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Abstract. The work is devoted to the problem of construction the diagnostic models for the nonlinear
dynamic objects. The aim of the work is to improve the reliability and fast operation in diagnosis of the
states of electrical motors of under conditions of an a priori uncertainty. The a priori uncertainty results
from an insufficient study of the processes, which occur in the objects of diagnosis due to the operation
in a wide range of external conditions and the presence of a great amount of disturbing effects along
with environmental interferences. This aim is achieved by the development of the technical diagnosis
method based on the information models of the nonlinear dynamic objects of diagnosis, which are ob-
tained using the nonparametric identification procedure. As the information models of diagnostic
objects, the integral nonparametric dynamic models based on multidimensional weight functions are
considered. The most significant results consist in obtaining the method with a further development in
construction of a space of diagnostic features of the nonlinear dynamic objects based on the correlation
analysis as a stage of the features’ filtration. The latter ensures the maximum diagnostic reliability. Sig-
nificance of the obtained results: the application of the proposed method allows both high reliability of
the object diagnosis under the priory uncertainty, and improvement of the diagnostic procedure fast
operation owing to the feature filtration. The proposed method was tested using the data of the diagnosis
of the switched reluctance motors.
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Metoda pentru construirea spatiului caracteristicilor de diagnostic ale motoarelor cu jet de supapa
pe baza modelelor dinamice integrale
Fomin A. A., Ruban A. D., Rudkovsky O. V.
Universitatea Nationald Politehnica din Odesa
Odessa, Ucraina

Rezumat. Scopul lucrdrii este de a spori fiabilitatea si viteza diagnosticarii starilor motoarelor electrice ale
diferitelor obiecte energetice in conditii de incertitudine a priori. Incertitudinea a priori este cauzata de cunoasterea
insuficienta a proceselor care apar in obiectele de diagnosticare din cauza functionarii intr-o gama larga de conditii
externe si prezentei unui numéar mare de influente perturbatoare si perturbari ale mediului. Acest obiectiv este atins
prin dezvoltarea unei metode de diagnosticare tehnicd bazatd pe modele de informatii ale obiectelor dinamice
neliniare de diagnostic, obtinute utilizind procedura de identificare nonparametrici. in calitate de modele
informationale ale obiectelor pentru diagnosticare se propun modelele dinamice integrale nonparametrice bazate
pe functii de pondere multidimensionale, care descriu simultan proprietatile neliniare si inertiale ale unui obiect,
capabile sa ia In considerare defectiunile cauzate de ambele modificari ale parametrilor si structurii unui obiect,
precum si de a oferi confort in testare si diagnosticarea functionald. Cele mai importante rezultate: metoda de
construire a spatiului caracteristicilor de diagnostic ale obiectelor dinamice neliniare pe baza modelelor
informationale sub forma de functii de pondere multidimensionale a fost dezvoltatd in continuare prin utilizarea
analizei de corelatie cu un factor si multivariabil ca etapa de filtrare a caracteristicilor cu enumerarea ulterioard a
combinatiilor de caracteristici, care asigura o credibilitatea maxima de diagnosticare. Semnificatia rezultatelor
obtinute: utilizarea metodei propuse permite in acelasi timp asigurarea unei ctredibilitatii ridicate a diagnosticarii
obiectelor 1n conditii de incertitudine a priori datoritd utilizarii modelelor de informatii primare bazate pe functii
de pondere multidimensionale si cresterea vitezei procedurii de diagnostic datorita caracteristicilor de filtrare
bazate pe analiza corelatiei spatiului de diagnostic.

Cuvinte-cheie: obiecte dinamice neliniare, modele de diagnostic, reducerea modelului, selectarea caracteristicilor,
analiza corelatiei.
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MeToa MOCTPOEHNsI NPOCTPAHCTBA AUATHOCTHYECKUX NPU3HAKOB BEeHTHJILHO-PEAKTHBHBIX ABUraTe e
HA OCHOBE HHTErpajbHbIX JUHAMUYECKUX MoJeJiei
®omuH A. A., Pyoan A. /1., Pynkosckuii O. B.
Opecckrii HAMOHANBHBIA OJTUTEXHUYECKUNA YHUBEPCUTET
Onecca, YkpauHa

Annomauyusn. B pabote pemiaercs 3agada IOCTPOCHUS JHATHOCTHYECKHUX MOJCICH Ui HEJTUHEHHBIX
JUHAMUAYECKUX O00BeKTOB. Llenpi0 pabOThI SIBJISAETCS TOBBIIMICHHE JOCTOBEPHOCTH U OBICTPOACHCTBUS
JIUAarHOCTHUPOBAHUS COCTOSIHUHM 3JEKTPOJBUTATENICH pa3IMYHBIX DYHEPIeTHYCCKUX OOBEKTOB B YCIOBUAX
anpUOpPHON HEONPENENCHHOCTH. AMNpHUOpHAs HEONPEACIEHHOCTh BbI3BaHA HEJOCTATOYHOM M3Y4EHHOCTBIO
MPOIIECCOB, MPOTEKAIOMINX B 00BEKTaX AMATHOCTHPOBAHUS BCIICJCTBHE SKCILTyaTallMH B IIMPOKOM JHANa30HE
BHEIIHUX YCIIOBHH M HaNW4YUs OOJBIIOTO KOJMYECTBA BO3MYINAIOMIAX BO3ACHCTBHH M TOMEX OKpY’KaIOIIeH
cpensl. IlocTaBneHHas meTh AOCTHTACTCSA ITyTEM pPAa3BUTHS METOJa TEXHHUYECKOW IHATHOCTHKH Ha OCHOBE
UH(pOPMALIMOHHBIX MOJeNiell HeJIMHEeWHBIX TUHAMHYECKHX OOBEKTOB AMATHOCTHPOBAHUS, MOJYYEHHBIX IMPH
MOMOLIX MPOLIEAYpPhl HemapaMeTpuueckoil uneHtudukauu. B kauectBe HHGOPMALMOHHBIX MO/ieneli 00BEKTOB
JTUArHOCTUPOBAHUS PAaCCMATPHUBAIOTCS MHTETPAJbHBIC HENMapaMeTPHUSCKUe AMHAMHYECKHE MOJENH Ha OCHOBE
MHOTOMEPHBIX BECOBBIX (DYHKIMH, OJZHOBPEMEHHO OIMCHIBAIOIIME HEJIMHEHHbIE M WHEPLUOHHBIE CBOMCTBA
00beKTa, CIIOCOOHBIE YYUTHIBATH HEHCIPABHOCTH, BbI3BAHHBIE KaK M3MEHEHHUEM IapaMeTpOB, TaK M CTPYKTYPHI
00BEKTa, a TAKXKE 00SCIIEYNBAOIIUE YI00CTBO MTPU TECTOBOM M (DYHKIIMOHATIBHOM JMarHoCTHUpoBaHuu. Hanbonee
CYILIECTBEHHBIE  pE3yJbTaThl: MOJY4YWJ JajbHEWIlee pa3BUTHE METOJ  IOCTPOEHHUSI NPOCTPAaHCTBA
JIUArHOCTUYCCKUX MPU3HAKOB HEIMHEHHBIX JHHAMHYECKUX 00BEKTOB Ha OCHOBE MH()OPMAITMOHHBIX MOJEINCH B
BUJC MHOTOMEPHBIX BECOBBIX (YHKIUH TyTeM TNPUMECHEHUS OJHO(AKTOPHOTO U MHOrO()aKTOPHOIO
KOPPEIIIHOHHOTO aHAIHM3a B Ka4ecTBe dTana (GMIBTPAlUN MPU3HAKOB C ITOCIEAYIOMNM IIepedopoM COUeTaHUH
MIPU3HAKOB, YTO 00ECIIeYNBAET MAaKCUMAIFHYIO TOCTOBEPHOCTh AHMATHOCTHPOBAHUS. 3HAYMMOCTH IONYyYSHHBIX
pe3ymbTaTOB: TPHUMEHEHHE MPEUIOKEHHOTO METOla TI03BOJIIET OIHOBPEMEHHO OOECIICYHTh BBICOKYIO
JIOCTOBEPHOCTh THATHOCTUPOBAHHA OOBEKTOB B YCIOBHSX AalpHOPHON HEONPEAEICHHOCTH Onaromaps
WCTIONF30BaHUIO TEPBUYHBIX HH()OPMAIIMOHHBIX MOZENeH Ha OCHOBE MHOTOMEPHBIX BECOBBIX (QYHKIUH U
MOBBICUTH OBICTPOAEHCTBHE AMArHOCTHYECKOH Iporexypsl Onaromaps (UIBTpalldi MPHU3HAKOB HAa OCHOBE
KOPPEJSLMOHHOTO aHalk3a JUarHOCTHYECKOT0 IPOCTpaHCTBa. IIpeioskeHHbIA MEeTO]] alpoOUpPOBaH Ha JaHHBIX
3a/layd  AMarHOCTUPOBAHMS BEHTUIIbHO-PEAKTUBHOrO jpuraresd. Ilpumep [IeMOHCTpUPYET COKpalleHHE
BBIUHCIIUTENFHON CI0KHOCTU MPU MOCTPOSHUU JUArHOCTHYECKONH MOJIENIN MO CPABHEHHUIO C METOAOM Ha OCHOBE
OTCYETOB C PABHOMEPHBIM IIArOM IIPH 00SCIICYCHUH 3aIaHHON TOCTOBEPHOCTHU TUATHOCTUPOBAHUS.

Knrouesvle cnosa: HenvHeHbIE AMHAMUYECKHE 0OBEKTHI, JMarHOCTHYECKHE MOJIEINH, PEAYKIH Mojieel, oToop
MIPU3HAKOB, KOPPEIALUOHHBINA aHAJIH3.

INTRODUCTION their ecological compatibility. Therefore, nowa-
days, the improvement of their operational
characteristics, reliability and a service life are of
primary importance.

The most significant problem of the technical
diagnostics (TD) is timely and reliable determina-
tion of the technical state of the electrical motors
of various power objects (railway traction en-
gines, motor vehicles, lifting and transporting
equipment, etc.) [7, 8].

The objects like these are often accompanied
by the a priory uncertainty, which results from the
insufficient study of the processes that occur in
the diagnosis objects (DO), as well as from the
operation in the wide range of the external condi-
tions, the presence of a good many disturbing
actions and the environmental interferences [9,
10].

At present, the technical diagnostics suggests
that defects change only the parameters of the DO
model, which at diagnosis are evaluated using the
methods of the parametric identification [11—
13].

With an increase in the complexity of modern
objects of control and the conditions of their op-
eration in different branches of engineering,
industry or transport, the role is intensified of the
automatized systems of technical diagnosis
(ASTD) for accident prevention, for estimation of
the articles’ quality, minimization of the technical
services expenses [ 1—3].

In conditions of the increased practical inter-
est, the application problems of diagnosis of
complex objects become widespread, particularly,
of those based on nonelinear inertial objects, in-
cluding the objects with  continuous
characteristics and unknown structure, which can
be referred to as the “black box” [4—6].

Typical examples of the objects like these are
the electrical motors. The application of the elec-
trical motors in power engineering, industry, and
at transport is conditioned by their high efficiency
and, what is particularly important at present, by
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However, the defects and degradation pro-
cesses in the objects can often change not only the
DO model parameters, but its structure as well
[14—16].

Therefore, the diagnosis oriented to the object
model restoration (model diagnostic) is developed
more extensively, when the use of the methods of
nonparametric identification is conditioned in di-
agnosis for the construction of the DO
information model on the basis of the “input-out-
put” experimental data [15—18].

The application of the existing model diagnos-
tics methods is limited by their insufficient
efficiency and versatility. In [19, 20], for the pur-
pose of diagnosis, the linear dynamic models are
used. In [21, 22], the models are applied based on
the accounting of the effects of nonlinearity,
which take into account only the information on
the properties of the DO static characteristics.
Real objects, as a rule, are characterized, at the
same time, both by nonlinear and dynamic prop-
erties.

Unlike [15—18, 23—25], the present work, as
the information DO models with an uncertain
structure, contains the integral nonparametric dy-
namic models based on the multidimensional
weight functions (MDWF), which were obtained
using the ‘input-output’ experimental data.

The major advantages of the use of these mod-
els are the following: the ability to simultaneously
and briefly describe the nonlinear and inertial DO
properties, which ensures high reliability of the
diagnosis [23, 26]; the ability to take into account
the malfunctions, which resulted both from the
changes in the DO parameters and structure [26];
and the test and functional diagnosis convenience
[25].

The work is aimed at improvement the relia-
bility and fast-operation diagnosis of the states of
the electric motors of different power objects un-
der the a priori uncertainty by means of
development of the model diagnostics method
based on the DO nonparametric identification in
the form of the integral dynamic models.

I. INTEGRAL NONPARAMETRIC DYNAMIC
MODELS AND IDENTIFICATION OF DIAGNOSIS
OBJECTS

For a wide class of the nonlinear dynamic sys-
tems, the dependence between the action x(t) and
reaction y(t) in an explicit form can be presented

as a functional integro-power series of Volterra
[23, 25, 26].
The ‘input-output’ ratio for the continuous
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nonlinear dynamic system with the unknown
structure (of the ‘black box’ type) at one input and
one output can be presented as the Volterra series:

y(t)

W, (t)+jwl(r)x(t—r)dr+

-i—_”.wz(rl,fz)x(t—rl)x(t—z’z)dz'ldr2 +
ttoto (1)
+[ [ [wy (@ 2 )Xt =2)X( -2, )X(E = 75)

0
n=1

xdr,dz,dz, +...= W, (t)+

y, (1),

where w,(t,...,7,) is the MDWF of the n-th order

(n=1, 2, 3,...), the symmetric function with re-
spect to the real variables t,...,t,; W,(t) is the

free series term, at the zero initial conditions
W, (t)=0; and t is the current time.

The model construction of the nonlinear dy-
namic DO in the form of the MDWF consists in
selection of the forms of the testing x(t) and the

algorithm development, which makes it possible,
according to the measured y(t) reactions, to re-

veal the partial components y,(t) and on their
bases determine the MDWF w, (z,,...,t,),n=1,2, ...

the n-dimensional transfer functions.

The disadvantage of this model is a large vol-
ume of the identification data, which reduces the
fast-operation of the ASTD adjustment.

The volume reduction of the primary identifi-
cation information using more compact models
(e.g., convolution integrals) allows the ASTD
fast-operation increase, however, it decreases the
diagnosis reliability. Thus, the contradiction
arises between the reliability of the TD and the
ASTD adjustment fast-operation, when using the
integral nonparametric dynamic models.

The contradiction can be settled by the devel-
opment of a new secondary identification method
— the construction of a space of diagnostic fea-
tures x with a substantially smaller dimension of
the diagnostic information.

II. CONSTRUCTION OF DIAGNOSTIC
FEATURES’ SPACE BASED ON METHODS OF
FILTRATION

The efficient method for presenting the infor-
mation models as a vector of features x is a
parametrization of continuous DO models Yy(t):

W (T o T b,y X = (X500 %), where N is
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the order of the information model; Kk is the dimen-
sion of the diagnostic model; slant is the vector
conjugation.

A vector of diagnostic features can be obtained
by means of a certain preliminary transformation
of the form T,:Cl[ab]—>R", (j=1...,n):

x; =T,(f(z,...,7,)) , where C[a,b] is the space of
real continuous functions f(t), preset at section
[a,b]; &, b are certain real numbers.

As operator T;, the orthogonal expansions can

be used [27] and spectral transformations [14, 15]
of continuous models into vectors of coefficients
of the basis functions.

In practice, it is common to use as T, the op-

erator of discretization of a continuous model:

X =w, (t;), 2)

where t; = jAt (At is the discretization step).

Modern subsystems of the information regis-
tration, which are included in the ASTD
composition are able to perform thousands DO re-
sponses’ measurements per second that ensures
the primary diagnostic data integrity. In this case,
the measurements results are accompanied by the
presence of a plurality of extra data. Moreover, it
is obvious that validity of different sections of the
DO measured responses is different for the diag-
nostic procedure.

As is shown in [28, 29], the most valid sites of
the DO responses are, as a rule, those that carry
the highest energy of a signal. Taking into account
all the aforementioned, the use of signal discreti-
zation for the formation of the space of the
diagnostic features is inefficient.

During the work with the continuous DO char-
acteristics in construction the diagnostic features'
space, the most efficient can be the correlation
methods of the filtration of the information mod-
els’ readouts [29—31].

The diagnostic models’ formation based on fil-
tration of the features consists in those features’
ranking with the application of the statistical
methods of estimation the correlation between
each of the input and purpose-oriented alternative
[28—30]. The latter methods yield fast and effi-
cient results, particularly on processing large data
volumes.

There are several types of the correlation
methods of estimation the diagnostic validity of
features, depending on the data type of both input
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and output variables, either numerical or cate-
gorical data.

The type of a response variable indicates usu-
ally the type of the modeling problem. Thus, the
numerical output variable indicates the problem
of the predictive modelling with regression, while
the categorical output variable is indicative of the
problem of predictive modelling of classification.

In the diagnostic problems of continuous DO,
a case of numerical and categorical inputs is con-
sidered. Here, to estimate the correlation between
the intergroup and intragroup variability the
Fisher F-criterion is used:

> (% -M7)/P-1
Sy =M) L=

where M is the mathematic expectation of the fea-
ture; L is the volume of the complete sample; and
P is the number of classes.

This work offers the method for construction
of the diagnostic features’ space based on contin-
uous information models in the form of the
MDWEF followed by their discretization and filtra-
tion of the features based on the evaluation of their
correlation.

III. METHOD FOR CONSTRUCTION THE
DIAGNOSTIC FEATURES’ SPACE BASED ON
INTEGRAL DYNAMIC MODELS

The offered method for construction the diag-
nostic features’ space based on the integral
dynamic models reduces to the identification of
the informative MDWF model, according to the
data of the ‘input-output’ experiment. Based on
the discrete samples of the obtained continuous
models, the features’ space is constructed. In the
space obtained by filtration of the features based
on evaluation of their correlation, the diagnostic
models are constructed.

The stages of the method for the construction
of the diagnostic features’ space based on the in-
tegral dynamic models are shown in Table 1. The
development of this method consists in addition
of stages N3 and N4 to the known procedure of
the model diagnosis.

IV. CONSTRUCTION OF DIAGNOSTIC
FEATURES’ SPACE OF SWITCHED RELUCTANCE
MOTOR

Approbation of the method for the construc-
tion of the diagnostic features’ space based on the
integral dynamic models is performed by the ex-
ample of the switched reluctance motor (SRM),
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which is the continuous object with nonlinear dy-
namic characteristics.

In the process of a long-term operation of the
electromotor (due to the friction of a rotor against

the air), the air gap (AG) between the rotor and
stator (Fig. 1) increases. Upon the AG increase,
the energy indices decrease. i.e., the energy is
transformed with high losses.

Table 1
Stages of method for construction of diagnostic features’ space based on integral dynamic
models.
Stage Description
Ne Name
1. | DO identification |Aim: obtainment of DO model in the form of MDWF.
(construction of | Input: test signal x(t)
information Model: Volterra series (1)
model) Output: MDWEF based on ‘input-output’ experimental data
2. | Information Aim: obtainment of DO information model in discrete form
model Input: MDWF w,(x,,...,T,)
discretization Model: discretization operator (2)
Output: vector of features x
3. | Features' Aim: to calculate validity of each feature for TD problem
evaluation Input: vector of features x
Model: F-criterion of Fisher (3)
Output: vector of features x', ranked according to validity index |
4. | Features' Aim: to obtain diagnostic features’ space
filtration Input: vector of ranked features x
Model: x* =(x,,...,x;) €x, p<n
Output: diagnostic features' space x* = (xl,..., X, ), with maximum indices of
validity |
This problem is complicated by the following:
) - the motor itself is an object with nonlinear dy-
Alr gap 0 namic characteristics; the motor operates in a
b wide range of external conditions in the presence
of a great number of disturbing effects and envi-
Binton ronmental interferences; in conditions of the

Stator

Fig. 1. Air-gap 6 between SRM rotor and stator.

In this context, during the SRM operation, it is
necessary to control periodically the AG value.
The direct measurements are undesirable, since
they are time-consuming and need the SRM re-
moval out of the operation for the time of control,
which is prohibitive for the most of the energy ob-
jects in the mode of functioning.

The SRM diagnostic problem consists in the
construction of the electromotor diagnostic model
according to the data of the indirect measurements
of the air-gap between its rotor and stator.
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operation it is necessary to ensure the reliable and
operative diagnosis of the motor state.

Thus, the problem of the functional diagnos-
tics of the electromotor AG between the rotor and
stator, according to the data of the indirect meas-
urements (indirect methods), based on the ‘input-
output’ information models has an important
practical meaning. The structural scheme of or-
ganization of the ‘input-output’ experiment in the
SRM diagnostic problem is shown in Fig. 2.

The input signal x(t) is preset by the generator

of the diagnostic signals (GDS), the output signal
y(t) is measured by the registration device (RD)
and is written into the database (DB); fo(t) and fs(t)
are the environmental and detector interferences.
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x(1) |
| A

f.',(r)l _fi(r)l

-

Fig. 2. Structural scheme of organization of experiment ‘input-output’ in SRM diagnostic problem.

The SRM diagnostic procedure is performed
in the order listed in Table 1.

DO identification.

For the diagnostic purposes, it is advisable to
use the mathematic model of the motor, which
presets the abstract description of the motor of the
‘input-output’ type in the form of the equation
system at a fixed position of the rotor [32]:

4w
Uy = I Ry +—2

o= loMe T 4)
¥, =, (1,.0)

where U (t) is the voltage (input variable); I (t)

is the current (the SRM measured response, the
output variable); R, is the resistance, ¥, is the

magnetic flux linkage of the phase; and © is the

wi() [

wy (1) [

angle of position of the rotor with regard to posi-
tion of stator.

The analytic expressions for the MDWF of the
first order and diagonal sections of the MDWF of
the second order:

W,

| (t) = e‘”‘t’W2 (t,t) = E(E—Zat _e—zat)

(24

()

Teaching full sample in the form of the
MDWEF of the first order w, (t) (Fig. 3a) and diag-

onal sections of the MDWF of the second order
w, (t,t) (Fig. 3b) at different 6 values of the AG

is obtained for different SRM states and is divided
into 3 classes, 100 elements each: for 6€[6n, 1.30n]
(normal mode is class A), 6e(1.30n, 1.60,] (mal-
function mode is class B), and >0, (emergency
mode is class C).

— c{ass % — c{ass %
- ——class - - - class

0.8 o olass 0.4 - class C
06} 0.3
04| 0.2
02} 0.1
0 : 0

0 5 10 15 20 0 5 10 15 20

Time 7x107 s Time 7x1072 s

a

b

Fig. 3. a— MDWEF of the first order w, (¢); b -- diagonal section of MDWF of the second order w, (z,¢) for
classes A, B, and C.

Discretization of information model.

To carry out the experimental studies the
MDWEF and their sections readouts were used,
which were obtained with a step of At =2.5 ps.

The space of diagnostic features x = (x,,.... X, )

was constructed in the form of the readout sam-
ples of the MDWF diagonal sections
W, (t-7,,....t =7, ) of the order of k=1, 2 with di-

mension of I=81 readout.
Features’ evaluation.

40

Calculation of diagnostic validity I of the DO
primary features: the MDWF readouts of the first
order w,(t) (Fig. 4a) and the MDWF diagonal

sections of the second order w, (t,t) (Fig. 4b) is

performed using criterion (2).
As a result, the vector

r . . .
x' =(X,...,%) is obtained, which are ranked ac-

of features

cording to the index of validity I.
Features’ filtration.



PROBLEMELE ENERGETICII REGIONALE 4 (48) 2020

Out of the elements of vector of the diagnostic  the preset reliability of diagnosis. In this work, the
reliability is evaluated according to the solution
results of the classification problem of the objects
filtration with maximum indices of Valldlty I. The of the examination Sample using the method for a
dimension p of space x* is selected so as to ensure  maximum credibility [28].

features x* = (xl,. X, )I is formed by the features’

0.8 | 0.8 [\1
0.6 | " 0.6
04| ] a4l
0.2 0.2 : V‘
I A ' I

0 0 : —
0O 10 20 30 40 50 60 70 80 [/ 0O 10 20 30 40 50 60 70 80 [/
Number of readout /, units Number of readout /, units

a b
Fig. 4. Diagnostic validity I of readouts according to criterion (3): a — MDWEF of the first order w, (t) sb—
diagonal section of MDWF of the second order w, (¢,7).

In this problem at p=5, the SRM diagnostic =~ comparison, the validity of each feature | of space
model, which was constructed using the filtration = x was determined by evaluation the reliability of
features x! based on correlation, looks as follows  diagnosis P for each MDWF readout of the first
x* =(X;, Xy, X5, X,» X,;) and ensures the preset  order w,(t) (Fig. 5a) and the MDWF diagonal

level of reliability of diagnostics P=0.99. For  sections of the second order w, (t,t) (Fig. 5b).

‘f) N + + " v N v v 1_) .
08T 0.8 [
0,6[ 1 06
0.4f 1 04}
0.2 L 1 0.2r

0 {) i i M i i i i

0 10 20 30 40 50 o0 70 80 [/ 0O 10 20 30 40 50 60 70 80 [/
Number of readout /, units Number of readout /, units
a b

Fig. 5. Reliability of P readouts: a — MDWF of the first order w, (); b — diagonal section of MDWF of the

second order w, (¢,1).

As a result of comparison the wvalidity of  in obtaining the result by filtration based on cor-
readouts of the corresponding MDWF models  relation is by 6—8 times lower, than that obtained
(Figs. 4, 5), it is seen that the diagnostic features by the results of classification.
obtained by filtration based on correlation, coin- To estimate the diagnostic validity of the fea-
cide considerably with those selected in  tures combined with other features, the study was
accordance to the classification results of the ob-  performed using the multifactorial correlation
jects of the examination samples, using the  analysis. Figure 6 shows the calculation of the di-
decision rule, constructed by the method for the  agnostic validity | of a pairwise combinations of
maximum credibility. The calculation complexity =~ the DO primary features — the MDWF readouts of

the first order w, (t) (Fig. 6a) and those of the
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Fig. 6. Diagnostic validity I of pairwise combinations according to criterion (3): a — MDWEF of the first
order w, (¢); b — diagonal section of MDWF of the second order w, (¢,7).

MDWEF diagonal sections of the second order
w, (t,t) (Fig. 6b). Here, the most valid combina-

tions of the diagnostic features are relevant to the
minimal values of criterion (3).

For comparison, the validity of the pairwise
combinations of the features of space x was esti-
mated as reliability of P diagnosis for the readouts
of the MDWF of the first order w, (t) (Fig. 7a) and

the MDWF diagonal sections of the second order
w, (t,t) (Fig. 7b).

From Figs. 6, 7, it is seen that the combinations
of the diagnostic features, which were obtained by

P
0.9 I
0.6
0.3

0.

the multifactorial correlation analysis, coincide to
a high degree with the combinations of the fea-
tures that were selected according to the objects’
classification results using the method of maximal
credibility. Moreover, the calculation complexity
of obtaining the result by the multifactorial discri-
minant analysis at the pairwise combination of the
features is by 10 — 12 times less, than that accord-
ing to the results of the classification problem
solution.

Fig. 7. Reliability of P readouts of pairwise combinations: a — MDWEF of the first order w, (¢); b—

diagonal section of MDWF of the second order w, (¢,7).

CONCLUSIONS

This work tackles the problem of improvement
the reliability and fast-operation of the diagnostics
of the electric motors states of different energy
objects under the a priori uncertainty by develop-
ing the method of the model diagnostics based on
the nonparametric identification of the objects in
the form of the integral dynamic models.

As the information models of the diagnostic
objects, the authors consider the nonparametric
models based on the multidimensional weight
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functions that simultaneously describe the nonlin-
ear and dynamic properties of the object, which
are able to consider the malfunctions caused both
by the change in parameters and in the object
structure. That is particularly convenient at the
test and functional diagnostics. The method was
further developed that was used for the construc-
tion of the diagnostic features' space of nonlinear
dynamic objects based on information models in
the form of the multidimensional weight functions
by the use of the single- and multi-factorial corre-
lation analysis as a stage of the features’ filtration
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with a following selection of the features’ combi-
nations to ensure the diagnosis maximum
reliability on the basis of the integral dynamic ob-
ject models. The application of this approach
makes it possible to ensure simultaneously a high
reliability of the object diagnostics under the a pri-
ori uncertainty due to the use of the primary
information models based on the multidimen-
sional weight functions and fast-operation of the
diagnostic procedure owing to the filtration based
on the correlation analysis of the features. A step-
wise algorithm of the method is presented with the
input and output information along with the data
models used at each stage.

The proposed method is approbated on the
data of the diagnostic problem of the nonlinear
dynamic object, namely, a switched reluctance
motor. This example exhibits the reduction in the
calculation complexity at the diagnostic model
construction compared to the method based on the
readouts with a uniform step by 6—12 times, pro-
vided the diagnostic reliability is 0.99.
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