a2 United States Patent

Lakshminarayan et al.,

US009078629B2

(10) Patent No.: US 9,078,629 B2
45) Date of Patent: Jul, 14, 2015

(54) DETECTING REGIME CHANGE IN
STREAMING DATA

(75)

(73)

1)
22)

(65)

(1)

(52)

(58)

Inventors: Choudur K. Lakshminarayan, Austin,
TX (US); Evan Kriminger, Gainesville,
FL (US); Jose C. Principe, Gainesville,

FL (US)

Assignee: Hewlett-Packard Development

Company, L.P., Houston, TX (US)

Notice:  Subject to any disclaimer, the term of this
patent is extended or adjusted under 35

U.S.C. 154(b) by 369 days.

Appl. No.: 13/235,556

Filed: Sep. 19, 2011

Prior Publication Data

US 2013/0069786 Al Mar. 21, 2013

Int. CL.

A61B 5/00 (2006.01)

GO6K 9/00 (2006.01)

A6IB 5/0452 (2006.01)

US. Cl

CPC ... A61B 5/7282 (2013.01); GO6K 9/00496

(2013.01); A61B 5/0452 (2013.01)

Field of Classification Search

CPC .cvirien G06Q 10/06; GOGF 17/18; GO6F

11/07-11/20; GOGF 11/3409; GO1F 25/0007;

GO1F 1/74; AO1G 25/16

USPC ..o 340/603, 606, 3.42, 3.43,3.44, 679;

702/179-186, 44-55; 700/281-285;

116/112, 264;73/1.16, 152.18, 152.29,

73/863.02
See application file for complete search history.

(56) References Cited
U.S. PATENT DOCUMENTS

2008/0033693 Al* 22008 Andennaetal. ... 702/179
2008/0082297 Al* 42008 Lundebergetal. ........ 702/183

2009/0300417 Al* 122009 Bonissone etal. ... 714/26
2011/0173482 Al* 72011 Pentonetal. ............... 714/2
OTHER PUBLICATIONS

V. Chandola, et. al., Anomaly Detection: A survey, ACM Computing
Surveys, vol. 41, Issue 3, Jul. 2009, NY USA.*

S. J. Nowlan, et al., Evaluation of Adaptive Mixtures of Competing
Experts, Proceedings of NIPS, 1990, pp. 774-780.

M. L. Jordan et al., Hierarchical Mistures of Experts and the EM
Algorithm, AI Memo No. 1440, C.B.C.L. Memo No. 83, Aug. 6,
1993, MIT.

R. A Jacobs et al., Adaptive Mixtures of Local Experts (1991), Neural
Computations, 3,9-87 (1991). MIT.

Y. H. Hu, et al., A Patient-Adaptive ECG Beat Classifier Using a
Mixture of Experts Approach, IEEE Transactions on Biomedical
Engineering, V. 44, No. 9, Sep. 1997, pp. 891-900.

C. Fancourt, Modeling segmentation and classification of nonlinear
nonstationary time series, Nonlinear Dynamical Systems:
Feedforward Neural Network Perspectives, c. 4, 2001.

E. Kriminger, et al. Modified Embedding for Multi-Regime Detec-
tion in Nonstationary Streaming Data, ICASSP, pp., May 2011.

(Continued)

Primary Examiner — Brian Zimmerman
Assistant Examiner — Laura Nguyen
(74) Attorney, Agent, or Firm — Trop, Pruner & Hu, P.C.

(57) ABSTRACT

Regime change in streaming data is detected. The streaming
data is sent to a plurality of modules. Each module in the
plurality of modules produces an association measure. The
association measure is a measure of similarity between the
streaming data and regime data associated with the module
producing the association measure. A regime change in the
streaming data is detected based on values of the association
measures from the plurality of modules.
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1
DETECTING REGIME CHANGE IN
STREAMING DATA

BACKGROUND

Streaming data can be used to represent a wide variety of
phenomena such as the price of a company stock over time, a
rate of fluid flow through a pipe or a physical process within
ahuman body. Streaming data may exhibit distinct patterns of
behavior that may be detected, for example, by analyzing
dynamical or statistical properties of the data. Streaming data
with similar patterns of behavior may be categorized as being
within a single regime.

The ability to categorize streaming data into regimes and to
detect a change in the regime of streaming data can provide
useful information, such as signaling an anomaly or abnor-
mality in underlying phenomena represented by the stream-
ing data. For example, a regime change in streaming data
derived from stock price may provide a buy or a sell signal in
a technical analysis system. A regime change in streaming
data derived from rate of fluid flow through a pipe may indi-
cate a significant event in a well that is the source of the fluid.
A regime change in streaming data derived from an electro-
cardiogram may signal a significant cardiac event.

BRIEF DESCRIPTION OF DRAWINGS

FIG. 1is a simplified block diagram of a system that detects
aregime change in streaming data derived from fluid flow in
accordance with an implementation.

FIG. 2 isa simplified block diagram of a system that detects
a regime change in streaming data derived an electrocardio-
gram machine in accordance with an implementation.

FIG. 3 shows a form of a typical electrocardiogram signal
in accordance with the prior art.

FIG. 4 is a simplified flowchart that summarizes operation
of a module in accordance with an implementation.

DETAILED DESCRIPTION

Regime change in streaming data is detected. What is
meant by streaming data is a sequence of coherent signals that
represent information. The streaming data may exhibit par-
ticular patterns of behavior. Patterns of behavior in the
streaming data that are, for example, distinguished by similar
dynamical and statistical properties can be construed as
regimes. Transitions from one regime to another may indicate
process anomalies and abnormalities in a process represented
by the information.

In order to detect regime change, the streaming data is sent
to a plurality of modules that are programs executable on a
processor. Each module in the plurality of modules produces
anassociation measure. The association measure is a measure
of similarity between the streaming data and particular
regime data associated with the module producing the asso-
ciation measure. The particular regime data, for example,
consists of a selection of data that exhibits particular patterns
of behavior distinguished by dynamical and statistical prop-
erties that are characteristic of a particular regime.

A regime change in the streaming data is detected based on
values of the association measures from the plurality of mod-
ules. For example, the values of the association measures can
be monitored to determine to which particular regime data the
streaming data is most similar. When changes in the values of
the association measures indicate there is a change in the
identity of the particular regime data to which the streaming
data is most similar, this indicates a regime change in the
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streaming data. For example, the association measures can be
normalized to facilitate comparisons between association
measures.

FIG.1isasimplified block diagram of a system that detects
a regime change in streaming data derived from fluid flow.
Arrow 10 represents fluid flow through a pipe 11. A flow
detector 12 monitors fluid flow 10 and produces streaming
data on line 13 that represents characteristics of fluid flow 10.
For example the streaming data may be in the form of an
analog signal ora digital signal. In parallel, the streaming data
is received by a plurality of modules. The plurality of modules
is represented in FIG. 1 by an expert module 14, an expert
module 15 and an expert module 16. While FIG. 1 shows
three modules, this is only exemplary as the number of mod-
ules may be as low as two and as high as the number of
regimes to be detected.

Each module has associated with it regime data. The
regime data associated with a module defines the character-
istics of the regime for the module. Each module compares its
regime data with the streaming data. Based on the compari-
son, the module generates an association measure. The asso-
ciation measure indicates how closely characteristics of the
streaming data match characteristics of the regime data asso-
ciated with the module.

A regime change detector 20 receives an association mea-
sure from each of the modules. This is illustrated in FIG. 1 by
regime change detector 20 receiving an association measure
from expert module 14 over line a 17. Regime change detec-
tor 20 receives an association measure from expert module 15
over a line 18. Regime change detector 20 receives an asso-
ciation measure from expert module 16 over a line 19.

As the modules receive the streaming data, regime change
detector 20 monitors the association measures generated by
the modules. Change detector 20 determines from the asso-
ciation measures which regime currently best fits the charac-
teristics of the streaming data. For example, if a high value for
an association measure indicates close correlation to regime
data, then regime change detector 20 categorizes the stream-
ing data as being in the regime associated with the module
that produces the highest association measure. If a low value
for an association measure indicates close correlation to
regime data, then regime change detector 20 categorizes the
streaming data as being in the regime associated with the
module that produces the lowest association measure.

When the association measures indicate there is a change
in which regime currently best fits the characteristics of the
streaming data, regime change detector 20 detects there has
been a regime change. Regime change detector 20 signals a
monitoring and warning system 9 that a regime change has
occurred. Based on the new regime, monitoring and warning
system 9 takes an appropriate predetermined action.

Each module can calculate its association measure in a
manner different than other modules calculate their associa-
tion measures. For example, a feature is extracted from the
regime data and compared to a looked for equivalent feature
in the streaming data. For example, the feature may be par-
ticularly shaped oscillation peaks. Different modules may use
different features to calculate their association measures.

Also, different modules may use different methodologies
to calculate association measures. One module may calculate
its association measure using Hamming distance. Another
module may calculate its association measure based on
Euclidean distance. Another module may utilize a likelihood
ratio to calculate its association measure between the stream-
ing data and regime data associated with the module. And so
on.
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When different modules use different methodologies to
calculate association measures, it may be necessary to nor-
malize the calculated association measures so that the asso-
ciation measure from each module can be accurately com-
pared with each other.

For example, a normalized association value Z, can be
calculated from a non-normalized association value a, for i=1,
2,....k, for each modulei where k is the number of regimes.
For example, such a calculation can use the mean p, and the
standard deviation o, from a sampling distribution of non-
normalized association values generated by each module i, as
set out in the following equation (1):

Equation (1)

The regime data associated with expert modules 14, 15 and
16 can be obtained, for example, by monitoring data flow 10
under various conditions to produce training data. The train-
ing data can then be analyzed to determine if there are par-
ticular patterns or characteristics that it is desirable to catego-
rize as a regime. Training data sections in which the
characteristics of a particular regime occur can be used as
regime data for modules. The regime data can be an interval of
the actual training data, or regime data can be training data
that is modified as desired to better describe characteristics of
a regime to be looked for. The regime data can also be con-
structed in some other way.

For example, suppose that fluid flow 10 is from an undersea
well and that flow detector 12 makes measurements at 30
second intervals at the surface of the sea. Suppose sample data
from fluid flow reveal three distinct patterns. In a first pattern,
the sample data is characterized by high amplitude oscillation
(HAO) and consists of triangular-shaped oscillations. A sec-
ond data pattern is characterized by low amplitude oscillation
(LAO) that consists of noisy oscillations at the same fre-
quency superimposed on a stochastic time series. A third data
pattern is a nondescript stochastic time series with no oscil-
lation (NO).

To detect transitions between these regimes, each of expert
module 14, expert module 15 and expert module 16 is pro-
vided with regime data from one of these distinct data pat-
terns.

For example, regime data associated with expert module 14
is characterized by high amplitude oscillation (HAO) and
consists of triangular-shaped oscillations with a period of
approximately 30 samples. Regime data associated with
expert module 15 is characterized by low amplitude oscilla-
tion (LAQ) that consists of noisy oscillations at the same
frequency superimposed on a stochastic time series. Regime
data associated with expert module 16 is simply a nondescript
stochastic time series with no oscillation (NO).

If new patterns appear in data from fluid flow 10, additional
modules can be added that include regime data that is repre-
sentative of the new patterns.

Within each module, some methodology is used to produce
an association measure between the streaming data and the
regime data. For example, expert module 14 may use adaptive
filtering to generate an association measure between its
regime data and the streaming data. However, if the period
and shape of the triangular-shaped oscillations in the regime
data change by small amounts unpredictably, a dynamical
systems approach may be suited to calculate association mea-
sures. See Kriminger, Evan, et al., Modified embedding for
multi-regime detection in nonstationary streaming data,
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ICASSP, 2011 IEEE international Conference, May 2011, pp.
2256-2259 for more information on how to use a dynamical
systems approach to calculate an association measure.

Since stochastic time series are characterized by noisy and
random processes, expert module 16 might use a linear adap-
tive filter to generate an associative measure. Since regime
data associated with expert module 15 exhibits noisy oscilla-
tions that consist of both deterministic and random elements,
expert module 15 might use a spectral feature to generate an
association measure between its regime and streaming data.
For example, a time-frequency method, such as a short-time
Fourier transform (STFT), could be applied to the streaming
data to extract a power spectrum value at the frequency of
interest (the oscillation frequency) to be used as the spectral
feature.

The system that detects a regime change in streaming data
derived from fluid flow shown in F1G. 1 is just one example of
how modules can be used to detect regime change in a data
stream. There are many other applications for detection of
regime change in a data stream.

For example, FIG. 2 is a simplified block diagram of a
system that detects a regime change in streaming data derived
from an electrocardiogram (ECG). An ECG machine 22 uti-
lizes a junction box 21 to gather electrical impulse informa-
tion from a patient 31. ECG machine 22 produces streaming
data on line 23 that represents results of the electrocardio-
gram. For example the streaming data may be in the form of
an analog signal or a digital signal. In parallel, the streaming
data is received by a plurality of modules. The plurality of
modules is represented in FIG. 2 by an expert module 24, an
expert module 25 and an expert module 26. While FIG. 2
shows three modules, this is only exemplary as the number of
modules may be as low as two and as high as the number of
regimes to be detected.

Each module has associated with it regime data. Each
module compares its regime data with the streaming data.
Based on the comparison, the module generates an associa-
tion measure that indicates how closely characteristics of the
streaming data resemble characteristics of the regime data
associated with the module.

A regime change detector 30 receives an association mea-
sure from each of the modules. This is illustrated in FIG. 2 by
regime change detector 30 receiving an association measure
from expert module 24 over line a 27. Regime change detec-
tor 30 receives an association measure from expert module 25
over a line 28. Regime change detector 30 receives an asso-
ciation measure from expert module 26 over a line 29.

As the modules receive the streaming data, regime change
detector 30 monitors the association measures generated by
the modules. Change detector 30 determines from the asso-
ciation measures which regime currently best fits the charac-
teristics of the streaming data.

When the association measures indicate there is a change
in which regime currently best fits the characteristics of the
streaming data, regime change detector 30 detects there has
been a regime change. Regime change detector 30 signals a
monitoring and warning system 31 that a regime change has
occurred. Based on the new regime, monitoring and warning
system 31 takes an appropriate predetermined action.

Different modules can calculate association measure in
different ways. When different modules use different asso-
ciation measures calculated in different ways, it may be nec-
essary to normalize the calculated association measures so
that the association measure from each module can be accu-
rately compared with each other. This can be done, for
example, with normalized association values Z; as described
in equation (1) above.
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The system shown in FIG. 2 is used, for example, to detect
beat types that may be identified from the ECG, including
normal beats and a variety of irregularities such as premature
ventricular contraction and atrial premature contractions.
Real-time detection of these abnormal beats is potentially
life-saving in a clinical setting, as beat irregularities are used
to diagnose heart arrhythmias, myocardial infarctions, ven-
tricular hypertrophy, and other health problems.

For example, if a patient has potentially 16 beat types, then
regime data is obtained for each beat type and a separate
module produces an association measure based on how
closely characteristics of the streaming data resemble char-
acteristics of the regime data associated with each module.

Regime data for a new patient can be obtained from an
ECG of the patient. FIG. 3 shows a form of a typical electro-
cardiogram signal with P, Q, R, S and T waves. When the
patient has a type of beat not previously seen, new regime data
can be generated from the ECG for the new type of beat and
a new module can be created. An association measure to be
used by the module is chosen, with the requirement that it be
a scalar that is sufficiently descriptive of this beat type.

For example, when the module is associated with regime
data representing ventricular flutter, the association measure
may be the time between R waves of adjacent beats. R waves
in an ECG signal are part of the QRS complex that result from
ventricular contractions. The Euclidean distance between R
waves, therefore, can be a very descriptive association mea-
sure when detecting ventricular flutter. The sample mean and
standard deviation of the association measure is then stored
and the Z-score can be calculated as described above in equa-
tion (1).

For example, the association measure for other modules
might be Euclidean distance other features in P, Q, R, Sand T
waves of an ECG. The Euclidean distances can be trans-
formed using equation (1) above into normalized Z scores.
The module that produces the minimum absolute value
Z-score is selected as the current regime.

FIG. 4 is a simplified flowchart that summarizes operation
of a module. In a block 41, the module receives streaming
data. In a block 42, the module compares a section of the
streaming data to regime data to generate an association mea-
sure. As discussed above, the association measure could be
calculated in a number of different ways, including use of
Hamming distance, Euclidean distance, a likelihood ratio or
another methodology that produces an association measure
between the section of the streaming data and the regime data.

In an optional block 43, the association measure can be
normalized. For example, equation (1) above can be used to
normalize the association measure. Optionally the associa-
tion measured can be normalized in some other way that will
allow association measures from different modules to be
fairly compared with each other. In a block 44, the normalized
association measure is forward to a regime change detector.
The regime change detector will monitor the normalized
association measure from a number of modules to determine
when a regime change has occurred.

The foregoing discussion discloses and describes merely
exemplary methods and embodiments. As will be understood
by those familiar with the art, the disclosed subject matter
may be embodied in other specific forms without departing
from the spirit or characteristics thereof. Accordingly, the
present disclosure is intended to be illustrative, but not limit-
ing, of the scope of the invention, which is set forth in the
following claims.

We claim:

1. A system comprising:

a processor;
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6

a plurality of processing programs executable on the pro-
cessor to receive streaming data in parallel so that each
processing program in the plurality of processing pro-
grams receives an identical copy of the streaming data,
each respective processing program having correspond-
ing regime data and to compare the streaming data with
the regime data associated with the respective process-
ing program to produce an association measure that
provides a measure of similarity between the streaming
data and the regime data associated with the respective
processing program, wherein the regime data of the
respective processing program defines characteristics of
aregime for the respective processing program and each
processing program in the plurality of processing pro-
grams has different regime data than regime data for all
other processing programs in the plurality of processing
programs, and wherein the plurality of processing pro-
grams are associated with respective different regimes,
and wherein each regime of the different regimes corre-
sponds to a pattern of behavior in the streaming data
distinguished by dynamical or statistical properties of
the streaming data; and

a regime change detector to determine a regime change in
the streaming data by comparing the association mea-
sure from the plurality of processing programs and iden-
tifying, based on the comparing of the association mea-
sures, which of the regimes best fits a characteristic of
the streaming data.

2. The system of claim 1, wherein the processing programs
are to normalize the association measures, wherein the com-
paring of the association measures comprises comparing the
normalized association measures.

3. The system of claim 1, wherein each association mea-
sure is normalized according to

a4 — Hi
ai

7=

where for a processing program i in the plurality of pro-
cessing programs, 7, is a normalized association value
that is generated from a non-normalized association
value a,, a mean |1, and a standard deviation o,, where the
mean 1, and the standard deviation o, are generated from
a sampling distribution of non-normalized association
values generated by the processing program i.

4. The system of claim 1, wherein the system is a fluid flow
monitoring system, the system further comprising:

a fluid flow measurement system to measure fluid flow

through a conduit to produce the streaming data; and
awarning system to warn a user in response to detecting the
regime change.

5. The system of claim 1, wherein the system is an electro-
cardiogram system, the system further comprising:

a heart monitor to monitor electrical signals generated by a

human heart to produce the streaming data; and
awarning system to warn a user in response to detecting the
regime change.

6. The system of claim 5, wherein a first association mea-
sure produced by a first processing program is based on a time
between electrocardiogram R waves of adjacent beats.

7. The system of claim 1, wherein the regime change detec-
tor is to categorize the streaming data as being in the regime
that best fits the characteristic of the streaming data.
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8. The system of claim 1, wherein the plurality of process-
ing programs are to calculate the respective association mea-
sures using respective different measure calculation tech-
niques.

9. The system of claim 8, where a first of the plurality of
processing programs is to calculate a respective first associa-
tion measure using adaptive filtering, and a second of the
plurality of processing programs is to calculate a respective
second association measure using a Fourier transform.

10. A method comprising:

sending streaming data in parallel to a plurality of modules

so that each module in the plurality of modules receives
an identical copy of the streaming data;

producing, by each respective module in the plurality of

modules, an association measure, the association mea-
sure being a measure of similarity between the stream-
ing data and regime data associated with the respective
module producing the association measure, the regime
data defining characteristics of a regime for the respec-
tive module, the plurality of modules associated with
respective different regimes, wherein each module in the
plurality of modules has different regime data than
regime data for all other modules in the plurality of
modules, and wherein each regime of the different
regimes corresponds to a pattern of behavior in the
streaming data distinguished by dynamical or statistical
properties of the streaming data; and

determining, by a regime change detector, a regime change

in the streaming data based on the association measures
from the plurality of modules, wherein the determining
comprises comparing the association measures from the
plurality of modules, and identifying, based on the com-
paring, which of the regimes best fits the streaming data.

11. The method of claim 10, further comprising:

normalizing the association measures, wherein the com-

paring comprises comparing the normalized association
measures.

12. The method of claim 10, further comprising:

normalizing the association measures according to

where for a module i in the plurality of modules, Z; is a
normalized association value that is generated from a non-
normalized association value a,, a mean i, and a standard
deviation g,, where the mean p, and the standard deviation o,
are generated from a sampling distribution of non-normalized
association values generated by the module i.
13. The method of claim 10, further comprising:
receiving the streaming data by a fluid flow monitoring
system, the streaming data comprising measurement
data of the fluid flow through a conduit; and
producing a warning signal to warn a user in response to
detecting the regime change.
14. The method of claim 10, further comprising:
monitoring, by a heart monitor, electrical signals generated
by a human heart in order to produce the streaming data;
and
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producing a warning signal to warn a user in response to

detecting the regime change.

15. The method of claim 10, further comprising categoriz-
ing, by the regime change detector, the streaming data as
being in the regime that best fits the characteristic of the
streaming data.

16. The method of claim 10, where producing the associa-
tion measures by the respective modules in the plurality of
modules comprises using different measure calculation tech-
niques in different ones of the plurality of modules.

17. Non-transitory computer readable media having com-
puter readable instructions executable to cause a processor to:

send the streaming data in parallel to a plurality of modules

so that each module in the plurality of modules receives
an identical copy of the streaming data;

produce, by each respective module in the plurality of

modules, an association measure, the association mea-
sure being a measure of similarity between the stream-
ing data and regime data associated with the respective
module producing the association measure, the regime
data defining characteristics of a regime for the respec-
tive module, the plurality of modules associated with
respective different regimes, wherein each module in the
plurality of modules has different regime data than
regime data for all other modules in the plurality of
modules, and wherein each regime of the different
regimes corresponds to a pattern of behavior in the
streaming data distinguished by dynamical or statistical
properties of the streaming data; and

determine a regime change in the streaming data based on

comparing the association measures from the plurality
of modules and identifying, based on the comparing,
which of the regimes best fits a characteristic of the
streaming data.

18. The non-transitory computer readable media of claim
17, wherein the association measures are normalized accord-
ing to

where for a module i in the plurality of modules, Z, is a
normalized association value that is generated from a
non-normalized association value a,, a mean L, and a
standard deviation o,, where the mean p, and the stan-
dard deviation o, are generated from a sampling distri-
bution of non-normalized association values generated
by the module 1, and
wherein the comparing comprises comparing the nor-

malized association measures.

19. The non-transitory computer readable media of claim
17, wherein the computer readable instructions are execut-
able to cause the processor to categorize the streaming data as
being in the regime that best fits the characteristic of the
streaming data.

20. The non-transitory computer readable media of claim
17, wherein the regime that best fits the characteristic of the
streaming data is the regime associated with a highest asso-
ciation measure of the association measures.
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