of claim 1, wherein

a plurality of renormalized measures of dissimilarity are computed for distribution functions derived from a connected
phase space for each respective channel of data; and

wherein said plurality of renormalized measures of dissimilarity are compared to respective thresholds to indicate
respective condition change forewarning of the critical event.

The method of claim 9, wherein

a second plurality of renormalized measures of dissimilarity are also computed for distribution functions derived
from an unconnected phase space for each respective channel of data; and

wherein said second plurality of renormalized measures of dissimilarity are compared to respective thresholds to
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indicate respective condition change forewarning of the critical event.

The method of claim 1, wherein

a plurality of renormalized measures of dissimilarity are computed for distribution functions derived from a connected
phase space for each respective channel of data;

wherein said renormalized measures of dissimilarity are summed to provide a composite measure of dissimilarity; and
wherein said composite measure of dissimilarity is compared to a threshold to indicate a respective condition change
forewarning of the critical event.

12. The method of claim 11, further comprising:

computing a chi-squared statistic, x2= Z; (y;- C))?/c42, for the composite dissimilarity measure;

testing a plurality of parameters for each channel to determine optimum values for the parameters corresponding
to a largest value of y2 for a respective channel; and setting the plurality of parameters to the optimum values
for processing data from other channels of data.

Patentanspriiche

1.

4.

Computergestiitztes Verfahren zur Verarbeitung von Daten, die von einer physikalischen Vorrichtung bereitgestellt
sind, zur Bereitstellung einer Vorwarnung eines kritischen Ereignisses, umfassend:

Erfassen einer Mehrzahl von Datensatzen mit einer Mehrzahl von Datenkanalen;

Berechnen eines renormalisierten Dissimilaritatsmales ZZ und L, fur Verteilungsfunktionen Q fiir einen Ba-

sisfall und R fiir einen Testfall, abgeleitet von einem Anschlussphasenraum c fiir jeden entsprechenden Da-

tenkanal, wobei Xe = Z(Qij - R,-,-)z NQ; + R;) und L = Z'Qu = Rj;| sind, worin i einen Anfangs-
ij i
phasenraumpunkt bezeichnet und j einen Folgephasenraumpunkt bezeichnet, und die renormalisierte Dissimi-
laritat die Zahl von Standardabweichungen ist, um die der Testfall von einem Basisfallmittel abweicht;
Vergleichen des renormalisierten Dissimilaritdtsmafes mit einem Schwellenwert (U,) fiir eine Zahl von Vorféllen
(Nocc) zur Anzeige einer Zustandsénderung im renormalisierten DissimilaritatsmalR;

Erfassen einer gleichzeitigen Zustandsénderung in einer Mehrzahl (Ng;4) von renormalisierten Dissimilaritéts-
mafien zum Bestimmen einer Vorwarnung des kritischen Ereignisses;

gekennzeichnet durch die Schritte

Bestimmen richtig positiver, richtig negativer, falsch positiver und falsch negativer Anzeigen von Zustandsande-
rungsvorwarnungen des kritischen Ereignisses fiir jeden Datenkanal in der Mehrzahl von Datensétzen;
Berechnen einer Gesamtrichtigrate fiir Vorwarnanzeigen fir jeden Datenkanal, worin die Gesamtrichtigrate als

Z(TP, + TNI)/Z(TP,' +TN, + FP,+ FN,), perechnet wird, wo TP richtig positive, TN richtig negative,

FP falsch positive und FN falsch negative Vorwarnanzeigen sind und worin "i" die Datensatznummer ist; und
Vergleichen der Gesamtrichtigraten firr jeweilige Kanale, zum Bestimmen mindestens eines Kanals mit der héchsten
kanalkonsistenten Gesamtrichtigrate in dem mindestens einen Kanal.

Verfahren nach Anspruch 1, worin die physikalische Vorrichtung ein EEG oder EKG ist.

Verfahren nach Anspruch 1, worin die physikalische Vorrichtung eine mechanische Vorrichtung oder ein physika-
lischer Prozess ist.

Verfahren nach Anspruch 1, ferner umfassend:
Prifen einer Mehrzahl von Parametern fur jeden Kanal zum Bestimmen optimaler Werte fir die Parameter, die

einer hochsten kanalkonsistenten Gesamtrichtigrate fiir einen jeweiligen Kanal entsprechen; und
Einstellen der Mehrzahl von Parametern auf die Optimalwerte zur Verarbeitung von Daten von anderen Daten-
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kanalen.

Verfahren nach Anspruch 1, worin der Anschlussphasenraum durch Berechnen gleichwahrscheinlicher Symbole
fur die Daten in den Datenséatzen konstruiert wird.

Verfahren nach Anspruch 1, ferner umfassend:

Bestimmen einer Sequenz von renormalisierten Phasenraumdissimilaritdtsmalen aus Datensatzen, die bei
zunehmend schwereren Stérungszustanden aufgenommen sind; Summieren der renormalisierten Malf3e in ein
KompositmaR, C;, fir den i-ten Datensatz, Durchfiihren eine Analyse der kleinsten Quadrate Uber ein Fenster
von m Punkten des Kompositmalies, so dass eine Gerade erhalten wird, y,=ai+b, die die Kompositdaten am
besten im Sinne kleinster Quadrate annahert; Bestimmen der Varianz, 642 = X (y; - C;)2/(m-1), des Komposit-
malfies in Bezug auf die Geradenannaherung; Ermitteln der Varianz eines folgenden Fensters von n sequen-
tiellen Punkten Uber die Statistik, 2 = X; (y; - C;)%c42; Vergleichen des Werts von %2 mit dem Maximalwert der
selben Statistik, x2(C;) fur ein Fenster von n sequentiellen Punkten aus den C; Werten; und Bestimmen des
Einsetzens eines kritischen Ereignisses, wie ein Maschinenausfall, wenn y2 signifikant héher ist als x2(C;).

Verfahren nach Anspruch 1, ferner umfassend:

Auswahlen eines Satzes Parameterwerte (N, w, S und d) zum Berechnen von DissimilaritdtsmafRen fir Vertei-
lungsfunktionen im Anschlussphasenraum fiir die zu verarbeitenden Datenséatze; und

Durchsuchen der Werte der Vorwarnschwelle (U.) und einer entsprechenden Zahl von Vorfallen (Ngc¢) flr
jeden Kanal, um den besten Kanal zur Vorwarnanzeige zu finden.

Verfahren nach Anspruch 7, worin der Anschlussphasenraum durch Berechnen gleichwahrscheinlicher Symbole
fur die Daten in den Datenséatzen konstruiert wird.

Verfahren nach Anspruch 1, worin

eine Mehrzahl von renormalisierten Dissimilaritdtsmafen fir Verteilungsfunktionen berechnet wird, die von einem
Anschlussphasenraum flr jeden entsprechenden Datenkanal abgeleitet sind; und

worin die Mehrzahl von renormalisierten Dissimilaritadtsmafien mit jeweiligen Schwellenwerten verglichen wird, so
dass entsprechende Zustandsanderungsvorwarnung des kritischen Ereignisses angezeigt wird.

Verfahren nach Anspruch 9, worin

eine zweite Mehrzahl von renormalisierten Dissimilaritdtsmalen fur Verteilungsfunktionen ebenso berechnet wird,
die von einem getrennten Phasenraum fiir jeden jeweiligen Datenkanal abgeleitet sind; und

worin die zweite Mehrzahl von renormalisierten Dissimilaritdtsmaflen mit jeweiligen Schwellenwerten verglichen
wird, so dass entsprechende Zustandsanderungsvorwarnung des kritischen Ereignisses angezeigt wird.

Verfahren nach Anspruch 1, worin

eine Mehrzahl von renormalisierten Dissimilaritdtsmalen fur Verteilungsfunktionen berechnet wird, die von einem
Anschlussphasenraum fir jeden entsprechenden Datenkanal abgeleitet sind;

worin die renormalisierten Dissimilaritdtsmalle summiert werden, um ein Kompositmaf der Dissimilaritat zu erhalten;
und

worin das KompositmaR der Dissimilaritat mit einem Schwellenwert verglichen wird, um eine entsprechende Zu-
standsanderungsvorwarnung des kritischen Ereignisses anzuzeigen.

Verfahren nach Anspruch 11, ferner umfassend:

Berechnen einer Chi-Quadrat-Statistik, 2 = Z; (y; - C))%/c42, fur das Kompositdissimilaritatsmaf;

Prifen einer Mehrzahl von Parametern fir jeden Kanal zum Bestimmen optimaler Werte flr die Parameter, die
einem hdchsten Wert von 2 fiir einen jeweiligen Kanal entsprechen; und

Einstellen der Mehrzahl von Parametern auf die Optimalwerte zur Verarbeitung von Daten von anderen Daten-
kanalen.
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1. Procédé informatique pour traiter des données fournies par un dispositif physique afin de fournir un avertissement
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d’un événement critique, comprenant :

'acquisition d’une pluralité d’ensembles de données avec une pluralité de canaux de données ;

le calcul d’'une mesure renormalisée de dissimilarité ¥, et L, pour les fonctions de distribution Q pour un cas

de base et R pour un cas de test, dérivées d’'un espace de phase connecté ¢ pour chaque canal respectif de

2 2

données, avec Xe =Z(Q'J —R"/') /(Q‘J +R"J') et Le = Z'Qt/ _Rij
¥ i

initial dans I'espace de phase et j désignant un point suivant dans I'espace de phase, et la dissimilarité renor-
malisée est le nombre d’écarts-types par lesquels le cas de test dévie d’'une moyenne de cas de base ;
la comparaison de ladite mesure renormalisée de dissimilarité & un seuil (U;) pour un nombre d’'occurrences
(Noce) pour indiquer un changement de condition de ladite mesure renormalisée de dissimilarité ;
la détection d’'un changement de condition simultané dans une pluralité (Ng,,) de mesures renormalisées de
dissimilarité afin de déterminer un avertissement de I'événement critique ;

¢ jdésignant un point

caractérisé par les étapes de

détermination d’indications positives vraies, négatives vraies, positives fausses, négatives fausses d’avertissement
de changement de condition de I'événement critique pour chaque canal de données dans la pluralité d’ensembles
de données ; calcul d’un taux total vrai d’indications d’avertissement pour chaque canal de données, dans lequel

le taux total vrai est calculé sous la forme Z(TPx + TN:)/Z(TP.' +]Ni +FPi + FN:)’ ou TP sont des

indications d’avertissement positives vraies, TN sont des indications d’avertissement négatives vraies, FP sont des
indications d’avertissement positives fausses et FN sont des indications d’avertissement négatives fausses et ou
"i" est le numéro de I'ensemble de données ; et

comparaison des taux totaux vrais de canaux respectifs afin de déterminer au moins un canal ayant le plus grand
taux total vrai cohérent avec le canal dans ledit au moins un canal.

Procédé selon la revendication 1, dans lequel le dispositif physique est électro-encéphalogramme ou électrocar-
diogramme.

Procédé selon la revendication 1, dans lequel le dispositif physique est un dispositif mécanique ou un procédé
physique.

Procédé selon la revendication 1, comprenant en outre :

le test d’'une pluralité de parametres pour chaque canal, afin de déterminer des valeurs optimales pour les
parameétres, correspondant au plus haut taux total vrai cohérent avec le canal pour un canal respectif ; et

le réglage de la pluralité de parameétres sur les valeurs optimales pour le traitement des données provenant
d’autres canaux de données.

Procédé selon la revendication 1, dans lequel I'espace de phase connecté est construit en calculant des symboles
équiprobables des données dans les ensembles de données.

Procédé selon la revendication 1, comprenant en outre la détermination d’'une séquence de mesures de dissimilarité
d’espace de phase renormalisées a partir d’'ensembles de données collectés durant des conditions de pannes de
plus en plus séveres ; la sommation desdites mesures renormalisées en une mesure composite, C;, pur I'#me
ensemble de données ; I'exécution d’'une analyse par les moindres carrés sur une fenétre de m points de ladite
mesure composite afin d’obtenir une ligne droite, y=ai+b, qui s’ajuste le mieux auxdites données composites au
sens des moindres carrés ; la détermination de la variance, 642 = %; (y; - C)%/(m-1), de ladite mesure composite
relativement a I'ajustement de la ligne droite ; I'obtention de la variance d’une fenétre suivante de n points séquentiels
par lintermédiaire de la statistique, x2 = %; (y; - C;) 2/ 642 ; la comparaison de ladite valeur de %2 a la valeur maximale
delaméme statistique, x2(C)) pour une fenétre de n points séquentiels & partir desdites valeurs C; ; etla détermination
du début d’un événement critique, tel qu’une défaillance machine de, quand 2 est considérablement supérieur a
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x%(C).
Procédé selon la revendication 1, comprenant en outre :

la sélection d’'un jeu de valeurs paramétriques (N, w, S et d) pour calculer les mesures de dissimilarité de
fonctions de distribution dans un espace de phase connecté des ensembles de données a traiter ; et

la recherche parmi les valeurs du seuil d’avertissement (U,,) et d’un nombre correspondant d’occurrences (N,.)
de chaque canal afin de trouver le meilleur canal pour I'indication d’avertissement.

Procédé selon la revendication 7, dans lequel I'espace de phase connecté est construit en calculant des symboles
équiprobables des données dans les ensembles de données.

Procédé selon la revendication 1, dans lequel

une pluralité de mesures renormalisées de dissimilarité est calculée pour des fonctions de distribution dérivées d'un
espace de phase connecté pour chaque canal respectif de données ; et

dans lequel ladite pluralité de mesures renormalisées de dissimilarité est comparée a des seuils respectifs pour
indiquer un avertissement de changement de condition respectif de I'événement critique.

Procédé selon la revendication 9, dans lequel

une deuxiéme pluralité de mesures renormalisées de dissimilarité est aussi calculée pour des fonctions de distribution
dérivées d’'un espace de phase non connecté pour chaque canal respectif de données ; et

dans lequel ladite deuxieme pluralité de mesures renormalisées de dissimilarité est comparée a des seuils respectifs
pour indiquer un avertissement de changement de condition respectif de I'événement critique.

Procédé selon la revendication 1, dans lequel

une pluralité de mesures renormalisées de dissimilarité est calculée pour des fonctions de distribution dérivées d'un
espace de phase connecté pour chaque canal respectif de données ; et

dans lequel lesdites mesures renormalisées de dissimilarité sont additionnées pour fournir une mesure composite
de dissimilarité ; et

dans lequel ladite mesure composite de dissimilarité est comparée a un seuil pour indiquer un avertissement de
changement de condition respectif de I'événement critique.

Procédé selon la revendication 11, comprenant en outre :

le calcul d’'une statistique du khi deux, x2 = Z; (y; - C)2/ 642, de la mesure de dissimilarité composite ;

le test d’'une pluralité de paramétres pour chaque canal afin de déterminer des valeurs optimum des paramétres
correspondant a la plus grande valeur de x2 pour un canal respectif ; et l'intialisation de la pluralité de paramétres
sur les valeurs optimum pour le traitement de données provenant d’autres canaux de données.
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