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Using Immunology Principles for Fault Detection

P. J. Costa BrancdMember, IEEEJ. A. Dente, and R. Vilela Mendes

Abstract—The immune system is a cognitive system of com- system although, in detail, it does not exactly follow the biolog-
plexity comparable to the brain and its computational algorithms  jcal steps. Many of the detailed features of the immune system
suggest new solutions to engineering problems or new ways of5re gependent on the biological context where it operates and

looking at these problems. Using immunological principles, a two- - . -
(or thrgee-) mOdl?le algorithm isg developedg whicF:)h is pcapable of On the type of cell hardware that is used. It is our opinion that

launching a specific response to an anomalous situation for diag- the correct way to profit from the clever evolutionary mecha-
nostic purposes. Experimental results concerning fault detection nisms developed by nature is to obtain algorithmic inspiration

in an induction motor are presented as an example illustrating from them, but, at the same time, to find the implementation that
how the immune-based system operates, discussing its capabllltles1-S more appropriate for our problem. For example, the interac-
drawbacks, and future developments. . !
_ o _ tion between thé3-module and th@-module takes the reverse
_ Index Terms—Fault diagnosis, immune-based systems, induc- order of what is found in nature, with a clone proliferation phase
tion motors, learning systems. precedingl -identification. Clone proliferation is a costly bio-
logical operation, whereas, in the software for an anomaly de-
|. INTRODUCTION tection system, it is merely a virtual (not very time consuming)

HE immune svstem. with its cell diversity and variet ot)peration. Therefore, it makes sense to reverse the operations
y ' Y Y % improve identification accuracy. This is a good example of

mformauon processing mechan_lsms, IS a cognitive SySt%y one should receive inspiration from nature but not copy it
of complexity comparable to the brain. Understanding the W%Yindly

this organ sqlves its computational tasks suggests new €NYhe algorithmic modules developed in Section Il have a wide
neering solutions or new ways to look at old problems.

. . . range of applications to many different technological systems.
Early fault detection and predictive maintenance are ex- g PP y 9 Y

. . . .~As an illustration of how the proposed immune-based algorithm
tremely important for the cost savings they provide, especia brop g

in larae and complex Svstems with manv pieces of eauipm erates, a concrete case is dealt with in the last part of the
! g plexsy Wi y P! quip per, namely, an application to anomaly detection in induction

such as, for example, an electrical power network. In a syst %tors. Experimental results are presented, discussing the algo-
[

OT suc_:h comple_xny (bec_au_se pf. Its many connections athm capabilities, drawbacks, and its future developments.
diversity of equipment) it is difficult to make a complete

catalog of all the possible, and probable, anomalous situations.
On the other hand when, for example, a circuit breaker operates [I. IMMUNE SYSTEM PARADIGM
in response to an overload, the harm is already done, eithe
to some equipment or to the stability of the network. With it L i
ability to detect and react to novel situations and to unleagcl%r anomaly detection in complex technological systems are
smooth early secondary responses, the immune system se%HsO”OWS (171
to be an adequate source of inspiration to develop algorithms * UniquenessThe immune system of each individual is
for early detection of anomalous behavior in electrical systems. ~ Unique, each one being a different entity, in spite of their
After a short introduction to the characteristics of the immune ~ ©overall similarity. Similar pieces of equipment are also
system that are relevant for our purposes, this paper describes a Unique entities. For instance, electric motors of the same
three-module algorithm for anomaly detection. By analogy with  tyPe and with equal ratings have different aging processes
the immune system, these modules will be calledzhmodule, when placed in different electrical and thermal stress con-
theT-module, and thé-module. However, it should be empha- ditions. Therefore, they also require a protection system
sized that we are not trying to imitate the immune system in all  that is tuned to their specific vulnerabilities.
its features and detailed operation. The proposed algorithm is® Imperfect detection and mutatioBy not requiring an ab-
inspired in the current understanding of the mammal immune ~ Solutely precise identification of every pathogen, the im-
mune system becomes flexible and increases its detection
_ _ _ _ _ range. However, when a pathogen is detected, a hyper-
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Fig. 1. T-module structure. (a) Self patterns (small circles) and anomaly detectors (large circles). (b) Shift of a detector code to increase affiratyowityan
(c) An anomaly outside all detector neighborhoods. (d) Creation of a new detector.

a small number of detectors may be defined, which are Bhe B-module reacts to all frequently occurring state vector
a later stage modified by the dynamics. values (self and nonself codes) and presents its results to the
» Learning and memoryrhe immune system is able to learrii’-module. TheB-module also plays a role in updating the
the structure of the pathogens, and remember those striiemodule. For large distributed systems one considers also the
tures. Future responses are much faster and, when madenglementation of D-modules which are essentially reduced
an early stage of the infection, no adverse effects are fetate spacé&’-modules. They are simple anomaly detection
by the organism. We underline the importance of this feanits that, when some potential abnormal situation is detected,
ture for smooth operation and cost savings, both in faukport the situation to a central system which then makes a
detection and in preventive maintenance. detailed analysis of the event.
Novelty detectionThe immune system can detect and
react to pathogens that the body has never encounteped’’-Module

before. This module contains a set of detectors which are vectors in

Distributed detectionThe detectors used by the immun%omplementary space of the seff— [0, 1]¥\ S. Each element

syst_em are small aqd efficient, highly distributed and not of A is able to detect anomalies inside a radiysaround
subjected to centralized control.

it. That is, if | Y- T| < 1, Yy being the current state of the
system, an anomaly of typeis reported.

Let the set of self patterns be known. Then, the algorithm de-

In the algorithm, the states of the system, btlimal con- finesd detectors with radius,. Fig. 1(a) illustrates, in a two-di-
dition and anomalystates, are characterized by the values afensional space, the basic idea. The small circles are the self
N variables. TheV-dimensional state vector is normalized irpatterns. To each point in the self corresponds a code (a set of
such a way that all variables take values in the intef¢al]. vector coordinates) and an affinity neighborhood of normal op-
The values of the state vector in normal conditions define tleeating conditions inside a radiug. The anomaly detectors are
self S of the system. The anomaly states areribaselfof the shown in the figure as large circles. THemodule is initialized
system. by choosing points iM at random with corresponding radius

The algorithm contains three modules. THé&émodule r,, until a reasonable coverage of the spacis obtained with
discriminates self from nonself (that is, from anomalies)l detectors.

I1l. ALGORITHM
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TheT'-module receives inspiration from the censoring mech-
anism forZ’-cells that occurs in the thymus. This negative selec-
tion process is implemented in tHémodule as follows. Each
candidate anomaly detector (immatUraletector) is generated
at random. The affinity of this vector with those defining the self
and the other already established detectors is measured by the
Euclidean distance. If the new detector falls in the neighborhood
domain of another detector or of a self code, it is deleted and an-
other candidate detector is generated at random. Otherwise, the
detector is included as an elementof the spaced (mature
T-detector). The censoring mechanism is repeated until a pf&L 2. Zones4-D for the mutation process.
specified numbed of detectors is generated.

When a measuremeny of the system arrives at the 0;: é**m '*T :;# }’f:';’: ++fr«:§ ++ #;ifmi*f
T-module, the algorithm verifies whether this code has affinity e T ,Mi.g nf‘;,;:&:i*33*:;;:3,‘*??&:
with one of the detectors or with the self. If it falls in the self . Tyl P O
domain, no detector is activated. If affinity is found with one of on +:;+; : :*+f?::f{§+£+:+1+ hoYy 1&;,;:3

— — + + + +F % +,
the detectorg =’ |, an anomaly of type’ is reported. To avoid °‘6’++++++# .Y tzﬁ' :ﬂ*;ﬁ;&;&mﬁéiﬁfﬁ ++ ++¢::";f
| P
overreaction to ‘spurious situations, each detector is equipped ¥ *:f*% A SR +1;+f*:+*11: *:;f*:++:**f*?:€+ w4
with a counter and reports an anomaly only if the offending °"g:++++++**fﬂ:+ ke, T ‘}**fm % 3
vector occurs more than a predefined number of times. 03, Hrt L BRI R
. . . . o . »* I : *, i—+; Tl b #+*§++++ +4

We notice at this point that, with random initialization, the 03 :ﬁ{*é::ff**ﬁf +4*+ff:t:£ 5:**'; :Iﬁ{* P

T-module is not necessarily tuned to the most frequent, or prob- 0-1;?;3*;%‘“ T ATy +*++t;'+¢+:: e

. . 4 R PR .
able, anomalous situations. On the other hand, some dangerous o #& "4, "+ * S F iy - Jafi "5 i* s

i X 0 01 02 03 04 05 06 07 08 09 1
gaps may occur between the neighborhood domains of the de-
tectors. This situation is corrected by dynamic interaction withg. 3. Mutation creates a cluster around an external code.
the B-module.

By a mechanism to be described later on, #anodule
generates vector codes corresponding to the most frequently
occurring states of the system and sends these codaleras

codedo theT-module. When an alert code coming from the
B-module arrives to th&-module, the latter takes one of three
actions.

g 8 58 E &

Number of clone vectors
N
@

1) If z islocated inside a detector, the center of this detector

is shifted to a position closer to the code and, ifz
continues to occur, an anomaly is reported. That is, not
only is an anomaly detected but also the detector becomes
belter tuned to this kind of anomaly.

2) If z islocated outside all detector neighborhoods, at a dis-
tance at least’, a new detector is created at the position
- . ) .. . .. Fig.4
of the & code with radius’. As before, if this situation 9
recurs, an anomaly is reported.
3) Finally, if # has affinity with a self pattern, nothing
happens.
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Evolution of the clone population.

this way, thel’-module modifies the initial set of detectors pro-
duced by the censoring mechanism. It may change their number,
modify the space distribution and change the resolution, cre-

By itself or in interaction with the3-module, thel-module  ating a system-specific anomaly detection device.
is an adaptive system. As an illustration, two typical situations
are considered here. The first one is shown in Fig. 1(a) and (B). B-Module
Suppose that a nonself code [the star symbol in Fig. 1(a)] is de-The B-module plays a role inimproving théspace coverage
tected several times. Then, the detector changes its code tagfthe7-module and, when used with a system that is known to

crease the affinity to this type of anomaly, as shown in Fig. 1(lje operating in normal conditions, may also be used to generate
The second situation, shown in Fig. 1(c), corresponds to a ca@§e self patterns.

in which no detector had affinity with the external code. In this Fig. 5(b) shows an example of a typicatmodule. It has a
case, if the situation occurs many times, the algorithm creatggal population ofV, vectors

a new detector with a resolution defined by the smallest dis-

tance to the other detector boundaries, as shown in Fig. 1(d). In Ny =N+ Ny, Q)
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Fig. 5. (a) Initial vector population. (b) Population (initi&l plus clonesy) att = 150, (c) ¢ = 200 and (d)t = 300.

consisting of an initial population a¥; vectors{ z; ¢, the “+”  C, the muta_t)ion process occurs in a deterministic way. The ex-
symbols randomly distributed in the whole spdgel]V, plus ternal codey is assumed to have mass one and the vectors in
zoneC massm;. The new code in the population corresponds

a variable numbeiV;_ of clone vectors{ﬁc}, the “o” symbols i :
to the center of mass of the two entities, given by

also shown in Fig. 5(b).
The number of clone vectors changes as the system evolves.

To keep the system computationally efficient their number is :n_(}(t +1)=

limited to a fractions of the initial population

mldf_c)*(t)+l7

L4 i ®3)

In zone D, the mutation process works in a random way.
e-max The new position of the population vectey, is found using

The evolution of the total vector population is controlled bg random uniform distribution for each point of the line defined
interaction with the state vectors generated from the systéthe old position of the vector and the position of the external
during its operation, the external codes. This dynamical evéPde
lution has mutation and stimulation features that are described _ . -
next. zp(t+1) =zp(t)+n (y - xD(ﬂ) : 4)

1) Mutation: A mutation process takes place every time

an external coda7, coming from the system, arrives to theWhen the external code appears repeatedly in the same region,

B-module. The mutation process begins by selecting, from tfe mutation process leads to a population cluster in that region,
. — . as shown in Fig. 5(b). The speed of cluster formation depends
total population, a sample ¢f,, vectors,q z,,, . The mutation

t v in thi t of th lati dinth on the parameters,; andr. The cluster code is computed by a
process operates only in this part ot the popuiation and In tNG\. 5 chjcal binary tree routine, a cluster being identified when

codes that are close to the external signal =~ a threshold parameter in the clustering algorithm is reached.

The mutation process depends on the affinity between tige cluster center defines aert codethat is passed to the
vectorsz,, in the sample and the external code When the 7-module to be processed as described in Section I1I-A. If the
vectorz,, and the code/ are far way, as in zond of Fig. 2, no  alert code is identified as a self code, it is eliminated from the
affinity is considered to exist and the codg, is not changed. population. Otherwise, it reports an anomaly and creates a new
Also, in zoneB there is no modification. For codes. in zone or improved detector in th&-module.

N, = BN,. 2
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The mutation process is illustrated in Fig. 3 which corre- ’“T
sponds to an external code= (0.1,0.7) being detected many »
times. A cluster is created around the external code. ‘T |

It is also clear that, when either the nature of the self codes %
is not known or it is difficult to specify a priori, th&-module,
used with a system in normal operating conditions, may be used B
to generate the self codes by the mutation process.

2) Stimulation: As new external codes arrive in the 1
B-module, the mutation process destroys the initial uniformity }
of the vector population, resulting sometimes in a highly sparse 5
distribution. In this case, if an atypical external code appears,

its detection may become difficult. This situation is even more o AL;' Lo '[1)30‘ %140 160180200
critical when the external code is located near the boundary N
of the state space or near an already formed cluster. In these @)
cases, the mutation process has a high probability to fail !
because the aredsand D (Fig. 2) are depleted. To overcome o
this drawback, astimulationor cloning mechanism has been og 4
included in the algorithm to create new vectors in the region ont
where the external code appears. od.
The cloning mechanism is activated when the rate of external o |
codes arriving in a neighborhood exceeds a prespecified o
thresholdw. If the rate is below this threshold, there is no ' s
cloning and only the mutation process takes place. The number )
of clone vectors in the total population is limited to a maximum o‘i(mHz)
Ni. ....- As long as the stimulation threshold is exceeded in a 3.
given region, clones are added to the population in locations i BRSNS S S S S|

chosen at random in the regiods to D. If the number of )

clone vectors has reached its maximum value and more = 6. (a) Normal operation frequency spectrum. The 50-Hz intensity is

ternal codes continue arriving, at a rate above the stimulatio: > : -

threshold, the oldest clones ig the population are progressivgg667 dB. (b) Three self patterms at 100, 150, and 180 Hz.

replaced by the new external codes. After each cloning, the

mutation mechanism is activated as before for a possible clusteMemory is a hallmark of the immune system. As in the im-

formation. mune system, memory features are present in the algorithm at
A death mechanism is also introduced for the clone vectoP4/0 levels. In thé’module, the tuning of the position and range

At each time, one vector from the total population is chosen @kthe detectors acts as a long time memory of past anomaly sit-

random. If it belongs to the initiaV; population nothing hap- uations. For theB-module, the distribution of the population,

pens. However, if it belongs to the set/§f, clone vectors, itis Poth initial population and clones, has memory features at two

eliminated with probability different time scales.

Py = N, (5) C. D-Modules

Ni. + N For large distributed systems like, for example, an electrical
The stimulation mechanismisillustrated in Figs. 4 and 5. Thgower distribution network it is not economic, in terms of

initial population in Fig. 5(a) was exposed from time- 0 to computational power and communications, to keep a per-
t = 150 to the external code = (0.4,0.4), from¢ = 151 to manent monitoring of the whole system by a centralized
t = 200 to the codé = (0.7,0.7) and fromt = 201 to¢ = 300 facility. Therefore, in these cases it is reasonable to distribute
to the code: = (0.32,0.32). Fig. 4 shows the evolution of the throughout the network a large number of simple monitoring
total number of clone vectors with an initial vector populatiosystems, which report to a central unit only when some unusual
of 200 vectors. Notice in this figure that clones only start to beondition appears as a candidate anomaly. Depending on the
created after a certain number of occurrences of the externature of the transferred data to the central unit, this one may
codea. The clone population increases. After the change of ethen subject this particular network node to a finer analysis.
ternal code: to b, only the random death mechanism is observed The D-modules behave, therefore, asomaly-presenting
during a time interval. Following, the clones’ number start insystems and may be constructed as simplifiednodules
creasing again until the new external cadappears. After the with a reduced state space. For example, to monitor the
death mechanism, the clone population increases again untilcaver transformers in a network, the-modules may only
certain saturation level. In this example the saturation |&yel process the data related to the concentration of a particular
has been set at 400. Fig. 5(b)—(d) shows three successive sgag-type or the temperature at a few critical points. In case of
shots of the total population evolution with the clones denotedpotentially anomalous situation, the central unit may then
by a diamond symbol. require the transfer of data from other monitoring devices.
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Fig. 7. Motor with one broken rotor bar. (a) Sideband frequencies and range of the subunit around 50 Hz. 50-Hzin 668y dB, 40-Hz intensity: 425 dB.
(b) Initial detectors, self pattern, and the external code. (c) Vector population after the stimulation and mutation processes. (d) Detector shift.

Although simplified, the D-modules may also be evolvingas an unbalanced power supply and time-varying loads [19] are

units, learning both from their experience of local conditionimcluded in this group.

and from periodic updates to benefit from experience collectedIt is important to emphasize that the algorithm proposed is

at other points of the network. not appropriate to any fault type. The method presents specific
characteristics that make it more efficient to a restrict but high
frequent-fault situations for the squirrel-cage motor.

¢ When the failure is gradual, for example, broken rotor
Squirrel-cage motors are critical components of many pieces bars, the algorithm using its mutation and cloning pro-
of industrial equipment. They are fairly reliable machines, nev-  cesses is capable to gradually trace the fault appearance,
ertheless, they do suffer degradation and occasional failure. En- thus allowing early fault detection and potentially a pre-
vironment, duty cycles, and installation conditions may com-  dictive maintenance [20];
bine to accelerate motor failure. Their malfunction introduces < For situations where the machine is inserted in a produc-
costs in the industrial processes where they are inserted, these tion unit, it is normally difficult to distinguish a normal op-
costs being often much higher than the actual cost of the motor. eration of the motor from a potential failure one using only
These motors often experience several faults. The first group the stator current frequency spectrum as the faultindicator.
is composed by situations as overload, single phasing, locked The algorithm through its capability to distinguish the self
rotor, ground fault, overvoltage, and undervoltage [15]. Tomon-  (normal operation condition) from a nonself (faulty opera-
itor these faults, a simple solution consists in use protective tion) state of the machine, allows a solution to this problem
relays to disconnect the motors in case of a faulty situation. as shown next.
The second group of faults can be divided into stator and rotorlt was based on these assumptions that we have selected three
classes of failures, which can be primarily detected in their itypical fault situations to be studied. One was the broken rotor
cipient phases: stator failures group bearings [16] and interturars fault. The second fault situation has the machine operating
faults [17], and rotor failures group broken bars [10], [11], [14)vith an oscillatory load (characterizing a certain normal ma-
and eccentricity. The third group of faults is concerned not onthine operation) and the case of an unbalanced power supply.
with the electrical machine itself but with its interaction withThe third fault situation considers again an oscillatory load but
the power converter [18] and mechanical load. Fault situationew with a broken rotor bar occurring in the motor.

IV. ANOMALY DETECTION IN SQUIRREL-CAGE MOTORS
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Fig. 8. Motor with four broken rotor bars. (a) Initial detectors, self pattern and the external code. (b) Vector population after the stimuldt®matation
processes. (c) A new detector is created.

A variety of fault detection techniques have been proposedrmal operating conditionst is this frequency spectrum, with
[8]-[14] for the squirrel-cage motor. Each one addresses a spe-without harmonics, that characterizes #adf state of the
cific failure in one of the three motor components: the statanachine.
the rotor, or the bearings. The signals to be monitored may bednstead of analyzing all spectrum as the majority of the cur-
stator voltages and currents, output torque, rotor position araht algorithms do, our algorithm uses a sebefmodules local-
speed, air-gap flux density, temperature, and vibrations. A larged at specific frequency intervals in the stator current spectrum
amount of research has concerned the use of stator current spgtere most frequent faults occur. Using the patterns that charac-
trum for fault detection, including fault classification [21]-[24] terize the normal motor operation to build the self, the method
The presence of some frequency components has been shimaapable of building a series of fault detectarghat, when
to be the signature of a fault condition. an anomaly pattern occurs inside one of them, an anomaly of
Most methodologies based on the stator current spectrum gngez can be reported. Notice that to avoid overreaction to spu-
based on the assumption that the current drawn by a norrmrials situations, each detector is equipped with a counter and
motor has only a significantly large component at the suppigports an anomaly only if the offending vector occurs more
frequency. A machine malfunction would manifest itself by ththan a predefined number of times. Thus, there is no diversity of
appearance of other significant components, some frequengigsaning since it has the capability to classify the most frequent
being related to specific faults. However, it is difficult to disanomalies.
tinguish in this way a normal operating condition from a po- ) _ )
tential failure. This is because spectral components may arfse Fault Detection: Results and Discussion
from a number of sources, including those related to normal op-The stator current is sampled and converted to the frequency
erating conditions. Harmonic components may exist, causeddymain using a discrete Fourier transform, thus accounting for
the motor design, by the power network or by fluctuations ia steady-state operation of the electrical machine. A sequence
the load torque, which are not related with an abnormal motof spectra is obtained by a moving window on the current data.
condition. Only those harmonics with amplitude greater than 50 dB and
To consider a single component spectra as the represeffitaguencies below 200 Hz are kept. The 200-Hz upper limit was
tive pattern of normal motor condition is not correct. It is thehosen because most frequencies related to squirrel-cage motor
actual current spectra, obtained when the motor is insertedfailts occur in this interval. Harmonic amplitudes are normal-
the production unit in typical conditions, that characterizes tlized by the amplitude of the supply frequency.
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Fig. 9. Motor with oscillatory load and unbalanced power supply. (a) Sideband frequency components and range of the subunit around 150 $z(3ttetBitie
= 8740dB; (50 Hz)= 16 667 dB; (70 Hz}= 5503 dB. (b) Initial detectors, self pattern, and external codes. (c) Vector population after the stimulation and mutation

processes. (d) New detector created to monitor unbalanced operation.

A detailed anomaly detection system must consider the
overall frequency spectrum pattern. Even discretizing the
spectrum, this implies monitoring a very high-dimensional

space, a process that requires considerable computer power.

On the other hand, it is not necessary to be monitoring all
frequencies in full detail all the time. The solution is to
segment our anomaly-detection system into several subunits,
each one covering a frequency interval in the spectrum.
The frequency resolution of all the subunits need not be
same because, from experience, we already know what
frequency intervals need to be monitored in more detail. All
the subunits work in a similar fashion, the overall operating
mode of the system being such that at each time only one
subunit is active but the active one changes periodically. In
this way, an adequate fine covering of the energy spectrum_is
implemented, while keeping the computation requirements &
a reasonable level.
A segmentation scheme of this type is applicable to any
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Fig. 10. Motor with oscillatory load and broken rotor bars. Sideband frequency
ponents due to the load and range of subu¥itsl and/N°.2 around 50
and 20 Hz.

system where a good resolution of the operation conditions isl) Results: The operation of the subunits is now illustrated
desired. However, if, at the same time, an overall continuousing laboratory results from normal conditions and from three
monitoring of the whole system is necessary, the outputs of ttypical fault situations.
subunits may be looked at as components of a global codingeach subunit monitors a frequency interval around a fre-
vector that is sent for analysis to a central system. The centgalency valuefp. The frequency interval is divided in two

system may then operate on a slower time schedule.

equal parts. For each part, the integral of the corresponding
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self pattern, and external codes. (c) Vector population after the stimulation and mutation processes. (d) New detector code created to nuttpisitthedia.

spectrum is computed, obtaining a data pair that is sent as the stator current of a squirrel-cage motor with different num-
external code to the algorithm. The lower and higher interveliers of broken bars.
correspond to the abscissa and ordinate coordinates in th&or the case of one broken bar, Fig. 7(a) shows the current
figures. spectrum. The initial population df-detectors(n = 33) and
As shown in Fig. 6(a), even in normal operation, the stattlme self pattern of this subunit are shown in Fig. 7(b). As ex-
current spectrum can display, in addition to the 50-Hz compternal codes come from the system [the hexagonal symbol in
nent, other significant frequency components (near 100, 150g. 7(b)], the B-module, through the stimulation and muta-
and 180 Hz). Asymmetry in the power supply and misalignmetibn processes, creates a new distribution of the vector popula-
are at the origin of these frequency components. Possible stibn [Fig. 7(c)]. The interaction between tii&module and the
units covering these frequencies detect these components agtheodule leads to the detector shift shown in Fig. 7(d) and to
self patterns of the motor, characterizing its normal conditiotme reporting of a motor anomaly.
state. Fig. 6(b) shows trelfpatterns of three of these subunits. A more severe situation is shown in Fig. 8(a) when the motor
Notice that when the subunits are centered exactly at 100, 168s four broken bars. The subunit now is the same as before, cen-
and 180 Hz, the slip frequency makes the harmonics to cdered at 50 Hz. With four broken bars, the amplitude of the side-
tribute only to the integrated spectrum of the higher interval. Weand components has increased, creating external codes near the
now illustrate the three fault situations, namely the case of rofooundary of state space [Fig. 8(a)]. After the stimulation and
broken bars, the case of oscillatory load and unbalanced powairtation processes illustrated in Fig. 8(b), a new detector is cre-
supply, and the case of oscillatory load and rotor broken bars.ated [Fig. 8(c)] to monitor and report this anomaly.
Case 1: Broken Rotor BarsBroken rotor bars generate spec- Case 2: Oscillatory Load Plus an Unbalanced Power
trum lines at frequencies Supply: Fault detection schemes for squirrel-cage motors
Fi=f 4 (2ks)f ©6) generally assume that the load torque is constant. If the load
torque varies with the rotational speed, then the motor current
with s being the slip frequencyf the supply frequency, and spectral harmonics produced by the load can overlap the
k an integer value (1, 2, 3,.). The amplitude of the sidebandharmonics caused by the fault conditions. The interaction of
frequencies measures the seriousness of the anomaly. the effects on the actual stator current spectrum caused by the
A subunit centered at the supply frequency (50 Hz), as shoault condition of an unbalanced power supply and the torque
in Fig. 7(a), has been tested using laboratory measurementssfillations is studied in this case.
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Fig. 12. Motor with oscillatory load and broken rotor bar. (a) Sideband frequency components and range of thé\subwaribund 20 Hz. (b) Initial detectors,
self pattern, and external codes. (c) Vector population after the stimulation and mutation processes. (d) New detector created to monitsittiaiaulty

An oscillation in the load torque at a multipte of the rotor

speed creates spectral lines at frequencies
fioad = f(1 £ km(1 — s)) (7) A set of subunits with different ranges could be distributed
_ . .by the spectrum. We show in Fig. 10 two subunits designed to
\tNhirz]rfe_shlo,v?/fi}i F| S'g (21 t;and frequency components of thlaetect a fault condition in this case. SubuNit.1 was centered
yp 9. : at 50 Hz with a range of-2 Hz, while subunitv°.2 was cen-

With ‘an unbalanced power supply, a negative-seque 2Fed at 20 Hz with arange af15 Hz. Notice that while subunit

voltage appears at the stator winding. This creates harmon}&g2 covers the supply frequency to detect any anomaly, sub-
at frequency components : . ) -

unit N°.1 covers a possible frequency interval containing har-

Fump = F(LEE(L = 5)). (8) Mmonics due to the oscillatory load.
Subunit N°.1 centered at the supply frequency (50 Hz) is

The power supply frequency remains at 50 Hz. Therefore, a s@htown in Fig. 11(a). The sideband frequencies due to a broken
unit centered at 150 Hz detects faults of these types. Alreadytor bar are indicated in the spectrum. The initial population
when operating in normal conditions there is an harmonic of T-detectors and the self pattern of this subunit (self-oscilla-
small amplitude near this frequency which will characterize ttery load but no broken bar) are shown in Fig. 11(a). As external
self configuration of the motor. When a situation of unbalancambdes come to the subunit (the dark symbols in Fig. 11(b)), the
operation arises, the magnitude of this harmonic increases, g8amodule, through the stimulation and mutation processes, cre-
erating new external codes, as shown in Fig. 9(b). The extera#ts a new distribution of the vector population [Fig. 11(c)]. The
codes for the unbalanced condition interact with Bxenodule interaction between thB-module and thd'-module leads to a
resulting in the final vector population shown in Fig. 9(c). Thishift of the detector nearest the external codes. Fig. 11(d) shows
then originates a new detector in tliemodule of this subunit the new detector code, which now has an increased affinity to
[Fig. 9(d)] and an anomaly is reported. this type of anomaly.

Case 3: Oscillatory Load Plus Broken Rotor BarOscilla- Fig. 12(a) shows subuni¥°.2 centered at frequency 20 Hz.
tory motor loads generate forces thatimpact the dynamic perfdhe harmonics due to the oscillatory load and the broken
mance of any squirrel-cage motor. Related mechanical stress#er bar are indicated in the spectrum. Self codes indicated in
in the rotor mainly contribute to a failure of broken rotor bardrig. 12(b) correspond to a case without any fault, only due to

Fig. 10 shows the stator current spectrum obtained for this situ-
ation. The highest frequency components due to the oscillatory
load are indicated in the figure at 10, 30, 70, and 90 Hz.
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the oscillatory load. When a broken bar arises, a new harmonic

appears in the spectrum [Fig. 12(a)], generating new externajyj p, c. boherty and J. P. Christensen, “Accessing complexity: The dy-
codes, as shown in Fig. 12(b). The external codes interact with

the B-module resulting in the final vector population shown in
Fig. 12(c). A new detector is generated in fienodule of this
subunit [Fig. 11(d)] and the anomaly is reported.
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