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Abstract—Artificial intelligence (Al) has been used to deter- systems transient stability [5], optimal load flow [6], and
m_ing the quasi-stationary t_wo-dimer_15i0na| electromagnetic fiel_ds short-term load forecasting [7].
within rectangular boundaries. Amplitude and phase of magnetic The purpose of the present work is to investigate whether

vector potential have been calculated in an iron slot with an Al be al d for the ab fi d l bl
embedded current carrying conductor. A suitable fuzzy neural may be also Lused Tor theé above-mentioned scaling probiem.

network (FNN) for scaling finite elements electromagnetic field Therefore, a fuzzy system has been developed in this paper
calculations has been developed. FNN has been trained, usingfor the scaling of the FEM solution from one geometry to
finite elements calculations within rectangular_boundaries. Then, another of an electromagnetic problem. This fuzzy system
FNN has been used to calculate the field in a new geometry .ompines the fuzzy inference principles [8] with the neural
differing significantly from the geometries used for training. It network structure and learning abilities into an integrated
was concluded that FNN may be used to scale results from one 9 A g
geometry to another with negligible errors. neural network-based fuzzy decision system called a fuzzy
neural network (FNN) [7].

The method has been applied in the two-dimensional (2-D)
steady-state field-diffusion problem of a rectangular conductor
embedded in a slot of an electrical machine, since it has been

l. INTRODUCTION already treated by other authors using analytical and finite

HE FINITE element method (FEM) is a successful nuelements methods, [9] and, therefore, a comparison becomes
merical method for the solution of complex electromagcasy-

netic field problems. The method always provides a stable

sequential methodology to define, descritize, assemble, and [I. THE METHODS USED

solve for models with complex geometries. The original prob-

lem is transformed to a numerical problem, and the computirg Finite Elements Calculations

time increases with the number of the discretization nodes [1].1) Electromagnetic Diffusion and Boundary Conditions:

Athmethod Og SC?“.”% thet r.eT:\s.l:Its frgm cr)1net geometryt.tﬁ;he 2-D electromagnetic diffusion problem for thelirection
another may be ot inerest 1l 1t needs shorter compu Ir&mponents of the magnetic vector potential (M\{R)and of

time than_ an additional FEM calculation. This scaling MaYe total current density vectak, is described by the system
be used in the often encountered case when someone h ftgquations

present a parametrical result analysis and especially when the

Index Terms—-Artificial intelligence, eddy currents, finite ele-
ment methods, fuzzy neural networks.

boundaries of the geometry are changing. If instead of scaling 1 [&PA,  PA oA T =0
we use a FEM solver, the FEM solver has to redescretize popr | 0x2 2 J o
every new domain and to solve for the original and usually —jwoA, +J,.=J. (1a)

large number of discretization nodes. Therefore, it is useful to N
develop a method capable of obtaining a solution of a complE} Poundary conditions

problem by solving with FEM only in a few cases and to have a A.le = Aolz, y) (1b)
scaling law for determining the missing cases with acceptable
error. and the integral form

Artificial intelligence (Al) seems to be an efficient method
to create systems which are capable of learning relationships // J2ds = Iims (1c)
and then use this knowledge for further calculations. Fuzzy e

logic is a research area of Al which is receiving increaseg . o 1o is the magnetic permeability of vacuum,. is
attention lately. Fuzzy systems have been successfully appligd ejative magnetic permeabilityl,. is the z direction
in system control [2], system identification [3], [4], Powel,,mhonent of the uniformly distributed source current density,
and I,,s is the rms of the current flowing through each
Manuscript received December 17, 1995; revised October 10, 1996. conductor. The unknowns in the system of (1a) dreand
The authors are with the the Department of Electrical and Computgr  \hile the values of4. at the limit ¢ of region S are
Engineering, Power Systems Laboratory, Aristotle University of Thessaloniki®*’ ... .. < L.
GR-54006 Thessaloniki, Greece. Specified by the Dirichlet condition (1b), and the total current

Publisher Item Identifier S 0018-9464(97)02086-4. density J. is specified in the integral form (1c).
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Fuzzy System The jth rule, R7, in our case may be described as follows:
R’: IF z andy belong to thejtth membership
Fuzzy Rule . j j .
Base functlo'nsul, 'and/iby corrgspond|ngly
non-fuzzy non-fuzzy THEN A7 = )\6 +Mx+ )\Ly 3)
input - Defuzzificat output ]
Fuzzification uzzilication where R; (j = 1,---,m) are the fuzzy rulesg,y are the
Interface Interface input variables to the fuzzy system; is the MVP proposed
by thejth rule, andu,, % are the membership functions which
Fuzzy Inference characterize thgth rule fuzzy sets defined in the space of the
Machine variables ofz,y coordinates. These membership functions in
our case have been chosen as follows:
PN 2
Fig. 1. Basic configuration of fuzzy system. J — _- bt Aa
() exp[ 16 )] (42)
—j 2
2) Finite Elements FormulationApplying the Galerkin 1 (y) = exp Ly ~ Yy (4b)
method to the system of equations (1) and assembling the 2 oy

element contributions in the usual way [10], the following o o
matrix equation is obtained: wherea,, @), anday, o are the mean values and the standard
deviations of the membership distributions, respectively. The

1 Sp+ jwoTr —jwaQ] {A} B [0} o factors A}, AJ,, and )/ of the consequent part of thgh rule

popr . . Q Il are to be suitably determined.
—jwoQ JwoW Thedefuzzification interfacdefuzzifies the fuzzy outputs of

.- . the fuzzy inference machine and generates a nonfuzzy (cris
In (2), Sy and T'r are the usual finite element matrlce% y 9 y (crisp)

: g ‘butput, which is the actual output of the fuzzy system. The
encountered in the solution of ec_de current problems [1_]’ whi eighted average defuzzification [2], the most commonly used
the vector®), I, andG, and the diagonal matril are defined method. is used here.
in [11] for the multiconductor finite element formulation. The c;risp output of the fuzzy system, defined above, (also
in Fig. 1) is given by
B. Description of Fuzzy Neural Networks

We consider the so-called multi-input single-output fuzzy ZAJM
systems. In our problem, inputs are the coordinatesfrom Alz,y) = j=1 (5)
the spacd/(z,y € U), and output is the MVP in each node. ’ LU
They have to be transformed and interpreted to and from fuzzy Z/“
Jj=1

variables in order to use fuzzy logic to solve our problem.
So the basic configuration of the fuzzy system used in thjgere
paper is shown in Fig. 1, [4] and comprises four principal ' ' '
components: &uzzification interfaceafuzzy rule basea fuzzy p = pg(z)py(y) (6)
inference machineand adefuzzification interface

The fuzzification interfaceperforms a scale mapping tha
transfers the observed nonfuzzy input spéatec R™ to the
fuzzy sets defined /. Hence, the fuzzification interface

provides a link between the nonfuzzy outside world and t o
fuzzy system framework. A fuzzy set [8] defined & is ue to the similarity of such a fuzzy system to a three layer

characterized by a membership function. There are in genegﬁmél n%work, i} Is t\(/:va”(la(d .anthFNT' _Apothgr simti)la(;ity OI
many fuzzy sets defined ity. s with neural networks is their training, described next.

Thefuzzy rule basés a set of m rules in general linguistic or ) .
conditional statements in the form of: “IF a set of condition§- Cradient Training of the Fuzzy Neural Network
is satisfied, THEN a set of consequences are inferred.” FEM results of different geometries of the same problem
The fuzzy inference machinis the decision making logic are used to create a suitable training data base (TDB) for the
[3] which employs fuzzy rules from the fuzzy rule base t&NN. Using this TDB, it is possible to construct the fuzzy rule
determine fuzzy outputs of a fuzzy system corresponding base. Fuzzy rule base parameters are determined by a training
its fuzzified inputs. In this paper,fazzy inference machired process, so that the output of the FNN adequately matches the
the form suggested by Takagi—Sugeno [3] is employed, whéfEM MVP results. Once trained, the FNN may be used to
fuzzy sets are involved only in the premise part (IF-part) afalculate the electromagnetic field for other cases.
the rules, while the consequent part (THEN-part) is describedThe parameters of the FNN to be adjusted, i.e., the tuning
by a nonfuzzy function of the input variables. parameters, through its training afé, s’ (for e = z,y and

tgives the degree of fulfillment of rul&’ by the input vector
(z,y) and A7 is given in (3).
The fuzzy system whose crisp output is defined by (5) can
represented by a three layer network as shown in Fig. 2.
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LAYER 1 LAYER 2 ' LAYER 3

Fig. 2. Network representation of Fuzzy System. product operators: sum operatorh—!: inversion operatorA®, ..., A™: MVP proposed by the
jth (j = 1,---,m) rule. A(x,y): MVP result.

j=1,-,m)and\ (for { = 0,z,y andj = 1,---,m).

V0 = (4 y) = A ) (A — A ()

Let =z denote the vector of the tuning parameters. Initially, it ¢ LA
is assumed that the number of rulesis fixed. W
The FNN is trained by presenting it with a set qf J=1 ,
input/desired output pair&e?, y? /AY),p = 1,---,q (q is the -l (@b)
number of nodes). A gradient algorithm is then used to tune O-f
the FNN, so as to minimize the FNN mean square error Tl
Vi I? = G (AP, y) = AV (2, 9))w? (9c)
I, 1
J(z) = . > 7) p
p=1
wheree = 2,4, = 0,z,y, andx = 1, z,y.
with The minimization of J(z) in (7) through a gradient algo-
rithm leads to the learning rule which is expressed by the
JP = L[AP(z,y) — AL (z,y)]? (8) following formula:
2v+1)=z()—nV.J (10a)

where AP(z,y) and AV (z,y) are the calculate values of MVP .

at the nodep from FNN and FEM, respectively. v.J :} V. JP 10b

Given an input/desired output pafr?,y?/AL), the gra- - Z - (100)

dients of the square erray? with respect to the system

parameters are wheren is an acceleration factor, is the iteration index, and
the gradientVv_.J? is computed using (9a)—(9c).

p=1

Vs 7 = (AP0, ) — A ) (A0 — AP ()

D. Rule Creation

Z_:llﬂ 1) Initialization of the FNN Rules:The number of rulesn

J_p _j can be arbitrarily determined. This may in general lead to long

U8 fzae (9a) training time and large errors. To improve the training time and
ol reduce the errorsy is determined by a sequential procedure.
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Fig. 3. (a) Geometry 1. (b) Geometry 2. (c) Geometry 3. (d) Geometry 4. (e) Geometry 5. (f) Geometry 6.

We start with a certain initialization of rules with a single rule The choosing method for the parameters described above
(m = 1), and we use a rule base adaptation procedure [performs the function of fuzzification that converts input data

The parameters ofn = 1 fuzzy rule are initialized on the into suitable membership values, which may be viewed as
basis of the first input/desired output sample gair, y'/A}) labels of fuzzy sets. The mean values of the memberships

as follows [4]: are centered directly at poirt*, ), while the membership
deviations reflect the degree of fuzzification and are selected
ai =gl in such a way that allows overlaps of membership functions
1 1 1
1_ = A Py _ i p Hzs Ny
% Tom [max () — min ()] 2) Rule Base AdaptationThis procedure starts with the

—

MN=A; 2l =0, (fore==z,y;p=1,---,¢). (11) Iinitialization of the first(m = 1) rule. The gradient training
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Fig. 3. (Continued) (g) Geometry 7. (h) Geometry 8.

algorithm described by (9a)—(9c) is used to train the FNN TABLE |
based on input/desired outputpairs. When the procedure GEOMETRIES USED
has reached rules, we consider an additional new trainin@EEOMETRY [NUMBER OF NODES |NUMBER OF ELEMENTS [HEIGTH [WIDTH
1 16 14 7 1
pattern (z?, y? / AD). 3 o 5 - 3
Let us denote théiring strengthof the fuzzy rule base as 3 32 42 7 3
4 45 56 14 2
m 5 51 64 16 2
P P\ — J 6 48 66 1 3
Sﬂ(x Y )_ Z/“L ’ (12) 7 72 110 1 5
Jj=1 8 75 12 14 4

We also define a threshold as theleast acceptable firing
strengthof the fuzzy rule base. I6,(z?,4”) < 3, a new rule
R™*! must be added to the rule base. pg&tH (a7t gm+1)
denote the new membership in thil premise axis. Then, the

Step 3) If S,.(zP,y?) <3, then create a new fuzzy rule
R™*1 select parameters according to (13), and
perform Gradiend training on the expanded fuzzy

rule base.
m—+1 .
parameters ofi**" are selected as follows: To summarize, the overall FNN training procedure com-
Tl =P (13a) Pprises three major parts: the rule base initialization, the rule
a;"*l :7(51,_&?%8“) (13b) base adaptation, and the gradient learning algorithm. The

proposed training scheme offers the advantage of including
where e = z,y, @™ " is the mean value of an existinngSt the necessary fuzzy rules within the premise space leading
membership closest to the incoming pattern veetoand {0 @ minimum of FNN parameters for training.
is an overlapping factor which has been chosen equal to two
from computer experiments. [ll. APPLICATION OF THE METHOD
The generation of new rules establishes the rule base adapfhe 2-D steady-state field diffusion problem of a slot-
tation mechanism which is described by the following stepsembedded conductor with the data defined in [9] has been used
Step 1) Feed forward the new pattern? through the to test the proposed method. This problem has been selected
FNN and compute the corresponding firing factobecause there is an analytical solution in the corresponding
Su(xP,yP). one-dimensional case. The FEM solution has been compared to
Step 2) If S,(zP,4?) > #, then leave the rule base unthe analytical one [9], [10], and the differences were negligible.
changed and perform Gradient Training to matcBo, FEM may be considered as a reference for the FNN
the new sample pair. calculated results and the corresponding error estimations.
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TABLE I
MVP AMPLITUDE IN THE CONDUCTOR OF THE GEOMETRY SHOWN IN FiG. 3(h) As OsTAINED BY FEM AND FNN

COORDINATES MVP AMPLITUDE (Wb/m) FEM - FNN|

X Y FEM FNN | FEM |
0.00 0.00 6.7077 6.7040 0.0555
1.00 0.00 6.7078 6.7050 0.0421
2.00 0.00 6.7081 6.7068 0.0183
3.00 0.00 6.7084 6.7081 0.0045
4.00 0.00 6.7087 6.7096 0.0133
0.00 1.00 6.7063 6.7111 0.0719
1.00 1.00 6.7070 6.7114 0.0659
2.00 1.00 6.7076 6.7122 0.0679
3.00 1.00 6.7082 6.7180 0.1460
4.00 1.00 6.7088 6.7194 0.1576
0.00 2.00 6.7080 6.7530 0.6706
1.00 2.00 6.7093 6.7535 0.6591
2.00 2.00 6.7104 6.7562 0.6830
3.00 2.00 6.7115 6.7632 0.7700
4.00 2.00 6.7125 6.7657 0.7930
0.00 3.00 6.7268 6.7826 0.8299
1.00 3.00 6.7276 6.7778 0.7456
2.00 3.00 6.7288 6.7762 0.7051
3.00 3.00 6.7299 6.7902 0.8961
4.00 3.00 6.7304 6.8003 1.0387
0.00 4.00 6.7783 6.8382 0.8837
1.00 4.00 6.7765 6.8326 0.8280
2.00 4.00 6.7762 6.8306 0.8031
3.00 4.00 6.7758 6.8363 0.8932
4.00 4.00 6.7738 6.8428 1.0189
0.00 5.00 6.8563 6.8944 0.5554
1.00 5.00 6.8489 6.8923 0.6344
2.00 5.00 6.8454 6.8902 0.6549
3.00 5.00 6.8419 6.8847 0.6256
4.00 5.00 6.8348 6.8705 0.5229
0.00 6.00 6.8872 6.8655 0.3158
1.00 6.00 6.8743 6.8493 0.3640
2.00 6.00 6.8683 6.8370 0.4555
3.00 6.00 6.8623 6.8345 0.4053
4.00 6.00 6.8501 6.8418 0.1218
0.00 7.00 6.6850 6.6841 0.0128
1.00 7.00 6.6767 6.6778 0.0164
2.00 7.00 6.6740 6.6734 0.0084
3.00 7.00 6.6716 6.6724 0.0120
4.00 7.00 6.6634 6.6735 0.1517

The slot is embedded in infinitely permeable iron. Theherep = 1,-.-,q is the node index ang is the number of

permeabilities of both conductor and air are equal:ite 1. nodes of discretization.
The sheet conductivity i& = 1, and the conductor carries The MVP of the steady state problem is expressed using
a total measurable sheet currdnt= 4 A at a frequency of complex phasors, and, therefore, it consists of two parts: the
w = 1. The boundary condition on the MVP is that = 0 amplitude and the phase. Since the FNN method has a single
at the top of the air gap. output, two different FNN are required to calculate MVP nodal
Our main purpose is to train a FNN in different rectangulafajues. The first FNN must be trained in order to match the
geometries of this problem, keeping constant permeabilitiggmplitude and the second one in order to match the phase of
conductivities of materials, and total current of the conductg{(p), i.e., nodep with z(p), y(p) coordinates.
so that the MVP distribution in a new geometry can be The FNN would in general need information of the relative
calculated. position the conductor occupies within the slot. So, if we
decide to use a single FNN for the total solution region, we
) . . have to introduce as an input the height of the conductor.
A two-input single-output FNN has been used. The inpuf§stead of doing this, two FNN have been used, one for the
and the output of the FNN are as follows: conductor region and the other for the air region. The first
inputs & = coordinater(p), v = coordinatey(p) FNN has been used for scaling results in the conductor and
output A = amplitude of magnetic vector potential the other in the air. The 'rgsults have ;hown that this multiple-
FNN method is more efficient than a single-FNN method. The
Alp) or physical explanation of the above may be that the separation in
output ¢ = phase of magnetic vector potentiélp)  two different regions materials helped the FNN to understand
(14) better the material limits as well as the material interfaces.

A. Selection of the FNN Input and Output Variables
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TABLE 1l
MVP AMPLITUDE IN THE AIR OF THE GEOMETRY SHOWN IN FiG. 3(h) As OBTAINED BY FEM AanD FNN
COORDINATES MVP AMPLITUDE (Wb/m) [FEM — FNN|
X Y FEM FNN | FEM |
0.00 8.00 5.970 5.833 2.283
1.00 8.00 5.992 5.843 2.479
2.00 8.00 6.000 5.888 1.871
3.00 8.00 6.008 5.911 1.627
4.00 8.00 6.031 5.930 1.661
0.00 9.00 4.988 4.825 3.263
1.00 9.00 4.994 4.819 3.517
2.00 9.00 5.000 4.867 2.667
3.00 9.00 5.006 4.857 2.969
4.00 9.00 5.012 4.872 2.795
0.00 10.00 3.995 3.923 1.800
1.00 10.00 3.997 3.918 1.985
2.00 10.00 4.000 3.930 1.738
3.00 10.00 4.003 3.876 3.166
4.00 10.00 4.005 3.738 6.677
0.00 11.00 2.998 2.864 4.445
1.00 11.00 2.999 2.866 4.430
2.00 11.00 3.000 2.857 4.758
3.00 11.00 3.002 2.873 4.270
4.00 11.00 3.002 2.975 0.923
0.00 12.00 1.999 1.909 4.524
1.00 12.00 1.999 1.907 4.635
2.00 12.00 2.000 1.926 3.677
3.00 12.00 2.001 1.937 3.196
4.00 12.00 2.001 2.024 1.140
0.00 13.00 1.000 1.001 0.139
1.00 13.00 1.000 0.997 0.222
2.00 13.00 1.000 1.014 1.430
3.00 13.00 1.000 0.995 0.552
4.00 13.00 1.000 0.998 0.211

So a total of2 x 2 = 4 FNN'’s is required. After their rules on the average. The performance of the FNN is tested in
training, two of them are used to calculate MVP, amplitudine additional eighth geometry, for which FNN is not trained.
and phase, respectively, in the conductor discretization noddse corresponding FEM solution is also obtained in order to

and the other two in the air discretization nodes. compare the FNN results. The method has been also tested
additionally in the seven other cases. For each case, seven
B. Training of the FNN other geometries have been used to train the FNN, and the

, ) remaining geometry has been used as a test object.
In order to test the proposed method, eight different ge-

ometries shown in Fig. 3(a)—(h) are considered with their data
defined in Table I. These geometries are used to train and IV. TEST RESULTS
test the performance of the FNN. Applying the FEM in these The method has been tested in eight different cases as
geometries, suitable results are obtained to construct TDBREeviously mentioned. In general, the deviations between FEM
for FNN'’s. The training procedure of each FNN is describea@nd FNN calculations are nearly the same in all cases. In
as follows. the following, results from only one case, shown in Fig. 3(h)
The first geometry is randomly chosen between the eiglmid the most pessimistic one, are presented separately for the
constructed geometries. The rule base of the FNN is initializedhplitude and the phase of MVP and for the conductor and
so that it contains only one rulérn = 1), defined by the the air regions.
first input—output pair of the corresponding data set to this Table Il summarizes the results for the amplitude. The
geometry. The FNN is then trained using this data set, whicbsults of our method are compared with results obtained using
consists of input-output data pairs with the form of (14the FEM described in Section IIl. The amplitude of nodal MVP
Additional rules are created during the training process asing FEM and FNN, as well as the corresponding relative
described before. The training was made with a mean absolateors between FEM and FNN, are being reported. For this
error of 0.5% or less. At the end of the FNN training, thease, the average absolute error between FEM and FNN is
rule base is stored. Then, a second geometry is randorfl¢4%. MVP amplitude estimation using FNN in the air of
chosen from the set of geometries. The FNN is trained usitite geometry shown in Fig. 3(h) is given in Table IlI, which
the existing rule base, and the corresponding data is sethts the same structure with Table II. In this case, the average
this geometry. The same procedure is followed to train tlabsolute error is 2.63%.
FNN totally in the seven out of the eight geometries. At the MVP phase calculations in the conductor and in the air are
end of the training procedure, the FNN rule base contains tgiven in Tables IV and V, respectively. The angle of MVP



2306 IEEE TRANSACTIONS ON MAGNETICS, VOL. 33, NO. 3, MAY 1997

TABLE IV
MVP PHASE IN THE CONDUCTOR OF THE GEOMETRY SHOWN IN FiG. 3(h) As OsTaINED BY FEM AanD FNN
COORDINATES MVP PHASE (DEGREES) FEM — FNN
X Y FEM FNN
0.000 | 0.000 -6.235 -6.565 0.330
1.000 | 0.000 -6.243 -6.565 0.322
2.000 | 0.000 -6.249 -6.565 0.317
3.000 | 0.000 -6.254 -6.564 0.311
4.000 | 0.000 -6.260 -6.558 0.298
0.000 | 1.000 -6.282 -6.565 0.284
1.006 | 1.000 -6.283 -6.565 0.282
2.000 | 1.000 -6.286 -6.565 0.279
3.000 | 1.000 -6.289 -6.565 0.276
4.000 | 1.000 -6.290 -6.562 0.272
0.000 | 2.000 -6.407 -6.565 0.158
1.000 | 2.000 -6.401 -6.565 0.164
2.000 | 2.000 -6.398 -6.565 0.167
3.000 { 2.000 -6.394 -6.565 0.171
4.000 | 2.000 -6.388 -6.564 0.176
0.000 | 3.000 -6.578 -6.560 0.019
1.000 | 3.000 -6.558 -6.560 0.002
2.000 | 3.000 -6.542 -6.559 0.017
3.000 | 3.000 -6.526 -6.558 0.032
4.000 | 3.000 -6.507 -6.557 0.050
0.000 | 4.000 -6.609 -6.253 0.357
1.000 | 4.000 -6.573 ~6.246 0.327
2.000 | 4.000 -6.543 -6.229 0.314
3.000 | 4.000 -6.513 -6.199 0.314
4.000 | 4.000 -6.482 -6.160 0.322
0.000 [ 5.000 -6.082 -5.139 0.943
1.000 | 5.000 -6.053 -5.145 0.908
2.000 | 5.000 -6.020 -5.139 0.880
3.000 | 5.000 -5.987 -5.110 0.876
4.000 | 5.000 -5.962 -5.085 0.877
0.000 | 6.000 -4.484 -3.612 0.872
1.000 | 6.000 -4.512 -3.642 0.870
2.000 | 6.000 -4.502 -3.651 0.851
3.000 | 6.000 -4.491 -3.573 0.917
4.000 | 6.000 -4.519 -3.496 1.022
0.000 | 7.000 -1.801 -1.786 0.015
1.000 | 7.000 1.917 -1.858 0.059
2.000 | 7.000 -1.939 -1.945 0.006
3.000 | 7.000 -1.962 -1.973 0.010
4.000 | 7.000 -2.069 -1.979 0.091
phasors in the discretization nodes using FEM and FNN &Sequency (%)
well as relative errors between FEM and FNN are reported.
The average absolute error in the conductor is 0.37 degrees o
and in the air is 0.013 degrees. ol
From Tables II-V, it is evident that the resulting MVP o
from FNN is comparable to the corresponding FEM results. o
Once FNN is trained, the field in other new geometries can o
be calculated, and the computing time is negligibly small in RIS S s sss5555
. . . . 40 RUEKEEXLIARILXKIXK,
comparison with the time needed for FEM calculations of IR
( X
the new geometry. In the reported cases, the training of one >° §§§§§§§§§§§E§§ §§§§§§§§§§§§§§:
FNN requires a time approximately equal to the seven FEM 20 ER3Eeais
. 10 RERRERRIAIKLIEICKS
calculations. S SSETIALILLARLE
i . . . 0 R IR KRR s N )
The frequency distribution of the relative absolute error of 0.0 0.5 10 15 20 25 30

MVP amplitude between FEM and FNN in the conductor and Error (%)

in the air of the geometry shown in Fig. 3(h) are in Fig. 4 and o _
Fig. 4. Frequency distribution of errors between the amplitudes of MVP

Fig. 5, respectively. From Fig. 4, it can be shown that, in thgjcyiations by FEM and FNN in the conductor of the geometry shown in
conductor, the 80% of the errors is less than 0.8%. Similarlg. 3(h).

Fig. 5 shows that in the air the 80% of the errors is less than

4%. in the conductor and in the air of the geometry shown in
Figs. 6 and 7 show a three-dimensional representation Fif. 3(h), as it is calculated by FEM and FNN. In both cases,

MVP amplitude as a function of the nodeisy coordinates FNN seems to follow satisfactory the results of FEM.
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o

67 68 69 7.

Fig. 6. FEM and FNN MVP amplitude computation (slim and bold line
respectively) versus, y coordinates in the conductor of the geometry show
in Fig. 3(h).

TABLE V
MVP PHASE IN THE AIR OF THE GEOMETRY SHOWN IN FiG. 3(h) As OBTAINED BY FEM anD FNN

COORDINATES] MVP PHASE (DEGREES) FEM — FNN
X Y FEM FNN
0.00 | 8.00 -0.103 -0.098 0.005
1.00 { 8.00 -0.016 -0.047 0.031
2.00 | 8.00 0.002 -0.002 0.004
3.00 | 8.00 0.017 0.000 0.017
4.00 | 8.00 0.097 0.005 0.092
0.00_| 9.00 -0.045 -0.058 0.014
1.00 | 9.00 -0.018 -0.025 0.006
2.00 | 9.00 0.001 -0.005 0.006
3.00 | 9.00 0.019 -0.001 0.019
4.00 | 9.00 0.043 0.005 0.037
0.00 | 10.00 -0.023 -0.026 0.003
1.00_| 10.00 -0.013 -0.019 0.006
2.00 | 10.00 0.000 -0.009 0.009
3.00 | 10.00 0.013 -0.001 0.014
4.00 | 10.00 0.022 0.007 0.015
0.00 | 11.00 -0.014 -0.020 0.006
1.00 [ 11.00 -0.009 -0.017 0.008
2.00 | 11.00 0.000 -0.010 0.010
3.00 | 11.00 0.009 0.000 0.009
4.00 | 11.00 0.013 0.008 0.005
0.00 | 12.00 -0.009 -0.018 0.009
1.00 | 12.00 -0.006 -0.015 0.009
2.00 | 12.00 0.000 -0.009 0.008
3.00 | 12.00 0.006 0.001 0.005
4.00 | 12.00 0.009 0.009 0.000
0.00 | 13.00 -0.007 -0.018 0.01
1.00 | 13.00 -0.005 -0.015 0.010
2.00 | 13.00 0.000 -0.008 0.008
3.00 | 13.00 0.005 0.002 0.003
4.00 | 13.00 0.007 0.010 0.003
Amplitude
™~

Frequency distribution of errors between the amplitudes of M
calculations by FEM and FNN in the air of the geometry shown in Fig. 3(h).

Error (%)

00123456

Fig. 7. FEM and FNN MVP amplitude computation (slim and bold line,
spectively) versus, y coordinates in the air of the geometry shown in Fig.

().

V. CONCLUSIONS

FNN’s may be used for scaling results in electromagnetic
field calculations. The proposed FNN has given satisfactory
results in the electromagnetic field diffusion problem of the
current carrying conductor embedded in an iron slot.

It could be deducted that after suitable training FNN has a
comparable accuracy with FEM in the above field diffusion
problem, while it needs negligible computing times. The
training of the FNN becomes faster if the problem domain
is subdivided into two material-defined regions with separate
FNN’s in each one. The fact that the initialization parame-
ters of the FNN are not randomly chosen but are assigned
feasonable values accelerates the training procedure of the
FNN
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