wo 2016/089933 A 1[I I NPF 0 SR A0AO

(43) International Publication Date

(12) INTERNATIONAL APPLICATION PUBLISHED UNDER THE PATENT COOPERATION TREATY (PCT)

(19) World Intellectual Property Ny
Organization é
International Bureau -,

=

\

(10) International Publication Number

WO 2016/089933 Al

(51

eay)

(22)

(25)
(26)
(30)

1

(72

74

9 June 2016 (09.06.2016) WIPOIPCT
International Patent Classification: (81)
GO5B 23/02 (2006.01)

International Application Number:
PCT/US2015/063310

International Filing Date:
2 December 2015 (02.12.2015)

Designated States (uniess otherwise indicated, for every
kind of national protection available). AE, AG, AL, AM,
AO, AT, AU, AZ, BA, BB, BG, BH, BN, BR, BW, BY,
BZ, CA, CH, CL, CN, CO, CR, CU, CZ, DE, DK, DM,
DO, DZ, EC, EE, EG, ES, FI, GB, GD, GE, GH, GM, GT,
HN, HR, HU, ID, IL, IN, IR, IS, JP, KE, KG, KN, KP, KR,
KZ, LA, LC, LK, LR, LS, LU, LY, MA, MD, ME, MG,
MK, MN, MW, MX, MY, MZ, NA, NG, NI, NO, NZ, OM,

Filing Language: English PA, PE, PG, PH, PL, PT, QA, RO, RS, RU, RW, SA, SC,

Publication Language: English SD, SE, SG, SK, SL, SM, ST, SV, SY, TH, TJ, TM, TN,
TR, TT, TZ, UA, UG, US, UZ, VC, VN, ZA, ZM, ZW.

Priority Data: . L

62/086.301 2 December 2014 (02.12.2014) ys (84) Designated States (unless otherwise indicated, for every

14/956,352 1 December 2015 (01.12.2015) Us kind of regional protection available): ARIPO (BW, GH,
GM, KE, LR, LS, MW, MZ, NA, RW, SD, SL, ST, SZ,

Applicant: NEC LABORATORIES AMERICA, INC. TZ, UG, ZM, ZW), Eurasian (AM, AZ, BY, KG, KZ, RU,

[US/US]; 4 Independence Way, Suite 200, Princeton, New TJ, TM), European (AL, AT, BE, BG, CH, CY, CZ, DE,

Jersey 08540 (US). DK, EE, ES, FL FR, GB, GR, HR, HU, IE, IS, IT, LT, LU,

Inventors: YAN, Tan; 304 Timberbooke Drive, Bedmin- LV, MC, MK, MT, NL, NO, PL, PT, RO, RS, SE, SI, 5K,

. SM, TR), OAPI (BF, BI, CF, CG, CIL, CM, GA, GN, GQ,

ster, New Jersey 07921 (US). JIANG, Guofei; 5 Danby GW . KM. ML. MR. NE. SN. TD. TG

Court, Princeton, New Jersey 08540 (US). CHEN, i ? ? - NE, SN, TD, TG).

Haifeng; 68 Gate Lane, Old Bridge, New Jersey 08857 Published:

(US). TAKEHIKO, Mizoguchi; NEC Corporation, 7-1
Shiba, 5-chome, Minato-ku, Tokyo, Tokyo 108-8007 (JP).

Agent: KOLODKA, Joseph; NEC Laboratories America,
Inc., 4 Independence Way, Suite 200, Princeton, New Jer-
sey 08540 (US).

with international search report (Art. 21(3))

(54) Title: QUALITY CONTROL ENGINE FOR COMPLEX PHYSICAL SYSTEMS

Input
201 400

Output
403

Quality Control Engine
402

Time Series Transformation
404

Extract sequence of features
410

Feature Series Ranking
406

Ranking features using an
ensemble of feature rankers
424

Ranking Score Fusion
408

Calibrate and normalize scores
from multiple rankers
432

Transform raw time series into
one or more feature series
412

Temporal Domain
414
Frequency Domain
416
Individual Dependencies
418

Regularization-based
ranker
426

Tree-based ranker
428

Nonlinear ranker
430

Multiple Dependencies
420

Fitness score
422

Fusion
434

Aggregate feature
importance scores
436

Combining score ranking
output from different
rankers
438

FIG. 4

(57) Abstract: Systems and methods for quality control for physical systems, including a quality control engine for transforming raw
time series data collected from each of a plurality of sensors in the physical system into one or more sets of feature series by extract -
ing features from the raw time series. Feature ranking scores are generated for each of the sensors by ranking each of the features us -
ing an ensemble of feature rankers, and fused importance scores are generated by aggregating the feature ranking scores for each of
the sensors and combining ranking scores from each ranker in the ensemble. System quality is controlled by identifying sensors re-
sponsible for quality degradation based on the fused importance scores.
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QUALITY CONTROL ENGINE FOR COMPLEX PHYSICAL SYSTEMS

RELATED APPLICATION INFORMATION

[0001] 'This application claims priority to provisional application serial number

62/086,301 tiled on December 2, 2014, incorporated herein by reference in its entirety.

BACKGROUND

Technical Field
[0002] The present invention relates to the management of physical systems, and, more

particularly, to a quality control engine for management of complex physical systerns.

Description of the Related Art
[0003] With the decreasing hardware cost and increasing dermand for autonomic
management, many physical systems nowadays are equipped with a large vetwork of
sensors distributed across different parts of the system. The readings of sensors are
continuously collected time series, which monitor the operational status of physical
systems. Current systems and methods compare the record of sensor readings with the
system key performance indicator (KPI) using statistical tests. They test each sensor
individually to discover the most suspicious sensors. With a large number of sensors in
the systemns, such methods are not efficient. More importantly, they ignore the
dependencies between different sensor readings, which may miss important sensors, In

addition, current methods only consider the raw values of sensor readings, rather than
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discover the underlving patterns from the readings. As a consequence, the final results
will not be accurate.

[0004] There are several challenges to discover suspicicus sensors for quality control.
Firstly, there are a massive amount of sensors in the system and the data collected from
these sensors can be correlated. It is irapossible to manually check sensors one by one to
obtain the importance list. Secondly, data collected from different sensors can also
demonstrate different behaviors due to the diversities in system components and their
functionalities. For example, while some sensors directly change their raw values in the
case of guality changes, others sensors may exhibit significant frequency changes in their
readings. It is not possible to use a uniform featare to capture the dynamics of the time
series from all sensors. Moreover, the dependencies between sensor data and system
operational status are highly nonlinear. For instance, a hidden fault in one component
usually undergoes a sequence of nonlinear physical processes before affecting the final
production quality. As a consequence, the final using conventional systerns and methods

are not accurate,

SUMMARY

[0005] A method for guality control for physical systems, including transforming raw
time series data collected from each of a plurality of sensors in the physical system into
one or more sets of feature series by extracting features from the raw time series. Feature
ranking scores are generated for each of the sensors by ranking each of the features using
an ensemble of feature rankers, and fused importance scores are generated by aggregating

the feature ranking scores for each of the sensors and combining ranking scores from
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each ranker in the ensemble. System quality is controlled by identifying sensors
responsible for quality degradation based on the {used importance scores.

[0006] A quality control engine for a physical system, inciuding a time series
transformer for transforming raw time series data collected from each of a plurality of
sensors in the physical system into one or more sets of feature series by extracting
features from the raw time series. An ensemble of feature rankers 1s configured to rank
each of the features to generate feature ranking scores for each of the sensors, and a
combiner generates fused importance scores by aggregating the feature ranking scores for
each of the sensors and fusing ranking scores from each ranker in the ensemble. A
controller manages system qguality by identitying sensors responsible for quality
degradation based on the fused importance scores.

[0007] A computer-readable storage medium including a computer-readable program,
wherein the computer-readable program when executed on a computer causes the
computer to perform the steps of transtorroing raw tivoe series data coliected from each of
a plurality of sensors in the physical system into one or more sets of feature series by
extracting features from the raw time series. Feature ranking scores are generated for
each of the sensors by ranking each of the features using an ensemble of feature rankers,
and fused importance scores are generated by aggregating the feature ranking scores for
each of the sensors and combining ranking scores from each ranker in the ensemble.
System quality is controlied by identifying sensors responsible for quality degradation

based on the fused importance scores.
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[0008] These and other features and advantages will become apparent from the
tollowing detailed description of iHustrative embodiments thereof, which 15 to be yread in

connection with the accompanying drawings.

BRIEF DESCRIPTION OF DRAWINGS

[0009] TThe disclosure will provide details in the following description of preferred
embodiments with reference to the following figures wherein:

[0010] FIG. 1 shows an exemplary processing system to which the present principles
may be applied, in accordance with an embodiment of the present principles;

[0011] FIG. 2 shows a high level diagram of an exeraplary complex physical system
including a quality control engine, in accordance with an embodiment of the present
principles;

[0012] FIG. 3 shows exeraplary time series graphs for a key performance indicator
(K P and related raw timme series, in accordance with an embodiment of the present
principles;

[0013] FIG. 4 shows an exemplary method for quality control for physical systems
using g quality control engine, in accordance with an embodiment of the present
principles;

[0014] FIG. 5 shows an exemplary key performance indicator (KPI) time series fora
real-worid biochemical plant, in accordance with an embodiment of the present

principles; and
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[0015] FIG. 6 shows an exeraplary system for guality control for physical systems
using a quality control engine, in accordance with an embodiment of the present

principles.

DETAILED DESCRIPTION OF PREFERRED EMBODIMENTS

[0016]  The present principles provide a systemn and method for management of
complex physical systems using a quality control engine according to various
embodiments. In a particularly useful embodiment, the present principles may employ a
general framework for guality control in physical systems, which utilize several machine
learning techniques {e.g., feature selection and ranking, inforroation fusion, etc.) to
achieve automatic and accurate sensor localization. Given the time series data from a
senor, the data may be transformed into a number of different feature series.

[0017]  In one embodiment, these featores may come from a pre-defined library that
includes a large number of feature definitions so as to describe different aspects of the
signal dynamics, and may also be determined based on, for example, system dynamics.
As a result of transformation, a large number of feature series may be obtained based on
the raw time series collected from sensors (e.g., deployed in the physical system(s}). The
umportance of all these feature series may be ranked with respect to the system quality, by
atilizing several feature selection technigues (e.g., a regularization based ranker, a tree
based ranker, a localized nonlinear ranker, ete.).

[0018] In some embodiments, several rankers may be adopted together (e.g., fused) to
cover different views of feature importance and their dependencies 1u the huge feature

space, including both linear and nonlinear relationships. A ranking score fusion, which
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may combine the ranked output from all rankers, as well as the ranking scores of each
sensor. As the output, a final ranking of sensors that can be used to explain the quality
change may be generated according to the present principles.

[0019] In an embodiment, measured/received sensor data may be leveraged to control
the quality of physical systems (e.g., manufacturing systerns). The output quality of
practical manufacturing systems may be controlled by human operations, and although 1o
many cases the system can generate good products, the quality of product may drop
under certain conditions {e.g., not detectable or controllable by human operations), which
directly atfects the manufacturing protits. Therefore, it is important to discover the
hidden conditions that lead to guality degradations so that the system way be adjusted
quickly (e.g., in real time} to avoid future losses. In one embodiment, quality control
may be achieved by analyzing the data from deployed sensors to locate suspicious
sensors that lead to the guality changes, thereby quickly pinpointing the root cause of
quality degradation so that the systern operation may be improved {e.g., in real thne)
according to the present principles..

[0020] The present principles may produce high quality {e.g., highly accurate} resuits
which pinpoint the sensors that lead to system quality degradation. Such an accuracy
enbhancement will lower the operational cost and generate high revenues in physical
systems. In addition, the output according to the present principles can also be employed
for problem debugging, which, for example, advantageously lowers latency in addressing
system problems according to various emnbodiments.

[0021] Referring now to the drawings in which like nuroerals represent the same or

similar elements and initially to FIG. 1, an exemplary processing system 100, to which
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the present principles may be applied, is illustratively depicted in accordance with an
embodiment of the present principles. The processing system 100 1ncludes at least one
processor (CPU) 104 operatively coupled to other components via a system bus 102, A
cache 106, a Read Only Memory (ROM) 108, a Random Access Memory (RAM) 110, an
input/output (IO} adapter 120, a sound adapter 130, a network adapter 140, a user
interface adapter 150, and a display adapter 160, are operatively coupled to the system
bus 102.

[0022] A first storage device 122 and a second storage device 124 are operatively
coupled to system bus 102 by the VO adapter 120. The storage devices 122 and 124 can
be any of a disk storage device (e.g., a roagoetic or optical disk storage device), a solid
state magnetic device, and so forth, The storage devices 122 and 124 can be the same
type of storage device or different types of storage devices.

[0023] A speaker 132 is operatively coupled to system bus 102 by the sound adapter
130. A wransceiver 142 is operatively coupled to systern bus 102 by network adapter 140,
A display device 102 is operatively coupled to system bus 102 by display adapter 160,
[0024] A first user input device 152, a second user input device 154, and a third user
input device 156 are operatively coupled to system bus 102 by user interface adapter 150,
The user ioput devices 152, 154, and 136 can be any of a keyboard, a mouse, a keypad,
an image capture device, a motion sensing device, a microphone, a device incorporating
the functionality of at least two of the preceding devices, and so forth. Of course, other
types of input devices can also be used, while maintaining the spirit of the present

principles. The user wnput devices 152, 154, and 156 can be the same type of user input
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device or different types of user input devices, The user input devices 152, 154, and 156
are used to input and output information to and from system 100,

[0025] Of course, the processing system 100 may also include other elements (not
shown}, as readily contemplated by one of skill in the art, as well as omit certain
elements. For example, various other input devices and/or cutput devices can be
included in processing system 100, depending upon the particular implementation of the
same, as readily understood by one of ordinary skill 1n the art. For example, various
types of wireless and/or wired input and/or output devices can be used. Moreover,
additional processors, controllers, mermories, and so forth, in various configurations can
also be utilized as readily appreciated by one of ordinary skill in the art. These and other
variations of the processing system 100 are readily contemplated by one of ordinary skill
in the art given the teachings of the present principles provided herein.

[0026] Moreover, it is to be appreciated that circuits/systems/networks 200 and 600
described below with respect to FIGs 2 and 6 are circuits/systems/networks for
umplementing respective embodiments of the present principles. Part or all of processing
system 100 may be implemented in one or more of the elements of systems 200 and 600
with respect to FIGs 2 and 6.

[0027] Further, it is to be appreciated that processing system 100 way perform at least
part of the methods described herein including, for example, at least part of method 400
of FIG. 4. Similarly, part or all of circuits/systems/networks 200 and 600 of FiGs 2 and 6
may be used to perform at least part of the methods described herein including, for

exaraple, at least part of method 400 of FIG. 4.
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[0028] Referring now to FIG. 2, g high level schematic 200 of an exemplary complex
physical system including a quality control engine is tllustratively depicted in accordance
with an embodiment of the present principles. In one embodiment, one or more complex
physical systems 202 may be controlied and/or monitored using a quality control engine
212 according to the present prineiples, The physical systems may inchude a phurality of
sensors 204, 206, 208, 210 {e.g., sensors 1, 2, 3,...n), for detecting/measuring various
system devices/processes.

[0029] in one embodiment, sensors 204, 206, 208. 210 may include any sensors now
known or known in the future for monitoring physical systems {e.g., teraperature sensors,
pressure sensors, key performance indicator (KPI), pH sensors, etc.), and the data from
the sensors may be employed as input to the quality control engine 212 according to the
present principles. The quality control engine may be directly connected to the physical
systermn or may be eraployed to remotely control the guality of the system according to
various erabodiroents of the present principles, and the quality control engine will be
described in further detail herein below.

[0030] Referring now to Fi(3. 3, exemplary time series graphs 300 for a key
performance indicator (KPI) and related raw time series are illustratively depicted in
accordance with an embodiment of the present principles. In one exemplary
embodiment, given # sensors in a system, » time sexies x{ (f),..., xx () may be obtained,
where t = 1,..., T is the system operation period. During that period, the quality of the
system is represented by y{#), =1, -, 7. Generally, v() can be obtained by a special

sensor called “key performance indicator” (KP1) in the system, represented by tirne series
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302, Based on the value of KPI 302, system operations may be divided into good-quality
regions and bad-quality regions, and various tirae series xj {¢) may be ranked (e.g., based
on their contributions to the system quality change} according to the present principles.
[0031] In sorne erabodiraents, system guality changes may be triggerved by the
vartances of underlying physical operations, which may be in turn represented by
changes of the dynamics of related sensor readings. However, the dynamics of different
timne series are generally represented in different ways. For example, in time series 302
the quality changes may be inferred directly from raw values of that time series, whereas
for sensor in time series 304, the frequency distribution in the readings is relevant. For
the time series 306, the change of its temporal dependencies may explain the KPI
changes.

[0032] Forexample, in the good-quality region, the time series may have a dependency
relation x(#) = f (x(z — 1), x{¢ — 2),.. .) whereas in the bad-quality region the relation may
change to x(f) = g{x{r — 1), x{¢ — 2},.. .}, where f (-} = g{-}. {t is noted that there are a
phurality of additional types of features to represent the evolution of time series, but for
siraplteity of iHlustration, only the above time sertes are presented as examples. In some
embodiments, a library of {features that may interpret a variety of time series evolution
patterns may be constructed according to the present principles, and the library will be
described in turther detail herein below. In some embodiments, these feature definitions
may be gleaned from the feedback of system dornain experts, and/or may be determined

using the quality control engine according to the present principles.

10
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[0033] Given the feature definitions in the library (e.g., F'1 , .. ., I'm), it may still be not
known which feature is the correct one for an individual time series. In some
embodiments, the raw time series 304, 306, 308 may be transformed into one or more

e

candidate feature series (e.g., x{¢) — {.xF 1 {£3... xfm {1}, and one or more feature
selection technigues in machine learning may be employed according to the present
principles to automatically rank these features according to their relationship to the
quality change. In practice, we usually encounter a buge feature space when the nomber
of time series n is large, since we will have altogether (m + 1)n feature candidates {(e.g.,
including raw time series as well as their feature series). It is not trivial to rank these
features in a stable way given such a large feature space. Furthermore, the dependencies
between {eatures and the system quality can be highly vonlivear.

[0034] In one embodiment, to address these issues, an ensemble of feature rankers may
be employed. These rankers may include, for example, a regularization based feature
ranker, a tree based feature ranker, and/or a RELIEFF feature ranker, although other
rankers may also be employed according to the present principles. In some
embodiments, individual rankers may produce/determine different subsets of important
features than other rankers according to the present principles.

[0035] For example, the regularization based ranker may focus on the regression base
relationship between features and the system quality, the tree based ranker may employ
information theory based criteria to detect important features, and the RELIEFF based

ranker may ook at each local region to detect nonlinear relationships. By combining

11
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{e.g., fusing) the power of various rankers, a complete and stable ranking may be
determined {rom a large feature space according to the present principles.

[0036] in some embodiments, after feature transformation and ranking based on one or
more time series 302, 304, 306, 308, all ranking results may be combined (e.g., ranking
score fusion) to obtain the final ranked Hist of suspicious sensors, This process covers a
two dimensional view of ranking score fusion. Firstly, since the {inal outpot may be the
ranking of sensors {e.g., the raw time series), all the feature ranking scores may be
aggregated for each raw time series. Secondly, the output of different rankers may be
combined to determine an overall ranking score, By combining both dirnensions of
ranking scores, the final ranked list of sensors based on their contribution to the system
quality change may be determined according to the present principles. The
transformation, rankers, and the fusion of various rankers will be described in further
detail herein below,

[0037] Referring now to FIG. 4, an exemplary method 400 for guality control for
physical systems using a guality control engine is illustratively depicted in accordance
with an embodiment of the present principles. In one embodiment, data from a plurality
of sensors {e.g., in a complex physical systern) may be monitored, measured, and/or
received as input to a quality control engine 402, The quality contro] engine 402 may
perform time series transformation 404, feature series ranking 406, and ranking score
fusion 408 according to various embodiments of the present principles.

[0038] In one embodiment, input 401 {e.g., sensor data, time series, eic.) rmay be
received by the guality coutrol engine 402, and output 403 may be generated {rom the

guality control engine 402 according to the present principles. [Data from different

12
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sensors may exhibit different dynamics with respect to the system operation. Such
dynamics which may be received as input 401 can be different shapes, frequencies,
scales, etc. In order to handle these heterogeneous behaviors, time series collected from
each sensor may be transformed in block 404 into a set of feature series according to the
present principles. These features may cover various aspects of the dynamics of raw timne
series, and can then be used to localize sensors that contribute to guality changes.
[0039] In one embodiment, in block 410, feature extraction from one or more time
series may be performed using a sliding window technique. This technique may be
employed to extract feature from time series while preserving continuity along the tirne
axis. As an dlustrative example, consider the feature extraction from a specific time
series xit {£), where i = 1,...,n is the index of time series and ¢ = 1,...,7" is the time stamp.

The width of the window is denoted as w.

[0040] ¥ the series starts from t = t(f, where fe‘ =1 ..., 7 —w+l, then we obtain a

wi(te)omi(te+1), oo xi(te+w—1) 4

I

subsequence of width w, (e.g.,

¢/ may be extracted from the subseguence:

(ot valte + Dot =w — 1} = 277 (1) 0

where Fj represents the jth feature in the pre-defined feature library # . The feature

Ly {te) ray be extracted from x; (7) tor all possible £ and obtain the corresponding

feature time series with length 7 - w + 1 (e.g.,

vl (1), 2]

i AU 3

. Fi
2y, oox (T —aw +1

The present principles may be

13
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employed to extract m feature sequences as defined in the feature library F1 ..., Fm for
each time sexies x; (1), where (1 = 1,..., n), which may result in haviog totally (m + 1) *
series including the raw time series.

[0041] Inblock 412, raw time serics may be transformed into one or more feature
series to cover various aspects of the dynamics of sensor readings, which may include,
for example, characteristics of tire series 1o the temporal domain 414, characteristics of
time series in the frequency domain 416, temporal dependencies of individual time series
418, and dependencies across different time series 420 according to various embodiments
of the present principles.

[0042] In one embodiment, the sliding window techoique may be employed {o
transform each raw time series into a number of feature series. An exemplary list of
features implemented in the guality control engine 402 is presented for illustrative
purposes in Table 1, below, although any features may be employed according to various

embodiments of the present principles,

14
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[0043] Table | — Examples of Features

feature type feature name token
meai mean
standard deviation std
. skewness skew
basic statistics .
kurtosis kurt
5% quantile qt0s
953% quantile gt9s
maximum of porwer spectram Fmax
frequency distribution frequency of Fiax FmxLoc
power in the n-th window PinBinn
coefficient of n-th past point ARpn
AR coefficients constant of AR model ARcons
AlC of the regiression result ARaic
pairwise correlation correlation of two subsequences CorY
original time senies original time series itsell org

[0044] In some embodiments, the above feature may cover aspects of time series
properties of, for example, characteristics of tirne series in the teroporal domain 414,
characteristics of time series in the frequency domain 416, temporal dependencies of
individual time series 418, and dependencies across different time series 420 according to
the present principles. In block 414, with respect to characteristics of time series in the
temporal domain, basic statistics roay be extracted from one or more time series to reflect
the shape of its evolution, which may include, for example, mean, standard deviation, and
some high order moments of the subsequence within each sliding window. In some
embodiments, the 3% and 95% guantile of the value distribution in the sliding window
may also be computed according to the present principles. In some erobodirnents,
different features may be extracted for a same time series, as different featares may

capture different dynamics of time series behaviors.

15
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[0045] In block 416, with respect to characteristics of time series in the frequency
domain, a Fast Fourier Transform (FFT) may be applied to the subsequences, and may
ase information from the power spectral density as features. For example, the power and
focation of the most dominant frequency may be employed as features. In some
embodiments, the frequency region may be divided into different bands, and the sum of a
power spectrum 1o each band may be computed as the feature.

[0046] In block 418, with respect to temporal dependencies of individual time series,
an auto-regressive (AR} model may be employed to describe this property, and the
coetficients of the AR model may be used as features. It is noted that not al tirae series
have strong temporal dependencies. In oue exobodiruent, the Akaike’s information
criterion (AI() score may be computed as the goodness of the AR model. I the score is
always low over time, the AR related features for that time series may be ignored
according to the present principles,

[0047] In block 420, with respect to dependencies across different time series, the
present principles may be employed to extract features from two or more time series. For
examiple, a correlation coefficient may be computed for the two or more time series, and
the coefficient may be used as the feature if there are subsequences of two time series
from the same shiding window according to some embodiments of the present principles.
[0048] in block 422, a fitness score may be generated for each feature so that urelevant
feature may be pruned out before beginning feature series ranking according to the
present principles. In one embodiment, after extracting a feature time series {e.g., by
transforming raw fime series into feature series), a token roay be assigned (e.g., right

column of Table 1) to the feature time series so that the original time series and related

16
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feature series roay be retrieved from tokens. For example, the mean feature time series
trom a time sertes ‘Sertes!’ may be nared ‘mean::Senies 1, aund the use of tokens may
improve processing speed and reduce memory requirements according to some
embodiments.

[0049] In one embodiment, after feature extraction/time series transformation in block
404, feature sevies ranking may be performed in block 406 according to the present
principles. The original sensor data way be transformed into an expanded set of time
series, which may be represented as follows:

w(t) = ey (), a7 ), {0 an {E) et ) el ())T (2

Te Tt

The set may inchide both the original time series and the transformed feature series

z(t) e RV (t=1,....T), N =(m+1)n

- /77, where m s
the total number of features in the feature Hibrary and # is the number of raw time series,
[0050] In some embodiments, while feature transformation in block 204 provides an
opportunity to generate different time series properties, it poses challenges to accurately
select and rank important featores (and hence raw time series) because the problems
space becornes much larger. In addition, different feature series have correlations, and
the relationships between feature series and system quality may therefore no longer be
linear. In order to achieve a reliable and stable ranking of feature series, all aspects of
feature interactions and their dependencies with respect to the KPT guality may be
considered tor feature series ranking according to the present principles.

[0051] Therefore, rather than relying on a single feature ranking method, an ensemble

of feature rankers may be employed in block 424 according to the present principles. The
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ensemble of feature rankers may include, for example, a regularization based ranker 426,
a tree based ranker 428, and/or a nonlinear local structure based ranker 430 according to
various embodiments of the present principles.

[0052] In block 426, a regularization-based ranker may be employed, for example,

to discover regression hased relationships according to an embodiment of the present
principles. This feature selection strategy may be based on €-regularized regression, and
raay generate a sparse solution with respect to the regression coetficients, and only
features with non-zero coethicients may be selected according to various embodiments.
[0053] As the output v{f) may be binary in this context, the £i-regularized regression

may be effectively employed. A conditional probability may be formulated as follows:

, . 1

plyt) = 1[2(0) = T
i CXPD Yy — W T
and the following penalized negative log-likelthood may be miniroized:
.I“
min Y log [1+exp {—yt)w x(t)}] + Njwl,.
w e BN . - S
=1 OF

where ' "' is the £;-norm of regression coefficients, and
A >0 is the regularization parameter. In sowe embodiments, the optimization probler
T
min Z log {1+ exp { -1 (t)wT;I:( ) H + Allwlly,
wERN -

t=1 may be
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solved using a variety of techuniques, including, for example, using a coordinated descent
method according to the present principles.

[0054] A problem with £1-regularized regression may be that the solation can be
unstable, For example, if the data is only shghtly changed, the selected features may be
drastically different in some situations. To address this issue, a subset of input samples
may be randomly selected, w may be estimated, and this process may be iterated a
plurality of times for various features according to the present principles. The results of
all of the independent iterations (e.g., runs) may then be compiled and/or summarized
(e.g., condensed), and a final ranking of selected features may be obtained based on the
frequency and rank that each of the features shows up during each run.

[0055] In block 428, a tree-based ranker may be eraployed, for example, to estimate
the importance of input features based on information theory, thusly providing a featore
importance in a different aspect from the regression-based feature selection in block 426.
In one embodiment, the tree-based ranker may split the data sets {e.g., recursively} to
build a decision tree, starting from a root node which includes data with all the
observation samples. For a node 7 1in the tree, we search for the best feature xr in equation
2 that leads to a best split of 7. That is, by comparing the values of xr with an optimal cut
point, the original node split into two sub-nodes ¢ and r-containing nd  and n-samples
respectively.

[0056] In one embodiment, the goodness of split may be based on the metric of

information gain:
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P
i
¢

where p(7e) = ne/(ne +n,) and (7e) = n,/(ne +ny }

b
$

s

.~

The function *17 ) may represent the Giny impurity measure:

i) =1—=ply=+1r)° -ply=—11)?°

rd

n{ T |_)
tn which My 7 may represent the ratio of positive and negative saroples in

the node 7 | respectively according to the present principles.

[0057] In some embodiments, the tree-based ranker may also have stability issues. To
address this stability issue, all samples may be divided into B number of subsamples, and
I decision trees may be learned from these subsamples, which may lead to a randow
forest method (e.g., algorithm) for solving. After learning all the trees, the importance of
each feature f may be calculated by accumulating the information gain related to that

teature, Axf (z, &) for all nodes rin all B trees in the forest as:

B
Ialxy) = Z Z Ary(r,b)

h=17&T: , {73

where Ty is the set of all nodes in tree b.

[0058] In block 430, a nonlinear ranker may be employed, for example, to rank
features based on the RELIEFY feature selection method. This method may detect
nonlinear relationships between features and quality outputs locally according to one
embodiment of the present principles. In an exemplary embodiment, each series xf (f) 1o

the feature vector x{f) in equation 2 may be normalized to have zero mean and unit
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variance. The 7 saraples of feature vector x(¢), ¢ = 1,...,7 , may then be divided into a
positive set X ¥ and a negative set X ~ according to their corresponding outputs y{f).
[0059] In one embodiment, a feature importance vector, w = fwl,..., wN]‘, may be

included for those N features in vector x, in block 430. The RELEIFF feature selection
may be perforrned as an iterative method, and may execute one iteration for each of the
T samples of x(7). The weight vector w may be wnittialized as all zeros at the beginning.
In one embodiment, given a sample x(¢}, the k-nearest neighbors from each X " and X ~
{e.g., totally 2k neighbors) may be selected according to the present principles.

[0060] In an exemplary erabodiment, if each element in X © and X 7 is denoted as

JE SR W ot 1T N S o 17
respectively, where F=1,. .k the importance may be updated as follows:
4 , ES . ke
Wy — ! Z o p(t) — 2, + L Z ve(t) — o,
RN PR TN £ e
f=1 =1 i
o (if () € A
; -\ e f 4 e i e [ e
-u,.-'-'Jr—vZ Telt) — ) 1 — Z Tp(t) — a2, o
R ]1:\' — l f ) !’fl ]1’1\ ~ l FL( / .11
\ (if 2(t) & ™)

for f=1,..., N. Equation 8 illustrates that in some embodiments, the weight of any given
feature may decrease if it differs from that feature in nearby instances of the same class
more than nearby instances of the other class, and may increase in the reverse scenario
according to various embodiments. After iterating through all the 7 samples, the final

importance score for each feature may be determined according to the present principles.
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[0061] In one embodiment, a goal is to identify the most important time series that
affects system quality, and this goal may be achieved by performing ranking score fusion
in block 208 according to the present principles. Ranking score fusion 208 may include
combining the results of feature rankers {e.g., described with reference to blocks 424,
426, 428, and 430). Such a combination covers at least two aspects of ranking scores.
Not only are the feature iraportance scores aggregated for each sensor, but the score
ranking outputs from different rankers may also be combined in block 408. In addition,
since the feature ranking scores from different rankers are in different ranges, they may
be normalized in block 432 hefore the fusion process in block 434,

[0062] In one embodiment, the three exemplary featare rankers 426, 428, 430 may
calculate the importance scores of all features from different perspectives. Therefore,
prior to fusing these scores along different rankers in block 434, the ranking scores may
be normalized in block 432 to ensure that they are in the same range (e.g., between 0 and
1). In one embodiment, the featare score may be normalized using a sigmoid fanction
according to the present principles. For example, let { be the importance score of a
particular vanker, and then its normalized score [ may be calculated as follows:

-~ 1
[ = —
I +expl—alfl —¢}) ()

where the parameters ¢ and ¢ may be determined from a distribution of ranking scores for
each ranker.
[0063] In some embodiments, different sigmoid functions may be employed for the

rankers {¢.g., 426, 428, 430) during normalization in block 432, each of which may be
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represented by specific parameters (e.g., (g, ¢)). The values of these two parameters
reflect the shape of sigmoid function, ju which ¢ is related to the position of
normalization and ¢ relates to the slope of the curve in a graph of a sigmoid function,
Their values may be determined based on a calibration process. That is, several synthetic
datasets with known ground truth may be generated, and then (g, ¢) values for each
ranker may be set so that their original ranking scores can map to expected values.

[0064] In one embodiment, after normalizing the ranking scores in block 432, all
teature ranking scores may be combined (e.g., fused} in block 434 to determine important
sensors related to guality change. The fusion in block 434 may include two main steps
which may combine scores from separate branches, the steps including aggregating the
feature importance scores for each sensor in block 436 and combining {e.g., fusing) the
score ranking outputs from different rankers in block 438 according to the present
principles.

[0065] Io block 436, the aggregation may aggregate feature importance scores {rom
each sensor, examples of which are tllustrated in Table 2 below:

[0066] Table 2 ~ Feature Importance Scores:

{a) Regularization Based {b) Tree Based {¢) Non-Linear
Feature Score Feature Score Feature Score
i | PinBin0::21| 0.4479 skew:: 1 0.486%9 PinBin0::21| 0.9661
2| ARpl:21 | 0.2375 PinBin0:21 [ 0.2510e-1 | PinBin2::21 0.9502
3 | PinBin2::1 | 0.9253e-1 ARpind9 | 0.1474e-1 | PinBin0::1 | 0.9466
4 | PinBin0::1 | 0.7997e-1 ARpl:i | 0.1020e-1 | PinBin2::1 | 0.9444
5| ARpl:at | 0.6899%¢-1 qt05:48 [ 0.9396e-2 | ARplul [0.7259
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[0067] In one embodiment, after aggregation in block 436, the resulting aggregated
teature importance scores may have values as Hustrated 1n Table 3 below:

[0068] 'Table 3 ~ Aggregated Imporiance Scores

{a’) Regularization Based {b"} Tree Based {¢”} Non-Linear
Sensor Score Sensor Score Sensor Score
i 21 {.7448 i 0.5020 21 27371
2 i 0.3009 21 0.3903e-1 1 2.7081
3 49 {.3564e-2 49 0.1891e-1 45 (0.1940
4 43 (.2547¢e-5 48 0.1381e-1 7 0.1723
5 & (0.1058e-3 38 0.6204e-2 41 0.1023

[0069] In one embodiment, the aggregated scores frora across all rankers (e.g., from
Table 3) may be corabined {e.g., fused) to obtain the final ranking of sensors according to
their fused importance score, an example of which is illustrated in Table 4 below:

[0070] TTable 4 ~ Fused Importance Scores

{d) Fused
Senser Score
i 21 3.5210
2 | 3.5109
31 45 0.1940
4 7 (6.1723
5| 41 (.1023

[0071] In one embodiment, the aggregation in block 436 may include the following

exemplary steps according to the present principles. For a particular ranker, let I {x;)

F.
and /{x;) be the normalized feature iraportance score of feature x, ’and the sensor

importance of time series x;, respectively. [{x;} may be calculated as folows:
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;) = Z I :F..,.» ()

3= : (10)

where fg (x;) is the importance score of the original time series x;. Essentially, the
combined score for each sensor may be represented as the summation of scores from s
features according to the present principles.
[0072] In one embodiment, the combining (e.g., fusion) in biock 438 may include the
following exemplary steps according to the present principles. For example, let [og{x,J,
Ipee(x:), and I, (x;) be the sensor importance score for the sensor x; of the regularization
based ranker, tree based ranker, and nonlinear ranker, respectively. Let Iy,..4(x;) denote
the overall (fused) importance score for the sensor x;, In one embodiment, fp,.q may be
calculated as follows:

Iﬁised(xi) - m’rirég<xi) + M](?Itree<xi> + ‘/Vnim)iixi) s (1)
where W,., W, and w,, are the weights associated with each ranker, respectively.
[0073] In some embodiments, separate validation data may be employed to determine
the above weights according to the present principles. For example, a classifier based on
the top features discovered by each ranker may be built, and the classifier may be
employed to evaluate the evaluation data. The value of w» may represent the accuracy of
validation for each ranker. Various classifiers may be emplovyed according to the present
principles, including, for example, emploving a support vector machine (SVM) as the

classifier for validation.
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[0074] Referring now to FIG. 5, an exemplary key performance index (KPI) time
series 300 for a biochemical plant 1 Ylustratively depicted in accordance with an
embodiment of the present principles. It is noted that the KPI time series 500 for a
biochemical plant is presented for simplicity of illustration, and that the present principles
may be applied to any physical systems according to various embodiments,

[0075] In one embodiment, the present principles may be applied to a data set from a
process of a biochemical plant for a particular seasoning product. The system of this
plant may have seven sensors labeled ‘UKL "M’ 'N and ‘(Y. Each sensor
records a system status every minute. The KPI time series of this data set is shown in
FI1G. 5, and each burap 502, 504 represents the executing the process {or each lot, and the
KPI value shows the quality of products and/or whether the process is working or not
working according to various embodiments. For example, the products have some
anomalies if the corresponding KPI is 1, the products are normal if the corresponding
KPLis 0 and the process s not active in the time region where the KPlis —1.

[0076] In one embodiment, the quality regions may be assigned according to this KPL
That is, the time regions where KPI = U are assigned to good guality regions 502, and
bad quality regions 504 where KPI = 1. For this system the sensors which are related to
the KPI are located among the phurality of sensors in the physical system according to the
present principles. Table 5, below, shows the final result of the method and sensor ‘18
found as the most important relevant feature. In practice, this is the key sensor {(e.g.,
according to a domain expert of this plant). However, it is not possible to determine why
this sensor is important only by this result, so intermediate feature ranking results of each

rankers are analyzed according to the present principles.
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[0077] Table S —~ Result of the Sensor Ranking:

Rank Sensor Score
i J 3.1587
2 L 1.1RG7
3 i (.8146

[0078] In one embodiment, Table 6, below, may show the results of the top features
from each ranker:

[0079] Table 6 — Feature Ranking for Each Ranker:

{a) Regularization {b) Tree Based {¢) Non-Linear
Feature Score Feature Score Feature Score
i kurtd 1.0000 Jeurt::d 1.0000 kart::J 0.3434e-1
2 | PnBind::J | 0.9860 skewJ | 0.227%e-1 skew::J 0.2076e-2
3| ARpizL | 0.9386 std:od 0.6294e-2 stdi:L 0.8785¢-3
41 gidsat | 0.8000 qt05:1 | 0.2982-2 qi03:L | 0.8297e-3
5 | PinBinl K | 0.3000 skew: K | 0.2804-2 FmxLoc:L | 0.7446e-3

[0080] As shown in Table 6, the feature ‘kurt:}” (e.g., kurtosis of sensor ‘J7) is
determined to be the most important feature for all rankers in this real physical system
{e.g., biochemical plant) according to the present principles. The feature series ‘kurti P
may change almost at the same time as the KPI, and as such, 1t 1s impossible to wdentify
such synchronized changes directly from the original time series (e.g., without
transformation, ranking, and fusion according to the present principles).

[0081] As shown in the real-world example above, the present principles may be
ermployed to determine the most important time series and the most iraportant features
(e.g., which are related to the KPI) of real physical systems {e.g., a biochemical plant)

according to varicus embodiments. In some embodiments, a graphical user interface
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(GUL) may be constructed, and may show an image of output for the quality conirol
engine {(e.g., results may be obtained by a simple chick after inputting timne series data and
a corresponding KPI), and the GUT of the quality control engine may be employed to
adjust the settings of the physical system to improve quality (e.g.. based on the output of
the quality control engine) according to various emnbodiments of the present principles.
[0082] Referring now to FIG. 6, an exemplary system 600 for quality control for
physical systems using a guality control engine is illustratively depicted in accordance
with an embodiment of the present principles.

[0083] While many aspects of systern 600 are described in singular form for the sakes
ot illustration and clarity, the same can be applied to maltiples ones of the items
mentioned with respect to the description of system 600. For example, while a single
controller 680 is illustratively depicted, more than one controller 680 may be used in
accordance with the teachings of the present principles, while maintaining the spirit of the
present principles. Morveover, 1t 1s appreciated that the controlier 680 is but one aspect
voived with system 600 than can be extended to plural form while maintaining the
spirit of the present principles.

[0084] The system 600 may include a bus 601, a data collector 610, a time series
transtormer 620, a feature sequence extractor 622, a fitness score generator 624, a feature
library/storage device 630, feature series rankers 64(, a ranking score fusion device/data
condenser 650, a normalizer 652, an aggregator 054, a combiner/fuser 656, a
classitier/validator 660, a GUI display 670, and/or a controller 680 according to various

embodiments of the present principles,
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[0085] In one embodiment, the data collector 610 may be employed to collect raw data
(e.g., sensor data, fime series, system operational status, etc.), and the raw data way be
received as input to a time series transformer 620. The time series transformer 620 may
transform raw time series into a number of feature series to cover various aspects of the
dynamics of sensor readings, inchuding, for example, characteristics of time series in the
teraporal domain/frequency domain, temporal dependencies of individual time
series/different time series according to various embodiments, which may be included in
a feature library 630. A sliding window technique may be employed by a feature
sequence extractor 622 to extract a sequence of features (rather than individual feature
values), and a fithess score generator 624 may be generated for each feature to prune out
irrelevant features before employing feature series rankers 640.

[0086] In one embodiment, an ensemble of feature series rankers 640 may be
employed to cover all aspects of feature dependencies, inchuding, for example, a
regularization based ranker, a tree based ranker, and/or a novlinear ranker according to
the present principles. A ranking score fusion device 650 may include a normalizer 652
to normalize scores from different rankers, an aggregator 054 to aggregate feature
importance scores for each sensor, and/or a combiner/fuser 656 to combine the score
ranking outputs from different rankers according to the present principles.

[0087] In one embodiment, a classifier 660 may be built based on top features
discovered by each ranker, and the classifier 600 may be emploved to evaluate validation
data {e.g., for weights associated with each ranker). A GUI display 670 may be provided,

and mway include raw data, KPI time serjes, ete., and a controller 680 roay be employed to
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adjust the system based on the output of the guality control system 600 including a
guality control engine according to various embodiments of the present principles.
[0088] [t should be understood that embodiments described herein may be entirely
hardware or may include both hardware and software elements, which includes but is not
timited to frmware, resident software, microcode, etc. In a preferred embodiment, the
present invention is implemented 1o hardware,

[0089] Embodiments may include a computer program product accessibie from a
computer-usable or computer-readable medium providing program code for use by or in
connection with a computer or any instruction execution system. A computer-usable or
computer readable medium may include any apparatus that stores, communicates,
propagates, or transports the program for use by or in connection with the instruction
execution system, apparatus, or device. The medium can be magnetic, optical, electronic,
electromagnetic, infrared, or semiconductor system (or apparatus or device) or a
propagation mediom. The mediurm may include a computer-readable storage mediom
such as a semiconductor or solid state memory, magnetic tape, a removable computer
diskette, a random access memory (RAM), a read-only memory (ROM), a rigid magnetic
disk and an optical disk, etc,

[0090] A data processing systern suitable for storing and/or executing program code
may include at least one processor coupled directly or indirectly to memory elements
through a system bus. The memory elements can include local memory employed during
actual execution of the program code, bulk storage, and cache memories which provide
teraporary storage of at least some program code to reduce the nurnber of times code is

retrieved from bulk storage during execution. Input/output or ¥{J devices (including but
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not limited to keyboards, displays, pointing devices, etc.) may be coupled to the system
either directly or through intervening V0O controllers,

[0091] Network adapters may also be coupled to the system to enable the data
processing system to become coupled to other data processing systems or remote printers
or storage devices through intervening private or public networks. Modems, cable
modem and Ethervet cards are just a few of the currently available types of network
adapters.

[0092] The foregoing is to be understood as being in every respect illustrative and
exernplary, but not restrictive, and the scope of the invention disclosed herein is not to be
determived from the Detailed Description, but rather from the clairos as interpreted
according to the full breadth permitted by the patent laws. It is to be understood that the
embodiments shown and described herein are only illustrative of the principles of the
present invention and that those skilled in the art may implement various modifications
without departing from the scope and spirit of the invention. Those skilled i the art
could implement various other feature combinations without departing from the scope

and spirit of the invention.
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WHAT IS CLAIMED I5:
1. A method for quality control for a physical system, comprising:

transforming raw time series data collected from each of a plurality of sensors in
the physical system into one or more sets of feature series by extracting features from the
raw time series;

generating feature ranking scores for each of the sensors by ranking each of the
features using an ensemble of feature rankers;

generating fused importance scores by aggregating the feature ranking scores for
each of the sensors and combining ranking scores from each ranker in the ensemble; and

controlling system quality by identifying sensors responsible for quality

degradation based on the fused importance scores.

2. The method as recited in claim 1, wherein the ensemble of feature rankers
considers a plurality of aspects of feature interactions and their dependencies to generate

the feature ranking scores for each of the sensors.

3. The method as recited in claim 1, wherein the ensemble of feature rankers

includes at least one of a regularization-based ranker, a tree-based ranker, or a nonlinear

ranker.

4. The method as recited in claim 1, wherein the physical system is a physical

manufacturing system.
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5. The method as recited in claim 1, wherein a sliding window technique is
employed during the transforming to extract the features while preserving continuity

along a time axis.

6. The method as recited in claim 1, wherein the features are stored in a pre-defined
library, the library including a plurality of feature definitions describing different aspects

of signal dynamics.

7. The method as recited in claim 6, wherein the different aspects include at least
one of characteristics of time series in a temporal domain, characteristics of time series in
a frequency domain, temporal dependencies of individual time series, or temporal

dependencies across different time series.

8. The method as recited in claim 1, wherein the feature ranking scores are

normalized using a sigmoid function before generating the fused importance scores.
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9. A quality control engine for a physical system, comprising:

a time series transformer for transforming raw time series data collected from
each of a plurality of sensors in the physical system into one or more sets of feature series
by extracting features from the raw time series;

an ensemble of feature rankers configured to rank each of the features to generate
feature ranking scores for each of the sensors;

a combiner for generating fused importance scores by aggregating the feature
ranking scores for each of the sensors and fusing ranking scores from each ranker in the
ensemble; and

a controller for managing system quality by identifying sensors responsible for

quality degradation based on the fused importance scores.

10. The system as recited in claim 9, wherein the ensemble of feature rankers

considers a plurality of aspects of feature interactions and their dependencies to generate

the feature ranking scores for each of the sensors.

11. The system as recited in claim 9, wherein the ensemble of feature rankers includes

at least one of a regularization-based ranker, a tree-based ranker, or a nonlinear ranker.

12. The system as recited in claim 9, wherein the physical system is a physical

manufacturing system.
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13. The system as recited in claim 9, wherein a sliding window technique is employed
during the transforming to extract the features while preserving continuity along a time

axis.

14. The system as recited in claim 9, wherein the features are stored in a pre-defined
library, the library including a plurality of feature definitions describing different aspects

of signal dynamics.

15. The system as recited in claim 14, wherein the different aspects include at least
one of characteristics of time series in a temporal domain, characteristics of time series in
a frequency domain, temporal dependencies of individual time series, or temporal

dependencies across different time series.

16. The system as recited in claim 9, wherein the feature ranking scores are

normalized using a sigmoid function before generating the fused importance scores.
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17. A computer-readable storage medium including a computer-readable program,
wherein the computer-readable program when executed on a computer causes the
computer to perform the steps of:

transforming raw time series data collected from each of a plurality of sensors in
the physical system into one or more sets of feature series by extracting features from the
raw time series;

generating feature ranking scores for each of the sensors by ranking each of the
features using an ensemble of feature rankers;

generating fused importance scores by aggregating the feature ranking scores for
each of the sensors and combining ranking scores from each ranker in the ensemble; and

controlling system quality by identifying sensors responsible for quality

degradation based on the fused importance scores.

18. The computer-readable storage medium as recited in claim 17, wherein the
ensemble of feature rankers considers a plurality of aspects of feature interactions and

their dependencies to generate the feature ranking scores for each of the sensors

19. The computer-readable storage medium as recited in claim 17, wherein the

ensemble of feature rankers includes at least one of a regularization-based ranker, a tree-

based ranker, or a nonlinear ranker.
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20. The computer-readable storage medium as recited in claim 17, wherein a sliding
window technique is employed during the transforming to extract the features while

preserving continuity along a time axis.
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